IJCAI-97

W rapp er Induct ion for Information Extraction

Nic holas Kushmeric k Daniel S. W eld

Departmen t of Computer Science & Engineering

Univ ersit y of W ashington, Bo x 352350

Seattle W

A 98195{2350 USA

fnic k, w eldg@cs.w ashington.edu

Rob ert Do oren b os

NETb ot, Inc.

4530 Union Ba y Pl. NE, Suite 208

Seattle W

A 98105 USA

b ob d@netb ot.com

Abstract

Man y In ternet informatio n resources presen t relational

data|telephone directories, pro duct catalog s, etc. Be-

cause these sites are formatted for p eople, mec hanically

extracting their con ten t is di�cult. Systems using suc h

resources t ypically use hand-co ded wr app ers, pro cedures

to extract data from information resources. W e in tro duce

wr app er induction , a metho d for automatically construct-

ing wrapp ers, and iden tify hlr t, a wrapp er class that is

e�cien tly learnable, y et expressiv e enough to handle 48%

of a recen tly surv ey ed sample of In ternet resources. W e

use P A C analysis to b ound the problem’s sample com-

plexit y , and sho w that the system degrades gracefully

with imp erfect lab eling kno wledge.

1 In tro duction

The In ternet con tains man y sources of relational data.

F or example, when queried with a name, email address

services return hname; emaili pairs. But b ecause these

sites are designed for p eople, the con ten t is formatted

for h uman bro wsing (e.g. an html page), rather than

for use b y a program. Therefore, soft w are systems us-

ing suc h resources (e.g. , heterogeneous database systems

[

Cha w athe et al., 1994; Arens et al., 1996

]

or soft w are

agen ts

[

Etzioni & W eld, 1994; Kirk et al., 1995

]

) m ust

translate query resp onses to relational form.

Wr app ers are commonly used as suc h translators. A

wrapp er is a pro cedure, sp eci�c to a single information

resource, that translates a query resp onse to relational

form. W rapp ers are t ypically hand-co ded; unfortunately ,

hand-co ding is tedious and error-prone.

W e seek an automated solution to this problem of con-

structing wrapp ers. Natural language pro cessing has

b een used for similar information-extraction tasks; see

[

Co wie & Lehnert, 1996

]

for a recen t summary

. But

man y information resources do not exhibit the ric h gram-

matical structure suc h tec hniques are designed to ex-

ploit. Moreo v er, linguistic approac hes tend to b e slo w,

while ideally wrapp ers should execute quic kly , b ecause

they are used on-line to satisfy users’ queries.

Wr app er induction is a new tec hnique for automati-

cally constructing wrapp ers. Our system learns a wrap-

p er b y generalizing from example query resp onses. A

P A C mo del b ounds the n um b er of examples needed to generate a satisfactory wrapp er. The inductiv e algo-

rithm requires an oracle to lab el examples; w e solv e this

lab eling pr oblem

[

Etzioni, 1996

]

b y comp osing oracles

from heuristic kno wledge, and w e demonstrate that our

system degrades gracefully with imp erfect heuristics.

W e iden tify hlr t, a class of wrapp ers whic h is e�-

cien tly learnable, y et expressiv e enough to handle n umer-

ous actual In ternet information resources. hlr t is de-

signed for resources that displa y their con ten t in a tabu-

lar la y out. hlr t wrapp ers scan their input for substrings

that delimit the information to b e extracted. Though

our fo cus is on In ternet resources, these learned delim-

iters need not b e html tags, but can b e arbitrary text.

hlr t corresp onds essen tially to a class of �nite-state

automata, so wrapp er induction is similar to FSA in-

duction (e.g. ,

[

Angluin, 1982

]

). Since FSAs run in linear

time, hlr t satis�es the desire that wrapp ers b e fast.

Ho w ev er, since wrapp ers are used for parsing (rather

than just classi�cation), the learned FSA m ust ha v e a

sp eci�c state top ology

. Existing FSA induction algo-

rithms do not mak e suc h guaran tees, so w e ha v e dev el-

op ed a new algorithm targeted sp eci�cally at hlr t.

W e mak e the follo wing con tributions. First , w e for-

malize the wrapp er construction problem as that of in-

ductiv e generalization. Se c ond , w e iden tify the hlr t

wrapp er class, whic h is e�cien tly learnable y et reason-

ably expressiv e. Thir d , w e sho w ho w to comp ose the

required oracle from (p ossibly imp erfect) heuristics.

W e pro ceed as follo ws. In Sec. 2, w e describ e wrap-

p ers. In Sec. 3, w e cast wrapp er construction as induc-

tiv e generalization; w e then sp ell out this framew ork b y

describing ho w to learn hlr t (Sec. 4), applying the P A C

framew ork (Sec. 5), and presen ting a mo dular approac h

to building oracles (Sec. 6). Sec. 7 pro vides an empiri-

cal ev aluation of our approac h. Finally

, Sec. 8 describ es

related w ork.

2 W rapp ers

A wrapp er is a pro cedure for extracting tuples from a

particular information source. F ormally

, a wrapp er is a

function from a page

1

to the set of tuples it con tains.

1

W e use the term p age generically

, referring to whatev er

query resp onse is returned b y an informatio n resource.

