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ABSTRACT We are investigating the data mapping problem in khedu-

We demonstrate a prototype of the relational data mapping moduleIar Int(_agratlon _Of Qgeryable Information SourcGﬂIQl_S) pro_Ject_

of MIQIS, a formal framework for investigating information flow at Indiana Unlverglty [21]'. a fo”“f?" framework for |nvest|gat|qg

in peer-to-peer database management systems. Data maps constil'2"Y aspects of information flow n PZPDBMS' Among the dis-
tute effective mappings between structured data sources. Thesé'ngu'Sh'ng feature§ of MIQIS are its genere_lllty and focus on the
mappings are the ‘glue’ for facilitating large scale ad-hoc infor- modular nature of |nforme_1t|on systems. This approach naturally
mation sharing between autonomous peers, and automating theifncompasses XML, relational, text, deep web [4], and other data
discovery is one of the fundamental unsolved challenges for infor- SOUces. The framework fully respects the autonomy of peers to
mation interoperability and sharing. Our approach to automating Ma&nage locally their schemata and concepts. On the Semantic Web
data map discovery utilizes heuristic search within a space delin- gnd P,ZPDBMS’ global consensus and manI'th'C archlt_ectures are
eated by basic relational transformation operators. A novelty of our Infeasible. MIQIS fully accommodates this heterogeneity of data
approach is that these operators include data to metadata transforS0Urces in large scale ad-hoc information sharing scenarios.

mations (and vice versa). This approach leverages new perspective® RELATIONAL DATA MAPPING

on the data mapping problem, and generalizes previous approaches Can the discovery of data mappings be (semi) automated? That

such as token-based schema matching. is, can the discovery of an appropriate mapping between data struc-
tured under two distinct schemas be facilitated with minimal user

1. INTRODUCTION input? A very general statement of tBata Mapping Problenis
The vision of peer-to-peer database management systems (P2pas follows:
DBMS) brings promise of ad-hoc dynamic information sharing, DEFINITION 1 (DATA MAPPING PROBLEM). Given source

with support for richer semantics than the current breed of sim- gchemas target schemd’, and query languagé, find a trans-
ple file-sharing peer-to-peer systems [7, 10]. The complementary formationr € £ (if it exists) such that for any instaneeof S and
vision of the Semantic Web also holds promise for intelligent com- corresponding instanceof T, s — ¢

plex information exchange on the Web [2, 7]. It is important to
note that these systems cannot and should not be built from scratchNote that in this most general problem statement, we do not assume
A significant portion of data on the Web resides in non-Semantic- S and7 are schemas of the same data model. It is not immediately
Web-enabled structured sources [4, 7]. The participation of these clear how to automate a solution to this problem. In this demonstra-
sources in P2PDBMS information sharing scenarios requires new tion we report on a prototype implementation of the MIQIS module
enabling technologies which respect source autonomy. to generate whenS and7 are bottrelational schemas.

A fundamental unsolved challenge in information sharing is the
Data Mapping Problemautomating the discovery of effective map-
pings between structured representations of data. These mapping
are the basic ‘glue’ for facilitating ad-hoc information exchange

ExAMPLE 1. Suppose that peers contain student grade infor-
g1ati0n within a larger ‘e-learning’ network for managing student
information. In this example, suppose there are three schools man-
between autonomous peers [7]. This central problem is encoun- 29ing separate relational databases for this data as illustrated in
tered in many information management settings. Consequently, '9ure 1. As shown, there are many natural ways to organize even
many variants of the problem have been identified and investigated: € Simplest datasets such as these. Note thatto move between these
schema mapping [17], schema matching [5, 18], and data transla-representations of student data, datametadata transformations
tion [19] during data integration [12], ontology mapping [8] on the _mus_t be performeql. We will use this setting as our running example
Semantic Web, and model matching [15], to name a few. in this demonstration.

2.1 Data Mapping as Search
We view the data mapping problem asearch problemA key
Permission to make digital or hard copies of all or part of this work for Component of our solution is tHeosetta Stone Principleiser pro-
personal or classroom use is granted without fee provided that copies arevided small ‘canonical’ instances & and7 can be effectively
not made or distributed for profit or commercial advantage, and that copies used to guide the discovery ofin a transformation space. These
bear this notice and the full citation on the first page. To copy otherwise, to jnstances are elicited in a manner similar to the interactive building

republish, to post on servers or to redistribute to lists, requires prior specific ¢ oviraction patterns in the Lixto visual wrapper system [6]. In our
permission and/or a fee. ’

SIGMOD 2005June 14-16, 2005, Baltimore, Maryland, USA. approach, we also explicitly consider the full data mapping prob-
Copyright 2005 ACM 1-59593-060-4/05/.00. lem space for relational DBs: we consider both schema matchings
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Figure 1: Mappings between student grade databases.

Table 1: Basic transformations defining relational search space.

(ie, traditional metadata~ metadata mappings between schema

elements) and date- metadata mappings where data elements in be SQL compatible queries so that we can maximize the use of un-
one structure serve as metadata components in the other (or vicederlying RDBMS technology. In our solution, we consider a fixed
versa) [11, 16]. It is important to note that consideration of the set of simple SQL compatible transformations on data in TNF (Ta-
full mapping space blurs the distinction between schema matching ble 1). This allows us to consider data mapping discovery as an
[18] and schema mapping [17]. Data-metadata ‘matching’ encom- exploration of the transformation space of these operators on the
passes schema matching as a special case; when metadata itself jsput Rosetta Stone source instance. Search terminates when the
seen as data, the entirety of schema matching and schema mappingNF representation of the source instance becomes a superset of
is encompassed itata mapping The output of our relational data  the TNF representation of the input Rosetta Stone target instance.
mapping module is a data-to-data transformation that is parameter-at this point, the transformational path is translated to a parameter-
ized by schema information. ized map between instances of the source schema and instances of
the target schema.

