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ABSTRACT example driven mapping design tool currently implementedop
of Clio [6]. Muse can differentiate between alternative ipiag
specifications and infer the desired mapping semanticsdbaise
the designer’s actions onshort sequence of simple data examples.
Summary of demonstration features. We demonstrate Muse-G,
the component of Muse which helps a designer derive theetksir
grouping semantics for a mapping specification using exasapl
For instance, through examples, Muse-G can infer whetleed¢h
signer intends to group projects by a company’s name andidoca
or only by a company’s name. Grouping or combining related da
together is an essential functionality of many integrasgstems.
However, tools such as [2, 5, 6] definelefault grouping function
for every target nested set in a mapping, which can only baiman
ally modified. This can prove to be a difficult task, if the sctaes or
the number of possible arguments for a grouping functioresge.
Indeed, if there are possible attributes to group by, then there are
2" choices of grouping functions. Furthermore, it may not be ob
vious to a designer, what thepossible grouping attributes are [4,
6]. To illustrate this point, our demo will take users thrbuex-
ample mapping scenarios, and give them an opportunity toated
the possible grouping attributes themselves. We will destrate
that this is not always an easy cognitive task. We demoestrat/
Muse-G infers the desired grouping semantics through ttierec
taken by the designer onshort sequence of simple data exam-
ples. We also demonstrate how Muse-G exploits source schema
1. INTRODUCTION constraints (keys and functional dependencies in genesdien
Schema mappings, or mappings in short, are logical assertions  available, to reduce the number of examples presented te a de
that specify the relationships between a source and a sechema signer. The interactive nature of the demonstration wibvalus
in a declarative way. The specification of such mappings ismaf  to show how the examples illustrate design alternativesriruah

Schema mappings are logical assertions that specify théael
ships between a source and a target schema in a declarative wa
The specification of such mappings is a fundamental probtem i
information integration. Mappings can be generated bytiexjs
mapping systems (semi-)automatically from a visual speatifin
between two schemas. In general, the well-known 80-20 npde a
plies for mapping generation tools. They can automate 80beof
work, covering common cases and creating a mapping thatse cl
to correct. However, ensuring complete correctness clresfilire
intricate manual work to perfect portions of the mapping.

Previous research on mapping understanding and refinement a
anecdotal evidence from mapping designers suggest thatape
ping design process can be perfected by using data exanmples t
explain the mapping and alternative mappings. We demdastra
Muse, a data example driven mapping design tool currentbfem
mented on top of the Clio schema mapping system. Muse lessrag
data examples that are familiar to a designer to illustragsnes of
how a small change to a mapping specification changes itsrsema
tics. We demonstrate how Muse can differentiate betweenreit
tive mapping specifications and infer the desired mappingase
tics based on the designer’s actions on a short sequencmpliesi
data examples.

damental problem in information integration. Existing rpengy more natural way than having the designer deduce the preper s
systems such as Clio [6], HePToX [2], and IBM’'s Rational Data mantics and edit the mapping specification directly. In tddj
Architect [5], can (semi-)automatically generate mappifrom a we demonstrate how Muse-G supports the incremental deign o
visual specification between two schemas. In general, tHe we grouping function without restarting the process from sara
known 80-20 rule applies for mapping generation tools. Tteay We also demonstrate Muse-D, the component of Muse which
automate 80% of the work, covering common cases and creating helps a designer choose among alternative interpretatfaarsam-
mapping that is close to correct. However, ensuring corapiet- biguous mapping. Intuitively, a mapping is ambiguous ifqéesi-
rectness can still require intricate manual work to perfeetions fies, in more than one way, how an atomic target schema elément
of the mapping. to be obtained. For example, a schema mapping could be ambigu
As described in [1], the mapping design process can be pedec  ous because it asserts that a project supervisor is a projact
by using data examples to explain the mapping and altematap- ager or a project tech-lead at the same time. We demonsivate h
pings. Mapping designers usually understand their daterttétn Muse-D can help a mapping designer understand and diffetent
they understand mapping specifications. Hence, familita d&- among all interpretations of an ambiguous mapping thraugh-
amples could be leveraged to illustrate nuances of how alsmal gle small data example of the source. The designer is presented
change to a mapping specification changes its semantics. with a partial target instance derived from the source deaagle

