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ABSTRACT

With the explosion in the amount of semi-structured datasuge-
cess and store in personal information management systieens,
is a need for complex search tools to retrieve often veryrbgte
neous data in a simple and efficient way. Existing tools g
dex text content, allowing for some IR-style ranking on thettial
part of the query, but only consider structure (e.g., filectiory)
and metadata (e.g., date, file type) as filtering conditid¥e.pro-
pose a novel multi-dimensional approach to semi-strudtuaiaa
searches in personal information management systemsdoyiradj
users to provide fuzzy structure and metadata conditioaddition
to keyword conditions. Our techniques provide a complexryjue
interface that is more comprehensive than content-onlschea as
it considers three query dimensions (content, structustadata)
in the search. We propose techniques to individually scaah e
dimension, as well as a framework to integrate the three mime
sion scores into a meaningful unified score. Our work is irsttsgl
in Wayfinder, an existing fully-functioning file system. Werp
form a thorough experimental evaluation of our technigoeshbw
the effect of approximating individual dimensions on therai
scores and ranks of files, as well as on query performanceeXur
periments show that our scoring strategy adequately takesac-
count the approximation in each dimension to efficientlyleste
fuzzy multi-dimensional queries. In addition, fuzzy quegndi-
tions in non-content dimensions can significantly improserisg
(and thus ranking) accuracy.

1. INTRODUCTION

Dataspaces, large collections of heterogeneous data, &nd p
sonal information management systems have recently estailot
of attention in the Database and Information Retrieval i&hmu-
nities [8, 12, 15]. Unlike the very structured DBMSs, or tletar
tively unstructured document model from IR, dataspacesvefior
flexible management of data with varying degree of structane
coming from possibly different sources. In addition, paity
useful metadata information can be stored alongside ddtawA
ing for powerful and flexible search in such information ngea
ment systems is a critical issue; with the explosion in thewam
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of data users access and store there is a need for complek sear
tools to access often very heterogeneous data in a simplefand
ficient way. Numerous third-party search tools have beemldev
oped to perform keyword searches and locate personal iafgym
stored in personal information management systems sucheas t
commercial file system search to@®ogle Desktoji7] andSpot-
light[23]. However, these tools usually index text content vailihay

for someranking on the textual part of the query—similar to what
has been done in document search in the Information Relt(i®)a
community—but only consider structure (e.g., file diregjaand
metadata (e.g., date, file type)fétering conditions.

In this paper, we present scoring and searching technigues t
access files in a personal information system scenario. ethéd
research community has considered the problem of searémin s
lar scenarios [15, 8, 12], as is the case with commerciatttbése
work focus on IR-style keyword queries and use other system i
formation, such as metadata, to guide the keyword-basedlsea
Unfortunately, simple keyword-only searches are oftenfficient,
as illustrated by the following example:

EXAMPLE 1. Consider a user saving personal information on
a computing device. In addition, some of the data availalie o
the device may come from external sources (such as othes user
in a network setting) and therefore may not be familiar touker.
Alongside the data, the system may store (a potentiallglargount
of) metadata information (e.g., access time, file type), e as
some navigational structure information (e.qg., directstsucture).

In such a scenario, it is possible to ask the queRmnd a pdf
file created on March 21, 2007 that contains the words “prapos
draft.”

Keyword-based search tools would answer this query by metur
ing all files of type*.pdf created on 03/21/2007 (filtering condi-
tions) that have content similar to “proposal draft" (ramig ex-
pression), ranked based on how close the content matchésxie
“proposal draft" using some underlying text scoring medcisam
These tools would therefore miss any relevant file that dstniatly
adhere to the date and file type filtering conditions; for eglm
* tex documents created on 03/19/2007 would not be returned even
if their content match the query keywords.

We believe that allowing flexible conditions on structured an
metadata can significantly increase the quality and usefslof
search results in many search scenarios. For instancenefdex-
ample 1 query, the user might not remember the exact credaiten
of the file of interest—or may not be the original creator of th
file—but remembers that it was creatadund 03/21/2007. Sim-
ilarly, the user might be primarily interested in files of &/ppdf
but might also want to consider relevant files of different e+
lated types (e.g*.tex, or *.txt). In this case, the date and file type



conditions should not only be considered for filtering pwgmbut
should also be part of the ranking conditions of the queries.

The challenge is then to adequately score the search régults
taking into account flexibility in the textual componetaigether
with some flexibility in the structural and metadata compuaef
the query. Once an adequate scoring mechanism is choseigrffi
algorithms to identify the best query resultgthout considering all
the data in the systerare also needed.

In this paper, we propose a novel approach that allows users t
provide fuzzy conditions on three query dimensions: canteeta-
data, and structure. We describe individliaF-based scoring ap-
proaches for each dimension and present a unified scorimgfra
work for multi-dimensional queries over personal inforioatfile
systems. Our techniques are based oiDd#based interpretation
of scores for each dimension. There has been some discsisgion
both the Database and the Information Retrieval commundie
integrating technologies from both fields [1, 2, 6, 10] to time
content-only searches with structure-based query resditstech-
nigues provide a step in this direction as they integratedtifie
content scores with DB-style structure approximation esor

While our work could be extended to a variety of dataspace ap-
plications and queries, we focus on a file search scenaribisn t
paper. That is, we consider the granularity of the searahitssto
be a single file in the personal information system. Of couvse
techniques could be extended to a more relaxed query modzewh
subset of files (such as individual sections or XML subtreesid
be returned as a result.

In this paper, we make the following contributions:

e We proposeDF-based scoring mechanisms for individual
query dimensions (content, metadata, structure). Our scor
ing techniques take into account the specificity of each di-
mension, as well as the data distribution, to efficientlygrss
relevance scores to query answers.

e We propose a framework to combine individual dimension
scores into a unified multi-dimensional score.

e We adapt existing top-query processing algorithms to our
scenario.

e We integrated our work into Wayfinder [20], an existing fully
functioning file system.

contentfor conditions on the textual content of the filesetadata
for conditions on the system information related to the fikesd
structurefor conditions on the directory path to access the file.
Our scoring strategy is based on l@F-based interpretation of
scores for each dimension. Traditionally, fliF= score of a docu-
ment for a keyword in the IR world is a function of how many doc-
uments contain the keyword [24]. The contdDE scoring strategy
has been widely adopted in IR systems as it considers thaldata
tribution to assign scores. We extend this idea to each ofearch
dimension and assign a score to a file in a query dimensiordbase
on how many files match the query dimension condition. Thé-uni
cation aspect of our scoring framework comes from tbis-based
scoring approach; for each dimension, the score of a fileime-f
tion of the document frequency. The multi-dimensional scofr
the file is then a combination of the individual dimensionreso
It is our belief that using a unifietDF framework allows us to
meaningfully combine scores on several orthogonal dinogssio
provide a single result, as we will show experimentally it 4.
We first give a brief overview of our query model (Section 2.1)
we then present ouDF-based scoring strategies for each dimen-
sions: content (Section 2.2), metadata (Section 2.3), aindtsre
(Section 2.4). Finally, we show how we aggregate scoressacro
dimension in Section 2.5.

