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ABSTRACT

A schema mapping is a high-level declarative specificatioth®
relationship between two schemas; it specifies how datateted

under one schema, called the source schema, is to be cahverte

into data structured under a possibly different schemdeddhe
target schema. Schema mappings are fundamental compdoents
both data exchange and data integration. To date, a landoage
specifying (or programming) schema mappings exists. Hewev
developmental support for programming schema mappingdlis s
lacking. In particular, a tool fodebuggingschema mappings has
not yet been developed. In this paper, we propose to builthagie
ger for understanding and exploring schema mappings. V¢epte
a primary feature of our debugger, calledites that describes the
relationship between source and target data with the schespa
ping. We present two algorithms for computing all routes oe o
route for selected target data. Both algorithms execut®iynp-
mial time in the size of the input. In computing all routesr ou
algorithm produces a concise representation that factorsmon
steps in the routes. Furthermore, everinimal route for the se-
lected data can, essentially, be found in this representatDur
second algorithm is able to produce one route fast, if themne,
and alternative routes as needed. We demonstrate theiliéasib
our route algorithms through a set of experimental resultbath
synthetic and real datasets.

1. INTRODUCTION

A schema mapping is a high-level declarative specificatfdhe
relationship between two schemas; it specifies how datatated
under one schema, called the source schema, is to be cahvene
data structured under a possibly different schema, cdiledarget
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a language that is based on tgds and egds for specifying ¢er pr
gramming) schema mappings has several advantages ovar-low
level” languages, such as XSLT scripts or Java programs1ay,

in that it is declarative and it has been widely used in thenfdr
study of the semantics of data exchange and data integrdtien
deed, the use of a higher-level declarative language fayrpm-

ming schema mappings is similar to the goal of model manage-
ment [4, 15]. One of the goals in model management is to reduce
programming effort by allowing a user to manipulate higlesel
abstractions, called models and mappings between modetsisi
case, models and mappings between models are schemas and map
pings between schemas. A recent example of a data exchange
system that allows a user to program a schema mapping using a
declarative language based on tgds and egds is Clio [11] etany
developmental support for programming schema mappindsisn t
language is still lacking. In particular, to the best of onowledge,

a tool fordebuggingschema mappings has not yet been developed.
It is for the same motivation as developing a debugger foroa pr
gramming language that we wish to develop a debugger for the
language of schema mappings.

In this paper, we present a primary feature of our debugger,
calledroutes that allows a user to explore and understand a schema
mapping. Routes describe the relationships between sandcter-
get data with the schema mapping. A user is able to seleattarg
(or source) data and our algorithms are able to compute @iéso
or one route for the selected data. Our algorithms are baséuko
formalism of tgds and egds for specifying schema mappings an
we have implemented these algorithms on top of Clio, witto€li
language for programming schema mappings. We emphasize tha
even though our implementation is built around Clio’s laage: for
schema mappings, it is not specific to the execution engiiof

schema. Schema mappings are fundamental components for bot In fact, our implementation require® changes to the underlying

data exchange and data integration [12, 13]. A widely used fo
malism for specifying relational-to-relational schemapmiags is
that oftuple generating dependencies (tgdsdequality generat-
ing dependencies (egdsfin the terminology of data integration,
tgds are equivalent tglobal-and-local-as-vievassertions.) Using
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execution engine of Clio. Hence, we believe that the alpori
we have developed in this paper can be easily adapted for othe
data exchange systems based on a similar formalism. Ougdebu
can also be used to understand the specification of a datgante
tion system: In this case, we materialize (test) data urfdetarget
schema (often called thgdobal scheman the terminology of data
integration) for the purpose of debugging the schema mappin

It is also worth mentioning that in Clio, schema mappingscdre
ten not programmed directly by the user but, rather, theganer-
ated from the result of matching the source and target schéireg
schema matching). However, it is often the case that thergtate
schema mapping needs to be further refined before it actyrate
flects the user’s intention. Hence, even though schema mgppi
are not usually programmed directly in Clio, there is stifiesed for
a debugger that would allow the user to understand the gedera
schema mapping.



MANHATTAN CREDIT FARGO FINANCE SOURCE INSTANCE |
Cards: m; Accounts: Cards
cardNo e accNo cardNo limit _ssn __name maidenName salary location
limit o limit s;: 6689 15K 434 J.Long Smith 50K  Seattle
ssn e accHolder +——
name . SupplementaryCards EBAccounts
f ane \Clienls: my Ms accNo ssn_name _ address bankNo ssn name income address
1| oatary \' sen — | $,:6689 234 A. Long California s,:1001 234 A.Long 30K  California
location . » e Name S4: 4341 153 C.Don 900K New York
* maidenName i
supplementaryCards: « income BOLITO) carde GrediLimit_cusiSSN
accNo . ve address M . Se: 2252 2K 234
ssn . m, accNo limit _accHolder s5j 5539 20K 153
name . t;: 6689 15K 434 6
address . ty N, 2K 234
t3: 2252 2K 234
Source-to-target dependencies, Z; tys 5539 40K 153
m,: Cards(cn,l,s,n,m,sal,loc) —
EARGO BANK 3A (Accounts(cn,l,s) A Clients(s,m,m,sal,A)) Clients
FBAccounts: ssn__name maidenName income address
bankNo m,: SupplementaryCards(an,s,n,a) — ts: 434  Smith Smith 50K A,
ssn 3M 3l Clients(s,n,M,l,a) tg: 234 A.Long M, I California
name tzz 153 A.long M, 30K California
income m,: FBAccounts(bn,s,n,i,a) A CreditCards(cn,cl,cs) — tg: 234 A.long M, 30K California
f address 3M (Accounts(cn,cl,cs) A Clients(cs,n,M,i,a)) tyy 153 C.Don M, 900K New York
2 tjo: 234 C.Don Mg 900K New York
CTEdg’SadeZ Target dependencies, ;
cardNo m,: Accounts(a,l,s) — 3N 3M 31 3A Clients(s,N,M,I,A f . ; ;
creditLimit m:: Clients(s,(n,m,i),a) — 3N 3L Accounts(N(,L,s) ) Flgure 2: A source instancel and a solution.J for I.
CustSSN mg: Accounts(a,l,s) A Accounts(a’,l,s) — 1=

data exchange system Clio [11, 18].

Schema MappingThe specification of a data exchange is given by
aschema mapping1 = (S, T, X, X:) [12], whereS is a source
schema[T is a target schema,,: is a set ofsource-to-target de-

Contributions We propose to build a debugger for understanding Pendencies (s-t dependenciesjdX; is a set oftarget dependen-
and exploring schema mappings. A description of some ofethe f cies In the rel_atlqnal-t_o-_relatlonal data exchar_lge frameV\{ﬁﬂk_
tures in this prototype debugger can be found in [2]. In thigep, s-t dependencies is a finite setwsf tuple generating dependencies
we make the following contributions. (tgds) and the set of target dependencies is the union of a finite

« We propose the concept ofautethat we use to drive a user's set oftarget tgdswith a finite set oftarget equality generating de-
understanding of a schema mapping. A route describes the rel Pendencies (egdsp s-t tgdhas the formvx ¢(x) — 3yv(x,y),
tionship between source and target data with the schemaingapp ~ Whereé#(x) is a conjunction of atomic formulas ovBrandy (x, y)
Our concept of a route is not tied to any procedural semaasiss- is a conjunction of atomic formulas ovér. A target tgdhas a sim-
ciated with the transformation of data from the source tatanget ilar form, except thab(x) is a conjunction of atomic formulas over
according to the schema mapping. T. Atarget egds of th(? formvx ¢(x) — x1 = z2, whereg(x) is

« We describe an algorithm for constructing a concise represe & conjunction of atomic formulas ovél, andz; andz: are vari-

tation of all routes for the selected target data with théofaing ables that occur ix. , ,
properties: (1) It runs in polynomial time in the size of tigut. Figure 1 shows a schema mappiig, whereS consists of the

(2) Our representation factors common steps in the rouBE\- relation schemaSards, SupplementaryCards, FBAccounts, and

eryminimalroute can, essentially, be found in this polynomial-size CreditCards in Manhattan Credit and Fargo Bank. The target
representation, even though there may be exponentially mém schema consists of the relation schemasounts andClients in

imal routes. Fargo Finance. The s&l,; consists of three s-t tgds, illustrated as

 We also describe an algorithm that computes one route fast fo 1+ 2 andm_g (shown in the box). Onlyrs is not depicted as
selected target data if there is one, and produces another ag ~ &TOWS in the figure. The sét, consists of two target tgds. and

needed. This algorithm executes in polynomial time in tize sif ms and a target egths (also shown in the box). For conciseness,
the input. we have omitted the universal quantifiers of the dependsndie

