Bayesian Networks and INEX

Benjamin Piwowarski
LIP6
8 rue du capitaine Scott
75015 Paris, France

Benjamin.Piwowarski@lip6.fr

Georges-Etienne Faure

LIP6

8 rue du capitaine Scott
75015 Paris, France

Georges-

Patrick Gallinari
LIP6
8 rue du capitaine Scott
75015 Paris, France

Patrick.Gallinari@lip6.fr

Etienne.Faure@poleia.lip6.fr

ABSTRACT

We present a bayesian framework for XML document re-
trieval. This framework allows us to consider content only
and structure and content queries. We perform the retrieval
task using inference in our network. Our model can adapt
to a specific corpora through parameter learning.

Categories and Subject Descriptors

H.3.3 [Information Storage and retrieval]: Information
Research and Retrieval—Retrieval models, Relevance feed-
back, Search process; 1.2.6 [Artificial Intelligence|: Learn-
ing— Parameter learning

Keywords
Bayesian networks, INEX, XML, Focused retrieval, Struc-
tured retrieval

1. STRUCTURED DOCUMENTS AND IN-

FORMATION RETRIEVAL

The goal of our model is to provide a new generic system
for performing different IR tasks on collections of structured
documents. We take an IR approach to this problem. We
want to retrieve specific relevant elements from the collection
as an answer to a query. The elements may be any document
or document part (full document, section(s), paragraph(s),
...) indexed from the structural description of the collec-
tion. We consider content only (CO) queries and content and
structure queries (CAS). We use a probabilistic model based
on bayesian networks (BN), whose parameters are learnt so
that the model may adapt to different corpora. For CO
queries, we consider the task is a focused retrieval, first de-
scribed in [5, 13].

The organization of this paper is as follow. We introduce
bayesian network in section 2 and our model in section 3.
We desribe the three modes in which our model can be used:
retrieval with CO and CAS queries and learning. Finally, in
section 4 we describe related works.

2. BAYESIANNETWORKSFOR STRUCTU-
RED DOCUMENT RETRIEVAL

Bayesian networks [9, 10, 15, 18] are a probabilistic frame-
work where conditional independence relationships between
random variables are exploited, in order to simplify or/and
to model decision problems. For textual data, the seminal
work of Turtle & Croft [20] raised interest in this framework,
and since that, simple BN have been used for IR tasks (see
section 2). A bayesian network is a directed acyclic graph
(DAG) whose nodes represent variables of the problem and
arcs (in)dependance relations between variables. Let {z;},
i =1 to N, denote the variables of a BN. Their joint prob-
ability is given by:

P({zi}) = H P(x;|x; parents)

K3

where x; parents denotes the parents of z; in the DAG. Each
random variable can take values from a set S. For simplic-
ity, in this section we consider binary variables. Note that
strong simplifying assumptions on the structure of the BNs
are needed for modeling textual data, since documents are
represented in very large feature spaces.

Let us now present using a simple illustrative case how BN
could be used to model and perform inference on structured
documents. We will suppose that for retrieving documents,
P(d|q) is used as the relevance score of document d with
respect to query gq.

Figure 1: Two different modelizations of a same doc-
ument. (a) All parts are dependent, (b) a simple BN
inspired from the hierarchical document structure.

Consider the simple document of figure 1-a, composed of
two sections and three paragraphs. A simple way to take
into account the structure of d is to decompose the score



P(d|q) as follows:

P(dlg) = >

$1,52,53,P1,P2,P3

P(s1,s2,53,p1,2,P3]q)

Where s and p are random variables associated respectively
to sections and paragraphs. Suppose now that each random
variable (node) in this network can take two values: with re-
spect to a given query, R means relevant and [ irrelevant. To
compute the joint probability values P(d, s1, s2,p1, P2, P3),
we need 2% — 1 values for this simple document, and sum-
mations with up to 2° terms in order to compute P(d|q)
or P(s1]|g). This is clearly infeasible with documents with
many structural entities.