(a)

(b)

<HTML><TIT LE>S ome Country Codes</TIT LE>

<BODY><B>S ome Country Codes</B>< P>

<B>Congo</ B> <I>242</I> <BR>

<B>Egypt</ B> <I>20</I>< BR>

<B>Belize< /B> <I>501</I ><BR>

<B>Spain</ B> <I>34</I>< BR>

<HR><B>End </B> </BOD Y></ HTML>

(c)

ExtractCCs (page P )

skip past �rst o ccurence of <P> in P

while next <B> is b efore next <HR> in P

for eac h h‘

k

; r

k i 2 f h<B>; </B> i ; h<I> ; </I> ig

skip past next o ccurence of ‘

k in P

extract attribute from P to next o ccurence of r

k

return extracted tuples

(d)

ExecuteHLRT (hh; t; ‘

1

; r

1

; : : : ; ‘

K

; r

K i, page P )

skip past �rst o ccurence of h in P

while next ‘

1 is b efore next t in P

for eac h h‘

k

; r

k i 2 f h‘

1

; r

1 i ; : : : ; h‘

K

; r

K ig

skip past next o ccurence of ‘

k in P

extract attribute from P to next o ccurence of r

k

return extracted tuples

Figure 1: (a) A �ctitious example query r esp onse p age;

(b) the html fr om which it was r ender e d; (c) a wr app er

for this r esour c e; and (d) the hlr t wr app er template.

F or example, consider a �ctitious information resource

that pro vides a tabular list of coun tries and their tele-

phone coun try co des. Supp ose that in resp onse to a

query

, the resource resp onds as displa y ed in Fig. 1(a),

whic h w as rendered from the html sho wn in (b). Man y

kinds of wrapp ers could b e written; w e consider wrap-

p ers that use the p ositions of particular strings to delimit

the extracted text. F rom (b), it app ears that this re-

source renders tuples b y surrounding coun tries with <B>

and </B>, and coun try co des with <I> and </I>.

2

So one

candidate wrapp er relies on these four delimiters.

But note that this simple left-righ t (lr) strategy fails,

b ecause not all o ccurrences of <B>� � � </B> indicate a coun-

try . Ho w ev er, the string <P> can b e used to distinguish

the head of the page from the tuples prop er. Similarly ,

<HR> separates the last tuple from the tail. Fig. 1(c)

sho ws ExtractCCs, a wrapp er based on this more sophis-

ticated head-left-righ t-tail (hlr t) approac h.

W e fo cus on wrapp ers that are structurally similar to

ExtractCCs. Fig. 1(d) sho ws the template for hlr t wrap-

p ers. Note that instan tiating the template with the six

2

Note that though this example in v olv es html tags suc h

as <B>, our system do es not require the use of html; an y text

fragmen t (suc h as just B>) that reliably delimits the attribute

is acceptable.

hbelr t

fh; t; b; e; ‘

1

; r

1

; : : : ; ‘

K

; r

K g

lr

f‘

1

; r

1

; : : : ; ‘

K

; r

K g hlr t

f h; t; ‘

1

; r

1

; : : : ; ‘

K

; r

K g belr

f b; e; ‘

1

; r

1

; : : : ; ‘

K

; r

K g

X

X

X

X

X

X y

�

�

�

�

�

� :

�

�

�

�

�

� :

X

X

X

X

X

X y arbitrary �nite state automata

6

Figure 2: A p artial hier ar chy of wr app er biases. A rr ows

indic ate that one bias is mor e expr essive than another.

strings h<P>,<HR>,<B >,</B >,<I>, </I>i yields ExtractCCs.

F ormally

, an hlr t wrapp er for a domain with K at-

tributes p er tuple is enco ded as a v ector of 2K +

2 strings

hh; t; ‘

1

; r

1

; : : : ; ‘

K

; r

K i. One string (h) marks the end of

the header, another (t) marks the start of the tail, and

t w o strings (‘

k and r

k

) delimit eac h of the K attributes.

W e fo cus on hlr t, but alternativ es ab ound. Fig. 2

illustrates a partial hierarc h y of wrapp er classes. lr is

less expressiv e than hlr t; for example, the coun try/co de

resource can b e wrapp ed b y hlr t but not lr. belr’s b

and e mark the beginning and end of eac h tuple, rather

than page’s b o dy

. In the extreme, arbitrary �nite-state

automata could b e used as wrapp ers. In

[

Kushmeric k,

1997

]

, w e analyze this hierarc h y in detail.

3 Constructing wrapp ers b y induction

The wr app er c onstruction problem is the follo wing: giv en

a supply of example query resp onses, learn a wrapp er for

the information resource that generated them. F or the

coun try/co de resource, the problem is to induce the Extr-

actCCs pro cedure, giv en a supply of html pages similar

to that sho wn in Fig. 1(b).

Induction th us pro vides a natural framew ork for for-

malizing wrapp er construction. Induction is the task of

generalizing from lab eled examples to a h yp othesis, a

function for lab eling instances. F or our problem:

Instances corresp ond to pages|e.g. Fig. 1(b).

Lab els corresp ond to pages’ tuples|e.g. the example

page is lab eled as con taining fhCongo,242i, hEgypt,20i,

hBelize,50 1i, hSpain,3 4ig.

Hyp otheses corresp ond to hlr t wrapp er template

parameters|e.g. h<P>,<HR>,<B >,</B >,<I> ,</I> i is the

enco ding of ExtractCCs.

Oracles corresp ond to sources of example query re-

sp onses and their lab els. W e split the traditional ora-

cle (whic h returns a single lab eled instance) in to t w o

parts. P ageOracle generates example pages, and La-

b elOracle pro duces correct lab els for these instances.

