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3rd XML and Information
Retrieval Workshop

Preface

This workshop is the third in the series of XML and Information Retrieval workshops
that were held in at SIGIR’2000 (Athens, Greece, see SIGIR Forum Fall 2000 issue at
http://www.acm.org/sigir/forum/S2000/XML_report.pdf ) and SIGIR’2002
(Tampere, Finland, see SIGIR Forum Fall 2002 issue at http://www.acm.org/sigir/
forum/F2002/maarek.pdf ). It complements the INEX (Initiative for the Evaluation
of XML Retrieval) meetings that have been organized for the last two years, by pro-
viding researchers a useful forum for discussing (before implementing) and evaluating
their models at INEX in the second half of the year.

We pursue the exchange of ideas between researchers who are now active in this
IR sub-field and attract new interested researchers, on issues related to the application
of IR methods to XML data for querying, retrieval, navigating, etc. We have gone a
long way since the first edition in 2000, when XML was entirely dominated by the DB
community, which have their own venues for XML database issues. Nevertheless, there
is still room for more efforts in this field, in particular from the IR point of view.

This year, we received seven submissions from where four were selected. We also
decided to work closely with the First Workshop on DB-IR integration, as XML is an
important part of that problem, by having a joint invited talk and a common program.

Ricardo Baeza-Yates, CWR/DCC, Univ. of Chile
Yoelle Maarek, IBM Haifa, Israel
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ABSTRACT 
The XML Fragment model offers a convenient formalism for 
querying XML collections "by example", that is, by formulating 
the query as a piece of XML that expresses the user's needs. This 
allows relevant results to be returned either as full documents or 
as XML Fragments, using a simple extension of the vector space 
model for ranking.   

In this work, we  investigate extending this model to text analytics 
applications where semantic tags (e.g., names, entities, relations, 
etc.) are automatically generated to annotate the underlying text. 
Each type of tag can easily be represented as an XML element, 
but the spans of these tags often cross over each other, which, of 
course, is not allowed by the XML DOM structure. We discuss 
how our original XML Fragments model can be extended to query 
annotated documents with possibly overlapping annotations and 
illustrate our approach with examples of queries over annotated 
documents generated in the context of IBM’s Unstructured 
Information Management Architecture (UIMA) framework. 

Keywords 
XML Search & Retrieval, XML Fragments, Text 
Annotators, UIMA 

1. INTRODUCTION 
The XML fragment approach, [4, 5] proposes a model for 
expressing queries over XML collections in the same form as the 
documents that compose the collection. For the sake of clarity, we 
remind here a few basic principles of the XML Fragment model 
before discussing the extension we propose in this work. 
The XML Fragment model allows users to express their 
information needs in an approximate manner, thus following the 
classical information retrieval view. XML Fragments are defined 
as a "well balanced region of an XML document". Examples of 
XML Fragment queries are given in Figure 1. Note that the last 
example is an extreme case of a well-balanced fragment that does 
not contain any tag. 

1. <book> search </book> 
2. <book> <title> searching</title></book> 
3. <year>1973</year> <author>knuth</author>  
4. combinatorial algorithms 

Figure 1: Examples of XML Fragments 

Let us now take as example the XML document shown in Figure 
2. The document will be returned as a result for all the queries 
listed in Figure 1. 

<book>  
   <volume value = 4/> 
   <year>1973</year> 
   <title>Combinatorial Algorithms</title> 
   <author>Donald E. Knuth</author> 
   <chapter number=7> 
     <title>Combinatorial Searching</title> 
   …</chapter> 
   <chapter number=68 
     <title>Recursion</title>  
   …</chapter> 
</book> 

Figure 2: Examples of searchable  XML documents 
Relevance of results is measured using an extension of the 
classical cosine similarity measure where vectors of "terms in 
context" are compared rather than simple vector of terms.  The 
exact semantics of XML Fragments as queries is detailed in [5], 
while ranking mechanisms are described and evaluated in [4]. 
In this paper we investigate a departure from the XML Fragment 
model that allows us to query the annotated documents generated 
by text analytics applications, and semantic analyzers. These 
applications process unstructured documents and extract semantic 
information that is added as "annotations" to the original text. A 
typical semantic annotation decorates a string of text and is 
characterized by a label (possibly with attributes) and a scope over 
a continuous portion of text (begin position/end position). These 
semantic annotations can be of various sorts; classical examples 
include proper name identification, location identification (to tag 
names of places, city, countries, etc.), and entity relationships. 
Figure 3 gives an example of relationships that can be used for 
answering questions such as posed in TREC's question answering 
track. A possible question in that track, might be "Where is the 
Bahai Temple?", or "Where is Haifa?" Annotations such as 
illustrated in that figure, and other annotations that would tag 
"The Bahai Temple" as a monument, "Haifa" as a city, and 
"Israel" as a country, are typical elements of advanced text 
analytics applications.  
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Figure 3: example of annotated document 

These relationships might be generated by different analyzers or 
annotators, each specializing on a specific semantic aspect, but 
decorating the same piece of text.   Each annotator generates a 
distinct view of the same piece of text, which can be represented 
as a well balanced XML piece as seen below 

<Monument-in-city> The Bahai Temple in Haifa, 
</Monument-in-city>  northern capital of Israel, is a 
pilgrimage destination  of the Bahai faith. 
and  

The Bahai Temple in <City-in-country>Haifa, 
northern capital of Israel</City-in-country> is a pilgrimage 
destination of the Bahai faith. 
However, if all these views are to be merged into a unique piece 
of annotated text we obtain the following piece of text represented 
in Figure 4 that is not valid XML 

<Monument-in-city> The Bahai Temple in 
 <City-in-country> Haifa,</Monument-in-city>  
 northern capital of Israel</City-in-country> is a 
pilgrimage destination of the Bahai faith. 

Figure 4: Invalid XML  
An alternative was of representing annotations over text is to use 
spans of the form label(begin position, end position), where label 
is the name of the span (e.g. monument) and being position and 
end position are  position counts based on simple tokens. Thus in 
our example if "the"  is the 1st token, "Bahai", the 2nd , "Temple" 
the 3rd, etc., the two annotations in our example would be 
expressed as:  

o Monument-in-the-city[1,5] 
o City-in-country[5,9] 

These two annotations cross over, (both span over the token 
"Haifa" at location 5), which is key problem if we decide to use 
XML as their representation format.  
Note that the idea behind the sentence in Figure 3 might be 
expressed in many ways, yielding different intersections of the 
spans, for instance: “The Bahai Temple is located in northern 
Israel, in Haifa” (City-in-country contained inside Monument-in-
city) or “Notable sights in Israel include the Bahai Temple in 
Haifa.”  (City-in-country contains Monument-in-city).   
Similarly, on the query side, annotated documents which embed 
overlapping spans cannot be expressed as XML documents. A 
query over annotated documents could require a piece of text to 
appear under several annotations and as a consequence would not 
be easily expressed as XML Fragments. An example of a user's 
need might be to discover monuments that are located in Haifa, 
Israel. A simple way to express this need, that would match the 

document in Figure 3, would be to use the following non-well-
formed piece of XML: 

 <Monument-in-city> 
<City-in-country> Haifa,</Monument-in-city>  
 Israel</City-in-country> 
Of course, beside this not being valid XML, this formulation 
would not match the alternate expressions discussed above.  
 
We investigate here how the XML fragment model can be 
modified to deal with overlapping spans. Section 2 proposes an 
extension of the XML Fragment model and discusses some 
related work. Section 3 addresses implementation issues. Section 
4 details the actual needs of advanced text analytics applications, 
and real-life customer requirements that motivate this work. We 
conclude by summarizing the contribution of this still preliminary 
work and identifying future directions. 

2. ADDING ANNOTATIONS SUPPORT TO 
XML FRAGMENTS 
Let us first formalize our representation of annotated documents. 
An annotated document is identified by its original text and by the 
set of annotations that decorate that text. We mark an annotated 
document D by D = (T, A), where T is the original Text and A is 
the set of annotations over that text. Each annotation is identified 
by label[ start, end] where label is the annotation label (similar to 
a element name in XML) and [start,end]) are the offsets of the 
first token and the last token in the text that it spans1.  
We distinguish between an annotation and an annotation instance, 
in a similar way that XML distinguishes between an element and 
an element instance. Thus, an annotation <s> denotes an arbitrary 
span and xs = s[start, end] denotes an instance of <s> that spans 
over the text between locations start and end.  
Note that xs is not a unique identifier and there can be multiple 
annotations with the same label s and the same start and end 
locations. 
We have formally defined in [4] how queries are satisfied by 
components. We define here components for annotated 
documents so as to be able to reuse the query satisfaction concept.   

Definition 1 (component) – Let D = (T, A) be an annotated 
document and <s> an annotation label.  Let xs be an instance of 
<s>, xs = s[start,end]. We define the component of xs, Dxs = 
D(Txs,Axs) where Txs is the piece of text within D that is spanned 
between the start and end positions and Axs is a set of annotations 
consisting of the subset of the annotations of D whose spanned 
texts are fully contained between the start and end positions of xs. 
The annotations offsets are adjusted relative to Txs. 
Let us consider the example given in Figure 3, and add to it an 
additional annotation, tagging Haifa at location five as a city, e.g., 
City[5,5].  The annotation label <City-in-country> induces one 
instance xCity-in-country = City-in-country[5,9], and the 
component of this instance DxCity-in-country = D(TxCity-in-

country,AxCity-in-country) where TxCity-in-country is the text “Haifa, 

                                                           
1 We assume the text is tokenized and each token in the text gets a 

unique sequential number indicating its location in the text. 

 
 
The Bahai Temple in Haifa, northern capital of Israel  

City-in-country 

Monument-in-city 
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northern capital of Israel” and AxCity-in-country is the set of 
annotations spanned over TxCity-in-country, AxCity-in-country = {City-
in-country[5,9], City[5,5]}. 
In the remaining of this section we introduce with two new 
operators (intersection and concatenation) that allow to query 
annotated documents with XML Fragments. 

2.1 Intersection of Annotations 
As discussed above, each separate annotation can be represented 
as a valid XML. Invalid XML is obtained only by merging 
annotations that cross over the same piece of text. In this work, we 
focus on supporting XML Fragment queries over annotated 
documents that might not be representable as valid XML 
documents.  In other words, we support queries that impose a 
combination of structural constraints on the same piece of text.  
To enable such queries we introduce a new XML fragment 
operator, ‘*’ in order to combine annotations. Assume that we are 
looking for a piece of text t that appears under 2 annotations <s1> 
and <s2>, i.e. as part of the text that is spanned by both 
annotations. We propose then to express our query as 
<s1*s2>t</s1*s2>. The intersection operator is of course not 
limited to two annotations and can intersect as many annotations 
as needed. In the following we define the intersection operator 
more formally. 

Definition 2 (intersection) – Let D = (T,A) be an annotated 
document and let, xs1 = s1[start1, end1],  xs2 = s2[start2, end2] be 
two annotations in A. We define start = max(start1, start2) and 
end = min(end1, end2). If start ≤ end  we define a new annotation 
xs1*xs2= s1*s2 [start, end] and Dxs1*xs2 as the component induced 
by that annotation.  
For example, the intersection annotation Monument-in-city*City-
in-country [5,5] induces one component instance DMounument-in-

city*City-in-country with Text = “Haifa” and an Annotations set A= 
{City[5,5]}. With this definition of Dxs1*xs2 we can use the base 
procedure introduced in [4] to check whether a Query Q is 
satisfied by a document component Dxs. Note that the intersection 
operator is insensitive to order, i.e., both queries 
<s1*s2>t</s1*s2> and <s2*s1>t</s2*s1> are satisfied by 
exactly the same components. 

2.2 Concatenation of Annotations 
The second operator over annotations we introduce here is the 
concatenation of consecutive annotations to represent a 
consecutive piece of text spanned by both annotations. We enable 
a new XML fragment operator ‘+’ in order to concatenate 
annotations. The concatenated annotation is the full text spanned 
by both annotations. Since valid annotations span over 
consecutive text with no holes, only annotations that have at least 
one common token can be concatenated, otherwise, the 
concatenation fails and return the empty annotation. 

Definition 3 (concatenation) – Let D = (T, A) be an 
annotated document, let, xs1 = s1[start1, end1],  xs2 = s2[start2, 
end2] be two annotations in A and assume without loss of 
generality that start1 ≤ start2. If start2 ≤ end1 we define end = 
max(end1, end2) and a new annotation xs1+xs2= s1+s2 [start1, 
end]. We define Dxs1+xs2 as the component induced by that 
annotation.  
 

For example, the concatenation of Monument-in-city[1,5] and 
City-in-country[5,9] induces a component DMonument-in-city+City-in-

country which is identical to the document in Figure 3. 

According to this definition, the concatenation operator is also 
insensitive to the annotations order. The only requirement, 
induced from the definition of annotation validity, is that the two 
annotations cross over each other, i.e., that they have a non-empty 
intersection. Otherwise the operator fails and returns the empty 
annotation. 
Note that the key motivation for using operators over annotations 
is that while they do not comply with any valid DTD, they 
nevertheless permit to express valid XML Fragments. Indeed, by 
definition, XML Fragments do not need to respect any specific 
DTD or schema; they only need to be "well balanced" pieces of 
XML and the same XML parsing utilities can be used to process 
queries as described in the next section.  

2.3 Related Work 
A similar framework to the one described in this work is region 
algebra [6, 10, 14] that reasons about arbitrary regions of textual 
data. Region algebras model the text as a sequential stream of 
tokens and a region is defined by a starting position and an ending 
position. A set of operators are defined over regions; e.g. the 
containing operator returns true if one region contains the second. 
The followed_by operator validates whether one region follows 
the second. It has been shown that Boolean operators (AND, OR, 
NOT) can be fully expressed by region algebra operators. In 
addition, region algebra is frequently used for XML retrieval [14].  
However, region algebra only handles nested regions [10] and 
cannot express the overlapping annotations we consider in this 
work.   

3. IMPLEMENTATION  
The XML Fragment model has been fully implemented in the Juru 
Search engine as described in the JuruXML [12, 13] search 
engine. We give here a brief description of the implementation 
while full details can be found in the above references.  
The indexing process generates an inverted index in which not 
only terms but also XML tags are stored, together with their 
associated postings list, including frequency information and 
location information represented as offsets of term and tag 
occurrences. 
A key advantage of using valid XML rather than ad-hoc spans is 
that this allows us to use a standard XML parser to analyze XML 
fragments-based queries. The only limitation is that the new 
operators (*, +) being not valid chars in an XML tags, we have to 
conduct a trivial macro expansion and replace those operators with 
a valid distinguished string. (e.g. <s1*s2> is replaced by 
<s1.IntersectionOf.s2>), before sending queries to a standard 
XML parser such as Xerces [15]. We also add an encapsulating 
<root> </root> tag in order to transform well-balanced XML 
Fragment queries into well formed XML. An internal tree structure 
is maintained, which holds the information generated by 
processing tags together with the hierarchical representation of the 
query produces by the parser. The query is then run against the 
index, and results ranked by relevance are returned using an XML 
fragment specific ranking mechanism, described in [4]. Finally, we 
check that all query constrains are satisfied by traversing the query 
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Report 

tree and by using the terms' offsets, as kept in the inverted index, to 
check for containment.   
For example, for the query given below, and the document in 
Figure 3, we extract from the inverted index the location of the 
content word Haifa to be 5 and the span of <Monument-in-city * 
City-in-country> to be [5, 5]. It is then easy to check that the query 
constraints are satisfied by that document. 

<Monument-in-city * City-in-country>  
   Haifa 
</Monument-in-city*City-in-country> 

4. APPLICATIONS 
The motivating application for this work is IBM’s Unstructured 
Information Management Architecture (UIMA) [7, 8] a software 
architecture for supporting applications that integrate search and 
analytics over a combination of structured and unstructured 
information.  UIMA is based on document-level analysis 
performed by component processing elements named Text 
Analysis Engines (TAEs). Examples of TAEs include language 
translators, document summarizers, named-entity detectors, and 
relationship extractors, such as “HoldsDuring”, “Located”, and so 
on.  Each TAE specializes in discovering specific concepts (or 
“semantic entities”) implicit in the document text. 
The document analysis is based on a data structure, named the 
Common Analysis Structure (CAS) [9], which contains the 
original document (the subject of analysis) and associated 
metadata in the form of annotation with respect the original text.  
The CAS is passed through an application-specified sequence of 
TAEs.  Each TAE in the sequence considers the input CAS, 
potentially infers and adds additional annotations, and outputs an 
updated CAS.  Annotations in the CAS are maintained separately 
from the document itself, and they often over-lap.  
The first major application of UIMA is BioTeKS [11], a system 
for text analytics for life science.  BioTeKS integrates research 
technologies from multiple IBM Research labs using the UIMA 
platform. A main goal of UIMA is to support “semantic search” – 
the capability to find documents based on the semantic content 
discovered by the TAEs.  To this end, UIMA specifies search 
engine indexing and query interfaces: the indexing interface 
supports the indexing of tokens as well as the indexing of 
annotations and in particular cross-over annotations; 
correspondingly, the query interface supports queries that may be 
predicated on nested or over-lapping structures of annotations and 
tokens in addition to Boolean combinations of tokens and 
annotations. 
We present below some queries that take advantage of the 
intersection tag, using the documents given in Figure 5.  For each 
example, we provide the description of the information need and 
its expression as an XML Fragment.  For the sake of clarity, the 
examples are oversimplified.  However in practice, the need to be 
able to specify  intersection of complex annotations is quite 
common.  

Doc1: 
Dr. Orgo proved that Ibuprofen reduces the effectiveness of 
Aspirin which however, according to Orgo, enhances the 
antipyretic action of Acetaminophen…                                          
 

Doc2: 
Reuters reported that Bin Laden was in Pakistan in March. 

Figure 5: Examples of a source documents 
The entity relationship extractor annotates the text with 
annotations that span over text as shown in figure below: 

 
 
  
 

… Ibru … reduces … Aspirin …enhances … Acetam…                            
 
 
 
 
 
 
 
 

Reuters reported that Bin Laden was in Pakistan in March. 
 
 

 
Figure 6: Annotations as spans over Doc1 and Doc2 

We give below a few examples of XML Fragment based queries,  
Q1 is a simple example, while  Q2, Q3, Q4 deal illustrate the 
intersection and concatenation operators. 

Q1 – Simple query 
Description of need: Aspirin as Activator 
Query: 
<Activator>Aspirin</Activator> 
Result – Doc1 is returned. 

Q2 – Intersection of spans 
Description:  Aspirin appearing under both Inhibits and Activates 
annotations. 

Query: 
<Inhibits*Activates>Aspirin 
</Inhibits*Activates> 
Result – Doc 1 is returned. According to Definition 2, one 
component instance is induced by the intersection tag, namely 
DInhibits[1,9]*Activates[9,15] with Text = ‘Aspirin’ and with Annotations 
= {Activator[1,1]}. Since the text ‘Aspirin’ appears under this 
new component, the Query is satisfied by the document. 

Person 

HoldsDuring

LocatedIn 

Activates 

Inhibits

Activator Target

Activator Target 
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Q3 – Containment of spans 
Description: Aspirin appearing under the annotation 'Activator' 
which is contained in the intersection of  'Inhibits' and 'Activates'. 

Query: 
<Inhibits*Activates> 
   <Activator>Aspirin</Activator> 
</Inhibits*Activates> 
Result – Doc1 is returned. As described in the previous example, 
the annotation <Activator> appears in the document component 
DInhibits[1,9]*Activates[9,15] and hence the Query is satisfied by our 
document. 

Q4 – Concatenation of spans 
Description: Find reports from Reuters about events in Pakistan 
in March, that is, find simultaneous occurrences ‘Reuters’, 
‘Pakistan’, and ‘March’   contained in the concatenation span of  
'Report' and 'HoldsDuring'. 

Query: 

< Report+HoldsDuring > 
   +Pakistan +March +Reuters 
</Report+HoldsDuring > 
Result – Doc2 is returned since all mandatory content words are 
contained in the document component Dxs1+xs2, with xs1 = 
Report[1,8] and xs2 = HoldsDuring[4,10]. 

5. CONCLUSION  
This work describes a proposal for extending the XML Fragment 
model to support cross-over text annotations. This was motivated 
by the actual requirements of the IBM text analytics research 
community that has adopted a modular approach to building 
applications, based on IBM’s Unstructured Information 
Management Architecture (UIMA). The core of this approach  
consists of independently constructed Text Analysis Engines 
(TAEs) that produce multiple annotations over the same 
underlying text documents by associating semantic labels to spans 
(sequences of consecutive tokens) in the document.  
This approach has many admirable properties: it allows the 
independent development of components, the construction of 
complex TAEs from simple ones, and improvement in the overall 
semantic understanding.  However, from the point of view of 
search technology, the use of cross-over spans in queries and in 
documents means that standard XML search won’t work for 
UIMA documents. 
To finesse this problem we have introduced two new tag operators 
that express conditions related to overlapping spans in queries 
(namely, the intersection and the union of cross-over spans) as 
valid XML.   This allows us to easily extend the semantics we 
previously defined for XML fragments, and even, after simple 
processing, to keep our XML utilities, such as a standard parser 
and our search run-time.  
Our short-term goal is to verify with the audience of the workshop 
whether these cross-over spans are as common as we believe and 
whether similar needs arose outside the context of IBM's UIMA. 
We would also like to verify whether our tag operators are 
acceptable by other practitioners in the field of XML retrieval. 
Should the answers be positive, our long-term goal is to promote 
these proposals to various standards making bodies, such as W3C 

XML Query.  We want to do this not only for standardization 
purposes, but also to increase the awareness of the needs of the IR 
community, needs that are rather different from those of the 
publishing and DB communities that currently control most XML 
official bodies. 
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ABSTRACT 
 
Querying heterogeneous XML document collections is an 
open problem. This will require building some sort of 
correspondence between the DTD of the different sources. 
We consider here the problem of matching the structure of 
XML documents from different sources. We introduce for 
that a stochastic structured document model and describe 
preliminary experiments performed on the INEX 
collection. 

