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ABSTRACT

In this paperwe describethe implementationof
a searchenginefor XML documentcollections.
The systemis keyword basedand s built upon
an XML invertedfile system.We describethe
approach that was adopted to meet the
requirementsof Strict Content and Structure
gueries (SCAS) and Vague Content and
Structure queries (VCAS) in INEX 2003.
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1. Introduction

File Inversionis probablythe mostwidely used
technique in text retrieval systems. In an
invertedfile, for eachtermin the collection of
documentsa list of occurrencess maintained.
Information about each occurrenceof a term
includes the document-id and term position
within the document. Maintaining a term
positionin theinvertedlists allows for proximity
searchesthe identificationof phrasesandother
context-sensitivesearchoperators.This simple
structure,combinedwith basic operationssuch
as set-union and set-intersect, support the
implementation of rather powerful keyword
based search engines.

XML documentscontainrich information about
documentstructure. The objectiveof the XML
InformationRetrievalSystemthatwe describan
this paperis to facilitate accessto information
that is basedon both content and structural
constraints.We extendthe InvertedFile scheme
in a naturalmannerto storeXML contextin the
inverted lists.

2. XML Filelnversion

In our schemezachtermin an XML documentis
identified by 3 elements. File path, absolute
XPath context, and erm position within the
XPath context.

The file path identifies documents in the
collection; for instance:

C:/INEX/ex/2001/x0321.xml

The absoluteXPath expressionidentifies a leaf
XML elementwithin the document,relative to
the file’'s root element:

Jarticle[1]/bdy[1]/sec[5]/p[3]
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Finally, term position identifies the ordinal
position of the term within the XPath context.

One additional modification that we adopted
allowed us to support queries on XML tag
attributes. This is not a strictly contentsearch
feature, but rather structure oriented search
feature For instancejt allows usto queryonthe
2" namedauthorof an article by imposingthe
additional query constraintof looking for that
qualificationin the attributeelementof the XML
authorelement. The representatiorof attribute
valuesis similar to normal text with a minor
modificationto the XPathcontextrepresentation
— the attributenameis appendedo the absolute
XPath expression. For instance:

article[1]/bdy[1]/sec]6]/p[6]/r ef[1]/@rid[1]

Here the character@’ is usedto flag the fact
that “rid” is not an XML tag, but rather an
attribute of the preceding tag <ref>.

An invertedlist for a given term, omitting the
File path and the Term position, may look
something like this:

Context
\ XPath |
article[1]/bdy[1]/sec[6]/p[6]/ref[1]
article[1]/bdy[1]/sec[6]/p[6])/ref[1)/@rid[1]
article[1]/bdy[1]/sec[6]/p[6]/ref[1])/ @type[1]
article[1])/bm[1]/bib[1]/bibl[1])/bb[13]/pp[1]
article[1]/bm[1]/bib[1]/bibl[1])/bb[14]/pdt[1]/da
[1]
article[1])/bm[1]/bib[1]/bibl[1])/bb[14]/pp[1]
article[1])/bm[1]/bib[1]/bibl[1])/bb[15]
article[1])/bm[1]/bib[1]/bibl[1])/bb[15]/@id[1]
article[1])/bm[1]/bib[1]/bibl[1])/bb[15]/ti[1]
article[1])/bm[1]/bib[1]/bibl[1])/bb[15]/0bi[1]

In principle at least,a single table can hold the
entire cross referencelist (our inverted file).
Suitable indexing of terms can support fast
retrieval of term inverted lists. However,it is
evidentthat thereis extremeredundancyin the
specification of partial absolute XPath
expressiongsubstrings). Thereis also extreme
redundancyin full absoluteXPath expressions
where multiple terms in the same document
sharethe sameleaf context(e.g. all termsin a
paragraph). Furthermore, many XPath leaf



contextsexist in almost every document(e.g.
[article[1]/fm[1]/abs[1]).

We have chosento work with certainimposed
constraints. Specifically, we aimed at
implementingthe systemon a PC andbaseit on
the Microsoft Accessdatabasengine. Thisis a
widely availableoff-the-shelfsystemand would
allow the systemto be usedon virtually any PC
running under any variant of the standard
Microsoft Windows operating system. This
choiceimplied a strict constrainton the size of
the database— the total size of an Access
databaseés limited to 2Gbyte. This constraint
implied that a flat list structurewas infeasible
andwe hadto normalisetheinvertedlist tableto
reduce redundancy.

3. Normalized Database Structure
The structureof the databaseusedto storethe
invertedlists is depictedin Figurel. It consists
of 4 tables. The Termstableis the startingpoint
of aqueryonagiventerm. Two columnsin this
table are indexed- The Term column and the
Term_Stem column. The Term_Stem column
holdsthe Porterstemof the original term. The
List_Position is a foreign key from the Terms
tableinto theList Table. It identifiesthe starting
positionin theinvertedlist for the corresponding
term. The List_Length is the numberof list
entries correspondingto that term. The List
table is (transparently)sortedby Term so that
the inverted list for any given term is
contiguous. As an aside,the maintenanceof a
sortedlist in a dynamic databaseposessome
problems,but theseare not as seriousas might
seemat first, and althoughwe have solvedthe
problemit is outsidethe scopeof this paperand
is not discussedany further. A searchproceeds
as follows. Given a searchterm we obtain a
startingpositionwithin the List table. We then
retrieve the specified number of entries by
reading sequentially.

The invertedlist thus obtainedis Joined (SQL)
with the Document and Context tablesto obtain
the completede-normalisednvertedlist for the
term. The XPath contextis thencheckedwith a
regular expression parser to ensure that it
satisfies the topic’s <Title> XPath constraints.

Theretrievalby Term_Stem is similar. Firstwe
obtain the Porter stem of the search term.
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Figure 1: DatabaseSchemafor XML Inverted
File.

Thenwe searchthelist by Term_Stem — usually
getting duplicatematches. All the lists for the
duplicate hits on the Terms table are then
concatenated. Phrasesand other proximity
constraintscan be easily evaluatedby using the
Context_Position of individual termsin the List
table.

We have not compresseXPath expressionso
minimise the extreme redundancyof XPath
substringsin the Context table. With this
normalizationthe databasesize was reducedto
1.6GByte and within the Microsoft Access
limits.

5. The CASQuery Engine

Before discussingthe implementationdetails of
the CASQuery engine it is necessaryto
introducesometerminology. We then describe
the implementation of the search engine.

5.1 Terminology

e XPath Query: An XPathQueryis a query
that meetsthe criteria of the INEX query
specification.lt canbe considereda subset
of the W3C'’s XPath language.

* Step: A Stepis a componentof an XPath
query that specifies some Axis (child,
descendant, descendant-or-self etc.) a
NodeTest(e.g. a NameTextthat tests the
nameof an element)and optionally some
Predicate

» Path: A Path is a sequential list of Steps

* Predicate: A predicatecontainsa filter that
specifiessome condition that a node must
meetin-orderto satisfyit. Thisfilter maybe
an “about” function or an equality
expression.

* Context: The contextfor an elementis an
absoluteXPathexpressiordenotedby a list
of child stepswith a numericalindex e.g.
“larticle[1]/bdy[1]/sec[1])/p[4]

* ReturnElement: A ReturnElementis an
element(qualified by the documentname
and a context) that satisfiesthe full path
expressionof a query (or query fragment)



not including any path expression in afilter.
The context of the ReturnElement is the one
returned by the query engine to the user.

* SupportElement A SupportElement is an
element (qualified by the document name
and a context) that satisfies the full path
expression of a query (or query fragment)
including any path expression in a filter.
The context of the ReturnElement not
returned to the user but can be used to
“support” the validity of the ReturnElement
(in other words: shows why the
ReturnElement was in fact returned).

The search engine was designed to operate on
the <Title> element of CAS topics. It operates
in the same manner for both strict (SCAS) and
vague (VCAYS) interpretation of the queries. The
only difference is in the definition of
equivalence tags:

SCAS Equivalent tags:

* Article,bdy

e p|p[1-3]lip[1-5]]ilrjlitem-none

* sec|ss[1-3]

* h]h[1-2]a?|h[3-4]

* |[1-9a-e]|dl|listinumeric-listinumeric-
rbrace|bullet-list

VCAS Equivalent tags:
* Article,bdy,fm
» sec|ss[1-3]|p|p[1-3]lip[1-5]lilrj] item-

none
 h|h[1-2]a?|h[3-4]
s yripdt

e snm|fnm|au

* bmy|bibl|bib|bb

* |[1-9a-e]|dl|listinumeric-listinumeric-
rbrace|bullet-list

5.2 Parsing the Query

We used the Programmar[2] parser development
toolkit to generate a parser for XPath[3] queries.
Programmar accepts a Backus Naur Form (BNF)
grammar asinput and is able to generate a parser
that can parse an instance of that query into a
parse tree. The Programmar library then
provides an APl to access and walk the parse
treethat it constructed.

We used the XPath BNF grammar as defined by
the W3C as input to the Programmar IDE. Some
small modification to the BNF syntax was made
in order to make the task of walking the parse
tree and gathering the required information
simpler.

Our approach was to walk the parse tree and
construct an abstract syntax tree, which
represents that same query but at a higher level
of abstraction than the parse tree generated by
the Programmer toolkit. Representing the query
a a higher level of abstraction meant that

implementing the query engine that processes
that query was made simpler.

5.3 TheAbstract Syntax

The abstract syntax was contained within a
separate module that is kept independent of the
QueryEngine that processes it. Thus we allow
for the possibility that the abstract syntax for
XPath queries may be utilised in other
applications. For example it would be possible to
implement a more traditional XPath processor
on top of this abstract syntax. Therefore there is
a dependency from the Query Engine to the
Abstract Syntax package but no reverse
dependency.

The basic structure of an XPath query (in the
abstract syntax) is that it consists of a Path that
contains a list of Steps. This is consistent with
the terminology used by the XPath standard.
Steps must contain a node test — and may also
contain zero to many filters (or predicates).

5.4 Evaluateable Fragments

Once the XPath parser has constructed the
abstract syntax, the query engine performs one
further transformation on the query before
executing. The path, or list of steps, must be
broken down into EvaluateablePathFragments.
Each step in the query that contains an
EvaluatableExpression will be treated as the last
step in an EvaluateablePathFragment.

An EvaluatableExpression is a step filter that
can be evaluated by the QueryEngine.

In our implementation we are using an index of
inverted lists that map atermto alist of contexts
(full absolute XPath path plus document name).
Therefore, for afilter to be evaluateable it must
filter based on some term that can be looked up
in the index. For example thefilter:

[article/bdy[count()=1]
would not be evaluateable in our system as no
termsisgiven in the filter. However the filter:

[article//yr[. = “1999"]

is evaluateable as the term “1999” will be in the
index.
As an example, the query:
[larticle[/lyr="1999")//sec[about(./, DEHOMAG")]

would be broken down into two fragments:
1. [/larticle[/lyr = *1999")]
2. [larticle//sec[about(//p, ' DEHOMAG)]

Notice that the second fragment contains the full
path including the “article” step.

Next each EvaluatablePathFragment is evaluated
— the eval() method will return a set of nodes
whose contexts match the full path for that
fragment. For example fragment 2 above may
return a node with the context:

[article[1]/bdy[1]/sec[2]



5.5 Merging Fragments

After each fragment is evaluated independently,
we will have a list of node sets (one for each
fragment) that must be merged. For example
when merging the two sets from the above
fragments, we will wish to include only those
elements returned from the first fragment if they
also have a descendent node contained in the set
returned from the second fragment. In fact, what
we need to return are elements with a context
that matches the full path of the last fragment (in
the case above they must have a context that
matches //article//sec — the last named element in
the context must be “sec”). What is meant by
“including elements from the first fragment” is
thaa the  SupportElements for  those
ReturnElementsin the first set will be added to a
descendant ReturnElement (if it exists) in the 2™
Set.

For example: let us say that the first set contains
a ReturnElement with the context “/article[1]”
and that ReturnElement has an attached
SupportElement of “/article[1]/fm[1]/yr[1]" (for
the purposes of this example assume that all
contexts are in the same document. Then let us
say that the second set contains a ReturnElement
of “/article[1]/bdy[1]/sec[2]”. This element is
supported by /article[1])/bdy[1]/sec[2]/p[3]. In
this case the ReturnElement in the 2™ is a
descendant of the ReturnElement in the 1% set —
so we can merge the supports from the 1%
ReturnElement into the supports of the 2™ and
we will end up with a ReturnElement
(“/article[1]/bdy[1]/sec[2]") that has 2 supports
(“/article[ 1)/fm[1]/yr[1]” and
“farticle[1]/bdy[1])/sec[2])/p[3]").

When merging sets we must determine whether
to do a strict merge or a union merge. For
example if we need to merge the 2 fragments
above, fragment 1 is “strict” — all elements that
we merge from fragment 2 must also have an
ancestor “article” element that contains a “yr”
element for “1999".

The last fragment will always require a strict
merge. This is because of the requirement stated
above, that all elements returned by the query
must have a context that satisfies the full path of
the query.

However, a Union merge can be appropriate
when we are merging two fragments where
neither are the last fragment in the query, and
both are non-strict (for example both only
contain “about()” filters. In this case all
ReturnElements will be retained, whether an
element returned from the second fragment is a
descendant of some element from the first
fragment or not.

5.6 Support Elements
Support elements are elements that were found
to contain at least one instance of aterm that was

specified in the filter. The element that contains
this term must satisfy the full path for that filter
including the context path.

In our example above the first filter (first
fragment) looks for occurrences of the term
“1999” in elements whose context matches the
path “//article/fyr”. If we find that the term
“1999” occurs in an element with the context
“larticle[1]/bdy[2]/sec[1]/p[1]” thisis not a valid
support for this filter. However, if we find a
single occurrence of “1999” in the context
“larticle[1]/fm[1]/yr[1]” this would be a valid
support.

Once we have removed all supports that do not
represent valid supports (according to the filter),
we then can create the return elements for this
filter. In this case the return path is “//article” so
the return element would have the context
“larticlg[1]” with an attached support element
with the context “/article[1]/fm[1]/yr[1]” and
having one “hit” for the term “1999". It is
possible that areturn element contains more than
one support element. For example, if within the
same document we find another element with
the context “/article[1]/fm[1]/yr[2]” that contains
2 hits on the term “1999” we would add another
support element to the return element and record
2 hits on it. (This example is spurious as in the
case of an equality constraint you actually only
want to find one hit on the term. However it
would make sense in the context of the “about()”
filter).

5.7 Ranking
The approach we adopted in ranking was a
multi-stage sorting process.

»  First sort by filter satisfaction.

»  For ReturnElements that satisfy the same
number of filters - sort by number of
distinct terms and phrases that were hit.

*  For ReturnElements with the same number
of filters satisfied and the same number of
distinct terms - calculate a score based on
total number of terms hit adjusted by a
factor that penalisestermsthat are very
common in the document collection.

5.7.1 Filter Satisfaction
A ReturnElement is considered to have satisfied
afilter whereit is avalid ReturnElement for that
filter, and it has a least one SupportElement that
has recorded a hit for at least one term in the
filter. A vadid ReturnElement is one whose
context matches the path expression of thefilter.

In its simplest form, the filter satisfaction
algorithm will rank higher a ReturnElement that
has satisfied a greater number of filters. There
are anumber of refinementsto thisrule:

»  Wheretwo filters appear as Predicates
to different Sepsin the query
expression (e.g. /farticle[//yr = “1999"]



/Isec[about(./,'DEHOMAG)] ), each
one of thesefiltersthat is satisfied will
count towards the overall filter
satisfaction count.

*  Wheretwo filters appear in the same
Predicate and they are and-ed together
(e.g. /farticlel/sec[[/lyr =“1999"] AND
about(./,' DEHOMAG"] ), each one of
these filtersthat is satisfied will count
towards the overall filter satisfaction
count.

*  Wheretwo filters appear in the same
Predicate and they are or-ed together
(e.g. /farticlel/sec][//yr =“1999"] OR
about(./,' DEHOMAG"] ), if both
filters are satisfied only one will be
counted towards the overall filter
satisfaction count.

e |If any unwanted terms are hitin a
SupportElement for the ReturnElement,
then the filter satisfaction count will be
reduced by a count of 2.

5.7.2 Distinct terms and

phrases

This algorithm is a second stage sort after the
filter satisfaction sort. Where two
ReturnElements have the same filter satisfaction
count, the distinct terms algorithm is applied to
determine their relative rank. Here we rank
ReturnElements based on the number of distinct
terms and phrases that they satisfy.

If a SupportElement has recorded hits for a
particular term, its containing ReturnElement
will have it's distinct terms and phrases count
incremented by one. Take for example the

query:
/larticle[about(.//st,'+comparison’) and
about(.//bib,"" machinelearning" )]

Let us take the case where we have two
ReturnElements that satisfy both filters. The first
ReturnElement has supports that hit the terms
“comparison” and “machine”. The second
ReturnElement has supports that hit the terms
“comparison”, “machine” and “learning”. In this
case the second ReturnElement will be ranked
higher. Note that it does not matter how many
times each term is hit — it only mattersif aterm
was hit at least once, or not at all.

The distinct terms and phrases count secondly
takes into account the number of phrases that a
ReturnElement has supports for. For example,
take the query and the second ReturnElement we
discussed above. If this ReturnElement also
contained a support for the phrase “machine
learning” - that is to say a context was found
where the words “maching” and “learning”
appear directly adjacent to each other — the
distinct terms and phrases count algorithm will
increment the count by one.

5.7.3 Scorer penalizes

frequent terms

The final stage algorithm of the 3 stage sort is
only invoked where two ReturnElements have
the same filter satisfaction count and distinct
terms and phrases count. This algorithm
calculates a score based on the total number of
instances that terms were hit by
SupportElements. The total number of hits for a
term is normalized based on heuristic that takes
into account how fregquently that term occurs in
the entire documents collection. This
normalization factor is calculated as follows:

e Hits: Total number of instances that this
term appears in the ReturnElements
supports.

e TermFrequency: Count of number of
times this term appears in total
document collection

e TermFrequencyConstant: A constant
(determined using heuristics)

e Scorel The ranking score for this
ReturnElement

e Terms The set of terms the score is

based on
* i Denotestheterm
e ScarcityMultiplier =
1 + (TermFrequency /
TermFrequencyConstant)

N Score=2”” Terms (hitS*(ll
ScarcityMultiplier;))

5.8 Discussion on Ranking
Our overall ranking strategy was based
on aseries of heurigtics.

5.8.1 Filter Satisfaction
It is clear that our strategy places a high degree
of importance to whether a particular collection
of query terms are aggregated into onefilter or if
they are put in separate filters. For example, let
us take the following two queries:

[article[about(.,'clustering distributed’) and about(.,
javal)]

[larticle[about(.,'clustering distributed java)]
Whilst these filters may appear logically
equivalent, our filter satisfaction algorithm will
mean that lists returned from each query
formulation will vary significantly in how they
are sorted. With the first query, the term “java’
is raised to the same level of importance as that
of both the other terms (“clustering” and
“distributed”). By contrast, with the second
query, a result that hits “clustering” and
“distributed” (but not “java’) will rank equal to a
result that hits “distributed” and “java’ (but not
“clustering”). However, if the first query



formulationis usedthe secondresult would be
rankedhigher asit satisfiestwo filters whereas
the first result only satisfies one.

We believethis rankingstrategyworkswell due

to the psychologyinvolvedin creatingthesetwo
filters. It can be inferred that when a query
writer aggregatederms into one filter he/she
considers all terms so aggregatedof equal
importance.In contrast,where a query writer
putstermsin separatdilters they areindicating
thatwhilst eachfilter shouldbe treatedof equal
importance,terms containedin separatefilters
are not necessarily of equal importance.

The secondthing worth discussingabout the
filter satisfactionalgorithm is the way it treats
or-ed filters versus the treatmentfor and-ed
filters. Let us take anothertwo filters by way of
example:

/larticle[about(.,'clustering) and

about(.,’distributed")]//sec[(about(‘ja

va’)]
[larticle[about(.,'clustering) or

about(.,’distributed")]//sec[(about(‘ja

va')]
Further,let us assumewe havereturnElementl
thathits the terms“clustering” and “distributed”
and returnElement2 that hits the terms
“clustering” and “java”.

In this casequery1 will rankreturnElementland
returnElement2 equal (both with a filter
satisfaction count of 2). However query 2 will
treatthesequite differently. The returnElement2
will still havea filter satisfaction count of 2 but
thereturnElementl will haveafilter satisfaction
count of only one.

Again we believethis makesntuitive senseThe
secondquery constructionimplies that the user
wantsone of “clustering” or “distributed” to be
hit — theydon’t carewhich— andif theyareboth
hit then this is not as importantasif “java” is
also hit. It is interesting to note that the
following query would be equivalentto the
second query:

[larticle[about(.,'clustering distributed)]//
sec[(about(‘java’)]

Onefinal thing to note about this algorithmis
how it treats unwanted terms (i.e. terms
precededy a minussign). Thealgorithmis very
harshin how it treatsthe occurrenceof such
terms (by deducting2 from the overall filter
satisfaction count). However, We have found
thisworkswell in practiceasthe specificationof
suchunwantedermsby the querywriter appears
to indicate a very strong aversion to that term.

5.8.2 Distinct Terms and

Phrases
The distinct terms and phrases algorithm is
important in two respects:

» It places a greater importance on the
number of distinct terms hit, than on the
total number of instances that a term or
terms are hit. (This can also be said
about thdilter satisfaction algorithm).

» Phrases are given prominence by the
fact that they in effect count as an
additional distinct term.