2.1 Query model

To perform multi-dimensional queries, we need a query laggu
that can express metadata and structure conditions iniauldd
content searches. To this end, we use a simplified version of
XQuery [25] as our query language. For instance, the quary fo
Example 1 would be expressed as follows:

FOR $i in /File[FileSysMetadatalFil eDate
= '03/21/07"]
FOR $j IN /File[ContentSumrary/Wrdlnfo/ Term
= 'proposal’
AND Cont ent Sunmar y/ Wor dl nf o/ Term
= 'draft’]
FOR $m IN /Fil e[ Fi | eSysMet adat a/ Fi | eType
= ' pdf’]
WHERE $i/ @ilelD = $j/@ilelD
AND $i/@ilelD=3$m@ilelD

RETURN $i /fil eName

An answer to the query is a file that is relevant to one or more
of the query parameters. Internal flags are used to speciétheh

e We evaluated our scoring framework experimentally and showonly exact matches are allowed (filtering conditions), oetier

that ourDF-based scoring approach preserves the specificity
of each dimension and that our unified scoring framework ac-
curately captures multi-dimensional query flexibility. Ve

port on the impact of multi-dimensional scoring on the query

answers returned to the user and show that our techniques

result in good overall query performance.

The rest of the paper is organized as follows: in Section 2, we
present our multi-dimensional scoring framework. Sec8ode-
scribes the overall architecture of our system and the itgos we
use to aggregate scores and return the best answers to tiesque
We present our experimental results in Section 4. Finalty,ds-
cuss related work in Section 5 and conclude in Section 6.

2. A UNIFIED MULTI-DIMENSIONAL
SCORING FRAMEWORK

In this section, we present our unified framework for assigni
scores to files based on how closely they match individuatyque
dimension conditions. We distinguish three scoring dirn@rs

approximate matches are considered (ranking conditioisyp-
proximate matches are allowed, a score is assigned to eaci qu
parameter based on how close the match is to the conditi@tiex
matches for filtering conditions have a score of 1).

In the rest of this section, we discuss our scoring strasefgie
approximating query matches in each dimension.

2.2 Scoring Content

We use standard indexing structures and scoring mechanisms
from the IR literature [24] for query conditions involvingxt.
Specifically, we have implemented inverted indices for tidgimg
files containing query terms and us&R- IDF scoring strategy for
scoring text conditions, as described below.

DEFINITION1 (CONTENTTF.IDF SCORE OF AFILE). For
a given keyword queryy, consisting of the terms, to,
the content score of a filE, with respect ta is computed as:

it

i (UDF, - TF, r)

VI

SCOTGContent(Q7 F) =
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Figure 1: Fragments of the indexing DAGs for (a) file type (exénsion) metadata, and (b) file date metadata. Solid lines regsent
parent-child relationships. Dotted lines represent ancasr-descendant relationships, with intermediate nodes mnmoved for simplicity
of presentation.

with file counts of its descendant leaves. Note that the counttaiagd

N at each internal node is thus guaranteed to be greater thequat

TFi.r =1+ log(Ft) IDF; = log(1 + M) to the count at any of its children. Similarly, in the DAG folefi

dates, individual timestamps are represented at the |eff level

and internal nodes represent larger time periods spannisg trep-

resented by their descendants. A similar DAG is built to espnt
file sizes.

where| F'| is the total number of terms in the filg; is the number
of times the termt appears in fileF’, N; is the number of files
containing the termt, and NV is the total number of files.

Note that to stay consistent with traditional IR system,liis t

dimension we consider tHEF score of a match as well as IiSF 2.3.2 Scorlng Metadata Relaxations

score. This stays in the spirit of our overHliIF-based framework, As mentioned, the metadata DAG indexes are used for scoring.
as theTF score is only used to give additional weight information Our IDF-based framework requires the score of a file to depend
on the quality of the matches. on how many files match a given relaxation of a query condition

. Given a specific metadata condition, the path from the magchi
2.3 Scoring Metadata leaf to the root of the DAG index for a metadata type represent

Dataspaces and personal information systems allow forttihe s all of the approximations that we can score for that conditigor
age of metadata information alongside files. Such metadata m instance, the query conditiofi | eType="pdf’ in Example 1
include file sizes, file owners, and various file timestampg.{(e =~ would exactly match the leapdf in the DAG example of Fig-

date created and date last modified). File extensions carhals ure 1(a). The leaf’s ancestor nod@gcumentsandAll Files, rep-
at the corresponding file types. Users often want to enhdreie t  resent approximate matches.
query with metadata conditions (e.g., file was accessedviesk, Continuing the example, oUbDF-based scoring approach then
file is a pdf document), but may not accurately remember taetex ~ scores matching files as follows. Files of typelf would have
metadata values for which they are looking. Thereforewalig the highest score as they are exact matches to the querytioondi
for some approximation in metadata conditions is desirable Files of typeDocument other than typepdf, e.g.,.docandCode

In this section we discuss our scoring strategies for megada ~ would be assigned a lower score. Finally, files of tyjeFiles,
formation. We develop the conceptmtadata relaxatiomo score other than typeDocument which would consist of all remaining
and retrieve approximate matches to metadata query consliti files in the system, would be assigned yet a lower score. Titer la

. . two assigned scores are for the two approximations of theyque

2.3.1 DAG Representation of Metadata Relaxations ¢ondition as they are assigned to files that do not match taeyqu

We use a DAG indexing structure to support the scoring okrela  condition exactly.
ations on metadata conditions. In particular, we consauoAG-
based index for each type of searchable metadata to suppbrt b DEFINITION 2 (METADATA CONDITION SCORE OF AFILE).
the retrieval and the scoring of results. In these indexessiple For a given metadata query), consisting of a target value, for
metadata values that files can have are stored in the leatbe of & Metadata conditiod, the metadata score of a file, with corre-
DAG. Internal nodes of the DAG then represents progressiare h ~ SPonding metadata value-, with respect ta) is computed as:
archical generalizations of their children.

