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t. We 
onsider the 
lassi�
ation of stru
tured (e.g. XML) tex-tual do
uments. We �rst propose a generative model based on Belief Net-works whi
h allows us to simultaneously take into a

ount stru
ture and
ontent information. We then show how this model 
an be extended intoa more eÆ
ient 
lassi�er using the Fisher kernel method. In both 
asesmodel parameters are learned from a labelled training set of representa-tive do
uments. We present experiments on two 
olle
tions of stru
tureddo
uments : WebKB whi
h has be
ome a referen
e 
orpus for HTMLpage 
lassi�
ation and the new INEX 
orpus whi
h has been developedfor the evaluation of XML information retrieval systems.Keywords : textual do
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tionThe development of large ele
troni
 do
ument 
olle
tions and Web resour
es hasbeen paralleled by the emergen
e of stru
tured do
ument format proposals. Theyare aimed at en
oding 
ontent information in a suitable form, for a variety ofinformation needs. These do
ument formats allow us to enri
h the do
ument 
on-tent with additional information (do
ument logi
al stru
ture, meta-data, 
om-ments, et
) and to store and a

ess the do
uments in a more eÆ
ient way. Someproposals have already gained some popularity and des
ription languages likeXML are already widely used by di�erent 
ommunities. For text do
uments,these representations en
ode both stru
tural and 
ontent information.With the development of stru
tured 
olle
tions, there is a need to developinformation a

ess methods whi
h may take all the bene�t of these ri
her repre-sentations and also allow to answer new information a

ess 
hallenges and newuser needs. Current Information Retrieval (IR) methods have mainly been devel-oped for handling 
at do
ument representations and 
annot be easily adaptedto deal with stru
tured representations.In this paper, we fo
us on the parti
ular task of stru
tured do
ument 
atego-rization. We propose methods for exploiting both the 
ontent and the stru
tureinformation for this task. Our 
ore model is a generative 
ategorization model



2based on belief networks (BN). This work o�ers a natural framework for en
od-ing stru
tured representations and allows us to perform inferen
e both on wholedo
uments and on do
ument subparts. We then show how to turn this genera-tive model into a dis
riminant 
lassi�
ation model using the Fisher kernel tri
k.Paper is organized as follows : we make in 2 a brief review of previous work onstru
tured do
ument 
lassi�
ation, we des
ribe in 3 the type of stru
tured do
-ument we are working on, we then introdu
e in 4 our generative model and thedis
riminant model in 5. Se
tion 6 presents a series of experiments performed ontwo textual 
olle
tions, the WebKB [20℄ and the INEX Corpus [7℄.2 Previous worksText 
ategorization is a 
lassi
al information retrieval task whi
h has motivateda large amount of work over the last fews years. Most 
ategorization modelshave been designed for handling bag of words representations and do not 
on-sider word ordering or do
ument stru
ture. Generally speaking, 
lassi�ers fallinto two 
ategories: generative models whi
h estimate 
lass 
onditional densitiesP (do
ument=Class) and dis
riminant models whi
h dire
tly estimate the poste-rior probabilities P (Class=do
ument). The naive Bayes model [12℄ for example isa popular generative 
ategorization model whereas among dis
riminative te
h-niques support ve
tor ma
hines [10℄ have been widely used over the last fewyears. [17℄ makes a 
omplete review of 
at do
ument 
ategorization methods.More re
ently, models whi
h take into a

ount sequen
e information have beenproposed [3℄. Classifying stru
tured do
ument is a new 
hallenge both from IRand ma
hine learning perspe
tives. For the former, 
at text 
lassi�ers do not leadto natural extensions for stru
tured do
uments, however there has been re
entlysome interest in the 
lassi�
ation of HTML pages. For the latter, the 
lassi�-
ation of stru
tured data is an open problem sin
e most 
lassi�ers have beendesigned for ve
tor or sequen
e representations, and only a few formal frame-works allow to 
onsider simultaneously 
ontent and stru
ture informations. Webrie
y review below re
ent work in these di�erent areas.The expansion of the Web has motivated a series of works on Web page
ategorization - viz. the last two Tre
 