Let us considerthe consequencesf first point
above. Take as an example the filter
“/larticle[about(.,'clusteringdistributed java’)]".
Let us saythat a ReturnElementecordshits on
the term “clustering” and “distributed”; both
termswith 100 instancef this term occurring
in the return’ssupports- a total of 200recorded
hits. Thenlet ustakeanotheReturnElementhat
recordsjust the one instanceof a hit on eachof
“clustering”, “distributed” and “java”. It may
surprisethat this secondReturnElementwill be
rankedhigherwhenit only recorded3 separate
hits versus the 200 of the first ReturnElement.

However,we believe this strategyhas worked
quite well in reality. What we have found that
thisin effectgivesa greatemprominenceo those
termsthat do not occur frequently — that is it
weights infrequent terms more heavily than
frequentterms.This makesintuitive senseasan
infrequentterm that appearsn a queryis more
likely to aid the precision of the recall than
frequentterms. The more frequenta term is in
the overall documentcollectionthe lessvalue it
has to determining the requirements of the user.

As regardsthe 2™ point above about giving
phrases prominence, this should be self
explanatoryPhrase®ccurmuchlessfrequently
thanindividual terms,so it makessenseo treat
them with a level of importance equivalent to the
individual terms.

5.8.3 Scorer penalizes

frequent terms

Finally we discussthe algorithmthat is invoked
where the above two algorithms still cannot
separatéwo equally ranked ReturnElementsilt
is only in this final stagealgorithmthatwe take
into accounthow “strong” the supportis for a
ReturnElement thatis how manyinstancesof
hits on terms have been recorded in a
ReturnElement’s SupportElements.

As per our discussiorfor the distinct terms and

phrases algorithm,herewe alsowish to penalize
infrequentterms.The algorithmwe developedo

do this was refined by running a series of

experimentandrunningour own assessmernin
the results to see if the modified algorithm
improved the results. The
TermFrequencyConstant gives us the ability to

adjust the normalization factor for penalizing
frequent terms.



5.9 Exceptions

Some INEX topics included conditions that
could not be easily evaluated in the absence of
external knowledge. For instance, a conditions
such as about[.//yr,2000]. Such a condition can
be easily evaluated if a user, or an external
schema can be consulted, in which the meaning
of “about” in relation to <yr> can be determined.
Furthermore, in  practica terms, the
implementation must take account of the type of
the element (eg, is it numeric or
alphanumeric?).

The treatment of equality functions involving
years (i.e. a"yr" tag) is straightforward: a string
comparison is made between the value in the tag
and the constant. However, the treatment of
inequality functions (i.e. those involving
inequality operators "<, ">", "<=", ">=") is
more complex. The greater than operator is
undecideable as the upper range of year values
to search the index for is unbounded. The less
than operator may be decideable if we take the
year 1 as the lower bound - but in this case the
practical consequence of having to search the
index for upwards of 1,990 terms isthat we need
to define a more reasonable lower bound. As
such, we allowed for the lower and upper bound
of year terms to be configured via our
configuration file. This results in a managable
range of year terms for which we have to search
the index for any reasonable year based
inequality predicate. The “about” was also
defined in a configuration file (3 years either
side of specified “about” year).

6. Experimental Results

The system was only designed for Content and
Structure queries (CAS). Only the <Title>
element was used in topic evaluation. The
system was not designed to take advantage of
information contained in the <Description> and
<Keywords> elements of a Topic.

6.1 Strict Content and Structure
(SCAS)

The best results were obtained with the SCAS
query and strict quantization metric. The average
precision was 0.26 (the submission was ranked
3'9) With the Generalized quantization metric
the system was ranked 8". These results are
somewhat surprising given that we only used the
<Title> element of a topic. One would have
expected the use of additional keywords from
the <Description> and <Keywords> elements to
assist retrieval and ranking.

INEX 2003; CASQuery_1

guantization: strict; topics: SCAS
average precision: 0.2602
rank: 3 (38 official submissions)

Figure 2: Retrieval results for Strict Content
and Structure (SCAS) topics, quantization
Strict

INEX 2003: CASQuery_1

guantization: generalized; topics: SCAS
average precision: 0.2096
rank: 8 (38 official submissions)

Figure 3: Retrieval results for Strict Content
and Structure (SCAS) topics, quantization
Generalized.

6.2 Vague Content and Structure

(VCAS)
Results are not available at the time of writing
this pre-workshop paper.



7. Discussion

Thereis no questionthat the formulation of the
<Title> elementof an XML topic at INEX 2003
is notenduseroriented. However,it doesallow
for exact specificationof structureand content
constraints.We wereableto implementa search
engine that evaluatesCAS <title> expressions
with good accuracy and reasonableresponse
time. Furthermore,we were able to construct
the searchengine on top of a generic XML
invertedfile system. This allows theapplication
of the system to XML collections without
explicit reference to the underlying XML
Schemgor DTD). It seemshoweverthatin the
definition of INEX CAS Topicsthe authorsdid
not always specify the intent of the topic (as
evidentin the topic’s narrative)in an accurate
manner. This ultimately musthaveleadto low
precision (across all submissions from all
participants).

We were not able to solve the problemin a
completelygenericfashionbecaussometopics’
structural  constraints could not be easily
interpretedn a genericmanner(e.gtreatmentof
about conditions over <year>). This problem
canbe overcometo someextentwith the useof
an XML Schema in future evaluations at INEX.
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ABSTRACT

In this paper we describe the implementation
of a distributed search engine for XML
document collections. The system is based on
a generic P2P collaborative computing
framework. A central server coordinates query
and search results distribution. The server
holds no documents nor does it hold any
indexes. The document collection is
distributed amongst multiple PC based
workstations, where it is also indexed and
searched. The system is scalable to databases
several orders of magnitude larger than the
INEX collection, by using a system of standard
networked PCs.

Keywords: P2P, INEX, XML, Distributed
Database, Information, Retrieval, Inverted
File, XPath, Assessment, Evaluation, Search
Engine

1. Introduction

Web search engines such as Google are
enormously valuable in alowing ordinary
users to access information on a vast array of
topics. The enormity of the information being
searched and the massive number of clients
wishing to make use of such search facilities
means, however, that the search mechanisms
are inherently constrained. The data being
searched needs to be a priori indexed.
Searching is limited to finding documents that
contain at least one occurrence of aword from
of alist of words somewhere within its body.
The exact relationship of these words to one
another cannot be specified. These limitations
mean that it is often difficult to specify exactly
what you want, consequently clients are
overwhelmed by an avalanche of query results
—if users don't find what they are looking for

Shlomo Geva
Centre for Information Technology Innovation
Faculty of Information Technology
Queensland University of Technology
GPO Box 2434 Brisbhane Q 4001 Australia
S. geva@ut . edu. au

Wengkai Loke
Centrefor Information Technology Innovation
Faculty of Information Technology
Queensland University of Technology
GPO Box 2434 Brishane Q 4001 Australia
w. | oke@jut . edu. au

in the first couple of pages of results they are
likely to give up.

XML documents contain rich structural
information that can be used by information
retrieval system to locate documents, and part
thereof, with much greater precision than text
retrieval systems can. However, systems
capable of searching XML collections by
content are typically resource hungry and are
unlikely to be supported extensively on central
public servers for some time to come, if at all.

Peer to Peer (P2P) file sharing systems such as
KaZaA, Gnutella and Napster enable
documents to be searched and accessed
directly from end user's PCs, i.e, without
needing to publish them on a web server, but
again the indexing for retrieval is a priori. This
is fine if you are searching based on well
defined metadata keys such as song title or
performer, but not if you are trying to search
based on the content of the data.

The greatest degree of search specificity is
achieved if the search engine can potentialy
access the content of the entire collection for
each and every query. Obviously this is
infeasible for huge document collections such
as the entire WWW. If, however, we limit
ourselves to smaller collections such as
documents archived by a “community” of
individuals that are collaborating on some
project or share some common interest, then
such a precise Information Retrieval paradigm
isfeasible and highly desirable.

The P2P framework that we propose is based
on search agents that visit the workstations of
participating individuals to perform custom
searches. Individuals wishing to perform a
search can choose from alibrary of “standard”
search agents, or they can implement their own



agent that implements an arbitrarly
sophisticated search algorithm. The agents
execute on the individual workstations within
our P2P host environment that “sand-boxes’
them, preventing them from doing “harm” to
the workstations and allowing the workstation
owners to control exactly which “resources’
can be accessed. Resources potentially
accessed include files, directories and
databases. The key advantages of our system
compared to web search engines such as
Google are:

- Arbitrarily sophisticated algorithms can be
used to perform highly selective searches,
since the query is known before the actual

document collection is scanned.

- The documents don't have to be explicitly
published to a central server — they are
accessed in place. This saves time and effort
and means that working documents can be
made immediately available from the time they
are created, and work can continue on those
documents locally while still being externally
accessible.

- Volunteers have the option to only partially
publish documents. This means they alow a
client's search agent to examine their
documents, but they limit the response that

such search agents can return to the client. The
response could be as limited as saying “Yes - |
have a document that matches your query”. In
most cases, the agent will return some form of
URL which uniquely identifies the matching
document, but our framework doesn't in itself
provide a mechanism for the client to retrieve
that document from the volunteer. The exact
mechanism by which such documents are
retrieved is beyond the scope of this paper, but
it could for example be a manual process,
whereby the owner of the volunteer
workstation will access each such client
request based on the identity of the client and
the document being retrieved. This might
happen, for example, in a medical setting with
doctors requesting patient records from other
doctors, or in a law enforcement setting with
police agencies requesting criminal histories
from other jurisdictions.

The remainder of this paper is organized as
follows. In section 2 we describe the system
underlying the distributed search engine. In
section 3 we describe the XML search engine
that is distributed and executed by search
agents on the distributed database. In section 4
we discuss the results of testing the systems
against the INEX collection. In section 5we
discuss and summarize the lessons learnt from
the INEX exercise.

2. System Architecture

Our system is termed P2P in that the actual
searching is performed on peer nodes. The
internal architecture of our system is, however,
client/server based - for a number of reasons.
The underlying architecture of our system is
illustrated in Figure 1. The client PCs that
make up the “leaves’ of system belong to the
individuals in the community and can play two
distinct roles; they can be a searcher or they
can volunteer to be searched. A searcher isa
PC that submits queries to the system. The
volunteers are the PCs on which the documents
reside and on which the queries are processed.
Individual PCs can play either or both of these
roles at various points in time. PCs volunteer
themselves to be searched typically only when
they are otherwise idle. Thisis aform of cycle
stealing, as the execution of the search agents
may consume considerable CPU time and
memory bandwidth of the machine while it is
running.

The clients of the system - the searchers and
the volunteers come and go over time; the
search server isthe only part of the system that
remains constant. It acts as a central point of
contact for searchers wishing to submit queries
and for volunteers willing to be searched. It
also acts as a repository for queries waiting to
be processed and query results waiting to be
retrieved. At the point in time when a searcher
submits a query, there may be some volunteers
“currently connected” to the server that would
be willing to process that query immediately.
In such a case some results may be able to be
returned to the searcher almost immediately
(allowing of course, for the time to perform the
search on the volunteer machines - which can
be arbitrarily long depending on the
complexity of the search algorithm and the size
of the document collection being searched on
each PC).

Often, however, the relatively small set of set
of volunteers that are currently connected, will
either produce no results for the query, or at
least will produce no results that are
satisfactory to the searcher (note that thisis
made more probable by the high degree of
query specificity that is possible with an agent
based search framework). In such a case, we
assume the searcher will often be willing to
wait (minutes, hours, days or perhaps even
weeks) for other volunteers to connect to the
system and hopefully contribute interesting
new results. Thisis the key difference between
our distributed search engine and traditional
cycle stealing systems. In a traditional cycle
stealing system, al volunteers are considered
equal — once a computational task has been
carried out by one machine there is no point if
having any other volunteer machine repeat that
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Figure 1: System Architecture

same computation. In our distributed search
system, however, each PC is assumed to
archivea

different set of documents — so even if a query
has been processed on one volunteer, it still
makes sense to keep that query around for
other volunteers to process when they connect
later.

Having a query and results repository allows
the submission of queries and results to be
separated in time from the fetching and
processing of those queries and results. Having
a central server means that once a client has
submitted a query, it can disconnect from the
system, and only reconnect much latter when it
expects to find a significant collection of
results. More importantly, the wide spread use
of corporate firewalls will often mean that
PC's performing searchers cannot directly
communicate with many potential volunteers
and vice versa. Having a central server that is
able to receive HTTP requests from anywhere
on the Internet has the effect of providing a
gateway for searchers and volunteers to work
together who would otherwise be unable to
communicate. Note, installing a web server on
all searcher and volunteer PC's would not
achieve the same effect — a HTTP request
message generally can not be sent to a machine
behind a firewall, even if that machine hosts a
web server.

The search server exposes interfaces to
searchers and volunteers as SOAP web
services transported using HTTP. Searchers
can submit queries and fetch results and
volunteers can fetch queries and submit results.
All communication is initiated by either the
searchers or the volunteers, and connections

are not left open; i.e, the server can't push
either queries or results to the searchers or the
volunteers - they must request them. From the
volunteer’s perspective, the server is stateless.
The server maintains neither alist of currently
“connected” volunteers, nor a list of all
potential volunteers. Anyone can volunteer at
any time (subject to any authentication that the
server may implement to ensure that the
volunteer is a member of “the community”).
When a volunteer connects to the server (after
having been “disconnected” for a period of
time) it receives a list of al queries that have
been submitted to the server since that
volunteer last connected. Each volunteer is
responsible for keeping a “time-stamp” (in
reality a sequence number allocated by the
server) that represents the point in time at
which that volunteer last requested queries
from the server. In this way, the server is
spared from maintaining information specific
to each volunteer yet is able to respond to
requests from individua volunteers in a
personalized manner.

The time period that a query remains on the
server is determined by a number of factors.
Firstly, the searcher can specify a “time-to-
live” when they submit the query. This may be
overridden by the server which may dictate a
system wide maximum “time-to-live” for all
queries. Individual volunteers may also
implement their own policies, such as refusing
to process queries that are older than a certain
date. Finaly, the searcher can manually retract
a query from the server as soon as they have
received satisfactory result(s) to their query or
if they realize that the query was incorrect or
too inexact.



3. The XML Search Engine

The search engine is based on an XML
inverted file system, and a heuristic approach
to retrieval and ranking. These are discussed
in the following sections.

3.1. The XML Inverted File

In our scheme each term in an XML document
isidentified by 3 elements. File path, absolute
XPath context, and term position within the
Xpath context.

The file path identifies documents in the
collection ; for instance :

C :/INEX/ex/2001/x0321.xml

The absolute Xpath expression identifies a leaf
XML element within the document, relative to
thefile' sroot element:

Jarticle[1]/bdy[1]/sec[5]/p[3]

Finally, term position identifies the ordinal
position of the term within the X path context.

One additional modification that we adopted
allowed us to support queries on XML tag
attributes. Thisis not a strictly content search
feature, but rather structure oriented search
feature. For instance, it allows us to query on
the 2" named author of an article by imposing
the additional query constraint of looking for
that qualification in the attribute element of the
XML author element. The representation of
attribute values is similar to normal text with a
minor modification to the Xpath context
representation — the attribute name is appended
to the absolute Xpath expression. For
instance:

article[1]/bdy[1]/sec[6]/p[6]/ref[1]/@rid[1]
Here the character ‘@’ is used to flag the fact
that “rid” is not an XML tag, but rather an
atribute of the preceding tag <ref>.  An
inverted list for agiven term, omitting the File

path and the Term position, may look
something likethis:

Context

Xpath

article[1])/bdy[1]/sec[6]/p[6]/ref[1]

article[1])/bdy[1]/sec[6]/p[6]/ref[1)/@rid[1]

article[1])/bdy[1]/sec[6]/p[6]/ref[1]/@type[1]

article[1]/bm[L)/bib[1]/bibI[1}/bb[13])/pp[1]

Suitable indexing of terms can support fast
retrieval of term inverted lists. However, it is
evident that there is extreme redundancy in the
specification of partial absolute Xpath
expressions (substrings). Thereisalso extreme
redundancy in full absolute Xpath expressions
where multiple terms in the same document
share the same leaf context (e.g. al termsin a
paragraph). Furthermore, many Xpath leaf
contexts exist in almost every document (e.g.
[article[1]/fm[1]/abs[1]).

We have chosen to work with certain imposed
constraints. Specifically, we aimed at
implementing the system on a PC and base it
on the Microsoft Access database engine. This
is a widely available off-the-shelf system and
would allow the system to be used on virtually
any PC running under any variant of the
standard Microsoft Windows operating system.
This choice implied a strict constraint on the
size of the database — the total size of an
Access database is limited to 2Gbyte. This
constraint implied that a flat list structure was
infeasible and we had to normalise the inverted
list table to reduce redundancy.

3.2 Normalized Database Structure
The structure of the database used to store the
inverted lists is depicted in Figure 1. It
consists of 4 tables. The Terms table is the
starting point of a query on a given term. Two
columns in this table are indexed - The Term
column and the Term_Sem column. The
Term_Stem column holds the Porter stem of
the origina term. The List_Position is a
foreign key from the Terms table into the List
Table. It identifies the starting position in the
inverted list for the corresponding term. The
List Length is the number of list entries
corresponding to that term. The List table is
(transparently) sorted by Term so that the
inverted list for any given term is contiguous.
As an aside, the maintenance of a sorted list in
a dynamic database poses some problems, but
these are not as serious as might seem at first,
and although we have solved the problem it is
outside the scope of this paper and is not
discussed any further. A search proceeds as
follows. Given a search term we obtain a
starting position within the List table. We then
retrieve the specified number of entries by
reading sequentially.

The inverted list thus obtained is Joined (SQL)

article[L1/bm[1]/bib[1]/bibl[1]/bb[14]/pdt[L)/day[1] With the Document and Context tables to obtain

article[1)/bm[L)/bib[1])/bibI[1]/bb[14])/pp[1]

article[1)/bm[L)/bib[1]/bibI[1]/bb[15]

article[1)/bm[L])/bib[1)/bibI[1]/bb[15)/@id[1]

In principle at least, a single table can hold the
entire cross reference list (our inverted file).

the complete de-normalised inverted list for the
term. The XPath context is then checked with a
regular expression parser to ensure that it
satisfiesthe topic’s <Title> XPath constraints.

Theretrieval by Term_Stem is similar. First
we obtain the Porter stem of the search term.
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Figure 2: Database Schema for the XPath
based Inverted XML File.

Then we search the list by Term_Stem —
usually getting duplicate matches. All the lists
for the duplicate hits on the Terms table are
then concatenated. Phrases and other
proximity constraints can be easily evaluated
by using the Context_Position of individual
termsin the List table.

With this normalization the database size was
reduced to 1.6GByte and within the Microsoft
Access limits. This is of course a trade of in
performance since costly join operations may
be necessary for the more frequent terms.

3.3 Searching the Database

The database structure enables the
identification of inverted lists corresponding to
individual terms. Each term that appears in a
filter of an INEX <Title> element has an
associated Xpath context. Terms that appear
in a <keywords> element of atopic have the
default context of /article. With simple SQL
statements it is easy enough to retrieve
inverted listsfor termsthat satisfy afilter.

3.3.1 SCAStopics

Our search strategy for SCAS topics consists
of several steps, asfollows.

We start by fragmenting the INEX <Title>
element into several sub-queries, each
corresponding to a filter on the path. So, for
instance:
<title>//article[about(.//st,'+comparison')/
bm[about(.//bib,'machinelear ning')]</title>

istransformed to a set of 2 individual queries:

S|//articlel//articl e//st|+comparison
R|//articlelom|//article/fom//bibjmachine lear ning

This formulation identifies two sub-queries,
each with 4 parts delimited by a ‘|'. The S
denotes a support element and the R denotes a
Returned Element. The support element has
the Xpath signature /article. The return
element has the XPath signature /aticle/bm.
The support element filter looks for elements
with the Xpath signature //article//st, containing
the term “comparison”. The returned element

filter looks for elements with the Xpath
signature //articlelbm//bib, containing the
phrase “machinelearning”.

Strict compliance to the XPath signature of the
various elements is enforced. However, thisis
moderated by the use of equivalent tags.

SCAS Equivalent tags:

Articlebdy
plp[1-3]jip[1-5]|ilrj|item-none
sec|ss[1-3]

hlh[1-2]a?|h[3-4]
I[1-9a-€]|dI|listjnumeric-
listinumeric-rbrace|bullet-list

Each of the elementsis scored in the following
way — we count the number of times that each
term in the filter is found in the element. If
more than one term is found then the term
counts are multiplied together. This has the
desired heuristic that elements containing
many search terms are scored higher than
elements having fewer search terms.

The score of a returned element is the sum of
the scores of all its support elements. So in the
example above, the score of a //article/lbm
element is the sum of al the corresponding
[larticlel/st  elements (within the same
<article>) and all //article/lbm//bib elements
(within the same <article> and same <bm>).
At one extreme a returned element may be
supported by numerous elements from dl
filters. At the other extreme it may only have
support in one term of the returned element
filter. We accept all such return elements as
candidates for results. However, the returned
elements are sorted first by the number of
support filters that they satisfy and then by
their score.

Topics that make use of AND clauses and OR
clauses in the <Title> are handled by
generating separate query for each clause. We
do not distinguish between AND and OR and
effectively alow ranking to take care of it.

The heuristic justification is that if all terms
appear then the score should be higher
regardless of whether AND or OR were used.
Also, if AND was specified, but only satisfied
by some of the terms, we still want the
partially matching elements as potentially valid
results — after al, this may be the best that we
can find.