In our model, BN are used to represent documents, one spe-
cific BN being associated to each document. Each node of
a BN document model is a boolean variable which indicates
whether or not the information associated to this node is
relevant to the query. Different BN may be considered for
modeling a document. Figure 1 shows a simple model for
document 1-a, where the dependences go from parts to sub-
parts so that section relevance depends on document rele-
vance and paragraph relevance depends on section relevance.
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Figure 2: Retrieval network (model 1-b)

For retrieval, when a new query @ has to be answered, we
add the evidence (the query) to the network as shown in
figure 2. Relevance thus depends upon both the query and
the englobing structural part.

The relevance of a document or document part is computed
using the conditional independence assumptions encoded in
the BN. As an example, the probability of relevance of sec-
tion 1 with the model 2 is given by:

P(silq) = ZP(d|Q)P(51|da q)
d

Where the summation is over the values random variable d
(document) can take. With such a model, complexity drops
from O(K"™) where N is the number of random variables to
O(NKN”“”) where Npas! is the maximal number of par-
ents for a given random variable in the bayesian network and
K is the number of values the random variables can take in
our BN.

'For type (b), complexity is thus O(K N).

3. MODEL

Our work is an attempt to develop a formal model for struc-
tured document access. Our model relies on bayesian net-
works instead of evidence theory in [11] or probabilistic dat-
alog in [7] and thus provides an alternative approach to the
problem. We believe that this approach allows casting dif-
ferent access information tasks into a unique formalism, and
that these models allow performing sophisticated inferences,
e.g. they allow to compute the relevance of different doc-
ument parts in the presence of missing or uncertain infor-
mation. Compared to other approaches based on BN, we
propose a general framework which should adapt to differ-
ent types of structured documents or collections. Another
original aspect of our work is that model parameters are
learnt from data, whereas none of the other approaches re-
lies on machine learning. This allows to rapidly adapt the
model to different document collections and IR tasks.

The BN structure directly reflects the document hierarchy,
i.e. we consider that each random variable is associated to a
structural part within that hierarchy. The root of the BN is
thus a variable ”corpus”, its childs the ”journal collection”
variables, etc. In this model, due to the conditional inde-
pendence property of the BN variables, relevance is a local
property in the following sense: if we know that the journal
is (not) relevant, the relevance value of the journal collection
will not bring any new information on the relevance of one
article of this journal.

Three different models were considered, they correspond to
three different sets of values S for the BN variables:

Model I Relevant (R) or not relevant (I). This was the
only model where each structural element relevance is
independant of any other?. It is a simple model that
was used in models IT and III;

Model II Relevant (R), too generic (G), not relevant (I);

Model III Relevant (R), too generic (G), too specific(S)
or not relevant (I)

This definition of relevance is related to several definitions of
what should be information retrieval with free text queries
on structured documents, as proposed by Chiaramella et
al. [5] and Lalmas [13].

In order perform the inference steps in the BN, needed for
retrieval or learning, we need to compute P(e|p,q) where
e is the element, p its parent and ¢ the query. For discrete
variables, conditional probabilities in BNs are usually stored
in tables. Here, these conditional probabilities should be
computed for each Q, and they have to be learnt. For a
given @, we first compute a score Fe o for each structural
element e. In this instance of the model, this score will
depend on the element e type (a tag in the XML document)
and on the value a (among R, G, S, I according to model I,
IT or IIT) of the element e and the value b of its parent:

Fe,a,b(q) = ae,a,bF',?;l (6) + /Be,a,bFil (6) + ’Ye,a,berl (67 a, b)

2Tt can’t therefore truly be considered as a BN model



Journal collection 1 Journal collection 2
books[1] (1995) books[2] (1996)

Figure 3: The document collection: each structured
document is located in a specific part of the hier-
archically organized collection. Here, each docu-
ment is a collection of journals, each journal contains
structured articles (on the figure are indicated the
tags for ....). The query ¢ is added to this network
while retrieving or learning as in figure 2. Below
article[1], we have indicated some tags used in the
INEX collection. fm, bdy and bm respectively hold
for ”front matter”, ”body” and ”back matter”, each
being composed of sub-elements not represented on
the figure.

where F 'ril is the relevance of e content measured by a given
flat retrieval model - in the experiments presented here, we
have used a slightly modified version of OKAPI [21] as well
as two other simple models. The first one gives a score that
is the ratio between the number of occurences of the query
terms into the element and into its parent. The second one
is similar but takes into account the size of the element. The
peculiar form of F'(e,a,b) has been chosen empirically and
the two models have been chosen and tuned empirically.