For example, Figure 1 represents (subgraphs of) the DAGs as- log( ‘fﬂeDesc(mei‘;nAM(u vF))\)
sociated with file types (Figure 1(a)) and file dates (Figui®)1 scoreretapata(Q, F,C) = Toa (N 2
For the file type DAG, each leaf represents a specific file tepe ( 0g(N)
.docand.pdf) and contains a count as well as references to all fles  whereN is the total number of filegpmmon Anc(zx, y) returns
of that type. Each internal node represents a more gener&y/fie the closest common ancestor of nodeand y, and file Desc(x)
that is a union of the types of its children (eldediais the union of returns the files that can be reached through the descendznts
Videq Image andMusictypes) and thus a relaxation of its descen- nodez in the metadata DAG. The score is normalized dy( V)
dants. Correspondingly, each internal node contains timec$the so that a single perfect match would have the highest p@ssiare




of 1. The most relaxed matches to the conditiowill have a score
of 0 as their closest common ancestor with is the root node of
the DAG which contains alN files as its descendants.

Intuitively, we find the closest common ancestorvgf andvg
in the metadata DAG, and count the number of files that can be
reached through descendants of this common ancestor. gherhi
this number is, the lower the score Bffor Q will be as many other
files share the same level of approximation wiltas F.

2.3.3 Aggregating Metadata Scores

For queries involving multiple metadata conditions (eogr, ex-
ample query, with a condition on date and a condition on file}y
the individual condition scores have to be aggregated tdym® a
unified metadata score.

We aggregate individual metadata scores by considerirgthet
query and the document as vectors of dimensipwheren is the
number of individual metadata conditio, ..., C. The docu-
ment vectoVr consists of the individualcore yreta Data (@, F, Cs)
(1 < i < n). The query vectoii/?Q has value 1 (exact match) for
each dimension. The unified metadata score is then the riaedal
length of the projection of the document vector on the quetar.

DEFINITION 3 (METADATA SCORE OF AFILE). For agiven
metadata query) with corresponding query vectde, consist-
ing of several metadata value conditio@s, ..., C,,, the metadata
score of a fileF" with corresponding document vectB, with re-
spect toQ is computed as:

Vol
Note that if only one metadata conditid@r is present inQ, then
scoremetaData(@, F) = scorenetapata(Q, F, C).

scorepetapata(Q, F) =

2.4 Scoring Structure

Most users typically organize their files into a hierarchdieec-
tory structure for navigation. In addition, the structui¢hin a doc-
ument can be seen as an extension of the directory pathistuct
and used for more complex query searches [12]. Howeversuser
are notoriously bad at remembering where they stored acpéati
file or how the files are structured [11]. When a user searabres f
file using structure information such as directory pathiinfation,
the query is likely to be incorrect, as users often confusmigr
remember the order of the directories, their relationshipgheir
labels. However, it is common that users do correctly reme@mb
some portion of the path whether it be a prefix or several {poss
bly non-consecutive and out-of-order) directory nameseré&fore,
allowing for a method of approximation that leverages anyexx
information in an otherwise incorrect (when taken as a whodth
is desirable.

In this section we discuss our scoring strategies for thecstr
ture information of files. While our main focus is on diregt@ath
structure, our structure scoring techniques could easilgdapted
for structural information within a document. Our struetscoring
strategy is based on work on XML structural query relaxatifs
5, 4]; as described below, we introduce new types of stratter
laxations to handle the specific needs of user searches isarzé
information management system.

2.4.1 Notations

We first introduce a few notations that we use to define relax-
ations of directory structure query conditions.

e Directory Tree: A directory treeD is a hierarchical repre-
sentation of a navigational directory structure, rootethat
top of the directory hierarchy, and where each directory is a
node in the tree.

Path Node: Given a directory treé), a path nodeV is ei-
ther: (a) a single directory with a given lalde(b) the root of
the directory tree, or (c) a wildcard directory (i.e., a dimry
with any possible label) noted

Path Query: A path queryP is a simple non-cyclic path
where each node in the path is either a path node or a node
group (see below) and each edgeriis either a parent-child
edge () or an ancestor-descendant edgg)(

For example, root/a//b, root//a/b//(c/d), and
root//a/b// are path queries. For simplicity, we consider
/a//b, //a/b//(c/d), and //a/b//+ to be equivalent to
;r.ooilf/a//b, root//a/b//(c/d) androot//a/b//x respec-
ively.

Node Group: To represent possible permutations in path
queries, we introduce the notion of node groups. A node
group is a simple non-cyclic path where all nodes are (la-
beled) nodes and each edge in the path is either a parent-
child edge or an ancestor-descendant edge. The placement of
edges is fixed within the group, however the (labeled) nodes
may permute. Thextensiorof a node group: is the set of

all path queries that are containechiand do not contain any
node groups. Note that by definition the root node is always
at the head of a path query and a wildcard node is always
at the tail of a path query. Thus, theot node and* node

are not allowed in a node group. Any other definitions or
relaxation rules should always keep this property.

For example(a/b) is a node group, which corresponds to
the extension set containing’b andb/a, and(a//b/c) is a
node group, which corresponds to the extension set contain-

inga//b/c,a//c/b,b//ajc,b//c/a, c//a/bandc//b/a.

The set of exact answers to a path queris the set of files that
can be reached through the path(s) define®jn.e., P and any
extensions of?. The set of all answers tB is the set of files that
can be reached through path(s) define®iar in a relaxation of?
as defined below.

2.4.2 Structure Relaxations

We consider four different relaxation operations to dewye
proximations of structural query conditions. While ourasedtions
are inspired from the work on XML structural relaxation [3,54,
our needs differ from work on approximate XML queries in two
significant ways:

e We consider path queries instead of twig queries. As such,
we do not need specific twig relaxations such as subtree pro-
motion [3]. In contrast, we need to be able to delete or ex-
tend any directory node contained within the path query to
include any files included in the directory subtree rooted at
the directory node.

Permutations of nodes within a path query is very common in
file search scenarios. For this purpose, we introduce the nod
inversion operation, as well as the node group notation.tMos
work on XML query relaxation have ignored node inversion,
although they may be able to simulate some node inversion
cases with relaxed twig query patterns [4, 5].