The <Keywords> element of topic is also used
— it defaults to a query on the entire <article>
and considered a support to al returned
elements within the same article.

3.3.2 VCAStopics

The VCAS queries were treated in exactly the
same manner as SCAS queries, except that we
expanded the equivalence tag interpretation.

VCAS Equivalent tags:



Article,bdy,fm
seclss{1-3]|p[p[1-3][ip[1-5]ilrj]
item-none

hjh[1-2]a?|h[3-4]

yr|pdt

snmifnmjau

bm|bibl|bib]bb
[[1-9a-€][dI|listjnumeric-
listinumeric-rbracelbullet-list

3.3.2 CO Topics

The CO topics were handled in the same
manner as CAS topics. However, all terms
from both the <Title> and <Keywords>
elements of the CO topic were combined to
form a single query — after removing duplicate
terms. The return element was assigned the
default XPath signature //* which means that
any element in the article was returnable
(subject tosupport). For instance, topic 91—

<title>Internet traffic</title>
<keywords>internet, web, traffic, measurement,
congestion </keywords>

is transformed to the following query:

R|//*|/larticle|l nter net traffic,web,measur ement,
congestion

Every element with the context of //article (this
includes descendents) and which contains at
least one of the terms in the query is suitable
for return. However, since only leaf nodes in
the XML tree contain terms (with very few
exceptions) there is a need to associate a score
with other non-leaf elements in the tree in
order to qualify them for selection. The search
engine propagates the score of matching
elements upwards, recursively, to ancestor
nodes, in the following manner. If an ancestor
has a single child it receives half the child's
score. If it has multiple children it receives the
sum of their scores. In this manner, for
instance, a section with multiple scoring
paragraphs receives a score higher than any of
its paragraphs and will ke ranked higher. A
section having only one scoring paragraph will
be ranked lower.

3.3.4 Slection by Year

Selection by year was treated as an exception.
The search engine expands conditions with
respect to yearsto allow for arange of years.
It alows up to 5 years below for a Less Than
condition, up to 5 years above for a Greater
Than condition, and 2 years either side for an
about condition. Equality is treated strictly.
Thisis necessary for two reasons. The inverted
list structure does not support range queries so
it is necessary to translate such conditions to
explicit values that can be searched. It isaso
not possible to interpret the about condition

over <year> without some pre-conceived idea
of what might be a reasonable year range.

3.3.4 Term expansion

The search engine can optionaly expand
keywords in one of two ways. It can perform
plural and singular expansion, or it can use the
full porter stem (pre-stored in the database). In
the case of phrases, the program also attempts
to construct an acronym. So for instance, the
phrase “Information Retrieval” generates the
additional term “IR”. A common writing
technique is to introduce an acronym for a
phrase and thereafter use the acronym for
brevity. For instance, at INEX, we defined
“Strict Content and Structure” as “VCAS’.
Subsequent references are to VCAS only. So
the idea here is to try and guess acronyms. We
use several simple rules that attempt to
manipulate the phrase initials to construct a
few acronyms. If an acronym thus generatedis
found in the inverted list it is used as an
additional term.

4. Results

Two aspects of the system were tested. The
precision/recall values were measured through
the standard INEX evaluation process. The
performance of the distributed search engine
was also tested on a distributed database.

4.1 Performance

The system was tested as a stand alone search
engine in a single PC and on a distributed
configuration. On a single PC (Pentium 4,
1.6GHz, 500MB RAM) the search times for
topics varied between 5 seconds and one
minute, depending on the number of terms and
their frequency in the database.

The database can be distributed in a logical

manner by placing each of the 18 journals on a
different PC. Each search engine was set to
return the N best results. We used a threshold
N=100, but this is a run-time argument. The
communications overhead of the system is
about 5 seconds (pretty much fixed, given a
reasonably fast connection.) The search over a
single journal is very quick and takes less than
3 seconds. The INEX collection can thus be
searched in less than 10 seconds even for the
most elaborate topics. The total search time is
pretty much upper limited by the longest
search time on any of the distributed
components. Nevertheless, results arrive
asynchronously, so the user can view early
results before the entire distributed search is
complete.

The system scales up well. If the full database
is duplicated on several PCs the search time is
virtually constant — as long as the number of
results returned is reasonably capped.



Results are ranked independently by each
distributed search component. Consequently,
the results can be displayed in order, either
globally, or within each Journal. A difference
between the single complete database and the
distributed database results can arise if there
are useful results in one journal that are ranked
below the allowed threshold N. However, this
difference will only affect the lower end of the
ranked list and in any case this problem can be
easily circumvented. An obvious variation is
to determine the return threshold by rank rather
than by count. In this manner poor results can
be avoided while better results are allowed to
arrive in larger numbers from fruitful searches
of distributed database compartments.

5.2 Precision/Recall

The better results were obtained in the SCAS
track with plural/singular term expansion. It
scored an average precision (generalized) of
0.195 (rank 12/38). The Porter stemming
expansion of terms produced somewhat |esser
results with an average precision of 0.186.
Without term expansion the results had an
even lower score with an average precision of
0.174.

VCAS results are not available at the time of
writing this paper.

In the CO track results were similar. The
better results were obtained with full Porter
stemming, with an average precision
(generalized) of 0.0525 (rank  14/56).
Somewhat lesser, but essentially similar results
were obtained with plural/singular expansion
with an average precision of 0.0519. Without
term expansion the average precision was
0.0505.

INEX 2003: scas_ps

quantization: generalized; topics: SCAS
average precision: 0.1915
rank: 12 (38 official submissions)

Figure3: Plural/Singular expansion

INEX 2003: scas_st

quantization; generalized; topics: SCAS
precision: 0,1858
rank: 16 (36 official submissions)

Figure4: Full Porter stemming

INEX 2003: scas_ns

quantization; generalized; topics: SCAS

average precision: 0.1740
rank: 17 (38 official submissions)

Figure5: Without Term expansion




INEX 2003: co_ps

quentization: generalized; topics: CO
average precision: 0.0925
rank: 14 (68 official submissions)

INEX 2003: co_st

quantization: generalized; topics: CO
precision: 0.0505
rank: 17 (68 official submissions)

Figure 6. Full Porter stemming

INEX 2003: co_ns

quentization: generalized; topics: CO
average precision: 0.0519
rank 168 (68 official submissions)

Figure 7: Plural/Singular expansion

Figure 8: Without Term expansion

5. Discussion

The search engine that was developed and
tested performs reasonably well in terms of
precision/recall. It performs very well in terms
of speed, and scales almost linearly.

Inspection of our results suggests that while
the system was able to retrieve the most
significant <article> elements, it fell short in
terms of ranking the various descendents.
With CAS queries the loose interpretation of
AND, OR, and equality constraint might have
contributed to violations of topic <title> XPath
constraints leading to selection of undesirable
elements. With CO queries the ranking
heuristics that we used were generic. We only
took account of abstract tree structure
considerations. It might have been
advantageous to also apply heuristics that are
specific to the INEX collection and perceived
intent of topic authors (in general, not
specifically). For instance, paragraphs might
be better units of retrieval than sections. More
analysis and experimentation with ranking is
reguired.

6. REFERENCES

[1] Proceedings of the First Workshop of the
Initiative for the Evaluation of XML
Retrieval (INEX), DELOS Network of
Excellence on Digital Libraries, ERCIM -
03-W03

[2] “XML Path Language (XPath) Version
1.0” http://www.w3.org/ TR/xpath



RMIT INEX experiments: XML Retrieval using Lucy/eXist

Jovan Pehcevski
School of CS and IT
RMIT University
Melbourne, Australia 3000

jovanp@cs.rmit.edu.au

ABSTRACT

This paper reports on the RMIT group’s approach to XML
retrieval while participating in INEX 2003. We indexed
XML documents using Lucy, a compact and fast text search
engine designed and written by the Search Engine Group at
RMIT University. For each INEX topic, up to 1000 highly
ranked documents were then loaded and indexed by eXist,
an open source native XML database. A query translator
converts the INEX topics into corresponding Lucy and eX-
ist query expressions, respectively. These query expressions
may represent traditional information retrieval tasks (un-
constrained, CO topics), or may focus on retrieving and
ranking specific document components (constrained, CAS
topics). With respect to both these expression types, we
used eXist to extract final answers (either full documents
or document components) from those documents that were
judged highly relevant by Lucy. Several extraction strate-
gies were used that differently influenced the ranking order
of the final answers. The final INEX results show that our
choice for a translation method and an extraction strategy
leads to a very effective XML retrieval for the CAS topics.
We observed a system limitation for the CO topics resulting
in the same or similar choice to have little or no impact on
the retrieval performance.

Keywords
XML Search & Retrieval, eXist, Lucy, INEX

1. INTRODUCTION

During INEX 2002, different participants used different ap-
proaches to XML retrieval. These approaches were classified
into three categories [1]: extending well known full-text in-
formation retrieval (IR) models to handle XML retrieval;
extending database management systems to deal with XML
data; and XML-specific, which use native XML databases
that usually incorporate existing XML standards (such as
XPath, XSL or XQuery). Our modular system utilises a
combined approach using traditional information retrieval
features with well-known XML technologies found in most
native XML databases.

Lucy! is RMIT’s fast and scalable open source full-text search
engine. Lucy follows the content-based information retrieval
approach and supports Boolean, ranked and phrase queries.
However, Lucy’s smallest unit of retrieval is a whole docu-
ment, thus ignoring the structure specified using the doc-
ument schema as in the XML retrieval approach. Indeed,

"http://www.seg.rmit.edu.au/lucy/
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when dealing with information retrieval from a large XML
document collection, sections that belong to a document,
or even smaller document components such as paragraphs,
may be regarded as appropriate units of retrieval. Accord-
ingly, it is important to have an IR-oriented XML retrieval
system that will be able to identify and rank these units of
retrieval.

eXist?, an open source XML database, follows the XML-
specific retrieval approach. It is the XML-specific approach
that deals with both the content and the structure of under-
lying XML documents and incorporates keyword, Boolean
and proximity search. Most of the retrieval systems that fol-
low this approach use databases specifically built for XML.
These databases are often called native XML databases. How-
ever, most of these systems do not support any kind of rank-
ing of the final answers, which suggests a need of applying
an appropriate retrieval strategy to determine the relevance
of the answers to a given retrieval topic.

The XML retrieval approach we consider at INEX 2003 is
that for many retrieval topics it appears the only way to ob-
tain satisfactory answers is to use either proximity or phrase
search support in XML retrieval systems. That is, a final
answer is likely to be relevant if it contains (almost) all of
the query terms, preferably in a desired order. The native
XML databases, as explained above, provide all the required
support to enable this functionality. However, when a na-
tive XML database needs to load and index a large XML
collection, the time required to extract the most relevant
answers for a given query is likely to increase significantly.
Moreover, the XML database needs to determine a way to
somehow assign relevance values to the final answers. Ac-
cordingly, it would be more efficient if the XML database
has to index and search a smaller set of XML documents
that may have previously been determined relevant for a
particular retrieval topic. The database would then need
to decide upon the most effective strategy for extracting
and ranking the final answers. We have therefore decided
to build a system that uses a combined IR/XML-specific
retrieval approach. Our modular system effectively utilises
Lucy’s integrated ranking mechanism with eXist’s power-
ful keyword search extensions. The INEX results show that
our system produces effective XML retrieval for the content-
and-structure (CAS) INEX topics.

*http://exist-db.org/



<?xml version="1.0" encoding="IS0-8859-1"7>
<!DOCTYPE inex_topic SYSTEM "topic.dtd">

<inex_topic topic_id="117" query_type="C0" ct_no="98">

<title>
Patricia Tries
</title>

<description>

Find documents/elements that describe
Patricia tries and their use.
</description>

<narrative>

To be relevant, a document/element

must deal with the use of Patricia Tries

for text search. Description of the standard
algorithm, optimised implementation and use
in Information retrieval applications are all
relevant.

</narrative>

<keywords>

Patricia tries, tries, text search,
string search algorithm,

string pattern matching
</keywords>

</inex_topic>

Figure 1: INEX Topic 117

2. INEXTOPICS

As in the previous year, INEX 2003 has used the same set
of XML documents that comprises 12107 IEEE Computer
Society articles published within the period 1997-2002 and
stored in XML format. INEX 2003 also introduced a new set
of ad-hoc retrieval topics which in contrast to the previous
year were differently formulated. Revised relevance dimen-
sions, exhaustivity and specificity, for assessing the relevance
of the retrieval topics were also introduced.

Two types of XML retrieval topics are explored in INEX:
content-only (CO) topics and content-and-structure (CAS)
topics. A CO topic does not refer to the existing document
structure. When dealing with CO topics, an XML retrieval
system should follow certain rules that will influence the size
and the granularity of a resulting document component. Not
every document component can be regarded as a meaningful
answer for a given query. Some of them are too short to act
as meaningful answers while some of them are too broad.
Thus, if an XML retrieval system shows poor performance
(in terms of its effectiveness), the rules that decide upon the
answer size and granularity should be changed accordingly.

A CAS topic, unlike a CO topic, enforces restrictions with
respect to the existing document structure by explicitly spec-
ifying the type of the unit of retrieval (section, paragraph,
or other). When dealing with CAS topics, an XML re-
trieval system should (in most cases) follow the structural

constraints described in the topic, which will result in an-
swers having the desired (or similar) structure. In this case,
the size and the granularity of a final answer are determined
in advance.

The rest of this section describes INEX topics 117 and 86,
which are respectively the CO and CAS topics proposed and
assessed by our group. Some issues were observed during our
relevance assessments for these topics. Our final results at
INEX 2003 show that these issues, when addressed correctly,
significantly improve the performance of an XML retrieval
system. We also discuss the implications of these INEX
topics for using the combined Lucy/eXist retrieval system
and report other comments and suggestions.

2.1 [INEX Topic 117

Figure 1 shows the INEX CO topic 117. This topic searches
for documents or document components focusing on algo-
rithms that use Patricia tries for text search. A document
or document component is considered relevant if it provides
description of the standard/optimised algorithm implemen-
tation or discusses its usage in information retrieval appli-
cations.

Our first observation is that this topic (unintentionally) turned
out to be a difficult one, since:

e Patricia (usually) represents a person’s first name, rather
than a data structure;

e (ries is a verbal form, and

e keywords like text, string, and search appear almost
everywhere in the INEX IEEE XML document collec-

tion.

The relevance assessments were long and difficult, mainly
because there were too many answers (due to Patricia and
tries), there were not many highly relevant answers, and
the few somewhat relevant answers were hard to evaluate
consistently both for exhaustivity and specificity.

For this and similar topics, it appears that the only way to
obtain satisfactory results is to use either prozimity opera-
tors or phrase search support in full text retrieval systems.
In the context of XML, an interesting question is whether
the granularity of XML document components can be used
as the proximity constraint. For example, it is more likely
that paragraphs containing few of the query keywords will
be regarded more relevant than a document that contains all
keywords in different sections. On the other side, since users
expect meaningful answers for their queries, the answers are
expected to be rather broad, so retrieved document compo-
nents should at least constitute a section, possibly a whole
document. Accordingly, an XML retrieval system should
follow an effective extraction strategy capable of producing
more relevant answers.

2.2 INEX Topic 86
Figure 2 shows the INEX CAS topic 86. This topic searches
for document components (sections) focusing on electronic



<?xml version="1.0" encoding="IS0-8859-1"7>
<!DOCTYPE inex_topic SYSTEM "topic.dtd">

means this should be regarded as a mandatory constraint,
since the INEX DTD specifies different types of document
components that may be regarded as sections (sec, secl,

<inex_topic topic_id="86" query_type="CAS" ct_no="107"> py or even bdy). It is therefore reasonable to expect that

<title>
//sec[about (., ’mobile electronic payment system’)]
</title>

<description>

Find sections that describe technologies

for wireless mobile electronic payment systems
at consumer level.

</description>

<narrative>

To be relevant, a section must describe
security-related technologies that exist
in electronic payment systems that can be
implemented in hardware devices.

The main interests are systems that can be
used by mobile or handheld devices.

A section should be considered irrelevant
if it describes systems that are designed
to be used in a PC or laptop.
</narrative>

<keywords>

mobile, electronic payment system,
electronic wallets, e-payment, e-cash,
wireless, m-commerce, security
</keywords>

</inex_topic>

Figure 2: INEX Topic 86

payment technologies implemented in mobile computing de-
vices, such as mobile phones or handheld devices. A section
will be considered highly relevant if it describes technologies
that can be used to securely process electronic payments in
the mobile computing devices.

In order to consistently assess the relevance of the resulting
document components (for this topic, most of these com-
ponents were sections), two assessment rules were applied:
document components focusing only on mobile computing
devices were considered irrelevant, and document compo-
nents focusing on security issues in general were also con-
sidered irrelevant.

It is evident from the above rules that for a document com-
ponent to be considered marginally, fairly or highly relevant,
it should at least contain a combination of some important
words or phrases, such as mobile, security, electronic pay-
ment system, e-payment, and so on. In this sense, the is-
sues encountered while assessing INEX CAS topic 86 were
very similar with the ones discussed earlier for INEX CO
topic 117. The only difference is that for this topic, the unit
of retrieval is known in advance (<sec> identifies the type
of document component to be retrieved), although by no

the extraction strategy previously applied to the CO top-
ics would lead to more effective results for the CAS topics.
The final INEX results for the CAS topics shown later in
Figure 5 confirm this expectation.

2.3 Implications of INEX topics

It is evident from the previous observations that using ei-
ther Lucy or eXist will partially satisfy the information need
expressed with both the CO and the CAS topics. Lucy sup-
ports phrase search and ranking, however proximity support
is limited, and the unit of retrieval is a whole document. eX-
ist supports proximity operators and phrase search, and ad-
ditionally allows final answers containing any of the query
terms. However, it does not rank the final answers, and
unless explicitly specified in the query, it does not impose
additional constraints on the granularities of the returned
answers. We identify later that this missing feature repre-
sents a serious system limitation for the CO topics. Accord-
ingly, we decided to take into account the positive aspects of
both systems and build a modular system that incorporates
a combined approach to XML retrieval. Section 3 describes
our approach in detail.

2.4 Other commentsand suggestions
As aresult of our active INEX participation this year, partic-
ularly while creating the INEX topics 86 and 117 and assess-
ing the relevance of corresponding documents and document
components, we observed some additional issues.

e In proposing a retrieval topic, should a participant
make a statement about what XML retrieval feature
he/she is trying to evaluate?

e Should the INEX initiative start making a classifica-
tion of these various features? The features that we
refer here might include, for example, usefulness of ex-
isting links and references in XML documents, prox-
imity search, selection criteria, granularity of answers,
and so on.

Although the INEX 2003 assessment tool was much better
than the one used in 2002, the assessment task is still very
time consuming. We suggest whether less answers could
be pooled for assessment and whether the assessment tool
could be furthermore improved to reduce some interaction
required by users. The last suggestion might for example
include less required “clicks” and the ability to select a group
of answers as irrelevant (regardless whether they represent
documents or document components).

3. MODULAR SYSTEM ARCHITECTURE
For INEX 2003, we decided to build a modular system that
uses a combined approach to XML retrieval, comprising two
modules: the Lucy full-text search engine and the eXist na-
tive XML database. Before we explain our approach in de-
tail, we briefly summarise the most important features of
both modules.



3.1 Lucy search engine

Lucy is a compact and fast text search engine designed and
written by the Search Engine Group at RMIT University.
Although Lucy primarily allows users to index and search
HTML? (or TREC*) collections, we have successfully man-
aged to index and search the entire INEX IEEE collection of
XML documents. However, Lucy’s primary unit of retrieval
is a whole document and currently it is not capable of in-
dexing particular document components, such as <author>,
<sec>, and <p>. Lucy has been designed for simplicity as
well as speed and flexibility, and its primary feature, which
is also evident in our case, is the ability to handle a large
amount of text. It implements an inverted index structure,
a search structure well researched and implemented in many
existing information retrieval systems. Witten et al. [8] pro-
vide a detailed explanation for efficient construction of an
inverted index structure such as implemented in Lucy.

Lucy is a fast and scalable search engine, and incorporates
some important features such as support for Boolean, ranked
and phrase querying, a modular C language API for inclu-
sion in other projects and native support for TREC exper-
iments. It has been developed and tested under the Linux
operating system on an Intel-based platform, and is licensed
under the GNU Public License.

3.2 eXist: anative XML database

Since January 2001, when eXist [3] started as an open source
project, developers are actively using this software for vari-
ous purposes and in different application scenarios. We use
eXist as a central part of our modular XML retrieval system.
eXist incorporates most of the basic and advanced native
XML database features, such as full and partial keyword
text searches, search patterns based on regular expressions,
query terms proximity functions and similar features. Two
of eXist’s unique features are efficient index-based query pro-
cessing and XPath extensions for full-text search.

Index-based query processing. For the purpose of evaluating
XPath expressions in user queries, conventional native XML
database systems generally implement top-down or bottom-
up traversals of the XML document tree. However, these
approaches are memory-intensive, resulting in slow query
processing. In order to decrease the time needed for pro-
cessing the queries, eXist uses an inverted index structure
that incorporates numerical indexing scheme for identifying
the XML nodes in the index. This feature enables eXist’s
query engine to use fast path join algorithms for evaluat-
ing XPath expressions. Meier [3] provides detailed techni-
cal explanation of this efficient index-based query processing
implementation in eXist.