This score is then used for computing the conditional proba-
bilities P(e = a|p = b, ¢) using a softmax function that gives
values between 0 and 1.

1

P(e=alp=b,q) x T cFean(@

For each possible value a of e, we then get a score which is
interpreted as a probability. « and 3 are to be learnt by the
BN. g is the threshold while « scales the score given by the
model.

This model operates in two modes, training and retrieval,
which we now describe.

3.1 Retrieval with CO queries

Answering CO queries was considered as focused retrieval.
Focused retrieval consists in retrieving the most relevant
structural elements in a document for a given query. Re-
trieval should focus on the smallest units that fulfill the
query [5]. This unit should be the most relevant and should
have a higher score than more generic or more specific units
in the document.

When a new query @ has to be answered, we first compute
Fe..0.(q) score for each element e and values a and b. The
tree structure of this BN allows to use a fast and simple in-
ference algorithm. We compute the relevance P(e; = R|q)
for each element by marginalizing the conditional probabil-
ity:

P(ei =R|q) = Z P(ey,...

{er u2i

,6¢,...,6N|q)

where N is number of structural elements in the corpus and
where the summation is taken over all combinations of val-
ues in the set S for all variables except e;. This formula
factorizes according to the conditional independance struc-
ture of the network:

N
P(e; = Rlq) = Z H P(ejle;’s parent, q)
{ertrzi =1

In the absence of evidence in the network (i.e. when there is
no external indication on the relevance value of any node),
this formula can be furthermore simplified: the summation
will be only over all combinations for the set of e; ancestors.
Elements with highest values are then presented to the user.

3.2 Retrieval with CAS queries

For CAS retrieval, we extend our bayesian network to handle
multiple subqueries and use on sub-network for each one.
Those networks are then connected to form one big network
that represents the whole CAS query.



In order to describe CAS query processing, we make use of
an example (figure 4). Each CAS query is first decomposed
into different subqueries (here Qo, Q1 and @2). Each of
these refers to a structural entity and an information need.
Each information need is modeled by a BN constructed as
for CO queries.

Qo ... Q2 .. Q1
v v v
article article article
; v )
ack secli] secli]

p(t]  p[2] p[3]

N/

\%

\

l l /N

A

Figure 4: An example of BN for a CAS query: re-
trieval of sections of article. The article must con-
tain an acknowledgment relevant to query @o. The
section relevant to query @)1. The acknowledgment
must be relevant to query Q5. Here only the part
network involved in the relevance scoring of one ack
element is shown.

Those BN are then connected for each target element in
order to give this element a global score. Two different sub-
query type were distinguished:

1. sub-queries that were relative to the target element

(Qo);

2. sub-queries that were relative to the article element

(Q1 and Q2).

Type 2 sub-queries networks are always constructed after
finding a target element.

Two different types of inference are used to connect bayesian
networks between them, namely ”or” (V) and ”and” (A)
functions. For A nodes we have:

1 if one parent is R

P(A = R|parents) = { 0 otherwise

and for V nodes we have:

_ +_ J 0 ifone parentis # R
P(v = E|parents) = { 1 otherwise
3.3 Training
In order to fit a specific corpus, parameters are learnt from
observations using the Estimation Maximization (EM) al-
gorithm. An observation O is a query with its associated

relevance assessments (document/part is relevant or not rel-
evant to the query). EM [6] optimizes the model parameters
© with respect to the likelihood L of the observed data :

£(0,0) = log P(0]©)

where O = {O(l), ey O(lo‘)} are the N observations.

Observations may or may not be complete, i.e. relevance
assessments need not to be known for each structural el-
ement in the BN in order to learn the parameters. Each
observation O can be decomposed in E® and H® where
E® corresponds to structural entities for which we know
whether they are relevant or not, i.e. structural parts for
which we have a relevance assessment. E®) is called the
evidence. H™ corresponds to hidden observations, i.e. all
other nodes of the BN.