P ageOracle is sp eci�c to a particular information re-

source, while Lab elOracle is comp osed from heuristics

that are reusable across domains.

P A C analysis is used to terminate the learning pro-

cess, so the system tak es as input accuracy (�) and

P age

Oracle

� !

Lab el

Oracle

� !

P A C b ounds

�; �

� !

E fg

rep eat

P

n

P ageOracle()

L

n

Lab elOracle(P

n

)

E E [ fhP

n

; L

n ig

w BuildHLRT (E )

un til Pr [E (w ) < �] > 1 � �

return w

� !

hlr t

wrapp er

Figure 3: The wr app er induction algorithm.

con�dence (� ) parameters.

With this framew ork in place, w e no w presen t the

wrapp er induction algorithm; see Fig. 3. W rapp er in-

duction pro ceeds b y accum ulating a set E of lab eled ex-

ample pages. On eac h iteration, BuildHLRT is called

with E , whic h returns wrapp er w . Learning stops when

w satis�es the P A C b ound. In Secs. 4{6, w e describ e the

algorithm’s main comp onen ts:

BuildHLRT constructs an hlr t wrapp er from a set of

lab eled example pages; see Sec. 4.

Pr[E (w ) < �] > 1 � � is a P A C-theoretic termination con-

dition, testing whether enough examples ha v e b een

seen to b e con�den t that a satisfactory wrapp er has

b een learned; see Sec. 5.

Lab elOracle is a function from a page to a lab el. In Sec. 6

w e describ e ho w to comp ose a correct lab eling oracle

from (p ossibly imp erfect) heuristic kno wledge.

4 Building hlr t wrapp ers

BuildHLRT tak es as input a set of lab eled pages, and

returns an hlr t wrapp er that is c onsistent with eac h

lab eled page. A wrapp er is consisten t with a lab eled

page if it generates the lab el for the page. Fig. 4 sho ws

the BuildHLRT algorithm.

BuildHLRT reasons ab out the conditions that m ust

hold if wrapp er hh; t; ‘

1

; r

1

; : : : ; ‘

K

; r

K i is to b e consis-

ten t. F or example, in Fig. 1(b), the string <I> is a v alid

v alue for ‘

2

, b ecause <I> actually precedes ev ery instance

of the second attribute. Suc h constrain ts apply to eac h

r

k

, and to eac h ‘

k for k > 1.

BuildHLRT is complicated b y the fact that ‘

1

, t, and

h in teract. F or example, to determine whether <B> is

acceptable as ‘

1

(ev en though the head and tail con tain

<B>), BuildHLRT m ust �nd an h and t suc h that <B> do es

in fact reliably mark the start of the �rst attribute. In

this case, h = <P> and t = <HR> are satisfactory

. Lines (a{

d) in Fig. 4 capture the constrain ts that ‘

1

, t, and h m ust

satisfy

. BuildHLRT examines all p ossible com binations of

‘

1

, h, and t, stopping when it �nds v alues that join tly

satisfy these constrain ts.

T o summarize, BuildHLRT iterates o v er all c hoices for

the 2K + 2 delimiters, stopping when a consisten t wrap-

p er is encoun tered. BuildHLRT’s searc h is made more

e�cien t b y decomp osing the constrain t satisfaction prob-

BuildHLRT (lab eled pages E = f: : : ; hP

n

; L

n i ; : : :g )

Note that e ach lab el L

n p artitions p age P

n into its

attribut es, sep ar at e d by the strings b etwe e n tuples

and b etwe en the K attribute s within a tuple.

for k = 1 to K

r

k an y common pre�x of the strings follo w ing eac h

(but not con tained in an y) attribute k

for k = 2 to K

‘

k an y common su�x of the strings preceding eac h

attribute k

for eac h common su�x ‘

1 of the pages’ heads

for eac h common substring h of the pages’ heads

for eac h common substring t of the pages’ tails

if (a) h precedes ‘

1 in eac h of the pages’ heads; and

(b) t precedes ‘

1 in eac h of the pages’ tails; and

(c) t o ccurs b et w een h and ‘

1 in no page’s head; and

(d) ‘

1 do esn’t follow t in an y in ter-tuple separator

then return hh; t; ‘

1

; r

1

; : : : ; ‘

K

; r

K i

Figure 4: The BuildHLRT algorithm.

lem in to three indep endan t subproblems: �nding v alues

for (1) the r

k

; (2) the ‘

k

(k > 1); and (3) h, t, and ‘

1

.

In

[

Kushmeric k, 1997

]

, w e pro v e that: (1) BuildHLRT

is sound (if BuildHLRT returns a wrapp er, then it is con-

sisten t) and c omplete (if a consisten t wrapp er exists, Bui-

ldHLRT �nds it); and (2) under reasonable assumptions,

BuildHLRT runs in time O(K N M S

3

), where eac h tuple

has K attributes, the shortest of the N example pages

has length S , and M is maxim um n um b er of tuples in

an y single example.

App endix A formally describ es the conditions under

whic h an hlr t wrapp er is consisten t with a lab eled page.

