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Abstract : We consider the problem of semantic annotation of serneired
documents according to a target XML schema. The task is totatena docu-
ment in a tree-like manner where the annotation tree is darins of a tree class
defined by DTD or W3C XML Schema descriptions. In the probstid setting,
we cope with the tree annotation problem ageaeralized probabilistic context-
free parsingof an observation sequence where each observation comes wit
probability distribution over terminals supplied by a pablistic classifier as-
sociated with the content of documents. We determine the probable tree
annotation by maximizing the joint probability of selegfia terminal sequence
for the observation sequence and the most probable partefeelected terminal
sequence. We extend the inside-outside algorithm for fmibstic context-free
grammars and establish a Naive Bayes-like requirementtteatontent classifier
should satisfy when estimating the terminal probabilities

Nous considérons le probleme de I'annotation sémaatigdocuments semi-
structurés guidée par un schéma xml cible. Le but estrabtar un document
de facon arborescente ou I'arbre d’annotation est I'mstad’'une DTD ou d'un
schéma W3C XML. Avec notre approche probabiliste, nousoima le probleme

de I'annotation comme ungénéralisation de la dérivation de grammaires hors-
contextes probabilistegour des séquences d’observations. Chaque observation
possede une distribution de probabilites sur les clagaegst fournie par un
classificateur probabiliste associé au contenu du docurhi@nbre d’annotation

le plus probable est choisi en maximisant la probabiliiatpde la séquence
d’observations et de I'arbre de dérivation associé gesgtguence. Nous améliorons
I'algorithme inside-outside pour les grammaires horstextes probabilistes et
établissons des contraintes d'indépendances que Isifatateur doit satisfaire
pour estimer les probabilités des classes.

Mots-clés: Apprentissage artificiel, Web sémantique, Extractianfdrmations
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1 Introduction

The future of the World Wide Web is often associated with tlken&ntic Web initia-
tive which has as a target a wide-spread document reuseyrp@ging and exchange,
achieved by means of making document markup and annotatiommmachine-readable.
The success of the Semantic Web initiative depends to a ¢xtgat on our capacity to
move fromrendering-orienteanarkup of documents, like PDF or HTML, semantic-
orienteddocument markup, like XML and RDF.

In this paper, we address the problemsefmantic annotation of HTML documents
according to a target XML schema tree-like annotation of a document requires that
the annotation tree be an instance of the target schemarilsrsén a DTD, W3C
XML Schema or another schema language. Annotation treesaligtgeneralize flat
annotations conventionally used in information extrattismd wrapper induction for
Web sites.

The migration of documents from rendering-oriented fosnkite PDF and HTML,
toward XML has recently become an important issue in vari@msgarch communi-
ties (Christina Yip Chung, 2002; Curran & Wong, 1999; Kurgéal., 2002; Saikat Mukher-
jee, 2003; Skounakist al, 2003a). The majority of approaches either make certain
assumptions about the source and target XML documentsaldanversion through a
set of local transformations (Curran & Wong, 1999), or drited transformation to par-
ticular tasks, such as the semantic annotation of dynalyigaherated Web pages in
news portals (Saikat Mukherjee, 2003) or the extractiomgidal structure from page
images (Skounakist al., 2003a).

In this paper, we consider the general case of tree annotftiemi-structured docu-
ments. We makao assumptions about the structure of the source and tammirdents
or their possible similarity. We represent the documentewiras a sequence of obser-
vationsx = {z1, ..., x,}, where each observation is a content fragment. In the case
of HTML documents, such a fragment may be one or multipledsaeften surrounded
with rich contextual information in the form of HTML tags,tabutes, etc. The tree
annotation of sequenceis given by a pairy, d), wherey andd refer to leaves and
internal nodes of the tree, respectively. The sequgnee{ys, ..., y,} can be seen, on
one side, as labels for observationsinand on the other side, as a terminal sequence
for treed that defines the internal tree structure oyeaccording to the target XML
schema.

