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ABSTRACT

This paper proposes a novel approach to integrating het-
erogeneous XML DTDs. With this approach, an informa-
tion agent can be easily extended to integrate heterogeneous
XML-based contents and perform federated search. Based
on a tree grammar inference technique, this approach derives
an integrated view of XML DTDs in an information integra-
tion framework. The derivation takes advantages of nam-
ing and structural similarities among DTDs in similar do-
mains. The complete approach consists of three main steps.
(1) DTD clustering clusters DTDs in similar domains into
classes. (2) Schema learning applies a tree grammar infer-
ence technique to generate a set of tree grammar rules from
the DTDs in a class from the previous step. (3) Minimiza-
tion optimizes the rules generated in the previous step and
transforms them into an integrated view. We have imple-
mented the proposed approach into a system called DEEP
and tested the system on artificial and real domains. The
experimental results reveal that this system can effectively
and efficiently integrate radically different DTDs.
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1. INTRODUCTION

Software agents [7, 13] and integration systems of het-
erogeneous databases [3, 11, 12, 6] are widely studied and
developed to allow users to find, collect, filter and manage
information sources spread on the Internet. The design con-
cerns of these systems vary for different domains, but all
share a common need for a layer of an integrated view and
source descriptions to seamlessly integrate heterogeneous in-
formation sources. The integrated view must be designed
for each application domain. The source descriptions are
needed to map source schemas to the integrated view. How-
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ever, previous work in information integration requires both
of them be constructed manually in a laborious and time-
consuming manner. Constructing integrated view becomes
one of the major bottlenecks for building large-scaled infor-
mation integration agents(IIAs).

The approach presented in this paper is based on the
framework of previous work in information integration. In
particular, this approach addresses the problem of automatic
derivation of the integrated view for XML DTDs(Document
Type Definition) [1]. Although XML is becoming an indus-
trial standard for exchanging data on the Internet, when the
maintenance of the information sources is independent of the
integrator, it is difficult and sometimes impossible to have
such a common DTD. This paper reports our preliminary
result for resolving this problem.

1.1 XML Information Integration

Figure 1 shows the diagram of an XML information inte-
gration agent. When the user submits a request to the agent
through a user interface, the request will be translated into
an XML-QL [4] query based on an integrated view, which
is a query template that helps formulate queries. Given the
translated query, the query decomposer transforms the query
into a set of subqueries against each integrated XML infor-
mation source based on source descriptions. Finally, query
erecutor issues the subqueries to each information source,
combines the answers, and returns the result as an XML
document to the user.

This paper describes how to automatically derive the in-
tegrated view and source descriptions by a view inference
system in Figure 1. The derivation is conducted offline be-
fore the ITA can provide service. The view inference system
is to automatically discover the association between closely
related DTDs, identify elements with similar underlying se-
mantics, and generate an integrated view that covers these
semantically similar elements.

EXAMPLE 1. Suppose we have four DTDs as shown in
Table 1. They are extracted from published papers and docu-
ments: (a) and (c) from [4], (b) from [8], and (d) from [2].
This set of DTDs will serve as the exzample input and will
be used to explain our view integration approach throughout
the paper. Table 2 shows an integrated view that may be de-
rived from two DTDs in Table 1(a) and (b). Reformulated
subqueries for these two DTDs are shown in Table 8. In this
case, we assume that there are two related XML documents,
COOKBOOK.xml with COOKBOOK DTD and BIB.xml with BIB
DTD. O
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Figure 1: XML information integration agent

(a) COOKBOOK DTD
1 (!'ELEMENT cookbook (title, author+, year, isbn, publisher))
2 (!ELEMENT author (authorname))
3 (!ELEMENT authorname (firstname, lastname))
4 (!ELEMENT publisher (name, address))
(b) BIB DTD
5 (!ELEMENT bib (title, author+, publisher, price))
6 (!ATTLIST bib year CDATA #REQUIRED)
7 (!ELEHENT author (last, first))
8 (!ELEMENT publisher (name, email))
(c) MOVIE DTD
9 (!ELEMENT movie (title, year, director*, featuring, genre))
10 (!ELEMENT featuring (credit_actor*, actors*))
(d) LIST DTD
11 (IELEMENT list (moviex))
12 (!ELEMENT movie (title, year, directed by, genres, featuring))
(VELEMENT directed.by (directorx))
14 (!ELEMENT genres (genre*))
('ELEMENT actor (firstname, lastname))

Table 1: Example DTDs

1.2 lllustrative Examples

XML data is an instance of semistructured data. In XML,
each element represents a logical component of a document.
Each element has a tag to indicate its semantics. Elements
can be atomic (i.e., character strings) or contain other sub-
elements, which allow us to encode structural semantics in
an application domain. The definitions of the role of tags
are formally given in a DTD. A DTD establishes a set of
constraints for XML documents. XML with a DTD is self-
descriptive and provides a semistructured data model.