In our experiment, we used for learning more or less 200
assessments from CO queries that were obtained by taking
only the browse keywords of CAS queries.

4. RELATED WORKS

In this section, we make a short review of previous works in
IR related structured retrieval and emphasis on BN infor-
mation retrieval systems.

One of the pioneer work on document structure and IR, is
that of Wilkinson [22] who attempted to use the document
division into sections of different types (abstract, purpose,
title, misc., ...) in order to improve the performances of IR
engines. For that he proposed several heuristics for weight-
ing the relative importance of document parts and aggregat-
ing their contributions in the computation of the similarity
score between a query and a document. He was then able
to improve a baseline IR system.

A more recent and more principled approach is the one fol-
lowed by Lalmas and co-workers [11, 12, 13, 14]. Their
work is based on the theory of evidence which provides a
formal framework for handling uncertain information and
aggregating scores from different relevance scores. In this
approach, when retrieving documents for a given query, ev-
idence about documents is computed by aggregating evi-
dence of sub-document elements.

Another important contribution is the HySpirit system de-
veloped by Fuhr and colleagues which was described in a
series of papers, see e.g. [7]. Their model is based on a
probabilistic version of datalog. When complex objects like
structured documents are to be retrieved, they use rules
modeling how a document part is accessible from another
part. The more accessible this part is, the more it will in-
fluence the relevance of the other part.

A series of papers describing on-going research on different
aspects of structured document storage and access, ranging
from database problems to query languages and IR algo-
rithms is available in the special issue of JASIST and in the
proceedings of two SIGIR XML workshops[4, 1, 2].



Since Inquery [3, 20], bayesian networks have proved to be a
theoretically sounded IR model, which allows to reach state
of the art performances and encompasses different classical
IR models. The simple network presented by Croft, Callan
and Turtle computes the probability that a query is satisfied
by a document More precisely, the probability that the doc-
ument represents the query. This model has been derived
and used for flat documents. Ribeiro and Muntz [19] and In-
drawan et al. [8] proposed slightly different approaches also
based on belief networks, with flat documents in minds. An
extension of the Inquery model, designed for incorporating
structural and textual information has been recently pro-
posed by Myaeng et al. [16]. In this approach, a document
is represented by a tree. Each node of the tree represents
a structural entity of this document (a chapter, a section,
a paragraph and so on). This network is thus a tree rep-
resentation of the internal structure of the document with
the whole document as the root and the terms as leaves.
The relevance information goes from the document node
down to the term nodes. When a new query is processed
by this model, the probability that each query term repre-
sents the document is computed. In order to obtain this
probability, one has to compute the probability that a sec-
tion represents well the document, then the probability that
a term represents well this section and finally the probabil-
ity that a query represents well this term. In order to keep
computations feasible, the authors make several simplifying
assumptions. Other approaches consider the use of struc-
tural queries (i.e. queries that specifies constraints on the
document structure). Textual information in those models
is usually boolean (term presence or absence). Such a well
known approach is the Proximal Nodes model [17]. The
main purpose of these models is to cope with structure in
databases. Results here are boolean: a document matches
or doesn’t match the query.

5. CONCLUSION

We have described a new model for performing IR on struc-
tured documents. It is based on BN whose conditional prob-
ability functions are learned from the data via EM.

The model has still to be improved, tuned and developed,
and several limitations have still to be overcome in order to
obtain an operational structured information retrieval sys-
tem. For example, we chose to discard textual information
from the bayesian network (we use external models). A wiser
choice would be to include terms within the bayesian net-
work in order to give more expression power to our model.
Other limitations are more technical and are related to the
model speed.

Nevertheless some aspects of this model are interesting enough

to continue investigating this model. Bayesian networks can
handle different sources of information. Multimedia data
can be integrated in our model by the mean of their rele-
vance to a specific user need. Interactive navigation is also
permitted. Our model is also able to learn its parameters
from a training set. Since the relevance relationship be-
tween structural elements may change with the database,
this seems to be an important feature.
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