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Abstract. Existing solutions to data and schema integration require
user interaction/input to generate a data transformation between two
different schemas. These approaches are not appropriate in situations
where many data transformations are needed or where data transforma-
tions have to be generated frequently.
We describe an approach to an automatic XML-transformation generator
that is based on a theory of information-preserving and -approximating
XML operations. Our approach builds on a formal semantics for XML
operations and their associated DTD transformation and on an axiomatic
theory of information preservation and approximation. This combination
enables the inference of a sequence of XML transformations by a search
algorithm based on the operations’ DTD transformations.

1 Introduction

XML is rapidly developing into the standard format for data exchange on the
Internet, however, the combination of an ever growing number of XML data
resourceson the one hand, and a constantly expanding number of XML ap-
plications on the other hand, is not without problems. Of particular concern
is the danger of isolated data and application \islands" that can lead users to
perceive a prodigious supply of data that is often inaccessibleto them through
their current applications.

This issuehas beenobserved and extensively addressedin previous work in
data integration, for example, [8,14,6,7,19,13] and more recently in schema
integration and query discovery [21,24,15,16]. So far, however, all the proposed
solutions require user input to build a translation program or query. Even more
troubling, since each di�eren t data source requires a separate transformation,
the programming e�ort grows linearly with the number of data sources.In many
casesthis e�ort is prohibitiv e.

Consider the following scenario.An application to evaluate the publication
activities of researchers accepts XML input data, but requires the data to be
of the form \publications clustered by authors". A user of this system �nds a
large repository of bibliographic data, which is given in the format according to
the DTD shown in Figure 1 on the left. In the following, we will refer to the
corresponding XML data as bib. The application cannot usethesedata because



<!ELEMENT bib (book|article)*>

<!ELEMENT book (title,author*)>

<!ELEMENT article

(title,author*,journal)>

<!ELEMENT title (#PCDATA)>

<!ELEMENT author (#PCDATA)>

<!ELEMENT journal (#PCDATA)>

<!ELEMENT byAuthor author*>

<!ELEMENT author (name,(book|article)*)>

<!ELEMENT book title>

<!ELEMENT article (title,journal)>

<!ELEMENT name (#PCDATA)>

<!ELEMENT title (#PCDATA)>

<!ELEMENT journal (#PCDATA)>

Fig. 1. DTD of available data and DTD of required data.

bibliographic entries are not grouped by authors. What is neededis a tool that
can transform bib into a list of author elements, each containing a sublist of their
publications. Such a format is shown in Figure 1 on the right.

Although tools areavailable that support the transformation, they sometimes
require non-trivial programming skills. In almost all casesthey require someform
of user interaction. In any case,usersmight not be willing to invest their time in
generatingone-time conversion tools. Moreover, if the integration of several dif-
ferent data sourcesshouldbe required to createseveral di�eren t transformations,
the programming or speci�cation e�ort quickly becomesuntenable.

An intrinsic requirement is that these transformations be \as information
preservingas possible". In the best casethe generatedtransformation preserves
the information content completely, but in many instancestransformations that
lose information are also su�cien t. For example, if an application requires only
books with their titles, a transformation that \forgets" the author information
of an XML document works well.

Our solution to the described problem can be summarized as follows: First,
identify an algebra of information-preserving and information-approximating
XML transformations. In particular, these operations have a precisely de�ned
type, that is, an associated schema transformation for DTDs. By induction it
then follows that if we transform a DTD d into a DTD d′ by a sequenceof these
elementary XML transformations, the samesequenceof operations transforms
an XML value of DTD d losslessor approximating into an XML value of DTD
d′. The secondstep is then to de�ne a search algorithm that constructs a search
spaceof DTDs by applying algebra operations and �nd a path from a source
DTD d to the required target DTD d′. The path represents the sequenceof
operations that realize the sought transformation.

There might be, of course,casesin which the automatic inferencedoes not
work well. The situation is comparable to that of search engines like Google
that do not always �nd good matches due to a lack of semantics or structure
associated with the query keywords. Nevertheless,search enginesare among the
most valuable and most frequently usedtools of the Internet sincethey provide
satisfactory results in practice. For the samereasons,automatic integration tools,
although not complete, might be valuable and useful tools in practice.