In the supervised learning, the document annotation systelndes selecting the
tree annotation model and training the model parametens & training sef5 given by
triples(x,y, d). We adopt a probabilistic setting, by which we estimate tiodoability
of an annotation tregy, d) for a given observation sequencand address the problem
of finding the pair(y, d) of maximal likelihood.

We develop a modular architecture for the tree annotati@mofiments that includes
two major components. The first component is a probabilstictext-free grammar
(PCFG) which is a probabilistic extension to the correspogddeterministic) XML
schema definition. The PCFG rules may be obtained by regtitia schema’s element
declarations (in the case of a DTD) or element and type defivs{in the case of a W3C
XML Schema) and the rule probabilities are chosen by obsgnvile occurrencesinthe



training set, similar to learning rule probabilities frorae¢-bank corpora for NLP tasks.
PCFGs offer the efficient inside-outside algorithm for firglthe most probable parse
for a given sequence of terminals. The complexity of the algorithm@(n? - | N|),
wheren is the length of sequenge and |N| is the number of non-terminals on the
PCFG.

The second component is a probabilistic classifier for ptedj the terminalg for
the observations; in x. In the case of HTML documents, we use the maximum entropy
framework (Bergeet al,, 1996), which proved its efficiency when combining content,
layout and structural features extracted from HTML docutsér making probabilistic
predictionsg(y) for ;.

With the terminal predictions supplied by the content dfass the tree annotation
problem representbie generalized case of probabilistic parsjivghere each position
1 in sequence is defined not with a specific terminal, but with a terminallpability
p(y). Consequently, we consider the sequential and joint etiahsof the maximum
likelihood tree annotation for observation sequenceshénjoint case, we develop a
generalized version of the inside-outside algorithm tleiednines thenost probable
annotation tre€y, d) according to the PCFG and the distributigiig) for all positions
i in x. We show that the complexity of the generalized insideidatalgorithm is
O(n?-|N|+n-|T|-|N|), wheren is the length ok andy, and wheré N| and|T'| are
the number of non-terminals and terminals in the PCFG.

We also show that the proposed extension of the insidedmuitdgorithm imposes
the conditional independence requiremgesimilar to the Naive Bayes assumption, on
estimating terminal probabilities. We test our method oo twllections and report an
important advantage of the joint evaluation over the setjalame.

2 XML annotation and schema

XML annotations of documents are trees where inner nodesrdate the tree struc-
ture, and the leaf nodes and tag attributes refer to the desticontent. XML annota-
tions can be abstracted as the class Trofainked labeled rooted treekefined over an
alphabet of tag names (Neven, 2002). The set t of trees avean be constrained by
aschemaD that is defined using DTD, W3C XML Schema or other schema laggs.

DTDs and W3C XML Schema descriptions can be modeled as extbermhtext-free
grammars (Papakonstantinou & Vianu, 2000), where regujanessions over alphabet
3} are constructed by using the two basic operations of conatiten- and disjunction
| and with occurrence operatorgKleene closure)? (a? = ale) and+ (a+ = a - ax).
An extended context free gramm@&CFG) is defined by the 4-tuplé = (T, N, S, R),
whereT and N are disjoint sets of terminals and nonterminal&in. = T U N; S is
an initial nonterminal andr is a finite set of production rules of the for — « for
A € N, wherex is a regular expression ovEr= T'U N. The languagé.(G) defined
by an ECFGG is the set of terminal strings derivable from the startingnbyl S of G.
Formally, L(G) = {w € ¥*|S = w}, where= denotes the transitive closure of the
derivability relation. We represent aparse treel any sequential form that reflects the
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derivational steps. Theet of parse treefor G forms the se (G) of unranked labeled
rooted trees constrained with sche@ia

2.1 Tree annotation problem

When annotating HTML documents accordingly to a target XMhesma, the main
difficulty arises from the fact that the source documenteaeentially layout-oriented,
and the use of tags and attributes is not necessarily censisith elements of the target
schema. The irregular use of tags in documents, combinddoainplex relationships
between elements in the target schema, makes the manualgwitHTML-to-XML
transformation rules difficult and cumbersome.