Motivated by the observations above, we have built Muset@ da and asked to select among a small set of data choices. We show
how the designer’s actions on these choices translate inticgae
Copyright is held by the authorfowner(s). |nterpretat|0n of the ambiguous mapping. ' ’
SIGMOD' 08, June 9—12, 2008, Vancouver, BC, Canada. Finally, we demonstrate how Muse leverages the desigreer’s f
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Figurel: An examplereational-to-XML schema mapping.

miliarity with the actual source instance by attempting xtract
“real” examples from the source instance first. Sometintesat-
tual source instance is insufficient to illustrate all dasiterna-
tives. When this happens, Muse “falls back” to its own sytthe

ically constructed example. Moreover, we show how the Visua

interface of Muse is able to highlight “related” source aatget
tuples in a data example, thus facilitating the designerteustand-
ing of the mapping even further through these relationships
After testing our system on several real life scenarios, axeeh
found that it scales well with the complexity of the mappin@n

the average, Muse takes less than a second to obtain the lexamp

instances that are presented to the mapping designer astgzh
For a thorough experimental evaluation of Muse, we refeiirthe

terested reader to [1].

Technical contribution. Our main technical contribution is an im-
plementation of a mapping designer with the above mentideed

tures. To the best of our knowledge, Muse is the first data exam

ple driven mapping design tool that implements these fonetk
ities. While our work is largely inspired by Yan et al. [7], we
significantly beyond the techniques and space of altematisp-
pings supported by [7]. Our work is complementary to the wafrk

[3] which allows a designer to understand and debug scherpa ma

pings by showing the relationships, called routes, betvgeemce
or target data. In their system, the mapping designer is nideg

with examples in creating or refining a schema mapping, but in
stead must manually change the mapping, once a problem &as be

identified by analyzing the routes. We refer the interestzier
to [1] for complete discussion of related work.

Although we have built Muse on top of Clio, our techniques are
independent of Clio and can be deployed with any mapping sys-
tem based on a similar mapping formalism. Furthermore, Muse

works for any combination of relational and XML source and ta
get schemas.

2. DEMONSTRATION OVERVIEW

We illustrate the main features of Muse through an exampf@ ma
ping kept simple, for ease of exposition. We emphasize thg¢n-
eral, real life mappings are much more complex than ourtititise

example, and thus harder to perfect. We will use a more comple

schema mapping in our actual system demonstration.
Our schema mapping example. We use the nested relational
model and nested mapping language of [4] for describing @ap-m
ping (see Figure 1). Nested mappings generalize the majiging
guage of [6] which is equivalent &purce-to-target (s-t) tuple gen-
erating dependencies or global-local-as-view (GLAV) assertions and
widely used in research on data exchange and integratiovebat
relational schemas.

Figure 1 shows anapping scenario between a relational source
schemaCompDB and a nested target schei®agDB. (Ignore the

dashed referential constraifif for now.) Such a mapping scenario
is interpreted by a mapping-generation tool such as Clié][#to
a set of s-t constraints thatkclaratively specify the relationship
between the two schemas. The mappingn Figure 1 is an ex-
ample of one of the constraints generated. The outer part a-
serts that for everfCompany tuple c (refer to the firsfor clause of
m) there must exist a®rg tuple o in the target (the firsexists
clause ofm) with the value foroname extracted frome.cname
(first where clause ofm). Furthermore, the value af Projects
is the SetID (also calledrouping function or Skolem function)
SKProj(c.cid, c.cname, c.location). The inner part ofn asserts
that for everyProject tuple p and Employee tuple e that together
with the Company tuple ¢ satisfy the referential constrainfs and
f2, there must exist Broject tuplep; within the seb.Projectswith
the corresponding values fpname, supervisor andcontact.
According to [4], the default SetID arouping function for Projects
in m is SKProje.cid, c.cname, c.location) or SKProjcid, cname,
location), whenc is understood from the context. In other words,
Project records are grouped according to the values of all attribute
of the Company record. To illustrate, consider the following source
and target instances satisfying the specification givemby

Source instance:
Companies:

111 IBM Almaden

112 IBM Watson
Projects:

DBSearch 111 el4 el5
WebSearch 112 el4 el5
Employees:

el4 Anna anna@ibm

Target instance:
Orgs:
IBM
Projects: SKProj(111, IBM, Aimaden)
DBSearch  Anna anna@ibm
IBM
Projects: SKProj(112, IBM, Watson)
WebSearch Anna anna@ibm

The two Project records in the target appear in distinct groups
identified by SetIDs SKProj(111, IBM, Almaden) and SKPrdj21
IBM, Watson), respectively. If SKPrajfame) is the grouping func-
tion instead, therProject records are grouped accordingdmame
of Company records. Hence, the tweroject records would appear
together under the sanfeojectsrecord identified by SKProj(IBM).

2.1 Muse-G: Designing Grouping Functions

We demonstrate the Muse-G wizard which infers a grouping
function that has the same grouping semantics as the actug-g
ing function that the designer has in mind, through a sequefic
“questions” posed to the designer. Here, we only demoreshaiy
Muse-G designs the grouping function SKProRubjects. The al-
gorithm behind Muse-G is described in detail in [1]. Intuéiy,
Muse-G examines every attribute in the seitd{cname,location}
of all possible arguments for SKProj. With each attributsmall
example source instande is constructed, from which two differ-
entiating target instances are obtained: one is the relSuitlading
the attribute as part of SKProj im, and the other omits it.

For example, supposgd is examined first. Muse-G will con-
struct an example source instankeshown on top of Figure 2
and show two different target instances (Scenarios 1 and=igin
ure 2) that are obtained by executing mappings and respec-
tively, mo on I.. Here,m, andm. are identical tan except that
m1 groups Projects bygid (i.e., SKProj€id)) andm2 groups all
projects together, regardlessadd,cname, andlocation values (i.e.,
SKProj()). Next, Muse-G asks the designer whether sceriaoo
2 looks correct. Assuming that the designer has the groupimgy
tion SKProjcid) in mind, she would select Scenario 1 in Figure 2.
Then, Muse-G repeats a similar process with the next at&sbu
cname andlocation to determine whethetname andlocation are
part of the grouping function SKProj.

Now we examine in more detail what happens when Muse-G ex-
amines each attribute in the setd,cname,location}. At each step,
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Figure 2: Screenshot of Muse-G, wherex C {IBM, Almaden}.

the goal is to carefully construct a small example sourctaime
I., from which two differentiating target instances are aféai:
one is the result of including the probed attribute undeméra-
tion as part of SKProjs im, and the other omits it.

Suppose we examingd first. Muse-G first constructs its own
example synthetic instande,+x, as shown below.

Tsynin:{Company(ci,n1,11), Project(p1, c1, e1,t1),
Employee(es, eni, cni),

Company(c% ni, l1), PI’OjeCt(pz7 c2,€2, tz),
Employee(ez, ens, cn2)}

Observe that each relation ..+, has two tuples. Further-
more, every attribute value of every tuple is distinct, gtcier
cname andlocation values ofCompany tuples. The reason for this
is so that the target instances generatedrbwith SKProjcid,y),
wherey C {cname,location}, versusm with SKProjfy) will be
non-isomorphic. Indeed, the former target instance wittao two
distinct Project sets, while the latter consists of only oReoject
set. Next, Muse-G executes the following query against thesh
source instancé in order to retrieve real tuples for the example
instancel..

Qe Company(ci, n1,11) A Company(ca, n1,l1)A
PI’OjeCt(p17 ci1,e1, tl) N PI’OjeCt(pz7 C2, €2, tz)/\
Employee(e1, en1, cni) A Employee(ez, ena, cn2) A c1 # c2

All variables of Q' are universally-quantified. The two Com-
pany tuples must disagree oid (the probed attribute) and agree
on cname andlocation as explained earlier.

If Q' (I) returns an empty result, Muse-G will present the de-
signer with the synthetic instande,.:», shown earlier. Alterna-
tively, a “semi-real”’l. may also be constructed by putting together

-loix
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Figure 3: Screenshot of Muse-D.

various real values drawn froth However, this may lead to com-
binations that are misleading to the designerQff (I) returns a
non-empty result, Muse-G constructs a real example baséldeon
returned values. A possible real example constructed swlay
is shown at the top of Figure 2, where each tuple&Companies,
Projects andEmployees exists inI.