Keywords 

1. INTRODUCTION 
For the 2002 and 2003 editions, the Initiative for the 
Evaluation of XML retrieval (INEX) has been based on a 
homogenous document collection of IEEE scientific 
articles. This XML collection corresponds to a single DTD 
which is the union of the different journals DTDs. In most 
practical applications of XML retrieval, collections will be 
heterogeneous with documents coming from different 
sources with different DTDs. Handling heterogeneous 
collections is then a new challenge for XML IR which is 
the topic of a new explorative track at INEX 2004. 
Heterogeneity has been considered for a long time in IR 
but only for plain text documents. In the database 
community, querying heterogeneous sources has also been 
a major concern for many years in different application 
domains like data integration, data warehousing, web 
services, etc. This has been explored more recently for 
semi-structured data and XML databases. Schema 
matching, i.e. identifying the semantic correspondences 
between elements of two schemas – or DTDs for XML - 
has been identified as a key operation for this problem. 
This is the first step for constructing complete mappings 
between two representations. Automatic or semi automatic 
schema matching has recently motivated a growing number 
of academic works [1]. Generally, it is supposed that 

different sources are available, each with a known schema. 
Different schema element characteristics are usually 
considered for the matching process: tag names in XML, 
data instance characteristics (special symbols, number of 
characters, etc), data type, metadata, etc. The match 
operator is often learned from labeled examples using basic 
machine learning techniques. Test sets for evaluation are 
usually relational tables or semi-structured web data. Such 
sources usually have a poor textual content and meaningful 
tag names. 
Some of these ideas from schema matching could be 
helpful for XML IR. The context is however different and 
specific IR solutions should be developed. For example, for 
XML documents, tag names often have a weak semantic 
and few if any associated descriptive metadata, different 
tags may denote similar objects (e.g. the “item” tags in 
INEX), most important in many cases the DTD need not to 
be known. The document tree could be rather large and the 
relative importance of structural and content information is 
different than for databases. In many cases, the structure 
information is poor. Although some structural query 
elements (e.g. authors, dates) should be considered strictly, 
many others should be considered as vague constraints 
Solutions to be developed for querying heterogeneous 
XML collections will also have to establish a 
correspondence between the structural elements of the 
different documents. The work described here is a 
preliminary attempt towards this direction. 
We focus on the matching of document structures for IR on 
XML collections. Our guess is that, like for schema 
matching in databases, this is an essential operation for 
developing IR systems for heterogeneous XML collections. 
As an example, suppose one has developed an IR engine 
for some specific collection. This IR engine will use a 
mediated DTD and/or predefined tag names corresponding 
to this collection. One possible solution for querying new 
documents in the same domain is to transform these 
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documents into this mediated format. This is the point of 
view we adopt here. 
We propose a stochastic structured document model for 
this matching task. This model will be trained using 
samples from a collection expressed in a mediated DTD. 
After training, it is able to take as input a new document, 
and to output a structured representation of this document, 
were the document elements have been tagged according to 
the mediated format. A characteristic of this model is that it 
takes into account both the structure and the content of the 
collection documents. 
The matching problem is introduced in section 2. The 
model itself is described in section 3, preliminary 
experiments on the INEX collection are presented in 
section 4. 

2. DOCUMENT STRUCTURE MATCHING 
 
The general matching problem we want to deal with is the 
following : given a mediated DTD which is used for 
querying a collection of XML documents, how to 
transform new documents in this mediated DTD so that 
they could be queried using the same search engine ? This 
transformation should respect the semantic of the document 
elements. 
 
We will make here the following hypothesis: 

- Document collections considered for a matching 
task are about the same domain and have roughly 
similar elements. For example, we could consider 
different collections of scientific papers about 
computer science. The papers could have different 
logical structures but it makes sense to map them 
onto a general “scientific paper” schema. This is 
justified since matching completely heterogeneous 
collections hardly make sense in practice. 

- The documents may come from different sources 
and the DTD may not be known. We will not use 
any source DTD information for the mapping. 
This is different from the database context where 
the schema is most often mandatory. 

 
The document structure matching problem considered here 
is a simplified instance of this general problem. We want to 
associate each new document with the mediated format 
without changing the document tree structure. This 
transformation will associate each document tag with a tag 
of the mediated DTD, it will not merge nor cut document 
elements. 
We will suppose that there exists a set of documents 
already expressed in the mediated DTD. When the latter is 
a specific collection DTD, this set will be the collection 

itself. Otherwise, it is supposed that a basic transformation 
has been manually defined for transforming an initial set of 
documents. For example for the INEX collection, different 
tags have been defined as equivalent. 
The existence of such a training corpus is necessary when 
the transformation has to take into account the elements 
content. This is different from many databases applications 
where only the structural information (schema) is 
considered. 
In the proposed approach, the DTD of new documents need 
not to be known. The matching will be inferred directly 
from the structural and content information of the 
document itself. 

3. DOCUMENT MATCHING MODEL 
The proposed approach relies on learning a stochastic 
model of the documents on the training collection. Both a 
stochastic grammar of the document structure and a model 
of the content information associated to each tag in a given 
context will be learned. 
When a new document is processed, it is transformed into 
the most probable structured document representation 
according to the stochastic model. 
The effect of this transformation will be to associate each 
document element with a tag name from the mediated 
DTD. This association is not a simple tag → tag 
correspondence, but depends on the structural and content 
contexts of the element. The stochastic model is able to 
learn simultaneously the transformations for different 
initial DTDs. When processing a new document, the most 
probable transformation will then be chosen. 

3.1 STRUCTURED DOCUMENT 
 
We consider a structured (XML) document as a tree. Each 
tree node n corresponds to a structural entity of the 
document and contains two types of information: 
• A tag information ( nt ) from a discrete set of tags T  

defined by the mediated DTD e.g. (part, section, 
title,…). 

• A content information ( nc ), we restrict ourselves here 
to textual content so that nc  is a sequence of words 
from a vocabularyV . 

Figure 1 gives an example of such a structured document. 
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Figure 1: A tree representation for a structured document. 

Circle nodes correspond to structural information (tags) and 
square nodes to textual information. 

 

3.2 A GENERATIVE MODEL FOR 
STRUCTURED DOCUMENTS 
 
The structured document model takes into account both the 
content information and the structural information present 
in the documents. 
Let d  be a structured document, ( //1 ,..., dnn ) its set of 
nodes with // d  the number of nodes. Each in  is a pair 

),(
ii nn ct with 

int  its tag and 
inc  its textual information if 

any. Let )( inpa  denotes the parent of in  in the tree and 
)( inchildren  the ordered list of in children. θ will denote 

the document model parameters. 
The probability that model θ  has generated document d is:  
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=
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The structural probability )/,...,(
//1
θ

dnn ttP  describes 

how the model generates the different tags of d. The 
content probability ),,...,/,...,(

//1//1
θ

dd nnnn ttccP  describes 

how the model generates the textual information for each 
node. 
Direct estimation of P(d/ θ) is unfeasible for large 
documents. We will then make simplifying hypothesis in 
order to compute this probability. 

3.2.1 STRUCTURAL PROBABILITY 
 
We will use a formalism which is very similar to 
probabilistic tree-languages [7]. Let )( ingchildrenta  
denotes the ordered list of tags corresponding 
to )( inchildren . In order to simplify the estimation 
of )/,...,(

//1
θ

dnn ttP , we make a first order independence 

hypothesis: the set of variables )( ingchildrenta will be 
conditionally independent from all other tag variables 
given their parent: 
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The last equality follows from )),(/( θin ngchildrentatP =1. 

This dependence relation between the tag variables for the 
document from Figure 1 could be modeled by a tree like 
belief network as shown in Figure 2. 
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Figure 2: The belief network corresponding to the structural 

probability computation 

The probability ),/)(( θ
ini tngchildrentaP corresponds to 

the probability of seeing a particular sequence of tags 
inside a node with tag it . This will be estimated from the 
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training document collection. These probabilities for all 
parent-children configurations correspond to the 
probability of all instances of the DTD constraints which 
could be observed on the document collection. In this 
sense, they could be considered as a stochastic DTD 
inferred from the document collection. However, this 
model does not use any formal collection DTD when it is 
present.  

3.2.2 CONTENT PROBABILITY 
 
We make the hypothesis that the content of a node depends 
only on the tag of the node:  

∏=
i

iidd
n

nnnnnn tcPttccP ),/(),,...,/,...,(
//1//1

θθ  

Let ),...,( //1 i

iii

n
nnn wwc = be the sequence of words in in , 

we further make an independence assumption between the 
term occurrences. The content model then becomes a Naïve 
Bayes model [8] conditioned on the node tag: 

∏∏
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3.2.3 FINAL PROBABILITY 
 
With these simplifying assumptions, the document 
probability (1) becomes: 

∏ ∏ 
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The corresponding Bayesian network for the document of 
Figure 1 is shown in Figure 3. 
 

3.3 LEARNING 
 
In order to learn the model, we have to estimate: 

• ),/,...,( 1 θtttP m  for each tag t  and each 
possible sequence of t children tags mtt ,...,1  

• ),/( θtwP  for each word w  and each tag t  

over the training set D  of structured documents.  
 
For that we will maximize the log-likelihood of the 
structured document collection given the document model 
θ:  

∑ ∑ ∑ 
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This amounts at solving the equation 0=∇ Lθ  under 
equality constraint which ensures that probabilities sum to 
one. This system has an analytical solution. We used here 
the following robust estimators derived from this solution: 

• εθ +=
t

t
tt

m
N

N
tttP m,...,

1
1),/,...,(  

• 
//

1
),/(

VN

N
twP t

t
w

+

+
=θ  

where t
tt m

N ,...,1
 is the number  of nodes with tag t and with 

children mtt ,...,1 in D , tN  is the number of nodes with tag 

t  in D , t
wN  is the number of times word w  is appearing 

in a node with tag t . 
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Figure 3: The final belief network corresponding to the 

structured document model 
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3.4 INFERENCE 
 
Once θ is learned, a new document will be transformed into 
a structured document in the mediated DTD. For that we 
will have to find the most probable structure according to 
our model, i.e. to solve: 

),,...,/,...,()/,...,(maxarg

)/(maxarg

//1//1//1//1

//1

,...,

,...,

θθ

θ

ddddnn

dnn

nnnnnntt

ttd

ttccPttP

dPt

=

=

 

 
(3) 

Solving this equation is similar to the decoding step in 
Hidden Markov Models, except that we deal here with 
trees instead of sequences. The best tagged tree is obtained 
via a dynamic programming algorithm (not described here). 
The complexity of this decoding step is 

/)////(/ RTdO ++  where /d/ is the number of nodes of 
the document, /T/ is the number of possible tag labels and 

)0(// ,...,1
≠= t

tt m
NcardR  is the number of “derivation 

rules” learned. It is thus linear wrt ///,//,/ RTd . 

 

4. EXPERIMENTS 
 

4.1 INEX CORPUS 
We performed preliminary experiments using the INEX 
collection of documents. This is a collection of XML 
articles from 20 different journals and proceedings of the 
IEEE Computer Society. It is composed of about 12,000 
documents which represent more than 7,000,000 XML 
elements. Documents have been preprocessed using a stop-
list and the Porter stemmer. All the words appearing in 
more than 20 documents were kept (about 27,000 words in 
all). The corpus was split in two, one part corresponding to 
the articles issued from the “IEEE transaction …” journals 
(4233 articles) and the other part corresponding to articles 
from other IEEE journals (7874 articles). Training was 
performed on the second part and testing on “IEEE 
transaction …” articles. This appeared as a natural split for 
the matching task since the two collections have different 
structure. The articles form the “IEEE transaction …” 
journals are not formatted like the articles of the other 
journals.  Training allows learning the structure of the first 
collection. “IEEE transaction” articles were then formatted 
according to this learned structure. Note that only the 
content and tree structure information of the document to 
be formatted are used with this model, the tag names of the 
document in the test set are not used. 
In a first series of experiments, we kept the 139 INEX tags 
for training. This provides an evaluation of our method for 
a complex matching task. In a second series, we used a 
much smaller number of tags keeping only the 5 tags 

headings, paragraph, section, list, misc. The idea here is 
that only a small number of tag elements were used for 
querying XML documents in past INEX. We therefore 
wanted to evaluate the model for such a transformation. 

4.2 EVALUATION MEASURE 
In order to evaluate our model on the test collection, we 
used two measures: 
• recall over the nodes. This is the percentage of nodes 

correctly labeled by the model i.e.: the model has 
retrieved the right tag for the node. 

• percentage of documents from the test corpus with 
more than x% correctly labeled nodes for different 
values x. 

For each series, we performed experiments by using: 

• only the structural information: 
)/,...,(maxarg

//1//1 ,..., θ
ddnn nnttd ttPt = . This is called the 

Structure model 
• only the content information: 

),,...,/,...,(maxarg
//1//1//1 ,..., θ

dddnn nnnnttd ttccPt = . 

This is called the Content model 
• both content and structural information (eq.2). This is 

the Full model 

4.3 RESULTS 
 
Recall for the different experiments are shown in Table 1. 
The full model is able to label correctly about 86 % of the 
nodes for the 5 tags setting and 65 % when using 139 tags. 
Structure information by itself allows us labeling correctly 
respectively 73 % and 49 % of the tags. For the content 
model, we show two values which are respectively the 
recall over all nodes (Content with all nodes) and the recall 
over all nodes with a textual content. In the first case, the 
nodes with no content (about 25% of the nodes) will be 
considered as errors. The first value measures the 
usefulness of the content model for labeling the INEX 
corpus, while the second one gives an idea about its 
usefulness for a corpus with textual content at each node. 

  

Content 
with  

all nodes 

Content 
without 
empty 
nodes Structure 

Structure 
and 

Content 
Number  
of nodes 000,000,5≈ 000,500,3≈  000,000,5≈ 000,000,5≈
5 tags 58% 81% 72.90% 86.50%
139 tags 27.80% 38.70% 49.70%  65.30 %

 
Table 1: Recall for the structure, content and full models for 

the two experiments 
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Figure 4: Percentage of documents with more than  % nodes 

correctly tagged (139 tags). For example, for the structure 
model, about 50% of the test documents have about 80% of 

their nodes correctly labeled. 

The curves in Figures 4 and 5 give the ability of the models 
for tagging correctly full documents. For the 139 tags 
setting, the full model has correctly tagged almost 90% of 
the nodes for about 40 % of the documents. This is clearly 
not sufficient for a fully “automatic” labeling. The task is 
however difficult here since the number of tags is large. In 
such a situation, the stochastic model could be a component 
of a more complex labeling system. For the 5 tags 
experiments, this model has been able to correctly tag 
about 80 % document with an accuracy of about 85 %. 
This level of performance could be acceptable for many IR 
applications. 
Both measures show that structure and content information 
are complementary and that considering them together 
increases significantly the performances. 
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Figure 5: percentage of documents with more than % nodes 

correctly tagged (5 tags). 

5. RELATED WORK 
 
XML document matching as defined here shares 
similarities with schema matching in databases. Many 
schema matching approaches only consider schemas and 
make use of handcrafted rules for matching the elements of 
different schemas. Automatic methods have been 
developed for relieving this expensive process. [1] provides 
a survey and a typology of recent approaches to automatic 
schema matching. 
The work closest to ours is probably that of Doan et al. [2]. 
They also considered transforming new DTDs into a 
mediated one using a 1-1 tag correspondence. They use a 
set of basic similarity measures and classifiers each 
operating on different schema element characteristics. 
These classifiers provide local scores which are linearly 
combined to give a global score for each possible tag. The 
final decision corresponds to the mediated tag with the 
highest score. Combining the different scores is a key idea 
in their approach. One of their classifiers operates on the 
element textual content. Up to our knowledge, this is the 
only system which takes into account this information for 
schema matching. They also make use of some basic 
relational information for scoring an element by 
considering the co-occurrence of parent-child tags. 
Compared to this approach, our model proposes a 
generative model of structured documents and focuses on 
structure and content which are the more important 
elements for XML IR. 
Madhavan et al. [6] use many of the ideas developed in [2] 
for the more general problem of learning associations 
betweens pairs of schema. They also compute different 
local scores which are then combined for the final decision. 
Other relevant but less related work is for example [3, 4, 
5]. 

6. FUTURE WORK 
This is preliminary work, the model still needs 
enhancements, more analyses and tests on other collections 
have still to be performed. The model could be enriched by 
using additional information (e.g. tag names, etc). However 
the proposed model has already shown very encouraging 
results on a medium size XML collection. 
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ABSTRACT 
In this paper, we describe an IR approach to XML retrieval using 
content and structure conditions based queries. The XFIRM 
model we propose is based on a complete query language, derived 
from Xpath, and on a relevance values propagation method. We 
propose here to evaluate the importance of the weighting formula 
used to assign relevance values to leaf nodes prior to propagation. 
Our experiments are evaluated thanks to the INEX evaluation 
initiative. Results show a relatively high precision, which, 
depending on the query context, can be increased thanks to a 
combination of IR models. 

Categories and Subject Descriptors 
H.3.3 [Information Storage and Retrieval]: Information Search 
and Retrieval models – retrieval models. 

General Terms 
Algorithms, Experimentation 

Keywords 
XML retrieval, XFIRM, relevance propagation  

1. INTRODUCTION 
One of the main advantages of the XML format is its ability to 
combine structured and un-structured (i.e. text) data. As a 
consequence, the granularity of the information processed by 
Information Retrieval Systems (IRS) dealing with XML 
documents is not necessarily the whole documents : indeed, the 
structure of XML documents allows IRS to retrieve information 
units (i.e. nodes of XML documents).The main challenge in XML 
retrieval is to thus retrieve the most exhaustive1 and specific2 
information units [7] answering a given query. Approaches 
dealing with this challenge can be divided into two main sub-
groups [3]. On the one hand, the data-oriented approaches use 
XML documents to exchange structured data (as for example 
whole databases). The database community was the first to 
propose solutions for the XML retrieval issue, using data-oriented 
approaches. Unfortunately, the suggested approaches typically 
expect binary answers to very specific queries. On the other hand, 

                                                                 
1 An information unit is exhaustive to a query if it contains all the 

required information 
2 An information unit is specific to a query if all its content 

concerns the query 

the document-oriented approaches consider that tags, inserted by 
documents creators, describe the documents logical structure.  
The IR community has adapted traditional IR approaches to 
address the user information needs in XML collection. The 
increased interest of the community has become apparent within 
the 2 past INEX evaluation initiatives [4] [5].   
Fuhr et al. [6] proposed an augmentation method for processing 
XML documents. In this approach, standard term weighting 
formulas are used for indexing so called “index nodes” of the 
document. Index nodes are not necessarily leaf nodes, because 
this structure is considered to be too fine-grained. For computing 
inner nodes indexing weights, the weights from the most specific 
index nodes are propagated towards the inner nodes. During the 
propagation, the weights are down-weighted by multiplying them 
with a so-called augmentation factor. This way, more specific 
elements are preferred during retrieval. 
The approach we describe in this paper is also based on an 
augmentation method. However, in our approach, all leaf nodes 
are indexed. Indeed, we think that even the smallest leaf node can 
contain relevant information (it can be a title or sub-title node for 
example). Moreover, the distance separating nodes in the 
document tree is a parameter used when propagating the 
relevance values in the tree. The goal of this paper is to evaluate 
the importance of leaf nodes relevance value calculation in the 
overall performance of the system. In section 2, we quickly 
present the XFIRM (XML Flexible Information Retrieval Model) 
model and the associated query language. Section 3 evaluates our 
approach via experiments carried out on the INEX collection. 

2. THE XFIRM MODEL 
2.1 The XFIRM Query language 
The XFIRM model is based on a complete query language, that 
allows queries to be expressed with simple keyword terms and/or 
with structural conditions [9].  
In its more complex form, the language allows hierarchical 
conditions on document structure to be expressed and the user can 
specify which type of element needs to be returned (thanks to the 
te: (target element) operator): 
Some examples of XFIRM queries can be found below: 
(i)  // te: p [weather forecasting systems] 
(ii) // article[ security] //  te: sec [“facial recognition”]  
(iii) // te: article [Petri net] //sec [formal definition ] AND sec 
[algorithm efficiency] 
(iv) // te: article [] // sec [search engines] 

19



This respectively means that (i) the user wants a paragraph about 
weather forecasting systems, (ii) a section about facial 
recognition in an article about security , (iii) an article about Petri 
net containing a section giving a formal definition and another 
section talking about algorithm efficiency, and (iv)  an article 
containing a section about search engines. 
When expressing the possible content conditions, the user can use 
simple keyword terms (or phrases), possibly preceded by + or - 
(which means that the term should or should not be in the results). 
Terms can also be connected by Boolean operators.  