In the supervised learning, the content of source docunieptesented as a sequence
of observationsc = {z1,...,z,}, where any observatian; refers to a content frag-
ment, surrounded by rich contextual information in the fafhTML tags, attributes,
etc. The tree annotation model is defined as a mapfing> (Y, D) that maps the
observation sequenseinto a pair(y, d) wherey={y1, ..., y, } is a terminal sequence
andd is a parse tree of according to the target schema or equivalent ECFS = y.
The training sef for training the model parameters is given by a set of trige s/, d).

To determine the most probable tree annotation!) for a sequence, we attempt to
maximize the joint probability(y, d|x, G), given the sequenceand PCFG5. Using
the Bayes theorem, we have

p(y,dx, G) = p(dly, G) - p(y|x), 1)

wherep(y|x) is the probability of terminal sequengefor the observed sequense
andp(dly, G) is the probability of the parséfor y according the PCF@. The most
probable tree annotation faris a pair(y, d) that maximizes the probability in (1),

(¥, D) maz = argmazy q) p(dly, G) - p(y|x). (2)

In the following, we build a probabilistic model for tree anation of source docu-
ments consisting of two components to get the two probgl@ktimates in (2). The
first component is a probabilistic extension of the targetlXd¢hema; for a given ter-
minal sequencg, it finds the most probable parpéd|y, G) for sequences according
to the PCFGG, where rule probabilities are trained from the availalédéning set. The
second component is a probabilistic content classifieit estimates the conditional
probabilitiesp(y|z;) for annotating observations with terminalsy, y € 7. Finally,
for a given sequence of observationswe develop two methods for finding a tree
annotation(y, d) that maximizes the joint probability(y, d|x, G) in (1).

3 Probabilistic context-free grammars

PCFGs are probabilistic extensions of ECFGs, where eaehAul « in R is asso-
ciated with a real number in the half-open interval (0; 1]. The values pbbey the



restriction that for a given non-termindl € N, all rules forA must havep values that
sumto 1,
VAeN: > p(r)=L (3)

r=A—a,r€ER

PCFGs have a normal form, called the Chomsky Normal Form (Cald€ording to
which any rule inR is eitherA — B C or A € b, whereA, B andC are non-terminals
andb is a terminal. The rewriting of XML annotations requires thiearization of
source ranked trees, often followed by an extension of th@emminal set and the
underlying set of rules. This is a consequence of rewritimggs with multiple children
as a sequence of binary nodes. The binarization rewritesudeyl — B C' D as two
rulesA — BP andP — C D, whereP is a new non-terminal.

A PCFG defines a joint probability distribution ovEr, a random variable over all
possible sequences of terminals, dxda random variable over all possible parsEs.
and D are clearly not independent, because a complete parsdispaxiactly one or
few terminal sequences. We define the functigp, d) of a given terminal sequence
y € Y and a parsé@ € D as the product of thg values for all of the rewriting rules
R(y,d) usedinS = y. We also consider the case whédrdoes not actually correspond
toy,

_ [ Il ergy.ap(r), ifdisaparseofy
Py, d) = { 0, otherwise.

The values op are in the closed interval [0; 1]. In the cases wheéiie a parse of
y, all p(r) values in the product will lie in the half open interval (0; &hd so will the
product. In the other case, 0 is in [0; 1] too. However, it i$ always the case that
Zd,yp(Yad) =L