ompetitions [19℄. Web pages are builtfrom di�erent type of information (title, links, text, et
) whi
h play di�erentroles. There has been several attempts to 
ombine these information sour
es inorder to in
rease page 
ategorization s
ores ([5℄,[21℄). Chakrabarti ([2℄) proposesto use the information 
ontained in neightboring do
uments of an HTML pages.All these approa
hes whi
h deal only with HTML, propose simple s
hemes eitherfor en
oding the page stru
ture or for exploiting the di�erent types of informationby 
ombining basi
 
lassi�ers. These models exploit a priori knowledge about theparti
ular semanti
s of HTML tags, and as su
h 
annot be extended to more
omplex languages like XML where tags may be de�ned by the user. We will seethat our model does not exploit this type of semanti
s and is able to learn fromdata the importan
e of tag information.



3Some authors have proposed more prin
ipled approa
hes to deal with thegeneral problem of stru
tured do
ument 
ategorization. These models are notspe
i�
 to HTML even when they are tested on HTML databases due to the la
kof a referen
e XML 
orpus. [4℄ for example propose the Hidden Tree MarkovModel (HTMM) whi
h is an extension of HMMs to a stru
tured representa-tion. They 
onsider tree stru
tured do
uments where in ea
h node (stru
turalelement), terms are generated by a node spe
i�
 HMM. [16℄ have proposed aBayesian network for 
lassifying stru
tured do
uments. This is a dis
riminativemodel whi
h dire
tly 
omputes the posterior probability 
orresponding to thedo
ument relevan
e for ea
h 
lass. [22℄ present an extension of the Naive Bayesmodel to semi-stru
tured do
uments where essentially global word frequen
iesestimators are repla
ed with lo
al estimators 
omputed for ea
h path element.[18℄ propose to use Probabilisti
 Relationnal Models to 
lassify stru
tured do
-ument and more pre
isely Web pages.For the ad-ho
 IR task, Bayesian networks (BN) have been used for infor-mation retrieval for some time. Inquery [1℄ retrieval engine operates on 
at textwhile more re
ent proposal handle stru
tured do
uments,e.g. [14℄, [15℄. Out-side the �eld of information retrieval, some models have been proposed to han-dle stru
tured data. The hierar
hi
al HMM (HHMM) [6℄ is a generalization ofHMMs to stru
tured data, it has been tested on handwriting re
ognition and onthe analysis of English senten
es, similar HMM extensions have been used formulti-agent modeling [13℄. However, inferen
e and learning algorithms in thesemodels are too 
omputationally demanding for handling large IR tasks. The in-feren
e 
omplexity for HHMM is O(NT 3) where N is the number of states intheir HMM and T the length of the text in words, for 
omparison our model ismore like O(N + T ) as will be seen later.The 
ore model we propose is a generative model whi
h has been developedfor the 
ategorization of any tree like do
ument stru
ture (typi
ally XML do
-uments). This model bears some similarities with the one in [4℄, however, theirmodel is adapted to the semanti
 of HTML do
uments and 
onsiders only thein
lusion relation between two do
ument parts. Ours is generi
 and 
an be usedfor any type of stru
tured do
ument. Even when tags do not 
onvey semanti
information, it allows 
onsidering di�erent types of relations between stru
turedelements: in
lusion, depth in the hierar
hi
al do
ument, et
. This model 
ouldbe 
onsidered as a spe
ial 
ase of the HHMM [6℄ sin
e it is simpler and sin
eHHMM 
an be represented as parti
ular BNs [13℄. It is 
omputationally mu
hless demanding and has been designed for handling large do
ument 
olle
tions.This generative model is then extended into a dis
riminant one using the methodof the Fisher Kernel. For that, we extend to the 
ase of stru
tured data the ideasinitially proposed by [9℄ for sequen
es.Our main 
ontributions are a new generative model for the 
ategorization oflarge 
olle
tions of stru
tured do
uments and its extension via the use of Fisherkernels into a dis
riminant model. We also des
ribe for the �rst time to ourknowledge experiments on a large 
orpus of stru
tured XML do
uments (INEX)developed in 2002 for ad-ho
 retrieval tasks.