Distinct DTDs in a similar application domain may use
different labels for the same concept, or use the same label
for different concepts. The same concepts can also be defined
with different structures. In spite of the possible diversity, if
the underlying concepts of a set of DTDs are closely related,
though they are created by different authors, they will reveal
structural and naming similarities.

Table 4 shows several example cases that our approach
can handle. The elements of pairs of input DTDs are shown
in the second column and their corresponding subsumption
relationships are illustrated as trees in the third column. For
each case, the view inference system can integrate the pair
of trees into a single tree as shown in the fourth column.

We will describe how the view inference system resolves
these cases in the following Sections. The view inference sys-
tem consists of three major components shown in Figure 2.
A brief description of each module is as follows:

DTD cluster takes a collection of source DTDs as input and
clusters similar DTDs into DTD classes. We merge
similar element types as a preprocessing step to speed
up the clustering. The DTD cluster uses hierarchical

WHERE <cookbook|bib>
<title>$title</>
<*x>
<author | authorname>
<firstname|first>$first</>
<lastname |last>$last</>

O O~NDO B WN -

</>

</>

<publisher>
10 <address>$address</>
11 <name>$name</>
12 <email>$email</>
13 </>
14 <year>$year</>
15 <isbn>$isbn</>
16 <price>$price</>
17 </>

18 CONSTRUCT result statements

Table 2: Integrated view for BOOK domain

(a) For COOKBOOK.xml (b) For BIB.xml

1 WHERE WHERE

2  <cookbook> <bib year = $year>

3 <title>$title</> <title>$title</>

4 <author> <x>

5 <authorname> <author>

6 <firstname>$first</> <first>$first</>
7 <lastname>$last</> <last>$last</>
8 </> </>

9 </> </>

10 <publisher> <publisher>

11 <address>$address</> <email>$email</>
12 <name>$name </> <name>$name </>
13 </> </>

14 <year>$year</> <price>$price</>

15 <isbn>$isbn</> </> IN ”BIB.zml”

16 </> IN "COOKBOOK.zml”
17 CONSTRUCT result statements

CONSTRUCT result statements

Table 3: Reformulated queries for BOOK domain

agglomerative clustering method [16] to cluster DTDs.
We define a generic tree matching method [14] to com-
pute the distance between DTDs for clustering.

Schema learner infers the general rules describing source DTDs
in each DTD class. Our approach is based on a tree
grammar inference technique [9], which takes a finite
sample of trees as input and induces a tree grammar
that describes the sample trees. In our approach, the
input trees correspond to XML DTDs and the tree
grammar corresponds to an integrated schema.

Minimizer optimizes the learned tree grammar rules. The
learned rules are adjusted to fit the characteristics of
DTD and transformed into the integrated view as well
as the source descriptions to be used in ITAs.

]———)[ DTD Cluster ]—-—N\

A collection of XML DTDs
Result set of integrated schemas

[l

Figure 2: Diagram of the view inference system

The reminder of the paper is organized as follows. Sec-
tion 2 defines the problem of view inference for XML DTDs.



Example DTDs Input Output
egl:<ELEMENT author (firstname,lastname)> author author N
eg2: <ELEMENT author authorname> T | |
1 <ELEMENT authorname (firstname,lastname)> firstname lastname authorname authorlauthorname
e —
firsthname  lastname firstname lastname

The same concept may have the same element name, but has different hierarchical structures.

egl:<ELEMENT publisher (name,email)>

publisher author author|publisher
2 eg2:<ELEMENT author (name,email)> P s N
name email name email name email
The two different concepts have the same sub-elements list.
egl: <ELEMENT featuring #PCDATA> featuring featuring featuring
3 eg2:<ELEMENT featuring (credit_actor,actor)> N —
credit_actor  actor credit_actor  actor
The same concept may have the same element name, but has different sub-elements list in different DTDs.
egl:<ELEMENT .book (year, ...)> book bib book|bib
eg2: <ATTLIST bib year #CDATA> ST S I~
4 year year year

The same concept can be defined as an element in one DTD, and an attribute in another DTD. Because attribute names are
handled the same as element names, the tree structures are equal. The difference will be described in Section 2.

Table 4: Several example cases that our approach can handle: Erzample DTDs: pairs of input DTDs; Input: tree

structure of DTDs; Qutput: tree structure of integrated view

Section 3 describes the details of our view inference ap-
proach. The approach has been implemented into a system
called DEEP and tested in several domains. We report the
experimental results in Section 4. Section 5 reviews related
work. Finally, Section 6 draws conclusions.