K this example scenario, the goal is to migrate every carenadd
supplementary card holder of Manhattan Credit as a clieRaago
Finance. Also, every credit card holder of Fargo Bank is antli

Figure 1: A relational-to-relational schema mapping.

e The route algorithms we present can be easily adapted to worl
for selected source (not target) data as well. Our impleatiemt
handles both relational/XML to relational/ XML data exclyaral-

though we shall only describe our algorithms for the reteleto- of Fargo Finance. Intuitivelyy, andm, migrate data from Man-
relational case in this paper. hattan Credit to Fargo Finance, white; migrates data from Fargo
o Our experiments report on the feasibility of our algorithrims Bank to Fargo Finance. For example; projects every tuple (or

fact) from theCards relation into two tuples, irAccounts and

particular, they show that computing one route can execuiehm - . 5
Clients relations respectively. The target tgds, andms state

faster than computing all routes. Hence, even though we @am c h it d I SO if and
pute all routes, the ability to compute one route fast andaitxp ~ that an account witaccHolder value s exists inAccounts if an

the “debugging-time” of the user to generate alternativeas, as only if a client withssn values exists inClients. Furthe(m_ort_a, the
needed. is valuable. target egdmng states that there can only be one credit limit for an
account holder. Although not part of the schema mappingetise
a constraint, depicted g§ in Figure 1, that states that for every
2. BACKGROUND supplementary card, there must be a sponsoring card iGdhds
We introduce various concepts from the data exchange frame-relation whosecardNo equalsaccNo. There is also a constraint
work [8] that we will use in this paper and we briefly describe t f2 from CreditCards to FBAccounts that states that every credit



card holder of Fargo Bank must have a bank account.
Solutions and homomorphismsFigure 2 illustrates a source in-
stancel, as well as ssolution J for I under M of Figure 1. We
say that/ is asolutionfor I underM if J is a finite target instance
such that(I, J) satisfiest,; U ;. In other words(I, J) satisfies
the schema mapping!. The solution/ may contairabeled nulls
In Figure 2,N1, M, ..., M5, I, and A; are labeled nulls. Distinct
labeled nulls are used to denote possibly different unkneaines
in the target instance.

Let K and K’ be two instances. We say thatis ahomomor-
phism fromK to K’, denoted as : K — K’, if h maps the
constants and labeled nulls &f to the constants and labeled nulls
of K’ such thath(c) = c for every constant and for every tuple
(or fact) R(t) of K, we have thaf(h(t)) is a tuple ofK’. We also
say thath is ahomomorphism from a formula(x) to an instance
K, denoted as : ¢(x) — K, if h maps the variables of to
constants or labeled nulls iR such that for every relational atom
R(y) that occurs inp(x), we have thaR(h(y)) is a tuple ink.

In general, there are many possible solutions/fanderM. A
universal solutionJ for I under M has the property that it is a
solution and it is the most general in that there is a homohisnp
from J to every solution for underM. It was shown in [8] that
the result ofchasingl with X; U X; is a universal solution.

Clio Clio is a prototype data exchange system developed at IBM
Almaden Research Center [11, 18]. The schema mapping lgagua
of Clio is a nested relational extension of tgds and egdsélsat
handles XML data. In Clio, a user gets to make associations be
tween source and target schema elements by specifying satue
respondences, or Clio may suggest possible value corrdspoes.
Value correspondences are illustrated as arrows as ind=-igutlio
then interprets these value correspondences into s-te@hetgfds.
From these s-t tgds, executables such as XSLT scripts aer-gen
ated. Given a source instantea solutionJ is created by applying
the generated script ah We note that Clio does not compute a tar-
get instance based on the chase procedure [8] that has Hasedde
for data exchange. Also, the current Clio implementatioesdaot
handle target egds, although the general framework doeBmot
pose this restriction.

2.1 Example debugging scenarios

Next we illustrate some usage scenarios with our debugger. W
assume that Alice, a banking specialist, is interested buglé1
of Figure 1. We expect that in most cases, Alice would deldg
by providing her own (small) test data for the source. In taise,
she uses the source instardcand solution/ shown in Figure 2.

Scenario 1: Incomplete and incorrect associations betweesource
and target schema element§Vhen Alice browses throught, she
discovers that thaddress value of the tuplets in Clients con-
tains a nullA;. Knowing that neither Fargo Bank nor Manhattan
Credit would allow any of its customers to open an accourth-wit
out providing an address, she proligs Our debugger shows a
route from the source that is a witness fgiin the target, depicted

as si mh t1,t5. The route consists of the source tuplein
Cards, the tgdm;, as well as an assignmehbf variables ofm:

{ en — 6689, | — 15K, s — 434, n — J. Long,m — Smith,
sal — 50K, loc — Seattle,A — A;}. Under this assignment,
the right-hand-side (RHS) of, is t; andts. Hence,m, asserts
the presence af; with s; andh. With this route, Alice discovers
that the address of J. Long (i.e., the value “Seattle”) wasapied
over by the tgd. Indeed, Figure 1 shows that there is no value c
respondence between any schema elemef@aofls andaddress
of Clients. Suppose Alice also noticed thatig, thename value
is the same as itmaidenName value (i.e., Smith). With the same

routes; gt t1,ts, Alice discovers thamaidenName of Cards
has been incorrectly mapped name of Clients. She therefore
correctsm; to the following tgdm/ which (1) adds the missing
value correspondence betwedenation of Cards andaddress of
Clients and (2) retrieves theame of Clients from thename of
Cards:

mj: Cardgcn, l, s,n, m, sal,loc) —
Accountgcn, I, s) A Clientgs,[n],m, sal, )

In this scenario, our debugger has helped Alice discoveneomi-
plete, as well as an incorrect association between sourttaayet
schema elements. Ideally, we would also like to be able talsim
taneously demonstrate how the modificatiomef to m] affects
tuples inJ. This is one of our future work.

Scenario 2: Incomplete associations between source schesla
ementsWhen browsing througlf, Alice discovered that A. Long
(tuplet7) who has an income ¢f0K has a credit limit o#40K (tu-
ple t4). Knowing that it is very unlikely for an account holder to
have a credit limit that is higher than her income, Alice @®b.
Our debugger explains that was created due to the tuple in
FBAccounts and thess tuple of CreditCards throughms. Sup-
pose Alice could not find anything peculiar with this explaéom
She now requests to view all routes far Our debugger reports
only one other route that uses the first tupld=BAccounts (ss)
and the tupless throughms. Since thessn values of these two
source tuples are different, Alice realizes that has missed the
join condition onssn in the source relations. She corrects the s-t
tgd to:

m4: FBAccountgbn,[cs | n, i, a) A CreditCardécn, cl, cs) —
3M (Accountgcn, cl, cs) A Clientgcs, n, M, i, a))

Alice may also decide to enforcgsn as a key of the relation
Clients, which can be expressed as egds. Here, our debugger has
helped Alice discover a missing join condition, as well aalire
an additional dependency that may need to be added to thed.targ

Scenario 3: Incomplete associations between relationss Al-

ice browses through the target instance further, she seg¢shi
accNo of the account holde234 is unspecified 1 of tuple t2).

As it is not likely that there is no account number for an actou
holder, Alice probesV; of ¢;. Our debugger shows tha was
created through the target tgas with the tuplets. (Note that with
this explanation, the existentially-quantified variablef ms is as-
sumed to map to the valui of t2.) Furthermore, our debugger
shows thats was created through the tgd. with the source tu-
ple s2. With this information, Alice discovers that. is in fact
missing an association with the source relat@ards. Indeed, ev-
ery supplementary card holder must have a sponsoring céadrho
in Cards and they share the same credit limit. So Alice corrects
mg by adding the association betweBapplementaryCards and
Cards, as indicated by the constraiifit. Furthermore, the target
now includes am\ccounts relation that is used to hold the account
number and ssn of the supplementary card holder, as welleas th
credit limit of the sponsoring card holder. The new tgd, with

the changes highlighted, is now specified as follows:

Cards¢n, I, s1,n1, m, sal, loc) ‘/\
SupplementaryCardasn, s2, n2,a) —
IM3I(Clients(sa, n2, M, I, a) A| Accountsén, [, 52) |)

/.
moy.