As in [4, 5], we require that answers to a path quérpe con-
tained in the set of answers to a relaxationfofo ensure mono-
tonicity of scores when relaxing a query (since scores d®oen
the number of files that are answers to the path query). We con-
sider the following four structural relaxation operations

e Edge Generalizationis used to relax a parent-child edge to

P, the most general relaxation jg* and //+ matches any path in
the directory tree.

Note that path extensions and node inversions were nota:onsi
ered in [4, 5]. In particular, node inversions significarthympli-
cate and increase the number of possible query relaxatiahsea
quire the introduction of the node group notation (Sectighl) to
represent path permutations.

an ancestor-descendant edge. It can be used in a path query

or a node group.

Path Extensionis used to extend a path queR/that does
not end in// to P//+ so that all files within the directory
subtree rooted aP can be considered as answers. Answers
to paths that do not end ify+ only return files that are lo-
cated in the exact directory rooted”afand at the extensions
of P).

Node Deletionis used to drop a node from a path query.
Node deletion can be applied to any path query or node group
but cannot be used to delete tle®t node or thex node.

— To delete a node in a path queny:

x If nis aleaf nodepn is dropped fromP andP — n
is extended with//«. This is to ensure contain-
ment of the exact answers 1 in the set of an-
swers toP’, and monotonicity of scores.
x If n is an internal nodey is dropped fromP and
parent(n) andchild(n) are connected i with
/]
For example, deleting node from a/b/c results in
a/b//+ becauses/b//« is the most specific relaxed
path query containing/b/c that does not contain.
Similarly, deletingcfroma/c/b//« resultsina//b/ /.

To delete a node that is within a node groupV in a
path queryP, the following steps are required to ensure
answer containment and monotonicity of scores:

x n and one of its adjacent edge M are dropped
from N. Every edge withirlV becomes an ancestor-
descendant edge. #f is the only node left inV,

N is replaced by that node iR.

x Within P the surrounding edges of are replaced
by ancestor-descendant edges.

x If N is a leaf node group, the result query is ex-
tended with/ /.

For example, deleting nodein z/(a/b//c/d)/y re-
sultsinz//(b//c//d)//y because the extension set of
z/(a/b//c/d)/y contains 24 path queries, which in-
cludexz/a/b//c/d/y andx/b/c//d/a/y; after delet-
ing nodea, these two path queries becomg/b//c/d/y
andz/b/c//d//y. Thereforex//(b//c//d)//y is the
only most specific path query which contains the com-
plete extension set and does not contain

e Node Inversionis used to permute nodes within a path query
P. Permutations can be applied to any adjacent nodes or
node groups except for theot and x nodes. A permuta-
tion combines adjacent nodes, or node groups, into a single
node group while preserving the relative order of edges in
P. For example, applying node inversion to nodeandb in

x/a/bly//* results inc/(a/b)/y//*.

Our relaxation operations can be composed to provide iserea
ingly relaxed versions of the original path query. For arthgpiery

2.4.3 DAG Representation of Structure Relaxations

As proposed in [4], we use a DAG to represent all possiblestru
tural relaxation of a path query condition. The DAG struetis
used not only to compute and store score information butfalso
query processing, as it allows us to incrementally accesgas-
ingly relaxed answers during query processing (SectionF3y-
ure 2 shows an example relaxation DAG, along with exanipke
scores (see Section 2.4.4 for details), for the structuegygcondi-
tion Personal/Ebooks/JackLondomhis DAG is rooted at the exact
query condition itself, with each non-root node represena re-
laxed form of the exact query condition. Note that thisucture
DAG is a representation of the query and all possible reléoeds
of that query given the above relaxation operations, rétiem an
index of data in the file system like the indexing metadata BAG
in Figure 1. Matches for the exact queB/E/J have a score of
1, while matches to increasingly relaxed versions of theguees
we go down the DAG, have lower scores, with matches to the most
general relaxation aP/E/J: //+ having a score of 0.

We present Algorithm 1 to build the DAG in a top-down fashion
given a path query’. The DAG creation algorithm starts by cre-
ating a node containing the exact path quérand incrementally
applies simple relaxation steps to create new DAG nodegjinter
identical DAG nodes on the fly.

Algorithm 1 buildPQDAG Function

function buildPQD AG(currentD AGN ode)
begin
P = getQuery(current DAGNode)
for each edge in P do
if isParentChildEdge(e) then
newDAGNode = get DAG N ode(edgeGeneralize(e, P))
{getDAGNode checks if a DAG node containidgwith the edge
generalization exists, and creates such a DAG node if it does
end if
end for
for each node or node groupin P do
if notisWildcardNode(n) and parent(n) existsand
notisRootNode(parent(n)) then
newDAGNode =
getDAG N ode(invertNode(n, parent(n), P))
end if
end for
for each node or node groupin P do
if requireNodeDeletion(n) then
if isNode(n) then
newDAGNode = get DAG N ode(nodeDeletion(n, P))
else
{n is a node group.}
for each noden in n do
newDAGNode =
getDAG N ode(nodeDeletion(m, P))
end for
end if
end if
end for
end

To ensure the relaxation is done incrementally, we creagslga
from a DAG nodeP to a more relaxed DAG nodg” if and only



Legend

P — Personal

E — Ebooks

J — JackLondon

1df=0.798

1df=0.445

Figure 2: The structure DAG for the structural query conditi on Personal/Ebooks/JackLondon. Solid lines represent parent-child
relationships. Dotted lines represent ancestor-descendarelationships, with intermediate nodes removed for simficity of presenta-

tion.

if there is no DAG nodeP” such thatP” is a relaxed query of
P and P’ is a relaxed query of”. To achieve this, Algorithm 1
always applies edge generalization, path extension, athe inger-
sion first when possible. Node deletion is only applied when n
other relaxation is possible anymore.

The functionrequire Node Deletion(n) checks whether a node
deletion relaxation needs to be applied. Node deletion li ao+
plied on a path node: if its surrounding edges are ancestor-
descendant edges. sifis a node contained in a node group, node
deletion is only applied if all surrounding and internal ed@f the
node group are ancestor-descendant edges.

2.4.4 Scoring Structural Relaxations

To score files based on approximate structural conditiorsjse
an adaptation ofDF to structure relation that is similar to the one
presented in [4].

DEFINITION 4 (STRUCTURAL IDF OF A PATH QUERY). For
a path queryP and a directory treeD, the IDF score of any fil¢
in D that is a valid answer td® is computed as:

log(t7p )
log(N)

whereN is the total number of files i and F'(D, P) is the set of
all files that can be reached through and its extensions in D.