2.2  Query processing 
The approach we propose to deal with queries containing content 
and structure conditions, is based on relevance values 
propagation. The query evaluation in XFIRM is carried out as 
explained below. 

2.2.1 Query decomposition 
Each XFIRM query can be decomposed in sub-queries SQi as 
follows: 

Q =// SQ1 // SQ2 //…//te : SQj //…//SQn (1) 

Where the te: operator indicates which element is the target 
element. Each sub-query SQi can then be re-decomposed into 
elementary sub-queries ESQi,j, possibly linked by boolean 
operators. They are of the form: 

ESQi,j = tg [q] (2) 

Where  tg is a tag name and q = {t1, …tn} is a set of keywords, i.e. 
a content condition. 
For example, the XFIRM query: // te: article [search engines] // 
sec [Internet growth] AND sec [Google], can be decomposed into 
sub-queries and elementary sub-queries as follows: 
SQ1 = article [search engines ]  
SQ2 =  sec [Internet growth] AND sec [Google]  
ESQ1,1 = article [search engines ] 
ESQ2,1 = sec [Internet growth]   
ESQ3,1 = sec [Google] 

2.2.2 Evaluating the relevance of leaf nodes  
The first step in query processing is to calculate the relevance 
values of each leaf node ln according to the content conditions (if 
they exist). Let q={t1,…,tn} be a content condition. Relevance 
values are evaluated using RSVm(q,nf) (Retrieval Status Value), 
where m is an IR model.  

  (3) 
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where: 
- qj is the weight of the term tj in the content condition q 
-  wj (ln) is the weight of the term tj in the leaf node ln 
- f is a function that allows to aggregate the weights of the 

terms tj for the leaf node ln. 

2.2.3 Structure processing 
2.2.3.1  Elementary sub-queries ESQi,j processing 
The result set Ri,j of ESQi,j is a set of pairs (node, relevance) 
defined as follows: 

Ri,j = { (n, rn) / n ∈{construct(tg)} and rn = Fk (RSVm(q, 
nfk), dist(n,nfk)) } 

(4) 

Where : - rn is the relevance value of the node n 
- the construct(tg) function allows the set of all nodes having tg as 
tag name to be created 
- the Fk (RSVm(q, nfk), dist(n,nfk)) function allows relevance values 
of the leaf nodes nfk being descendants of the node n to be 
propagated and aggregated, in order to calculate the relevance 
value of  n. The distance dist(n,nfk) which separates the node n 
from the leaf nodes nfk in the document tree (i.e. the number of 
arcs that are necessary to join n and nfk  ) is used as a parameter 
during the propagation. 

2.2.3.2 Subqueries SQi processing 
Once each ESQi,j has been processed, subqueries SQi are rebuilt 
using the commutative operators ⊕AND et ⊕OR defined below : 

Definition 1 : Let N = { (n, rn ) } and  M =  (m, rm) } be two sets 
of pairs (node, relevance)  

N ⊕AND M = { (l, rl) /  l is the nearest common ancestor of  m 
and  n or  l=m (respectively  n) if m (resp .n) is ancestor of n (resp. 
m) , ∀ m,  n being in the same document  and rl= aggregAND(rn , rm,, 
dist(l,n), dist(l,m) )}     (5) 

N ⊕OR M = { (l, rl) /  l=n∈ N  or  l=m∈ M and rl = rn or rm }
       (6) 
Where aggregAND(rn , rm , dist(l,n),dist(l,m))= rl defines the way 
relevance values rn and rm of nodes n and m are aggregated in 
order to form a new relevance rl. 

2.2.3.3 Queries processing 
The result set of sub-queries SQi are then used to process the 
whole queries. As defined above, in each query, a target element 
is specified.  

Q =// SQ1 // SQ2 //…//te : SQj //…//SQn  

The aim of processing the whole query is to propagate the 
relevance values of SQi sub-queries to the nodes belonging to the 
result set of sub-query SQj (which defines the target element). For 
this purpose, non-commutative operators ∇ and ∆ are defined 
below : 

Definition 2 : Let Ri = {(n, rn )} and Ri+1 = {{m, rm)} be two sets 
of pairs (node, relevance) 

Ri  ∇ Ri+1 = {(n, rn) / n∈ Ri  is ancestor of  m∈ Ri+1  and 
rn=prop_agg(rn , rm, dist(m,n))}       (7) 

Ri  ∆ Ri+1 = {(n, rn) /  n ∈ is descendant of m ∈ Ri+1  and rn 
=prop_agg( rm , rn, dist(m,n))}   (8) 
Where   prop__agg( rn , rm, dist(n,m)) -> rn allows to aggregate 
relevance weights  rm of the node m and rn  of the node n 
according to the distance that separates the 2 nodes, in order to 
obtain the new relevance weight rn of node n . 
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The result set R of a query Q is then defined as follows: 

R = Rj ∇ (Rj+1 ∇ (Rj+2∇ …)) (9) 

R = Rj ∆ (Rj-1 ∆ (Rj-2∆ …)) (10) 

Indeed, this is equivalent to propagating relevance values of 
results set Rj+1, …,Rn and R1,…,Rn respectively upwards and 
downwards in the document tree.  

3. Experiments and results 
Our experiments have been evaluated using the INEX evaluation 
initiative [4], on the 2003 SCAS (Strict Content and Structure) 
task. The INEX collection, 21 IEEE Computer Society journals 
from 1995-2002, consists of 12 135 documents with extensive 
XML-markup. Participants to INEX SCAS task have to perform 
CAS (Content and Structure) queries, which contain explicit 
references to the XML structure, and restrict the context of 
interest and/or the context of certain search concepts.  
The INEX metric for evaluation is based on the traditional recall 
and precision measures. To obtain recall/precision figures, the 
two dimensions of relevance (exhaustivity and specificity) need to 
be quantized onto a single relevance value. Quantization functions 
for two user standpoints were used: (i) a “strict” quantization to 
evaluate whether a given retrieval approach is capable of 
retrieving highly exhaustive and highly specific document 
components, (ii) a “generalised” quantization has been used in 
order to credit document components according to their degree of 
relevance. 

3.1 Leaf nodes relevance evaluation 
In order to evaluate the impact of the model used for leaf nodes 
relevance values evaluation, we tested the following functions : 
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Where : 
- tfi is the term frequency in the query q or in the leaf node ln 
- iefi is the inverse element frequency of term i, i.e. log (N/n+1)+1, 
where n is the number of leaf nodes containing i and N is the total 
number of leaf nodes. 
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Where 
- h1,h2,h3,h4 and h5 are constant parameters, 
respectively set to 0.2, 0.8, 0.2, 0.7 and 1 for our 
experiments 
- l is the length of the leaf node ln 

- ∆l is the average leaf node length 

 

The second function is inspired by OKAPI [8] and SMART term 
weighting and is used in the full-text retrieval search engine 
Mercure [1]. The values of h1, h2, h3, h4 and h5 parameters have 
been set thanks to experiments on TREC collections [2]. 

3.2 Implementation issues 
The transformation of INEX CAS queries to XFIRM queries was 
fairly easy.  
During ESQi,j processing, the most relevant leaf nodes are found, 
and for each of these leaf nodes, XFIRM looks for ancestors. In 
order to have a correct system response time,  the propagation is 
stopped when 1500 “correct” ancestors have been found (i.e. 
ancestors having a correct tag name). When an INEX topic 
contains a condition on the article publication date, this condition 
is not translated in the XFIRM language, as propagation with a 
very common term (like a year) is too long. To solve this issue, 
queries are processed by XFIRM without this condition, and 
results are then filtered on the article publication date. 
Moreover, a Dictionary index is used to find equivalent tags, 
according to INEX guidelines. 
Finally, we use the following propagation functions while 
processing queries:  
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Where α ∈ ]0..1] is a parameter allowing to adjust the importance 
 of the distance between nodes in the different functions.  
For our experiments, α is set to 0.9 
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3.3 Runs 
We tested 4 runs, described below: 

1. xfirm.T.tf-ief : function (11) is used. Only the title field 
of INEX CAS queries is used for query indexing. 

2. xfirm.TK.tf-ief : function (11) is used. Title and 
Keywords fields of INEX CAS queries are used for query 
indexing. 

3. xfirm.T.Mercure : function (12) is used. Only the title 
field of INEX CAS queries is used for query indexing. 

4. xfirm.TK.Mercure: function (12) is used. Title and 
Keywords fields of INEX CAS queries are used for query 
indexing. 

In addition, these runs were compared to the best run we 
performed last year in the INEX SCAS task with a “fetch and 
browse” method: Mercure2.pos_cas_ti [10]. 

3.4 Analysis of the results 
For all 5 runs, we issued 30 queries, expressed with the XFIRM 
language. The 5 runs resulted in 10 average precision (for strict 
and generalized quantization) that are shown in Table 1. The 
associated recall-precision curves for strict quantization are 
plotted in Figure 1. 

21



The use of title and keywords fields of INEX topics increases the 
average precision of both runs Xfirm.TK.tf-ief and 
xfirm.TK.Mercure comparing to the runs .Xfirm.T.tf-ief and 
Xfirm.T.Mercure, even if there is a loss of precision for some 
particular queries. 

Table 1: Average precision for the 5 runs 

 Average precision  
(strict ) 

Average precision  
(generalized) 

Xfirm.T.tf-ief 0,2675 0,2276 
Xfirm.TK.tf-ief 0,2898 0,2300 
Xfirm.T.Mercure 0,2448 0,2032 
Xfirm.TK.Mercure 0,2467 0,2154 
Mercure2. 
pos_cas_ti 

0,1620 0,1637 

The IR model used for evaluating leaf nodes relevance values 
seems to have a high impact. The simplest formula (11) which 
does not take into account the leaf nodes length obtains the best 
results. However, if we examine the results for each query, 
formula (12) is more efficient when the target element of the CAS 
query is a whole article. If we combine the two runs xfirm.T.tf-ief 
and Xfirm.T.Mercure, using Xfirm.T.Mercure only when the 
target element is an article, we obtain almost 10,54 % of 
improvement  for strict quantization, which seems to signify that 
the choice of weighting formula for leaf nodes relevance value 
calculation might depend on the query context. 
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Our methods need to be carried out on other topics/collections to 
confirm these performances. We view this work as a starting point 
for finding an appropriate formula for leaf nodes relevance value 
evaluation. Moreover, an evaluation of propagation functions has  
to be done.   

4. REFERENCES 
[1] Boughanem, M., Chrisment, C., Soule-Dupuy, C. : Query 

modification based on relevance back-propagation in ad-hoc 
environment. Information Processing and Management, 35 
(1999). 

[2] Boughanem, M. , Chrisment, C., Tmar, M.: Mercure and 
MercureFiltre applied for Web and Filtering tasks at TREC-
10. In : TREC-10, Gaithersburg, Maryland (USA), Nov. 
2001.  

[3] Fuhr, N., Grossjohann, K. “XIRQL: A query Language for 
Information Retrieval in XML Documents”. In Proc. ACM 
SIGIR, New Orleans, USA, 2001. 

Figure 1: Recall/precision curves for strict quantization 

The first point to notice is the relatively high precision for all 
runs. Almost all of them would have been ranked in the top ten of 
official INEX evaluation, with Xfirm.T.tf-ief and Xfirm.TK.tf-ief 
ranked third for strict quantization (Table2).  

[4] Fuhr, N., Malik, S., Lalmas, M : Overview of the Initiative 
for the Evaluation of XML Retrieval (INEX) 2003. In 
Proceedings of INEX 2003 Workshop, December 2003. 

[5] Gövert, N., Kazai, G. : Overview of the Initiative for the 
Evaluation of XML Retrieval (INEX) 2002. In Proceedings of 
INEX 2002 Workshop, December 2002. 

Table 2: Ranking of official INEX submissions and of our runs 
for strict quantization 

rank Avg 
precision 

Organization Run ID 

1 0.3182 U. of Amsterdam UamsI03-SCAS-
MixedScore 

2 0.2987 U. of Amsterdam UamsI03-SCAS-
ElementScore 

 0.2898  Xfirm.TK.tf-ief 

 0.2675  Xfirm.T.tf-ief 

3 0.2601 Queensland 
University of 
Technology 

CASQuery_1 

[6] Gövert Norbert, Abolhassani, M., Fuhr, N., Grossjohann, 
K. : Content-oriented XML retrieval with HyREX. In 
Proceedings of the first INEX Workshop, December 2002. 

[7] Lalmas, M., “Dempster-Shafer theory of evidence applied to 
structured documents: modeling uncertainty”. In Proc. 
ACM-SIGIR,  Philadelphia, 1997. 

[8] Robertson, S.E., Walker, S., Hancock-Beaulieu, M.M. : 
Okapi at TREC 3. In Proceedings of the 3rd Text Retrieval 
conference (TREC 3),  NIST, 1994, Virginia, USA. 

[9] Sauvagnat, K., Boughanem, M. : Le langage de requête 
XFIRM pour les documents XML. Actes du Congré Inforsid 
2004, Biarritz, France. 

[10] Sauvagnat, K., Hubert, G., Boughanem, M., Mothe, J. : IRIT 
at INEX 03. In Proceedings of INEX 2003 Workshop,  
December 2003

 
The propagation method increases in a very significant way the 
results we obtained with a fetch and browse method (run 
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ABSTRACT
In XML retrieval paradigm, elements inside a document can
be returned as answers to a user request. Since the informa-
tion in an element is more specific than in a whole document,
this might reduce the user effort in finding relevant informa-
tion. However, as XML documents are composed of nested
elements, many of which being possibly relevant to the user
information need, retrieval systems must take care of the
overlap issue before showing answers to the user. In this
paper, we investigate how to disallow overlapping results by
considering it as a filtering problem.

1. INTRODUCTION
With the widespread use of the eXtensible Markup Lan-
guage (XML), representation formats for structured docu-
ment like e.g. DocBook have been adopted as standards.
New tools are being developed in order to manage, store
and retrieve information from XML documents. In the infor-
mation retrieval (IR) community, XML Retrieval has been
considered as an important extension to standard IR: two SI-
GIR workshops were held on this subject [3, 1] and INEX (INi-
tiative for the Evaluation of XML Retrieval) is now in its
third year.

With XML documents, retrieval systems should identify the
most specific elements that are relevant to a query, and not
(whole) documents. As in passage retrieval, the underlying
idea is to reduce the user effort needed to reach relevant
information. User satisfaction not only depends on the ra-
tio of irrelevant information but also on the amount of time
(s)he has to spend reading redundant information. In flat
document IR, this is related to the problem of redundancy
and novelty detection where a document can contain infor-
mation that has already been seen by the user. In the XML
framework, redundancy arises from the logical organisation
of the documents themselves: nested elements (e.g. a para-
graph and its enclosing section) can be returned as relevant
elements. The user will then be presented twice with the

same information (the content of the paragraph).

An analysis of INEX’03 participants’ submissions showed
that an average of 28 % elements in the ranked list are du-
plicate, i.e. are either an ancestor or a descendant of an el-
ement ranked higher in the list, with 18 % in the latter (see
fig. 1). In this paper, we examine different ways to avoid
this type of redundancy. We consider the overlap issue as a
filtering problem applied to a rank list of XML elements. It
means that filtering is not performed by the retrieval engine
itself but operates as a post-processing step on the retrieved
list.

The article is organised as follows. In section 2, we describe
related work. We give a formal description of the problem in
section 3, and present our proposed approaches in section 4.
In section 5, we describe some experiments to conduct.

2. RELATED WORK
Let us first examine how redundancy has been handled in
different IR settings like passage retrieval and hypertext IR.

“Flat document” IR aims at retrieving documents that fulfil
a user information need. It has been argued that it would
be useful to present to the user a compact list in which
documents with similar content have been removed [2, 21,
19]. This idea of novelty/redundancy detection has been
extended to the case of passage retrieval even at sentence
level [17]. Since novelty detection is difficult to handle while
computing the relevance score of a document, all approaches
to that task assume that the input is a set of relevant docu-
ments returned by an IR system. From that point of view,
two different approaches have been used in the literature:

Adaptive filtering in which documents are examined one
after another in some order and a binary decision (ei-
ther keep it or remove it) is made for each document
[21, 17].

Re-ordering where a new score is computed for each doc-
ument by taking into account its relation with those
already seen in the list [2, 19]

In order to detect novelty/redundancy, different techniques
have been proposed, ranging from simple ones (based on
word occurrences) to more elaborate ones (modelling con-
tent by language models).
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In hypertext IR, it is interesting to retrieve documents that
are entry points to relevant ones [7, 11]. Simple techniques
have been proposed for finding BEP (Best Entry Point) in-
side relevant documents. They are similar to those used
in adaptive filtering. A simple one consists in removing a
document whenever there is an incoming link from another
document ranked higher in the list [7]. For hierarchically
(or tree) structured web sites, Lalmas and Moutogianni [11]
propose to compare the score of a document to that of its
children (linked documents) scores and a binary decision is
then taken.

In the context of structured document retrieval task,
Chiaramella et al. [4] introduce the notions of specificity and
exhaustivity of an element with respect to a given query.
An element is specific if it only discusses topics of the user
query. It is exhaustive if it covers all aspects of the query.
They also require that answers are consistent meaning that
returned elements must be completely distinct one from the
other. Searching for the most specific and most exhaustive
elements is thus a recursive process. Though this is an inter-
esting idea, their approach is purely logical and difficult to
use with real systems that are not based on logic framework.

XML retrieval systems have used simple strategies to tackle
the overlapping issue. Some of them depend on the score
value of the document element, whereas others do not.

Cui et al. [6] use a simple criterion to select non-nesting
elements before estimating their relevance score. First of
all, a candidate set is created from elements containing at
least one query term. If in the candidate set, there are two
elements with a containment relation, the ancestor will be
removed. This means that the deepest element in the docu-
ment tree is preferred by this selection method. Extensions
of hypertext filtering were proposed by Lalmas et al. [12, 10].
They try to identify Best Entry Points (BEP) in documents
with different rules that take into account the ratio of rele-
vant children over all children of an element, the number of
relevant consecutive siblings or the average relevance value
of each layer in the document tree.

Crestani et al. [5] re-score an element through expected util-
ity (EU) values of two possible decisions: retrieve (EU+) or
not (EU−) the element. They suggest that new score for

an element can then be either EU
+, EU+ − EU

− or EU
+

EU−
. Pre-

liminary experiments on a small collection have shown an
improvement in term of mean average precision. However,
the utility values used for the computation of EU are em-
pirical and the metrics they used are not fully adapted to
XML retrieval evaluation.

In INEX’03, participants proposed different methods to over-
come the overlapping problem. [13] suggested rules for merg-
ing local retrieved results while [14, 16] used simple filtering
over the ranked lists. [18] selected elements by a coverage
criterion computed from the number of query terms in each
element. Evaluating the impact of these different strategies
is difficult. There are two main reasons for that. Firstly,
the metrics used to evaluate XML retrieval systems reflect
quite indirectly the overlap problem. Secondly, it is difficult
to make the distinction between the impact of the retrieval
system itself and that of the filtering module.

Empirical evidence in XML IR has already shown that filter-
ing is an important problem. It has not been systematically
studied yet and only rather heuristic approaches have been
tested. In the remainder of the article, we present a number
of ideas that could be used in order to study more precisely
the XML filtering problem.

3. PROBLEM FORMULATION
3.1 Problem Description
We aim to handle a set of XML elements. Each element has
an associated score (RSV). The RSV of an element should
measure the relevance of the element with respect to a given
query in the context of XML retrieval.

The output of the filtering step is a ranked list. This list
must be consistent, i.e. should contain as few redundant
elements as possible. It should also be optimal, i.e. highly
relevant elements should have the highest scores.
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Figure 1: Overlapping statistics are averaged over
all INEX’03 submitted lists. The curve ancestor
(resp. descendant) gives the % of elements in the list
for which at least one ancestor (resp. descendant)
is ranked higher in the list. The last curve (overlap)
gives the % of elements for which at least either an
ancestor or a descendant is ranked higher in the list.

3.2 Problem Analysis
In standard IR, retrieved documents are ranked by decreas-
ing order of relevance score (RSV) for a given query. The
implicit assumption is that the documents are independent

one from each other. This ranking principle does not hold
in cases where a large number of potentially relevant an-
swers are highly redundant [2]. Moreover, in XML retrieval,
redundancy means physically duplicative information as el-
ements are nested. In the remainder of this section, we
describe which properties an XML element should fulfil in
order to be relevant and less redundant to an user.

Assumptions
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We assume that the final answers are ranked linearly since
in our opinion, despite the development of advanced visual-
isation tools, users still prefer ranked lists. We furthermore
suppose that each retrieved element is a meaningful infor-
mation unit, which can be consulted alone without need of
context information. The assumption that the user reads

carefully each answer is reasonable because of the above as-
sumption of informative unit. A consequence of this as-
sumption is that an element and its descendants should not
be both retrieved.

As in standard IR, the user might stop after consulting a
certain number of answers. Highly relevant elements should
therefore be ranked higher in the list: this is related to the
optimality criterion described below.