XPath extensions for full-text searching. Standard XPath
implementations do not provide very good support for query-
ing document-centric XML documents. Document-centric
documents, as oppose to data-centric ones that usually con-
tain machine-readable data, typically include mixed content
and longer sections of text. eXist implements a number
of XPath extensions to efficiently support document-centric
queries, which overcome the inability of standard XPath

3http://www.w3.org/MarkUp/
*http://trec.nist.gov/

functions (such as contains()) to produce satisfactory re-
sults. For example, the &= operator selects document com-
ponents containing all of the space-separated terms on the
right-hand side of the argument. |= operator is similar, ex-
cept it selects document components containing any of the
query terms. In the next section we provide examples of the
way we used these operators in the INEX topic translation
phase.

eXist is a lightweight database, completely written in Java
and may be easily deployed in several ways. It may run
either as a stand-alone server process, or inside a servlet-
engine, or may be directly embedded into an existing appli-
cation.

3.3 A combined approach to XML retrieval
Section 2 observes the implications of the INEX topics that
influenced our choice for a combined approach to XML re-
trieval. However, due to the advanced retrieval features de-
scribed previously it becomes evident that using eXist alone
should suffice in satisfying the XML retrieval needs. In-
deed, some applications have shown that eXist is already
able to address real industrial needs [3]. Despite all these
advantages, we were not able to use eXist as the only XML
retrieval system for two main reasons: first, we were using
eXist version 0.9.1, which did not manage to load and index
the entire IEEE XML document collection needed for INEX,
and second, although we could retrieve relevant pieces of
information from parts of the IEEE document collection,
eXist does not assign relevance values to the retrieved an-
swers. Accordingly, since ranking of the retrieved answers
is not supported, we decided to undertake a combined XML
retrieval approach that utilises different extraction strate-
gies to rank the answers. With respect to a specific ex-
traction strategy, a document component may represent a
highly ranked answer if it belongs to a document that has
previously been determined relevant for a particular retrieval
topic.

Figure 3 shows our combined approach to XML retrieval.
The system has a modular architecture, comprising two mod-
ules: Lucy and eXist. We use INEX topic 86, as shown in
Figure 2, to explain the flow of events.

First, the INEX topic is translated into corresponding queries
understandable by Lucy and eXist, respectively. Depending
on the type of the retrieval topic (CO or CAS), the topic
translation utility follows different rules. For the INEX CO
topics, such as topic 117 shown in Figure 1, queries that are
sent to both Lucy and eXist include only terms that appear
in the <Keywords> part of the INEX topics. For the INEX
CAS topics, as shown in Figure 3, query terms that appear
in both <Title> and <Keywords> parts of the INEX topics
were used.

For example, we use the query terms from the <Keywords>
part of the INEX topic 86 to formulate the Lucy query:

.listdoc

’mobile "electronic payment system"
"electronic wallets" e-payment e-cash wireless
m-commerce security’



Topictrangation

Lucy

listdoc Query
L *mobile "electronic payment system”
“electronic wallets" e-payment e-cash wireless
m-commerce security”

INEX Topic 86 .
eXist

collection(*/db/INEX/CAS/86")

Figure 3: A modular system architecture.

However, before submitting a query to the system, the INEX
document collection needs to be indexed. We use Lucy to
create an inverted index from all the documents in the large
IEEE XML collection. We then search this indexed data by
entering the queries derived from the translation rules, as
explained above. For the purpose of ranking its answers for
a given query, Lucy uses a variant of the Okapi BM25 [5]
probabilistic ranking formula. Okapi BM25 is one of the
most widely used ranking formula in information retrieval
systems. It is thus expected that, for a given INEX topic,
Lucy will be able to retrieve highly relevant XML docu-
ments early in the ranking. Therefore, for each INEX topic,
we retrieve (up to) 1000 highest ranked XML documents
by Lucy. It is our belief that the information contained
in these documents is sufficient to satisfy the information
need expressed in the corresponding INEX topic. However,
at this phase of development, Lucy’s only unit of retrieval
is a whole document. Accordingly, for a particular INEX
topic, we still have to extract the relevant parts of these
highly ranked documents. Wilkinson [7] shows that sim-
ply extracting components from highly relevant documents
leads to poor system performance. Indeed, there may be
cases when a section belonging to highly ranked document
is irrelevant as opposed to a relevant section belonging to
lowly ranked document. However, we believe that the re-
trieval performance of a given system may be improved us-
ing a suitable eztraction strategy. We implemented several
extraction strategies using eXist’s XPath extensions. We
provide examples how we use these XPath extensions while
translating INEX topic 86 as follows.

For INEX CAS topics in general, and INEX topic 86 in
particular, the terms that appear in the <Title> part are
used to formulate eXist queries. However, since a document
component is likely to be relevant if it contains all or most of
the query terms that appear in the <Title>, we undertake
several extraction strategies as described in detail in Section
4, where we explain how we construct our INEX runs. In
general, these strategies depend on the combined usage of
Boolean AND and OR operators, implemented using the &=
and |= operators in eXist, respectively. Accordingly, the

lisec[. &="mabile electronic payment system’]
INEX XML

TOP 1000 document collection

FINAL ANSWERS Query Highly Ranked (12107 IEEE articles)
Docs by Lucy

(<sec> components)

Answers . Index
eXist

INEX topic 86 may be translated either as:

collection(’/db/INEX/CAS/86°)
//sec[. &=’mobile electronic payment system’]

if one wants all query terms to appear in the resulting sec-
tion, or:

collection(’/db/INEX/CAS/86°)
//sec[. |="mobile electronic payment system’]

if one wants any of the query term to appear in the resulting
section.

We follow the first translation rule for our example in Fig-
ure 3. Final answers will thus constitute <sec> document
components (if any) that contain all the query terms. By fol-
lowing this rule, we reasonably expect these document com-
ponents to represent relevant answers for the INEX topic
86. On the other hand, it is clear that if the second transla-
tion rule is applied for the same topic, it may produce very
many irrelevant answers as well as some further relevant an-
swers. Accordingly, it is very important to decide upon the
extraction strategy that will yield in highly relevant answers
for a given INEX topic. We discuss the results for different
extraction strategies in the following section.

4. INEX RUNSAND RESULTS

The retrieval task performed by the participating groups at
INEX 2003 was defined as ad-hoc retrieval of XML docu-
ments. In information retrieval literature this type of re-
trieval involves searching a static set of documents using a
new set of topics, which represents an activity very com-
monly used in library systems.

Within the ad-hoc retrieval task, INEX 2003 defines addi-
tional sub-tasks. These represent a C'O sub-task, which in-
volves content-only (CO) topics and a CAS sub-task, which
involves content-and-structure (CAS) topics. The CAS sub-
task comprises a SCAS sub-task and a VCAS sub-task. The
SCAS sub-task requests that the structural constraints in
a query must be strictly matched, while VCAS allows the
structural constraints in a query to be treated as vague con-
ditions.

At INEX 2003, for each topic belonging to a particular sub-
task up to 1500 answers (full documents or document com-
ponents) were required to be retrieved by the participating
groups. In order to assess the relevance of the retrieved an-
swers, the revised relevance dimensions (exhaustivity and
specificity) need to be quantized in a single relevance value.
INEX uses two quantization functions: strict and gener-
alised. The strict function can be used to evaluate whether
a given retrieval method is capable of retrieving highly rel-
evant and highly focused document components, while the
generalised function credits document components accord-
ing to their degree of relevance (by combining the two rele-
vance dimensions, exhaustivity and specificity).

Our group submitted 6 official runs to INEX 2003, 3 for each
CO and SCAS sub-task, respectively. Figures 4 and 5 show
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Figure 4: Results for the RMIT CO runs using both strict and generalised quantization functions

the results for both the CO and SCAS runs when both strict
and generalised quantization functions are used. The rank-
ings of the runs are determined according to the average pre-
cision over 100 recall points considering each corresponding
INEX topic. Two of our three runs for each sub-task were
automatically constructed while one was manually. The au-
tomatic runs were constructed using the translation rules
explained in the previous section. We manually constructed
the other runs in order to produce more meaningful queries
for each INEX topic. Each run was constructed by using
elements in the following answer lists: [A] that uses eXist’s
&= (logical AND) operator and enforces strict satisfaction of
logical query conditions (the elements that belong to the an-
swer list [A] will therefore represent document components
containing all the query terms or phrases); [B] that uses
the |= (logical OR) operator, “relaxes” the query conditions
and allows for document components containing any of the
query terms or phrases; and a combined answer list that
contains the elements in the answer list [A] followed by the
elements in the answer list [B-A].

Three retrieval runs were submitted for the CO sub-task.
We constructed the first CO run by retrieving the 1500 high-
est ranked documents for each INEX topic. As described
in the previous section, the <Keywords> part of each INEX
topic was automatically translated as an input query to the
Lucy search engine. The final rank of a document was then
determined by its similarity with the given query as calcu-
lated by Lucy using a variant of Okapi BM25. As shown in
Figure 4 this run performed better than the other two CO
runs in both cases when strict and generalised quantization
functions are used, which suggests that a whole document
is often likely to be considered a preferable answer for an
INEX CO topic.

For the other two runs, for each INEX CO topic we first
used Lucy to extract (up to) the 1000 highest ranked doc-
uments. Then we used eXist to index and retrieve the fi-

nal answers from these documents. We reasonably expected
that the most relevant document components required to
be retrieved for each INEX topic were very likely to appear
within the 1000 highest ranked documents. Since the CO
topics do not impose constraints over the structure of result-
ing documents or document components, we used the //**
eXist construct in our queries. The “**” operator in eXist
uses a heuristic that retrieves answers with different sizes
and granularities. For our second CO run, the <Keywords>
part of each topic was automatically translated as an input
query to the eXist database, and its final answer list includes
only elements from the answer list [B]. We used the manual
translation process for our third run, where the final answer
list includes the elements in the answer list [A] followed by
the elements in the answer list [B-A]. Although we expected
the third run to perform better than the second, Figure 4
shows that both these runs performed poorly in both cases
when strict and generalised quantization functions are used,
regardless of choices for the translation method and the ex-
traction strategy. At this phase of development, the heuris-
tic implemented in the “**” operator in eXist is not able
to determine the most meaningful units of retrieval nor in-
fluence the desired answer granularity for a particular CO
topic. Next we show that this is not the case for the CAS
topics, where the type of the unit of retrieval is determined
in advance and the choices for the translation method and
the extraction strategy have a significant impact on the sys-
tem’s performance.

Three runs were submitted for the SCAS sub-task. As dis-
cussed previously, both <Keywords> and <Title> parts from
INEX CAS topics were used to generate the input queries
for Lucy and eXist, respectively. Our first SCAS run was
automatic and its final answer list includes the elements
in the answer list [A] followed by the elements in the an-
swer list [B-A]. The queries for the second SCAS run were
manually constructed and its final answer list includes the
elements from the same answer lists as for the first run.
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Figure 5: Results for the RMIT SCAS runs using both strict and generalised quantization functions

Figure 5 shows that these runs performed relatively better
when using a strict quantization function compared with the
runs from other participating groups at INEX 2003. Since
the type of the unit of retrieval is determined in advance
for the SCAS runs, the choice of the extraction strategy
implemented in both runs appears to be very effective for
retrieving highly exhaustive and highly specific document
components. It can be observed that our system performs
slightly more effective for the first than for the second run
(6th compared to 7th out of 38 systems), and the first run
performs better for recall values lower than 0.2. However,
the choice of the translation method has an effect on the sys-
tem’s performance for recall values greater than 0.3, where
the second run performs better than the first run. Figure 5
also shows that the choice of the extraction strategy is not
as effective when using a generalised quantization function,
where marginally /fairly exhaustive or marginally /fairly spe-
cific document components are regarded as partly relevant
answers. Indeed, the ranks for both runs when evaluated
using the generalised quantization function are not among
the ten highest ranked INEX runs. In this case, the choice
of the translation method results in second run performing
better than the first run overall.

The third SCAS run was automatic, however its final an-
swer list includes only the elements from the answer list [B].
By choosing this strategy we reasonably expected some ir-
relevant answers in the final answer list, but we hoped to
find more relevant components in highly ranked documents.
Indeed, as Figure 5 shows, irrespective of whether a strict
or a generalised quantization function is used, our retrieval
system is ranked lower for the third SCAS run compared to
the previous two runs.

5. LIMITATIONS OF OUR SYSTEM

Previous sections describe the XML retrieval approach that
we implemented while participating in INEX 2003. How-

ever, during different phases of our INEX involvement, par-
ticularly while constructing the INEX runs and assessing the
relevance of retrieved results, we observed several system
limitations. Although they can and should be considered
as a weakness of our approach, the fact that we are able
to identify them influences our future research directions.
Some of these limitations include the following.

No IR ranking of the final answers. The choice of imple-
menting an extraction strategy that may influence the rank
of a final answer suggests that our system does not consider
an IR ranking score for a particular answer. Although for a
given INEX topic Lucy ranks the XML documents in a de-
scending order of their query similarity, the unit of retrieval
represents a whole document, and there is no support for
existing XML technologies. eXist, on the other hand, has a
tight integration with existing XML development tools and
technologies, but does not rank the final answers according
to their query similarity. We have thus decided that a par-
ticular extraction strategy should influence the final ranking
score for a resulting document or document component. We
have decided upon different extraction strategies while we
constructed our INEX runs, and have shown that for the
CAS topics some of them have a significant impact on the
retrieval performance of our modular system.

Complex usage. Since our system has a modular architec-
ture that incorporates a combined IR /XML-specific oriented
approach to XML retrieval, its usage is very complex. It
comprises two different retrieval modules (Lucy and eXist),
each having different internal architectures and rules of use.
Instead, it would be preferable to have only one system that
incorporates the best features from the above modules.

Significant space overhead. The size of the INEX IEEE XML
document collection takes around 500MB disk space. The
inverted index file maintained by Lucy additionally takes



20% of that space. For each topic, (up to) 1000 XML docu-
ments are indexed by eXist, which adds up to approximately
12% of the space for the INEX collection. Although both
Lucy and eXist implement efficient retrieval approaches, it
becomes evident that their combination leads to significant
disk space overhead. As for the previous limitation, one
system that can deal with the above issues would also be
preferable.

6. RELATED WORK

Even before INEX, the need for information retrieval from
XML document collections had been identified in the XML
research community. As large XML document collections
become available on the Web and elsewhere, there is a real
need for having an XML retrieval system that will efficiently
and effectively retrieve information residing in these collec-
tions. This retrieval system will need to utilise some form of
an XML-search query language in order to meet the growing
user demand for information retrieval. Thus, the needs and
requirements for such a query language have to be carefully
identified and appropriately addressed [4].

At INEX 2002 the CSIRO group proposed a similar ap-
proach to XML retrieval. Their XML retrieval system uses
a combination of a selection and a post-processing module.
Queries are sent to PADRE, the core of CSIRO’s Panoptic
Enterprise Search Engine®, which then ranks the documents
and document components on the basis of their query simi-
larity. In contrast to Lucy, whose primary unit of retrieval is
a whole document, PADRE combines full-text and metadata
indexing and retrieval and is capable of indexing particular
document components, such as <author>, <sec> and <p>.
Different “mapping rules” determine what metadata field is
used to index the content of a particular document compo-
nent. A post processing module was then used to extract
and re-rank the final answers from documents and document
components returned by PADRE [6].

In an effort to reduce the number of document components
in an XML document that may represent possible answers
for a given query, Hatano et al. [2] propose a method for
determining the preferable units of retrieval from XML doc-
uments. We consider investigating these and similar meth-
ods for improving the effectiveness of our system for the CO
topics.

7. CONCLUSION AND FUTURE WORK

We have described our combined approach to XML retrieval
that we used during the INEX 2003 participation. Our re-
trieval system implements a modular architecture, compris-
ing two modules: Lucy and eXist. For each INEX topic, we
used Lucy, a full-text search engine designed by the Search
Engine Group at RMIT, to index the IEEE XML document
collection and retrieve the top 1000 highly ranked XML doc-
uments. We then indexed those documents with eXist, and
implemented different topic translation methods and extrac-
tion strategies in our INEX runs. The INEX results show
that these methods and strategies result in an effective XML
retrieval for the CAS topics. Since our system is not yet able
to identify the preferred granularities for the final answers,
the methods and strategies are not as effective for the CO

http://www.panopticsearch.com

topics. Further investigations need to be done in order to
improve this functionality.

We have also observed several limitations of our modular
system. In order to overcome these limitations, we intend
to implement a full XML information retrieval system that
will incorporate the most advanced features of Lucy and
eXist. We believe the resulting system will lead to a more
accurate and interactive XML retrieval.
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ABSTRACT

We have developed a keyword-based XML portion retrieval
system based on statistics of XML documents to enhance
overall performance. Currently, relevance assessments for
keyword-based XML portion retrieval systems are provided
only by INEX project; thus we evaluate our system uti-
lizing CO topics of the INEX 2003 relevance assessments.
However, in the case of using some CO topics, our system
performed poorly in it’s retrieval accuracy; consequently av-
erage precision of our system was not promising. In this
paper, we analyze CO topics of the INEX 2003 relevance as-
sessments based on statistics of answer XML portions and
report our experimental results and requirements to the rel-
evance assessments.

Categories and Subject Descriptors

H.3.4 [Information Storage and Retrieval]: Systems
and Software— Performance evaluation (efficiency and ef-
fectiveness)

General Terms

Information retrieval, Performance evaluation

Keywords
Keyword-based XML portion retrieval, Performance evalu-
ation, Analysis of relevance assessments

1. INTRODUCTION

Extensible Markup Language (XML) [5] is becoming widely
used as a standard document format in many application
domains. In the near future, we believe that a great variety
of documents will be produced in XML; therefore, in a simi-
lar way to developing Web search engines, XML information
retrieval systems will become very important tools for users
wishing to explore XML documents on the Internet.

XQuery [4], which is proposed by World Wide Web Con-
sortium (W3C), is known as a standard query language for
retrieving portions of XML documents. Using XQuery, users
can issue a flexible query consisting of both some keywords
and XPath notations'. If users have already known knowl-

LCurrently, XML Query working group is just starting to
develop full-text search functions [2, 6].

edge of the structure of XML documents, users can issue
XQuery-style queries. However, there are a lot of XML doc-
uments whose XML schemas are different to each other; thus
nobody can issue such a formulated query into information
retrieval systems. As a result, we believe that XML retrieval
systems should employ a much simpler form of query such
as keyword search services. Keyword search services enable
information retrieval by providing users with a simple inter-
face. It is the most popular information retrieval method
since users need to know neither a query language nor the
structure of XML.

From the aforementioned background on the XML retrieval,
close attention has recently been paid to a keyword-based
XML portion retrieval system. Some keyword-based XML
portion retrieval systems have already been available. They
assume the existence of Document Type Definition (DTD)
or XML schema of XML documents, so that they can deal
with only one type of XML documents. It is true that DTD
and XML schema facilitate enhancing retrieval accuracy and
retrieval speed of keyword-based XML portion retrieval sys-
tems. However, XML documents on the Internet do not
always include DTD or XML schema; thus they cannot deal
with multiple types of XML documents whose structures
are different to each other. XML documents on the Internet
feature many types of document structures; consequently, a
next generation of information retrieval system has to treat
XML documents whose structures are different.

To cope with the problems described above, we have devel-
oped a keyword-based XML portions retrieval system us-
ing statistics of XML documents [13]. In XML portion re-
trieval, we assume that users can explicitly specify query
keywords; thus, we believe that the size of retrieval results
become small compared to document retrieval. Moreover,
retrieval results of XML portion retrieval system should be
semantically consolidated granularity of XML documents.
In short, we believe that extremely small XML portions are
not semantically consolidated. Therefore, we designed our
XML portion retrieval system that can return small and se-
mantically consolidated XML portions as retrieval results.
However, our system performed poorly in its retrieval ac-
curacy based on INEX 2003 relevance assessments; conse-
quently average precision of our system was not promising



score. According to [15], the INEX 2002 relevance assess-
ments tended to regard large-size XML portions as correct
retrieval results. This fact does not meet the purpose of
our XML portion retrieval; thus it could be that retrieval
accuracy of our system performed poorly if the INEX 2003
relevance assessments have the characteristics similar to the
previous one. Therefore, we have to evaluate validity of the
INEX 2003 relevance assessments.

In this paper, we analyze the INEX 2003 relevance assess-
ments based on their statistics. We believe that the analyses
of the relevance assessments show their own characteristics,
and also help to construct a next version of the relevance
assessments.

The remainder of this paper is organized as follows. First, we
describe our keyword-based XML portion retrieval system
in Section 2. Then, we report analyses of the INEX 2003
relevance assessments in Section 3 and discuss the validity
of them in Section 4. Finally, we conclude this paper in
Section 5.

2. OUR XML PORTION RETRIEVAL SYS
TEM

In this section, we introduce retrieval model and purpose of
our keyword-based XML portion retrieval system, and also
explain our observation of XML portion retrieval.

2.1 DataModd and Retrieval M odel

The data model of our system is similar to the XPath data
model [7] for the sake of simplicity because XML is mod-
eled as a hierarchical tree. The only difference between the
XPath data model and ours is that attribute node is re-
garded as a child of element node?.

In the meanwhile, the retrieval model of our system bears a
resemblance to the proximal nodes model [18] for the sake
of easy understanding. In the simplest terms, our logical
model of an XML portion is a sub-tree whose root node is
an element node. We can identify XML portions by their
reference numbers derived from document order; therefore,
users can obtain retrieval results selected from XML por-
tions, which are identified by their reference number.