In this scenario, our debugger has helped Alice discovenan i
complete tgd that misses out on some associations betwizen re
tions in the source schema, as well as between relations batbet
schema. Alice may also choose to remove thertgdcompletely



Algorithm ComputeAllRoutes aq(1,J,Js)

Input: A source instancé, a solutionJ for I underM and a set of tuples
Js C J.

Output: A route forest forJs.

Global data structures:

e A set of ACTIVETUPLES that contains tuples for which the aiton
has attempted to find all routes. Initially, this set is empty
FindAlIRoutes(Js)

For every tuplg in J
If tis notin ACTIVETUPLES, then
1. Add¢to ACTIVETUPLES.
2. For every s-t tg&r and assignment such thath is a possible as-
signment returned bfindHom(7,J ,t,0)
(a) Add (o, h) as a branch under
3. For every target tgd- and assignment such thath is a possible
assignment returned BindHom(1,.J t,0)
(a) Add (o, h) as a branch under
(b) FindAlIRoutes(LHS(h(0))).
Return the constructed route forest fhy.

Figure 3: An algorithm for computing all routes.

if she thinks it is incorrect, i.e., only primary card holdef Man-
hattan Credit are automatically customers of Fargo Finance

findHom(7,J t,0)

In the following, letK denotel if o is a s-t tgd, and<” denotes/ if o is a
target tgd.

Input: A source instancé, a solutionJ for I underM, atuplet € J of the
form R(a), and a tgdr in X5 U X of the formVx ¢(x) — Jyy(x,y).
Output: An assignment such thath(¢(x)) C K, h(¢(x,y)) C J and
t € h(y(x,y))-

1. LetR(z) be arelational atom af(x, y). If no such relational atom
can be found, return failure. Otherwise, igtbe a mapping that as-
signs theith variable ofz to theith value ofa in R(a). If v assigns
a variablez to two different values under this mapping scheme, re-
peat step 1 with a different relational ataR(z) of ¢ (x,y). If no
other relational atonR(z) of ¥(x, y) can be found, return failure.

2. Letwvo be an assignment of variablesdn(¢(x)) to values inK so
thatvs (v1 (¢(x))) C K.

3. Letws be an assignment of variablesn(vi (¢¥(x,y))) to values
in J so thatvz (v2 (v1 (Y (x,y)))) C J.

4. Returnvy U vz U vs.

Figure 4: The findHom procedure.

the relationshipss —2 tg —2 t,. In particular, it shows that,
andts satisfythe tgdme, andts andt, satisfythe tgdms. More
specifically, a route is a sequencesattisfaction stepswhich we

Several remarks are in order now. First, debugging a schemadefine next.

mapping is not solely a matter of identifying the target soheel-
ements that are left unmapped or that are mapped incorifeatty
the source. Indeed, as scenarios 2 and 3 illustrate, théepnsb

may also be due to missing associations between source achem

elements, or missing relations. Second, observe thatsane
always computed in its entirety even though only part of aeou

may demonstrate problems with the schema mapping (see for ex

ample, Scenario 3). Third, as illustrated in Scenario 2eplesthat

there are situations in which a computed route may not reveal
problems with the schema mapping. In scenario 2, Alice ndesls
knowledge of the second route for to discover the problem in

the s-t tgdms. Certainly, one may argue that if the second route
for ¢t would have been computed before the first one, Alice would

have been able to debugs without the knowledge of additional
routes fort;. It is conceivable, however, that is a tuple con-
taining sensitive information and in this situation, theokitedge
of all routes fort; would be crucial for the purpose of identifying
tgds that export sensitive information. It is also worth tiaming
that in our debugging scenarios, we have only illustratedige of
routes for understanding the schema mapping through aoosal
tuples. We believe that routes for correct tuples are alséutifor
understanding the schema mapping in general.

In the next section, we describe the algorithms behind cémpu

ing all routes or one route for selected target data for imat-
to-relational schema mappings. We have extended our gigusi

to handle selected source data, as well as the schema mappin

language of [18, 11] to handle relational/XML-to-relatadtXML

schema mappings. We report experimental results for the XML

case, but we limit our discussion in this paper to algoritHors
selected target data with relational-to-relational schemappings.

3. ROUTE ALGORITHMS

In this section, we formalize the notion ofraute and describe
algorithms, as well as properties of our algorithms for catimy
all routes or one route for a selected set of target tuplesouter
illustrates the relationship between source and target\dh the
schema mapping. As an example, consider again the routg for
described in Scenario 3 of Section 2.1. The routetfoshows

DEFINITION 3.1. (Satisfaction steplet o be atgdvx ¢(x) —
Jyy(x,y). Let K and K be instances such thaf containsk,
andK satisfiess. Leth be a homomorphism fromi(x) A ¢ (x,y)
to K such that is also a homomorphism frog(x) to K1. We say
thato can be satisfied o; with homomorphisnk and solution
K, or simplyo can be satisfied o’; with homomorphisnh, if
K is understood from the context. Thesult of satisfyingr on K
with homomorphisnt is K3, whereK, = K; U h(¢(x,y)) and
h(¢(x,y)) = {R(h(z))|R(z) is a relation atom in)(x,y)}. We

denote this step a1 2% K.

EXAMPLE 3.2. In the example described earlier with 2

te —2 t,, the first satisfaction stepigs2 }, 0) 2k ({s2}, {te}),
whereh:={ an — 6689, s — 234, n — A.Long,a — California,
M +— M, I — I}. The result of satisfyingn. on the instance
({s2}, ®) with homomorphismh, and solution.J of Figure 2 is

({s2},{te})- O

We note that the instancds and K in Definition 3.1 are in-
stances over the scherf, T') in our context, not necessarily satis-
fying the source or target constraints. We describe nextvadeh-
nical differences between a satisfaction step, a chas¢g&temd a
solution-aware chase step [9]. First, unlike the definitba chase
step or solution-aware chase step for a Ygd(x) — ¥(x,y)
whereh is defined only forx, the homomorphisni in a satisfac-

gEion step is defined for variables in bathandy. In other words,

o(x) A (x,y) is completely defined undér. Second, whefr
is satisfied onK; with homomorphismy, it may be thatr is al-
ready satisfied orK; with some other homomorphisi’ where
h(z) = h'(z), for everyz € x. For example, suppose is
S(z) — FyT(z,y), I = {S(a)}, andJ = {T(a,b),T(a,c)}.
Let hi = {& — a,y — b} and letho = {& — a,y — c}.

o,hy o,hg

Clearly,hi(x) = ha(z) and(I,0) = (I,{T(a,b)}) = (I,J)

is a route forJ. After the first step of the route, the tgds already
satisfied with(1, {T'(a, b) }), and thereforez cannot be applied on
(I,{T(a,b)}) during a chase or a solution-aware chase. In con-
trast, we allowo to be used again, together with a different homo-
morphism (e.g.h2), to witness the existence of some other tuple
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Figure 5: A route tree for 77 (a).

(e.q.,T(a,c)) notin(I,{T(a,b)}). Third, there is no correspond-
ing definition for egds. This is becauséifalready satisfies an egd
o, then K1 must also satisfy since it is contained irkl. Hence
there is no need to consider “egd satisfaction steps” iresout

DEFINITION 3.3. (Route)Let M = (S, T, X, X¢) be a schema
mapping, I be a source instance antlbe a solution ofl un-
der M. LetJs C J. A route for Js with M, I and J (in
short, a route for J;) is a finite non-empty sequence of satisfac-
tion steps(1,0) ™25 (I, J1)... (I, Jn_1) (I,J,), where
@J; CJ1<i<n,(O)m;l<i<n,areamondgs: U Xy,
and (c)Js C J,. We say thathe set of tuples produced by this
routeis J,,.