5 P A C analysis

P A C analysis answ ers the question, ‘Ho w man y exam-

ples m ust a learner see to b e con�den t that its h yp oth-

esis is go o d enough|i.e., to b e pr ob ably appr oximately

c orr e ct ?’; see

[

Kearns & V azirani, 1994

]

for an in tro duc-

tion. A P A C mo del de�nes an error metric o v er h y-

p othesis: E (w ) is the probabilit y that h yp othesis w will

incorrectly lab el the next instance. The learning task is

then analyzed in order to b ound the n um b er of exam-

ples whic h ensure that Pr[E (w ) > �] < � , for an y giv en

ac cur acy parameter � and c on�denc e parameter � . In

[

Kushmeric k, 1997

]

, w e pro v e the follo wing theorem.

Theorem 1 (hlr t sample complexit y) Supp ose

BuildHLRT(E ) r eturns wr app er w , wher e E c ontains c ol-

le ctively T tuples, e ach with K attributes. If

�

1 � 2

�

1 �

�

2

�

T

�

2K

�

1 � 2

�

1 �

�

2

�

jE j

�

2

> 1 � �;

then Pr[E (w ) > �] < � , for any 0 < � < 1 and 0 < � < 1.

F or example, with � = � = 0:1, K = 4, and an a v erage

of 5 tuples/page, BuildHLRT m ust examine at least 72

examples to satisfy the P A C criteria.

This b ound is relativ ely tigh t compared to t ypical P A C

results. F or example, the n um b er of p ossible hlr t wrap-

p ers is in�nite, but our b ound do es not dep end on the

n um b er of wrapp ers. Th us clearly the stated b ound is

tigh ter than obtainable under simple P A C mo dels (e.g. ,

[

V alian t, 1984; Blumer et al., 1987

]

), in whic h sam-

ple complexit y gro ws with the n um b er of h yp otheses.

The b ound is also tigh ter than obtainable using V apnik-

Cherv� onenkis analysis

[

Haussler, 1988

]

. T o understand

these results, recall that BuildHLRT is essen tially com-

puting common pre�xes and su�xes of sets of strings,

whic h are highly constrained after relativ ely few exam-

ples; see

[

Kushmeric k, 1997

]

for a detailed discussion.

6 Comp osing oracles

A k ey to induction is an oracle that lab els examples. So

far, w e ha v e assumed that Lab elOracle is pro vided as in-

put. W e no w describ e ho w to comp ose Lab elOracle from

mo dular heuristic kno wledge, whic h w e call r e c o gnizers .

A recognizer �nds instanc es of a particular attribute on

a page. F or example, a coun try name recognizer w ould

iden tify the four coun tries con tained in Fig. 1(b)’s html.

These recognized instances are then c orr ob or ate d to la-

b el the en tire page. F or example, giv en a recognizer for

coun tries and another for coun try co des, corrob oration

pro duces an oracle that lab els pages con taining pairs of

these attributes.

Corrob oration is trivial if eac h recognizer is p erfect.

3

But an imp ortan t feature of our approac h is that it han-

dles imp erfect recognizers. Recognizers are either p erfe ct

(accept all p ositiv e instances and reject all negativ e in-

stances of their target attribute), inc omplete (reject all

negativ e instances but reject some p ositiv e instances),

unsound (accept all p ositiv e instances but accept some

negativ e instances), or unr eliable (reject some p ositiv e

instances and accept some negativ e instances).

W e require that eac h recognizer b e annotated with the

kind of error it mak es. W e exp ect this annotation to b e

natural for man y kinds of recognizers. F or example, a

compan y name recognizer based on F ortune-500 data is

incomplete, while a coun try co de recognizer accepting

an y digit sequence is unsound. The in ten t is that rec-

ognizers are reusable across domains; a compan y name

recognizer, for example, can b e used with an y informa-

tion resource displa ying companies.

Recall that Lab elOracle is a function from a page to a

lab el for the page. A lab el is an arra y , where ro ws cor-

resp ond to tuples, and columns are attributes. A recog-

nizer is a function from a page to a set of instanc es (sub-

sequences of the page). The set of recognized instances

is a column of the o v erall lab el arra y . The c orr ob or ation

pr oblem , then, is to build the en tire lab el arra y from the

individual columns. Note that the attributes’ ordering

within tuples is not part of the input; the corrob oration

algorithm m ust determine this ordering.

3

W rapp ers are needed ev en with p erfect recognizers, b e-

cause recognizers migh t b e slo w, while wrapp ers m ust b e fast.

Ctry

inc omp

10{15

50{55

+

Co de

p erfe ct

18{20

38{40

58{60

+

Cap

unsound

5{7

19{25

22{28

42{48

44{49

59{65

62{68

70{75

)

Ctry Co de Cap

10{1 5 18{20 22{28

? 38{40 42{48�44 {4 9

50{5 5 58{60 62{68�70 {7 5

(a) (b) (c) (d)

Figure 5: Corr ob or ating (a{c) yields (d).

The basic idea of corrob oration is that the lo cation of

some instances greatly constrains the p ossible lo cation of

others. Supp ose recognizer A is unsound and iden ti�es

an instance at p osition 10{20, while p erfect recognizer

B �nds an instance at 14{16. Since attributes nev er

o v erlap, the A at 10{20 m ust b e a false p ositiv e (FP)

and th us m ust b e ignored, while the B at 14{16 is a true

p ositiv e (TP).

In the remainder of this section, w e describ e corrob o-

ration b y w alking through an example, presen t the Co r-

rob corrob oration algorithm, and describ e ho w our w ork

is extended to handle imp erfect recognizers.

Example. Fig. 5 extends the coun try/co de example to

include an additional attribute, the coun try’s capital.