The training of a PCFG takes as evidence the corpus of tels@tmences with
corresponding parseisfrom the training seb'. It associates with each rule an expected
probability of using the rule in producing the corpus. In firesence of parses for all
terminal sequences, each rule probability is set to theaggdeount normalized so that
the PCFG constraints (3) are satisfied:

count(A — )
ZA_ﬁeR count(A — )’

p(A—a)=

3.1 Generalized probabilistic parsing

PCFGs are used as probabilistic models for natural languagethey naturally reflect
the “deep structure” of language sentences rather thanribarlsequences of words.
In a PCFG language model, a finite set of words serve as a taeksghand production
rules for non-terminals express the full set of grammatioaktructions in the language.
Basic algorithms for PCFGs that find the most likely pat$er a given sequencg or
choose rule probabilities that maximize the probabilitysefitence in a training set,
represent (Lari & Young, 1990) efficient extensions of théexbi and Baum-Welsh
algorithms for hidden Markov models.
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The tree annotation model processes sequences of obsassat= {z1,...,2,}
from the infinite setX, where the observations are not words in a language (and
therefore terminals iff") but complex instances, like HTML leaves or groups of leaves

Content fragments are frequently targeted by various fitibtic classifiers that pro-
duce probability estimates for labeling an observatiomaitterminal inT", p(y|z;),

y € T, where}_ p(y|z;) = 1. The tree annotation problem can therefore be seen as
a generalized version of probabilistic context-free pagsiwhere the input sequence is
given by the probability distribution over a terminal seddhe most probable annota-
tion tree requires maximizing the joint probability in (2).

A similar generalization of probabilistic parsing takeaq# in speech recognition. In
the presence of a noisy channel for speech streams, parsingafsequence of words
is replaced by parsing from a word lattice, which is a compeptesentation of a set
of sequence hypotheses, given by conditional probalsiliti#gained by special acoustic
models from acoustic observations (Hall & Johnson, 2003).

4 Content classifier

To produce terminal estimates for the observationsve adopt the maximum entropy
framework, according to which the best model for estimagingpbability distributions
from data is the one that is consistent with certain consgalerived from the training
set, but otherwise makes the fewest possible assumptiergéBet al, 1996). The
distribution with the fewest possible assumptions is oné wie highest entropy, and
closest to the uniform distribution. Each constraint egpes some characteristic of the
training set that should also be present in the learnedilmisvn. The constraint is
based on a binary feature, it constrains the expected vathe éeature in the model to
be equal to its expected value in the training set.

One important advantage of maximum entropy models is thexilflity, as they
allow the extension of the rule system with additional sgtitasemantic and pragmatic
features. Each featurgis binary and can depend gne T and on any properties of
the input sequence. In the case of tree annotation, we includetbatent featurethat
express properties on content fragments, fiker, y) =“1 if y istitle andz’s length is
less then 20 characters, 0 otherwise”, as well asthetural and layout featurethat
capture the HTML context of the observationlike f2(x, y)="1 if y is author andz’s
father isspan, 0 otherwise”.

With the constraints based on the selected featyifesy), the maximum entropy
method attempts to maximize the conditional likelihoogh@f|«) which is represented
as an exponential model:

p(ylz) = Z:(m)eﬂfp (Z Aa fa(x7y>> : (4)

whereZ, (z) is a normalizing factor to ensure that all the probabilisem to 1,



For the iterative parameter estimation of the Maximum Emtrexponential mod-
els, we have selected one of the quasi Newton methods, naheelimited Memory
BFGS method, which is observed to be more effective than tee@lized Iterative
Scaling (GIS) and Improved Iterative Scaling (11S) for NLidainformation extraction
tasks (Malouf, 2002).

5 Sequential tree annotation

We use pairgx,y) from triples(x, y, d) of the training sefS to train the content clas-
sifier C' and pairs(y, d) to choose rule probabilities that maximize the likelihood f
the instances in the training set! predicts the terminal probabilitiegy|x) for any
observationx, while the inside-outside algorithm can find the padsef the highest
probability for a given terminal sequenge

By analogy with speech recognition, there exists a naiwpeetial method to com-
bine the two components' and G for computing a tree annotation for sequence
First, from C’s estimate(y|x), we determine the (top) most probable sequences
Ymaz,j fOrx, j = 1,..., k. Second, we find the most probable parses foyall. ;.
dmaz,; = argmazqp(d|ymas,;j, G); and finally, we choose the paiy.az,j, dmaz,;)
that maximizes the produgty,.az,;) X p(dmaz,;)-

The sequential method works well if the noise level is lowsfy@ech recognition) or if
the content classifier (in the tree annotation) is accunabeigh in predicting terminals
y for z;. Unfortunately, it gives poor results once the classifieis far from 100%
accuracy iny predictions, as it faces the impossibility of finding anyggafor all the
top k most probable sequences,q.. ;.