My, hn
—

ExampLE 3.4. Referring to Example 3.2 and the source in-
stancel and solutionJ of Figure 2,(I,0) ™28" (I, {ts}) is a
route forts. The following is also a route fots: (I,0) ™25

2,0
(I, {ts}) ™22 (I, {te,t2}), wherehy = {s — 234, n — A.Long,
m +— Mi,i — I1,a — Californiag N — N, L — 2K}. Note
that the target instance produced by the second route e, t6 }
and the last satisfaction step is redundant, in the senséhthéirst
satisfaction step is sufficient as a route fgr O

3.1 Computing all routes

We show next an algorithm for computing all routes for a given
set of tuples/; C J, whereJ is any solution for a source instance
I under the schema mappingt. Note that our algorithm works
for any solution and so, we are not limited to the solutioret th
are generated by Clio. Our algorithm constructeate forest in
polynomial time in the size of, J and J,, that concisely repre-
sents all routes. We characterize what “all routes” meansreM
specifically, we show that evemyinimal route for a set of target
tuples is, essentially, represented in this route forestuitively,
aminimal route for a set of target tuples is a route where none of
its satisfaction steps can be removed and the result stithidca
route for the set of target tuples. The algorithm for conmytall
routes is shown in Figure 3. It makes use dfrmlHom procedure
shown in Figure 4. Intuitively, for every tupkeencountered during
the construction of the route forest, our algorithm considavery

possibles andh such thath is a possible assignment returned by
findHom(I, J, t, o). Conceptually, this corresponds to all possible
(o, h) pairs under the tuple in the route forest. In other words,
our algorithm explores all possibilities of witnessing We first
examinefindHom with an example an€@omputeAllRoutes next.
Suppose we invokéndHom(I, J, t1, m1), wherel, J, t; and
m; are from Figure 1 and Figure 2. By “matching”with the atom
Accountsén, [, s) of mq, step 1 offindHom definesv: as{cn —
6689,1 — 15K, s — 434}. Whenw, is applied to the left-hand-
side (LHS) ofmi, we obtain the partially instantiated relational
atom Cards(6689, 15K, 434, m, sal, loc). Hence, the assign-
mento. (step 2) is{n — J. Long m — Smith, sal — 50K, loc —
Seattlé. With v Uvs, the LHS ofm, corresponds to the tuple in
theCards relation, and the RHS of.; is the conjunction of the tu-
ples Accounts(6689,15K,434) and Clients(434,Smith,B/50tK,A).
Hence, step 3 dindHom returnsvs as{A — A:}. The algorithm
then returns; Uvs Uws (step 4). In general, there are many possi-
ble assignments far;, v» andvs for a tgdo. The algorithm looks
for one combination of, , v andvs that works. In our implemen-
tation (Section 3.3), we push the evaluation ferand vs to the
database. Hence; andvs can be derived efficiently in general.

ExAMPLE 3.5. Let M be a schema mapping whe¥s,; and
¥+ consists of the following tgds.

st : Sl(m) — Tl(m) o1
52(1’) i TQ(l’) g2
Et : TQ((L’) — Tg(x) g3
Tg(l’) — T4(l’) 04
T4($) A Tl(m) — T5($) o5
T4(l’) N Te(l’) — T7(l’) 06
T5(l’) — Tg(l’) (0)rd
T5($) — Tg(m) [oF3

Let the source instanck consists of two tuples’; (a) and Sz2(a)
and a solutiory/ for I underM consists of tupleg’ (a), ..., T7 (a).
Suppose we wish to compute all routes T&1(a). That is, we in-
voke ComputeAllRoutes n((I, J, {T%(a)}). The route forest (in
this case, a tree) that is constructed by this algorithm @svshin
Figure 5. (Please disregard the dotted branches for thinea)
The order at which the branches are added to the forest and the
steps involved irComputeAllRoutes are labeled as a pair beside
the branches in the tree. For examgl%¥,2, S3) for the branch with
o4 denotes that this is the second branch added in the construct
and it is added by step 3 @omputeAllRoutes. In this example,
his always{z — a} and so, we have omittgdfrom the figure.

In the process of constructing a route tree T6a), step 2 of
ComputeAllRoutes fails to add any branches t6;(a). How-
ever, step 3 adds thes branch toT7(a) and continues the con-
struction of the tree witlFindAllRoutes({T4(a), Ts(a)}). Find-
ing a route forTy(a) leads to the tuplél3(a). There are two
branchesgr andos, for T5(a). In this computation, thez branch
was explored befores and eventually, ther; branch will cause
FindAlIRoutes({7x(a),T1(a)}) to be invoked. However, since
T4(a) belongs to ACTIVETUPLES at this point, the branches for
T4(a) are not explored at this node. Similarly, there are no brasich
under the tupl€s(a) under thess branch becausés(a) is an ac-
tive tuple at this point. Intuitively, the branches for atieetuplet
are added only whetis first encountered during the construction
of the forest. o

Obviously, the resulting forest that is constructed is natjue.
For instance, ifTs(a) was selected to be explored befdfe(a)
in FindAllRoutes({7T4(a),Ts(a)}), the constructed tree will be
different from Figure 5. It is also easy to see tlamputeAll-
Routes terminates since for each tuptethere are only finitely
many branches to add undem steps 2 and 3. Furthermore, due



NaivePrintg(Js)
We  denote by F the route  forest returned by
ComputeAllRoutes (1, J,Js), where I is a source instance/ is a
solution for7 underM andJs C J.
Input: A set of tuplesJs where every tuple i/ occurs inF'. We assume
that ANCESTORS is a global stack which is initially empty.
Output: A set of all routes forJs.
For every tuplg in J
1. Pushi into ANCESTORS. Goto anyin F.
2. Let L, denote the set of alb( h) branches under such thatr is a
s-ttgd.
3. Let Ly denote the set of alb(, k) branches under such thatr is a
target tgd and every tuple in LHB(c)) does not occur in ANCES-
TORS.
4. LetLs = 0.
5. Forevery(o, h)in Lo
(a) LetL’ denoteNaivePrintgz(LHS(h(0))).
(b) Append(c, h) to every element i’.
() Ls=Ls UL

6. LetL(t) belL; U Ls.

7. Pop ANCESTORS

ReturnL(t1) X ... X L(¢y), whereJs = {t1, ..., ¢ }.

Figure 6: An algorithm for printing all routes.

to ACTIVETUPLES, the branches of an active tuple are only ex-
plored at one place in the forest. Hen€@amputeAllRoutes runs

in polynomial time in the size of, J and.J; since there can only
be polynomially many branches under each tuple.

PROPOSITION 3.6. Let M be a schema mapping. Létbe a
source instance/ be a solution fo underM andJs C J. Then,
ComputeAllRoutes a(1,J,Js) executes in polynomial time in the
size ofl, J and Js.

From the tree in Figure 5, it is easy to see that a rofitg,for
T7(a) is:
Ritl 22 1Ty =5 [T, Ty =5 1,To, T3, Ty =5 I T4, ...
T LT Ts 25 LT, T =5 1T T
For conciseness, we have writtéh instead of7;(a) above. If
there is another s-t tgdy : S3(z) — 75(z) and supposé€ also
contains the source tupt(a), then there would be another branch

under the tupl€’s(a) undero. (See the leftmost dotted branch in
Figure 5.) This would mean there is another routeffpfa):

}T4

Ro: I 2% 1,15 70 1,15, T3 2% I,T5, T3, Ty
=5 1,75, T, Ty, T —> I,Ts, T3, T4, Tg, Tt

Observe that in this route, we have bypasgeth) since we can
now witnessTs (a) directly with the s-t tgdrs.

Completeness of the route forest in representing all routesVe
show next that the route forest generateddmmputeAllRoutes

is complete in the sense that every minimal route forcan, es-
sentially, be found in this route forest. More specificallg show
that every minimal route foy, is represented by one of the routes
we naively generate from this forest. Our procedure for elgiv
generating routes fa¥, is shown in Figure 6. It finds the set of
all routes for every tuple in J, and takes a cartesian product of
these sets of routes in the last step. Observe that in step &l-w
low the search for routes to start from any occurrence iof .
Even though there may be many occurrencesiofF’, we assume
that every other occurrence ohas a link to the first in F' where
the branches of are explored. For exampl&;(a) under theos
branch has a reference Ta(a) under thess branch. NaivePrint
on T~ (a) will produce a routers — o3 — o4 for Ty(a) and a

routec; — 03 — o4 — o1 — o5 — og for Ts(a). For con-
ciseness, we have listed only the tgds involved. Hence th&ro
produced fofl7(a) is
R3;2>03040203041>2£06

Obviously, this route contains some redundant satisfastieps.
A minimal route forT%(a) is in fact R1, where none of its sat-
isfaction steps are redundant. In other words, it does notago
redundant satisfaction steps. Althouffh is not a minimal route,
it has the same set of satisfaction steps as the rButeTo com-
pare routes based on the satisfaction steps they use, thdmethe
order in which the satisfaction steps are used, we introdnce-
teresting concept called ttstratified interpretationof routes. To
stratify a route, we make use of the concept of iduek of a tuple
in a route. Intuitively, every tuple is associated with aqu@ rank
in a route. Source tuples have rank 0 and a tuplas rankk in a
route if for some satisfaction step in the route that invelveand
h, (1) t occurs in RHSK (o)), (2) the maximum rank of tuples in
LHS(h(o))isk — 1, and (3)¢ is not of a lower rank. Thetratified
interpretationof a routeR, denoted as strai), partitions the pairs
(o,h) in R into blocks. We say thafo, k) of a route belongs to
rank 1 if LHS(: (o)) consists of only source tuples and it belongs
to rankk if the maximum rank of tuples in LH&( o)) isk—1. The
rank of a routeis the number of blocks in the stratified interpreta-
tion of the route. For exampld?; and R3 have the same stratified
interpretation shown below and they both have rank 6.