IDFp(P, f) =

Figure 2 shows an instance of the normalitB& scores corre-
sponding to each DAG node path query relaxation for an exampl
data instance. All files that match the same specific pathxrela
ations have the same structui2F score. Note that in Figure 2
path queries?/E/J, P//E/J, andP//E//J have exactly same

IDF scores. This occurs because the number of files that can be

reached through them and their extensions in D are the sagefe (D
inition 4). Because answers to a path quérare contained in the
set of answers to any relaxation 8% this implies thatP/E/.J,

relaxations do not result in more approximate matches. ditger-
vation is useful for our query processing algorithm (Seato2),

as we can use this information to “skip" some DAG nodes while
traversing the DAG.

DEFINITIONS5 (STRUCTURESCORE OF AFILE). Foragiven
structure quenyQ, the structure score of a fil¢, with respect taQ
is computed as:

scoresiructure(Q, f) = rr}aa,x{IDFD(p’7 HIf € F(D, P}

whereP’ is any path query that is a relaxation ¢fand F(D, P")
is the set of all files that can be reached throughand its exten-
sions inD.

2.5 Aggregating Multi-dimensional Scores

A strength of our scoring framework is that all dimensions ar
scored using a similalDF metric, which takes into account the
number of files that match a particular query condition (daxe
ation of that condition). This unified framework allows usitean-
ingfully aggregate scores across different query dimenssio

The individual dimension scores are aggregated to prodheci-t
nal score of a file for a query. We use a vector projection feraty
gregation of multi-dimension scores, similar to the one wedfor
aggregating individual metadata condition scores (Se@ig.3).
We build a 3-dimension file vectdr}, which consists of the (nor-
malized) three dimension (content, metadata, and stejcsapres.
For a query@ and a fileF', we have:

Vi = (scorecontent(Q, F), scoremetanata(Q, F),
scorestructure(Q7 F))

The query vectoiVZ) has value 1 (exact match) for each dimen-
sion. The file multi-dimensional score is the normalizedytérof

P//E/J, andP//E//J have the same set of answers, i.e., these the projection of the document vector on the query vector.



DEFINITION 6 (QUERY SCORE OF AFILE). Foragiven query,
Q@ with corresponding query vectdry, the score of a fileF” with

corresponding document vectb, with respect ta is computed
as:

Note that our aggregation assigns the same importance o eac
dimension in the query. We could easily incorporate weights
our aggregation function to give more importance to one oremo
dimension.

3. IMPLEMENTATION

To experimentally evaluate our approach, we have impleeagent
the above multi-dimensional scoring framework in the Waygin
file system [20]. We have also implemented a toguery process-
ing algorithm to efficiently find the top relevant results using our
scoring framework. This section briefly describes our immata-
tion.

3.1 Indexing Structures

We choose Wayfinder as the hosting platform for an implementa
tion of our scoring framework mostly based on convenience.
Wayfinder is a user-level file system, which makes it signifiga
easier to modify. In addition, Wayfinder already implemeats

our scenario, this would lead to scoring and ranking evenglsi
file in the system for each query. Several fopuery processing
technigues have been proposed in the Database commungy in r
cent years. We decided to use an existing and popular digofar
evaluating topt answer: the Threshold Algorithm (TA) [14].

The focus of the current paper is on scoring strategies. Due t
lack of space, we will not detail our implementation of quepr
timization strategies (although we report on experimeptafor-
mance results in Section 4.6). However, we have implemesgied
cific optimizations to the TA algorithm for our scenario, aslvas
efficient index traversal techniques to help speed up quezgLe
tion. In particular, as observed in [4] for the XML scenaribe
size of structure relaxation DAGs is exponential to the sizthe
structure query. To avoid materializing large DAGSs, we havele-
mented a lazy traversal of the DAG which only materializessth
nodes that are needed during query processing. We plan dd rep
on these optimizations and their impact on query performanc
future work.

4. EXPERIMENTAL EVALUATION

We now experimentally validate ollDF-based scoring approach
and evaluate the potential for the corresponding multiedisional
fuzzy search approach to improve relevance ranking. Weralso
port on query performance to show that multi-dimensionatce
is practical to use.

TF - IDF-based content search engine (along with the necessary4.1 EXperimental Setting

indexes).

In this work, we have extended Wayfinder to include the follow
ing set of data tables and inverted indexes to support treepsing
of query conditions in the metadata and structural dimenssio

Metadata:

e A metadata table, where each row contains the typical meta

data, e.g., owner, size, date of creation, etc., for eaclinfile
the system. (In current file systems, this information is-typ
cally dispersed throughout the file system, making it difficu
to find files that match specific metadata query conditions.)

Five indexes of the metadata table to support efficient bearc
on the size, type, date-of-creation, last-modified-timed a
last-accessed time attributes. Each of these index camesp

to a DAG indexing structure similar to the ones presented for
file type and file date in Section 2.3.

Structural:

e Two name-binding tables to hold “parent directory chil-
dren” and “child— parent directory” bindings.

e An inverted index that maps terms to full directory path-
names that contain these terms for quickly finding directo-
ries that match a structural query conditions and its relaxe
forms.

Wayfinder is written in Java. Tables and indexes are pendigte
stored using the Berkeley DB [21]. Search queries are spdcifi
using a small subset of the XQuery language (Section 2.1).

3.2 Query Processing
Our query model (Section 2.1) supports ranked retrievanef a

Platform. All experiments were performed using the Wayfinder
file system. Experiments were run on a PC with a 64-bit hyper-
threaded 2.8 GHz Intel Xeon processor, 2 GB of memory, and a
10K RPM 70 GB SCSiI disk, running the Linux 2.6.16 kernel and
Sun’s Java 1.4.2 JVM.

Data Set. As noted in [12], there is a lack of synthetic data sets
and benchmarks to evaluate search over personal infonmmagm-
agement systems; therefore we used a real user data setisednpr
of (a representative subset of) files and directories froemvtbrk-

ing environment of one of the authors. This data set contiaine
24,926 files in 2,338 directories. 24% of this data set werkimu
media files (e.g., music and pictures), 17% document files, (e.
pdf, text, and MS Office), 14% email messades)d 12% source
code files. The average directory depth was 3.4 with the kinge
being 9. On average, directories contained 11.6 sub-ditiest
and files, with the largest—a folder containing emails—aarinhg
1013. Wayfinder extracted 347,448 unique stemmed contensfe
File modification dates spanned 10 years. 75% of the files were
smaller than 177 Kbytes, and 95% of the files were smaller than
4.1 MBytes.