This paper presents the proposedapproach through examples.Due to space
limitations we have to restrict ourselvesto the description of a small number of
elementary XML operations that can be employed in generatedtransformations



and also a subset of axioms for information approximation. Nevertheless,we
will be able to demonstrate the automatic generationof an XML transformation
within this restricted setting.

The rest of this paper is structured as follows. In Section 2 we will dis-
cuss related work. In Section 3 we will formally de�ne the problem of XML-
transformation inference.In Section 4 we axiomatize the notions of information
preservation and approximation. In Section 5 we de�ne what it means for an
XML transformation to be DTD correct. In Section 6 we intro duce basic XML
transformations that will be usedasbuilding blocks in Section7 in the inference
of complex XML transformations. Finally, Section 8 presents someconclusions.

2 Related Work

Related work has beenperformed in two areas:(i) schema matching and query
discovery and (ii) data semantics and information content.

Schema Matching and Query Discovery. Approaches for matching between
di�eren t data models and languagesare described in [19,2,3]. Data integration
from an application point of view is also discussed,for example, in [8,6,14,13].
We will not review all the work on data integration herebecausedata integration
is traditionally mainly concernedwith integrating a set of schemasinto a uni�ed
representation [22], which posesdi�eren t challengesthan translating between
two generally unrelated schemas.

A more speci�c goal of schemamatching is to identify relationships between
(elements) of a sourceand a target schema. Such a mapping can then be used
to deducea transformation query for data.

The Cupid system[15] focusesexclusively on schemamatching and doesnot
dealwith the related task of creating a corresponding data transformation/query .
The described approach combinesdi�eren t methods usedin earlier systems,such
as MOMIS [4] or DIKE [20].

The Clio system [9] is an interactive, semi-automated tool for computing
schema matchings. It was intro duced for the relational model in [16] and was
based on so-called value correspondences, which have to be provided by the
user. In [24] the system has beenextended by using instancesto re�ne schema
matchings. Re�nements can be obtained by inferring schema matchings from
operations applied to exampledata, which is done by the user who manipulates
the data interactively. User interaction is also neededin [21] where a two-phase
approach for schema matching is proposed.The secondphase,called semantic

translation, is centered around generating transformations that preserve given
constraints on the schema. However, if few or even no constraints are available,
the approach doesnot work well.

It has been argued in [16] that the computation of schema matchings can-
not be fully automated since a syntactic approach is not able to exploit the
semantics of di�eren t data sources.While this is probably true for arbitrarily
complex matches, it is also true that heuristic and linguistic tools for identify-
ing renamingscan go a long way [12,5]. Certainly, quality and sophistication of



transformations can be increasedby more semantic input. However, there is no
research that could quantify the increase/cost ratio. So it is not really known
how much improvement is obtained by gathering semantics input. The approach
presented in this paper exploresthe extreme casewhere userscannot or are not
willing to provide input, which means to provide fully automatic support for
data transformation.

Information Content. A guiding criterion for the discovery of transforma-
tions is the preservation (or approximation) of the data sourcesto which the
transformations will be eventually applied. Early research on that subject was
performed within relational database theory [10,11] and was centered around
the notion of information capacity of databaseschemas,which roughly means
the set of all possibleinstancesthat a schema can have. The useof information
capacity equivalenceas a correctnesscriterion for schema transformations has
been investigated in [17,18]. In particular, this work provides guidelines as to
which variation of the information capacity concept should be applied in dif-
ferent applications of schema translation. One important result that is relevant
to our work is that absolute information capacity equivalence is too strong a
criterion for the scenario\querying data under views", which is similar in its re-
quirements to data integration. In other words, those �ndings formally support
the useof information approximation in transformation inference.

3 Formalization of Transformation Inference

In the following discussionwe make useof the following notational conventions.

Symbols denote

x, x′, y, z XML elements (also called XML values)
`, `′ lists of XML elements
d, d′ DTDs
t, u tags
t4 XML elements with tag t

t[x1 . . . xk ], t[`] XML elements with tag t and subelements x1 . . . xk (or `)

Sometimeswe want to refer to a subelement without caring about the exact po-
sition of that element. To this end we employ a notation for XML contexts : C〈x〉
stands for an XML element that contains somewherea subelement x. Similarly,
C〈`〉 represents an XML element that contains a list ` of subelements. This no-
tation is particularly helpful for expressingchangesin contexts. To simplify the
discussion,we do not consider attributes or mixed content of elements in the
following.