4

Corrob oration b egins b y noting the t yp e of error made

b y eac h recognizer: in this simple example, assume the

recognizer for the co des is p erfect, but the coun try recog-

nizer is incomplete and the capital recognizer is unsound.

Next, note that since the Co de recognizer is p erfect,

all Co de instances are TPs. Th us Co de can b e simply

copied to the lab el arra y . The incomplete Ctry column

is almost as easy: it is copied v erbatim, but Co de is used

to align eac h Ctry instance. This lea v es a \hole" in the

Ctry column. Next, the corrob orator pro cesses the un-

sound Cap column. 5{7 m ust b e a FP

, b ecause w ere it

a TP

, Co de w ould ha v e included an additional instance

prior to 5. Next, since 19{25 o v erlaps with Co de’s 18{20,

19{25 m ust b e a FP

. Since 22{28 is the only remaining

p ossibilit y for the �rst tuple’s Cap instance, 22{28 m ust

b e a TP

. Ho w ev er, for the second tuple, there is no w a y to

c ho ose b et w een 42{48 and 44{49: one m ust b e a TP and

the other a FP

, but there is no w a y to decide. Corrob-

oration th us uses 42{48�44{49, indicating that exactly

one of the t w o instances is a TP

. Finally

, corrob oration

rejects 59{65 b ecause it o v erlaps with 58{60.

The Co rrob algorithm. Fig. 6 sho ws Co rrob, an al-

gorithm for corrob orating imp erfect recognizers, for the

case when at least one recognizer is p erfect.

5

As indi-

cated in the example, Co rrob builds the lab el arra y b y

4

The indices in this example do not matc h Fig. 1(b).

5

P eople can b e used as p erfect recognizers, though w e seek

to automate wrapp er construction as m uc h as p ossible.

Co rrob (recognizers f: : : ; R

k

; : : :g, instances f: : : ; I k

j

; : : : g)

Notation: I k

j is the j th

instanc e r e c o g nize d by R

k

.

A BuildArra y(fI k

j

: R

k is p erfect or incomplete g)

for eac h I k

j suc h that R

k is unsound or unreliable

if I k

j is p ossibly a TP (based on the TPs in A), then

m Ro wOf(I k

j

; A)

A

m;k

A

m;k

� I k

j

return A

BuildArra y (necessarily TP instances f: : : ; I k

j

; : : :g)

Build arra y with eac h I k

j installed in the correct cell.

Ro wOf (p ossibly TP instance I k

j

, arra y A)

Determine the ro w m of A to whic h I k

j b elongs, whic h is

alw a ys determined when at least one R

k is p erfect.

Figure 6: The Co rrob algorithm.

�rst installing instances recognized b y p erfect or incom-

plete recognizers. These TPs are then used to categorize

the remaining instances as either ne c essarily FPs (mean-

ing they can b e ignored), or p ossibly TPs (meaning they

are inserted using ‘�’). In

[

Kushmeric k, 1997

]

, w e de-

scrib e Co rrob in more detail and pro v e that it is correct.

Handling mistak es. Note that Co rrob’s output migh t

con tain attributes that are missing (‘?’ indicates at-

tributes falsely rejected b y their recognizers) or ambigu-

ous (‘�’ indicates under-constrained attributes). But

BuildHLRT assumes that Lab elOracle pro duces a p erfect

lab el. W e no w describ e ho w to extend our w ork to han-

dle this discrepancy .

Missing attributes require only minor c hanges to Build-

HLRT: the algorithm m ust simply generalize from few er

examples. F or example, recall the original coun try/co de

resource in Fig. 1. Supp ose that corrob oration yields

a lab el that is correct except that the coun try Congo

is missing. In this case, when learning ‘

1

, the algo-

rithm generalizes from just the three o ccurrences of

</I><BR>+<B >

6

that precede the recognized instances of

the �rst attribute, and the algorithm ma y w ell fail to

generate the correct wrapp er. Only if the �rst coun-

try name is correctly recognized on a subsequen t exam-

ple page will BuildHLRT realize that ‘

1 m ust b e a suf-

�x of <HTML><T ITLE >Some Country� � � Codes</B>< P>+<B> as

w ell as of </I><BR>+<B >.

The P A C mo del m ust also b e extended to accommo-

date missing attributes. T o do so, w e generalize Thm. 1

so that, instead of assuming exactly N head and tail and

T left and righ t delimiter examples, the mo del coun ts the

actual n um b ers, based on the non-missing attributes. So,

in the previous example, there are four examples for l

2

,

r

2 and t, but only three for l

1 and r

1

, and zero for h.

Am biguit y requires more substan tial c hanges. There

are t w o kinds of am biguit y . First, as describ ed earlier,

Co rrob uses ‘�’ to indicate that more than one recog-

nized instance is consisten t with a particular cell in the

lab el arra y . Second, recall that Co rrob m ust determine

the ordering of attributes within tuples. But the recog-

6

‘+’ indicates a carriage return c haracter.

nized instances ma y b e consisten t with more than one

ordering. F or example, in Fig. 5, a v alid lab el exists

for the ordering (Cap, Ctry, Co de) as w ell as for (Ctry,

Co de, Cap). (W e previously ignored ordering am biguit y

to simplify the presen tation of Co rrob.)

W e extend BuildHLRT to handle b oth t yp es of am bigu-

it y as follo ws. An am biguous lab el actually corresp onds

to a set of unam biguous lab els, one for eac h w a y to re-

solv e eac h am biguit y . Exactly one suc h lab el is correct;

the rest either con tain FPs or corresp onds to an incorrect

attribute ordering. F aced with am biguit y , BuildHLRT it-

erates o v er eac h p ossibilit y , stopping when a wrapp er

can b e induced.