2.2 ThePurposeof Our System

We can identify two types of keyword-based XML portion
retrieval systems. In this paper, we call these two types
of keyword-based XML portion retrieval systems XML re-
trieval systems and XML search engines for the sake of
convenience. The former is based on structured or semi-
structured database systems with keyword proximity search
functions that are modeled as labeled graphs, where the
edges correspond to the relationship between an element
and a sub-element and to IDREF pointers [1, 12, 14]. Dealing
with XML documents as XML graphs facilitates developing
keyword-based information retrieval systems which are able
to do retrieval processing efficiently. On the other hand, the
latter has been developed in the research field of informa-
tion retrieval [8, 10], and enables us to retrieve XML por-
tions without indicating element name of XML documents.

21f the element node has some attribute nodes that have
brotherhood ties, they are owned by the element node.

The large difference between the XML retrieval systems and
the XML search engines is data characteristics of their re-
trieval targets. In short, we think that the former focuses
mainly on data-centric XML documents, whereas the latter
deals with document-centric ones®. In the meanwhile, both
the XML retrieval systems and the XML search engines as-
sume the existence of DTD or XML schema of XML docu-
ments in either research. It is a fact that DTD and XML
schema facilitate enhancing retrieval accuracy and retrieval
speed of their systems. However, there are some problems of
searching XML portions on the Internet described in Section
1; thus other types of XML retrieval systems are required.
Consequently, the XML retrieval systems in the future have
to deal with XML documents whose structures are different.

In order to meet the needs of new architecture of XML re-
trieval systems, we have developed a keyword-based XML
portions retrieval system using statistics of XML documents
[13]. Our system focuses on retrieval of document-centric
XML documents rather than that of data-centric ones. Our
system does not utilize any information in relation to ele-
ment name of XML documents, whereas the systems intro-
duced above take advantage of the information for querying
and indexing of XML documents. In our approach, XML
documents must be divided into portions in order to develop
a keyword-based XML retrieval system. Because XML is a
markup language, XML documents can be automatically di-
vided into their portions using their markup [16]; however,
the problem which the number of the portions becomes huge
is caused. In other words, it takes very long time to retrieve
XML portions related to a keyword-based query using our
approach. For this reason, we have to determine seman-
tically consolidated granularity of XML documents as re-
trieval targets using the size of XML portions, and have to
reduce the number of XML portions indexed by our XML
retrieval system.

2.3 Evaluating Our System based on INEX
2003 Relevance Assessments

In this section, we report the retrieval accuracy of our keyword-
based XML portion retrieval system based on INEX 2003
relevance assessments. The relevance assessments defined
two metrics, strict and generalized; thus we performed ex-
perimental evaluations based on both metrics. The met-
rics have two criteria, “exhaustiveness” and “specificity,” for
quality metrics of IR applications. The way how recall and
precision is computed is described in a report [9]*. Based on
the metrics, we drew recall-precision curves for evaluation of
XML portion retrieval system. Figure 1 and 2 show recall-
precision curves of our system based on INEX 2003 relevance
assessments. In these figures, n means the minimum num-
ber of tokens which is defined to eliminate extremely small
XML portions from retrieval targets®. In short, as n be-
comes larger, the retrieval accuracy of our system becomes
higher as well as the retrieval speed of our system becomes
faster.

3There is a data-centric and a document-centric view of
XML described in [3].

4 Another way is also available described in a technical report
[11]; however, we did not apply it in this paper.

5The size of XML portions is proportional to the number of
tokens contained in the XML portions.
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Figure 1: Evaluation of our system based on INEX
2003 relevance assessments (strict).

As shown in these figures, our keyword-based XML por-
tion retrieval system may be performing poorly, because the
level of the recall-precision curves are relatively low among
the participants of INEX project. Although we recognize
the problems inherent in our system®, it is thought that the
problems may be not only in our system, but also in the
relevance assessments. If the relevance assessments tend to
regard large-size XML portions as correct retrieval results,
our system will be a poorly-performing XML portion re-
trieval system, because our system tends to retrieve small
XML portions except extremely small ones as retrieval re-
sults described in Section 1. As a matter of fact, in the

Table 1: Average precision of our system.

n { strict | generalized

0 | 0.0356 0.0390
20 | 0.0436 0.0476
50 | 0.0502 0.0505
100 | 0.0568 0.0568
150 | 0.0669 0.0525
200 | 0.0630 0.0503
250 | 0.0572 0.0416
300 | 0.0163 0.0130

case of threshold of the number of tokens is between 100
and 150, our system works properly (see Table 1). From our
viewpoint, we think that this number of tokens is very large
for XML portion retrieval. This is because the number of
tokens is comparable to XML portions whose root node is
ssl, ss2, or ss3 as shown in Table 2. We have designed
our XML portion retrieval to enable to retrieve XML por-
tions corresponding to XML portions whose size is less than

50ur system cannot calculate similarities between a query
and XML portions using both contents and structures of
XML documents.
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Figure 2: Evaluation of our system based on INEX
2003 relevance assessments (generalized).

(sub)sections of INEX document collection as retrieval re-
sults. Therefore, retrieval results of our system will be the
XML portions smaller than answer XML portions’.

From the aforementioned points, we choose the relevance as-
sessments suitable for our system, and reevaluate retrieval
accuracy of our system based on revised version of the rele-
vance assessments.

3. ANALYSES OF INEX RELEVANCE AS
SESSMENTS

3.1 Analysesof the Relevance Assessments

As we described in previous section, we think that the INEX
2003 relevance assessments may work against XML portion
retrieval systems which tend to regard small-size XML por-
tions as correct retrieval results. Consequently, we analyze
statistics of answer XML portions of the relevance assess-
ments. In this section, we define the answer XML portions
as the XML portions whose exhaustiveness and specificity
are 3. Our system can deal with only content-only (CO) top-
ics of the relevance assessments; thus answer XML portions
of CO topics are analyzed.

Figure 3 shows analyses of CO topics of the INEX 2003 rel-
evance assessments. Area charts mean maximum, average,
and minimum number of tokens of answer XML portions,
and a line chart means the number of answer XML por-
tions. As shown in Figure 3, we firstly found that five CO
topics of the relevance assessments (whose topic are #92,
#100, #102, #115, and #121) did not have answer XML
portions whose exhaustiveness and specificity are 3. It is

TOf cause, this is our opinions. In [17], the authors claimed
that 500 words is valid for answer XML portions. The
proper size of answer XML portions depends on retrieval
purposes.
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Figure 3: Analyses of the INEX 2003 relevance assessments.

doubtful that these topics were adopted as the CO topics
of the relevance assessments. Moreover, we also found that
average number of tokens of almost all CO topics was more
than 100. Especially, average number of tokens of the CO
topics whose IDs are #95, #96, #107, #110, and #111 was
500 and above; thus these CO topics distinctly work against
our system. Furthermore, the number of answer XML por-
tions substantially differs with each CO topic. We think
that the CO topics with few answer XML portions are not
inappropriate for the relevance assessments.

From the aforementioned points, we choose 14 CO topics
(#93, #94, #97, #98, #99, #101, #104, #108, #112,
#113, #116, #123, #125, #126) as the topics suitable for
our system, and reevaluate retrieval accuracy of our system
based on revised version of the relevance assessments.

3.2 Reevaluation of Our System

Figure 4 and 5 show recall-precision curves of our system
based on revised versions of INEX 2003 relevance assess-
ments. Moreover, Table 3 shows average precisions of each
recall-precision curve. As compared with previous evalu-
ations described in Section 2.3, retrieval accuracy of our
system is improved about 3.55% on this experiment. This
fact indicates that the INEX 2003 relevance assessments also
tend to regard large-size XML portions as correct retrieval
results; thus our system cannot return the XML portions
relevant to CO topics of the relevance assessments. Need-
less to say, we do not know that retrieval accuracy of our
system is better than that of other INEX participants’ sys-
tems; however, we can confirm controversial points of the
relevance assessments for our system.

To reduce the scope of such arguments, we have to clar-
ify what XML portion retrieval is. It is difficult to define

the granularity of XML documents; however, we think that
determining such a retrieval unit for XML portions is the
most important task for INEX project. Of cause, the re-
trieval unit for XML portions is differ for retrieval purposes
of INEX participants; thus, we should determine the unit
of XML portions for each retrieval purpose. In the case of
our keyword-based XML portion retrieval system, small and
semantically consolidated XML portions are defined as cor-
rect retrieval results; thus, we think that we are just forced
to use the revised relevance assessments.

4. DISCUSSION

As we described in previous section, retrieval targets of INEX
document collection depend on retrieval purpose of XML
portion retrieval systems. In the case of our system, small
and semantically consolidated XML portions are defined as
the retrieval targets. On the other hand, Kamps et al. con-
cluded in [15] that users and assessors of the INEX 2002
relevance assessments regard the XML portions whose root
node is article as retrieval targets of INEX document col-
lections; thus we think that the systems which tend to regard
large-size XML portions as retrieval results gain the upper
hand in retrieval accuracy. That is to say, nobody may be
able to evaluate XML portion retrieval systems accurately
using the relevance assessments.

We think that the INEX 2003 relevance assessments also
contain the problem which the INEX 2002 relevance assess-
ments have. In this section, we make specific mention of the
issues of the INEX 2003 relevance assessments.

4.1 Two Dimensional Evaluation Measure

There are two dimensions of relevant evaluation measures,
exhaustivity and specificity in the INEX 2003 relevance as-
sessments. Exhaustivity describes the extent to which the



Table 2: Statistical analysis of XML portions

# of XML 7 of tokens

element . : —

portions | average | maximum [ minimum
book 3,612,202 | 28,897 64,181 6,341
journal | 6,314,623 7,342 14,903 3,982
article | 11,801,575 974 4,727 29
bdy 9,271,423 765 3,943 11
index 72,993 623 1,593 230
bm 3,125,254 310 2,863 2
dialog 41,317 212 906 19
sec 14,078,415 201 2,613 1
bib 1,662,190 194 1,959 8
bibl 1,662,640 194 1,959 8
app 812,923 138 1,353 2
ssl 7,854,413 127 2,109 1
ss2 1,509,337 92 1,261 1
ss3 11,642 91 325 9
fm 797,123 65 289 9
tgroup 363,102 62 401 2
proof 229,144 60 801 5
vt 1,021,500 55 235 2
dl 18,670 52 745 5
edintro 28,923 50 272 4

Table 3: Average precision of our system based on
revised INEX 2003 relevance assessments.

n ‘ strict | generalized

0 | 0.0564 0.0630
20 | 0.0666 0.0697
50 | 0.0689 0.0667

100 | 0.0777 0.0774
150 | 0.0866 0.0731
200 | 0.0769 0.0695
250 | 0.0611 0.0645
300 | 0.0253 0.0217

XML portion discussed the topic of request: (0: not ex-
haustive, 1: marginally exhaustive, 2: fairly exhaustive, 3:
highly exhaustive). On the other hand, specificity describes
the extent to which the XML portion focuses on the topic
of request: (0: not specific, 1: marginally specific, 2: fairly
specific, 3: highly specific).

Analyzing the relevance assessments, we examined XML
portions which are not only highly exhaustive but also highly

specific to each topic, namely (ezhaustivity(E), speci ficity(S))

equals to (3,3). Table 4 is an example (topic #125) of our
examinations. As we see in Figure 4, we found that there
are some nested relationships among the XML portions. At
this time, we did not understand how we could interpret the
optimal XML portions. We think that the optimal XML
portions depend on the purpose of XML portion retrieval
systems; therefore there are a lot of interpretations related
to the optimal XML portions. However, criterion for the
optimal XML portions, such as the maximal or the minimal
XML portions, should be defined.

4.2 Two Typesof CO Topics
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Figure 4: Evaluation of our system based on revised
INEX 2003 relevance assessments (strict).

As we described in Section 3.1, the size and the number of
answer XML portions related to each CO topic are vary (see
Figure 3). Therefore, we notice that there may be two types
of retrieval purpose in XML portion retrieval. In short, we
think that CO topics of the relevance assessments consist of
the topics for searching specific XML portions (SCO) and
for searching aggregated XML portions (ACO).

e SCO

When a topic has many small-size answer XML por-
tions, we think these XML portions are specific; thus
they will be semantically consolidated. Table 5 shows
the topics of the INEX 2003 relevance assessments that
have less than 500 tokens as the average number of
tokens of answer XML portions whose (F, S) equal to
(3,3). As for these topics, we think that required XML
portions are more specific because keywords of the top-
ics consist of some proper nouns, such as “Charles Bab-
bage,” “XML” and “Markv.” Moreover, the average
number of tokens of answer XML portions assessed
as (E,S) = (3,1) or (3,2) is larger than assessed as
(E,8) =(3,3)

e ACO
When the topic has many large-size answer XML por-
tions, we think XML portions whose root node is article
are suitable for XML portion retrieval. Table 6 shows
the topics of the INEX 2003 relevance assessments that
have more than 500 tokens as the average number of
tokens of answer XML portions whose (E,S) equal
to (3,3). We think that these topics are exhaustive
because there is no specific keyword, and we expect
that the answer XML portion should cover informa-
tion on the contents of the topic. As a result, the
XML portion which was assessed as (E,S) = (3,3)
became aggregated XML portions with comparatively



Table 4: XML portions evaluated (E,S) = (3,3) of topic #125

file path 7 of tokens
c0/1999/r1057 | /article[1] 1128
c0/1999/r1057 | /article[1]/bdy[1] 863
c0/1999/r1057 | /article[1]/bdy[1]/sec[3] 215
c0/1999/r1057 | /article[1]/bdy[1]/sec[3]1/figl[1] 37
c0/1999/r1057 | /article[1]/bdy[1]/sec[3]/figl[1]/art[1] 11
c0/1999/r1057 | /article[1]/bdy[1]/sec[3]1/figl1]1/fgc[1] 24
c0/1999/r1057 | /article[1]/bdy[1]/sec[3]1/p[1] 63
c0/1999/r1057 | /article[1]/bdy[1]/sec[3]1/p[2] 49
c0/1999/r1057 | /article[1]/bdy[1]/sec[3]/p[3] 32
c0/1999/r1057 | /article[1]/bdy[1]/sec[3]1/p[4] 33
c0/1999/r1057 | /article[1]/bdy[1]/sec[3]/p[5] 82
c0/1999/r1057 | /article[1]/bdy[1]/sec[5] 343
c0/1999/r1057 | /article[1]/bdy[1]/sec[6] 308
c0/1999/r1057 | /article[1]/bm[1]/app[1]/p[1] 65
c0/1999/r1057 | /article[1]/bm([1]/app[1]1/p[2] 68
c0/1999/r1057 | /article[1]/bm[1]/app[3]1/p[1] 34
c0/1999/r1057 | /article[1]/bm[1]/app[3]/p[2] 54
c0/1999/r1057 | /article[1]/bm[1]/app[3]/p[3] 25
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Figure 5: Evaluation of our system based on revised
INEX 2003 relevance assessments (generalized).

large granularity. Moreover, the average number of
tokens of answer XML portions assessed as (E,S) =
(3,1), (3,2), or (2,3) is almost smaller than assessed
as (E,S) = (3,3).

4.3 Our classification of INEX topics

We think that it is important to refine the INEX test col-
lection year by year; thus excellent topics should be selected
from the INEX 2002/2003 relevance assessments, and should
be reused in INEX 2004. We attempt to classify the INEX
topics based on the average number of tokens of answer XML
portions.

Figure 6 shows analyses of CO topics of the INEX 2002
relevance assessments with the same way as Figure 3. In
INEX 2002 relevance assessments, there are two dimensions
of relevant evaluation measures, relevance and coverage; thus
we translated (relevance, coverage) = (3, E) into (E,S) =
(3,3). Compared with these two figures, the INEX 2002
relevance assessments are similar to the INEX 2003 ones.
Therefore, we will be able to classify CO topics into the
following three categories.

1. The topics inappropriate for test collection

The topic which does not have answer XML portions
at all or has a few answer XML portions is inadequate.
To evaluate a performance of the retrieval system, the
test collection should guarantee to have certain degree
of the number of the answer XML portions in order to
emerge into the search results. Therefore, the topics
(whose topic IDs are #31, #33, #49, #91, #92, #100,
#102, #103, #107, #109, #110, #115, #117, #119,
#121 and #124) would be inappropriate for the INEX
test collection.

2. The topics for searching spcific XML portions
We think the topics (whose topic IDs are #32, #26,
#23, #38, #41, #42, #44, #46, #48, #51, #60, #93,
#94, #97, #98, #99, #101, #104, #108, #112, #113,
#116, #123, #125 and #126) are suitable for evalu-
ating XML portion retrieval systems which tend to
regard large-size XML portions as retrieval results.

3. The topics for searching aggregated XML portions
We think that the topics (whose topic IDs are #34,
#39, #40, #43, #45, #47, #52, #53, #58, #95, #96
and #111 ) will be suitable for evaluating XML portion
retrieval systems which tend to regard small-size XML
portions as retrieval results.

These issues are our own opinions. In the INEX workshop,
we hope to discuss these issues in order to construct a valid
test collection for XML portion retrieval.



Table 5: SCO topics of the INEX 2003 relevance assessments.

. # of tokens (average

tolfg title E, S() )
(3.3 [ (32). 3, 1) [ (2. 3)
93 | “Charles Babbage” -institute -inst 186 3,377 62
94 | “hyperlink analysis” 4+ “topic distillation’ 232 83 333
97 | Converting Fortran source code 186 753 27
98 | “Information Exchange” +XML “Information Integration’ 383 0 347
99 | perl features 69 314 18
101 | +%“t test” +information 228 364 222
104 | Toy Story 114 735 0
108 | ontology ontologies overview “how to” practical example 466 872 367
112 | +“Cascading Style Sheets” -“Content Scrambling System” 228 332 61
113 | “Markov models” “user behaviour” 438 1,010 90
116 | “computer assisted art” “computer generated art’ 330 702 207
123 | multidimensional index “nearest neighbour search” 245 546 48
125 | +wearable ubiquitous mobile computing devices 154 249 47
126 | Open standards for digital video in distance learning 288 710 455

Table 6: ACO topics of the INEX 2003 relevance assessments.

. # of tokens (average)
to%lg title 198))

B B3 G2, 3,0 (%3

95 | +face recognition approach 940 593 486

96 | 4+ “software cost estimation’ 885 1,174 537
‘artificial intelligence” AT practical application industry

107 | “real world” 1,487 0 633
“stream delivery” “stream synchronization” audio video

110 streaming applications 811 669 162
“natural language processing” -“programming language’

11 -“modeling language” + “human language” 806 474 253

5. CONCLUSION

In this paper, we analyzed the INEX 2003 relevance assess-
ments based on statistics of their answer XML portions of
CO topics, and reported some controversial points of the
relevance assessments for our keyword-based XML portion
retrieval system. From the viewpoint of statistics, we found
that the CO topics unsuitable for our purpose of XML por-
tion retrieval caused low retrieval accuracy of our system;
thus we should fix the relevance assessments for evaluating
our system.

However, we think that fundamental problem has been re-
mained in the relevance assessments. In other words, we
have to clarify what XML portion retrieval is. As we de-
scribed in Section 4, we believe that retrieval purpose of
keyword-based XML portion retrieval is classified into two
types such as searching specific XML portions and aggre-
gated ones. The retrieval purposes of these approaches are
different; thus we think that the relevance assessments for
each approach are required for evaluation. Therefore it is
necessary for the INEX 2004 relevance assessments to define
the SCO and ACO topics. Moreover, the INEX 2002 rele-
vance assessments were not utilized for evaluation in INEX
2003. We think that excellent topics of the relevance as-
sessments should be used for evaluation in every year, and
it helps us to reduce labor of INEX participants. Conse-
quently, we should define the baseline of excellent topics,
and should adopt the topics of INEX 2002/2003 relevance
assessments which meet the baseline as topics of the INEX
2004 ones.
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ABSTRACT

Information retrieval on XML combines retrieval on con-
tent data (element and attribute values) with retrieval on
structural data (element and attribute names). Standard
query languages for XML such as XPath or XQuery support
Boolean retrieval: a query result is a (possibly restructured)
subset of XML elements or entire documents that satisfy the
search conditions of the query. Such search conditions con-
sist of regular path expressions including wildcards for paths
of arbitrary length and boolean content conditions.

We developed a flexible XML search language called XXL
for probabilistic ranked retrieval on XML data. XXL of-
fers a special operator '~’ for specifying semantic similar-
ity search conditions on element names as well as element
values. Ontological knowledge and appropriate index struc-
tures are necessary for semantic similarity search on XML
data extracted from the Web, intranets or other document
collections. The XXL Search Engine is a Java—based proto-
type implementation that support probabilistic ranked re-
trieval on a large corpus of XML data.

This paper outlines the architecture of the XXL system and
discusses its performance in the INEX benchmark.

1. INTRODUCTION

The main goal of the initiative for the evaluation of XML
retrieval (INEX) is to promote the evaluation of content—
based and structure-based XML retrieval by providing a
hugh test collection of scientific XML documents, uniform
scoring procedures, and a forum for organisations to com-
pare their results. For that purpose, the INEX committee
provides about 12.000 IEEE journal articles with a rich XML
structure. In cooperation with the participanting groups a
set of content—only queries (CO) and a set of content—and—
structure queries (CAS) was created. Each group evaluated
these queries on the given data with their XML retrieval
system and submitted a set of query results.

In this paper we describe the main aspects of our XXL search
engine. First of all, we present our flexible XML search
language XXL. In addition, we describe our ontology model
which we use for semantic similarity search on structural
data and content data of the XML data graph. Then we
give a short overview how XXL queries are evaluated in
the XXL Search Engine and which index structures used to
support an efficient evaluation. Finally, we present the our
results in the INEX 2003 benchmark.