Now we can describe the problem of XML-transformation inferenceprecisely
asfollows.We are given an XML data sourcex that conformsto a DTD d (which
is written as x : d), but we need the data in the format described by the DTD
d′. Therefore, we are looking for an XML transformation f that, when applied
to x, yields an XML value x′ that conforms to the DTD d′ (that is, f (x) : d′)
and contains otherwiseas much aspossiblethe sameinformation asx. This last



condition can be expressedby de�ning a partial order on XML values≺ that
formalizes the notion of having lessinformation content. A slight generalization
of the problem is to �nd transformations f with the described property without
knowing x. We can expressthe problem mathematically as follows.

P (d, d′) = {f | ∀x.x : d =⇒ f (x) : d′ ∧ @f ′.f ′(x) : d′ ∧ f (x) ≺ f ′(x)}

P de�nes the set of all transformations f that map an XML value conforming to
d to a value conforming to d′ and also have the property that there is no other
transformation f ′ with that property that preservesmore information content.
The generalizedde�nition re
ects the application when the DTD d of the XML
data source is known, but the (possibly very large) XML document x has not
beenloaded(yet). In the following we considerthis secondcasesinceit subsumes
the previous one.

4 Information Preservation and Information

Approximation

We formalize the concepts of information preservation and approximation by
de�ning corresponding relations on XML trees. These relations are induced by
operations on XML values.We considerhere the renamingsof tags and regroup-
ing as an information-preserving operation and the deletion of elements as an
information-approximating operation. This limitation is not really a problem
since the whole theory is generic in the axiomatization of information preser-
vation/appro ximation, which meansthat the set of chosenoperations does not
a�ect the overall approach.

Formally, two elements that have non-matching tags, such as x = <t>a</t>

and x′ = <u>a</u>, are consideredto be di�eren t. However, if we renamethe tag
t in x to u, both elements becomeidentical. We write {t 7→ u} for a renaming of
t to u and {t 7→ u}(x) for the application of the renaming to the element x. It
happensquite frequently that the samedata are named di�eren tly by di�eren t
people. For example, we might �nd bibliographic data sourcesthat wrap the
author information by tags <author>, <name>, <aname>, and soon. With regard
to the information contained in the XML value, the actual choice of individual
tag names does not really matter. Therefore, we can consider a broader kind
of equality \up to a tag renaming r", written as ≡r. For example, under the
renaming {t 7→ u} the elements x and x′ are equal, which we could express,for
example, by x ≡{t7→u} x′. This is because{t 7→ u}(x) = x′. We must be careful
not to renamewith a tag that is already in usein the element to be renamed.For
example, if we renamed<author> to <title>, the meaningof the bibliographic
data from Section 1 would change. In general, a renaming r can consist of a
set of tag renamings, which means that r is a function from old tags to new
tags. These two sets can be extracted from a renaming by dom(r) and rng(r),
respectively.

We can formalize the equivalenceof DTDs modulo renamingsby a rule like
ren ≡ shown in Figure 2. In this and the rules to follow, r denotesan arbitrary



ren ≡

rng(r) ∩ tags(x) =
�

r(x) = x′

x ≡r x′
cong ≡

x1 ≡r y1 . . . xk ≡r yk

t[x1 . . . xk] ≡r t[y1 . . . yk]

grp ≡
C〈t[`1] . . . t[`k]〉 ≡r C〈t[`1]〉 . . . C〈t[`k]〉

del �
C〈x〉 �r C〈〉

cong �

x1 �r y1 . . . xk �r yk

t[x1 . . . xk] �r t[y1 . . . yk]

Fig. 2. Axiomatic definition of information content and approximation

(set of) renaming(s). The �rst premiseof the rule prevents name clashesby re-
quiring fresh tags in renamings. The function tags computes the set of all tags
contained in an XML element. We also have to addressthe fact that somere-
namingsare more reasonablethan others, for example,{name 7→ aname} is more
likely to lead to equivalent schemasthan, say {name 7→ price}. In the described
model, any two structurally identical DTDs can be regardedasequivalent under
somerenaming. This leadsto equivalenceclassesthat are generally too large. In
other words, schemas that would not be consideredequivalent by humans are
treated as equivalent by the model. This will be particularly evident when the
tags usedin the sourceand target DTD are completely or mostly di�eren t.