2. AMODEL OF XML VIEW INFERENCE

21 Typesand DTD Class

We model a DTD as a labeled, directed tree. The nodes
in the tree represent objects and are labeled with an element
or attribute name. We assume that each tree has a distin-
guished root object, and all objects are reachable from the
root. Each node in the tree has its own type. The type of an
object is defined by its label and its immediately adjacent
child nodes (objects). XML attributes are treated in the
same way as element tags.

Each type is denoted by ¢;, where ¢ is the type id. The
type id of all leaf nodes (i.e., #PCDATA type) is 0, which
implies that the value of atomic objects is ignored in this
paper. Each type has a type definition of the form [label:
Type(label)], where label is a regular expression over a finite
set NV of names and Type(label) is either #PCDATA for leaf
nodes or a regular expression over A with type id as the
subscription.

A DTD schema consists of a sequence of type definitions.

EXAMPLE 2. Given the set D of source DTDs in Table 1,
the following type set T' can be constructed. The underlined
labels, such as yeary of ts, correspond to XML attributes. In
this example, t; — t; comprise type definitions for COOKBOOK
DTD, ts — ty fOT‘ BIB DTD, ts — tg fOT‘ MOVIE DTD, and
the others for LIST DTD. For brevity, the #PCDATA type
elements are abbreviated. [

[cookbook : (titley, (authors)+, yearp, isbng, publisher;)];

ts = [author : (authornames)];

tg = [authorname : (firstnamey, lastnamey)];

t; = [publisher : (namey, addressy)];

ts = [bib: (titley, (authorg)+, publishery, priceg, yeary)l;

te = [author : (firstp, lasty)];

ty; = [publisher : (namey, emaily)];

ts = [movie: (titley, yeary, (directorp)*, featuringg, genreyp)];

tg = [featuring : ((credit_actorg)*, (actoriy)*)];

tip = [list : (moviess)*];

ti1 = [movie: (titley, yearp, directed_byjs, genresig, featuringp)l;
tig = [directed by : (directory)=];

tig = [genres: (genrep)x];

ti; = [actor : (firstnamey, lastnamey)];

A DTD class is a set of similar DTD schemas. Since we
make no assumption that the input DTDs must describe
the same domain, the input DTDs may describe drastically
different domains. Therefore, DTDs need to be clustered
into classes of similar domains so that it is meaningful for
the system to derive an integrated view. This task is the goal
of the DTD clustering in our approach. Given the DTDs in
Table 1, the output should be two classes. One class contains
COOKBOOK and BIB DTDs, and the other contains MOVIE and
LIST DTDs.

2.2 FromTreeGrammar tolntegrated Schema

Given a DTD class, schema learner generates a tree au-
tomaton that describes DTDs (as trees) in the input DTD
class. The corresponding tree grammar of the tree automa-
ton generates an infinite language that expresses all input
trees in the DTD class. The learned rules will then be opti-
mized by minimizer, which will insert the wildcard symbol
$ to the tree grammar for common labels and subtrees.

A tree grammar M = (Q, N, §, F) is a quadruple: a set
Q of states, a set ' of labels, the state-transition function
d, and a set F of final states, F C Q.

Since M reduces frontier nodes first and the root node
last, it is also known as a frontier-to-root automaton. We
define §, which operates on trees of depth 0 or 1 as follows:

e 3 tree which consists of single node labeled by a (i.e.,
tree primitive) belongs to a state ¢, denoted as do = q.

e 3 tree with m subtrees q1,¢2,...,¢m and the root la-
beled by a belongs to a state ¢, denoted as d,(q1, g2, - - -
= g, where a is a regular expression over N'U {$} and

;Qm)



q1,92,--- ,9m are also regular expressions over each
subtree. The wildcard $ matches any label.
For example, a state transition function dsirstname = q1 gen-
erates a single node tree with label firstname and belongs
to state ¢1. If a tree has a root node labeled by author and
two child subtrees, g1 and g2, and it belongs to state g3, then
it is represented as autnor (¢1,q2) = ¢3.

An integrated schema is a DTD schema generated from
optimized state-transition functions of a tree grammar. We
define a mapping function 6 from a state-transition function
to a type definition in a DTD schema as follows:

e if §, = qis a function for starting states, then 6(d, = q)
maps to to type with character value.

e ifdo(q1,q2,...,qm) = qis afunction for internal states,
then 0(da(q1,92,. .. ,qm) = q) is a type t whose label is
a and Type(a) is a regular expression over labels of g;
with type id of ¢; as the subscription, where 1 < ¢ < m.

2.3 Integrated View and Source Description

Before we proceed to describe the integrated view, we
provide formal criteria against which the integrated schema
should be evaluated. The first one, called coverage, guaran-
tees that the integrated schema derives all DTD schemas in
the input DTD class.