Desiderata for answers
Answers are required to be consistent : users may be dis-
couraged from viewing more elements and may feel lost if
they are directed to too much redundant information.

The filtered list should be optimal : highly relevant elements
should be ranked first. This point is important since filtering
may remove some nested elements with a higher RSV. For
example, consider the case of a section with a RSV of 0.8
and its paragraph with a RSV of 0.6. If the section is filtered
out because it is not specific enough, the user might not see
the paragraph as it has a smaller score. Since this paragraph
“represents” its section, it should be ranked higher as the
section was removed.

While it is easy to check if an element is enclosed into an-
other, it is not trivial to determine an optimal policy. It
should be a compromise between the RSV, the structural
relationships with other elements and user preferences.

Despite the importance of these properties for a user, we
argue that the filtering process must be simple enough, that
is, it must not take too much time.

3.3 Filtering process
A filtering process can be decomposed into three distinct
phases: (1) initial re-scoring, (2) filtering and (3) final re-
scoring. Phase (1) will allow to include some information
about the relations between document elements. Phase (2)
is a purely logical process: a binary decision (either keep or
remove) is taken for each element. Phase 2 ensures the list is
consistent. The purpose of the last phase (3) is to ensure the
optimality of the list. Existing attempts to filtering either
performed phase (1) or (2). None did both. The optimality
problem (phase 3) has not been considered.

4. PROPOSAL
In this section, we present in detail our proposal by following
the three phases described in the previous section.

4.1 Re-scoring
RSV scores are usually computed independently for the dif-
ferent elements. It might be useful to integrate some more
information related to the nested relationships between ele-
ments, i.e. to score an element with respect to its context.

4.1.1 Utility theory
The idea is to use the EU as in [5] whenever the underlying
model outputs RSV that are probabilities. With respect
to [5], we plan to perform further experiments in order to
fully investigate this approach: in particular, we plan to use
machine learning techniques to learn the utility values for
the fact of showing an element (or not), knowing that the
element is relevant (or not) and that its parent is relevant (or
not). We denote this approach RS1.

One of our retrieval model is based on Bayesian Networks [16].
In this model, an element can obtain three distinct states:
not relevant, too big (exhaustive but not really specific) or
exact (exhaustive and specific). For each element, we thus
have two independent values (as the three values sum to 1).
Furthermore, the extra information brought by the “too big”
state could be used. We plan to use the EU methodology
with the probabilities delivered by the Bayesian Network
model (RS2).

4.1.2 Novelty score
The general idea is to move elements one by one from a
given set (the list of retrieved elements) to another (the set
of re-scored elements). Each selected element maximises a
criterion, which is a balance between relevance and novelty:
this value will become new score for that element.

Formally, let us consider the sets Et of n elements to re-score
and the set E′

t of re-scored elements at a given time t. Note
that at the beginning of the process (t = 0) E′

0 = ∅ and that
at the end of the process (t = n) En = ∅.

Like other works on novelty detection, we assume the rele-

vance of an element to a given query is independent of its
novelty with respect to a given set of elements. This means
that the novelty of an element with respect to a set of ele-
ments is independent of query. At a given time t, the new

value RSV
(1)
t of an element e in Et is defined as [2]:

RSV
(1)

t (e, q, E′

t) = λRSV (e, q) + (1− λ)Nov(e, E′

t) (1)

where λ ∈ [0, 1] is a parameter, RSV (e, q) is the score of the
retrieval system for element e with respect to the query q,
Nov(e, Et) is the novelty of element e with respect to a set
of elements Et. For simplicity, we can define

Nov(e, E′

t) = min
e′∈E′

t

Nov(e, e′) (2)

where Nov(e, e′) is the novelty of an element e with respect
to another element e′. This value can be approximated
through the size of elements in an appropriate unit (number
of words, number of characters, etc.)

Nov(e, e′) = f

„

length(e)

length(e′)

«

(3)

The element e∗ with the highest value RSV
(1)

t will be se-
lected: E′

t+1 = E′

t ∪ {e
∗} and Et+1 = Et \ {e

∗}. The new

score of the element e∗ is RSV
(1)

t (e∗). The process is then
iterated until the set Et is empty (RS3).

Zhai et al. pointed out that the linear combination is only
meaningful when similarity measures RSV () and Nov() are
in the same scale [20]. It does not hold in some cases. We
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therefore can use another criterion presented in [20] (RS4),
the so-called cost-based measure:

RSV
(2)
t

(e) = RSV (e, q)(ρ + Nov(e, E′

t))

where ρ ≥ 0 is a parameter.

4.2 Filtering
In this section, we propose some filtering methods. We dis-
tinguish two kinds of filtering. The first one is related to
adaptive filtering, whereas the other is based on a recursive
processing of the document tree. In the remainder of this
section, we are interested in both strict (no overlap) and
tolerant (some overlap) filtering.

4.2.1 List filtering
The first kind of filtering methods examines elements in the
list one by one , beginning with those with the highest RSV.
Let us denote E = (e1, ..., en) the ordered list of n elements
(either by decreasing initial score values delivered by the
retrieval system or by re-scoring values) and FLi−1 the fil-
tered list after (i − 1) iterations of this process. The latter
list can thus contain up to i elements.

We will also denote by anc(e) (resp. desc(e)) the set of an-
cestors (resp. descendants) of an element e in the document
tree.

The rules we plan to experiment are as follows:

Rule F1 (no descendant). With this rule, an element is
removed whenever its ancestor is already in the filtered
list. This is related to the assumption we made about
the user behaviour: when (s)he consults the list, (s)he
reads the elements entirely. (S)he has already been
reading the content of the element if its ancestor is in
the list. Formally, if anc(ei) ∈ FLi−1 then the element
is not added to the list.

Rule F2 (no ancestor). This rule is symmetric to rule F1:
an element will not be presented to the user if one of its
descendant is already in the list. The argument is that
if the relevant information in the element in consider-
ation belongs to the descendant that has been seen, it
is useless to show to the user the duplicate information
even if this is relevant. For example, if a section con-
tains only one paragraph and if the paragraph has been
presented to the user, it is redundant to show her/him
the section. Formally, if desc(ei) ∈ FLi−1, the ele-
ment is not added to the list. While this rule can be
useful to remove redundant information, it seems too
harsh when the element already in the list is really
small compared to the element which is filtered: con-
sider for example the case of a snippet in italics and
its enclosing section.

Rule F3 (selective ancestors) We want to relax rule F2,
in order to allow redundancy in some cases by esti-
mating the possibility that ei contains novelty with
respect to elements of FLi−1. The novelty value of
ei with respect to FLi−1 is defined in eq. (2). If
Nov(ei, FLi−1) < NovThreshold then the element is
removed. NovThreshold is a parameter which can be
fixed empirically or learnt from data.

4.2.2 Filtering on the document tree
In the previous section, we have shown how it is possible to
reduce some overlap using an approach related to adaptive
filtering. It is also possible to process each document in turn,
and to select a set of elements within that document in a
way that ensures no overlap in the final list. We describe
such approaches in this section.

For each node, starting from the root of the document tree,
we take a binary decision: either we keep this element (and
we do not consider its children) or we return at least one
of its descendants by applying the same rule to each of its
children. This algorithm guarantees the non-overlapping of
selected elements as the recursive process is stopped when-
ever we return an element.

The criterion used to take the binary decision can be simple.
For each element e in the tree, e is not added in the list:

Rule F4 if the ratio of relevant elements among its children
is superior to a given threshold, or

Rule F5 if the average score of relevant elements is superior
to a given threshold.

These criteria are simple enough to experiment. However, it
is possible to do better. Our idea is to use an existing metric
and try to optimise the list of returned elements according
to this measure. We choose the Expected Ratio of Relevant
Units, which is a generalisation of standard recall [15] in the
context of XML retrieval. We thus denote GR this measure.
The probability that an element is consulted by the user is
defined to be proportional to the score of the element in
consideration:

P (e is seen) ∝ RSV (e, q)

This probability is used while computing the value of the
measure GR. We can then compute (1) the expected value
of GR if only the parent were in the list and compare it to
(2) the expected value of GR if only the children were in
the list. If the latter is superior to the former, the element
is discarded and the recursive process is iterated over its
children (F6).

4.3 Final scoring
For the final score, we can apply two different strategies.
The first one is to keep the score (FS1), the other one
is to get the maximum RSV of elements which were re-
moved (FS2).

5. PROPOSED EXPERIMENTS
Since we focus on processing the result from a retrieval
model, the results are not independent of the retrieval sys-
tem performance. In order to examine the respective ca-
pabilities of filtering methods to know which filtering rules
should be applied to a given system, we need to know exactly
the retrieval system behaviour, which is usually unrealistic.
We therefore choose indirect approaches by either analysing
the effect of the filtering strategies over representative runs
in the INEX’03 collection or by generating a hypothetical
retrieval system for which we can control the behaviour.
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Note that rules F1 and F2 described in the last section were
already used in some official submissions in INEX’03 [14, 16].
However, according to all official measures used in INEX’03,
these runs are poor, none of them are in the top 10 while
their initial versions without filtering are considered good.
The first phase of our experiment aims at understanding
this in detail: if their poor performance is due to an unsuit-
able application of filtering strategies or due to evaluation
metrics.

Furthermore, in order to investigate our different filtering
propositions without technical dependence on a particular
retrieval system, we aim at creating a hypothetical retrieval
system which calculates relevance scores based on the as-
sessments of the INEX collection. In this case, it is nec-
essary to build such a hypothetical system because in RS1
we need probability values while these are not always sup-
ported by some retrieval models, and our filtering strategies
might reduce the number of answers, which make any rela-
tive comparison between systems not very meaningful. The
INEX scale [9] used to assess elements with respect to a given
query has two dimensions: exhaustivity and specificity. We
will need to transform assessments into scores in real values.
Later, in order to simulate the behaviour of a search engine,
we will add some noise to this score function. As this noise
should be related to real noise, we will compute for a sample
of retrieval systems the distribution of scores with respect
to a given assessment. The deterministic transformation of
an assessment a into a RSV will then be followed by a ran-
dom sampling with respect to the probability distribution
computed for this assessment.

The previous suggestions (except RS2 which is specific to
one of our retrieval model) are independent of any retrieval
method and in some cases, they can be used together with-
out conflict such as F1 and F2 (or F3). We want to examine
such combinations to find out suitable processing method
for each type of retrieval models.

In our proposal, there are some parameters such as utility
values in 4.1.1 or thresholds in 4.2.1. We want to check their
effects to the final results by comparing the stability of final
results when fixing these parameters empirically and when
training them from the data.

Quantitative evaluations are very important for confident
conclusion over experimental results. For re-scoring meth-
ods, we can use statistic indices such as Spearman’s rank
correlation to check the significantly statistical difference
between pairs of ranked lists: the original returned by the
retrieval model and that after re-scoring, each of them with
respect to that created from the assessment set (after trans-
forming assessments into scores in real values).

For filtering strategies, it is more of a challenge because the
number of elements has changed, we can not use recall-based
measures over the same reference set for the list before and
after filtering. The filtering effect will therefore be evaluated
either with new reference set or by other indications, for
example the precision value, the stability with respect to
some parameters such as number of topics needed or size of
test collection.

6. CONCLUSION
In this article, we have presented our planned work on XML
filtering. We first motivated the need of XML filtering to
reduce the user effort to access relevant information. Data
analysis on the INEX’03 runs have shown that a high per-
centage of elements are redundant. We thus aim at removing
redundant elements from the retrieved list before presenting
results to the user.

Based on assumptions on the user behaviour, we described
what are our requirements for XML filtering. Filtering is
considered as a three phases process: re-scoring, filtering and
final scoring. For each of these phases, we proposed different
techniques which we plan to test. The experiments will first
investigate the effect of the different filtering components in
either available or an “ideal” environment, to clearly put in
evidence the effect of the different filtering strategies.
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Workshop on the Integration of
Information Retrieval and
Databases (WIRD’04)

Preface

The first Workshop on the Integration of Information Retrieval and Databases (WIRD)
explores the research area where data retrieval meets information retrieval. The pur-
pose of this workshop is to bring together researchers of the database (DB) and infor-
mation retrieval (IR) fields, facilitating exchange on the progress in developing and ap-
plying integrated IR+DB approaches (or, naturally, DB+IR solutions). Applications are
numerous, including data warehousing, (semantic) web retrieval, heterogeneous and
semi-structured data collections, semantically rich information systems, fact retrieval
(query answering), free-text queries in relational and object-relational databases, etc.

The main goal of research on DB+IR technology is to improve the process of con-
structing advanced information systems. The ‘database approach’ allows more efficient
and effective implementations, focusing on a higher level of data abstraction than the
rather physical data structures and programming techniques used in IR. For achieving
these potential benefits, DB+IR technology needs to satisfy on one hand the scalabil-
ity and ranking requirements of IR-like applications, and on the other hand the data
abstraction, manipulation, access and querying requirements of DB-like applications.

Three out of four submitted papers have been accepted. The first paper concen-
trates on a high level of abstraction for describing advanced retrieval systems. The
second paper argues that XML-IR systems should be implemented following a tradi-
tional database architecture. The third paper makes a case for applying structured data
in query expansion in a more traditional information retrieval setting. Summarising,
we are pleased to see that the workshop has attracted papers covering perspectives on
data abstraction and DB usage for IR.

We would like to thank the SIGIR reviewers who selected the workshop to be orig-
inal and important. Further, we would like to thank the PC members for their high-
quality reviews being excellent feedback to the authors. The result is an attractive
programme that shall bring together the reseachers to shape the future of search ap-
plications.

Let the WIRD workshop be a forum for exchange on future DB+IR technology!

Thomas Roelleke, Queen Mary University London, London, UK
Arjen P. de Vries, CWI, Amsterdam, The Netherlands
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ABSTRACT
The COLLATE system (collaboratory for annotation, in-
dexing and retrieval of digitized historical archive material)
provides film researchers with a collaborative environment
in which historic documents about European films can be
analysed, interpreted and discussed, using nested annota-
tions and discourse structure relations among them. Anno-
tations are metadata, and annotation threads form a hyper-
text containing positive and negative links, constituting a
certain kind of context exploitable for document retrieval.
In this paper, we discuss a solution for using annotations for
information retrieval. To exploit annotation threads which
consist of nested annotations and typed links between them,
an annotation-based retrieval approach should have to cope
with negative and contradictory statements. The nested
annotation retrieval approach (NARA) is an approach ad-
dressing these issues. Based on this, we present NARAlog,
an implementation using four-valued probabilistic datalog
(FVPD), able to perform an in-depth analysis of annotation
threads and to deal with contradictory statements.

Categories and Subject Descriptors
H.3.1 [Information Storage and Retrieval]: Content
Analysis and Indexing; H.3.3 [Information Storage and
Retrieval]: Information Search and Retrieval—Retrieval
Models

General Terms
Algorithms, Design

Keywords
Annotations, four-valued probabilistic logics, datalog, context-
based retrieval, formal model

WIRD’04, the first Workshop on the Integration of Information Retrieval
and Databases (WIRD’04), Sheffield, United Kingdom
c© 2004 the author/owner

1. INTRODUCTION
Annotations are a means of supporting several tasks per-
formed in Digital Libraries. They can assist the creation of
new documents when new ideas and thoughts are discussed
by means of annotations. Through annotations, users can
interpret the document material at hand. Annotations sup-
port the effective use of documents by providing additional
information which can make the content more intellectually
accessible. Shared and public annotations can be used as
building blocks for collaboration.

In this paper, we discuss how annotations can be exploited
for information retrieval. Annotations made on documents
can be seen as a special kind of document context containing
additional information about the document. Using annota-
tions for information retrieval means taking this context into
account. From a syntactic point of view, annotations are a
special kind of metadata [3]. They can appear in a simple
form as direct comments on documents to more advanced
forms like nested annotations with typed links connected to
certain parts of documents. They can be textual, referen-
tial or graphical [2] and form a certain kind of hypertext
(the so-called annotation thread) together with the docu-
ment they are referring to. Annotations can contain content
about content as well as additional content. They implicitly
contain certain dialogue acts which might be made explicit
by defining an appropriate annotation model. Nested an-
notations together with specific link types can be applied
to model scientific discussions [6]. These discussions can
contain additional content as well as possibly contradictory
statements about the content of documents or annotations.
Methods exploiting the annotation context for document re-
trieval should be able to perform an in-depth analysis of
annotation threads in order to cope with the phenomena
described above.

In the remainder of the paper, we will first briefly introduce
the annotation model developed within the COLLATE sys-
tem, which incorporates many features which can be found
in recent annotation systems, such as nested annotations
and typed links. We will then introduce our idea of a nested
annotation retrieval approach (NARA) which, as the name
implies, is capable of dealing with nested annotations as
well as negative and contradictory statements. After that,

31



an example implementation of NARA based on four-valued
probabilistic datalog (FVPD) [10] is introduced. Related
work will be discussed and conclusions will be given.

2. THE COLLATE ANNOTATION MODEL
The COLLATE1 system focuses on historic film documen-
tation, dealing with documents about films of the 20s and
30s of the last century. Such documents can be, for ex-
ample, censorship decisions, newspaper articles, etc. They
are digitised and stored in the system repository. COL-
LATE supports the work between film scientists in different
locations by establishing a collaboration cycle [9]: users can
react to other user’s contribution, and so the cycle contin-
ues. Users have the option of manually assigning keywords
to the digitised documents as well as cataloguing them ac-
cording to a pre-defined schema. One of the central con-
cepts of COLLATE is to support document interpretation
by enabling scientific discussion about documents through
annotation threads.

Annotation threads consist of the annotated document (or
a part of it) as root and nested annotations connected to
the root. The links between the nodes of an annotation
thread (documents and textual annotations) are typed with
so-called discourse structure relations. In COLLATE, we
defined the following relations: elaboration (giving addi-
tional information), analogy (describing similarities), differ-
ence (describing contrasts), cause (stating a cause for spe-
cific circumstances), background information (e.g., informa-
tion about the background of an author), interpretation (of
statements), support argument and counterargument (sup-
port or attack other arguments). Figure 1 shows an exam-
ple of two discourse structure relations. The incorporation
of these relations is discussed in more detail in [6]. Modeling
annotation threads in this way gives us explicit information
about the pragmatics of statements (through link types);
this is important for the definition of suitable retrieval meth-
ods, as we will see later. An annotation thread in our case
is a directed acyclic graph and forms a hypertext according
to the definition in [1].

3. NESTED ANNOTATION RETRIEVAL
APPROACH (NARA)

Since annotations contain valuable additional information
about the document they are referring to, we will now briefly
discuss how such information can be used for information
retrieval. Due to their strong connection to documents, an-
notations can be seen as a kind of metadata. On the other
hand, annotation threads build a rather complex hypertext
[3], so advanced methods have to be applied.

Consider the example of an annotation thread as it is shown
in Figure 1. The first annotation a1 contains an interpreta-
tion of the content of d. A film scientist states that there
might be other reasons for censoring the film d is talking
about than described in d. a1 extends the content of d,
making it potentially interesting for users seeking for politi-
cal censorship. But if we also take a2 into account, we find a
counterargument to a1; another film scientist disagrees with
the first one’s opinion, so we have two contradictory state-
ments. Ignoring a2 or the link type between a1 and a2 would

1http://www.collate.de/

Figure 1: An example annotation thread

not be appropriate; whereas a1 potentially raises the rele-
vance of d when looking for political censorship, a2 would
lower it again. An in-depth analysis of the annotation thread
has to be performed to cope with this situation accordingly,
in essence with contradictory statements and nested anno-
tations. This is addressed by our nested annotation retrieval
approach (NARA).

Before discussing NARA, we provide a definition of an an-
notation thread.

Definition 1. Let A be the set of annotations and D be
the set of documents. An annotation thread A = (N, E) is a
directed acyclic graph with only one single root node d ∈ D.
N ⊂ D ∪A is the set of nodes in A representing documents
and annotations, respectively; it is n ∈ A if n is not the root
node of A. Let L be the set of link types; E ⊂ N ×N × L
is the set of edges in A labeled with a link type l ∈ L.

In our framework, a query q consists of a set of query terms
given by the user. We now outline our nested annotation
retrieval approach which is a two-phase approach performing
an in-depth analysis of annotation threads w.r.t. the query,
using the content of annotations and the graph structure of
the annotation threads.

1. Initial content-based retrieval : In this phase, the
content-based retrieval status values (RSV) of each
node in the annotation thread w.r.t. the query q are
calculated. This is done using a retrieval function

rcontent : ND ×QD −→ R

which maps a node description nD ∈ ND of a docu-
ment or annotation and a query description qD ∈ QD

onto a real number. Depending on the underlying re-
trieval and indexing model, nodes and queries can be
described as, e.g., vectors consisting of the weights of
the terms contained in the document, annotation, or
query, respectively. In the logic-based approach pre-
sented later, documents, annotations and queries are
described using probabilistic facts.
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Having calculated the RSVs for each node, we gain
information to which degree these nodes are relevant
w.r.t. the query q. This information is used for the
analysis of the annotation thread, which is performed
in the 2nd phase.