2. XML DATA MODEL

In our model, a collection of XML documents is represented
as a directed graph where the nodes represent elements, at-
tributes and their values. For identification, each node is
assigned a unique ID, the oid. There is an directed edge
from a node = to a node y if

y is a subelement of x,

y is an attribute of z,

y contains the value of element x or
y contains the value of attribute x.

Additionally, we model an XLink [7] from one element to
another by adding a special, directed edge between the cor-
responding nodes. We call the resulting graph the XML data
graph for the collection.

Figure 1 shows the XML data graph for a collection of
two XML documents from the INEX collection (adapted
as shown in Section 6): a journal document with an XLink
pointing to an article document. Each node that contains
an element or attribute name is called n-node (shown as
normal nodes in Figure 1), and each node that contains an
element or attribute value is called c¢—node (dashed nodes
in Figure 1). To represent mixed content, we need a local
order of the child nodes of a given element. In Figure 1 you
can see a sentence which is partitioned into several shaded
c—nodes.

3. THE FLEXIBLE XML QUERY LANG-

UAGE XXL

The Flexible XML Search Language XXL has been designed
to allow SQL-style queries on XML data. We have adopted
several concepts from XML-QL [8], XQuery[3] and similar
languages as the core, with certain simplifications and re-
sulting restrictions, and have added capabilities for ranked
retrieval and ontological similarity. As an example for an
XXL query, consider the following query that searches for
publications about astronomy:

SELECT $T // output of the XXL query
FROM  INDEX // search space
WHERE “~article AS $A // search condition

AND $A/"title AS $T

AND $A/#/"section " "star | planet"

The SELECT clause of an XXL query specifies the output of
the query: all bindings of a set of element variables. The
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Figure 1: XML data graph

FROM clause defines the search space, which can be a set
of URLs or the index structure that is maintained by the
XXL engine. The WHERE clause specifies the search condi-
tion; it consists of the logical conjunction of path expressions,
where a path expression is a regular expression over elemen-
tary conditions and an elementary condition refers to the
name or content of a single element or attribute. Regular
expressions are formed using standard operators like */” for
concatenation, ’|’ for union, and ’*’ for the Kleene star.
The operator ’#° stands for an arbitrary path of elements.
Each path expression can be followed by the keyword AS and
a variable name that binds the end node of a qualifying path
(i.e., the last element on the path and its attributes) to the
variable, that can be used later on within path expressions,
with the meaning that its bound value is substituted in the
expression.

In contrast to other XML query languages we introduce a
new operator ’~’ to express semantic similarity search con-
ditions on XML element (or attribute) names as well as on
XML element (or attribute) contents.

The result of an XXL query is a subgraph of the XML
data graph, where the nodes are annotated with local rele-
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vance probabilities called similarity scores for the elementary
search conditions given by the query. These similarity scores
are combined into a global similarity score for expressing the
relevance of the entire result graph. Full details of the se-
mantics of XX and especially the probabilistic computation
of similarity scores can be found in [17, 18].

4. ONTOLOGY-BASED SIMILARITY

Ontologies have been used as a means for storing and retriev-
ing knowledge about the words used in natural language and
relations between them.

In our approach we consider a term ¢ as a pair t = (w, s)
where w is a word over an alphabet ¥ and s is the word
sense (short: sense) of w, e.g.

tl = (star, a celestial body of hot gases)
t2 = (heavenly body, a celestial body of hot gases)
t3 = (star, a plane figure with 5 or more points)

In order to determine which terms are related, we introduce
semantic relationships between terms that are derived from
common sense. We say that a term t is a hypernym (hy-
ponym) of a term ¢’ if the sense of ¢ is more general (more
specific) than the sense of ¢'. We also consider holonyms and
meronyms, i.e., t is a holonym (meronym) of t' if ¥ means
something that is a part of something meant by ¢ (vice versa
for meronyms). Finally, two terms are called synonyms if
there senses are identical, i.e., their meaning is the same.

Based on these definitions we now define the ontology graph
O = (Vo, Eo) which is a data structure to represent con-
cepts and relationships between them. This graph has con-
cepts as nodes and an edge between two concepts whenever
there is a semantic relationship between them. In addition,
we label each edge with a weight and the type of the un-
derlying relationship. The weight expresses the semantic
similarity of two connected concepts.

To fill our ontology with concepts and releationship we use
the voluminous electronical thesaurus WordNet as backbone.
WordNet organzies words in synsets and presents relation-
ships between synsets without any quantification.

For quantification of relationships we consider freqency—based
correlations of concepts using large web crawls. In our ap-
proach, we compute the similariey of two concepts using cor-
relation coefficients from statistics, e.g. the Dice or Overlap
coefficient [14]. Figure 2 shows an excerpt of an example
ontology graph around the first sense for the word ”star”.

For two arbitrary nodes u and v that are connected by a path
p={u=no...ng =v), we define the similarity simy(u,v)
of the start node u and the end node v along this path to
be the product of the weights of the edges on the path:

length(p)—1

simp(u,v) = H

=1

weight((ns, nit1)

where weight({n;,ni+1)) denotes the weight of the edge e =
(ni,mit1). The rationale for this formula is that the length
of a path has direct influence on the similarity score. The
similarity sim(u,v) of two nodes u and v is then defined as
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Figure 2: Excerpt of an ontology graph O with la-
beled edges

the maximal similarity along any path between u and v:
sim(u,v) = max{simp(u,v) | p path from u to v}

However, the shortest path (the path with the smallest num-
ber of edges) need not always be the path with the highest
similarity, as the triangular inequation does not necessarily
hold. Thus, we need an algorithm that takes into account
all possible paths between two given concepts, calculates
the similarity scores for all paths, and chooses the maxi-
mum of the scores for the similarity of these concepts. This
is a variant of the single—source shortest path problem in a
directed, weighted graph. A good algorithm to find the sim-
ilar concepts to a given concept and their similarity scores is
a variant of Dijkstra’s algorihm [6] that takes into account
that we multiply the edge weights on the path and search
for the path with the maximal weight instead of minimal
weight.

Furthermore, as words may have more than one sense, it is
a priori not clear in which sense a word is used in a query
or in a document. To find semantically similar words, it
is fundamental to disambiguate the word, i.e., to find out
its current sense. In our work we compute the correlation
of a context of a given word and the context of a potential
appropriate concept from the ontology using correlation co-
efficients as described above. Here, the context of a word
are other words in the proximity of the words in the query
or document, and the context of a concept is built from the
words of the neighbor nodes of the concept. See [15] for
more techical details on the disambiguation process.

5. THE XXL SEARCH ENGINE
5.1 Architecture of the XXL Search Engine

The XXL Search Engine is a client-server system with a
Java-based GUI. Its architecture is depicted in Figure 3.
The server consists of the following core components:

e service components: the crawler and the query proces-
sor, both Java servlets

e algorithmic components: parsing and indexing docu-
ments, parsing and checking XXL queries

e data components: data structures and their methods
for storing various kinds of information like the el-
ement path index (EPI), the element content index
(ECI), and the ontology index (OI).

The EPI contains the relevant information for evaluating
simple path expressions that consist of the concatenation of
one or more element names and path wildcards #. The ECI
contains all terms that occur in the content of elements and
attributes, together with their occurrences in documents; it
corresponds to a standard text index with the units of index-
ing being elements rather than complete documents. The OI
implements the ontology graph presented in Section 4.

XXL servlets Crawler

—3
EPI Path (
Handler Indexer
—3 '
Eci Content
Handler ECI Indexer
ontol .
ntology
Lo o

Figure 3: Architecture of the XXL search engine
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5.2 Query Processing in the XXL Search En-
gine

The evaluation of the search conditions in the Where clause

consists of the following two main steps:

e The XX query is decomposed into subqueries. A glo-
bal evaluation order for evaluating the various sub-
queries and a local evaluation order in which the com-
ponents of each subquery are evaluated are chosen.

e For each subquery, subgraphs of the data graph that
match the query graph are computed, exploiting the
various indexes to the best possible extent. The subre-
sults are then combined into the result for the original

query.

5.2.1 Query Decomposition

As an example for an XXL query, consider the following
XXL query where we are interested in scientific articles about
information retrieval and databases:

SELECT $T
FROM INDEX
WHERE ~“article AS $A
AND $A/~title AS $T
AND $A/#/ section ~ "IR & database"



The Where clause of an XXL query consists of a conjunc-
tion "W1 And ... And Wn" of subqueries Wi, where each
subquery has one of the following types:

e Pi
e Pi AS $A
e Pi ~/LIKE/=/<>/</> condition

where each Pi is a regular path expression over elementary
conditions, $A denotes a element variable to which the end
node of a matching path is bound, and condition gives
a content—based search condition using a binary operator.
From the definitions of variables we derive the variable de-
pendency graph that has an edge from $V to $W if the path
bound to $W contains $V. We require the variable dependency
graph of a valid XXL query to be acyclic.

Each subquery corresponds to a regular expression over ele-
mentary conditions which can be described by an equivalent
non-deterministic finite state automaton (NFSA). Figure 4
shows the search graphs of the example query together with
the variable dependency graph.

W1: w2: Wa3:
~article AS $A $A/~title AS $T $A/#/~section ~ IR & DB

variable dependencies
~ IR & DB’

Figure 4: XXL search graphs for each subquery of
the given XXL query

&
G

5.2.2 Query Evaluation

To evaluate an XXL query, we first choose an order in which
its subqueries are evaluated. This order must respect the
variable dependency graph, i.e., before a subquery that de-
fines a variable is evaluated, all subqueries that define vari-
ables used in this subquery must be evaluated. As this may
still leaves us some choices how to order subqueries, we es-
timate the selectivity of each subquery using simple statis-
tics about the frequency of element names and search terms
that appear as constants in the subquery. Then we choose
to evaluate subqueries and bind the corresponding variables
in ascending order of selectivity (i.e., estimated size of the
intermediate result).

Each subquery is mapped to its corresponding NFSA. A
result for a single subquery, i.e. a relevant path, is a path
of the XML data graph that matches a state sequence in
the NFSA from an intial state to a final state. For such a

result, the relevance score is computed by multiplying the
local relevance scores of all nodes of the path. In addition,
all variables that occur in the subquery are assigned to one
node of the relevant path.

A result for the query is then constructed from a consistent
union of the variable assignments and a set of relevant paths
(one from each subquery) that satisfies the variable assign-
ments. The global relevance for such a result is computed
by multiplying the local relevances of the subresults.

The local evaluation order for a subquery specifies the or-
der in which states of the subquery’s NFSA are matched
with elements in the XML data graph. The XXL prototype
supports two alternative strategies: in top-down order the
matching begins with the start state of the NFSA and then
proceeds towards the final state(s); in bottom-up order the
matching begins with the final state(s) and then proceeds
towards the start state.

As an example, we show how the NFSA shown in Figure 5
is evaluated in top-down order on the data shown in that
figure:

Step 1: The first elementary search condition contains a
semantic similarity search condition on an element name.
Thus, we consult the ontology index to get words which are
similar to paper, yielding the word article with sim(article,
paper) = 0.9. The first part of our result graph is therefore a
n—node of the data graph named article, and it is assigned
a local relevance score of 0.9.

Step 2: To be relevant for the query, a node from the result
set of Step 1 must also have a child node with name bdy.
As a result of Step 2, we consider result graphs formed by
such nodes and their respective child.

Step 3: The next state in the NFSA corresponds to a wild-
card for an arbitrary path in the data graph. Explicitly eval-
uating this condition at this stage would require an enumer-
ation of the (possibly numerous) descendants of candidate
results found so far, out of which only a few may satisfy the
following conditions. We therefore proceed with the next
condition in the NFSA and postpone evaluating the path
wildcard to the next step. The following condition is again
a semantic similarity condition, so we consult the ontology
index to get words which are similar to section. Assume
that the ontology index returns the word sec with a simi-
larity score of 0.95. There are no n-nodes in the data that
are named section, but we can add n—nodes named sec to
our preliminary result with a local relevance score of 0.95.

Step 4: In this step we combine the results from steps 2
and 3 by combining n-nodes that are connected through an
arbitrary path.

Step 5: The final state of the NFSA contains a content-
based semantic similarity search condition which must be
satisfied by the content of a sec-element in the result set
of Step 4. We first decompose the search condition that
may consist of a conjunction of search terms into the atomic
formulas (i.e., single terms). For each atomic formula we
consult the ontology index for similar words and combine



them in a disjunctive manner. We then use a text search
engine to evaluate the relevance of each element’s content
which is expressed through an tf/idf-based relevance score.
This score is combined with the ontology-based similarity
score to the relevance score of the atomic formula. Finally,
we multiply the relevance scores for each formula to get the
relevance score for the similarity condition.

In our example, the shaded nodes in Figure 5 form a relevant
path for the given NFSA.
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Figure 5: Evaluation of a XXL search graph in top—
down manner

5.2.3 Index Structures

The XXL Search Engine provides appropriate index struc-
tures, namely the element path index (EPI), the element
content index (ECI), and the ontology index (OI), that sup-
port the evaluation process described in the previous sub-
section.

The OI supports finding words that are semantically related
to a given word, using the techniques presented in Section 4.

The ECI supports the evaluation of complex logical search
conditions using an inverted file and a B+—tree over element
names. Given an atomic formula, the ECI returns elements
whose content is relevant with respect to that atomic for-
mula and the tf/idf-based relevance score.

The EPI provides efficient methods to find children, par-
ents, descendants and ascendants of a given node, and to
test if two arbitrary nodes are connected. When the XML
data graph forms a tree, we use the well-known pre- and
postorder scheme by Grust et al. [10, 11] for this purpose.
However, if the XML documents contain links, this scheme
can no longer be applied. For such settings that occur fre-
quently with documents from the Web, the XX Search En-
gine provides the HOPI index [16] that utilizes the concept
of a 2-hop cover of a graph. This is a compact representation
of connections in the graph developed by Cohen et al. [4].

It maintains, for each node v of the graph, two sets Lin(v)
and Loy (v) which contain appropriately choosen subsets of
the transitive predecessors and successors of v. For each
connection (u,v) in the XML data graph G, we choose a
node w on a path from u to v as a center node and add w to
Lout(u) and to Lin(v). We can efficiently test if two nodes u
and v are connected by checking Loyt(u) and Lin(v): there
is a path from w to v iff Lowt(u) N Lin(v) # 0. The path
from u to v can be separated into a first hop from u to some
w € Lout(u) N Lin(v) and a second hop from w to v, hence
the name of the method.

More technical details how we improved the theoretical con-
cept of a 2-hop—cover can be found in [16] which covers both
the efficient creation of the index using a divide-and-conquer
algorithm and the incremental maintenance of the index.

5.3 Implementation I ssues

In our prototype implementation we store XML data in an
Oracle 9i database with the following relational database
schema:

— URLS (urlid, url, lastmodified),

— NAMES(nid, name),

— NODES(oid, urlid, nid, pre, post),

— EDGES(0id1, 0id2),

— LINKS(oid1, 0id2),

— CONTENTS(oid, urlid, nid, content),

— LIN (oid1, 0id2) and
— LOUT(0id1, 0id2).

Here, NODES, EDGES and CONTENTS store the actual
XML data, URLS contains the urls of all XML documents
known to the system, and LINKS holds the links between
XML documents. LIN and LOUT store the L;, and Lout
sets used by the HOPI index. The ECI makes use of Oracle’s
text search engine.

The OI is represented by the following three tables:

— CONCEPTS (cid, concept, description, freq),
— WORDS (cid, word) and
—RELATIONSHIPS(cid1, cid2, type, freq, weight).

The entries in the ontology index are extracted from the
well-known electronic thesaurus WordNet [9]. Frequencies
and weights are computed as shown in Section 4.

Both the crawler used to parse and index XML documents
from the Web and from local directories and the query pro-
cessor of the XXL search engine used to evaluate XXL queries
are implemented using Java.

6. XXL AND INEX

6.1 ThelNEX Data

The INEX document collection consists of eighteen IEEE
Computer Society journal publications with all volumes since
1995. Each journal is stored in its own directory. For
each journal, the volumes are organized in subdirectories per



year. Each volume consists of a main XML file volume.xml
that includes the XML files for the articles in this volume
using XML entities. Thus, importing all volumes using a
standard XML parser yields 125 single documents.

This organization of the data appears somewhat artificial

and is unsuitable for answering INEX queries, as these queries
typically ask for URLs of articles, not volumes. Having only

volumes available as separate XML files, the path to the

originating article for a hit has to be reconstructed from

metadata in the XML files (the fno entries) which unfortu-

nately is not always correct.

To overcome this problem, we adapted the INEX data in the
following way. We replaced each entity in the volume files by
an XLink pointing to the root element of the corresponding
article. This modification keeps the original semantics of the
data, but allows us to return the correct URLs of results in
all cases. Additionally, such an organization is much closer
to what one would expect from data available on the Web
or in digital libraries. After this modification, importing all
documents yielded 125 journal volumes and 12,117 journal
articles.

The following table shows the number of records of each
table after crawling and indexing the slightly modified INEX
document collection.

table number of records
urls 12.233
names 219
nodes 12.061.347
edges 12.049.114
links 408.085
contents 7.970.615
lin 28.776.664
lout 4.924.420

In addition to this structural problem, the INEX collection
has some other properties that makes retrieval based on se-
mantic similarities difficult, if not infeasible:

e Most element and attribute names are, even though
they are derived from natural language, no existing
words. As an example, the element name sbt stands
for ”‘subtitle”’. However, the ontology used by XXL
does not contain such abbrevations, so it had to be
manually adapted if it was to be used for the INEX
queries.

e Some element names are used only for formatting and
do not carry any semantics at all. As an example,
elements with name scp contain textual content that
should be typeset small caps font.

e Each journal article has a rich structure with possibly
long paths (which XXL supports with its highly effi-
cient path index structures). However, as all articles
are conforming to the same DTD, they share the same
structure, which renders structural similarity search
obsolete.

e The queries mostly contain keywords that are not well
represented in WordNet, yielding ontology lookups use-

less in most cases. For some keywords, we manually
enhanced the ontology, but this was far less complete
than the information usually available with WordNet.

As a preliminary conclusion, the INEX collection is inap-
propriate for exploiting and stress—testing similarity search
features as provided by our query language XXL and also
other approaches along these lines [1, 5, 12].

6.2 ThelNEX benchmark

The Inex benchmark consists of a set of content—only queries
(CO) and content—and-structure queries (CAS) given in a
predefined XML format. Each query a short description and
a longer description of the topic of request and a set of key-
words, and CAS queries also contain an XPath expression.
For example, consider the CO—query 98:

<?7xml version="1.0" encoding="IS0-8859-1"7>
<!DOCTYPE inex_topic SYSTEM "topic.dtd">
<inex_topic topic_id="98"
query_type="C0"
ct_no="26">
<title>
"Information Exchange", +"XML", "Information
Integration"
</title>
<description>
How to use XML to solve the information ex-
change (information integration) problem,
especially in heterogeneous data sources?
</description>
<narrative>
Relevant documents/components must talk about
techniques of using XML to solve information
exchange (information integration) among
heterogeneous data sources where the struc-
tures of participating data sources are diffe-
rent although they might use the same ontolo-
gies about the same content.
</narrative>
<keywords>
information exchange, XML, information inte-
gration, heterogeneous data sources
</keywords>
</inex_topic>

To automatically transform a CO query into an XXL query
we consider only the keywords given for the query. As there
is no way to automatically decice how to combine these key-
words (conjunctively, disjunctively or mixed) in an optimal
manner, we chose to combine them conjunctively. To get
also results that are semantically similar to the keywords,
we also add our similarity operator . For the example CO
query this process yields the following XXL query:

SELECT *

FROM INDEX

WHERE article/# ~ " information exchange
& XML

& information extraction "

For CAS queries, we map the given XPath expression in
a straightforward way to a corresponding XX expression,



adding semantic similarity conditions to all element names
and keywords that appear in the XPath expression. How-
ever, as there are sometimes differences between the XPath
expression and the natural language—based description of a
query, this automatic transformation does not always yield
optimal results.

We submitted runs with and without enabling lookups in
the ontology index. With the OI enabled, each keyword in
the query is replaced by the disjunction of itself and all its
synonyms:

SELECT =*
FROM INDEX
WHERE article/# ~
" (information exchange | data exchange |
object exchange | OEM)
& (XML | semistructured data)
& (information extraction | data integration |
database integration | Mediator) "

Each potentially relevant component of a journal article is
assessed by a human who assigns an erhaustiveness value
and a specificity value. Exhaustivity describes the extent to
which the component discusses the topic of request, speci-
ficity describes the extent to which the component focusses
on the topic of request. Each parameter can accept four
values:

not exhaustive/specific
marginally exhaustive/specific
fairly exhaustive/specific
highly exhaustive/specific

w N = o

To assess the quality of a set of search results, the INEX
2003 benchmark applies a metric based on the traditional
recall/precision metrics. In order to apply this metric, the
assessors’ judgements have to be quantised onto a single
relevance value. Two different quantisation functions have
been used:

1. Strict quantisation is used to evaluate whether a given
retrieval approach is capable of retrieving highly ex-
haustive and highly specific document components.

_ |1 ex=3, spec=3 (short: 3/3)
Fotriet(ex, spec) = { 0 otherwise
2. In order to credit document components according to
their degree of relevance (generalised recall /precision),
a generalized quantisation has been used.

1 3/3
0.75 2/3,3/2,3/1
fgeneratized(ex, spec) = 0.5 1/3,2/2,2/1
025 1/1,1/2
0 0/0

Given the type of quantisation described above, each docu-
ment component in a result set is assigned a single relevance
value using the human—based relevance assessment before.