Clearly the n um b er of suc h p ossibilities gro ws exp o-

nen tially in the n um b er of am biguities. In practice this

gro wth is tolerable for b oth unsound and incomplete rec-

ognizers, ev en with v ery high error rates; see Sec. 7.

Ho w ev er, Co rrob is impractical for unreliable recogniz-

ers, b ecause the n um b er of am biguities gro ws quic kly

with an unreliable recognizer’s error rate.

W e extend the P A C mo del to handle am biguous lab els

b y accoun ting for situations in whic h BuildHLRT consid-

ers an incorrect w a y to resolv e a lab el’s am biguit y , and

y et a consisten t wrapp er exists an yw a y . F or example,

in Fig. 5(d), if the second tuple’s Cap attribute is actu-

ally 42{48 rather than 44{49, but BuildHLRT tries 44{49

�rst and successfully �nds a wrapp er, then BuildHLRT

has probably made a mistak e. Similarly

, if BuildHLRT

considers the ordering (Cap, Ctry, Co de) b efore (Ctry,

Co de, Cap), then BuildHLRT is probably wrong if it

�nds a consisten t wrapp er.

W e mo del this e�ect b y assuming that suc h a situation

happ ens with probabilit y at most � p er opp ortunit y , and

th us the left-hand side of the b ound in Thm. 1 is m ulti-

plied b y (1 � �)

R

, where R is the n um b er of opp ortunities

that a mistak e of this t yp e could ha v e o ccurred as Build-

HLRT w as en umerating the p ossible lab els. In practice,

w e �nd that � is extremely close to zero and R is rela-

tiv ely small, and th us am biguit y has a negligible e�ect

on the P A C results. In

[

Kushmeric k, 1997

]

, w e compare

this noise mo del to others in the P A C literature.

7 Empirical ev aluation

In this section, w e presen t preliminary evidence demon-

strating the feasibilit y of hlr t learning. Our Lisp im-

plemen tation requires b et w een 4 and 40 SGI Indy CPU

seconds p er example page, dep ending on the domain.

Normalizing for the n um b er of attributes (K ) and the

size of the example pages, our system requires ab out

0.21 CPU sec. p er attribute p er KB of example data.

Our �rst exp erimen t v eri�es the utilit y of the hlr t

bias. Learnabilit y aside, can a signi�can t fraction of in-

teresting information resources b e wrapp ed b y hlr t?

W e surv ey ed 100 In ternet resources selected randomly

from an indep enden t organization’s index (search.c om),

and found that 48% can b e wrapp ed b y hlr t. W e tak e

this result to b e evidence that hlr t is gen uinely useful.

Our second exp erimen t measures the robustness of the system to the recognizers’ error rates. W e tested our sys-

tem on (i) the okra email service, okra.ucr. edu/o kra;

and (ii) the bigbook telephone directory

, bigbook. com.

By hand, w e constructed p erfect recognizers for eac h

attribute; okra has four attributes and bigbook has

six. As a baseline, w e ran our system with these p erfect

recognizers. W e then increased the error rates up to 40%

(creating b oth incomplete and unsound recognizers for

eac h attribute) and increased the n um b er of imp erfect

recognizers from zero un til all but one w ere imp erfect.

7

W e tested our system using t w o termination conditions:

(a) w e ran the system un til the P A C criteria w as satis�ed

(for � = � = 0:1); and (b) w e required that the learned

wrapp er b e 100% correct on a suite of test pages.

Fig. 7 sho ws the n um b er of pages needed to induce

a wrapp er, as a function of the error rate, for eac h ter-

mination condition, and for eac h domain. Eac h curv e

within a graph represen ts a di�eren t n um b er of imp erfect

recognizers. F or example, the p oin ts mark ed \p erfect"

represen t trials in whic h all recognizers are p erfect, while

the p oin ts mark ed \30% error rate of eac h recognizer"

on the \2 imp erfect recognizers" curv es indicate trials

in whic h t w o of the recognizers are imp erfect (yielding

either 30% FPs or 30% FNs) while the remaining rec-

ognizers are p erfect. Th us in eac h graph, increasing the

abscissa or examining curv es with additional imp erfect

recognizers corresp onds to trials in whic h the recognizers

mak e more mistak es.

Figs. 7(i{ii.b) indicate that, from a practical p ersp ec-

tiv e, relativ ely few examples are needed b efore the sys-

tem learns the correct wrapp er; across all conditions,

ab out 4.9 examples su�ce for okra and 29 for bigbook.

W e conclude that the n um b er of examples required is

small enough that hlr t wrapp er induction is practical,

ev en for extremely high recognizer error rates.

Figs. 7(i{ii.a) sho w that the P A C b ound is relativ ely

lo ose. Across all conditions, ab out 105 examples are

needed required to satisfy the P A C criteria. Th us the

P A C b ound is to o lo ose b y ab out an order of magnitude.

W e conclude that the curren t P A C mo del is to o w eak to

tigh tly constrain the induction pro cess. Nev ertheless,

since wrapp er construction is in tended to b e an o�-line

pro cess, the b ound is not so lo ose as to b e useless.