2. Annotation-based re-weighting : In this phase, the anal-
ysis of the annotation thread is performed in order
to take the annotation context into account by bias-
ing the initial retrieval status value rcontent(n

D, qD)
for each node d. The calculation of the context-
based retrieval status value rnara(n, q) of a node n
w.r.t. q can be described algorithmically as follows:

1: rnara(n, q) = rcontent(n
D, qD)

2: if n is not a leaf in A then
3: for all n′ with (n, n′, l) ∈ E do
4: Calculate rnara(n′, q)
5: rnara(n, q) = f(rnara(n, q), rnara(n′, q), l)
6: end for
7: end if

The function f should stay undefined here. It biases
the current weight rnara(n, q) using the context-based
RSV of a successor node n′ and the link type between
n and n′. Implementations of NARA have to define f
accordingly, especially in order to cope with inconsis-
tent knowledge.

4. LOGIC-BASED IMPLEMENTATION OF
NARA

In this section we will introduce NARAlog, which is an im-
plementation of NARA using four-valued probabilistic dat-
alog.

4.1 FVPD
Four-valued probabilistic datalog is an extension of prob-
abilistic datalog. Similar to Prolog, its syntax consists of
variables, constants, predicates and Horn clauses. Probabil-
ities can be assigned to facts. Semantically, FVPD uses four
different truth values (besides the classical ones, true and
false) [10, 22]. These additional values are unknown and
inconsistent. Basically, FVPD deals with an open world
assumption (OWA). In contrast to a closed world assump-
tion (CWA), the absence of an atom p(a) does not imply
¬p(a), but would assign the truth value unknown to p(a)
instead of false. In general, using four-valued logics and
OWA, a model may contain a positive atom, a negative
atom, neither of them or both. As an example, let the
model M = {p(a),¬p(a), p(b),¬p(c)} and the Herbrand base
be {p(a), p(b), p(c), p(d)}. Then the following truth values
would be assigned to the elements of the Herbrand base:

p(a) inconsistent
p(b) true
p(c) false
p(d) unknown

FVPD was originally developed for the retrieval of hyper-
media documents and it integrates concepts coming from in-
formation retrieval (like uncertain inference) and deductive

databases. In hypermedia documents, a similar situation
might occur as we might have it with annotations: different
nodes of a hypermedia document can contain contradictory
statements. This can be handled with four-valued prob-
abilistic logics, as the simple example in Figure 2 shows.
Here, we see a hypermedia document d composed of two

Figure 2: Hypermedia document with contradictory
statements

chapters, c1 and c2. Each chapter constitutes its own con-
text. Now consider the query ?- bird(tweety)2. Both
chapters c1 and c2 contain facts relevant to the query: c1

provides evidence that bird(tweety) is true with the prob-
ability 0.4, and c2 provides evidence that bird(tweety) is
false with the probability 0.32. So we find contradictory
information in both subparts of d (which is not contradic-
tory in the subparts c1 and c2 themselves). To calculate the
probability that bird(tweety) is true in the context of d,
the positive evidence coming from c1 (0.4) is combined with
the non-negative evidence from c2 (1 − 0.32), resulting in
0.4 · (1 − 0.32) = 0.272. This process is called knowledge
augmentation and it is discussed in more detail in [10, 22].
With HySpirit3 there exists an implementation of FVPD
[10].

4.2 NARAlog
The process of knowledge augmentation dealing with con-
tradictory statements coming from subparts of hypermedia
documents is similar to the process of dealing with such
knowledge in an annotation thread. In hypermedia docu-
ments, we consider subparts (like c1 and c2 in the example
described above) in order to calculate the final probability
for a fact to be true in a higher context (like d). With
NARA as described in Section 3, we consider direct anno-
tations in the re-weighting phase. This makes FVPD an
interesting framework for a logic-based implementation of
NARA, which we call NARAlog.

NARAlog is based on the view of information retrieval as
uncertain inference, as proposed in [23]. The retrieval func-
tion thus estimates the probability P (d → q) that a doc-
ument d implies a query q. We state that an open world
assumption is more suitable for our approach than a closed
world assumption since we have to deal with positive and
negative evidence in annotations which should be handled
independently.

2Queries are formulated as goal clauses in FVPD
3http://qmir.dcs.qmul.ac.uk/hyspirit.html
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NARAlog underlies some assumptions on the annotation col-
lection. We assume that we have an annotation thread sim-
ilar to the one used in COLLATE, and that the link types
can be categorised in positive and negative ones w.r.t. their
effect on the retrieval weight of the link source (see the dis-
cussion below). Link types are explicitly given or derived
automatically with some uncertainty (methods determining
link types are not an issue here). Annotations are atomic in
that their pragmatics are consistent with the according link
type, e.g. an annotation being a counterargument would not
contain an additional interpretation. We assume that in this
case users would create two corresponding annotations.

4.2.1 Components
Several components are needed in NARAlog, which are
content-based retrieval weights of both documents and an-
notations, document and link types, positive and negative
links and access probabilities. These components will be
discussed now.

4.2.1.1 Content-based Indexing and Retrieval
In NARA, the results of the first phase are content-based
retrieval weights determined by a retrieval function rcontent,
which is based on document and query descriptions usually
derived by an indexing process. NARAlog indexes docu-
ments and annotations as probabilistic facts, using the pred-
icates term and termspace. term is a binary predicate de-
scribing term weights w.r.t. documents. As an example, the
probabilistic facts

0.2 term(d1, "political").

0.3 term(d1, "censorship").

would mean that the document d1 contains the terms “po-
litical” and “censorship” and their weights are 0.2 and 0.3,
respectively. These weights might be, e.g., normalised term
frequencies. The facts

0.3 termspace("political").

0.5 termspace("censorship").

provide another weight to a term which is independent of
the documents but unique for the whole termspace. This
value might be, e.g., the inverse document frequency.

Query terms are described as probabilistic facts in a simi-
lar way. Suppose the query is “political reasons”, we would
create the following facts:

qterm("political").

qterm("reasons").

(if no probabilistic weight is given, 1 is assumed).

Based on these facts, a content-based retrieval function im-
plementing the initial NARA phase can be described as the
following rule:

r_content(N) :- qterm(T) & termspace(T) &

term(N,T).

Because of the query term “political”, this rule would yield
1 · 0.3 · 0.2 = 0.06 for d1.

4.2.1.2 Document and Link Types
Nodes in an annotation thread have to be classified whether
they are documents or annotations. This can be done using
the facts

document(d1).

annotation(a1).

annotation(a2).

which mean that d1 is a document and a1 and a2 are anno-
tations.

Furthermore, we have to model links of a certain type. This
can be done, e.g., by creating appropriate binary predicates
representing links, as can be seen in the following example.

interpretation(d1,a1).

counterargument(a1,a2).

These facts represent the links as they are found in Fig-
ure 1. In a system like COLLATE where the relation types
are explicitly given, we can assign the probability 1 to each
link predicate if the corresponding link appears between two
nodes. However, other systems might not offer explicit link
types, but have to automatically derive them from, e.g., the
content of the link’s source or destination node. This means
such link types are estimated with a degree of uncertainty
which can manifest itself in probabilistic weights less than
1.

4.2.1.3 Positive and Negative Links
Link types should be categorised w.r.t. the effect their desti-
nation nodes have on the calculation of the retrieval weight
of the source node. Consider the example in Figure 1, anno-
tation a1, being an interpretation, would raise the context-
based retrieval weight of d, but never lower it. On the other
hand, the effect of the counterargument relation between a1

and a2 would mean that the context-based weight of a1 is
lowered according to the content-based weight of a2 w.r.t.
the query, which in turn would decrease the overall retrieval
weight of document d. It should be noted that if we had
a counterargument a3 to a2, this would lower the context-
based weight of a2 and in turn raise the weight of a1.

The categorisation of link types into positive and negative
ones can be done by creating appropriate rules like

pos_link(X,Y) :- interpretation(X,Y).

pos_link(X,Y) :- elaboration(X,Y).

neg_link(X,Y) :- counterargument(X,Y).

4.2.1.4 Access Probability
In order to make NARAlog customisable w.r.t. user prefer-
ences, the model should take into account the probability
that an annotation is actually accessed and considered. The
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access probability can depend on attributes such as the au-
thor of an annotation; users might prefer reading one au-
thor’s annotations while neglecting another author’s. If no
such information is given, a fixed value for the access proba-
bilities can be assumed. Access probabilities can be modeled
using the acc predicate:

0.8 acc(d1,a1).

0.8 acc(a1,a2).

4.2.2 Context-based Retrieval Function
Having introduced all the required components of NARA-
log, we will now discuss the context-based retrieval function
rnara. This function consists of certain rules and implements
the re-weighting phase of NARA. As mentioned above, pos-
itive and negative evidence contained in annotations and
links should be considered independently, which motivates
an open world assumption. A logic-based approach should
therefore collect positive and negative evidence and combine
it accordingly, which is done with knowledge augmentation
in FVPD.

Positive evidence is contained in a node n itself, so the
context-based retrieval weight n in the annotation thread
is first of all determined by its content-based weight, which
can be expressed like this:

r_nara(N) :- r_content(N).

Positive evidence is contained in successor nodes n′ of n if
there exists a positive link between n and n′. In this case,
the positive value of n should be increased to the degree of
the context-based weight of n′ and the probability that n′

is actually visited:

r_nara(N) :- pos_link(N,N’) & acc(N,N’) &

r_nara(N’).

Negative evidence is contained in successor nodes n′ of n if
there exists a negative link between n and n′. The negative
value of n should be increased accordingly:

!r_nara(N) :- neg_link(N,N’) & acc(N,N’) &

r_nara(N’).

4.2.3 Example NARAlog Program
Figure 3 shows an example of a NARAlog program. Lines
1-6 show the results of the indexing process of documents
and annotations; as discussed above, both are described as
probabilistic facts using the term and termspace relations.
HySpirit offers the means to load such facts directly from
relational databases. The nodes of the annotation thread
are categorised into documents and annotations in the lines
8-10, links are modeled in lines 12 and 13. Line 15 and 16
contain access probabilities, in this example 0.8. The facts
between lines 1 and 16 are static and could all be stored in
the index database.

Lines 18 to 20 contain rules which categorise the link types
w.r.t. their effect on the context based retrieval weight into

positive and negative links. The query is reflected in lines
22 and 23. The initial phase is implemented as a rule con-
sidering the indexed content of documents and annotations
(line 26). The re-weighting phase is reflected in lines 29-31,
where values for positive and negative evidence are collected.
r_nara(N) implements the re-weighting phase since it is re-
cursively executed for every successor node. The ranking
process itself is started in line 33. By inserting document(D)

we exclude annotations from being retrieved.

4.2.4 Calculation
When traversing the annotation thread in the re-weighting
phase, NARAlog collects positive and negative evidence
w.r.t. the query. But since the rules in lines 30 and 31
only contain positive facts, we have to show how NARAlog
(or more precisely: the underlying HySpirit system) deals
with negative facts. We will show this by discussing an
example run. For this, reconsider the example annotation
thread in Figure 1. The probability P (a2 → q) that a2

implies the query q is given by its content-based value cal-
culated in line 26 (since there are no more successors of
this annotation in our example) and is 0.2456. The cal-
culation of P (a1 → q) is performed by including the evi-
dence found in a2; since there is a negative link between a1

and a2, we have negative evidence here. The correspond-
ing probability is computed by combining the link type,
the access probability and P (a2 → q), so that we gain
1 · 0.8 · 0.2456 = 0.19648 for P (!r nara(a1)). The only
positive evidence for r_nara(a1) comes from the content-
based retrieval weight r_content(a1) which is 0.2345. Both
positive and negative evidence are combined resulting in
P (a1 → q) = P (r nara(a1)) · (1 − P (!r nara(a1))) =
0.235 ·0.80352 = 0.1888272. The value for P (d1 → q), which
is what we are looking for, is 0.185019.

5. RELATED WORK
5.1 Annotations and Annotation Systems
Marshall et al. [16, 17, 18] provide results of empirical in-
vestigations of annotations. These considerations provide
useful insights into how to incorporate annotations in a dig-
ital library. Several dimensions of annotations are identi-
fied, like formal vs. informal, explicit vs. tacit, personal vs.
global annotations, etc [17]. Phelps and Wilensky discuss
several properties of digital annotations which are realised
in their multivalent annotation framework [21]. Annotations
are seen as the basis for collaborative work.

Ovsiannikov et al. provide an overview of annotation sys-
tems and identify four main aspect of annotation usage: to
remember, think, clarify and share [20]. Concepts of an-
notation technologies are derived based on these considera-
tions. Agosti and Ferro create a conceptual model of annota-
tions based on two dimensions: the meaning of annotations
(e.g., comprehension, interpretation, cooperation and revi-
sion) and the sign of an annotation (textual, graphical or
referential). They present an architecture of an annotation
service in OpenDLib [2]. [3] contains an examination of an-
notations from a syntactic, semantic and pragmatic view.
Some options on annotation-based information retrieval are
discussed there. Furuta et al. present Walden’s Path, a sys-
tem to create new hypertext paths with annotations [11].

There are several other annotation systems and prototypes.
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1 0.2 term(d1, "political"). 0.3 term(d1, "censorship").

2 0.5 term(a1, "political"). 0.5 term(a1, "reasons").

3 0.4 term(a2, "political"). 0.6 term(a2, "reasons").

4

5 0.2 termspace("political"). 0.5 termspace("censorship").

6 0.3 termspace("reason").

7

8 document(d1).

9 annotation(a1).

10 annotation(a2).

11

12 interpretation(d1,a1).

13 counterargument(a1,a2).

14

15 0.8 acc(d1,a1).

16 0.8 acc(a1,a2).

17

18 pos_link(X,Y) :- interpretation(X,Y).

19 pos_link(X,Y) :- elaboration(X,Y).

20 neg_link(X,Y) :- counterargument(X,Y).

21

22 qterm("political").

23 qterm("reasons").

24

25 # Initial content-based phase

26 r_content(N) :- qterm(T) & termspace(T) & term(N,T).

27

28 # Annotation-based re-weighting phase

29 r_nara(N) :- r_content(N).

30 r_nara(N) :- pos_link(N,N’) & acc(N,N’) & r_nara(N’).

31 !r_nara(N) :- neg_link(N,N’) & acc(N,N’) & r_nara(N’).

32

33 ?- document(D) & r_nara(D).

Figure 3: Example NARAlog program

Yawas [7] is a Web annotation tool with which the user can
annotate the document content or provide information, e.g.,
about the document type. Annotea [13] is another Web an-
notation tool which can deal with nested annotations and
several annotation types (realised as typed links between
annotations). DEBORA [19] is a digital library for Renais-
sance books. Annotations are used to share information
and to create virtual books. In our COLLATE prototype,
nested annotations are used to enable scientific discussions
[9]. Some commercial systems like Word and Acrobat pro-
vide means for document annotation.

Although most of the work presented in this subsection did
not focus on information retrieval, they give a valuable in-
sight into the nature of annotations and how to model them,
which in turn can be used to develop appropriate retrieval
functions.

5.2 Hypertext Information Retrieval and Cat-
egorisation

Since annotations connected to their annotated resources
can be seen as a specific hypertext [3], it is worth inves-
tigating common hypertext information retrieval (HIR) ap-
proaches w.r.t. their applicability for annotation-based infor-

mation retrieval. [4] gives a good overview of some research
in HIR. An interesting numeric approach is presented by
Frei and Stieger [8] using spreading activation. Similar to
NARA, there is an initialisation phase (where content-based
RSVs are calculated), and a navigation phase where the hy-
pertext structure is traversed to bias the initial RSV. The
approach can cope with link types, but the possible incorpo-
ration of negative links does not suffice since, as described in
Section 4.2.1.3, two consecutive negative links might again
have a positive effect on the contextual RSV, which is not
covered by the algorithms presented in [8].

As mentioned earlier in this paper, Fuhr and Rölleke use
four-valued logics in order to retrieve complex objects [22,
10]. Their work is the foundation of the NARAlog approach
presented here.

The idea of exploiting what others said about a document
is formulated as well in [5]. In their approach of categori-
sation by context Attardi et al. use anchor texts and the
surroundings of a hyperlink as additional information about
the document. This information can be seen as annotations
of a document since it often contains summaries, interpreta-
tions or reformulations of document content. Being tailored
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to the World Wide Web, the approach presented in [5] does
not use any link types and does not consider any positive or
negative links.

5.3 Annotation-based Information Retrieval
It is noticable that there has not been much work pre-
sented so far in information retrieval using textual anno-
tations. Some annotation systems provide simple full-text
search mechanisms on annotations [20], but do not support
annotation-based document search. After finding appropri-
ate annotations, a user still has to browse to the according
document. Results from document and annotation search
are not combined. Yawas [7] offers some means to use anno-
tations for document search, e.g. by enabling users to search
for a specific document type considering annotations. The
approach does not consider nested nor negative annotations.

An interesting approach using annotation-generated queries
with relevance feedback is introduced by Golovchinsky et al.
[12]. Here, annotations are markings given by users who
judge certain parts of a document as being important when
emphasising them. Evaluations show that using these kinds
of annotations provides better retrieval effectiveness than
classic relevance feedback. Being based on relevance judge-
ments and annotations as markings rather than content, this
approach is totally different from what we propose here.

6. FUTURE WORK
Experiments have yet to conclusively prove the impact and
significance of using annotations as we proposed in this pa-
per on retrieval effectiveness. We will perform experiments
using the COLLATE collection, which at the moment con-
sists of 6980 documents and 1994 annotations. Possible
baselines for this would be neglecting annotations and the
structure of an annotation thread. Besides effectiveness ex-
periments have also to address the efficiency of our approach;
possible solutions of making our approach more efficient
would be to prune the annotation thread at a certain depth.
Another important issue is to find other appropriate test
collections containing more documents and annotations as
in the COLLATE repository. Following the idea proposed in
[5], annotations extracted from hypertext test corpora might
gain a suitable collection for evalutation purposes.

Further research is needed to determine suitable weights for
parameters like the access probability P (acc) described in
Section 4.2.1.4. We think this probability is an important
parameter to cover user’s interests, but some suitable values
have to be found in case this information is not available.
One simple approach would be to assign a global value for
all access probabilities.

In COLLATE we let users explicitly state which kind of an-
notation they create, so we know about the link type. It is
required that some kind of atomicity is given. As an exam-
ple, an annotation like “there were no political but econom-
ical reasons” would not be valid in our framework, since be-
sides a counterargument (“there were no political reasons”)
it also contains an interpretation (“there were economical
reasons”). The annotation author would have to create two
annotations to formulate her point. Our model, being suit-
able for an experimental system like COLLATE, is not con-
venient w.r.t. usability. So it is desirable to automatically

recognise link types like discourse relations between annota-
tions or even parts of annotations, at least w.r.t. their effect
(negative or positive). The work by Marcu and Echihabi
[15] where they use Naive Bayes classifiers for determining
discourse relation seems to be an interesting starting point
for calculating probabilities for link types like the ones dis-
cussed in Section 4.2.1.2.

7. CONCLUSION
In this paper we have discussed NARA, which is an ap-
proach to perform information retrieval using nested anno-
tation. Such nested annotation together with typed links
between them build an annotation thread. NARA biases
content-based retrieval status values by analysing the anno-
tation thread. For this, NARA has to deal with negative
and contradictory statements.

With NARAlog we have presented an implementation of
NARA based on four-valued probabilistic datalog. Using
four-valued logics and an open world assumption, NARAlog
is capable of coping with nested annotation as well as neg-
ative and contradictory ones. The components of NARA-
log, including content- and context-based retrieval functions,
were discussed.
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[5] G. Attardi, A. Gulĺı, and F. Sebastiani. Automatic
Web page categorization by link and context analysis.
In C. Hutchison and G. Lanzarone, editors,
Proceedings of THAI-99, 1st European Symposium on
Telematics, Hypermedia and Artificial Intelligence,
pages 105–119, Varese, IT, 1999.

[6] H. Brocks, A. Stein, U. Thiel, I. Frommholz, and
A. Dirsch-Weigand. How to incorporate collaborative
discourse in cultural digital libraries. In Proceedings of
the ECAI 2002 Workshop on Semantic Authoring,
Annotation & Knowledge Markup (SAAKM02), Lyon,
France, July 2002.

[7] L. Denoue and L. Vignollet. An annotation tool for
web browsers and its applications to information
retrieval. In Proceedings of RIAO 2000, Paris, April
2000, April 2000.

[8] H. P. Frei and D. Stieger. The use of semantic links in
hypertext information retrieval. Information

37



Processing and Management: an International
Journal, 31(1):1–13, 1995.

[9] I. Frommholz, H. Brocks, U. Thiel, E. Neuhold,
L. Iannone, G. Semeraro, M. Berardi, and M. Ceci.
Document-centered collaboration for scholars in the
humanities - the COLLATE system. In Koch and
Sølvberg [14], pages 434–445.

[10] N. Fuhr and T. Rölleke. HySpirit – a probabilistic
inference engine for hypermedia retrieval in large
databases. In H.-J. Schek, F. Saltor, I. Ramos, and
G. Alonso, editors, Proceedings of the 6th International
Conference on Extending Database Technology
(EDBT), Valencia, Spain, Lecture Notes in Computer
Science, pages 24–38, Heidelberg et al., 1998. Springer.