43 Do
ument stru
tureWe represent a stru
tured do
ument d as a Dire
ted A
y
li
 Graph (DAG).Ea
h node of the graph represents a stru
tural entity of the do
ument, andea
h edge represents a hierar
hi
al relation between two entities (for example,a paragraph is in
luded in a se
tion, two paragraphs are on the same level ofthe hierar
hy, et
). For keeping inferen
e 
omplexity to a reasonable level, we donot 
onsider 
ir
ular relations whi
h might appear in some do
uments (e.g. Websites), this restri
tion is not too severe sin
e this de�nition already en
ompassesmany di�erent types of stru
tured do
uments.Ea
h node of the DAG is 
omposed of a label (for example, labels 
an bese
tion, paragraph, title and represent the stru
tural semanti
 of a do
ument)and a textual information (whi
h is the textual 
ontent asso
iated to thisnode if any).A stru
tured do
ument then 
ontains three types of information: the logi
alstru
ture information represented by the edges of the DAG (the position ofthe tag in an XML do
ument), the label information (the name of the tagin an XML do
ument) and the textual information. Figure 1 gives a simpleexample of stru
tured do
ument.
Label :
 PARAGRAPH


Text 
: "This is the second paragraph"


Label :
 PARAGRAPH

Text 
:"This is the first paragraph "


Label :
 SECTION

Text :
 "This is the first section."


Label 
: INTRODUCTION

Text 
: "This document is an


example of structured document "


Label 
: SECTION

Text 
: "The second section is

composed of one single paragrah"


Label 
: PARAGRAPH

Texte 
: "This is the third paragraph"


Label : 
DOCUMENT

Text :


Fig. 1. An example of stru
tured do
ument represented as a Dire
t A
y
li
 Graph.This do
ument is 
omposed of an introdu
tion and two se
tions. Ea
h part of thedo
ument is represented by a node with a label and a textual information4 A generative model for stru
tured do
umentsWe now present a generative model for stru
tured do
uments. It is based on BNsand allows to handle these 3 types of information. This model 
an be used withany XML do
ument without using a priori informations about the semanti
of the stru
ture. We �rst brie
y introdu
e BNs and then des
ribe the di�erentelements of the model.



54.1 NotationsWe will use the following notations, let :{ d : be a stru
tured do
ument{ sd : be the stru
ture of do
ument d. sd = (fsidg; pa(sid)) where fsidgi2[1::jsdj℄is the set of node labels (jsdj is the number of stru
tured nodes for d), sid 2 �with � the set of possible labels. pa(sid) are the parents of node fsidg in thestru
tured do
ument and des
ribe the logi
al stru
ture information.{ td : be the textual information in d. td is a set ftidgi2[1::jsdj℄ of textual elementsfor ea
h node i of the stru
tured do
ument.{ fwid;kgk2[1::jtidj℄ is the set of words of part tid in do
ument d (jtidj is the numberof words of part tid) and wid;k is the kth word in tid. wid;k 2 V where V is theset of indexing terms in the 
orpus.4.2 Base model using belief networksBelief networks [11℄ are sto
hasti
 models for 
omputing the joint probabilitydistribution over a set of random variables. A BN is a DAG whose nodes arethe random variables and whose edges 
orrespond to probabilisti
 dependen
erelations between 2 su
h variables. More pre
isely, the DAG re
e
ts 
onditionalindependen
e properties between variables, the joint probability of a set of vari-ables writes :P (x1; :::; xn) = Yi=1::nP (xi=pa(xi)) where pa(xi) denotes the parents of xi:4.3 Generative model 
omponentsWe 
onsider a stru
tured do
ument as the realization of random variablesT and S 
orresponding respe
tively to textual and stru
tural information. Forsimpli
ity, we will denote P (T = td; S = sd=�) as P (td; sd=�). Let � denotes theparameters of our do
ument model, the probability of a do
ument writes :P (dj�) = P ((td; sd)j�) = P (sdj�)P (tdjsd; �) (1)P (sdj�) is the stru
tural probability of d and P (td=�) is the textualprobability of d given its stru
ture s. Ea
h do
ument will be modeled via aBN, whose nodes 
orrespond either to tag or textual information and whosedire
ted edges en
ode the relations between the do
ument elements. The whole
orpus will then be represented as a series of BN models, 1 per do
ument. The BNmodel of a do
ument 
an be thought of as a model of the stru
tured do
umentgeneration, where the generation pro
ess goes as follows : someone who wantsto 
reate a do
ument about a spe
i�
 topi
 will sequentially and re
ursively
reate the do
ument organization and then �ll the 
orresponding nodes withtext. For example he �rst 
reates se
tions after what, for ea
h se
tion, he 
reatessubse
tions et
... re
ursively. At the end, in ea
h "terminal" node, he will 
reate