Example.
Consider an example target schema given by the following DTD

<!ELEMENT  Book (author, Section+)

<!ELEMENT  Section (title, (para footnote)+)>
<IELEMENT  author (#PCDATA)>
<!ELEMENT title (#PCDATA)>
<!ELEMENT  para (#PCDATA)
<IELEMENT footnote  (#PCDATA)>

The reduction of the above schema definition to the ChomskymidbForm will
introduce extra non-terminals, so we get the PGQF& (T, N, S, R), where the termi-
nal setisT’={author, title, para, footnote},the nonterminal setid’=
{Book, Author, SE, Section, Tl, ELS, El.S= Book, andR includes twelve production
rules.

Assume that we have trained the content classifleand the PCFGZ and have
obtained the following probabilities for the productionasiin R:

(0.3) Book— AU Section
(0.4) SE— Section Section
(0.8) Section— TI ELS
(0.4) ELS— EL EL

(1.0) AU — aut hor

(0.8) EL— para

(0.7) Book— AU SE
(0.6) SE» Section SE
(0.2) Section— TI EL
(0.6) ELS— EL ELS
1.0)TI—title
(0.2) EL— f oot not e.
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Assume now that we test the content classifieaind PCFCG on a sequence of five
unlabeled observations= {z1,...,x5}. Let the classifier’ estimate the probability
for terminals inT" as given in the following table:

1 T2 3 T4 5

aut hor 0.3 0.2 0.1 0.1 0.2
title 0.4 0.4 0.3 0.3 0.3
para 0.1 0.2 0.5 0.2 0.2
f oot not e 0.2 0.2 0.1 0.4 0.2

According to the above probability distribution, the mosiipable terminal sequence
Ymaz IS cCOMposed of the most probable terminals forgli = 1,....,5. Itis" title
title para footnote title' with probabilityp(y.ma.) =04-0.4-0.5-04-
0.3 = 0.0096. However,y.... has no corresponding parse treein Instead, there
exist two valid annotation trees for, (y1,d;) and (y2,dz2), as shown in Figure 1.
In Figure 1.b, the terminal sequenge=" aut hor title para title para’
with the parsel;=Book(AU SE(Section (T EL) Section (TI EL))) maximizes tjuint
probabilityp(y, d|x, G), with p(y2) = 0.3 - 0.4 - 0.3 - 0.3 - 0.2 = 0.00216, and

p(d2)=p(Book — AU SE)- p(AU — author)x
p(SE— Section Section)p(Section— Tl EL) x
p(TI — title)? - p(EL — paraf x
p(Section— TI EL)
=0.7-1.0-0.4-0.2-1.0%-0.82-0.2 = 0.007172.

Jointly, we havep(yz) x p(d2) ~ 1.55 - 10~°. Similarly, for the annotation tree in
Figure 1.a, we have(y;) x p(dy) = 0.00288 - 0.0018432 ~ 5.31 - 1076,

Book a) b) Book
Section
SE
EL
ﬁLs Seﬁ\Section
d d
1 N 2 /\ /\
AU TI EL EL EL AU TI EL TI EL

Y1 author title para footnotepara Yo author title para title pa

X Xl X2 X3 X4 X5 X Xl X2 X3 X4 X5

Figure 1: Tree annotations for the example sequence.