This problem can be addressedby de�ning an ordering on renamingsthat is
basedon the number and quality of renamings.A cost or penalty can be assigned
to each renaming basedon its likeliness.For example,namesthat are \similar"
should be assigneda relatively low cost. Measuresfor similarit y can be obtained
from simple textual comparisons(for example,onenameis the pre�x of another),
or by consulting a thesaurusor taxonomy like WordNet [1]. Synonyms identi�ed
in this way should also have a low penalty. In contrast, any renaming that has
no support, such as {name 7→ price}, receives a maximum penalty. With this
extension we can measureany equivalenced ≡r d′ by a number, which is given
by the sum of the penaltiesof all renamingsin r. Later, we can usethis measure
to selectthe \c heapest" amongthe di�eren t possibletransformations by favoring
a few, well-matching renamings.

Renaming is the simplest form of extending verbatim equality to a form
of semantic equivalence.As another example, consider a structural equivalence
condition that is obtained from the observation that an element x with tag u con-
taining k repeatedsubelements with tag t is a grouped or factored representation
of the association of each t-element with the rest of x. Therefore, it represents
the sameinformation as the corresponding \de-factored" or \ungroup ed" repre-
sentation as k u-elements each containing just one t-element. For instance, the
following element on the left represents (in a factored way) the sameinformation
as the two elements shown on the right.



<book>

<title>Principia Math.</title>

<author>Russel</author>

<author>Whitehead</author>

</book>

<book>

<title>Principia Math.</title>

<author>Russel</author>

</book>

<book>

<title>Principia Math.</title>

<author>Whitehead</author>

</book>

In general,an element C〈t[`1] . . . t[`k]〉 contains the sameinformation as the list
of elements C〈t[`1]〉 . . . C〈t[`k ]〉. This idea can be captured by the axiom grp ≡

shown in Figure 2.
Finally, we alsoneedcongruencerules to formalize the idea that if elements x

and x′ contain the sameinformation, then so do, for example, the elements t[x]
and t[x′]. This is achieved by the rule cong ≡ shown in Figure 2. This approach
for formalizing the notion of information equivalenceby a set of axiomsand rules
provides a sound basis for judging the correctnessof inferred transformations.

In a similar way, we can axiomatize the notion of information approximation.
For instance, deleting a subelement from an element x yields a new element x′

that contains fewer information than x but agreesotherwise with x. This idea
can be expressedby the axiom del � shown in Figure 2 where we also give
a congruencerule cong � for information approximation. Since the de�nition
of approximation is an extension of equivalence, we also have to account for
renamingsin the predicate �r.

5 DTD Correctness of XML Transformations

DTDs canbeformally de�ned by extendedcontext-free grammars.Non-recursive
DTDs can be represented simply by trees, that is, they can be represented es-
sentially in the sameway as XML values.This tree representation simpli�es the
description of DTD transformations. Note that in this representation * and |

occur as tags. For example,the DTD for bib can be represented by the following
tree.

bib[*[|[book[title, *[author]], article[title, *[author], journal]]]]

Representing DTDs as trees means that we can re-use the tree operations we
have already de�ned for XML values.The complexity of the resulting notation
can be simpli�ed by abbreviating *[e] by e∗ and |[e, e′] by (e|e′) so that we can
recover most of the original DTD notation:

bib[(book[title, author∗] | article[title, author∗, journal])∗]

A DTD transformation is given by a function that maps a DTD d to another
DTD d′. For each XML transformation f , we can consider its corresponding
DTD transformation, for which we write f . Depending on the languagein which



f is de�ned and on the formalism that is usedto describe DTDs and DTD trans-
formations, there might exist zero, one, or more possibleDTD transformations
for f . The DTD transformation f that corresponds to an XML transformation
can also be consideredas f 's type, which is expressedby writing f : d → d′ if
f (d) = d′.