4.2 Behaviors of Scoring Functions

We start by studying the behaviors of our scoring functidtig-
ure 3 plots the scores of all relevant files as a function ofr the
ranking for three 1-dimensional queries targeting thréerint di-
mensions as follows. Figure 3(a) plots the normalized sctoe
four content queries that contain from one to seven keywdfds
each query, the scores of matching files were normalizedsithie
highest score since content scoring is based@feriDF as opposed
to justIDF. Figure 3(b) plots the scores for three structure queries.
The first query is a standard path query that corresponds &bha p
that exists in the directory tree (of the foriarb/c/d), the second is

swers based on how closely they match a query. Numerous work *Email messages are stored in the Maildir format in which each

on top+« query processing has shown that evaluating all possible
matches to return thie best answers is prohibitively expensive. In

emalil is stored in a separate file.
2Content was extracted from MP3 music files using their ID3tag
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Figure 3: Relevance score plotted as a function of ranking fo(a) four content queries (b) three structure queries, and ¢) three size

metadata queries

the original path query after deleting a noda/l/d), and the third
is the original path query after permuting two nodésl{/d/g. We
choose these queries to exhibit common user mistakes igigger
structure. Finally, Figure 3(c) plots the scores for threstadata
queries for three different file sizes.

First and foremost, we observe that all scoring functiongeha
similar behaviors. In all cases, the relevance scores rooiuatly
decrease (by design) as files become less similar to the qapdy-
tions. Most critically, all scoring functions allow a largember of
files that do not exactly match the query conditions to beestand
ranked, providing the desired flexibility over filtering. ihs par-
ticularly important when a query condition such asam-existing
directory is provided in the query; in such cases, filterirgild not
consider any file in the system as being relevant to the query.

On the other hand, there are several interesting diffeebee
tween the scoring function for content and the scoring fonstfor
the other dimensions. In particular, the scoring functifamsstruc-
ture and metadata (Figures 3(b-c)) are noticeably plasbaped
because of our DAG-based approach to computing IDF. In this a
proach, each relaxation step is likely to bring a set of fitext aire
deemed to be equally similar to the query condition. Forainse,
in Figure 3(c), each plateau corresponds to a discreteatidexin-
terval to which a range of file sizes has been mapped.

Plateaus in the scoring function, where many files are asdign
the same score, can make a query dimension less useful kingan
For metadata, we can arbitrarily smooth the scoring functie
long as files do not have exactly the same attributes (e.me sa
size) by considering increasingly smaller relaxationnvaés. In
contrast, this is not possible to do for structure, as thaxeglon
intervals are defined by the matching directories and thebeumof
files inside each directory, which is under user control.efdsan
aid the search engine by using sparser directory strucjures

The content scoring function also differ from the other two i
its sharp drop from the top several ranked results to the-10@th
ranked results and its non-zero scoring of a much smallesetds
the files in the system. These differences do not seem funttaime

4.3 Scores and Rankings for Approximate An-
swers

We now show how scoring (and the corresponding ranking}is af
fected by inaccurate query conditions. For this purpose;hve®se
a target file that is an exact match for the query conditiores judr-
ticular query, resulting in a high score and rank. We thenifgod
the target file so that it is progressively farther away frovaquery
conditions; that is, the file will only match increasinglyaed ap-
proximations of the query conditions. While relaxing theyt file,
we alter several other files as needed to ensure that anyl gtakia-
tics used in scoring computations are kept constant. Ttgares
that scores for files unrelated to our relaxation processunad-
fected, providing a stable background for interpretingghanging
score (and rank) of the target file.

Figures 4(a-b) and (d-e) plot the score and rank, respégtve
the target file for two representative 2-dimensional queciever-
ing the four dimensions of content, structure, size metgdatd
(last modified) date metadata. In the content dimension,ahaxr
the file by progressively removing occurrences of the querynt
from within the file. In the structure dimension, we relax fhe
by progressively moving the file up the directory tree (repre-
ing simple relaxations steps) from its original location.the size
metadata dimension, we relax the file by progressively deing
its size (we also relax in the opposite direction but do not e re-
sults because they are not significantly different). In thieedneta-
data dimension, we relax the file by progressively movinglite
backward from the query condition.

It should be noted that in Figure 4, the target file is not thig on
exact match to the query condition in the structure, sizd, date
dimensions, leading to a relevance score of less than 1 im&fac
these dimensions even before relaxation of the file. Alsetan
get file is not returned as the top result to the content-onbry
leaving again a score of less then 1. This arises from thetiatt
our data set has several small files that contain a subses qtigry
terms. As ouiTF - IDF scores are normalized by file lengths, these
smaller files achieve higher scores than the target file, lwlsi@a

however. For example, if we choose a set of content terms that noye| containing over 100,000 terms.

appear in most files, then the content scoring function wokidy
look more like the other two.

Thus, despite the differences, we conclude that the datégin F
ure 3 makes a strong case for combining relevance scoresoirom
thogonal query dimensions using our framework as it placese
dimensions into a common setting to be compared. The diftae
mentioned likely provide opportunities to explore more @tex
score aggregation approaches. We leave such exploratfotuas
work.

Figures 4(a-b) show that the combined scoring functionsafor
multi-dimensional query behave as expected; that is, theygove
the trends of the 1-dimensional scoring functions, de@ngass the
file is relaxed away from the query conditions in either disien;
we plot the score and rank of the target file as it is relaxedhaga
1-dimensional content and structure queries in Figuresat(d (f)
for comparison purposes. Although the results are not shmxe,
scoring for 3-dimensional queries also display similarawébrs.

More interestingly, we observe that providing query caindi
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for other dimensions in addition to content, even when togiged
query values are somewhat inaccurate, can significantlyawnep
ranking accuracy. For example, when the target file contaihs5
of the 7 terms (-2t) in the content query, its rank drops taadb0
(Figure 4(c)). When we provide an approximate structuralesa
the parent directory of the directory containing the tafget the
ranking jumps to close to 10 (Figure 4(d)). Similarly, if wepide
information on the file's size and date, even when the siz&io8
and the date is incorrect by 1 month, the target file is ranidi 3
(Figure 4(e)). Interestingly, sometimes inaccurate queenditions
on one dimension do not affect ranking, as is shown in (Fig(e®
where a slight approximation in the query condition of onmaeti-
sion, provided the other dimension is exact, still resuita rank of
1 since few exact matches to each individual dimension @xisie
data set.