Rank 1| 2 3 4 5 6

01,02

g3 04 g5 o8 J6

We say that two route® and R’ have the same stratified inter-
pretations, denoted as str&)(= strat(R’), if for every block of rank
¢ in strat(R), every (o, h) in this block can be found in the corre-
spondingith block of stratz’) and vice versa. We show that for any
Js C J, the forestF' that is constructed bgomputeAllRoutes y(7,
J, Js) contains all routes, in the sense that every minimal routte f
Js has the same stratified interpretation as one of the routes pr
duced byNaivePrintz(Js). Note that when we say two routés
andR’ are equivalent if they have the same stratified interpi@tati
this is in fact the same as saying tifaand R’ have the same set of
satisfaction steps. The stratified interpretation of reut®wever,
comes naturally in the proof of our completeness resultthenr
more, stratified routes are also more easily understandaien
compared to a sequence of satisfaction steps. We plan tadimcl
the ability to display stratified routes in our visual insé [2].

THEOREM 3.7. Let M be a schema mapping. LEbe a source
instance andJ be a solution forl under M. LetJs C J and let
F denote the route forest @omputeAllRoutes(7,J,J5). If R
is a minimal route forJ,, then there exists a routB’ in the result
of NaivePrintg(J;s) with the property that straff) = strat(R’).

Observe that there could be exponentially many routes/for
but our route forest is a compact, polynomial-size reprgiem
of all routes. Our experimental results in Section 4 indidhgt it
may be expensive to construct the route forest in generaicéle
natural question is whether we can can produce one routarfast
leverage the “debugging-time” of the user to produce otbetes
as needed.

3.2 Computing one route

In debugging, we believe it is also useful to have the alterna
feature where we can derive and display one route fast apthglis
other routes, as needed. Our experimental results in Setfjos-
tify that in most cases, it is much faster to compute one rthaa



Algorithm ComputeOneRoute y((1,.J,J5)

Input: A source instancé, a solutionJ for I underM and a set of tuples
Js C J.

Output: A route forJs.

Global data structures:

e A set of ACTIVETUPLES that contains tuples for which the alon
has attempted to find a route. Initially, this set is empty.

e A set UNPROVEN that contains unproven triples, initially gmn

e Every tuple has a status proven or unproven.

e A sequence of pair& used to contain the route, initially empty.

FindRoute(J,)
For every tupleg in J
If tis notin ACTIVETUPLES, then
1. Add¢to ACTIVETUPLES.
2. If findHom(Z, J, t, o) returnsh for some s-t tgdr, then
(a) Append(c, h)to G.
(b) Infer({t}).
(c) Continue with the next iteration of For-Loop.
3. If findHom(Z, J, t, o) returnsh for some target tgd-, then
(@) IfLHS(h(0)) consists of only proven tuples, then
(i) Append (o, h) to G.
(ii) Infer({t}).
Else
(i) Add (¢, o, h) to UNPROVEN.
(iv) FindRoute(LHS(h(0))).
(v) If (¢, 0, h) is UNPROVEN, continue with step 3.
ReturnG.

Figure 7: An algorithm for computing a route.

Infer(S)
Repeat untilS = 0
1. Mark all tuples inS as proven.
2. LetS = 0.
3. For every triple(t’, o/, h’)) in UNPROVEN
(@) IfLHS(h'(c")) consists of only proven tuples, then
(()Add ¢ to S.
(i) Remove(t’, o', h’)) from UNPROVEN.
(iii) Append (o, h) to G.

Figure 8: The Infer procedure used byComputeOneRoute.

compute all routes. We believe that in general however,vitig-
able to incorporate both features for a debugger. In somesctse
user may be satisfied with one route, which is faster to coenput
than computing all routes. It is also useful, however, to lhe &
determine all routes whenever desired.

We describe next our algorith@omputeOneRoute which com-
putes a route for a given set of tuplds C J, whereJ is any
solution for I under the schema mappingt. The algorithm for
computing one route is shown in Figure 7. It uses two proceiur
Infer in Figure 8 andindHom, in Figure 4, which was described
earlier. We examine the algorith@omputeOneRoute in some
detail with an example next and make a comparison Withm-
puteAllRoutes after this.

ExAMPLE 3.8. LetM, I andJ be the schema mapping, source
and target instances given in Example 3.5. Suppose a route fo
T7(a) is sought. WithComputeOneRoute (1, J, {T7(a)}), we
obtain the same route tree of Figure 5. (Please disregaibtiexd
branches.) The computation that occurs during the cortiinjc
however, is different. With the tuplés(a), ComputeOneRoute
fails to find a s-t tgd in step 2 fdF7(a). Hence, it proceeds to Step
3 and succeeds in finding homomorphisms Witia) andos. (As
before, we have omittefdas it is always = — a} in this example.)

ConsequentlyFindRoute({T4(a), Ts(a)}) is invoked. Similarly,
for T4 (a), findHom succeeds witlry. ForTs(a), findHom suc-
ceeds withos. In the branch withrs, FindRoute({7x(a), T1(a)})

is invoked. Sincel;(a) occurs in ACTIVETUPLES, the for-loop
for FindRoute for T4 (a) is not executed. InsteaBindRoute con-
tinues with the tuplel’ (a) and succeeds with a s-t tgd. Since
findHom does not succeed with other tgdsB§{a), the algorithm
returns to73(a). It happens that, so far, the computation resem-
bles ComputeAllRoutes. Continuing from73(a), the algorithm
succeeds in witnessiriBs (a) with o3 andos. At o2, the set UN-
PROVEN is{c¢,04,07,05,03}, andG is the sequences], o2].
Whenlnfer({72(a)}) is invoked (see step 2(b)), the algorithm will
deduce thafiz(a), T4(a), T5(a) andTs(a) are proven, in this or-
der, andZ is now [o1, 02, 03, 04, 05, 7). After this, the algorithm
returns to the branchs and attempts to find a route f@k (a) next.

It succeeds withvs becausels(a) is already proven and it will
infer thatT7(a) is proven withinfer({7s(a)}) (see step 3(a-ii) of
ComputeOneRoute). The algorithm successfully terminates and
returns b1, o2, 03,04, 05,07, 08, 0¢). O

Comparisons between compute all routes and one routea Com-
puteOneRoute, the algorithm searches for one successful branch
under a tuplé to find a route fort. In ComputeAllRoutes, how-
ever, all branches are searched, regardless of whethette fou
t has already been found. To make a better contrast, suppgse
contains another s-t tgeh : S3(z) — 75(z) and additionally, we
have the source tupls(a). Then, for the tuplels(a) that sits
under the branch~ in Figure 5, only the branchs will be consid-
ered. This is because the algorithm considers s-t tgdséédoget
tgds (step 2 o€omputeOneRoute). Since a route fofs(a) can
be found with the s-t tgdrg, the branch withss will not be ex-
plored.

The second difference is that the result returne@bgnputeOneR-
oute is a sequence dfo, h) pairs that represents the route that is
found for J,, even though a route forest is constructed during the
computation. Thesés, h) pairs are collected during the construc-
tion of the forest ilComputeOneRoute.