Formally relating DTD transformations to the transformations of the under-
lying XML valuesis achieved by the notion of DTD correctness, that is, an XML
operation f : d → d′ is de�ned to be DTD correct if

f applies to x =⇒ ∀x : d.f (x) : d′

In other words, DTD correctnessmeans that the DTD transformation f that
is associated with an operation f is semantically meaningful, that is, it re
ects
correctly the DTD transformation for each underlying XML value. (We canwrite
the condition also as: ∀x : d.f (x) : f(d).)

6 Basic XML Transformations

The feasibility of the automatic XML-transformation inferencehingesto a large
part on the abilit y to expresscomplexXML transformations ascompositions of a
small set of simple operations, which we call basic operations. The designof these
basic operations is guided by the following criteria. All basic operations must
(a) be information preserving or information approximating, (b) have a clearly
speci�ed DTD transformation, and (c) be DTD correct. Why do we require
these properties? Item (a) ensuresthat inferred transformations do not change
the information contained in XML data or at most lose information, but never
intro ducenew information. Properties (b) and (c) will ensurethat the inference,
which is directed by DTDs, yields transformations of XML valuesthat conform
to these DTDs. The notion of DTD transformations and correctnesswill be
explained below.

Next we consider three basic XML transformations that have beendesigned
guided the just mentioned criteria: renaming, product, and deletion.

Renaming. The renameoperation α takesa renaming r = {t1 7→ u1, . . . , tk 7→
uk} with ui 6= ti for 1 ≤ i ≤ k and applies it to all tags in an XML element x.
We require that the new tags ui do not occur in x.

αr(x) =
{

r(x) if rng(r) ∩ tags(x) = ∅
x otherwise

Let us check the design constraints for this operation. For information preser-
vation we require that the XML value obtained by the operation in question
is equivalent to the original XML value. In the caseof renaming we therefore
require αr(x) ≡r x, which follows directly from the axiom ren ≡ shown in Figure
2. The DTD transformation that corresponds to renaming can be described by:

αr : d → r(d)



which meansthat α transforms an XML value conforming to a DTD d into a
value whose DTD is obtained by renaming tags according to r. The proof of
DTD correctnesscan be performed by induction over the syntactic structure of
the DTD transformation.

Product. Another basic operation is the operation π for de-factoring XML
elements. We also call this operation product since it essentially computes a
combination of an element with a list of its subelements. The tag t of the subele-
ment to be consideredis a parameter of π.

πt(u[C〈t[`1] . . . t[`k]〉]) = u[C〈t[`1]〉 . . . C〈t[`k ]〉]

The additional root tag u is needed in the de�nition to force the repetition
to apply below the root element. We assumeimplicitly in this and all other
de�nitions that operations leave all XML values unchanged that do not match
the pattern of the de�nition. In the caseof π this meansthat for any element x

that doesnot contain repeated t-subelements we have πt(x) = x. Again we can
check the properties of the operation π. First, information preservation follows
from the axiom grp ≡ and the congruencerule cong ≡ shown in Figure 2. The
type of π is:

πt : u[C〈t∗
4
〉] → u[C〈t4〉

∗]

DTD correctnesscan again be shown by induction.
Deletion. As an example for an information-approximating operation, con-

sider the XML transformation δt that deletesa sequenceof t-subelements (on
one level) from an XML element. It can be de�ned as follows.

δt(C〈t[`1] . . . t[`k]〉) = C〈〉

Obviously, δ is not information preserving,but it is information approximating,
which can be proved using the axiom del � from Figure 2. The type of δ can be
described succinctly by re-using the context notation for XML trees.

δt : C〈t∗
4
|t4〉 → C〈〉

As for the other XML transformations, DTD correctnesscan be proved by in-
duction.

To summarize, for all the basic operation ω de�ned, we have the following
property.

∀x.x : d =⇒ ω(x) : ω(d) ∧ (∃r.x ≡r ω(x) ∨ ω(x) �r x)

That is, each basic operation ω is: (1) DTD correct and (2a) information pre-
servingor (2b) information approximating (recall that ω denotesthe DTD trans-
formation of ω).

7 Transformation Inference

A very simple, although e�ectiv e, initial approach is to build a search space
of DTDs starting from the DTD of the sourcedocument, say d, by repeatedly



applying all matching operations until the target DTD, say d′, is reached. By
\matc hing operations" we mean basic operations whoseargument type have d

as an instance.
In the search we always favor following paths along information-preserving

operations over information-approximating operations. Whenever we apply α we
take tags(d′) as a pool from which to draw new names.We also have to ensure
not to repeatedly apply inverserenamingsto prevent running into in�nite search
paths.