[11] R. Furuta, F. M. Shipman, C. C. Marshall,
D. Brenner, and H. Hsieh. Hypertext paths and the
world-wide web: Experiences with Walden’s Path. In
Hypertext ’97: the Eighth ACM Conference on
Hypertext, pages 167–176. ACM Inc., UK, 1997.

[12] G. Golovchinsky, M. N. Price, and B. N. Schilit. From
reading to retrieval: Freeform ink annotations as
queries. In F. Gey, M. Hearst, and R. Tong, editors,
Proceedings of the 22nd Annual International ACM
SIGIR Conference on Research and Development in
Information Retrieval, pages 19–25, New York, 1999.
ACM Press.

[13] J. Kahan, M. Koivunen, E. Prud’Hommeaux, and
R. Swick. Annotea: An open rdf infrastructure for
shared web annotations. In Proceedings of the
WWW10 International Conference, Hong Kong, May
2001.

[14] T. Koch and I. T. Sølvberg, editors. Proc. 7th
European Conference on Research and Advanced
Technology for Digital Libraries (ECDL 2003).
Lecture Notes in Computer Science (LNCS) 2769,
Springer, Heidelberg, Germany, 2003.

[15] D. Marcu and A. Echihabi. An unsupervised approach
to recognizing discourse relations. In Proceedings of
the 40th Annual Meeting of the Association for
Computational Linguistics (ACL), pages 368–375,
July 2002.

[16] C. C. Marshall. Annotation: from Paper Books to the
Digital Library. In R. B. Allen and E. Rasmussen,
editors, Proc. 2nd ACM International Conference on
Digital Libraries (DL 1997), pages 233–240. ACM
Press, New York, USA, 1997.

[17] C. C. Marshall. Toward an Ecology of Hypertext
Annotation. In R. Akscyn, editor, Proc. 9th ACM
Conference on Hypertext and Hypermedia (HT 1998):
links, objects, time and space-structure in hypermedia
systems, pages 40–49. ACM Press, New York, USA,
1998.

[18] C. C. Marshall and A. J. B. Brush. From Personal to
Shared Annotations. In L. Terveen and D. Wixon,
editors, Proc. Conference on Human Factors and
Computing Systems (CHI 2002) – Extended Abstracts
on Human Factors in Computer Systems, pages
812–813. ACM Press, New York, USA, 2002.

[19] D. Nichols, D. Pemberton, S. Dalhoumi, O. Larouk,
C. Belisle, and T. M.B. DEBORA: Developing an
Interface to Support Collaboration in a Digital
Library. In J. Borbinha and T. Baker, editors,
Proceedings of the 4th European Conference on
Research and Advanced Technology for Digital
Libraries (ECDL 2000), Lecture Notes in Computer
Science, pages 239–248, Berlin et al., 2000. Springer.

[20] I. A. Ovsiannikov, M. A. Arbib, and T. H. McNeill.
Annotation technology. Int. J. Hum.-Comput. Stud.,
50(4):329–362, 1999.

[21] T. A. Phelps and R. Wilensky. Multivalent
Annotations. In C. Peters and C. Thanos, editors,
Proc. 1st European Conference on Research and
Advanced Technology for Digital Libraries (ECDL
1997), pages 287–303. Lecture Notes in Computer
Science (LNCS) 1324, Springer, Heidelberg, Germany,
1997.

[22] T. Rölleke and N. Fuhr. Retrieval of complex objects
using a four-valued logic. In Proceedings of the 19th
International ACM SIGIR Conference on Research
and Development in Information Retrieval, pages
206–214, New York, 1996. ACM.

[23] C. J. van Rijsbergen. A non-classical logic for
information retrieval. The Computer Journal,
29(6):481–485, 1986.

38



An XML-IR-DB Sandwich:
Is it Better With an Algebra in Between?
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ABSTRACT
In this paper we address the problem of immediate trans-
lation of XPath+IR queries to relational database expres-
sions and exert the benefits of using an intermediate alge-
bra. Adding an intermediate algebra on the logical level of
a database enables a level of abstraction from both query
languages for IR in XML documents and the underlying re-
lational storage. This paper proposes a region algebra that
can be extended to support ranking operators in an elegant
way while staying algebraic. Furthermore, region algebra
operator properties provide a firm ground for query rewrit-
ing and optimization.

1. INTRODUCTION
Despite the numerous existing systems dealing with XML
querying, the problem of expressing as well as executing In-
formation Retrieval-like (IR-like) queries over XML databases
is still an open issue [1]. An IR-like query (an example is
given in Figure 2 in Section 2) does not specify hard con-
ditions on XML elements, but queries the collection for el-
ements ‘about’ a certain topic. For instance, an XML ele-
ment that is relevant to a query for elements about “rela-
tional databases” might not contain the phrase “relational
databases”, or even both words “relational” and “databases”.
IR-like queries should result in a ranked list of XML ele-
ments, in decreasing order of some score value that the sys-
tem assigns to each element. The score value has to reflect
the probability (or degree) of relevance of the element to the
IR-like query.

A promising approach to executing XPath and XQuery is
the use of relational database technology [9, 17], which is
easily extended to IR-like querying of XML [6, 12]. What
would be the most effective way to support IR-like querying
in XPath and XQuery using relational database technology?
The semantics of XPath and XQuery give rules for naviga-
tion through XML structure, but not the rules that specify
how score values for XML elements should propagate and
relate to each other. Similarly, the semantics of relational al-
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gebra introduce rules for manipulating relational tables that
describe XML data, but again the rules for score computa-
tion and propagation cannot be derived from the relations
present in the relational database.

We follow a three level database approach for developing
an XML-IR system, consisting of conceptual, logical, and
physical level. The benefits of the usage of a three level
database management system is that we are able to provide
data independence between the relational representation on
the physical level, the proposed algebra on logical level, and
the query language used on the conceptual level, and provide
a certain level of abstraction from the information retrieval
model used for ranked retrieval.

The introduction of an intermediate level allows for the us-
age of algebraic properties for query rewriting and optimiza-
tion. The optimization should be achieved not only for the
regular XPath/XQuery queries but for the IR-like queries
as well. In this paper we study the usefulness of algebraic
properties for query optimization and for developing and un-
derstanding IR-like extensions. The algebra we propose is
based on so-called region algebras [2, 4, 11, 13]. Region alge-
bras are sufficiently simple to study algebraic properties in
depth, and they are sufficiently powerful to express IR-like
queries as those proposed in the NEXI query language used
for the evaluation of XML retrieval in INEX [16]. NEXI
stands for “narrowed extended XPath”. It only uses the de-
scendant axis step from XPath, and it extends XPath with a
special about-function that provides IR-like search. The re-
gion algebra can be easily extended to support other XPath
axis steps with additional parent information [14]. The basic
idea behind the algebra is to support as much as possible for
the full text search requirements [3] and it is driven by the
wish to integrate XML databases and information retrieval
as discussed in [1].

Unlike many approaches for ranked retrieval in XML, the
algebra we define assumes that the ranking is a part of the
algebra and not a side effect of performing some operations
on regions (like in [13]) or a separate IR module (like in many
IR approaches for XML retrieval). Therefore, we follow the
approach taken by Fuhr et al. [7, 8], although we base our
algebra on containment model rather than path model, and
do not make any restrictions on the definition of retrieval
model. By defining the algebra in such a way we have the
opportunity to utilize the optimization methods not just for
basic region algebra operators, but for the ranking region
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<article lang=’’en’’ date=’’10/02/04’’>
<title>Region algebra</title>
<bdy>

<sec>
<p>Structured documents ...</p>
<p>Text search ...</p>

</sec>
...

</bdy>
...

</article>

Figure 1: Example XML document.

algebra operators as well. This allows for the introduction
of more powerful optimization techniques concerned with
speeding-up the execution of operations that compute score
values for ranked retrieval.

The paper is organized as follows. In Section 2 we explain
how relational technology is used to process NEXI queries.
We give the translation of NEXI queries into relational al-
gebra and discuss why we need an intermediate level. Sec-
tion 3 introduces our region algebra and discuss region al-
gebra operator properties. In Section 4, we illustrate how
operators for ranked retrieval follow the properties of ba-
sic region algebra operators and discuss the opportunities
for query optimization in our region algebra, extended for
ranked retrieval. We conclude the paper with a discussion
and our plans for future research.

2. XML AND RELATIONAL DATABASES
In this section we explain the formation of the XML data set
and discuss some issues on the indexing of XML documents.
The relational storage of such documents is also discussed,
along with the relational algebra expressions for two NEXI
query examples.

2.1 Representing XML in Relational Databases
Most of the database approaches to XML choose to in-
dex XML documents before storing them into relational ta-
bles. The rationale for this is the structural organization of
XML documents and the benefits that can be achieved when
querying such indexed relational representation of XML doc-
uments. For an illustration we refer to [10] where the authors
used the pre-post and stretched pre-post indexing scheme for
the relational storage of XML documents. In our approach
we used a variant of the stretched pre-post indexing1 scheme
that also indexes each word in XML text nodes. Note that
the indexing also produces the initial data set for the data
model that we define in Section 3.

The data set creation, i.e., the formation of the initial data
set from (plain text) XML documents can be explained through
the usage of a two step indexing process2. The indexing pro-
cess is explained using an example XML document given in
Figure 1. In the first step each token in the XML document
(denoted with D) is indexed regarding its relative position
with respect to its beginning and its type: I1 : D → X. As

1Note that the term indexing differs from the concept of indexing
as defined in the traditional database systems. It denotes the
method used for creation of the initial data set.
2Although XML documents are actually graphs we will simplify
the XML structure and treat these entities as if they were orga-
nized as a hierarchical (tree-like) structure.

a result we obtain a set of elements: x ∈ X, uniquely identi-
fied by their position in the XML document. Each element
has the form of x = {position, token, token type} as shown
in Table 1.

Table 1: Intermediate index structure (X) obtained af-

ter initial indexing (I1) of XML document depicted in

Figure 1.
position token token type

0 <article> start tag
1 lang attribute name
2 ‘‘en’’ attribute value
3 date attribute name
4 ‘‘10/02/04’’ attribute value
5 <title> start tag
6 region term
7 algebra term
8 </title> end tag
9 <bdy> start tag
10 <sec> start tag
11 <p> start tag
12 structured term
13 documents term
... ... ...
54 </p> end tag
... ... ...

576 </sec> end tag
... ... ...

9876 </bdy> end tag
... ... ...

10034 </article> end tag

The second step produces regions that we can consider as the
initial data set. These regions are produced by pairing cor-
responding tokens that represent opening and closing tags,
attribute names and values, etc., and by removing mark-up
delimiters from the tokens: I2 : X → R. This will result in a
data set like the one presented in Table 2. Thus, the initial
data set construction can be defined as a composition of two
indexing procedures: I = I1 ◦ I2. Although the indexing is
a two step process it can be implemented as a single walk
through an XML document using the SAX parser and stack
structures (see [10]).

Table 2: Data model for XML document presented in

Figure 1 obtained after the composition of initial index-

ing (I1) and final indexing (I2).
start end name type

0 10034 article node
1 2 lang attr name
2 2 en attr value
3 4 date attr name
4 4 10/02/04 attr value
5 8 title node
6 8 - text
6 6 region term
7 7 algebra term
9 9876 bdy node
10 576 sec node
11 54 p node
12 53 - text
12 12 structured term
13 13 documents term
... ... ... ...

An indexed XML document, however, is not stored in one
relational table since this table will be huge and in most
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cases (on most platforms) hard to process. In many rela-
tional approaches to XML different fragmentations of this
basic table are used. The fragmentation can be horizontal,
based only on type of XML nodes (like in [10] and [12]), ver-
tical based on a name and/or type of XML elements, e.g.,
[6], or based on paths to XML nodes in an XML tree struc-
ture (like in [15]). For illustrative purpose we use horizontal
fragmentation of XML data as presented in [12]. Conse-
quently, different relational tables are defined for the XML
element nodes and attribute nodes and the word table is de-
fined for the words in the XML text nodes. This is depicted
in Table 3. In further discussion we will not consider the
attribute table since it is not of the interest for the issues
that we are discussing in this paper.

Table 3: Relational data model for storing XML docu-

ment presented in Figure 1.
Node table N

start end name type

0 10034 article node
5 8 title node
6 8 - text
9 9876 bdy node
10 576 sec node
11 54 p node
12 53 - text
... ... ... ...

Word table W
start name

6 region

7 algebra

12 structured

13 documents

... ...

Attribute table A
start owner name type

1 0 lang name
2 0 en value
3 0 date name
4 0 10/02/04 value
... ... ... ...

2.2 From XML Queries to Relational Algebra
The two example queries given in Figure 2 will be used as
our leading examples in the following sections. As query
language we use NEXI query language which has officially
been adopted for INEX 20043. Its detailed description can
be found in [16]. For now we consider that the about condi-
tion inside queries is strict (corresponds to a Boolean search,
i.e., about behaves the same as XPath contains expression).
Later on in this paper we elaborate more on the use of the
about clause for ranking.

For the chosen storage model, composed of N and W (and
A), we can directly transform any NEXI expression into
relational algebra expression. For NEXI example query 1
depicted in Figure 2 a possible relational algebra expressions
could be specified as given in Figure 3. We disregard the
type attribute in expressions for brevity.

Note that there is a frequent usage of a group of expressions
consisting of join and projection operations that simulate the
XPath descendant/ancestor step. This group of expressions
actually represents the bottleneck for XPath query process-
ing, since its naive execution is extremely slow. A number
of techniques have been proposed to speed up the execu-
tion of XPath descendant and ancestor steps, such as multi-
predicate merge join [17], staircase join [10], containment
join [12], etc. Using such abstract join operators, denoted

3http://inex.is.informatik.uni-duisburg.de:2004/.

with 1= (for expression types R7, R8 and R10 in Figure 3)
and 1< (for expression type R6 in Figure 3), the query plan
for NEXI query example 2 can be expressed as shown in
Figure 4.

Figure 3: Relational query plan for example query 1

given in Figure 2.

R1 = σname=“article“(N )

R2 = σname=“bdy“(N )

R3 = σname=“sec“(N )

R4 = σname=“structured“(W)

R5 = σname=“documents“(W)

R6 = πstart2,end2,name2(R2 1start2>start1,end2<end1 R1)

R7 = πstart3,end3,name3(R3 1start3<start4,end3>end4 R4)

R8 = πstart3,end3,name3(R3 1start3<start5,end3>end5 R5)

R9 = R7 ∩R8

R10 = πstart6,end6,name6(R6 1start6<start9,end6>end9 R9)

Figure 4: Relational query plan for example query 2

given in Figure 2.

R1 = σname=“article“(N )

R2 = σname=“bdy“(N )

R3 = σname=“sec“(N )

R4 = σname=“p“(N )

R5 = σname=“region“(W)

R6 = σname=“algebra“(W)

R7 = σname=“XML“(W)

R8 = σname=“information“(W)

R9 = σname=“retrieval“(W)

R10 = R2 1< R1

R11 = ((R10 1= R5) ∩ (R10 1= R6)) 1= (R3 1= R7)

R12 = R4 1< R11

R13 = (R12 1= R8) ∩ (R12 1= R9)

2.3 Do We Need an Algebra in Between?
There might be a number of reasons to define an algebra.
First of all, as we saw in the previous section, to be able to
express XPath+IR (NEXI) queries in relational databases
we need new operators for efficient execution of XPath+IR
subexpressions, such as descendant and ancestor steps, con-
tainment conditions, etc. The exact technique how we im-
plement the subexpression is defined on the physical level,
and it does not have to be unique, i.e., we can have multi-
ple variants of relational expression for the same XPath+IR
subexpressions. The execution times for distinct implemen-
tations differ regarding the relational storage of the XML
data, parameters of the relational tables, and index struc-
ture used for the acceleration of relational expression execu-
tion in relational databases.

Another important issue concerning immediate translation
of XPath+IR expressions into relational algebra is that the
algebraic expressions are highly dependent on the relational
model chosen for the storage of XML data. If we change
the relational storage model, the relational algebra expres-
sions for each query have to be rewritten according to the
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Figure 2: NEXI queries.

Example NEXI query 1:

//article//bdy[about(.//sec, structured) and about(.//sec, documents)]

Example NEXI query 2:

//article//bdy[about(., region) and about(., algebra)][about(.//sec, XML)]//p[about(., information) and

about(., retrieval)]

relational model. This is especially the case for XML, since
usually huge relational tables, which have more than a mil-
lion entries, are typically broken into a number of smaller
ones using one of the fragmentation methods mentioned in
section 2.1. Having a logical level with the algebra defined
in it would provide the right level of abstraction considering
different XPath+IR queries formed on the conceptual level,
and the relational storage structure chosen on the physical
level. In such a way we provide the needed data indepen-
dence on logical level. Furthermore, the reasoning that can
be done on the logical level can be useful for query rewrit-
ing and optimization. Using knowledge about the size of the
operands and the cost for the execution of different operators
on the physical level we are able to generate different logi-
cal query plans achieving faster execution times and lower
usage of main memory when executing on physical level.

A final but important reason for defining an algebra is to en-
able the expression of IR-like queries (about in NEXI), i.e.,
score computation and ranking of XML elements. There-
fore, the algebra should provide a specific level of IR un-
derstanding that is based on the retrieval model used for
score computation. The operators used for score computa-
tion should adhere to certain operator properties which can
be used for query optimization based on the definition of
score operators.

The exact way of how we use region algebra operator prop-
erties on the logical level, and how we extend the region
algebra to support ranked retrieval is explained in the next
two sections.

3. REGION ALGEBRA
For defining the intermediate logical level we have chosen
the region algebra approach, because it is already well es-
tablished in the area of structured document retrieval [2, 4,
11, 13], and because of the useful properties of region algebra
operators as we discuss in the remainder of the paper.

With the specification of the region algebra data model we
provide a uniform platform for defining region algebra oper-
ators. We discuss the basic XML region algebra data model
which can be defined using four region attributes, based on
the indexed data set described in the previous section (for
more details see [12]).

Definition 1. The basic region algebra data model is de-
fined on the domain R which represents a set of region tu-
ples. A region tuple r (r ∈ R), r = (s, e, n, t), is defined by
these four attributes: region start attribute - s, region end
attribute - e, region name attribute - n, and region type at-
tribute - t. The region start and end attributes must satisfy
ordering constraints (ei ≥ si).

The semantics of region start and region end attributes are
the same as in other region algebra approaches: they denote

Table 4: Basic score region algebra operators.
Operator Operator definition

σn=name(R) {r|r ∈ R ∧ n = name}
R1 = R2 {r1|r1 ∈ R1 ∧ ∃r2 ∈ R2 ∧ s1 < s2 ∧ e1 > e2}
R1 < R2 {r1|r1 ∈ R1 ∧ ∃r2 ∈ R2 ∧ s1 > s2 ∧ e1 < e2}
R1 uR2 {r|r ∈ R1 ∧ r ∈ R2}
R1 tR2 {r|r ∈ R1 ∨ r ∈ R2}

the bounds of a region. The region name attributes are
used to denote node names, content words, attribute names,
attribute values, etc. To be able to distinguish different node
types in XML the type information is needed.

Next, we define the basic region algebra operators. The
definition of region algebra operators is based on the op-
erators specified in the previous region algebra approaches,
extended to support a specific XML structure. Table 4 de-
fines the following five basic region algebra operators: se-
lection (σ), containing (=), contained by (<), region set
intersection (u), and region set union (t). We use Ri (i =
1, 2, ...) to denote the region sets, their corresponding non-
capitals to denote regions in these region sets (ri), and cor-
responding indexed non-capitals to denote region attributes
(si, ei, ni, ti)

4.

As can be noticed in Table 4, instead of an interval operator
used in [2, 4, 11, 13] (usually denoted with I (token) in re-
gion algebra approaches) which is actually not a real region
algebra operator but rather specifies the indexing function
applied to a specified token that returns the region set of the
occurrences of token in a document, we introduced a selec-
tion operator (σ). The selection operator is a unary region
algebra operator that operates on a region set and produces
a region set as a result. It is defined to enable the selec-
tion of regions formed during the initial data set creation
(explained in section 2.1), based on name (and type) region
attributes.

Following the query examples given in Figure 2, we give the
same query execution plans defined using the region algebra
operators instead of the relational ones. The region algebra
query plans for query examples 1 and 2 are given in Figure 5
and Figure 6. We use C to denote the initial data set of
regions. We can note a great resemblance between the pre-
vious relational query plans and region algebra query plans.
This exerts the simplicity of transforming region algebra ex-
pressions into relational expression. However, the change in
the relational storage will result in the change of query plan
on the physical level, while the query plan on the logical
level will remain the same.

We can state here that in order to model XML properly, we

4In Table 4 we do not use the type information as it is not of
great importance for this paper. Thus, the exact definition of
selection operator should be σn=name,t=type(R) = {r|r ∈ R∧n =
name ∧ t = type}, if type attribute would be used.
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Figure 5: Region algebra query plan for example query

1 given in Figure 2.

article = σn=“article“(C)

bdy = σn=“bdy“(C)

sec = σn=“sec“(C)

structured = σn=“structured“(C)

documents = σn=“documents“(C)

R1 = (sec = structured) u (sec = documents)

R2 = (bdy < article) = R1

Figure 6: Region algebra query plan for example query

2 given in Figure 2.

article = σn=“article“(C)

bdy = σn=“bdy“(C)

sec = σn=“sec“(C)

p = σn=“p“(C)

region = σn=“region“(C)

algebra = σn=“algebra“(C)

xml = σn=“XML“(C)

information = σn=“information“(C)

retrieval = σn=“retrieval“(C)

R1 = bdy < article

R2 = ((R1 = region) u (R1 = algebra)) = (sec = xml)

R3 = (p < R2)

R4 = (R3 = information) u (R3 = retrieval)

could enrich the definition of a region with the additional
information of XML references, parent or level information,
etc. For details on some extensions on region algebra ap-
proaches we refer to papers [12] and [14].