6the textual information of this part as a su

ession of words. This is a typi
algenerative approa
h whi
h extends to stru
tured information the 
lassi
al HMMapproa
h for modeling sequen
es. The two 
omponents -stru
ture and 
ontent-of the model are detailed below.Stru
tural probabilityThe stru
tural information of a do
ument is en
oded into the edges of the BN.Under the 
onditional independen
e assumption of the BN do
ument model, thestru
tural density of do
ument d writes:P (sdj�) = jsdjYi=1P (sidjpa(sid)) (2)The BN stru
tural parameters are then the fP (sidjpa(sid))g whi
h are theprobabilities to observe sid given its parents pa(sid) in the BN.In order to have a robust estimation of the BN parameters, we will share setsof parameters among all the do
ument models. We will make the hypothesis thatthe fP (sidjpa(sid))g only depend on the labels of nodes sid and pa(sid), i.e. twonodes in two di�erent do
ument models whi
h share the same label and whoseparents also share the same labels will have the same 
onditional probabilityP (sidjpa(sid)).Within this framework, several BN models may be asso
iated to a do
umentd. Figure 2 illustrates two of the models we have been working with. The DAGstru
ture of Model 2 is 
opied from the tree stru
ture of the do
ument andre
e
ts only the in
lusion relation. The same type of relation is used in [4℄. Model1 
ontains both in
lusion information (verti
al edges) and sequen
e information(horizontal edges). Both models are an overly simpli�ed representation of thereal dependen
ies between do
ument parts. This allows to keep the 
omplexityof learning and inferen
e algorithms low. Statisti
al models that work best areoften very simple 
ompared to the underlying phenomenon (e.g. naive Bayes intext 
lassi�
ation or Hidden Markov Models in spee
h re
ognition), pra
tionersof BNs have experien
ed the same phenomenon. Note that other instan
es ofour generi
 model 
ould have also been used here.Textual probabilityFor modeling the textual 
ontent of a stru
tured do
ument, we make the follow-ing hypothesis :{ the probability of a word only depends on the label of the node that 
ontainsthis word (�rst order dependen
y assumption).{ in a node, words are independent (Naive Bayes assumption)The naive Bayes hypothesis is not mandatory here and any other term gener-ative model (e.g. HMM) 
ould be used instead, however this hypothesis allows fora robust density estimation and in our experiments more sophisti
ated modelsdid not led to any performan
e improvement.
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MODEL 1
 MODEL 2
Fig. 2. Two possible stru
tural belief networks 
onstru
ted for the do
ument presentedin �gure 1.For a parti
ular part tid of do
ument d, we then have :P (tid=sd; �) = P (tid=sid; �) = jtidjYk=1P (wid;kjsid; �) (3)And for the entire do
ument, we have :P (tdjsd; �) = i=jsdjYi=1 jtidjYk=1P (wid;kjsid; �) (4)Final belief networkCombining equations 2 and 4, we get a generative stru
tured do
ument modelP (dj�) = jsdjYi=10�P (sidjpa(sid); �) jtidjYk=1P (wid;kjsid; �)1A (5)Equation 5 des
ribes the 
ontribution of stru
tural and textual informationin our model.4.4 LearningThis model is 
ompletely de�ned by two sets of parameters, transition and emis-sion probabilities respe
tively denoted by P (sijsj) and P (wijsj) :� = fP (sijsj)gsi;sj2�[fP (wijsj)gwi2V;sj2�In order to learn the �, we use the Expe
tation Maximization (EM) algorithmfor optimizing the maximum likehood of the data. Sin
e eviden
e is available forany variable in the BN model of a do
ument, this simply amounts to a 
ount for