DEFINITION 1. Given a reqular ezpression R over some
alphabet X, let L(R) denote the regular language defined by
R. We assume that L(#PCDATA) is a subset of any reqular
language. Let Do = {... ,tc,...} be a DTD schema in the
DTD class C, Dy = {... ,ts,...} be the integrated schema
for C, and l. and l; are labels of t. and ts, respectively. We
say that Dy covers C if there exists a mapping o from types
of each D, in C to types in Ds such that:

o if L(lc) € L(ls) and L(Type(lc)) S L(Type(ls)), then

o(te) =ts.

e if all types in o(D.) = {..,0(tc),..} can construct a

DTD schema. [

Secondly, we require that the integrated schema be com-
pact. Intuitively, the integrated schema should be the small-
est type set that covers the input DTD class so that similar
types in different DTDs should be mapped to the same type
in the integrated schema.

DEFINITION 2. An integrated schema Dg is more compact
than an integrated schema D} if Ds covers given DTD class
which is covered by D!, and has a smaller type set than DY.
An integrated schema D; is the most compact one for a given
DTD class if there is no integrated schema D!, more compact
than Ds. [

An integrated view is an XML-QL query template trans-
formed from the most compact integrated schema. Different
orderings of the body statements are considered equivalent.
We define a mapping v from a type in the integrated schema
to a body statement as follows:

o if ¢t = [label : (t1,...,tm)] is a type with m sub-
elements, then v(t) maps to “(label)p: .. .pm{/)” where
p1,... ,Pm are statements of types t1,... ,tm, resp.

o if t = [label : (#PCDATA)] is a type with no sub-
element, then v(t) maps to “(label) $var (/).

In the case of complex element types, the type of the label
(i-e., Type(label)) is mapped to a sequence of statements.
But in the case of atomic element types, it is mapped to

a variable. If the label is a wildcard (“$”), we denote the
statement as “(x*)”, which means it matches any element.
The result of the query is defined by the result statements,
following the specification of XML-QL. Note that variables
in XML-QL are preceded by “$” symbol.

Given a query based on the integrated view, the system
must translate it into subqueries against the related source
DTDs with assigned URLs. The source description for each
DTD is generated from types in ¢~ ' (D.) (the inverse func-
tion of &) in Definition 1. The mapping is the same as v
from a type in each DTD schema to a body statement with
the following additional condition:

o if t = [label : (t1,...,tn)] is a type with m sub-
elements and sub-elements t;+1,... ,tm, 0 < i+1 < m,
are types corresponding to XML attributes, then v(t)
maps to “(labelpit1...pm)P1 ... pi{/)”, where pit1,...
are statements of the form: “label, = $var” and label,
is the label of corresponding type.

For example, t5 = [bib : (titleo, yearo)] will be transformed
to a pattern “(bib year= $year)(title) $title (/){/)”.

Finally, we give a model of XML view inference problem.
View inference is a function from a set of DTD schemas(in
a DTD class) to an integrated view derived from the most

Pm

compact integrated schema that covers the given DTD schemas,

and source descriptions for the given DTD schemas.

3. VIEW INFERENCE SYSTEM

In this section, we describe the details of our approach to
XML view inference in the data-flow order.

3.1 Renamer

Renamer as a preprocessing step is an optional module
that requires human intervention. The internal nodes in
XML DTDs offer both naming and structural hints for the
system to associate related elements in different DTDs, while
leaf nodes offer very limited information to the system. Re-
namer module is designed to allow human users to pro-
vide additional hints for the system to associate related leaf
nodes. In the case of leaf nodes, the element name can be
renamed manually to another internal/leaf element name
in different DTDs so that they will be considered to share
the same underlying concept. For example, in Example 2,
element name first in t¢ may be changed to firstname.

3.2 DTDCLUSTER

This module contains three steps to complete clustering a
collection of source DTDs into several DTD classes. As the
first step, we merge element types. The purpose is to reduce
the number of element types as well as the distance between
DTD trees, so that DTDs of similar domains can have a
better chance to be clustered together. We also describe
the method of computing distance between DTD trees and
clustering method in detail.

3.21 TypeMerging

The type merging method is a preprocessing step before
clustering. First, we consider types that have the same label.
If ¢; and ¢; in two different DTDs have the same label, then
we compare their sub-element lists. Let Sub; /Sub; be the set
of t;/t;’s sub-elements, respectively. If Sub; and Sub; have
common elements, then these two types are merged and the
result type definition consists of the common label and the



union of Sub; and Sub;. If one of two types is an atomic type,
it will be merged to another. Case 3 in Table 4 is resolved in
this step. Occurrence indicators (?, %, +) in type definitions
are merged according to the precedence order: 7 < % < +.
For example, author+ and author* are merged to authorsx.