2.2 TUple Normal Form In th?e approach, we make no assumption of common domains,
Another key technical component of our approach is a normal global schema, underlying generative ontology, or other simplifi-
form for relational dataTuple Normal Form{TNF), first introduced cations. We treat data simply as opaque objects; the search pro-

by Litwin et al. [13]. This standardized format for representing cess is purely syntactically and structurally driven [3, 9]. As per
relational data allows us to seamlessly manipulate metadata along-the Rosetta Stone Principle, the user-provided canonical source and
side data using standard SQL. Furthermore, multiple input relations target instances provide the initial matches which drive the search
are represented in a single TNF relation; thus TNF enables dataprocess.
mappings where the source and/or target information may be split Al structural transformations between student databases in Fig-
over more than one relation (such as the transformations involving ure 1 can be performed using compositions of the simple, compo-
databas&3in Figure 1). sitional, invertible transformations shown in Table 1. These oper-
For a given relationy, we compute TNF of- (denotedr”) as ators mimic algebraic operators developed elsewhere for federated
follows. First, every tuple in the relation is given a unique identifier.  relational systems [20]. These operators are easily implemented in
Then,r* is a four-column relation with attributésID, REL, ATT, SQL on the TNF representations of relational databases.
VALUE containing the data im in a piecemeal fashion. For an

input databasé, d* is simply the union of* for all r € d. ExAMPLE 3. Consider the basic transformations involved in

restructuring the information iiG1 into the format ofG2

ExAMPLE 2. We illustrate this with the TNF of databa&sS. Ry =1 (GI*, Assignment , Percentage )

G3* : i
Promote assignments to metadata.
TID _REL ATT VALUE Ry := x(R;, Assignment )
t;  Assignmentl Name Saori Drop columnAssignment .
ty Assignmentl  Percentage 94 R3 := »(R2, Percentage )
tz  Assignmentl Name Yukie ’ Drop columnPercentage .
to Assignmentl ~ Percentage 88 R4 := p(R3,_, Name Student )
ts  Assignment2 Name Saori " Rename columNameto Student .
t3 Assignment2  Percentage 97 Rs := ®(Ry4, Student )
ty  Assignment2  Name Yukie Merge assignment grades for students.
ta Assignment2  Percentage 89

Note that TNF of a database can be computed in SQL withaccess  The output TNF relatioris is exactlyG2".
to system tables. ) ) o ]
Note that the user is responsible for providing post-filters such

. . as “Drop all students with grades less than 70", if desired. The
2.3 Relational Transformation Space operators presented focus on bulk structural transformations rather

Ideally we would like our mapping languag®to be practical. than selections. In fact, selection conditions cannot in general be
In the context of relational data sources, this means mappings mustuniquely determined [10].
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Figure 2: The search for relational data mappings.

Approaching the data mapping problem as discovery of a trans-
formation from TNF to TNF database representations in a rela-

tional search space delineated by basic transformations allows us to 4]

leverage existing artificial intelligence search techniques [14]. The
search is depicted in Figure 2. The branching factor of the search
must take into account the active domain in the Rosetta Stone in-
stances, which means the (unoptimized) branching factor is pro-
portional to|s| + |¢|. In spite of this daunting search space size,
our initial experiments have shown that the search performs well in
practice. In particular, metadata to metadata mappings (i.e., token-
based schema matching [18]) are possible for hitherto unrealized
scenarios, such as multi-relation mappings between wide source
and target instances.

3. RELATED WORK

Due to space constraints, we omit a comprehensive discussion
of related work. Most closely related to our data mapping solution
are the works of Bilke et al. [3] on using duplicate values to guide
schema matching, Barbancgon et al. [1] and Doan et al. [5] on lever-
aging machine learning techniques for schema integration, Kang
et al. [9] on treating data as opaque objects during schema match-
ing, and the Clio project [17] on semi-automating the discovery of

schema mappings. Our work complements and extends these works

with a new perspective on the data mapping problem and a novel
solution to this problem for the complete transformation space for
relational sources.

4. DEMONSTRATION

A prototype semi-automatic search module for relational data [16]

mappings has been fully implemented in Scheme. The search rou-

tine takes as input Rosetta Stone source and target instances, trand!7]

(18]

lates them into TNF, and performs the search for a transformation
from the source to the target as outlined above. The purpose of

[15]

with significantly less memory usage and hence performs well in
practice.

A comparison between three search heuristics will also be given.
Each of the three measures gives an idea of the relative “contain-
ment” of the target database in the current search database. Search
is terminated when the target is fully contained in the transformed
input instance. The path taken is then “backed up” to produce the
generating transformations. For a given search staded target
statet, heuristich; measures the number of relation, column, and
data values in the target stdaterhich are missing in state, heuris-
tic ho measures the minimum number of promotiofy gnd de-
motions () needed to transform into targett, and heuristicis is
simply max{hi(x), h2(x)}.

During the demonstration, we will allow participants to graph-
ically select search method, heuristic measure, and source/target
inputs from a large body of examples. We will then illustrate the
progress of the search in real time.
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