Of course, providing incorrect query values can hurt ragkis
well. For example, providing an ancestor directory two laye
pulls the rank of the target file down to around 100, even when
the file contains all 7 query terms in the content dimensioeeK
in mind, however, that providing incorrect non-content ryueal-
ues to current filtering approaches may prevent the targefrfim

ditions in non-content dimensions has the potential toieamtly
improve scoring (and thus ranking) accuracy. In this sactive
explore this latter potential and compare our approachhagaur-
rent filtering approaches in more detail.

In this study, we initially construct a content-only quemyeinded
to retrieve a specific target file and then expand this quesgcal
several other dimensions. We start with a base contenteurdyy
because content-only queries are the standard searcfaggen
many real world systems. For each query, we consider theéngnk
of the target file by our approach together with whether tihgeta
file would be ranked at all by today’s typical filtering appcbas
on non-content query conditions.

Table 1 summarizes the results of our study. The target fiteeis
novel Sea Wolf by Jack London and the set of query contentsterm
C, in our initial content-only query, Q1, contains the fournis
seg wolf, jack, andlondon While the query is quite reasonable, the
terms are generic enough that they appear in many filesnigaali
a ranking of 49 for the target file. Query Q2 augments Q1 wi¢h th
exact matching values for file type, date, and containingodary.
This brings the rank of the target file to 1. Of course, thisiltes
by itself is not meaningful because it is unlikely that themuwill

being ranked at all. Thus, in these cases, our approach ntay noremember the file attributes with such precision.
In the remainder of the table, we explore what happens when we

improve on the current filtering approaches (users typiaidl not
look at returned results beyond some top K ranked items)stub i
worse than filtering.

4.4 Impact of Flexible Multi-Dimensional

Search
In the last section, we have shown the general trends of multi
dimensional scoring to validate that our combined scorimgfion
behaves as desired. We also argued that providing fuzzy goer

modify the query in two different ways for the non-contermén-
sions: (1) instead of the precise correct value we providenge
around the precise value, and (2) we provide an incorrecieval

We do not consider incorrect ranges, that is, a range that nioe
include the value of the target file, because the resultsmitasto
incorrect values; filtering would not rank the target file anaur

approach, while the scores change, the ranking does nogehan

significantly.

Rank

Rank



Query Evaluation Results
Query Conditions Ranked With Comments on Relaxation

Query | Content  Type Date Structure | Rank Filtering from Query Q1

Q1 C - - - 49 Y Base Query

Q2 C txt 26 Feb 07 16:08 /p/e/n/j 1 Y Correct Values (all dim.)

Q3 C Ixt - - 6 Y Correct Value

Q4 C .pdf - - 1026 N Incorrect Value

Q5 C .doc - - 45 N Incorrect Value

Q6 C Docs. - - 21 Y Relaxed Range

Q7 C 26 Feb 07 - 5 Y Relaxed Range (Day)

Q8 C - 25-28 Feb 07 - 5 Y Relaxed Range (Week of month)

Q9 C - Feb 07 - 7 Y Relaxed Range (Month)

Q10 C - 27 Feb 07 16:08 - 9 N Incorrect Value (off by 1 day)

Q11 C - 19 Feb 07 16:08 - 14 N Incorrect Value (off by 1 week)

Q12 C - 26 Mar 07 16:08 - 150 N Incorrect Value (off by 1 month),

Q13 C - - /p/e/n/j 3 Y Correct Path

Q14 C - - /p/e 13 Y Prefix of Correct Path

Q15 C - - /ile 3 N Incorrect Order/Correct Nameg

Q16 C - - /p/e/n/h 11 N Incorrect Path

Q17 C Docs. Feb 07 /p/e/n 3 Y Relaxed Range (all Dim.)

Q18 C .pdf 19 Feb 07 16:08 - 36 N Incorrect Values

Q19 C .pdf 19 Feb 07 16:08 /j/e 2 N Incorrect Values (all Dim.)

Table 1: The rank of a target file—the novel Sea Wolf by Jack Lomon—returned by a set of related queries. The queried di-
mensions includeContent, Type (Metadata), Date (Metadata), and Structural. The initial content query Q1 provides the setC'
containing the 4 query terms {ack, london, sea, wolf}. Structural values are abbreviated. The complete path of ar target file is
/Personal/Ebooks/Novelg/JackLondon/. The column Ranked by Filtering indicates whether the targe file would be considered as a

relevant answer given today’s typical filtering approach.

The results are quite promising. For example, in query QU&, |
getting a couple of components correct in the directory rame
note that the components are given in an incorrect ordemgbri
the ranking up to 3. Providing an incorrect directory thairels a
common prefix with the correct directory brings the rankiod.1
(query Q16). In contrast, if such directories were given ksrfi
ing conditions, the target file would be considered irreh¢va the
query and not ranked at all!

Similar results can be seen for most other queries markdd wit
an N for theRanked with Filtering column. Two exceptions in-
clude queries Q4 and Q12. In these queries, the incorraptsdor
the other dimensions reduce the ranking of the target filaitiat
achievable with only content. For query Q4, this decrease#-r
ing is because there are many pdf documents that achievéderhig
metadata score than the target file. Similarly, for query @i2ny
files with dates closer to the query condition achieve higheta-
data scores. Given that the ranking in these two cases a6eat@P
150, our approach is not meaningfully different from filteyisince
users are unlikely to look that far down a ranking list.

Using ranges also give promising results although our amro
is unlikely to outperform filtering (when the matching valoiethe
file attribute is included in the range so that the file is noerféd).
Intuitively, however, we believe it is easier to provide gpeXx-
imate query condition and allowing the search engine to @hk
files based on their similarity to the condition than it is teegs at
the correct filtering range, which may require overfittingrmreas-
ing the range in several query iterations.

4.5 Impact of Multi-dimensional Scoring on

Results

To complement the last section, where we studied the rarding
a single target file with respect to a set of related querieshaw
consider the impact of our scoring approach on the entirefset
top- files returned in answer to a query. Specifically, we compare
the query results for several multi-dimensional querieth whose
of a content-only query. To measure the impact of our techesg
we use theminimized Spearman’s rhas described in [13]. The
standard Spearman’s rhp)(measures the distance betwéeand
l2, two permutations of the same list. The minimized Spearman’
rho (pmin) IS an adaptation of the standard Spearman’s rho tdtop-
lists, which may not overlap. We normalize the minimized &pe
man’s rho between -1 and 1, where a score of -1 means that®bjec
in the two topk lists are disjoint, and a score of 1 means the two
lists are identical:

6% > d?

kE(k+1)(2k+1)

wherek is the number of results returned; is the difference
in rank between each object that appears iar I2; an object that
does not appear in one of the list is considered to have a rnk o
k + 1 inthat list.