8ea
h possible value of the random variables.Using equation 5, the log-likehood for all do
uments in the 
orpus D is :L =Xd2D jsdjXi=10�logP (sidjpa(sid); �) + jtidjXk=1 logP (wid;kjsid); �)1A (6)Let us denote the model parameters P (sidjpa(sid)) and P (wid;kjsid) by �sid;pa(sid)and �wid;k;sid . Equation 6 then writes :L = Xd2D0�0� jsdjXi=1 log �sid;pa(sid)1A+0� jsdjXi=1 jtidjXk=1 log �wid;k;sid)1A1A (7)The learning algorithm then solves �L��n;m = 0 with the 
onstraintPn �n;m = 1.Let Ndn;m be the number of times a part with label n has his parent withlabel m in do
ument d or respe
tively the number of times a word with value nis in a part with label m for do
ument d, the solution of the learning problem is: �n;m = Pd2DNdn;mPi Pd2DNdi;m (8)The 
omplexity of the algorithm is O(Pd2D jsdj+ jtdj). In a 
lassi
al stru
tureddo
ument, the number of node of the stru
tural network is smaller than thenumber of words of the do
ument. So the 
omplexity is equivalent to O(Pd2D jtdj)whi
h is the 
lassi
al learning 
omplexity of the Naive Bayes algorithm. Notethat, in the 
ase of 
at do
uments, our model is stri
tly equivalent to the 
lassi
alNaive Bayes model.5 Dis
riminant Approa
hThe above model 
ould be used for di�erent tasks, e.g. do
ument 
lassi�
ationor 
lustering or even for performing more sophisti
ated inferen
es on do
umentparts, e.g. de
iding whi
h part of a do
ument is relevant for a spe
i�
 topi
. For
lassi�
ation of whole do
uments whi
h is the fo
us of this paper, dis
riminantapproa
hes are most often preferred to generative ones sin
e they usually s
orehigher. We then propose below to derive from the generative model of stru
tureddo
ument a dis
riminant model. For that, we follow the line of [9℄ who proposedto build a dis
riminant model from a generative sequen
e model. We show howthis idea 
ould be extended to our generative stru
tured do
ument model



95.1 Fisher KernelGiven a generative model with parameters � for sequen
es, [9℄ propose to 
om-pute for ea
h sequen
e x the Fisher s
ore Ud = r�logP (x=�) of the model for thesequen
e, i.e. the gradient of the log likehood of x for model �. For ea
h sequen
esample, this s
ore is a ve
tor of �xed dimensionality whi
h explains how ea
hparameter of the generative model 
ontributes to generate the sequen
e.Using this s
ore, they then de�ne a distan
e between two examples x and yas a kernel fun
tion :K(x; y) = UTx M�1Uy with M = EX [UTXUX ℄ (9)This kernel 
an then be used with any kernel 
lassi�er, (e.g. SVM) in order to
lassify the examples. The key idea here is to map the sequen
e information ontoa ve
tor of s
ores. This allows to make use of any 
lassi
al ve
tor dis
riminant
lassi�er on this new representation and therefore to use well known and eÆ
ientve
tor 
lassi�ers for sequen
e 
lassi�
ation. We show below that this idea maybe naturally adapted to our stru
tured generative model.5.2 Fisher Kernel for the stru
tured do
ument modelFor our model, the Fisher Kernel 
an be easily 
omputed. Using 7 we get :�P (d=�)��n;m = Ndn;m�n;m (10)The Fisher kernel idea initially proposed for HMMs, naturally 
arries overto our stru
tured data model. However, in pra
ti
e, using the Fisher Kernelmethod is not straightforward. In order to make the method work, one mustmake di�erent approximations, espe
ially when the number of parameters of thegenerative model is high whi
h is the 
ase here. In our implementation, we makethe following approximations :{ we �rst approximate the M matrix using the identity matrix like in [9℄{ we then 
ompute the gradient of the log likehood wrt 2p�n;m like in [8℄.Let �n;m = 2p�n;m, we have : �P (d=�)��n;m = 2Ndn;m�n;m = Ndn;mp�n;mWe use this last formula to 
ompute the ve
tor 
orresponding to ea
h stru
-tured do
ument d.6 Experiments6.1 CorporaWe use two 
orpora in our experiments.WebKB 
orpus [20℄ is 
omposed of 8282 HTML do
uments from 
omputers
ien
e departments web sites. This is a referen
e 
orpus in the ma
hine learning
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ommunity for 
lassifying HTML pages. It is 
omposed of 7 topi
s (
lasses) :student, fa
ulty, 
ourse, proje
t, department, sta�, other. Other is a trash topi
,and has been ignored here as it is usually done. We are then left with 4520do
uments. We used Porter Stemming and pruned all words that appear in lessthan 5 do
uments. The size of the vo
abulary V is 8038 terms. We only keep thetags with the higher frequen
y (H1, H2,H3, TITLE,B,I,A). We made a 5-fold
ross-validation (80% on train and 20% on test).INEX 
orpus [7℄ is the new referen
e 
orpus for Information Retrieval withXML do
uments. It was designed for ad-ho
 retrieval. It is made up of arti
lesfrom journals and pro
eedings of the IEEE Computer So
iety. All arti
les areXML do
uments. The 
olle
tion 
ontains approximately 15 000 arti
les from over20 di�erent journals or pro
eedings. We used Porter Stemming and pruned thewords whi
h appear in less than 50 do
uments. The �nal size of the vo
abularyis about 50 000 terms and the number of tags is about 100. We made a randomsplit using 50% for training and 50% for testing. The task was to 
lassify arti
lesinto the right journal or pro
eedings (20 
lasses).6.2 Results 
ourse department sta� fa
ulty student proje
t Ma
ro Mi
roNaive Bayes 0.96 0.93 0.07 0.67 0.91 0.65 0.70 0.81BN Model 0.96 0.82 0.03 0.72 0.93 0.76 0.70 0.83SVM 0.90 0.79 0.17 0.85 0.91 0.77 0.73 0.85Naive Bayes Fisher 0.95 0.77 0.17 0.82 0.91 0.71 0.72 0.85BN Model Fisher 0.95 0.83 0.14 0.84 0.94 0.72 0.73 0.87Fig. 3. Performan
e of 5 
lassi�ers on WebKB 
orpusMa
ro Mi
roNaive Bayes 0.61 0.64BN Model 0.67 0.66SVM 0.71 0.70Naive Bayes Fisher 0.69 0.69BN Model Fisher 0.72 0.71Fig. 4. Performan
e of 5 
lassi�ers on INEX 
orpusWe have used a Naive Bayes 
lassi�er as a baseline generative 
lassi�er andSVM ([10℄) as a baseline dis
riminant model. Results appear in �gures 4 and 3.Ma
ro-average is obtained by averaging the per
entage of 
orre
t 
lassi�
ation