The third difference is that itComputeOneRoute, we now
have aninfer procedure to infer proven tuples as we construct the
forest. This procedure is needed for the correctness ofltee a
rithm. To see this, consider Example 3.8 again. Now consider
the execution ofComputeOneRoute for 7~ (a) without Infer. At
the o2 branch, no inference will be made. Although we can still
conclude thafls(a) andT4(a) are proven as we return along the
branchesrs ando, respectively, observe that we cannot conclude
that 75 (a) is proven. Hence, withouinfer, the status offs(a)
is unknown at the point whens is used and becausk;(a) is
in ACTIVETUPLES, the branches undé&g(a) are not explored.
The algorithm therefore terminates with a partial routefeta),
which is incorrect. One might argue that we should remové\tbe
TIVETUPLES restriction so as to allow the branches uribigiu)
to be explored again. In this case, since bbila) andTi (a) are
proven by the time we explore the branchesIgfa) underos,
we conclude thafs(a) is proven and so the algorithm terminates
with a route forT*(a). However, without the ACTIVETUPLES re-
striction, there might be many unnecessary exploratiors.see
this, suppose the schema mapping of Example 3.8 has an addi-
tional target tgdoio : T5(z) A Ts(y) — T3(z) and the target
instanceJ consists ofn additional tupless(by), ..., Ts(b,). Ob-
serve that/J is a solution for/ under M with thesen additional
tuples. Wheril’;3(a) is encountered during the construction of a
route for7x(a), it may happen that thes branch is explored last.
(Refer toTs(a) of Figure 5.) Hence, the branchesBf(a) are re-
peatedly explored along the branches (o10, k1), ..., (010, hn),



whereh; = {z — a,y — b;}. The repeated exploration of the
branches of's(a) in this case is unnecessary. We also remark that
the ACTIVETUPLES restriction makes the running time anialys
simpler. As inComputeAllRoutes, since every(o, h) pairs for a

tuple ¢ occurs at most once in the route forest, there are at most

polynomially many branches in the forest constructeddmm-
puteOneRoute. In ComputeOneRoute, however, one also has
to reason about the running timelofer.

PROPOSITION 3.9. LetM = (S, T, X, %;). Let! be asource
instance,J be a solution for/ under M and Js C J. Then,
ComputeOneRoute (1, J,Js) executes in polynomial time in the
size off, J and J;.

We note that our running time analysis is based on the size of

I, J andJs. The default behavior of our debugger, however, uses
the solutionJ that is generated by Clio on a given source instance
I under a schema mappintyl. Therefore, a natural question is
whether the polynomial time results of Proposition 3.6 ahed-
rem 3.9 hold when analyzed against the size of the sourcanicest
1. Itis easy to show that iff is polynomial in the size of, then
our route algorithms run in polynomial time in the sizelofSince
Clio generates a solutiohthat is polynomial in the size df under
a relational-to-relational schema mapping [8], our rolgedthms
run in polynomial time in the size df in this setting as well.

Next, we show that our algorithm is complete for finding one
route. If there is a route foys, thenComputeOneRoute on J;
will produce a route fot/,.

THEOREM 3.10. Let M be a schema mappind, be a source
instance and/ be a solution forl under M. For everyJs C J, if
there is a route fotJs, thenComputeOneRoute p(Z, J, Js) will
produce a route for/,.

3.3 Some implementation details

Although we have only described how one can compute routes

for a set of tuples with relational-to-relational schemappiags,
we have extended and implemented our route algorithms tdi&an

1join
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Figure 9: Joins used in tgds in the relational and flat-hierachy
synthetic scenarios.

our implementation offomputeOneRoute is scalable for rela-
tional instances. For XML instances, however, all the assignts
are fetched at once, since the result produced by the Saxgneen
is stored in memory.

Our implementation o€omputeOneRoute is an optimization
of the algorithm in Figure 7. If théindHom step for tuplet is
successful with some tgd in steps 2 or 3 of the algorithm, we
conclude thatll the target tuples produced by(and not onlyt)
are proven. Hence, we may avoid performing redunfiadtHom
steps with the rest of the tuples.

3.4 Some other features of our debugger

We briefly mention here some other features of our debugger. W
refer the interested reader to [2] for a more detailed dpsori on
these features. Besides computing one or all routes focteeléar-
get tuple, our system is also capable of computing one coates
for selected source tuples. We have also extended our glgi
for computing one route to generate alternative routeseatisier’s
request. Our system is also equipped with “standard” deihggg
features such as breakpoints on tgds, single-steppingthpwta-
tion of routes and a “watch” window for visualizing how thegat
instance changes, as well as the assignments for variaddesma
tgd at each step.

4. EXPERIMENTAL EVALUATION

schema mappings where the source or target schemas may-be hie We have experimentally evaluated our debugger on both nelal a

archical. Our implementation uses the nested relationalemnas

our underlying representation and the mapping languagé@f13,

26] to represent schema mappings. The system is impleméented
Java 1.5. Currently, we store relational instances using DBB
Personal Edition release 8.1.10, while XML instances anedtas
XML documents. We use DB2’s query engine and Saxon-SB 8.6
XSLT transformation engine to run SQL and respectively, XSL
queries over relational and respectively, XML instances.

In the findHom procedure (Figure 4), the required assignments
v1, vz andwvg for a given tuplet are obtained as follows. First,
we obtainv; by matchingt against the RHS of the tgd. Sec-
ond, we run the LHS of as a selection query (as indicateddy
against the instanc& to obtain all the assignments that agree
with v;. (Here, K is the source or target instance, depending on
whethero is a s-t or target tgd.) For each sugh we obtain possi-
ble assignmentss that agree withyz by running the RHS of as
an appropriate (based @) selection query on the target instance.
Note that all possible assignments @f and vz could in fact be
obtained by running a single selection query (the join of thS
and RHS ofo) against the source and target instances. While this
may be more efficient for relational schema mappings, it wade-a
sign choice to run two separate queries, in order to handiergé
situations in which for example, the source instance istigaial,
while the target is XML. We fetch the assignments one at a,time
as needed, from the result of the selection queries. Forghison,

synthetic datasets to assess its efficiency in computingooradi
routes, under the effect of various parameters. We presgrexe
perimental results with both route algorithms. All our esipeents
were executed on a Pentium 4, 2.8GHz Windows machine with
2GB RAM. The DB2 buffer pool was set to 256MB. Each experi-
ment was repeated three times and we report execution tivees a
aged over the second and third runs.

4.1 The synthetic datasets

We designed three synthetic scenarios, catlgdtional, flat-
hierarchy and deep-hierarchy. The first two scenarios are de-
signed with the goal of measuring the influence of variouspar
eters, when the source and target schemas are relationakand
spectively, hierarchical. The parameters are: the sizeoofce
(and target) instances, the number of tuples selected bgraansl
the size and complexity of the schema mappings. The third sce
nario is designed to measure the influence of the depth ofehe s
lected elements of an XML document on the performance of our
algorithms, where both the source and target schemas apéydee
nested. In what follows, we describe the construction oheae-
nario and present our experimental results on both routegitigns.

In summary, we have observed tiaimputeOneRoute can be ef-
ficiently executed, whil&€omputeAllRoutes may perform orders
of magnitude slower compared @mputeOneRoute.
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Figure 10: (a-c) Performance evaluation ofComputeOneRoute and (d) comparison in performance betweerComputeOneRoute

and ComputeAllRoutes in the relational synthetic scenarios.