Oncewehavereachedd′ by this procedure,the path from d to d′ in this search
spacecorrespondsto a sequenceof basicXML transformations ω1, . . . , ωk whose
composition f = ωk · . . . ·ω1 is the sought transformation of type d → d′. This is
becausewe are using only DTD-correct transformations. If all basic operations
ωi are information preserving, then so is the transformation f . If at least oneωi

is information approximating, then so is f . If we are not able to generated′, the
algorithm stops with an error.

To illustrate the transformation inferenceby an example, consider the task
of creating a list of title/author pairs for books from the bib element. This means
to �nd a transformation from the DTD d for bib

bib[(book[title, author∗] | article[title, author∗, journal])∗]

into the following DTD d′.

bookAuthors[book[title, author]∗]

First, sincethe tag bookAuthors is not contained in the sourceDTD d, we know
that we have to apply αr with r = {bib 7→ bookAuthors}. Next, we can apply
δarticle becauseits type matcheswith the context

C1 = bookAuthors[(book[title, author∗] | 〈 〉)∗]

However, we might also apply πauthor by choosing, for example, the following
context (note that u = bookAuthors).

C2 = (book[title, author∗] | article[title, 〈 〉, journal])∗

(Alternativ ely, we could alsomatch author∗ in the book element.) Nevertheless,
we chooseto apply δ becauseit is simpler, which is somehow indicated by the
smaller context C1. We could also try to apply δbook to delete the book element,
which, however, doesnot seemto make any sensebecausewe then \lose" a tag
of the target DTD. After having applied δarticle, we have reached the DTD
described by the context C1. Now it makessenseto apply πauthor. Before we do
this, however, we simplify C1 according to a rule d|〈 〉 = d to remove the now
unnecessary| constructor. So the context for the application of πauthor is (with
u = bookAuthors):

C3 = book[title, 〈 〉∗]∗

The resulting DTD after the application of πauthor is

bookAuthors[(book[title, author]∗)∗]



A �nal simpli�cation through the rule (d∗)∗ = d∗ [23] yields the target DTD.
The inferenceprocesshas therefore generatedthe transformation

f = πauthor · δarticle · α{bib7→bookAuthors}

The description is a bit simpli�ed, becausein order to apply the operations in f

to someXML value, we needall the contexts that were determined during the
inferenceprocess.Treating thesecontexts here like implicit parameters,we can
now apply f to bib and obtain the desiredXML value.

With two additional operations for lifting elements upward in XML trees
and grouping elements according to common subelements, we can describe the
XML transformation that is required for the example given in Section 1. De-
signing these operations so that they are DTD correct and information pre-
serving/approximating and making transformation inference powerful enough
to discover them is part of future work.

8 Conclusions

The fast growing number of Web applications and available information sources
carries the danger of creating isolated data and application islands becausethe
distributed nature of the Internet doesnot enforcethe useof common schemas
or data dictionaries. Our approach aims at avoiding these data islands and to
promote the free
o w and integration of di�eren tly structured data by developing
a system for the automatic generation of XML transformations.

Our approach di�ers from previous e�orts sincewe aim at a fully automated
transformation discovery tool where user interaction is not required a priori. It
will not, however, rule out any additional input the user is willing to provide. As
one example,user-de�ned renamingscan be easily integrated into our approach
by setting penaltiesfor theserenamingsto zero.In other words,userscan interact
if they want to, but are not required to do so.
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14. B. Ludäscher, Y. Papakonstantinou, and P. Velikhov. Navigation-Driven Evalua-
tion of Virtual Mediated Views. In 7th Int. Conf. on Extending Database Technol-

ogyEuropean, LNCS 1777, pages 150–165, 2000.
15. J. Madhavan, P. A. Bernstein, and E. Rahm. Generic Schema Matching with

Cupid. In 27th Int. Conf. on Very Large Databases, pages 49–58, 2001.
16. R. J. Miller, L. M. Haas, and M. A. Hernàndez. Schema Mapping as Query Dis-
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