Next, Muse-G obtains two differentiating target instansieswn
in Scenarios 1 and 2 in Figure 2, starting frdmwith mappings
my and respectively;n.. Here,m; andm. are identical tan ex-
cept they have SKProje) and respectively, SKProjs() as group-
ing functions forProjects. Now, Muse-G asks the designer “which
target instance looks correct”?

Note that the instancé. has been carefully crafted so that the
result of applyingn on I. is isomorphic to the result of applying
m} on I., wherem/ is a mapping obtained fromn by replacing
SKProjs with SKProjs{cid} UY’), whereY C {cname, location}.
Sincecname andlocation values are identical for the tw@ompany
tuples inI., the mappingm: has the same effect as} on I..
Similarly, m» has the same effect as’ on I., wheremy is ob-
tained fromms by replacing SKProjs with SKProjs(). Hence,
based on the designer’s choice of Scenario 1 or 2, Muse-@attyr
determines whethetid is part of the designer’'s desired group-
ing function. So with one question, we either eliminate adipm
pings usingcid (not only SKProjs¢id), but SKProjs€id, cname),
SKProjs€id, location), and SKProjggid, cname, location)), or we
eliminate all mappings that do not usl in the skolem function
for Projects.

Exploiting sour ce schema constraints. We also demonstrate how
Muse-G exploits source constraints such as keys (or fumaitide-
pendencies in general) to reduce the number of examplesisioow
the designer. For example,dfd is the key forCompanies, then for

all source instances that satisfy the key, we know that antiatlsy
rewarding sequence of attributes to examine woulditéirst, fol-
lowed by eithecnameor location. If the designer chooses Scenario
1, then Muse-G can immediately conclude SKRuiolwithout ex-
amining the rest of the attributes. As we show in [1], grogpivith
SKProj(cid) is the same as grouping with SKPmfl,y), where

y C {cname, location}. Consequently, there is no need to examine
the attributesname andlocation, thereby reducing the number of
examples shown to the designer by two.

Incremental design. We also demonstrate how grouping functions
can be designed incrementally. This feature is useful fondgthg a
designer to return to refine her design at a later time. We $toow
an existing grouping function (e.g., SKProj) may be refinétthaut
restarting Muse-G from scratch, by choosing to “group mdre’,
merge multiple groups into a bigger group) or “group less&.(i
split a group into multiple smaller groups) on SKProj.



2.2 Muse-D: Disambiguating M appings

We demonstrate how Muse-D can be used to select among mul-

tiple interpretations of ammbiguous mapping through examples.
Consider the additional referential constrajatin Figure 1. Note
that there are now two referential constraints friéroject to Employee.
This new mapping scenario can be interpreted in several \i@ys
of which are condensed into the mapping shown below.
m,: for cin CompDB.Companies
exists o in OrgDB.Orgs
where c.cname=o0.oname, o.Projects=SKProj(c.cid, c.cname, c.location),
for p in CompDB.Projects,
e, in CompDB.Employees, e, in CompDB.Employees
satisfying p.cid=c.cid, e,.eid=p.manager , e,.eid=p.techlead
exists p, in o0.Projects
where p.pname=p,.pname,
(e,.ename=p,.supervisor or e,.ename=p,.supervisor),
(e,.email =p,.contact or e,.email =p,.contact)

The mappingn, is ambiguous. It containsor predicates to il-
lustrate alternative interpretations. The non-bold pamtscommon
to all four interpretations and each of the bold conjuncpsesents
two alternative ways of associatingpervisor (andemail, respec-
tively) with a Project.pname. For example, the first set @i con-
ditions specifies that one can extract eitherniamager’s name or
thetech-lead’s name as theupervisor of a project.