EXAMPLE 3. Given the type set T’ in Example 2, the merged
type set I'™ is generated as follows:

s; = [cookbook : (titleg, (authors)+, yearg, isbng, publisher)];

s2 = [author : (authornamegy)];

sg = [authorname : (firstnameg, lastnamey)];

s; = [publisher : (nameg, (emailp)?, (addresso)?)];

s5 = [bib: (titleg, (authorg)+, publisher;, pricep, yeary)];

s¢ = [author : (firsty, lastp)];

s7 = [movie: (titleg, yearg, (directorp)*, featurings, (genrep)?,
(directed_byip)?, (genresis)? );

sg = [featuring : ((credit_actorg)*, (actoriz)=)];

sg = [list : (movier)*];

s10 = [directed_by : (directorp)*];

s11 = [genres: (gemrep)x];

s12 = lactor : (firstnamey, lastnamey)];

Types ts and ti; in Example 2 are merged to new type sy
and types t; and t; to s;. An atomic type [featuring :
#PCDAT A] is merged to ss. Based on the merged types,
we modify the input DTD schemas. Let T'™ be the result-
ing merged type set. For each root type (root element) in
T™ the set of all reachable types will constitute the modified
DTD schema. Continuously in Table 1, all DTD schemas
are redefined according to the merged type set T™. For ex-
ample, MOVIE DTD schema will be redefined with five types,
87, 88, 810, S11, and 512 O

3.2.2 TreeMatrix

In order to cluster a collection of source DTDs, a dis-
tance measure quantifying the degree of association between
DTDs is necessary. We use a generic matching method be-
tween two trees proposed by Lu [14] as the distance measure.
Basically, the idea is to compute the distance by calculating
the minimum number of modifications required to transform
the input tree into a reference tree. We extend Lu’s algo-
rithm to compute the distance between two labeled trees.

There are five types of operations, (1)parent-child split-
ting, (2)sibling splitting, (3)parent-child merging, (4)sibling
merging, and (5) substltutlng, as illustrated in Figure 3.

1) Parenthild (3) Parentchild
_.Splitting _.merging

Qam o
ol
o6 > 000 50

(5) subsmutlng
>

Figure 3: The five types of operations on tree nodes

To explain the algorithm clearly, we need to introduce
some definitions and terminologies as follows (following [14]):

e All nodes in a tree T are labeled with postfix-ordered.

e a/T represents the subtree of a tree T' at node a.

e 7r(a,b) represents a region in a tree T, where a < b,
which is a set of nodes of T such that z is a node in
mr(a,b) ifa <z <b.

e The nregionsin Y, 7y (ps,7;), for i = 1,... ,n are said

to be consistent if the following holds true:

1. 7v(pi,rs) and 7v(pj,r;) do not overlap for 1 <
5,j <n,ry <Dj-

2. Any node in 7v (ps, 7;) does not have predecessor-
descendant relation with any node in 7y (pj, ),
1#j.

The tree matching algorithm performs the operations in
an efficient way by a divide-and-conquer strategy. In “di-
vide”, the matching between a subtree a/X and a region of
Y is reduced to the problem of matching the children of the
subtree a/X to each one of the regions of Y such that they
are consistent. This process is illustrated in Figure 4 where
the n regions are consistent in the tree Y.

Tree X Tree Y

a

Xlay\| X/

Figure 4: Tree matching method

With all the possible matchings between subtrees a/X
and regions of Y identified, the last problem is to find the
minimum subtree which covers all the n regions in Y. The
“conquer” part resolves this problem. First, let s be the
nearest common predecessor for the n regions. The second
step is to compute the minimum number of operations to
match a/X into the subtree s/T in Y. The distance for
7v(p1,7:), ¢ = 1,...,n can now be computed according to
the following equation:

d= qu, + {|TY(plyT'n)| - Z|TY(pl,n)|} + (3 —rn + 1)_

In this equation, the first term is the total distance of map-
ping from n subtrees of a/X to n regions 7y (pi,7i), i =
1,...,n. The second term is the cost of merging needed to
remove the nodes not belonging to the n regions in 7(p1, r»)
(the pale gray part in Figure 4). Finally, the third term
is the number of merging operations used to remove nodes
from 7, to s excluding r,(the dark gray part in Figure 4).

3.2.3 Hierarchical Clustering Method

We employ a hierarchical clustering method [16], which is
used widely in information retrieval. The basic idea is: ini-
tially start with a separate class for each DTD; successively
merge the classes closest to one another, until the number
of classes is sufficiently small. We use the average distance
for computing the distance between classes.

The hierarchical clustering method computes a hierarchy
of classes whose leaves are individual DTDs and internal
nodes corresponding to classes formed by merging classes
from lower levels.