6 The most probable annotation tree

As the sequential method fails to find the most probable atiowttree, we try to couple
the selection of terminal sequengdor x with finding the most probable parddor y,
such that(y, d) maximizes the probability produg(d|y, G) - p(y|x) in (2). For this



goal, we extend the basic inside-outside algorithm for bleallPCFGs. We redefine
theinside probabilityas the most probable joint probability of the subsequence of
beginning with index and ending with indey, and the most probable partial parse
tree spanning the subsequenygeand rooted at nonterminal:

Bali,j) =maz, i p(Ai; = y) - ply]|%). 6)
The inside probability is calculated recursively, by takthe maximum over all pos-
sible ways that the nontermindl could be expanded in a parse,

Bali,j) = mazicg<j p(A — BC) - p(B = y]) x
p(C=yl1) plyllx).
To proceed further, we make tiedependence assumptiaboutp(y|x), meaning

that for anyg, i < q < j, we havep(y?|x) = p(y?x) - p(y’,,|x). Then, we can
rewrite the above as follows

Ba(i,j) =maxi<q<;p(A— BC)-p(B=y!) x (7)
p(C =yl ) pyix) p(y) %) (8)
:maxigqgjp(AHBC) 'ﬁB(i;Q)'ﬁC(Q'i‘Lj) (9)

The recursion is terminated at ti (1, 7) which gives the probability of the most
likely tree annotatiorty, d),

Bs(L,n) = maz p(S = yT) - p(y7[x),
wheren is the length of both sequencesandy.
The initialization step requires some extra work, as we khselect among all ter-
minals inT being candidates fay:

Ba(k,k) = mazy,p(A — yk) - p(yr[x). (10)

It can be shown that the redefined inside function convergasdocal maximum in
the (Y, D) space. The extra work during the initialization step talés - |T'| - | N|)
time which brings the total complexity of the extended IOogithm toO(n? - |[N | +n -
IT] - |N)).

The independence assumption established above représetgeminal conditional
independence(y|x) = [, p(vs|x) and matches the Naive Bayes assumption. The
assumption is frequent in text processing; it simplifiesdbenputation by ignoring the
correlations between terminals. Here however it becomeguinement for the content
classifier. In other words, as far as the PCFG is assumed toresqd! (short- and long-
distance) relations between terminals, the extendederagbrithm (9)-(10) imposes
the terminal conditional independence when building tlabpbilistic model. This di-
rectly impacts the feature selection for the maximum emntnoydel, by disallowing
features that include terminals of neighbor observatigns, y;+1, etc, as in the maxi-
mum entropy extension with HMM and CRF models (McCallatal, 2000; Lafferty
etal, 2001).
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7 Experimental results

We have tested our method for XML annotation on two collew®icOne is the collec-
tion of 39 Shakespearean plays available in both HTML and Xbtimat! 60 scenes
with 17 to 189 leaves were randomly selected for the evalnatihe DTD fragment
for scenes consists of 4 terminals and 6 non-terminalsr &feebinarization, the PCFG
in CNF contains 8 non-terminals and 18 rules.

The second collection, called TechDoc, includes 60 teahmdocuments from re-
pair manuals? The target documents have a fine-grained semantic gratyudad are
much deeper than in the Shakespeare collection; the lodgestment has 218 leaves.
The target schema is given by a complex DTD with 27 terminatb26 nonterminals.
The binarization increased the number of non-terminals3toFor both collections, a
content observation refers to a PCDATA leaf in HTML.

To evaluate the annotation accuracy, we use two metrics.tar@nal error ratio
(TER) is similar to the word error ratio used in natural laage tasks; it measures
the percentage of correctly determined terminals in testdeents. The second metric
is thenon-terminal error ratio(NER) which is the percentage of correctly annotated
sub-trees.

As content classifiers, we test first the maximum entropy (MB}sifier. For the
ME model, we extract 38ontent featurefor each observation, such as the number of
words in the fragment, its length, POS tags, textual sepesattc. Second, we extract
14layout and structural featuresclude surrounding tags and all associated attributes.
Beyond the ME models, we use the maximum entropy Markov nsqd&EMM) which
extends the ME with hidden Markov structure and terminalditional features (Mc-
Callumet al,, 2000). The automaton structure used in MEMM has one statespai-
nal.