3.1 Region Algebra Operator Properties
In this section we discuss properties of algebraic operators
and their use for query rewriting and optimization. Some
of the properties are illustrated using the examples given in
Figure 5 and Figure 6. Many properties are mentioned in pa-
pers about region algebra by Clarke et al. [4], and Jaakkola
and Kilpelainen [11], but none of the papers discuss their
usage. Our study on region algebra shows that there are
only few operators that have the basic operator properties
such as: identity, inverse, commutativity, associativity, and
distributivity. However, there is a number of region algebra
specific properties which can be considered as a special case
of distributivity and associativity properties.

In general, we can distinguish two classes of binary region
algebra operators. The first class consists of containment
operators: =, <, while the second class consists of the stan-
dard set operators: u and t. Only set operators have the
identity element, which is the initial data set C for oper-
ator u (property (1)), and the empty set ∅ for operator t
(property (2)). There is no inverse element for any of the op-
erators. The set operators are commutative (properties (3)
and (4)) and associative (properties (5) and (6)). Consid-
ering the distributivity property, only some combinations of
operators follow it. The operators = and < distribute over
the operator t (properties (7) and (8)), while the operator
u distributes over the operator t and vice versa (properties
(9) and (10)).

Identity
R u C = C uR = R (1)

R t ∅ = ∅ tR = R (2)

Commutativity
R1 uR2 = R2 uR1 (3)

R1 tR2 = R2 tR1 (4)

Associativity

(R1 uR2) uR3 = R1 u (R2 uR3) (5)

(R1 tR2) tR3 = R1 t (R2 tR3) (6)

Distributivity

R1 = (R2 tR3) = (R1 = R2) t (R1 = R3) (7)

R1 < (R2 tR3) = (R1 < R2) t (R1 < R3) (8)

R1 u (R2 tR3) = (R1 uR2) t (R1 uR3) (9)

R1 t (R2 uR3) = (R1 tR2) u (R1 tR3) (10)

Special cases of associativity and distributivity
There are several interesting properties of the region alge-
bra operators which can be useful for query rewriting and
optimization on the logical level of a database. Here we
mention the special case of containment operator associa-
tivity (property (11)), containment operator normalization
(property (12)), and special case of set operator distributiv-
ity (property (13)). The first two properties are mentioned
in papers [4] and [11]. We know of no publication on region
algebras that mentions the third property.

For operators op1 ∈ {=, <} and op2 ∈ {=, <} properties
(11) and (12) hold.

(R1 op1 R2) op2 R3 = (R1 op2 R3) op1 R2 (11)

(R1 op1 R2) op2 R3 = (R1 op1 R2) u (R1 op2 R3) (12)

For operators op1 ∈ {u,t} and op2 ∈ {=, <} property (13)
is true.

(R1 op1 R2) op2 R3 = (R1 op2 R3) op1 (R2 op2 R3) (13)

To illustrate properties (11) and (12) we use the region al-
gebra expression specified for the example query 1, given in
Figure 5:

(bdy < article) = ((sec = structured)u (sec = documents))

The expression may be read as follows: “Retrieve bdy-elements
contained-by article-elements containing the intersection of
sec-elements containing the term ’structured’ and sec-elements
containing the term ’documents’.” Using the property (11)
we can rewrite this expression into:

(bdy = ((sec = structured)u (sec = documents))) < article

Furthermore, using the property (12) this expression can be
rewritten into:

(bdy = ((sec = structured) = documents)) < article

or using again the property (11) to:

(bdy = ((sec = documents) = structured)) < article

Using properties (11) and (12) we are able to choose the
most appropriate query plan assuming that we have the in-
formation on which subexpressions are more selective. This
reasoning can be applied for choosing which subexpressions
will be more selective for sec = documents or sec =
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structured, or similarly for bdy = ((sec = documents) =

structured) or bdy < article expressions. For example,
since usually all regions from the bdy region set are con-
tained in the article region set, bdy < article expression
should be pushed up in the query plan as it is not a selec-
tive expression. Also the formulations of the query with the
u operator can be useful for parallel execution of two con-
tainment subqueries, if there exist an opportunity for such
execution.

Property (13) is explained on a part of the example query
2, denoted with R2 in Figure 6. Using the expression R1 =
bdy < article the part of the query example 2 can be ex-
pressed in region algebra as follows:

((R1 = region) u (R1 = algebra)) = (sec = xml)

Using property (13) for operators u and =, this expression
can be rewritten into:

((R1 = region) = (sec = xml))u((R1 = algebra) = (sec = xml))

We would obtain a similar region algebra expression for the
or expression of the example NEXI query 1 in Figure 2 in-
stead of the and expression, where operator u will be re-
placed with the operator t. This will provide the opportu-
nity for e.g., parallelization.

Furthermore, using the property (11) the next expression
could be obtained from the previous one:

((R1 = (sec = xml)) = region)u((R1 = (sec = xml)) = algebra)

and after the usage of property (12) the final expression is:

((R1 = (sec = xml)) = region) = algebra

Therefore, instead of six operands and five operators we have
a reduction to five operands and four operators, where the
selection of regions R1 that contain sections that contain
term XML is pushed down to the first subexpression (as-
suming it is highly selective).

A similar expression can be obtained for the or combination
in the about, where the distributivity property (8) could be
applied as the last step:

((R1 = (sec = xml)) = (region t algebra)

4. UNDERSTANDING IR
In this section some issues about the impact of introducing
relevance ranking (i.e., score computation) in region algebra
are discussed.

4.1 Relevance Ranking in Region Algebra
Relevance ranking cannot be explicitely expressed in the na-
tive relational algebra. To store the score information addi-
tional attribute for each entry in relational tables must be
introduced. It stores the ranking score values for particu-
lar XML regions during the query execution. Furthermore,
a number of operators have to be defined in the relational
algebra which combination should express the score compu-
tation, i.e. instead of a join operator in Figure 4 we would
use a combination of relational score operators. However,
the introduction of score operators in the region algebra is
easier and more elegant than in the relational algebra since
the score computation is done on the right level of abstrac-
tion (logical level) and without considering the issues of how

these operators are implemented on the physical level, i.e.,
in the relational algebra.

We use the same example query expressions given in Fig-
ure 2, except that we treat the about clause as a vague
constraint instead of the strict interpretation in previous
sections. Thus, paths and terms in the about clause do not
have to be strictly matched, and the vague match is defined
by the retrieval model. To be able to express IR-like search
in XML databases the region algebra can be extended to
support ranked retrieval. For that purpose the basic region
algebra data model is extended with an additional attribute
called score (denoted with p to resemble the probabilistic
value).

To enable the score computation and the region ranking
based on computed scores new region algebra operators are
introduced. For each binary region algebra operator defined
in Table 4 the probabilistic counterpart is defined. To dis-
tinguish between basic region algebra operators and score
region algebra operators we use the index p for score oper-
ators. The score operators are depicted in Table 5. Note
that the operators =p and <p produce all regions from the
first operand (R1) as a result, except that the score value
(p3) is changed according to the operator definition. The
definitions of other two operators (up and tp) are similar to
the definitions of basic ones except that they include score
manipulation.

In the definition of score operators we introduced two com-
plex scoring functions: f= and f<, as well as two abstract
operators: ⊗ and ⊕, which define the retrieval model. By
using such definition of operators we leave their exact im-
plementation for the physical level (for more details on this
issue see [12]). However, for the operator ⊕ we assume that
there exist a default value for score (denoted with d), and
in case when the region r1 is not present in the region set
R2 the score is computed as p3 = p1 ⊕ d and in case when
the region r2 is not present in the region set R1 the score is
computed as p3 = d⊕ p2.

The functions f=(r, R) and f<(r, R), applied to a region
r1 and region set R2, result in the numeric value that takes
into account the score values of region r2 ∈ R2 and the prob-
abilistic value that reflects the structural relation between
the region r1 and the region set R2. For containing operator
usually many regions from the region set R2 are contained
in the region r1 (e.g., sections inside the article element).
Although for contained by operator there is a small chance
that the region r1 is contained by a set of regions present in
R2, it can happen that e.g., there are nested XML elements
with the same name (e.g., section inside other sections), and
therefore, one region can be contained in multiple regions
with the same name.

Following the previous discussion we can define complex
functions as follows:

f=(r, R) = p ∗
∑

r̄∈R<R′
(g=(r̄, r) ∗ p̄)

f<(r, R) = p ∗
∑

r̄∈R′=R

(g<(r̄, r) ∗ p̄)

We assume that R′ is the region set containing a single
region r, and g=(r̄, r) and g<(r̄, r) are abstract functions
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Table 5: Region algebra operators for score manipulation.
Operator Operator definition

R1 =p R2 {r|r1 ∈ R1 ∧ (s, e, n) := (s1, e1, n1) ∧ p := p1 ∗ f=(r1, R2)}
R1 <p R2 {r|r1 ∈ R1 ∧ (s, e, n) := (s1, e1, n1) ∧ p := p1 ∗ f<(r1, R2)}
R1 up R2 {r|r1 ∈ R1 ∧ r2 ∈ R2 ∧ (s1, e1, n1) = (s2, e2, n2) ∧ (s, e, n) := (s1, e1, n1) ∧ p := p1 ⊗ p2}
R1 tp R2 {r|r1 ∈ R1 ∧ r2 ∈ R2 ∧ ((s, e, n) := (s1, e1, n1) ∨ (s, e, n) := (s2, e2, n2)) ∧ p := p1 ⊕ p2}

used to define the score propagation based on the structural
relation between the region r and regions in the region set
R. In the straightforward implementation functions g=(r̄, r)
and g<(r̄, r) can be constant functions equal to e.g., 1. If
we base the retrieval model on the term frequency, former

function can be defined as g=(r̄, r) = size(r̄)
size(r)

. Similarly latter

function can be defined as g<(r̄, r) = size(r̄)∑
r̄ size(r̄)

. Since the

exact retrieval model is not the main issue in this paper we
will not elaborate more on it.

The abstract operator ⊗ specifies how scores are combined
in an and expression, while the operator ⊕ defines the score
combination in an or expression inside the NEXI predicate.
In this paper we take the simple approach where ⊗ is a
product of two score values, while ⊕ is the sum of scores, as
it shows good behavior for retrieval (see [12]).

To illustrate the elegance of expressing score computation
in region algebra we show how we can express NEXI query
1 in score region algebra:

(bdy =p ((sec =p structured)up(sec =p documents))) < article

which very much resembles the original query plan for ex-
ample query 1 given in Figure 5.

4.2 Properties of Score Operators
Considering the properties of score operators we can exert
that some of the properties follow ones defined for the re-
gion algebra without scores, some of them hold only if some
conditions are satisfied (conditional properties which depend
on the underlying retrieval model), and some of them are no
longer valid.

Operator up defines the Boolean-like AND combination of
scores obtained for two regions with the same region bounds
(i.e., s and e values). It preserves the identity and inverse
element properties from the u operator (property (1)), but
only in case the default score value for all regions in the
initial region set is the value which is the identity element
for abstract operator ⊗, i.e., 1 for the multiplication.

R up C = C up R = R, i.e., p ∗ 1 = 1 ∗ p = p, ∀r ∈ R (14)

Furthermore, the operator up is commutative or associative
(properties (3) and (5)) if the operator ⊗ is commutative or
associative, respectively, which is the case for multiplication.

An extension of the set union operator is given by the tp

operator. It defines the Boolean-like OR combination of
scores for two regions. Similarly to up operator, operator tp

preserves the identity and inverse element properties from
the t operator (property (2)) but only in case the default
value (d) taken for the tp operator is the value which is the
identity element for the abstract operator ⊕, i.e., 0 for the
summation in our case.

R tp ∅ = ∅ tp R = R, i.e., p + 0 = 0 + p = p, ∀r ∈ R (15)

As in the up operator case, commutativity and associativity
properties depend on the definition of ⊕ operator. In other
words, operator tp is commutative or associative (properties
(4) and (6)) if the operator ⊕ is commutative or associative,
respectively, which is true for the summation.

Following the reasoning above and the fact that each region
can equally likely be the right answer to a user query, we
will consider that the default value for region score in the
initial data set C is 1, from now on, and that the default
value for score d of a region not present in the region set for
operator tp is 0.

Based on the definition of operators using the region fre-
quency it can be proven that the operators =p and <p do
not distribute over the operator tp in general case (proper-
ties (7) and (8)). However, the operator up distributes over
the operator tp, since ∗ distributes over + (property (9)).
Vice versa is not the case (property (10)).

R1 up (R2 tp R3) = (R1 up R2) tp (R1 up R3) (16)

There are some additional conditional properties of score
operators which can be of interest for the optimization. If
we assume that functions f=(r, R) and f<(r, R) are not de-
pendant on the score value of a region r (i.e., f=(r, R) =
f=(s, t, n, R) and f<(r, R) = f<(s, t, n, R) property (11) holds
for op1p ∈ {=p, <p} and op2p ∈ {=p, <p}.

(R1 op1p R2) op2p R3 = (R1 op2p R3) op1p R2 (17)

In other words the score for each region in the result region
set, denoted with p, is computed as:

p = (p1 ∗ f(r1, R2)) ∗ f(r1, R3) = (p1 ∗ f(r1, R3)) ∗ f(r1, R2)

We use f(r, R) to denote one of the functions f=(r, R) or
f<(r, R).

Furthermore, if the score value for all regions in the first
operand R1 is equal to 1 (default value for all regions), and
we assume that the regions in each operand, R2 and R3, have
the same score value, denoted with p2 and p3, property (12)
holds.

(R1 op1p R2) op2p R3 = (R1 op1p R2) up (R1 op2p R3) (18)

i.e., for every region in the result set we obtain score p:

p = (1 ∗
∑

r̄

(g(r̄, r1)) ∗ p2) ∗
∑

r̄

(g(r̄, r1)) ∗ p3

= (1 ∗
∑

r̄

(g(r̄, r1)) ∗ p2) ∗ (1 ∗
∑

r̄

(g(r̄, r1)) ∗ p3

where g(r̄, r) is used either for g=(r̄, r) or for g<(r̄, r) and
r̄ ∈ R = R′ or r̄ ∈ R′ < R based on the type of operators
op1p and op2p.

If we consider the expression R4 in the NEXI query 2 we
can come up with two query plans shown below.

((p <p R2) =p information) up ((p <p R2) =p retrieval)

and ((p =p information) up (p =p retrieval)) <p R2
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Although they are almost the same we could not apply prop-
erty (18) to the first query plan since the scores of regions in
p <p R2 are not equal to 1 in general case. For the second
query plan the score value for all regions in p is 1 and the
property can be applied. Thus, at the end we can come up
with the query plan as shown below:

((p =p information) =p retrieval) <p R2

A version of property (13) for score operators does not hold
for up score operator, but holds for tp . For example next
equation is not true.

(R1 up R2) =p R3 = (R1 =p R3) up (R2 =p R3)

It will be true only if f=(r1,2, R3) = 1 which is not true in
general case:

(p1 ∗ p2) ∗ f=(r1,2, R3) 6= (p1 ∗ f=(r1,2, R3)) ∗ (p2 ∗ f=(r1,2, R3))

However, next equation is true for opp = {=p, <p}.
(R1 tp R2) opp R3 = (R1 opp R3) tp (R2 opp R3) (19)

i.e.,

(p1+p2)∗fop(r1|2, R3) = (p1 ∗fop(r1|2, R3))+(p2 ∗fop(r1|2, R3))

5. CONCLUSIONS AND FUTURE WORK
In this paper we address the problem of translating and
executing IR-like queries over XML documents stored in re-
lational databases. We exert the usefulness of intermediate
logical level, for which we chose region algebra. The region
algebra provides a number of properties which can be used
for query optimization on the logical level of a database.
Furthermore, the region algebra can support score opera-
tors used for ranked retrieval as an integral part of the alge-
bra, and not as a sideffect. The expressiveness considering
ranked retrieval in our region algebra is far more sophisti-
cated than in other region algebra approaches that support
ranked retrieval, like [2] and [13].

An important property of the region algebra is that express-
ing query plans using the operators given in Table 4 and Ta-
ble 5 preserves data independence between the conceptual,
the logical, and the physical level of a database. Similarly,
these operators partially enable the separation between the
structural query processing and the underlying probabilistic
model used for ranked retrieval: a design property termed
content independence in [5].

We are planning to further investigate the usefulness of re-
gion algebra operator properties and to experimentally eval-
uate the benefits of intermediate logical level. Further study
on the influence of the definition of score operators (score
functions and abstract operators) on score operator proper-
ties is needed. Our future research is also concerned with the
consequences of modifying or changing the retrieval model
used, e.g., by adding background statistics (i.e., collection
frequency, document frequency) or by adapting the model
for phrase search, etc. Moreover, we will work on the theo-
retical foundations as a support of retrieval models used for
handling scores in region algebra.
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ABSTRACT
Many real-world applications increasingly involve both struc-
tured data and text. Hence, managing both in an efficient
and integrated manner has received much attention from
both the IR and database communities. To date, however,
little research has been devoted to semantic issues in the
integration of text and data. In this paper we introduced
a problem in this realm: entity retrieval. Given data frag-
ments that describe various aspects of a real-world entity,
find all other data fragments as well as text documents
that describe that same entity. As such, entity retrieval
is a novel retrieval problem, which differs from both regu-
lar text retrieval and database search in that it explicitly
requires matching information at the semantic level; match-
ing syntactically as done in the current search engines and
relational databases would be inherently non-optimal. We
define entity retrieval and conduct a case study of retrieving
information about a researcher from both the Web and a
bibliographic database (DBLP). We propose several meth-
ods for exploiting the structured information in the database
to improve entity retrieval over the text collection. Specif-
ically, we present a query expansion mechanism based on
extracted information from structured data. Experiment
results show that selectively using more structured infor-
mation to expand the text query improves entity retrieval
performance on text. We conclude the paper with future
research directions for entity retrieval.

Keywords
Entity Retrieval, Semantic Retrieval, Query Expansion, In-
formation Retrieval, Disambiguating Search Results

1. INTRODUCTION
Traditionally, text and structured data have been managed
in different ways, resulting in two related but separate fields:
information retrieval (IR) and management of structured
data, as exemplified by relational database systems.

However, the boundary between the two fields has become
much blurred in the past few years. For example, database
researchers have been actively studying how to incorporate
text search facilities into relational database systems, while
IR researchers have investigated exploiting structure over
the data (e.g., XML structure) to perform more expressive

WIRD’04, the first Workshop on the Integration of Information Retrieval
and Databases (WIRD’04), Sheffield, United Kingdom
c© 2004 the author/owner

keyword queries (see the related work section). This trend
is motivated largely by a fundamental need to manage text
and structured data in an integrated way, given the prolifer-
ation of applications that involve both kinds of data. In such
applications, users seek all information that can help solving
a problem, regardless of whether the information comes from
text or structured data. Hence, it is important to develop
techniques that enable the efficient discovery of information
from both text and structured data.

This paper aims to develop such techniques. It focuses on
entity retrieval, the problem of finding missing information
about a real-world entity (e.g., person, course, or place) from
both text and structured data, given some initial informa-
tion about the entity. Examples include finding information
about a researcher from the World-Wide Web and a set of
bibliographic databases, given a paper written by that re-
searcher, or finding information about a product of a busi-
ness competitor, from online discussion groups and a pur-
chase database.

As described, entity retrieval (or ER for short) plays a fun-
damental role in many information seeking contexts, but
has received little attention. Furthermore, current IR and
database techniques do not appear to be well suited to this
problem. IR techniques has been optimized largely for re-
trieving documents on general topics (e.g., “data mining”).
When applied to retrieving documents about a particular
real-world entity, say person, they often return documents
about multiple persons that are mixed together: a highly un-
desirable situation. Current relational database techniques
also do not fare well on this problem, as they can only per-
form syntactic matching and thus often return information
about multiple real-world entities.

It is also worth mentioning that the notion of relevance in
text retrieval is subjectively defined; the criterion is in the
user’s mind. But in ER, the notion of relevance has an
objective definition. For example, we may simply use a per-
son’s name as a query to search over text. But this only
works when the name is not ambiguous. Similarly, querying
a database with a person’s name may return tuples that de-
scribe a different entity who happens to have the same name
as our target entity. Thus to optimize ER results, we must
infer entity-level semantics, that is, decide if two data frag-
ments refer to the same real-world entity. This is a major
reason on why ER is a challenging problem.
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Clearly, we can study the ER problem given (1) only struc-
tured data, (2) only text data, and (3) a combination of text
and structured data. In practice, all three settings arise very
often. In [12] we have carried out a detailed study of setting
(1). We are currently studying settings (2) and (3).