3.3 Schemalearner

Our technique for generating integrated schema is based
on tree grammar inference. Grammatical inference is the
task to induce hidden grammatical rules from a set of ex-
amples. In a tree grammar, its terminal alphabet is com-
posed of a set of primitive trees, then the induced rules will
produce trees by assembling the primitive elements. The



problem of deriving an integrated schema from similar DTD
schemas is reduced to this problem. We first describes the
tree grammar inference framework. We then show how to
treat integrated schema generation as an inference task.
We adopt the k-follower method [9], which applies a sim-
ple heuristic of state-merging process. We say that two
states of a finite automaton whose last k¥ words match have
a tail in common. The two states are k-equivalent where k
is a nonnegative integer.
Some additional definitions and terminologies for trees are
given as follows (following [9]):
e T(a <= U) is the replacement of the subtree of T at
a with a subtree U.

e Depthr(a) is the number of nodes on the path from
the root of T to a, excluding a.

DEeFINITION 3. Let S be a given finite set of trees, Ssub
be the set of all subtrees of the member trees in S, and S be
a union of S and Ssyup. Also, let k be a nonnegative integer
and “$” be a special character not in the set of node labels
in 8. The k-follower HE(T) of a tree T with respect to S is
defined by

HY(T) = {U(b < $)}

where tree U and node b satisfy the following conditions:
e UcS and b/U =T;
o If there exists a tree U € S, then Depthy(b) < k, or if
there ezists a tree U € Ssyp, then Depthy(b) = k. O

Hence, the k-follower of tree T is the trees that are the
replacements of T in each tree U in § with $.

EXAMPLE 4. Given a set S of two trees, let T be a single
node tree labeled fn, the k-follower of T is shown in Fig-
ure 5. The label author is abbreviated to a, authorname to
an, firstname to fn, and lastname to In. [

s- @D G
é.b
s> Qs>

S- CGautho CauthoD
@@@@
Crstname> Clastname >
T = Clrsmame>

HIM) - {CTD jHs (r){ a

Hm {"‘5%}

Figure 5: Example of k-follower set

We define the equivalence relation between trees based on
the concept of k-follower.

DEFINITION 4. Let R* be an equivalence relation on trees
inS. (T,U) € R* iff HE(T) = HE(U) for k>0. O

Given a finite set S of trees and any nonnegative integer k,
the tree grammar inference algorithm generates a nondeter-
ministic tree automaton. At first, the automaton contains
one state for each subtree of S. The initial equivalence rela-
tion consists of the distinct subtrees in S. The equivalence
classes are induced from the equivalence relation and defined

as follows: [Tz = {U € 8|(T,U) € R*}. The equivalence
classes will become the states of a nondeterministic tree au-
tomaton M. If subtrees of S not belonging to the same
equivalent class have the same set of k-follower, then their
classes are merged to a new one. The set of final states F
is a set of equivalence relations whose k-follower has $ as an
element, i.e., F = {[T|z+|$ € H5(T)}. Formally, our tree
grammar inference algorithm is given as follows:

ALGORITHM 1. Given a set S of source DTDs,

Step 1. Generate the set S and initialize k to 0.

Step 2. For each subtree T in S, generate the k-follower with
respect to the set S.

Step 3. If HE(T) = HE(U), then the states of the automaton
corresponds to the same equivalence class.

Step 4. If the equivalence classes have changed, then go to
Step 2 with k increased by 1. Otherwise go to Step 5.

Step 5. Generate state-transition functions.

EXAMPLE 5. Suppose we are given source DTDs, (a) and
(b) in Table 1. The set S has two DTDs and the generated
set S has 15 subtrees. The Algorithm 1 is terminated when k
= 2, because its equivalence classes are the same with k = 1.
The inferred tree automaton is M = ({F, q1, ... ,qi3), N,
0, {F'}} where the state transition functions are as follows.
The corresponding tree grammar is shown in Figure 6. [

Oemail = (1, 5price = q2, Oisbn = q3, Oaddress = G4,
Onane = ¢5, Otitle = g6, Oyear = q7, firstname|first — 48
51asmame|1an = q9, 6author(q8a qg) = 410,

Opubiisher (955947, 917) = @11,  Jauthornane (g8, 99) = q12,

Gautnor (412) = @13, cookbook (465 135 47, 43, q11) = F.
vin (g6 910,911, 92, 97) = F.

o> Cemal > 6> e > G —>isn D
6 —> Caddess > & —» Crame > & —» e D>
@ Cer > 6> Gl % > Gstlesname>

qm _> ) aﬁ o
Figure 6: Learned tree grammar

3.4 Minimizer

The minimizer subsystem optimizes the state-transition
functions generated by the schema learner subsystem and
transforms the optimized functions into an integrated schema.
The optimization strategy is to merge/modify functions that
have parent-child relationships or common labels/subtrees.
The algorithm is given as follows:

ALGORITHM 2. Given a set P of states,

Stepl. P' =P,

Step 2. For every two states p;,p; € P, (1) if they have com-
mon root label and p; is a subtree of p;, then the root
label of p; is changed to $. (2) if they have common
root label and subtrees, then merge their labels and sub-
trees. (8) if they have the same subtrees, then merge
their labels.