Relational scenarioWe designed four schema mapping, ..., M3
for our experiments. The subscripts denote the number o§joi
which we shall explain shortly, used in the tgds of the scherap-

each tgd infindHom and we have varied the complexity of each
side of the tgds in each schema mapping.
In Figure 10(a), we study the influence that the size of the in-

ping. In each schema mapping, the source schema conforms toput (i.e., the size of source and target instances, as wehes

the TPC Benchmark H (TPCH) Standard Specification Revision
2.1.0 [21] and consists of eight relatioBsistomer (C), Lineitem

(L), Nation (N), Orders (O), Part (P),Partsupp (PS),Region (R)
andSupplier (S). The target schema consists of six “copies” of the
source schema: for each relatidly in the source schema, there
are six relation®;, ¢ € [1, 6], identical toRy in the target schema.

number of tuples for which a route needs to be computed) has
on the performance o€omputeOneRoute for a fixed schema
mapping. The sizes dff, J) are (10MB,60MB), (50MB,300MB),
(100MB,500MB), (500MB,3GB) respectively. The number of se
lected tuples is varied between 1 and 20. To keep the conoparis
meaningful, all tuples were selected at random from the samg

Hence, the target schema can be viewed as having six groups ofof target relations so that the number of satisfaction stepsoute

relations, where each group is a “copy” of the source schdma.
the first schema mappiniyto, the s-t tgds populate relations in the
first group by copying every, to the corresponding relatiaR; in

the target. The target tgds are such that every relatiom theith
group,i € [2, 6], is copied from the corresponding relatiéf_ .
Finally, no target egds appear in our target dependendies, sgds
do not influence the performance of our algorithms. The s&con
schema mapping, is similar except that every tgd in this schema
mapping has 1 join on both sides corresponding to the 1 jae ca
illustrated in Figure 9. For example, one such s-t “copyitgy! in
My is So(sk,...) A Lo(..., sk,...) = Si(sk,...) A L1(..., sk, ...),
where the variablek corresponds to the supplier key attribuigag-
pkey shown in Figure 9. We have omitted the rest of the variables
for conciseness. The schema mappings and M3 are similar
except that the tgds have 2 and respectively, 3 joins on bdés s
as shown in Figure 9. We note that using only such “copyindgstg
in these four schema mappings does not bias our empirichl-eva
ation; our debugger separately operates with the LHS and &HS

of each selected tuple (called M/T factor) is kept constiot. ex-
ample, M/T= 2 for tuples of relations in group 2, since thegeds
are witnessed with one s-t tgd and one target tgd. Figure 10(a
lustrates the time required to compute one route for tuplegaup

3 in the schema mapping with 1 join tgd&4:). As expected, the
running time increases as the number of selected tuplesases,
since morefindHom steps need to be taken, hence more queries
are executed. The execution time also increases with teesthe
source and target instances. Routes for 10 and 20 tuple®iare ¢
puted in under 4, and respectively, under 8 seconds on thsetat
with 10MB, 50MB and 100MB source instances. However, the per
formance degrades to a larger extent on the dataset wheseuee
and target instances are of size 500MB and respectively, 3GB

is not unexpected, since the queries, with joins involved,rew
executed on larger instances. We believe, however, thatrmisis
unlikely to select as many as 20 tuples in the first place. Videetx

a user to be interested in a smaller number of tuples at arg, tim
cases in which our system would still perform well.



In Figure 10(b), we analyze the influence of the M/T factor on
the performance a€omputeOneRoute, by computing routes for
target tuples in different groups. We performed six runsheame
selecting up to 20 tuples from the same group (i.e., the MéTofa
varies between 1 and 6). The source instance is fixed at 100MB
in the schema mapping with 3 joins tgd$1s). As expected, the
running time increases with a higher M/T factor, since moter:
mediary tuples are discovered (and consequently, moredtians
of findHom are made) along the route to source tuples, hence more
queries are executed. For example, it takes 1.8, and résggct
2.9 seconds to find a route for a tuple with an M/T factor of 3 and
respectively, 6.

In Figure 10(c), we analyze the influence of the complexity of
schema mappings on the performance of the system. This time,
we vary the schema mapping with 0 to 3 joins tgds and we fix the
MI/T factor to3 and the size of the source instancd @MB. The
running time of ComputeOneRoute increases with the number
of joins in the tgds. This is, again, not unexpected, sineepidr-
formance of executing queries degrades with the numberimg.jo
Still, the system performs well, taking up to 4.5 secondtapute
routes for a set of 7 target tuples, in all four schema magping

We have performed a similar suite of experiments vitbm-
puteAllRoutes and observed similar trends (graphs not shown).
As expected howeveComputeAllRoutes performs slower com-
pared toComputeOneRoute. Figure 10(d) shows a comparison
between the running times of the two algorithms for the schem
mapping with 1 join, the source instance of 100MB and tupliés w
an M/T factor of 3. (Note the logarithmic scale). For 5 tuples
one route is found and printed in 2 seconds, wiitemputeAll-
Routes requires about 100 seconds to construct the route forrest.
The running time shown foa€omputeAllRoutes does not include
the time required to print all routes from the route fore&y@athm
NaivePrint). The performance gap between the two algorithms
will be even larger if we require all routes to be printed.
Flat-hierarchy scenario We have studied the influence that the
size of source (and target) instances, as well as the nunfiled+ o

Varying the depth of selected elements from 1to 5
[II=700KB, |J|=700KB
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Figure 11: Performance evaluation ofComputeOneRoute in
the deep hierarchy scenario.

ping where the source and target schemas are identical aed ha
the nestingRegion/Nation/Customer/Orders/Lineitem. In other
words, the root consists in a set of regions, each region has n
tions nested underneath and so on. Thesetconsists of one s-t
tgd that copies the source instance into an identical tang&ince
and there are no target tgds. We tested the performanCemf
puteOneRoute on elements found at different nesting levels in
the target instance. For example, we pickadstomer and respec-
tively, Lineitem elements for our experiments with levels 3 and 5,
respectively. The results are shown in Figure 11. The ei@tut
time decreasesvith the depth of the selected element. Intuitively,
with a deeper selected element, more variables will be nitistzd

in the selection queries generatediogHom. Hence, the resulting
selection queries will execute faster. We note that for eleis of
depth 1, we report the execution time for at most 5 selectgiome
facts, since there are only 5 distinct regions in the TPClhimse.

4.2 The real datasets

ements for which a route needs to be computed have on the per-

formance ofComputeOneRoute for the XML case. We also per-
formed experiments to analyze the influence of the M/T factsr
well as the complexity of the schema mappings. (We have omit-
ted the graphs here, for lack of space.) The source schers&ton
of a root record having eight sets of records nested unddrnea
each set corresponding to one TPCH relation. Similarly,téine
get schema consists of six “copies” of the source schemaland t
s-t and target tgds are similar to our relational scenar@, (they
are “copying” tgds). Hence, in this scenario we deal onlyhveite-
ments nested immediately underneath the root (i.e., thindef).
For our experiments, the sizes df (/) we use are (500KB,3MB),
(1MB,6MB) and (5MB,30MB) respectively. As expected, tha+u
ning time of ComputeOneRoute increases with the size of the
source and target instances, as well as the number of sttactet
elements that need to be justified. The system performs velly w
requiring at most 5 seconds to compute one route for 20 elemen
for all three pairs of source and target instances. We obdehat
the performance of the algorithm decreases with the inerefthe
M/T factor, as in the relational case. However, we noticedoaem
drastic decrease in performance with the increase in thebaum
of joins in the tgds. This is not unexpected, since the fresior

of Saxon XSLT engine which we use in tfiadHom procedure
does not perform join reordering and simply implements ai} f
each clauses as nested loops.

Deep-hierarchy scenarioTo analyze the effect of the depth of se-
lected elements on the performance, we designed a schema ma

We also evaluated our system using two real dataB®&EP and
Mondial) for which we created schema mappings in order to ex-
change bibliographical, and respectively, geographiorm#tion.

For the DBLP scenario, we obtained two DBLP data sources. As
a target schema, we used the first relational schema in thd-Ama
gam integration test suite [16]. In the Mondial scenario,used

the relational and nested versions of the Mondial schemh §k7
source, and respectively, target schemas. In both casegemve
erated the s-t tgds and we used the foreign key constrairtteeof
target schemas as target tgds. Some characteristics obtinees
and target schemas, the number of s-t and target tgds, assvell
the size of source and resulting target instances used iaxgar-
iments are shown in Table 1. We used our debugger to compute
(one or all) routes for one to ten randomly selected targeesuin

both scenarios. The time required to find one route was under 3
seconds in all cases, while computing all routes took muonbda

For example, a route was computed in under 1 second, @hiha-
puteAllRoutes took about 18 seconds to construct the routes forest
for a set of 10 target elements in the Mondial scenario.