Finally , w e ha v e dev elop ed wien (pronounced \Vi-

enna"), a wrapp er induction environmen t. Using a W eb

bro wser, a user sho ws wien an example information re-

source page, and then uses the mouse to lab el the page.

wien then tries to learn a wrapp er for the resource.

When the user sho ws wien a second example, it uses

the learned wrapp er to automatically lab el the new ex-

ample. The user then corrects an y mistak es, and wien

generalizes from b oth examples. This pro cess rep eats

un til the user is satis�ed. wien pro vides a complete im-

plemen tation of BuildHLRT, though the user is assumed

to lab el pages p erfectly

, so wien implemen ts neither at-

tribute recognition nor corrob oration.

7

Recall that Co rrob is impractical for unreliable recogniz-

ers and requires at least one p erfect recognizer.

(i.a)

70 90 110 130 150 170 190 perfect 10% 20% 30% 40% pages needed for PAC bound

3 imperfect recognizers

2 imperfect recognizers

1 imperfect recognizer

(i.b)

3

5

7

9 pages needed for 100% accuracy

3 imperfect recognizers

2 imperfect recognizers

1 imperfect recognizer

(ii.a)

90 110 130 150 170 5 imperfect recognizers

4 imperfect recognizers

3 imperfect recognizers

2 imperfect recognizers

1 imperfect recognizer

(ii.b)

15

25

35

45 perfect 10% 20% 30% 40% pages needed for 100% accuracy error rate of each recognizer

5 imperfect recognizers

4 imperfect recognizers

3 imperfect recognizers

2 imperfect recognizers

1 imperfect recognizer

Figure 7: E�e ct on le arning curve of r e c o gnizer err or,

in the (i) okra and (ii) bigbook domai ns, for the (a)

P A C and (b) 100% ac cur ate termination c onditions.

wien and the exp erimen tal data are a v ailable at

www.cs.was hing ton. edu/h omes /nick /res earc h/wra pper s.

8 Related w ork

As suggested at the outset, wrapp er construction is

motiv ated b y the soft w are engineering issues in v olv ed

with deplo ying soft w are systems that rely on external

information resources; examples include

[

Cha w athe et

al., 1994; Etzioni & W eld, 1994; Arens et al., 1996;

Kirk et al., 1995

]

. While data in terc hange proto cols (e.g.

k qml

[

Finin et al., 1994

]

) ha v e b een prop osed to address

these issues, they require co op eration on the part of in-

formation pro viders, and suc h co op eration is rare.

F rom a formal p ersp ectiv e, in Sec. 1 w e discussed the

relationship b et w een hlr t and FSA induction.

F rom an application p ersp ectiv e, our w ork is similar to

[

Ashish & Knoblo c k, 1997

]

. Their system learns a more

expressiv e wrapp er class than hlr t, but relies on man y heuristics that are sp eci�c to html. In con trast, our sys-

tems treats html tags just as ordinary text. Moreo v er,

their system requires h uman in terv en tion to correct its

mistak es, while our corrob oration pro cess is in tended to

correct mistak es automatically

. A second related appli-

cation is shopbot

[

Do oren b os et al., 1997

]

. Though in

man y resp ects shopbot is more am bitious, its wrapp er

language is less expressiv e than hlr t.

Finally

, our recognition kno wledge is similar to w ork

on seman tically lab eling natural text, suc h as the MUC-6

\Named En tit y" task

[

D ARP A, 1995

]

, though relativ ely

little w ork has b een done on corrob orating m ultiple suc h

kno wledge sources.

9 Conclusions

W rapp er induction is a new tec hnique for automatically

constructing wrapp ers. W e ha v e made three con tri-

butions. First, w e ha v e formalized the wrapp er con-

struction problem as induction. Second, w e ha v e de-

�ned the hlr t bias, whic h is e�cien tly learnable in this

framew ork. Third, w e ha v e sho wn ho w to use heuristic

kno wledge to comp ose the algorithm’s oracle. Though

our w ork has in v olv ed primarily In ternet information re-

sources, w e exp ecte that our results are applicable to

similar information-extraction tasks in other domains.

W e in tend to extend our framew ork in sev eral w a ys.

In addition to the biases sho wn in Fig. 2, w e w an t to de-

sign wrapp ers that can handle non-tabular pages, suc h

as pages organized hierarc hically

. The researc h issues in-

v olv e exploring the tradeo� b et w een expressiv eness and

learnabilit y . W e also hop e to tigh ten the P A C mo del so

it is more useful in practice as w ell as more predictiv e of

observ ed learning curv es.

Ac kno wledgmen ts. This researc h is funded in part

b y ONR Gran t N00014-94-1-0060, b y NSF Gran t IRI-

9303461, b y ARP

A / Rome Labs gran t F30602-95-1-

0024, and b y a gift from Ro c kw ell In ternational P alo

Alto Researc h. Thanks to the UW CS&E AI group,

Stev e Min ton and Da vid Smith for helpful discussion,

and to Boris Bak for help with the search.co m surv ey .