This paper focuses on setting (3), and examines a specific
problem in this setting, namely, given both text and struc-
tured data, can we exploit structured data to achieve better
ER over text, compared to ER over text alone? We first give
an informal definition of this problem, then propose several
solutions. The key insight behind our solutions is that we
can selectively expand the ER query over text with keywords
obtained from the given structured data.

The key challenge in realizing the above idea is to discover
which parts of structured data should be considered, and
which keywords to “pull” from those parts (to be used to
augment the query). We note that many variations of query
expansion have been considered in the IR community, but
few if any works have considered query expansion using
structured data.

We then evaluate our solutions on a real-world setting, in
which we retrieve information about a researcher from both
the World-Wide Web and DBLP, a bibliographic database.
Our preliminary experimental results show that selectively
using more structured information to expand the text query
improves the ER performance on text.

The rest of the paper is organized as follows. We define the
ER problem in Section 2. In Section 3 we present several ER
methods that can exploit structured information to improve
ER over text. We discuss experiment results in Section 4.
Finally, we review related work in Section 5 and discuss
future research directions in Section 6.

2. THE ENTITY RETRIEVAL PROBLEM
Informally, given a collection C of text documents, a rela-
tional database T , and an ER query that specifies the de-
scription of a particular real-world entity called target entity,
the ER problem is to find documents in C and data frag-
ments in T that describes the entity. For example, we may
want to retrieve information about a particular researcher
from both a bibliographic database (e.g., DBLP) and a text
collection (e.g., web pages) given some information about
the researcher (e.g., the researcher’s name and affiliation as
well as his home page).

An ER query consists of two parts: a constraint and a tem-
plate. The constraint specifies whatever information a user
already knows about the target entity. This information
typically includes some attribute values in the database and
some documents in the text collection. For example, a query
may specify the following: (1) the name of the target re-
searcher is “John Smith”, (2) he has published a paper ti-
tled “A study of entity retrieval” in the conference SIGIR
2004, (3) the text of his home page. The first two specify
the values of three attributes in a bibliographic database –
author, title, and conference. The last one gives one example
of text documents. The target entity is a person.

The template of an ER query specifies what information the

user wants returned about the target entity. To continue
with the above example, the user may specify that he or she
want to retrieve only all papers that the target researcher
has written as well as any course that is reading any of these
papers. In this case, most of the papers may come from
the bibliographic database, while information about courses
(that read these papers) may come from the World-Wide
Web.

While we could have defined ER on only a relational database
or only a text collection, it is interesting to consider ER over
both text and relational data. This way it is possible to
leverage useful context information from different types of
data to improve retrieval accuracy. Indeed, in this paper,
we will show that the performance of ER over a pure text
collection can be improved by exploiting the structured data
related to the target entity in a relational database. As a
preliminary study, we will consider a simplified ER problem,
though we will also touch on the general ER problem and
the major research issues.

2.1 The Simplified ER Problem:
Let E = {e1, ..., e|E|} be a set of real world entities. Let T
be a relational table with attributes A = {A1, ..., Ak}, such
that each tuple in T describes some aspects of entities in E.
Let C = {d1, ..., dn} be a set of documents. A user who is
interested in entity ei would pose a query Q which contains
some or all of the following information:

1. A basic description of ei (e.g., name of a researcher),

2. Structured context information c1 = v1, c2 = v2, . . . , ck =
vk, where cj ∈ A is an attribute, and vj is the corre-
sponding value.

3. Unstructured context information in the form of a set
of example text documents that are known to be about
the target entity.

4. A template that is specified as a set of attributes in A,
or in a more expressive language (e.g., SQL) over the
schema of table T , to identify the types of information
the user would like to obtain about the target entity
ei.

Note that both (2) and (3) can be regarded as providing
context information for (1).

We further simplify the above problem by focusing only on
ER over text. However, the ideas that we offer here also
carry over to the setting of ER over structured data.

3. ER METHODS
Because of the need for semantic-level matching, ER is in
general a quite challenging task. A straightforward match-
ing at the syntactic level (e.g., by retrieving researchers with
the exact same name) is clearly insufficient to achieve good
performance. Intuitively, the ER task involves two subtasks:
understanding the target entity referred to by a query and
deciding whether a data fragment is about the same entity.

Unfortunately, we generally have no unique representation
of a real world entity, which makes this task difficult. The
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lack of such a unique representation is obvious in text infor-
mation where the primary representation is words describ-
ing an entity. It is also true in relational data, for example,
when two people have the same name. It can be argued that
entities in relational databases have unique identifiers such
as primary key, but again when considering different rela-
tions and different mentions of a real-world entity we have
no unique representations to identify the entity. Another
complication is that there may be variations of spelling or
wording for the same attribute value. For example, a name
may be abbreviated. The challenge is thus to infer whether
an information item is about the same entity referred to by
a query based on the generally non-unique descriptions of
various kinds of entities.

Since we have two different types of data, a straightforward
strategy is to separate ER over text from ER over structured
data. However, a complete separation would deprive us of
the opportunity to leverage different types of data to enrich
our representation of the target entity. Indeed, a main point
we make in this paper is to advocate methods that take ad-
vantage of all information available to us, and in particular,
to leverage structured information to improve ER over text.

We now present four different methods for ER over text,
corresponding to different types of queries and/or different
levels of sophistication in leveraging the related structured
data. We assume that we have available a basic text re-
trieval method that can match any text query with the doc-
uments in the text collection and generate a relevance score
for each document. The text documents can then be ranked
according to their relevance scores. The retrieval results are
obtained by applying some pre-determined score threshold
cutoff. Currently this threshold is manually set and tuning
it is the subject of future work. There are many choices of
text retrieval methods (e.g., [35, 9]), but this is not our focus.
Instead, we are interested in different ways for constructing
a regular text query based on the ER query, especially on
how we may exploit structured information to construct a
potentially better text query.

The first, also the simplest method, is to use as the text
query only the text description of the target entity in the
ER query. This method, called Text Only, does not exploit
any structured information, and will be used as our baseline
method.

The second method uses immediate and highly reliable con-
text information from the database to expand the Text
Only query, and is referred to as Add Immediate Struc-
ture. The third method (Add All Structures) uses
more structured information than the second method, and
expands the Text Only query with all structured informa-
tion that it found to be describing the target entity.

The last method attempts to further improve the quality
of the query in Add All Structures, by selectively us-
ing only the most relevant attribute values to expand the
Text Only query, and will be referred to as Add Selec-
tive Structures. We now describe these methods in de-
tail.

3.1 Text Only
The Text Only method ignores any structured informa-
tion in the query, and simply uses the text description of
the target entity as the text query for searching the text
collection. For example, when the target entity is a person,
the person’s name can be used directly as the query.

This method only uses the minimum amount of information
in the query, and will clearly not perform well when the
description is non-discriminative. For example, when the
name of a researcher is ambiguous, using only the name may
return documents about a different person who happens to
have the same name.

When the user can provide some structured information
about the target entity, it is intuitively better to enrich our
query with such extra structured information. For example,
if a user knows one paper published by a researcher, the ti-
tle and/or the conference information of this paper can then
be exploited to expand the query. Note that, when search-
ing information about a researcher, even if the name is not
ambiguous, such an expanded query can still be expected
to perform better than Text Only, since the additional
structured information can be expected to help refine the
text query and thus improve the retrieval accuracy. This
strategy leads to the method Add Immediate Structure.

3.2 Add Immediate Structure
This method expands the Text Only query with the imme-
diate (one record), but highly reliable (e.g., provided by the
user or automatically obtained when the name is not am-
biguous) structured information. To obtain the expanded
query, we simply treat the database record (e.g., the title,
coauthors, and the conference name of the known publica-
tion) as additional text and append it to the original text
query. More sophisticated expansion methods are possible.
For example, we can incorporate the record text with differ-
ent weights. But we leave this as our future work. This is
also true for all other methods that we describe below.

3.3 Add All Structures
Since in general we can expect the retrieval performance to
improve as we provide more relevant context to expand the
query, we can expand the query with as much structured
information as possible. That is, we go further than just
adding the most reliable database record(s) and expand the
query with any related structured information (about the
target entity) that we can obtain from the database. This
method is called Add All Structures and would require
doing ER over the database.

All the additional structured information is then appended
to the original text query. In the case of searching informa-
tion about a researcher, this corresponds to using the papers
published by the researcher that we can obtain from the bib-
liographic database to expand the query. Once again, this
is the simplest expansion method, and more sophisticated
methods that involve weighting the structured information
differently than the original text may be more appropriate as
we may have noise in the obtained structured information.

3.4 Add Selective Structures
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While Add All Structures allows us to use the “max-
imum” amount of relevant structured information to ex-
pand the text query, not the fields in the extracted database
records are equally useful. Indeed, some fields (e.g., the pub-
lication dates) may be quite distracting, especially if they
are not weighted appropriately. Thus one idea to further
exploit the database schema is to selectively add only those
highly relevant attribute values. This is the Add Selective
Structures method. To do so, we can expand the query
with only the values of the most relevant attribute, which is
to be selected with an attribute selection method. So devis-
ing a good method for selecting more informative, valuable,
and disambiguating attributes from the structured data is
very important.

One such method we devise and use is to score each attribute
in the database schema based on its frequency in the top
a few text documents retrieved by previous methods. A
method for calculating the effectiveness of each attribute and
selecting the best to use in Add Selective Structures is
as follows:

• W = set of documents returned by Text Only method.

• D = The first size(W )
4

documents in W

• For each attribute i and all its values in the database
schema; ai,j , let si,j = the number of occurrence of
ai,j in D

• let the effectiveness score of attribute i be: scorei =∑
j si,j

• normalize scorei according to the size of D and number
of values of ai

• Best Attribute = argmaxi{scorei}

The assumption is that an attribute can be expected to be
more useful if it occurs more frequently in the top text doc-
uments. Once again, we concatenate the selected attribute
values with the original text query to generate an expanded
query.

4. EMPIRICAL EVALUATION
We evaluate our solutions using a bibliographic database
(DBLP) and a collection of Web pages (constructed using
Google). The ER task is to retrieve information about a
researcher from both the database and the Web-page col-
lection, given the researcher’s name and some citation in-
formation from the bibliographic database. Our goal is to
study whether the performance of ER over Web pages can
be improved as we exploit more structured information.

4.1 Data Set and Evaluation Measures
Data Set: Our structured data source is the DBLP bibliog-
raphy database at www.informatik.uni− trier.de/ ley/db.
DBLP lists more than 460,000 articles and has become a
very popular bibliography search engine for the computer
science research community. Our test bed consists of 11 re-
searchers from DBLP whose names are ambiguous. Out of
these researchers, 36% of the researchers have totally am-
biguous names, meaning that when searching the Web with

their names, we come across different real world people (en-
tities) with completely identical names. For example “Amit
Singhal” (one of our queries) appears to match two people
– one is a researcher in IR, while the other is a researcher
in system architecture. 45% of the names are partially am-
biguous, meaning that there are entities with similar names
differing only in the middle name, or initials. For example
“Richard Cox” and “Richard V. Cox” are two researchers in
this group.

Our text collection is constructed as follows. We use the
name of each of the 11 researchers as a simple keyword query
to search with Google, and take the top 100 Web pages as
a “working set”. We combine these working sets for all the
11 researchers to form our text collection. Since we have de-
liberately chosen ambiguous names, a working set generally
has documents about distinct entities that share the same
name, thus our text collection is adequate for discriminating
different entity retrieval methods.

In order to measure the ER accuracy, we create a gold
standard by manually reviewing these results and judging
whether they are relevant to the corresponding entity query
(i.e., whether they are truly about the target researcher).
In this way, we can create a judgment file similar to those
used in standard IR evaluation [37]. Note that although
our judgments are not on the entire Web, they are still very
useful for comparing different methods.

Evaluation Measures: We use precision, recall, and the
F1 measure to evaluate the ER results. Given a set of re-
sult pages for a researcher query, precision is the percentage
of pages retrieved that are relevant (i.e., truly about the
target researcher), and the recall is the fraction of all rele-
vant pages in our working set that are returned as results.
F1 is a combination of precision and recall, and will be our
primary measure when comparing different methods. It is
given by F1 = 2PR

P+R
, where P and R are precision and recall

respectively.

4.2 Implementation of ER Methods
Our general experiment procedure is to use one of our meth-
ods to construct a text query, which is then used to search
the text collection with a standard IR method. We use the
Lemur toolkit [26] to index our web text collection and per-
form text retrieval using the popular vector-space retrieval
model [32] with BM25 TF weighting [30]. We used the de-
fault parameter seating provided in Lemur. Since we use a
constant score threshold for cutoff, it is important to make
the scores of all documents for all queries comparable. We
thus normalize all the similarity scores by dividing the scores
by the maximum score given by the top-ranked document.
The cutoff value here is set manually and we will further
look into it in future.

The implementation of the Text Only method is trivial, as
it simply involves taking the name of the researcher as the
text query. The Add Immediate Structure method gen-
erates a text query by manually picking one citation that
belongs to the target researcher from DBLP and concate-
nating the text in all fields with the researcher’s name. This
simulates a query posed by a user who has some limited
additional information about the target researcher.
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Figure 1: Effect of adding structured information to
the ER query.

Figure 2: Comparing the effectiveness of using dif-
ferent attributes to expand the ER query.

The Add All Structures method assumes that we can
perform ER over the database with reasonable accuracy, a
task that we have studied in [12]. The method takes all pa-
pers that are published by the target researcher and concate-
nate all of them as text with the researcher’s name to gener-
ate an expanded text query. We implement this method by
exploiting the DBLP web server to find relevant citations to
the target researcher. Specifically, we search DBLP with the
researcher’s name and manually choose all the papers that
belong to the target researcher. In this way, all the chosen
papers would be relevant, and thus the Add All Struc-
tures method is quite similar to relevance feedback in pure
text retrieval.

The Add Selective Structures method is implemented
in almost exactly the same way as Add All Structures
with only one difference: while the Add All Structures
method adds all the text information from a relevant paper,
which includes coauthors, titles, dates, and conferences, the
Add Selective Structures method only adds all the in-
formation in the values of the most highly scored attribute,
which is the conference name. We score each attribute of
the database schema by a formula based on normalized fre-
quency of the values of the corresponding attribute in the
top few web pages from previous text retrieval results, and
only add the text values of the attribute with the highest
score.

4.3 Result Analysis

Figure 3: Correlation between the attribute scores
and the F-Values of using them.

4.3.1 Comparison of the four proposed methods
In Figure 1, we compare the four proposed methods in terms
of all three measures. The baseline is the Text Only
method which uses only the researcher’s name as the query.
As expected, Add Immediate Structure performs much
better than the baseline by all three measures, indicating
that the added paper provides very useful context to focus
the results on the target person entity.

As we use more structured information in the Add All
Structures method, we see that we can further improve
the precision and F1 value, though the recall decreases slightly.
The increase of precision and decrease in recall suggest that
the number of pages returned is reduced. This may be
caused by a dramatic increase in the similarity score of a
few web pages (e.g., the publication page of the researcher);
with the same relative score threshold, the effect is a de-
crease in the number of pages that can pass the threshold.

Finally, by comparing Add All Structures with Add Se-
lective Structures, we see that selectively using the val-
ues from the most effective attribute to expand the query
helps improve F1 and recall, though the precision is de-
creased. This means that the number of pages returned is
likely increased when using only the selected attribute val-
ues, and the reason may be the top score is relatively low
compared with using all the attribute values.

Overall, the F1 value consistently increases as we selectively
use more structured information. It is interesting to note
that Add Selective Structures is better than Add Im-
mediate Structure by all three measures, whereas Add
All Structures has a lower recall than Add Immediate
Structure.

This suggests that selectively adding the values from the
most effective attributes is a more robust way of expanding
the query than using all the attribute values. Intuitively,
this also makes sense, as the selected attribute, which is the
conference name, is indeed a good discriminator for identi-
fying pages about the target researcher; other fields, such as
co-authors and titles may introduce noise.

4.3.2 Effectiveness of Attribute Selection
Add Selective Structures uses a frequency-based scor-
ing formula to select the best attribute for query expan-
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sion, which is shown to perform better than using all the
attributes. In Figure 2, we look into the possibilities of us-
ing different attributes, and compare the results from using
the co-authors, paper titles, and conference names, respec-
tively. We see that the conference name attribute is indeed
the best for query expansion.

To further analyze the effectiveness of our attribute scoring
method, we plot the scores of the three attributes together
with their corresponding F1 values in Figure 3. We see
that there is a positive correlation between the score of an
attribute and the F1 value of using the attribute for query
expansion, indicating that our attribute scoring method is
effective.

5. RELATED WORK
The topic of integrating structured data and text has re-
ceived much attention recently, in both the database and IR
communities. Works have focused on keyword search over
structured data [21, 19, 1], adding text search extensions
to database query languages (e.g., XQuery) [3, 14], inte-
grating querying database, web, and XML [17], translating
relational querying into fuzzy-search IR style querying and
ranking relational queries [2, 7], and also combing structure
indices and inverted ones [28]. Several works use structured
queries to query meta-data, and use meta-data to improve
local search [22, 25].

A key commonality underlying the above works is that they
integrate text and structured data at the syntactic level. In
contrast, our work is at a more semantic level, focusing on
gluing together disparate data fragments that belong to the
same real-world entity.

Entity retrieval is related to the entity matching, a.k.a. tu-
ple matching, problem, which has been studied extensively
in the database and AI communities (e.g. [36, 8, 24, 39, 5,
23, 4, 33, 18, 20, 16, 29]). But the two problems differ in im-
portant aspects. Entity matching decides if two given tuples
refer to the same real-world entity, whereas entity retrieval
retrieves all tuples (or data fragments in general) that belong
to a single entity. As such, ER is a more general problem,
and can leverage existing entity matching techniques.

There is also a huge amount of work on XML retrieval where
semi-structured queries are supported (e.g., the recent ACM
SIGIR workshops on XML retrieval [10, 27] and the INEX
workshop on evaluating XML retrieval [15]). While XML
document collections also involve both text and structures,
they are already “integrated” in some sense. Our problem
deals explicitly with integrating a separate text collection
with a relational database. Moreover, while most of the
work on XML retrieval focuses on designing a query lan-
guage that would allow a user to constrain keyword match-
ing to certain XML tag path as well as the selection of the
right information segment to retrieve, we emphasize lever-
aging structured information to refine a text query and im-
prove entity retrieval performance on text.

The work [34] performs IR over documents that contain
both free text and semantically enriched markup. How-
ever, it does not address the specific issue of entity retrieval.
Our idea of exploiting structured data to refine a text query

is related to query expansion and relevance feedback com-
monly used in information retrieval [31, 13, 35]. It differs
from relevance feedback in that we use relevant structured
information and exploit structures to selectively choose text
fragments for query expansion, while the standard relevance
feedback uses text documents to expand the query.

Our work is also related to the pseudo feedback technique in
IR [11, 6, 38], which exploits likely relevant information in an
unsupervised way, but our methods are applied to structured
data, rather than the unstructured text documents, and we
make a distinction between different attributes and further
select most useful attributes. There are also some works
on TREC web track task of topic distillation which involves
finding relevant home pages, given a broad query (topic).
This task could be similar to our work in case we would
have some ambiguous topics, which is not the case in topic
distillation task.

6. CONCLUSIONS AND FUTURE WORK
Many real-world applications increasingly involve both struc-
tured data and text. Hence, managing both in an efficient
and integrated manner has become a critical topic that has
received much attention. To date, however, little attention
has been paid to semantic issues in the integration of text
and data.

In this paper we introduced an issue that belongs to the
above realm: ER. Given data fragments that describe var-
ious aspects of a real-world entity, find all other data frag-
ments as well as text documents that describe that same
entity. As such, ER arises in numerous information man-
agement applications. It addresses a semantic aspect of in-
tegration of text and data.

We then considered how ER over text documents can be
significantly aided by the availability of structured data. We
developed several solutions and empirically evaluate them on
the problem of retrieving information related to researchers
from Web documents, by leveraging the structured data of
DBLP. The experimental results show the promise of our
approach.

As a new retrieval problem, ER poses many interesting and
challenging research questions: (1) What is an appropriate
query language for ER? A simple combination of a SQL-like
query language with an IR-style keyword query is inade-
quate for a user to express all known information about a
target entity. (2) What is an appropriate formal retrieval
framework for entity retrieval? Presumably, such a retrieval
framework should include, at the minimum, a model of en-
tities, which is missing in all current retrieval frameworks.
(3) What are the best strategies and methods for ER? We
have shown that leveraging context clues from different data
types is clearly beneficial. But the methods we have experi-
mented with are heuristic. It is necessary to develop a more
principled ER method that can exploit useful information
from all types of data, including both text and structured
data. One attractive strategy is to perform “mutual feed-
back”, i.e., using the most reliable relevant information from
the structured data to improving ranking of text documents,
and at the same time, using reliable text documents to help
select the most relevant structured data fragments.
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Currently we are extending the methods studied in this pa-
per to incorporate ER techniques we have recently devel-
oped over relational data. Our long-term goal is to develop
a formal model and a general solution for ER. We are also
developing novel techniques (e.g., those that exploit the link
structure of the Web) to improve retrieval accuracy and ex-
ploring applications of ER in information integration.
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