We now consider the quality of the top 10 hits of some of
the runs we made for the example query.

For the run with OI disabled, we obtain the following result
(in the INEX result format):

<inex-submission participant-id="12"
run-id="0OntoA" task="C0O"
query="automatic" topic-part="T">
<description>
scoring is based on Oracle’s tf/idf
</description>
<!-- #Results: 8
time: Omin 6sec 736msec -->
<topic topic-id="98">
<result>
<file>ic/2001/w3032</file>
<path>article[1]/</path>
<rank>1</rank>
<rsv>0.08</rsv>
</result>
<result>
<file>ic/2001/w3021</file>
<path>article[1]/</path>
<rank>1</rank>
<rsv>0.08</rsv>
</result>
</topic>
</inex-submission>
\vspace{-2mm}

The following table shows the quality of the top 10 results
for the example query:

Run #Results | 1.0 0.75 0.5 025 0
1. without onto 8 0 4 1 2 1
2. with onto 40 1 0 9 0 0

Each run needs only some seconds for the complete evalu-
ation and result construction. It is evident that using the
ontology returns more results that have a higher quality.

However, if we carefully look at the query, it turns out that a
reformulation like the following could return better results:

SELECT *
FROM INDEX
WHERE article/# ~ " (information exchange |
information extraction)
& XML "

As the INEX runs had to use automatically generated queries,
such an optimization could not be applied. It turns out

that this reformulation in fact yields even better results,

even though the ontology-enabled result includes some non-

relevant results:

Run #Results | 1.0 0.75 0.5 025 0
3. without onto 1,225 0 4 4 2 0
4. with onto 3,541 2 3 2 0 3




For evaluating the 3rd and the 4th run the XXL Search
Engine needs about 10 minutes for evaluation and result
construction.

7. CONCLUSIONS

The results obtained for our XXL Search Engine in the
INEX benchmark clearly indicate that exploiting semantic
similarity generally increases the quality of search results.
Given the regular structure of the INEX data, we could not
make use of the features for structural similarity provided
by XXL.

To further extend the result quality, we plan to add a rel-
evance feedback step to incrementally increase the quality.
Additionally, we will integrate information from other, ex-
isting ontologies into our ontology and extend the ontology
to capture more kinds of relationships (e.g., instance-of re-
lationships).

For future INEX benchmarks we would appreciate to have
data that has a more heterogenous structure. The INEX
data that is currently available is well suited for exact struc-
tural search with long paths, but not for search engines that
exploit structural diversity.
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ABSTRACT

Last year in the context of the INEX evaluation initiative
we could show that our retrieval system IRStream is suc-
cessfully applicable as retrieval engine for XML-documents.
Nevertheless, we have to point out that IRStream can be
further optimized in many directions.

In the present paper we show, how IRStream was extended
and improved for its application for INEX 2003 in order to
achieve better retrieval results. Furthermore we point out
some first retrieval results, which demonstrate the impact
of the improvements of IRStream concerning the quality of
the retrieval results.

1. MOTIVATION

Last year, as a participating organization at the INEX eval-
uation initiative [11], we applied IRStream to the collection
of XML documents provided by INEX. Hereby, we investi-
gated the usability of IRStream for structured text docu-
ments. By the application of IRStream als retrieval system
for XML-documents, we have recognized, that IRStream can
be further improved and optimized in many directions.

As the main two drawbacks of IRStream we have identified
the absence of a component for the automatic generation
of queries based on topics and the problem, that IRStream
sometimes delivered wrong granules as the result of a query.
Therefore we decided to improve and extend IRStream in
order to avoid the drawbacks mentioned above.

IRStream in this respect is intended as a powerful framework
to search for components of arbitrary granularity — ranging
from single media objects to complete documents. IRStream
combines traditional text retrieval techniques with content-
based retrieval for other media types and fact retrieval on
meta data. In contrast to other retrieval services which per-
mit set-oriented or navigation-oriented access to the docu-
ments, we argue for a stream-oriented approach. In the fol-
lowing, we shortly describe the significant features of this ap-
proach and point out the system architecture of IRStream.
Furthermore, we present the application of an extended and
improved version of our IRStream retrieval engine as a re-
trieval system for XML documents in the context of INEX
2003 [4].

The rest of the paper is organized as follows: In section
2 we will give a short overview about the ideas and main
components of IRStream. The concrete architecture of our
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IRStream implementation is presented in section 3. Sec-
tion 4 shows how we improved our retrieval system IRStream
in order to use it as a retrieval engine for XML documents
in the context of INEX 2003. Afterwards in section 5 we
present some first experimental results concerning the im-
proved version of IRStream. Finally, section 6 concludes the
paper.

2. STREAM-ORIENTED QUERY
PROCESSING

“Stream-oriented” means that the entire query evaluation
process is based on components producing streams one ob-
ject after the other. First, there are components creating
streams given a base set of objects and a ranking criterion.
We call these components rankers. Other components con-
sume one or more input streams and produce one (or more)
output stream(s). Combiners, transferers and filters are dif-
ferent types of such components.

2.1 Rankers

The starting point for the stream-oriented query evaluation
process are streams generated for a set of objects based on
a given ranking criterion. For example, text objects can be
ranked according to their content similarity compared to a
given query text and images can be ranked with respect to
their color or texture similarity compared to a given sample
image.

Such “initial” streams can be efficiently implemented by ac-
cess structures such as the M-tree, the X-tree, the LSD"-
tree, or by approaches based on inverted files. All these
access structures can perform the similarity search in the
following way: (1) the similarity search is initialized and (2)
the objects are taken from the access structure by means
of some type of “getNext” method. Hence, the produced
streams can be efficiently consumed one element after the
other.

2.2 Combiners

Components of this type combine multiple streams provid-
ing the same objects ranked with respect to different ranking
criteria. Images are an example for media types, for which
no single comprehensive similarity criterion exists. Instead,
different criteria addressing color, texture and also shape
similarity are applicable. Hence, components are needed
which merge multiple streams representing different rank-
ings over the same base set of objects into a combined rank-
ing.



Since each element of each input stream is associated with
some type of retrieval status value (RSV), a weighted aver-
age over the retrieval status values in the input streams can
be used to derive the overall ranking [3]. Other approaches
are based on the ranks of the objects with respect to the
single criteria [12, 7]. To calculate such a combined ranking
efficient algorithms, such as Fagin’s algorithm [1, 2], Nosfer-
atu [14], Quick Combine [5] and J* [13] can be deployed.

2.3 Transferers

With structured documents, ranking criteria are sometimes
not defined for the required objects themselves but for their
components or other related objects. An example arises
when searching for images where the text in the “vicinity”
(for example in the same section) should be similar to a
given sample text. In such situations the ranking defined
for the related objects has to be transferred to the desired
result objects.

More precisely said, we are concerned with a query which
requires a ranking for objects of some desired object type otq
(image for example). However, the ranking is not defined for
the objects of type otq, but for related objects of type ot,
(text for example).

We assume that the relationship between these objects is
well-defined and can be traversed in both directions. This
means that we can determine the concerned object or ob-
jects of type otq for an object of type ot, and that we
can determine the related objects of type ot, for an object
of type otq. The concrete characteristics of these traversal
operations depend on the database or object store used to
maintain the documents. In objectrelational databases join
indexes and index structures for nested tables are used to
speed up the traversal of such relationships. For a further
improvement additional path index structures can be main-
tained on top of the ORDBMS (cf. section 3).

Furthermore, we assume there is an input stream yielding a
ranking for the objects of type ot,. For example, this stream
can be the output of a ranker or combiner.

To perform the actual transfer of the ranking we make use of
the fact that each object of type ot, is associated with some
type of retrieval status value (RSV;) determining the rank-
ing of these objects. As a consequence, we can transfer the
ranking to the objects of type otq based on these retrieval
status values. For example, we can associate the maximum
retrieval status value of a related object of type ot, with each
object of type otq. Another possibility would be to use the
average retrieval status value over all associated objects of
type otr. In [10] you will find a detailed description of an al-
gorithm called “RSV-Transfer”, which is used by IRStream
to perform the transfer of rankings between different object

types.

2.4 Filters

Of course, it must be possible to define filter conditions for
all types of objects. With our stream-oriented approach
this means that filter components are needed. These filter
components are initialized with an input stream and a filter
condition. Then only those objects from the input stream
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Figure 1: Architecture of the IRStream system

which fulfill the given filter condition are passed to the out-
put stream.

3. THE IRSTREAM ARCHITECTURE

The architecture of our IRStream system is based on the idea
that the data is maintained in external data sources. In our
implementation, an ORDBMS is used for this purpose. The
stream-oriented retrieval engine is implemented in Java on
top of this data source and provides an API to facilitate the
realization of similarity based retrieval services. Figure 1
depicts this architecture.

The core IRStream system — shaded grey in figure 1 —

comprises four main parts: (1) Implementations for rankers,

combiners, transferers, and filters. (2) Implementations of

various methods for the extraction of feature values as well

as corresponding similarity measures. (3) A component main-
taining meta data for the IRStream system itself and appli-

cations using IRStream. (4) Wrappers needed to integrate

external data sources, access structures and stream imple-

mentations.

Feature Extractors and Similarity Measures

A feature extractor receives an object of a given type and
extracts a feature value for this object. The similarity mea-
sures are methods which receive two feature representations
— usually one representing the query object and an object
from the database. The result of such a similarity measure
is a retrieval status value.



Ranker, Combiner, Transferer, Filter,...

All these components are subclasses of the class “Stream”.
The interface of these classes mainly consists of a specific
constructor and a getNext method.

For example, the constructor of a ranker receives a specifi-
cation of the data source, a feature extractor, a similarity
measure and a query object. Then the constructor inspects
the meta data to see if there is an access structure for this
data source, this feature extractor, and this similarity mea-
sure. In this case, the access structure is employed to speed
up the ranking. Otherwise, a table scan with a subsequent
sorting is performed.

For the construction of a combiner two or more incoming
streams with corresponding weights have to be defined. Here
it is important to note that combiners such as Fagin’s algo-
rithm or Quick Combine rely on the assumption that ran-
dom access is supported for the objects in the input streams.
The reason for this requirement is simple. When these al-
gorithms receive an object on one input stream, they want
to calculate the mixed retrieval status value of this object
immediately. To this end, they perform random accesses on
the other input streams. Unfortunately, some input streams
are not capable of such random access options, or a random
access would require an unreasonable high effort. In these
cases, other combine algorithms — such as Nosferatu or J*
— have to be applied.

For the construction of a transferer, an incoming stream, a
path expression and a transfer semantics have to be defined.
In our implementation, references and scoped references pro-
vided by the underlying ORDBMS are used to define the
path expressions.

To construct a filter, an incoming stream and a filter predi-
cate have to be defined.

Meta Data

This component maintains data about the available feature
extractors, similarity measures, access structures, and so
forth. On the one hand, this meta data is needed for the
IRstream system itself in order to decide if there is a suitable
access structure for example. On the other hand, the meta
data is also available via the IRstream-API for applications.

Wrapper

IRstream allows for the extension of the retrieval service
in various directions by the use of wrappers and interfaces:
Data source wrappers are needed to attach systems main-
taining the objects themselves to our retrieval system. At
present, objectrelational databases can be attached via JDBC.
Whereas access structure wrappers can be used to deploy
access structures originally not written for our system. For

example, we incorporated an LSDh—tree written in C++ via
a corresponding wrapper. In contrast, the stream wrapper
interface is used to incorporate external sources for streams
into our system. It can be used to incorporate external

stream producers. At present, the text module of the un-
derlying ORDBMS is integrated via a stream wrapper.

On top of the IRStream API various types of applications
can be realized. An example is a graphical user interface
where the user can define the query as a graph of related
query objects [8]. Another possibility is to implement a
declarative query language on top of the API. At present,
we are working on a respective adaptation of our POQLMM
query language [6, 9].

4. EXTENSIONS AND IMPROVEMENTS
OF IRSTREAM FOR INEX2003

This section describes the main improvements applied to
the IRStream retrieval system in the context of INEX 2003.
For that, every retrieval system had to be able to perform
an automatic query generation from topic data. While a
topic is interpreted as a representation of an information de-
sire, a query in this context is an internal representation for
the system’s retrieval process. Thus, the first extension of
IRStream was to integrate a query generation step into this
retrieval process. An evaluation of last year’s results shows
that one of main problems of IRStream02 was the determi-
nation of a fitting granule of retrieval results for CO-topics,
and furthermore an automatic processing of structural con-
straints of CAS-topics, as well as automatically generating
multiple results from one document (e.g. a list of authors).
To solve these problems, the retrieval process of the sys-
tem was completely redesigned, which is described in this
section.

To determine fitting granules for retrieval results (and their
corresponding identifying paths), a retrieval system has to
be able to perform two tasks: First, extract (possibly sev-
eral) fragments of one document and determine their unique
paths (including node indices). In this case a path expres-
sion is given as part of the query, which describes a struc-
tural constraint for result granules, as is the case with CAS-
topics. Second, the system must be able to process queries
which do not contain a constraint regarding the result gran-
ule (CO-topics). In this case, the decision about the fitting
granule is to be made automatically within the retrieval pro-
cess.

4.1 Automatic query generation

The queries used internally by a retrieval system, generated
from the topic data, may influence the quality of retrieval
results significantly. In order to compare the results of dif-
ferent retrieval systems or even the result of a retrieval sys-
tem in various development states, the influence of manual
(pre-) processing must be eliminated. Therefore an auto-
matic query generation was added to the IRStream system,
which was also a requirement for retrieval systems partici-
pating in INEX 2003. For reasons of performance, two differ-
ent approaches for CO- and CAS-topics were used, although
every CO-topic may be converted into CAS-format by inter-
preting a CO-topic title as //[about (., ’CO-title’)]. The
different retrieval processes for these two topic types will be
described later in this section.

The general architecture is the same for both variants. A
wrapper-class Topic parses a topic file and provides means
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of access in form of a java-API. The system is thereby also
prepared for changing topic-formats, which will result in ad-
ditional sub-classes of this wrapper. The methods provided
by Topic are used by a QueryBuilder component specialized
in CO-topics or CAS-topics respectively. This component
creates the queries internally used by the Rankers of the
core-retrieval system. To configure the query generation, a
QueryOptions class is used, which contains all kinds of pa-
rameters used in the generation process. Figure 2 gives an
overview of the general architecture and the differentiation
between query generation and query processing.

Every query may make use of any of the following three topic
parts: the title, the description and the keywords. Within
the topic title, terms may further be categorized in must-
terms (marked by a +), must-not terms (marked by a -) and
terms not marked at all. For each part or each category of
terms, the QueryOptions class contains parameters about:

Consideration: Shall these terms be considered for query
generation at all?

Weighting: What weight shall be associated to these terms
(1-10)?

Stemming: Shall the stemming operator of the underlying

ORDBMS be used for these terms?

Connectors: Which connecting operator (OR, AND, AC-
CUMulate) shall be used to connect terms of this class
or between classes of terms?

Compound terms: Which way shall compound terms be
treated?

4.2 CAS-topics

A CAS-topic contains structural constraints as well as con-
tent information, so that three logic parts of a CAS-topic
may be identified: First, a constraint regarding the gran-
ule of result elements. Second, content and structure in-
formation about the result element itself — i.e. its inner
context —, which shall be called content constraint. Third,
there may be content and structure information about the
result element’s parent or sibling elements — i.e. the ele-
ment’s environment —, which shall be called structure con-
straint.

The differentiation between content and structure constraint
may easily be done by looking at the syntax of a CAS-topic
title:

[node [filter]]* target-node filter

Every filter (which corresponds to constraints) before the
target-node belongs to the structure constraint, while the
filter given for the target-node contains the content con-
straint.

The title of a CAS-topic contains a path expression that
must be matched by the path of a result element. For the
automatic query generation, this path expression is simply
the concatenation of all nodes. Normally, there are several
elements within a document with matching paths, since the
path expression may contain wildcards and does not have to
use node indices. Thus, a retrieval system not only has to
find relevant documents and determine fitting sub-elements
of that element, but it also has to determine relevance scores
for each sub-element. Therefore we inserted a new table into
the underlying ORDBMS which contains every addressable
element of the document collection, i.e. every element that
matches the XPath-expression //*, which are about 8 mio
elements. Each table entry consists of an element with all
its sub-elements and their textual content, its unique path
expression, and its path expression without indices. To de-
termine the unique path of an element, which is needed for
the creation of the submission-file, this data can simply be
read from this table. To fulfill the structural constraint of a
CAS-topic regarding the result granule, only a selection of
those elements is evaluated whose path matches the path ex-
pression given in the topic title. Apparently, this approach
implies a high degree of redundancy, since the table contains
every textual content multiple times. Further developments
of IRStream will address this problem, probably by making
extended use of the transferer functionality.

The content constraint includes every information that is
given about the result element itself. That may be content
only, but also constraints concerning the internal structure
of an element, like a section having a title about information
retrieval:



/article/bdy/
sec[about(.,//st,’"information retrieval"’)]

The crucial factor of this logic part of the topic is that every
information needed is within the result element itself and
thus may be addressed via the table mentioned above.

The structure constraint includes every information given
about the environment of the result element, i.e. its sibling
and parent elements. This may include both structure and
content information which is not contained in the result el-
ement itself and therefore cannot be addressed via the table
mentioned above, since the table entries are decoupled from
their environment. To fulfill this constraint, a document as
a whole has to be evaluated, i.e. it refers to a whole article
instead of a result element only.

By looking at an example (topic 77), the retrieval process
of IRStream for CAS-topics and the integration of a query
generation step into this process will be depicted. The title
of topic 77 states:

//article[about(.//sec,’"reverse engineering"’)]//
sec[about(.,’legal’) OR about(.,’legislation’)]

The concatenation of all nodes is //article//sec, which is
the given path expression that all result elements have to
fulfill. Therefore only elements with the fitting granule will
be ranked in the query process, which is implemented via a
corresponding WHERE-clause.

The content constraint, referring to the result element itself,
is contained in the last filter. It says that the result element
has to be about concepts of legal or legislation. The
query generation component successively reads all about-
clauses and their connectors. Each about-clause is trans-
lated into a corresponding INPATH-clause of the ORDBMS,
which reads (terms INPATH path) and includes any given
structural constraints. In this example, (legal INPATH
/sec) would be the resulting query part. The INPATH-
clauses, their connectors and the result element’s path ex-
pression form the main part of the content query, which is
applied to the table containing every addressable element.

The structure query on the other hand has to be applied to a
table of whole articles, which contain the complete structure
information of a document. The query generation is done
accordingly, reading each filter successively and connecting
the resulting INPATH-expressions. The last filter in the topic-
title may or may not be part of the structure query. Not
including it means that some articles are probably marked
relevant that do not contain any elements that satisfy the
content constraint. IRStream therefore considers the con-
tent query being a part of the structure query.

In order to get a result ranking, these two queries have each
to be processed by a ranker-component and then be joined
into a final ranking. These two rankers create streams of
two different object types — article (structure query) and
element (content query) —, which cannot directly be com-
bined by a combiner-component. Therefore a transferer-
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Figure 3: CAS-topic processing

component is needed, which transfers the ranking of an ar-
ticle to all its sub-elements. A special filter-component fil-
ters all elements whose path does not fulfill the given path
expression. The output of this filter is a stream of elements,
and thus a combiner can finally merge the two streams into
a result ranking. This procedure is shown in figure 3.

Obviously, this (general) procedure can be optimized, be-
cause the transferer creates hundreds of elements that are
immediately eliminated by a filter. Therefore the task of
ranking, transferring and filtering was integrated into a spe-
cialized component InexRanker, which relocates the trans-
ferring-process into the DBMS. The described three logical
steps can thereby be performed by a single SQL-query:

1. ranking an article in reference to the structure query

2. transferring the RSV to all sub-elements, identified via
foreign key relationship

3. selection of those elements that fulfill the given path
expression

4.3 CO-topics

The special challenge while processing CO-topics is that the
retrieval system has to decide autonomously, which granule
of the result elements is the most fitting. For INEX 2003,
the procedure for handling CO-topics is based on the table



mentioned above, which contains every addressable element
including all its textual content and that of its sub-elements.
A single ranker-component simply creates a ranking of all
those elements, and an element’s filename and unique path
may be read from this table. The aim of this approach
was to evaluate whether it is worthwhile to base further
optimizations on it, which are obviously possible, since this
table contains about eight million elements, every layout-tag
(italic, bold etc.) being contained.

For CO-topics, four characteristics can be identified. Based
on these, the general applicability of this approach is to be
shown:

CO-topics do not contain structural information

The elements in the table used are decoupled from
their structural environment and are treated as single
documents. No structure information is needed for this
query processing.

CO-topics do not contain constraints regarding the granule
of result elements

By this procedure, elements of all granules are ranked
likewise, so that every granule may be contained in
the result ranking. Possible optimizations will be ad-
dressed in section 6.

An ideal result element satisfies the information need com-
pletely

A retrieval system cannot validate a complete answer-
ing of an information need, but this requirement has to
be considered in the process of determining relevance
scores. Regarding a XML-document as being a tree
of elements, that one element obviously fulfills that re-
quirement best, which is superior to all elements which
contain relevant information. If several paragraphs are
marked relevant, for example, their corresponding sec-
tion seems to be most fitting element. The calculation
of a score-value that is done by the underlying OR-
DBMS provides an according evaluation, because it is
in principle based on absolute term frequencies. Thus,
superior elements normally get a relevance score which
is equal to or greater than that of their child elements.