A hlr t consistency conditions

In this App endix, w e list the conditions under whic h

hlr t wrapp er w = fh; t; ‘

1

; r

1

; : : : ; ‘

K

; r

K g outputs lab el

L = fhhb

1;1

; e

1;1 i , : : : , hb

1;K

; e

1;K ii, : : : , hh b

M ;1

; e

M ;1 i,

: : : , hb

M ;K

; e

M ;K i ig for page P . This notation indicates

that that P con tains M tuples ha ving K attributes eac h,

where the k th

attribute of the m th

tuple begins at index

b

m;k of P and ends at e

m;k

. Note that L partitions P as

follo ws (‘�’ indicates concatenation): P = S

0;K

� A

1;1

� S

1;1

�

A

1;2

� � � � � S

1;K � 1

� A

1;K

� S

1;K

� � � � � A

M ;1

� S

M ;1

� A

M ;2

� � � � �

S

M ;K � 1

�A

M ;K

�S

M ;K

. The A

m;k are the attribute v alues:

A

m;k

= P [b

m;k

; e

m;k

]. The S

m;k separate the tuples,

and attributes within a tuple: S

m;k

= P [e

m;k

; b

m;k + 1

]

(except that S

0;K

= P [0; b

1;1

], S

M ;K

= P [e

M ;K

; jP j],

and S

m;K

� S

m + 1;0

= P [e

m;K

; b

m + 1;1

]).

Under this notation, w is consisten t with P and L i�:

1. the ‘

k immediately precede their attributes

(S

0;K

=h)=‘

1

6= ] ^ 8

m;k >1 jS

m;k � 1

=‘

k j = 0

2. the r

k follo w (but don’t o ccur within) their attributes

8

m;k r

k

� ((A

m;k

� S

m;k

)=r

k

) = S

m;k

3. h o ccurs in the head and t o ccurs in the tail

S

0;K

=h 6= ] ^ S

M ;K

=t 6= ]

4. t nev er precedes ‘

1 in an in ter-tuple separator

8

m<M

S

m;K

=t 6= ] ) j‘

1 j > jt � (S

m;K

=t)j

5. t do esn’t o ccur b et w een h and ‘

1 in the head

(S

0;K

=h)=t 6= ] ) j‘

1 j > jt � ((S

0;K

=h)=t)j

6. t precedes ‘

1 in the tail

S

M ;K

=‘

1

6= ] ) jt � (S

M ;K

=t)j > j‘

1

� (S

M ;K

=‘

1

)j

(where s=s

0

is the substring of s after the �rst o ccurrence

of s

0

, with s=s

0

= ] indicating that s do esn’t con tain s

0

).

References

[

Angluin, 1982

]

D. Angluin. Inference of rev ersible lan-

guages. J. A

CM, 29(3):741 {65 , 1982.

[

Arens et al., 1996

]

Y. Arens, C. Knoblo c k, C. Chee, &

C. Hsu. SIMS: Single in terface to m ultiple sources. TR

RL-TR-96-118, USC Rome Labs, 1996.

[

Ashish & Knoblo c k, 1997

]

N. Ashish & C. Knoblo c k. Semi-

automatic wrapp er generation for In ternet informatio n

sources. In Pr o c. Co op er a tive Information Systems , 1997.

[

Blumer et al., 1987

]

A. Blumer, A. Ehrenfeuc h t, D. Haus-

sler, & M. W arm uth. Occam’s razor. Information Pr o c es s-

ing, 24(6):37 7{8 0, 1987.

[

Cha w athe et al., 1994

]

S. Cha w athe, H. Garcia-Mol ina,

J. Hammer, K. Ireland, Y. P apak onstan tinou, J. Ullman,

& J. Widom. The TSIMMIS pro ject: In tegration of het-

erogeneous information sources. In Pr o c. IPSJ Conf, 1994.

[

Co wie & Lehnert, 1996

]

J. Co wie & W. Lehnert. Informa-

tion extraction. C. A

CM, 39(1):80 {1 01, 1996.

[

D ARP A, 1995

]

D ARP A. Pr o c. 6th Message Understanding

Confer enc e. Morgan Kaufmann, San F rancisco, 1995.

[

Do oren b os et al., 1997

]

R. Do oren b os, O. Etzioni, &

D. W eld. A scalable comparison-shopping agen t for the

World-Wide Web. In Pr o c. A utonomous A gents, 1997 .

[

Etzioni & W eld, 1994

]

O. Etzioni & D. W eld. A softb ot-

based in terface to the In ternet. C. A

CM, 37(7):72{ 6, 1994.

[

Etzioni, 1996

]

O. Etzioni. The W orld Wide W eb: quagmire

or gold mine? C. A

CM, 37(7):65 {8, 1996.

[

Finin et al., 1994

]

T. Finin, R. F ritzson, D. McKa y , &

R. McEn tire. K

QML: A language and proto col for kno wl-

edge and informatio n exc hange. In Know le dge Building

and Know le dge Sharing. Ohmsha and IOS Press, 1994.

[

Haussler, 1988

]

D. Haussler. Quan tifying inductiv e bias. A r-

ti�cial Intel ligenc e, 36(2):177 {22 1, 1988.

[

Kearns & V azirani, 1994

]

M. Kearns & U. V azirani. A n in-

tr o duct ion to c omputational le arning the ory. MIT, 1994.

[

Kirk et al., 1995

]

T. Kirk, A. Levy

, Y. Sagiv, & D. Sriv as-

ta v a. The Information Manifold. In AAAI Spring Sym-

p osium: Information Gather ing fr om Heter o gene ous, Dis-

tribute d Envir onments , pp. 85{91 , 1995.

[

Kushmeric k, 1997

]

N. Kushmeric k. Wr app er Construct ion

for Information Extr action. PhD thesis, Univ. of W ash-

ington, 1997. In preparation.

[

V alian t, 1984

]

L. V alian t. A theory of the learnable. C.

A CM, 27(11):11 34{ 42 , 1984.