11for every 
lass 
onsidered. Mi
ro-average is obtained by weighting the averageby the relative size of ea
h 
lass.Let us 
onsider the mi
ro-average. On WebKB, the BN model a
hieves amean 3 % improvement with regard to Naive Bayes. This is en
ouraging andsuperior to already published results on this dataset [4℄. The Fisher model stillrises this s
ore by 4%. This 
orresponds to 2% more than the baseline dis
rimi-nant SVM. The stru
tured generative do
ument model is 
learly superior to the
at Naive Bayes 
lassi�er, and the Fisher Kernel operating on the stru
turedgenerative models 
ompares well to the baseline SVM.On the mu
h larger INEX database, our generative model a
hieves about 2%mi
ro-average improvement with regard to Naive Bayes and the Fisher Kernelmethod in
reases the BN s
ore by about 6%, but only 1% 
ompared to thebaseline SVM. This 
on�rms the good results obtained on WebKB. Note that,to our knowledge, these are the �rst 
lassi�
ation results obtained on a real worldlarge XML 
orpus.These experiments show that it is important to take simultaneously intoa

ount stru
ture and 
ontent information in HTML or XML do
uments. Theproposed methods allow to model and 
ombine the two types of information.Both the generative and dis
riminant models for stru
tured do
uments o�er a
omplexity similar to that of the baseline 
at 
lassi�
ation models while in
reas-ing the performan
es.7 Con
lusion and perspe
tivesWe have proposed a new generative model for stru
tured textual do
umentsrepresentation. This model o�ers a general framework for handling di�erenttasks like 
lassi�
ation, 
lustering or more spe
ialized stru
tured do
ument a
-
ess problems. We fo
used here on the 
lassi�
ation of whole do
uments anddes
ribed how to extend this generative model into a more eÆ
ient dis
riminant
lassi�er using the Fisher kernel idea. Experiments performed on two databasesshow that the proposed methods are indeed able to take simultaneously intoa

ount the stru
ture and 
ontent informations and o�er good performan
es
ompared to baseline 
lassi�ers.Referen
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