An ideal result element is specific about the topic’s theme

For INEX 2003, IRStream did not eliminate multiple
result elements within a branch of the document tree,
the consequences of it with respect to retrieval effec-
tiveness has not yet been evaluated, but it will be ad-
dressed in the near future. If several elements of a
branch have the same RSV-score, it is obviously the
smallest element that conforms best to this require-
ment. It remains to be seen whether elimination of
such duplicates or considering document lengths will
improve retrieval effectiveness.

The query generation for CO-topics is similar to that of
CAS-topics, but here only one query has to be created, and
no structural information has to be included. Terms in the
title of CO-Topic may be marked by a + (declared as must-
terms). The IRStream query generation allows to interpret

these markings as strict or vague. A strict interpretation
means that only those elements may be relevant that contain
all must-terms. Therefore these terms are connected to each
other by AND-operators, and must-terms and all other terms
are each encapsuled by brackets which are also connected
by an AND-operator. Interpreting these terms vague, other
connecting operators may be used, like ACCUMulate or OR.

5. EVALUATION OF THENEW IRSTREAM

ENGINE AT INEX2003

With the runs submitted to INEX 2003, two things were to
be looked at: First, we wanted to see, whether our interpre-
tation of CAS-topics and thus the differentiation between
content and structure constraints would lead to good re-
sults compared to those of the other participating retrieval
systems. Second, we wanted to get an estimation of how
applicable our approach for processing CO-topics is.

Figures 4 and 5 show the recall/precision graphs for
IRStream’s CAS-run — with strict and generalized quan-
tization — in comparison to all officially submitted retrieval
runs. Rank 12 of 38 for strict quantization and rank 10 of 38
for generalized quantization seem promising that the chosen
query architecture forms a solid basis for further efforts.

INEX 2003: second_scas

guantization: strict; topics: SCAS
average precision: 0.2277
rank: 12 (38 official submissions)

Figure 4: summary CAS strict

The recall/precision graphs for IRStream’s CO-run are
shown in figures 6 and 7. Rank 10 of 56 for strict and rank 7
of 56 submissions for generalized quantization indicate that
further efforts to optimize our approach seem to be worth-
while.

In order to compare the results of IRStream02 and
IRStream03 — and thus to evaluate the effect of the sys-
tem changes — we used the new system to create a retrieval
run on the topics of INEX 2002. Since the topic syntax for
CAS-topics has changed, only those topics were processed
in this run which could be converted to the new syntax.
Topics without explicitly stating a target element or those
with multiple target elements do not conform to INEX 2003
syntax and thus were omitted.



INEX 2003: second_scas

guantization: generalized; topics: SCAS
average precision: 0.1983
rank: 10 (38 official submissions)

Figure 5: summary CAS generalized

INEX 2003: co_second

guantization: strict; topics: CO
average precision: 0.0677
rank: 10 (56 official submissions)

Figure 6: summary CO strict

6. CONCLUSION

In this paper, we have presented an improved version of
our retrieval system called IRStream, which was success-
fully used in the context of INEX 2002. The main idea
of IRStream is intended to complement traditional query
processing techniques for queries dominated by similarity
conditions. The IRStream retrieval engine has been imple-
mented as a prototype in Java on top of an ORDBMS and
first experimental results achieved with this prototype are
promising. With regard to INEX2003 IRStream was ex-
tended and improved in several directions. IRStream now
supports automatic query generation as well as the auto-
matic detection of the best fitting result granule for a given
query.

In the near future, we will develop a query language for
this approach and consider optimization issues regarding

INEX 2003: _co_second

guantization: generalized; topics: CO
average precision: 0.0717
rank: 7 (56 official submissions)

Figure 7: summary CO generalized

IRStream 2002 vs. 2003
quantization: strict; topics: CAS

new: 0.278 ——
old: 0.213 oo

Figure 8: improvement CAS strict

IRStream 2002 vs. 2003
guantization: generalized; topics: CAS

new: 0.284 ——
old: 0.159 -eeeeee

Figure 9: improvement CAS generalized



IRStream 2002 vs. 2003
quantization: strict; topics: CO

new: 0.058 ——
old: 0.036 ----------

Figure 10: improvement CO strict

IRStream 2002 vs. 2003
guantization: generalized; topics: CO

new: 0.106 ——
old: 0.041 ----------

Figure 11: improvement CO generalized

the interaction between the underlying ORDBMS and the
IRStream system. Last but not least, IRStream should build
a good basis for the integration of further query criteria —
like context information or domain specific thesauri — into
the query execution in order to improve the precision of the
system.

7.
1]

REFERENCES

R. Fagin. Combining fuzzy information from multiple
systems. Journal of Computer and System Sciences,
58(1):83-99, 1999.

R. Fagin, A. Lotem, and M. Naor. Optimal
aggregation algorithms for middleware. In Proc. 10th
ACM Symposium on Principles of Database Systems:
PODS, pages 102-113, New York, USA, 2001.

R. Fagin and E. L. Wimmers. A formula for
incorporating weights into scoring rules. Theoretical
Computer Science, 239(2):309-338, 2000.

N. Fuhr and M. Lalmas. Initiative for the Evaluation
of XML retrieval (INEX). Online available: url:
http://inex.is.informatik.uni-duisburg.de:2003, 2002.

[5]

(11]

(13]

U. Giintzer, W.-T. Balke, and W. Kieflling.
Optimizing multi-feature queries for image databases.
In VLDB 2000, Proc. 26th Intl. Conf. on Very Large
Data Bases, pages 419-428, Cairo, Egypt, 2000.

A. Henrich. Document retrieval facilities for
repository-based system development environments.
In Proc. 19th Annual Intl. ACM SIGIR Conf. on
Research and Development in Information Retrieval,
pages 101-109, Ziirich, Switzerland, 1996.

A. Henrich and G. Robbert. Combining multimedia
retrieval and text retrieval to search structured
documents in digital libraries. In Proc. 1st DELOS
Workshop on Information Seeking, Searching and
Querying in Digital Libraries, pages 35—40, Ziirich,
Switzerland, 2000. ERCIM Workshop Proceedings.

A. Henrich and G. Robbert. An end user retrieval
interface for structured multimedia documents. In
Proc. 7th Workshop on Multimedia Information

Systems, MIS’01, pages 71-80, Capri, Italy, 2001.

A. Henrich and G. Robbert. POQLMM: A query
language for structured multimedia documents. In
Proc. 1st Intl. Workshop on Multimedia Data and
Document Engineering, MDDE’01, pages 17-26, Lyon,
France, 2001.

A. Henrich and G. Robbert. RSV-Transfer: An
algorithm for similarity queries on structured
documents. In Proceedings of the 9th International
Workshop on Multimedia Information Systems (MIS
2003), pages 65—74, Ischia, Italy, May 2003.

G. Kazai, N. Govert, M. Lalmas, and N. Fuhr. The
INEX evaluation initiative, pages 279-293. Lecture
Notes in Computer Science. Springer, Heidelberg et
al., 2003.

J. H. Lee. Analyses of multiple evidence combination.
In Proc. 20th Annual Intl. ACM SIGIR Conference on
Research and Development in Information Retrieval,
pages 267-276, Philadelphia, PA, USA, 1997.

A. Natsev, Y.-C. Chang, J. R. Smith, C.-S. Li, and

J. S. Vitter. Supporting incremental join queries on
ranked inputs. In Proc. 27th Intl. Conf. on Very Large
Data Bases, pages 281-290, Los Altos, USA, 2001.

U. Pfeifer and S. Pennekamp. Incremental Processing
of Vague Queries in Interactive Retrieval Systems. In
Hypertext - Information Retrieval - Multimedia ’97:
Theorien, Modelle und Implementierungen, pages
223-235, Dortmund, 1997.



HyREX at INEX 2003

Mohammad Abolhassani, Norbert Fuhr, Saadia Malik
University of Duisburg-Essen, Germany

9th December 2003

1 Introduction

The HyREX (Hypermedia Retrieval Engine
for XML) system developed by our group
[Fuhr & Grofsjohann 01, Fuhr & Grofjohann 04,
Fuhr et al. 02] supports document ranking based
on index term weighting, specificity-oriented
search for retrieving the most relevant parts
of documents, datatypes with vague predicates
for dealing with specific types of content and
structural vagueness for vague interpretation of
structural query conditions. In INEX 2002,
HyREX performed very well for content-only
(CO) queries, but only poorly for content-and-
structure(CAS) queries (although this was due to
a bug in the implementation).

In this paper, we describe a new retrieval model
for CO queries. For the CAS queries, we inves-
tigated several methods for transforming INEX
topics into our own query language XIRQL.

2 Content-Only queries

In [Fuhr & Grofjohann 01|, we proposed the aug-
mentation method for processing content-only
queries. This method gave very good results in
INEX 2002. This approach can be combined
with any kind of indexing method (we were using
the BM25 formula for this purpose). This year,
we were/are trying to adopt a kind of language
model, namely the divergence from randomness
(DFR) approach developed by Gianni Amati.

2.1 The DFR approach

[Amati & Rijsbergen 02| introduce a framework
for deriving probabilistic models of IR. These
models are non-parametric models of IR as ob-
tained in the language model approach. The term
weighting models are derived by measuring the di-
vergence of the actual term distribution from that
obtained under a random process.

In this framework, the weighting formula for a
term in a document is the product of the following
two factors:

1. Proby is used for measuring the informa-
tion content of the term in a document,
and (—log,y Proby) gives the corresponding
amount of information.

2. Proby is used for measuring the information
gain of the term with respect to its ‘elite’
set (the set of all documents in which the
term occurs). The less the term is expected
in a document with respect to its frequency
in the elite set (measured by the counter-
probability (1— Probs), the more the amount
of information is gained with this term.

Then the weight of a term in a document is defined
as:

w = (1—Proby)-(—logy Proby) = Infa-Infi (1)

For computing the two probabilities, the following
parameters are used:

N number of documents in the collection,

tf term frequency within the document (since dif-
ferent normalisations are applied to the term
frequency, we use tf; and tfs in the following
formulas),



n size of the elite set of the term,
F' term frequency in elite set.

Furthermore, let A = F//N in the following.

As probability distribution for estimating Prob,
different probabilistic models are regarded in
[Amati & Rijsbergen 02]. In this paper, we use
only two of them:

D The approximation of the binomial model with
the divergence:
—tf 1)

(2)

G The Geometric as limiting form of the Bose-
Einstein model:

Infy = tfr -logy -+ (A +

t
A 12t

-logy e + 0.5logy (27 - tf1)

A
Infi = —logs tf1-logy T (3)

1
T+
For the parameter Infs = (1 — Probs) (which is
also called first normalisation), Proby is defined
as the probability of observing another occurrence
of the term in the document, given that we have
seen already tf occurrences. For this purpose,
Amati regards two approaches:

L Based on Laplace’s law of succession, he gets

1
Infy = 4
nfa o+ 1 (4)
B Regarding the ratio of two Bernoulli processes
yields
F+1
Infy = ———F— 5
f2 n (D) (5)

These parameters do not yet consider the length of
the document to be indexed. For the relationship
between document length and term frequency, we
apply the following formula:

pll) = -1 (6)
where [ is the document length, p(1) is the density
function of the term frequency in the document,
c is a constant and [ is a parameter to be chosen.

In order to consider length normalisation, Am-
ati maps the tf frequency onto a normalised fre-
quency tfn computed in the following way: Let
I(d) denote the length of document d and avl is

the average length of a document in the collection.
Then tfn is defined as:

1(d)+avl
tfn = / p(l)dl
1(d)

For considering these normalisations, Amati sets
tfi = tfo = tfn in formulas 2-5 and then com-
putes the term weight according to eqn 1.

(7)

For retrieval, the query term weight gtf is set
to the number of occurrences of the term in the
query. Then a linear retrieval function is applied:

R(q,d) = qtf-Info(tfz) - Infi(tfr)

tq

(8)

2.2 Applying divergence from
randomness to XML documents

2.2.1 Direct application of Amati’'s model

In Section 2.1, we have described the basic model
along with a subset of the weighting functions pro-
posed by Amati. Given that we have two different
formulas for computing Inf; as well as two differ-
ent ways for computing Infs, we have four basic
weighting formulas which we are considering in
the following.

In a first round of experiments, we tried to apply
Amati’s model without major changes. However,
whereas Amati’s model was defined for a set of
atomic documents, CO retrieval is searching for
so-called index nodes, i.e. XML elements that are
meaningful units for being returned as retrieval
answer.

As starting point, we assumed that the complete
collection consists of the concatenation of all XML
documents. When we regard a single index node,
we assume that the complete collection consists
of documents having the same size as our current
node. Let L denote the total length of the collec-
tion and [(d) the length of the current node (as
above), then we compute the number of hypothet-
ical documents as N = L/I(d).

Table 1 shows the experimental results. The first
two result columns show the average precision val-
ues for this setting when applying the four differ-
ent weighting functions. We assume that the poor



Table 1: Results from direct application vs. augmentation approach

document length Dynamic Fixed

B Norm. | L Norm. || B Norm. | L Norm.
Bernoulli 0.0109 0.0356 0.0640 0.0717
Bose-Einstein 0.0214 0.0338 0.0468 0.0606
Augmentation 0.1120

Table 2: Results from 2nd normalisation with two basic values for

B Norm. ‘ L Norm. || B Norm. ‘ L Norm.
Bernoulli 0.0391 0.0586 0.0640 0.0900
Bose-Einstein || 0.0376 0.0609 0.0376 0.0651

performance is due to the fact that the weights
derived from different document lengths are not
comparable.

As an alternative method, we computed the aver-
age size of an index node. The two last columns
in table 1 show a much better retrieval quality for
this case.

In the subsequent experiments, we focused on the
second approach. By referring to the average size
of an index node we were also able to apply doc-
ument length normalisation according to Equa-
tion 6. Table 2 shows the corresponding results
for 3 = 0 and B = —1. The results show that
length normalisation with 3 = —1 improves re-
trieval quality in most cases. These results were
also in conformance with Amati’s findings that
(8 = —1 gives better results than g = 0.

Subsequently we tried some other values for S.
Table 3 shows the corresponding results for g =
—0.75 and # = —0.80, with which we got better
results.

Overall, using a fixed average document length,
and length normalisation, gave better results than
those achieved in the first round. However, the re-
sulting retrieval quality was still lower than that
of the augmentation approach (see table 1). Thus,
in order to arrive at a better retrieval quality, we
investigated other ways than straightforward ap-
plication of Amati’s model.

2.2.2 Considering the hierarchical structure of
XML documents

In order to consider the hierarchical structure of
our documents, we investigated different ways for
incorporating structural parameters within the
weighting formula. Considering the basic ideas,
as described in Section 2.1, the most appropriate
way seemed the modification of the Infy param-
eter, which refers to the ‘elite’ set. Therefore, we
computed Inf1 as above, by performing document
length normalisation with respect to the average
size of an index node.

For computing Infs, we also applied document
length normalisation first, thus yielding a nor-
malised term frequency tfn. Then we investi-
gated several methods for ‘normalising’ this factor
with respect to the hierarchical document struc-
ture; we call this process third normalisation. For
this purpose, we introduced an additional parame-
ter h(d) specifying the height (or level) of an index
node relative to the root node (which has h = 1).

Using the level information, we first tried several
heuristic formulas like t fo = tfn-h(d)* and tfo =
tfn - h(d)~®, which, however, did not result in
any improvements. Finally, we came up with the
following formula:

tfa=1tfn-(h(d)/a) 9)

Here « is a constant to be chosen, for which we
tried several values. However, the experiments
showed that the choice of « is not critical.

Table 4 shows the results for the combination



Table 3: Results from 2nd normalisation with two other values for (8

6 =-0.75 6 =-0.80
B Norm. \ L Norm. || B Norm. \ L Norm.
Bernoulli 0.0799 0.1026 0.0768 0.1005
Bose-Einstein || 0.0453 0.0653 0.0448 0.0654

Table 4: Average precision for the Bose-Einstein L Norm combination with various values of «

o 2 4 9 16 20

32 64 96 104 116 128

prec. |0.0726|0.0865|0.0989|0.1059 0.1077

0.1083

0.1089]0.1094 10.1087|0.1081 [ 0.1077

of Bose-Einstein and Laplace normalisation, for
which we got significant improvements. This vari-
ant also gave better results in Amati’s experi-
ments.

2.2.3 INEX 2003 Submissions

Our CO submissions in INEX 2003 include:

e factor 0.5
e factor 0.2
e difra_sequential

The first two submissions use the “augmentation”
method (the same as in our 2002 INEX submis-
sion) with 0.5 and 0.2 as "augmentation factor",
respectively. The third submission is based on the
“DFR” method. Here, we chose the best config-
uration according to our experiments results, i.e.
Bose-Einstein and L Normalisation with the pa-
rameters a = 96 and G = —0.80.

Table 5 shows the evaluation results of our sub-
missions, based on different metrics, in INEX
2003. The results show that the latter two sub-
missions both performed very well, with the aug-
mentation method still slightly better than the
DFR approach.

3 Content-and Structure(CAS)
Topics

The query language XIRQL of our retrieval sys-
tem HyREX is very similar to the INEX CAS
topic specification. However, our experience from
INEX 2002 has shown that a ‘literal” interpreta-
tion of the CAS queries does not lead to good re-
trieval results. Thus, we were looking for ‘vague’

interpretations of the INEX topics. Since XIRQL
has a high expressiveness, we did not want to
change the semantics of XIRQL (by introducing
vague interpretations of the different language el-
ements). Instead, we focused on the transfor-

mation from the INEX topic specification into
XIRQL.

XIRQL is an  extension of  XPath
[Clark & DeRose 99] by IR concepts. We
assume that XML document elements have
specific data types, like e.g. person names, dates,
technical measurement values and names of
geographic regions). For each data type, there
are specific search predicates, most of which
are vague (e.g. phonetic similarity of names,
approximate matching of dates and closeness
of geographic regions). In addition to Boolean
connectors, there also is a weighted sum operator
for computing the scalar product between query
and document term weights.

The general format of a of XIRQL query is
//TElfilter| or

//CEl[filter|// TEl|filter]

Where TE stands for Target Element and CE
stands for Context Element.

In XTRQL, single query conditions can be com-
bined in the following way:

Conjunctions(C) Filter  conditions(conditions
within [..]) can be combined by the $and$
operator

Disjunctions(D) Filter conditions can be com-
bined by the $or$ operator.

Weighted Sum (WS) and Precedence (Pr)
Weighted sum notation can be used to
indicate the importance of a query term, e.g.

//article [wsum(



Table 5: Average precision for our CO submissions in INEX 2003, based on different metrics

Submission Average Precision
inex eval inex eval ng
consider overlap ignore overlap
strict \ generalised || strict \ generalised | strict \ generalised
factor 0.5 0.0703 0.0475 0.1025 0.0623 0.0806 0.0590
factor 0.2 0.1010 0.0702 0.1409 0.0903 0.1219 0.0964
difra_sequential || 0.0906 0.0688 0.1354 0.0774 0.1217 0.0920

0.7,.//atl//#PCDATA $stem$ "image", .//#PCDATA[ . $stem$ "retrieval"]
0.3,.//atl//#PCDATA $stem$ "retrieval" $or$ .//#PCDATA[ . $stem$ "colour"]
)] $or$ .//#PCDATA[ . $stem$ "shape"]

Phrases (P) Since HyREX has no specific phrase ~ $or$ .//#PCDATA[ . $stem$ "texture"]
operator (yet), we represented phrases as )]
conjunctions of the single words, e.g.
//article [wsum(

3.1.2 SCAS-II
1.0,.//atl//#PCDATA [. $stem$ "image"
$and$ . $stem$ "retrieval'], 1. Only query title is used.
1.0,. $stem$ "colour")] 2. Phrases are represented using conjunctions.

3. Terms are represented using weighted sum
g g

. . notation and assigned weight 1.

.1 Experimentation . :

3 xpert ! 4. '+’ prefixed terms are assigned higher

In order to search for better transformations from weights.

INEX CAS topics into XIRQL, we performed a /articlel wsum(1.0,.//atl//#PCDATA[
number of experiments using the INEX 2002 top- . $stem$ "image" $and$

ics (which we transformed into the 2003 format). . $stem$ "retrieval"],

For generating our XIRQL queries, we used only 1.0, ... $stem$ "image",

titles and keywords of the topics. In the follow- 1.0, ... $stem$ "retrieval",

ing we briefly characterise the different kinds of 1.0, ... $stem$ "colour",
transformations investigated. We illustrate each 1.0, ... $stem$ "shape",

method by showing the resulting XIRQL expres- 1.0, ... $stem$ "texture")]

sion for the following INEX topic:

//article[about(.//atl,’"image retrieval"’ 3 1.3 SCAS-III
) and about(.,’image retrieval colour
shape texture’)] 1. Only query title is used.
2. Phrases are represented using conjunctions.
3. Terms are represented using weighted sum
3.1.1 SCAS-| notation and XPath notations. These two
1. Only query title is used. notations are joined with or operator.
4. '+’ prefixed terms are assigned higher weight
5 and also represented as phrases.

2. Phrases are represented using conjunctions.
3. Query terms are represented using disjunc-

tions So this variation is a combination of SACS-I and
4. '+’ prefixed terms are handled as phrases. SCAS-II.

//article[(.//atl//#PCDATAI //article[(.//atl//#PCDATAI
. $stem$ "image" $and$ . $stem$ "image" $and$

. $stem$ "retrieval"]) $and$ . $stem$ "retrieval'])
(.//#PCDATA[ . $stem$ "image"] $or$ $and$
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