Step 3. If P' # P, go to Step 1. Otherwise return states.

Case 1in Table 4 is the case of Step 2(1) in Algorithm 2. Step
4 will resolve Case 2. The different combinations of methods
of Step 2 generate several sets of states. The most compact
integrated schema is selected as the integrated view.



EXAMPLE 6. The transition functions in Ezample 5 can
be optimized to the following functions.

Oprice = 1, Oisbn = G2, Oaddress = 3, Oname = G4, Otitle = g5,
6yaar = (6, 6firstname|first =47, Oemai1 = q9,
Oauthor|authornane (475 48) = q10,  Opublisher (93,947, q9?) = qu1,

ds(q10) = q12,

61astname\1as: = g8,

- EXAMPLE 7. The corresponding integrated schema for op-
timized functions in Example 6 is as follows:

sr = [cookbook|bib : (titleg, ($1)*, publishers, yearo, (isbno)?
s; = [$ : ((author|authorname)s)];

sz = [author|authorname : ((firstname|first)o, (lastnamel|last)o)];
sg = [publisher : (nameg, (addresso)?, (emailp)?)];

ExAMPLE 8. Consider the Given query in Table 5(a) that
retrieves titles of books/articles whose publisher is Addi-
son Wesley and the publishing year is later than 1998. In
this case, suppose there are two related XML documents,
COOKBOOK.xml with COOKBOOK DTD and BIB.xml with BIB
DTD. The system reformulates the query into two XML-QL
queries in Table 5(b) and (¢). Case 4 in Table 4 is resolved
in this step. [

(a) Given Query
1 WHERE <cookbook|bib>
<title>$title</>
<publisher><name> Addison Wesley</></>
<year>$year</>
</>,
$year > 1998
7 CONSTRUCT <title>$title</>
(b) For COOKBOOK.xml

oo WwWN

(c) For BIB.xml

8 WHERE WHERE

9 <cookbook> <bib year = $year>

10 <title>$title</> <title>$title</>

11 <publisher> <publisher>

12 <name>Addison Wesley</> <name>Addison Wesley</>
13 </> </>

14 <year>$year</>

15 </> IN "COOKBOOK.zml",

16 $year > 1998

17 CONSTRUCT <title>$title</>

</> IN "BIB.zml",
$year > 1998

CONSTRUCT <title>$title</>

Table 5: Given query and reformulated subqueries

Without Renamer With Renamer
t mt pre. accu. t mt pre. ren. accu.
10 127 | 31 1.00 50% 127 | 31 | 1.00 | 25% | 100%
20 123 | 38 | 1.00 27% 123 | 38 | 1.00 | 57% 93%
30 119 | 48 | 0.97 30% 119 | 48 | 0.92 | 58% 96%
40 116 | 56 | 0.91 27% 116 | 54 | 0.90 | 60% 91%
50 121 | 67 | 0.89 40% 119 | 61 | 0.87 | 43% 93%
60 120 | 70 | 0.88 25% 118 | 64 | 0.89 | 63% 88%
70 120 | 75 | 0.70 19% 117 | 66 | 0.77 | 67% 86%
80 128 | 81 | 0.66 20% 124 | 72 | 0.76 | 64% 85%
90 132 | 85 | 0.64 18% 126 | 74 | 0.75 | 68% 90%
100 | 133 | 91 | 0.62 26% 126 | 80 | 0.77 | 56% 82%

mod

Table 6: Summary of experimental results: mod:
modification rate; {: number of types; mi: num-
ber of merged types; pre.: average precision of
clustering; ren.: number of being renamed ele-
ments/number of similar concepts; accu.: accuracy,
in terms of percentage.

4. EXPERIMENTAL RESULTS

We have implemented a system called DEEP based on
our approach and conducted some preliminary experiments.
The main concern of the experiments is how to evaluate the
quality of the results.

Ocookbook|bin (45, 12+, 11, g6, 27, q1?7) = F.

We tested DEEP on three domains, book, play and movie-
list. The test DTDs are prepared as follows. We started by
collecting two to three seed DTDs in the test domains. The
seed DTDs serve as the “golden rule” for performance evalu-
ation. From these seed DTDs, we constructed 100 DTDs for
each domain. These 100 DTDs were generated by various
perturbation using tree modification operations in Figure 3
with different modification rates. The modification rate is
the ratio of the number of nodes that are modified and the

»(priceo))]i ¢otal number of nodes in a given tree. The modification

rate starts from 10% and is increased by 10% in each iter-
ation until it reaches 100%. Each iteration generates ten
new DTDs by modifying seed DTDs. The modification is
conducted by applying a randomly selected operator to the
randomly selected node. Each data set has tested in two
cases: with or without renamer described in Section 3.1.