To disambiguate the four interpretationsaf,, Muse-D con-
structs asingle small example source instande shown in Figure 3
with the property that four pairwise distinct target instas can be
generated, one from each interpretatiomaof. The designer’s se-
lection of one of these target instances is thus a selecfioneof
the interpretations afn,. In our system, Muse-D does not display
all four distinct target instances. Instead, it compactipresents
them in one “instance” by factoring common parts and display
the alternatives for each ambiguous schema element angotali
me (See the target instance in Figure 3). If the designer pilcks t
values Anna fosupervisor and Jon@ibm focontact, it means that
the desired mapping is one that uses.éname = p;.supervisor"
and “e;.email = p;.contact” in the where clause ofm,,.

Next, we briefly illustrate the way Muse-D constructs a dife
tiating example source instance. Muse-D first construcysthstic
examplel,,.+» Which consists of &ompany tuple (1,cn1,l1), a
Project tuple (p1,c1,e1,e2) and twoEmployee tuples ¢1,en1,cn1)
and e2,enz,cn2), corresponding to the manager and respectively,
the technical leader of the projeet. The query below is executed
to replacelyn+x With I., which consists of real tuples from an ex-
isting source instanck

Q' :Company(c1, cni,l1) A Project(pi, c1, e1, e2)A
Employee(e1, en1, cni) A Employee(ez, ena, cnz) A
eni # ena A cni # cne

All variables ofQ'< are universally quantified. Sinsapervisor
andcontact are ambiguous elements accordingitg, we add the
inequalitiesen; # en2 andeni # cn2 to ensure that one can dis-
ambiguate mappings according to the designer’s selecticdhese
values. A possible real example constructed f@Mm(I) is shown
in Figure 3. IfQ’ (I) returns an empty result, then the synthetic
instancel,y»:» Shown above would be presented to the designer
instead.

Finally, Muse-D appliesn, on I. to generate the target instance
with “choices” shown also in Figure 3. Intuitively, the ncheice
part of the target instance is generated by applying theamobiguous
part ofm,, on I.. The choices for an atomic target element are ob-
tained by taking the union of values extracted from eachiradté/e.
After this, the designer “fills-in-the-choices” in the tatgnstance.
The completed target instance translates into an undgriyiap-
ping thatm, encodes.

2.3 Constructing and Visualizing Examples

We demonstrate how Muse extracts, whenever possible, exam-
ple instances from a real source instance provided by thgrigs
falling back to “artificial” examples only if a real exampls not
found. The example instances are obtained by executingpppr
ate SQL/XQuery queries on the real source instance. Fuonthrey,
the time that the designer has to wait for a real example framem
is minimized as much as possible: Muse exploits the "thimmkiet
of the designer on the current example, to precompute okaene
ples ahead of time in the background.

We also demonstrate how the visual interface facilitatesds
signer's understanding of nuances in the mappings eveheiurt
by automatically highlighting how source and target datlues
are related via mappings in an example. Consider the example
shown in Figure 2. When the designer selectsRhgect tuple
under SKProj(11%) in Scenario 1 (i.e., the DBSearch tuple), the
source tuples that are related to the DBSearch tuple by therun
lying mapping are highlighted. In addition, the DBSeargbléus
also highlighted in Scenario 2 (under SKPsgj)(because the same
source tuples contribute to it. However, the DBSearch tigtet
in the same group as the WebSearch tuple in Scenario 1, hut the
are in the same group in Scenario 2. The highlighting thus-ill
trates the difference in the semanticsofvith grouping functions
SKProjid,y) and respectively, SKPrgj{. Similarly, in Figure 3
the values currently picked by the designer in the targeairce are
automatically highlighted by Muse in the example sourcéaimse,
indicating where the values are extracted from.

3. SYSTEM ARCHITECTURE

Muse is implemented in Java 5 on top of the Clio system. Clio
presents the designer with a list of ambiguous mappingsyifand
Muse-D is used in disambiguating them. Once a mapping isrdisa
biguated, Muse-G is employed in designing its grouping fions.

4. CONCLUSION

We have described the functionalities we demonstrate fasdyiu
a mapping design wizard that uses data examples to helpneesig
understand, design, and refine schema mappings. Muse permit
designer to work with data rather than with complex spedifics
to understand a mapping’s semantics. Muse works on two impor
tant components of a mapping specification, correspondiribet
design of desired grouping semantics for mappings (Musafd)
the desired interpretation of ambiguous mappings (Muse-D)
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