In all tests, the cross-validation with folding 4 is used. MiEd MEMM were first
tested alone on both collections. The corresponding TE&egdlor the most probable
terminal sequencesg,,ax serve a reference for methods coupling the classifiers with
the PCFG. When coupling the ME classifier with the PCFG, welteth the sequential
and joint methods. Additionally, we included a special dsiseMM-PCFG where the
content classifier is MEMM and therefore the terminal cdodél independence is not
respected.

The results of all the tests are collected in Table 1. The joiethod shows an im-
portant advantage over the sequential method, in particutae TechDoc case, where
the ME content classifier alone achieves 86.23% accuractharjdint method reduces
the errors in terminals by 1.36%. Instead, coupling MEMMhatthe PCFG reports a
decrease of TER values and a much less important NER increase

Lhttp://metalab.unc.edu/bosak/xml/eg/shaks200.zip.
2Available from authors on request.



Method TechDoc Shakespeare
TER] NER || TER| NER

ME 86.23 — || 100.0 -
MEMM 78.16 -1 99.91 -
Seq-ME-PCFG 86.23| 9.38| 100.0| 82.87
Jnt-ME-PCFG 87.59| 72.95| 99.97 | 99.79
Jnt-MEMM-PCFG || 75.27 | 56.25]| 98.09| 94.01

Table 1: Evaluation results.

8 Relevant Work

Since the importance of semantic annotation of documestbéan widely recognized,
the migration of documents from rendering-oriented fosnéike PDF and HTML,
toward XML has become an important research issue in diffex@search communi-
ties (Christina Yip Chung, 2002; Curran & Wong, 1999; Kurgéal., 2002; Saikat Mukher-
jee, 2003; Skounakist al., 2003a). The majority of approaches either constrain the
XML conversion to a domain specific problem, or make diffélénds of assumptions
about the structure of source and target documents. IngSkikkherjee, 2003), the
conversion method assumes that source HTML documents a@rdgally generated
through a form filling procedure, as in Web news portals, &lilsubject ontology
available on the portal permits the semantic annotatioh@fenerated documents.

Transformation-based learning is used for automatic kagins from HTML to XML
in (Curran & Wong, 1999). It assumes that source documemt®edransformed into
target XML documents through a series of proximity tag opens, including insert,
replace, remove and swap. The translation model trains af seinsformation tem-
plates that minimizes an error driven evaluation function.

In document analysis research, Ishitani in (Skounakial, 2003a) applies OCR-
based techniques and the XY-cut algorithm in order to ektreclogical structure from
page images and to map itinto a pivot XML structure. Whilddagstructure extraction
can be automated to a large extent, the mapping from the Matto the target XML
schema remains manual.

In natural language tasks, various information extracti@ihods often exploit the
sequential nature of data to extract different entities extend learning models with
grammatical structures, like HMM (McCallurat al, 2000) or undirected graphical
models, like Conditional Random Fields (Laffesy al, 2001). Moreover, a hierar-
chy of HMMs is used in (Skounakst al., 2003b) to improve the accuracy of extract-
ing specific classes of entities and relationships amorijentA hierarchical HMM
uses multiple levels of states to describe the input onrdiffelevel of granularity and
achieve a richer representation of information in documient
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9 Conclusion

We propose a probabilistic method for the XML annotation eihgstructured docu-
ments. The tree annotation problem is reduced t@#neralized probabilistic context-
free parsingof an observation sequence. We determine the most probagean-
notation by maximizing the joint probability of selectingerminal sequence for the
observation sequence and the most probable parse for #eteskblerminal sequence.
We extend the inside-outside algorithm for probabilistotext-free grammars. We
benefit from the available tree annotation that allows ustere the inside function in
a rigorous manner, and avoid the extension of the outsidgtibmwhich might require
some approximation.

The experimental results are promising. In future work, ‘e po address different
challenges in automating the HTML-to-XML conversion. We particularly interested
in extending the annotation model with the source tree siras that have been ignored
so far.
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