5. RELATED WORK

A framework for understanding and refining schema mappings
in Clio, where both the source and target schemas are neddtiis
proposed in [25]. The main focus of [25] is the selection obady
source and target instance that is illustrative of the benaf the

Pschema mappings. Our debugger differs from [25] in thatQ)



debugger works for relational or XML schema mappings. (2) We

evant tuples in the source instance.) Consequently, theepsoof

allow any source instance to be used for debugging the schemacomputing a route fot is more complex in our case, since it is

mapping. Since the instances are crafted in [25], routeprae-
termined. In our case, we do not generate instances andsrarge
computed only “on demand”. We allow a user to create and uge an
source instance that she thinks is representative for dgtgigand
this is similar to creating test cases for testing the comess of a
program during a software development cycle. The work of [25
is thus complementary to our debugger. It would be desirable
incorporate the functionality of [25] into our debugger aneksti-
gate what are representative instances for debugging erglen

Commercial systems such as Altova’s MapForce [14] and Sty-
lus Studio [19] ship with integrated debugging facilities tlata
exchange. These systems rely directly on “lower-levelglzages
such as XSLT or XQuery for specifying the exchange. Henast th
built-in debugging tools are simply XSLT or XQuery debugger
Our debugger, however, debugs at the level of schema magpping

The problem of computing a route is similar in spirit to thelpr
lem of computing th@rovenancéor lineagg of data. Our route al-
gorithms also bear resemblance to top-down resolutiomiqubs
used in deductive databases. In the next two sections, wparem
our work with related work in these areas in more detail.

5.1 Computing the provenance of data

Cui et al. [7] studied the problem of computing the provemanc
of relational data in a view in the context of data warehogisifhe
provenance of a tuple in a view is described as the tuplesdn th
base tables that witness the existence of that tuple. Whkernleg
provenance of a view tupleis sought, the approach of [7] is to
generate a query to retrieve all combinations of base tuplas
together with the view definition justify the existence tof This
type of provenance is also calledhy-provenancén [6].

There are several differences between our work and the agipro
of [7]. First, observe that part of the input to our route aitjons
is (I, J), whereJ is asolutionfor I under the schema mapping.
SinceJ is any solution, there may exist tuplesJrwith no routes.

In contrast, in the context of [7], the equivalent.biis the output

of an SQL query executed ovér Consequently, the provenance
of every tuple inJ always exists. The second difference lies in the
representation of provenance. Our route algorithms opevith
schema mappings, and not with SQL queries as in [7]. In owg,cas
a tuple inJ may relate to several other intermediate tupled in
and J through possibly different tgds. Our route captures these
“intermediate relationships” between tuples. In contrém prove-
nance of a tuple as defined in [7] is the set of source tuples, that
will withesst according to the SQL query. (We will exemplify this
point after we describe the next difference.) The thirded#hce

is that the language of schema mappings allows one to define re
cursive computations. In contrast, recursive views arehaatlled

in [7]. Even if recursive views were handled in [7], the dgscr
tion of provenance only with source tuples can be unsatsfaas
the following example illustrates. Consider a schema nrappit
whereX,; consists of one s-ttgd; : S(z,y) — T'(z,y) andX,
consists of a target tgeh : T'(x,y) AT (y, z) — T'(z, z) that de-
fines the transitive closure of the binary relatibn Let the source
instancel = {s; : S(1,2),s2 : S(2,3)} and the target instance
J=A{t1 : T(1,2),t2 : T(2,3),ts : T(1,3)} which is a solu-
tion for I under M. Clearly, the two source tuples witnesswith

M, but this is not as informative as showing a rodgte 2% 1,

s2 25 t, {t1,t2} 2> t3 that describes all the intermediate re-
lationships. In particular, the fact thag is a consequence af
andt. with o4 is captured in the route. (For simplicity, we have
omitted the homomaorphisms in each step and showed only the re

no longer sufficient to pose a single query over the sourdarics

as in [7]. Fourth, we have extended our approach for comgutin
routes in the context of schema mappings where the sourcaand

get schemas can be nested, while the approach of [7] hamlles o
relational views defined over relational sources. Lasflyhpndles
aggregates and negation. The language of schema mappings we
consider cannot express aggregates or negation.

The approach of [7] isazyin the sense that the SQL query that
describes the transformation is not re-engineered ancepemce
is computed by (subsequently) examining the query, andathes
and target databases. In contrast, several systems suctplasnE
[3], DBNotes [5], the MXQL system of [23], and recently Mon-
drian [10], adopt thdookkeepingr eagerapproach for computing
provenance. In these systems, the transformation is reresrgd
to keep extra information from the execution. Consequeptiyve-
nance can often be answered by examining only the targdiatda
and the extra information. Explain is an explanative modate
the CORAL deductive database system. Explain recordsiaddit
information during the execution of a rule-based prograch uses
this information for explaining how a certain conclusioméached,
as well as identifying consequences of a certain fact predioy
the program. DBNotes has functionalities similar to Explathere
such additional information is a special form arfinotationsthat
can be propagated through a special query language. Monekia
tends DBNotes to allow annotations on sets of values.

In [23], the authors propose a concept of provenance at et le
of schema mappings for data exchange. The underlying data ex
change transformation engine is reengineered so thai@ualitn-
formation about which source schema elements and mappamgs ¢
tributed to the creation of a target data is propagated akord
stored with the target data. In particular, it modifies thg waeries
are generated in Clio in order to capture additional infdramedur-
ing the exchange. This information can later be queriedguain
special query language called MXQL. Our debugger is sindar
[23] in that it operates over relational or XML schema mapgin
However, our approach is different from [23] in two aspeé&isst,
our debugger can be used “as is” on data exchange systents base
on similar formalisms for schema mappings. It does not requi
changes to the underlying engine. Second, wea#omatically
compute routes for any source or target data selected byra use
and these routes contain information about schema-leveleli as
data-level provenance. In contrast, the approach of [28]ires a
user to be familiar with MXQL to query about schema-levelvero
nance, while data-level provenance is not considered.

We emphasize that it is our design choice not to adopt thereage
approach for computing routes, since this approach may\eavo
re-engineering the underlying system. We want our debutimer
readily work on top of Clio or (future) data exchange systems or
data integration systems that are based on a similar fasmdtr
schema mappings. It is worth commenting that there is exjsti
research on both the lazy [6, 7] and eager [5, 10] approaches t
computing provenance when the transformation is descrlsegh
SQL query. However, when the transformation is described as
schema mapping, only the eager approach for computing prove
nance has been studied [23]. Our work fills in the missing dap o
using a lazy approach for computing the provenance of daenwh
the transformation is specified by a schema mapping.

5.2 Approaches in deductive databases

Our route algorithms bear resemblance to top-down appesach
such as the SLD resolution technique [1] for evaluatingldgtan



Total | Atomic | Nest. Inst. | [Xs¢]
Schemas elems| elems| depth size | /|3¢]
S: | DBLP;(XML) 65 57 1 | 640KB
DBLP>(XML) 20 12 4 | 850KB | 10/14
T: | Amalgam (Rel) 117 100 1] 1.IMB
S: | Mondial (Rel) 157 129 1 1MB
T: | Mondiak (XML) 144 112 41 1.2MB | 13/25

Table 1: Real datasets and schema mappings characteristics

fact, sophisticated variants of SLD resolution such asyfsabquery
(QSQ) [24], rule/goal graphs [22] or OLDT [20] are even more

closely related to our work. These approaches use menmmiziti
avoid redundant computations and infinite loops. In oure@lgo-
rithms, we also avoid redundant computations and infinitg$o

by not exploring any branches under repeated tuples. Eogblor
branches are never discarded and they are memoized. Howaever

major difference between our route algorithms and thesetom

approaches is that we make use of the target instance, which i

available to us. In contrast, the result of a datalog progsanot
available during resolution. A consequence of this diffieeeis that

we may able to detect if a tuple has no routes early in the cempu

tation. The top-down techniques, in contrast, will condéirta per-
form resolution down to the source tuples before decidingtivér

a tuple belongs to the output of a datalog program executaitistg

a source instance.

Another difference is that our approach is more scalablem g
eral. We are able to exploit the database engine, since wethas

computation to the database by using queries in &adklom step.
In contrast, top-down resolution techniques have to perfoested

loop joins in memory, since they expand one subgoal at a tirde a

need to perform sideways information passing to propagatadw
assignments to the unexplored subgoals.

6. CONCLUSION AND FUTURE WORK

We have presented two route algorithms for computing atie®u

or one route for selected target data. The former returnsmgpact,
polynomial-size representation of all minimal routes,retteough

there may be exponentially many minimal routes for the $etec

data. The latter avoids the computation of all routes in garigy
producing one route fast, if there is one, and alternativee® as
needed. We are currently developing a visual interface tiorde-
bugger and we refer the interested reader to [2] for mordldefan

interesting future extension for our debugger is to adaptttanges

made to the target instance dynamically along with the chang

the schema mapping made by the user. Our concept of a route cur
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