(a) Average precision of clustering (b) Accuracy of integrated schema

1.2 12
with Renamer
10 . 1.0 4
5 08 Ny s 308
7} g
5 0.6 5 0.6
% 5] ~
5 04 —=—without Renamer g 04 serenaming
0.2 —+—with Renamer 02 N without Renamer
0.0 - . - - - 0.0

10 20 30 40 50 60 70 80 90 100
% of modifications

10 20 30 40 50 60 70 80 90 100
% of modifications

Figure 7: Quality of DEEP

The experimental results are shown in Table 6. The first
performance measure is the correctness of the clustering.
We compute the precision of clustering, pre,, where n is a
clustering level (i.e., the number of classes). The precision
pre, is obtained by the following equation:

n |Cp,l

i=1 |Cj]

n

pren =

where |Cp,| is the number of correctly clustered DTDs in
C; and |Cj| is the number of DTDs in a DTD class C;.
The fourth and eighth columns of Table 6 show the average
precision of clustering without and with renamer, resp., at
n = 3. As the modification rate increases, the precision
degrades gracefully from 100% to 75% with the renamer,
as shown in the dotted line of Figure 7 (a). Without the
process, we see that the degradation is 38% (from 100% to
62%), 13% worse than with the renamer, as shown in the
straight line of Figure 7 (a).

The second measure is the accuracy of integrated schema.
The result was achieved without DTD Cluster. The fifth and
tenth columns of Table 6 show the accuracy for the system
to correctly find out similar concepts. In both columns, a/b
means that a is the number of similar concepts discovered
by the system and b is the total number of similar concepts
in the data set. Figure 7(b) shows accuracies ranging from
50% to 18% without renamer and ranging from 100% to 82%
with renamer. In the figure, %renaming is the percentage of
the accuracy achieved by renamer. The shaded area of Fig-
ure 7(b) shows the additional associations identified by the
system. This illustrates that, with help of renamer, DEEP
can recognize up to 25% more of associations.

We now analyze some cases that DEEP fails to find as-
sociations between similar concepts. First, if two element
types have no common labels and child nodes, they cannot
be matched to the same type, though they are conceptually
similar. Another problem is that users may provide mislead-
ing renaming that confuses our system. To solve this kind



of problems, we provide a tool to correct minor mistakes
manually in the DEEP system.

5. RELATED WORK

The most closely related work is a system that learns map-
pings between source schema and the integrated schema,
called LSD [5]. Given an integrated schema, first a set of
data sources have been manually mapped to the integrated
schema. Then the system learns from these mappings to
propose mappings for new data sources. Since the focus of
LSD is on how to find one-to-one mappings for leaf elements
(i.e., #PCDATA type) of source schema, it can not learn hi-
erarchical or nested structures of source schema. Another
difference between LSD and our work is that the integrated
schema, of their system is given by human, while ours is
generated dynamically and automatically by the system.

Another related work is XTRACT [10], a system that ex-
tracts a DTD from XML documents. Input XML documents
are assumed to conform to the same DTD. From each ele-
ment in XML documents, XTRACT tries to derive a regular
expression that describes the sub-element sequences for the
element. Since DTDs are not mandatory, an XML docu-
ment may not always have an accompanying DTD. Tools
that can infer an accurate DTD for given XML documents
are useful. It is straightforward to extend our system to
extract a DTD from XML documents using schema learner
subsystem. In this case, the set of sample trees consists of
XML documents and the inferred rules will generate a DTD
which can cover all input documents.

Extracting schema from semistructured data is considered
in [15]. This work focuses on finding a typing for semistruc-
tured data. They use an approximately typing method to
merge types. Therefore, the generated types are expressed
using incoming and outgoing labeled edges. The extracted
schema is plain sequences of types instead of arbitrary reg-
ular expressions.

6. CONCLUSIONSAND FUTURE WORK

In this paper, we have proposed a view inference approach
that automatically derives integrated view for an ITA to ac-
cess XML-based sources. This approach enhances the ex-
tensibility of an ITA. This problem arises because manually
constructing an integrated view for each application domain
is error-prone and labor-intensive. To make the development
of an extensible ITA more efficient, it is desirable to have a
tool that automates this task.

Our solution to this problem is a novel approach that ap-
plies hierarchical agglomerative clustering and tree grammar
inference technique to generate an integrated view so that an
ITA can integrate a new XML document source easily. The
experimental results show that our method can effectively
and efficiently generate appropriate integrated view for the
test domains. The performance is further improved with re-
namer. We conclude that our view inference approach is a
feasible solution to alleviate engineering bottlenecks for the
development of extensible ITA.

Our future work includes applying this approach to large-
scaled real-world applications. We are participating in a
project aiming at building a digital museum of historical
photographs in Taiwan. In this project, we need to inte-
grate a variety of photograph collections maintained inde-
pendently by a variety of agencies. We also planned to in-
vestigate how to minimize human intervention in renamer.
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