Figure 5 shows the.,., values for various multi-dimensional
queries as a function df. We use two different queries, A and B,
to which we add dimension conditions. For Query B we see that

=1

Pmin

Based on the above results, we conclude that our approach ofthe addition of either metadata or structure conditionsdrdyg a

providing flexible query conditions for non-content seadatnen-
sions has the potential to considerably improve searchracgu
over current filtering approaches. We intend to validats fio-
tential in more extensive user studies in future work.

slight effect on the overall results (indicated by the resipe lines
staying above 0.5). The combination of both, however, tesal
significant changes to the set of results. In contrast, far@é
the addition of the metadata dimension provides us with arspe
man score ranging from 1.0 to -0.4 indicating that as we as®zk
the results change significantly. This indicates that the&éles
relevant to the content condition of the query and the mata-d
condition are quite different. The addition of the struatwondi-
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Figure 5: pmin value for various multi-dimensional queries as
a function of k.

Total Query Time (ms)
Query Dimensions Index
In-Memory  Persistent

Content 68.29 224.05
Structure 75.85 466.11
Size 17.43 70.33
Date 18.31 80.53
Content and Size 261.81 1329.66
Date and Size 206.17 2194.17|
Structure and Size 689.15 1875.08
Content and Structure 383.93 1115.25
Content, Structure and Size 1099.44 2887.83
Content, Structure. Size and Dafe  2078.78 6221.49

Table 2: Query performance for various single- and multi-
dimensional queries for both in-memory indexes and persignt
indexes.

tion lessens this trend.
Our results show that the multi-dimensional scoring moslitie
top-k results with the impact being the most visible for smallér va

The increases in time between the in-memory and persistent i
dex stems from the need to read data from the Berkley database
We have implemented several simple caching mechanismaiie mi
mize these accesses. We believe, however, significant ijoyitoes
for optimization remain.

The difference in times between one dimension and the multi-
dimensional searches is largely due to the overhead o tom-
cessing. While it may be cheap to access the top results fogkes
dimension using sorted indexes, a multi-dimensional searay
require to access (via more expensive random accesseshhfiles
have low scores in one or more dimensions.

We are currently investigating various methods to further i
prove performance as future work. Among these are more ag-
gressive caching techniques to further minimize accesiskp ad-
justments to our tog: algorithm that will reduce it computational
cost, and probabilistic evaluation of the structural DAGIr @sults
show reasonable query response time. Given that these reeasu
ments were taken in an early, mostly unoptimized prototype,
believe our fuzzy multi-dimensional scoring approach icgical
for implementation in real systems.

5. RELATED WORK

Several works have focused on the user perspective of g@rson
information management [8, 19]. These works allow usersto o
ganize personal data semantically by creating assocsatietween
files or data entities and then leveraging these assocsatman-
hance search.

Other works [12, 26] address information management byqs-op
ing generic data models for heterogeneous and evolvingrirdo
tion. The works are aimed at providing users with generic and
flexible data models to accessing and storing informatiorobe
what is supported in traditional files system. Instead, veei$oon
querying information that is already present in the file sgst An
interesting future direction would be to include entity@sations
in our search and scoring framework.

Other file system related projects have tried to enhancettak q
ity of search within file system by leverage the context inahhin-
formation is accessed to find related information [22] or bgrang
the model of the file system to a more object-orientated datab

ues ofk. We have also shown that the degree of change is depen-system [7]. These differ from ours in that they attempt tcefev
dent on the conditions with which the query is extended. $et 0 age additional semantic information to locate relevans fidnile

conditions whose relevant files are similar will result imyéttle
movement, or introduction of new results, into the final fofiles.

4.6 Query Performance

our focus is in determining the most relevant piece of infation
based solely on a user-provided query.

Recently there has been a surge in projects attempting touap
Desktop search [23, 17]. These projects provide searctbiiies

While the focus of this paper is on a unified scoring framework over content and then employ other pieces of informatiom sisc

and its impact on query results, query performance is anitapb
aspect. We have implemented several kouery optimization
techniques to speed up query evaluation (Section 3.2). €t
niques ensure that the correct toanswers for a query, according
to our unified scoring framework, are returned to the user.

Table 2 shows the query performance of several single- afiit mu
dimensional top-200 queries using both completely in-mgnmo
dexes and persistent indexes. Recall that our persistdekés

were implemented using the Berkeley DB [21] via its Java API.

Each number reported is an average of 50 query evaluations.

Immediately noticeable are the larger times for both caraed
structure when compared to either size and date. The largerto
times result from our current unoptimized index design.cBssing
a query for each term currently requires the retrieval ofaéhtre
list of all files that contain that term. For structure, thekr times
result from constructing and evaluating the structural D&Gun
time.

size, date, or types as filtering conditions.

The INitiative for the Evaluation of XML retrieval (INEX) [8]
promotes new scoring methods and retrieval techniques fidic X
data. INEX provides a collection of documents as a testbed fo
various scoring methods in the same spirit as TREC was dasign
for keyword queries. While many methods have been propased i
INEX, they focus on content retrieval and typically use XMtus-
ture as a filtering condition. As a result, the INEX datasetd a
queries would need to be extended to account for structetal h
erogeneity. Therefore, they could not be used to validatescor-
ing methods. As part of the INEX effort, XIRQL [16] presents a
content-based XML retrieval query language based on a piiiba
tic approach. While XIRQL allows for some structural vagess
it only considers edge generalization, as well as some s#&nan
generalizations of the XML elements. Similarly, JuruXml] f@o-
vides a simple approximate structure matching by allowiseysito
specify path expressions along with query keywords and fiesdi



vector space scoring by incorporating a similarity measased [7] C. M. Bowman, C. Dharap, M. Baruah, B. Camargo, and

on the difference in length, referred to as length normtbtina S. Potti. A File System for Information Management. In
XML structural query relaxations have been discussed b3, Proc. of the International Conference on Intelligent

4]. These works focus on the XML documents. In contrast, e ar Information Management Systems (ISMQ94.
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