Schema Mappings and Data
Examples

Earlier part of this tutorial:
* From schema mappings to data examples:

Given a schema mapping, how can we characterize it
using finitely many “good” data examples?

This part of the tutorial will focus on the other direction:
*  From data examples to schema mappings.

The Eirene and Muse Systems

Use data examples to derive and understand
schema mappings.




Deriving, Understanding, and
Refining Schema Mappings

* Eirene: Derive, understand, and refine schema mappings
via data examples

[Alexe, ten Cate, Kolaitis, Tan, SIGMOD 2011]
[Alexe, ten Cate, Kolaitis, Tan, VLDB 2011 demo]

* Muse: Understand and refine certain components of a
given schema mapping via data examples

[Alexe, Chiticariu, Miller, Tan, ICDE 2008]

[Alexe, Chiticariu, Miller, Pepper, Tan, SIGMOD 2008
Demo]




Data Examples

* Recall: A data example is a pair (I, J) such that | is a
source instance over S and J is a target instance over T.




Why Data Examples?

* Natural way to provide partial specifications of the

semantics of the desired schema maiiini.

* User’s intention: J is a universal solution of | w.r.t. the
desired schema mapping.
* A universal solution is a most general solution.
* No extraneous or over-specified facts, unlike arbitrary
solutions.

* Contain just the right information needed to represent
the desired outcome of migrating data.




Fitting Schema Mappings

* A schema mapping M fits a data example (1,J) if ) is a
universal solution for | w.r.t. M.

* A schema mapping M fits a set E of data examples if M fits
every data example (I,J) in E.

GLAV Fitting Generation Problem

Given a source schema S, a target schema T, and a finite set E
of data examples that conform to the schemas, can we
construct a GLAV schema mapping that fits E if possible?
Otherwise, report “none exists”.




Putting the human in the loop

* Interactive design of schema mappings via data
examples

User insert/delete/modify - —
L Jl] Ik] Jy Ls/Lx)
‘ | |

data examples
‘p 7 l
‘- Data Examples Source and Target Schemas

GLAV Fitting Algorithm

Fitting GLAV schema mapping or report “none exists”




An I[llustration

Source schema S Target schema T
Patient(pid, name, healthplan, date) History(pid, plan, date, docid)
Doctor(pid, docid) Physician(docid, name, office)

! Ji:
(R 1
QE Patient(123, Joe, Plus, Jan) History(123, Plus, Jan, Anna)
Doctor(123, Anna) ‘

[ GLAV Fitting Algorithm j

Patient(x,y,z,u) /A Doctor(x,v) — History(x,z,u,v)




An [llustration

Source schema S Target schema T
Patient(pid, name, healthplan, date) History(pid, plan, date, docid)
Doctor(pid, docid) Physician(docid, name, office)

> L J,:
(= 2
LE Patient(123, Joe, Plus, Jan) History(123, Plus, Jan, N1)
Doctor(123, Anna) Physician(N1, Anna, N2)

4

E GLAV Fitting Algorithm ]

$

Patient(x,y,z,u) /A Doctor(x,v) —
dw,w’ (History(x,z,u,w) A Physician(w,v,w "))

“Canonical GLAV schema mapping” — based on data examples .



An I[llustration

Source schema S Target schema T
Patient(pid, name, healthplan, date) History(pid, plan, date, docid)
Doctor(pid, docid) Physician(docid, name, office)
L3: J5:
v, Patient(123, Joe, Plus, Jan) History(123, Plus, Jan, N1)
CE Doctor(123, Anna) Physician(N1, Anna, N2)
Doctor(392, Bob) . Physician(Bob, 392, N3)

E GLAV Fitting Algorithm ]

|

No fitting schema mapping exists!
Intuition: The way Anna gets mapped from I, to J; contradicts the
way Bob gets mapped from I, to J,.




An [llustration

Source schema S Target schema T

Patient(pid, name, healthplan, date) History(pid, plan, date, docid)

Doctor(pid, docid) Physician(docid, name, office)
Iy: Js:

v, Patient(123, Joe, Plus, Jan) History(123, Plus, Jan, N1)
C& Doctor(123, Anna) Physician(N1, Anna, N2)

I Jo:
Doctor(392, Bob) Physician(N3, Bob, N4)
I J:
Patient(653, Cathy, Basic, Feb) History(653, Basic, Feb, N5)

Patient(x,),z,u) A Doctor(x,v) — Iw,w’ (History(x,z,u,w) APhysician(w,y,w "))
Doctor(x,) — Iw,w’ Physician(w,y,w )
Patient(x,),z,u) — Jdw History(x,z,u,w)




GLAV Fitting Algorithm

Input:S, T, E
Output: A fitting GLAV schema mapping or “none exists

1. Perform homomorphism extension test on every pair (I,,J,),
(1,,J,) of data examples in E.

If the test fails, return “none exists”.

2. Construct a fitting canonical GLAV schema mapping M.
Return M.




Homomorphism Extension

* A homomorphism h: 1, - |, between instances is function
from adom(l,) to adom(l,) s.t. for every fact P(a,,...,a,) in |,
we have that P(h(a,),...,h(a,;)) is a factin L,.

|5: Js:

Patient(123, Joe, Plus, Jan) History(123, Plus, Jan, N1)
Doctor(123, Anna) Physician(N1, Anna, N2)
lg: T T Je: T T T
Doctor(392, Bob) Physician(N3, Bob, N4)

The source homomorphism can be extended.




Homomorphism Extension

* A homomorphism h: 1, - |, between instances is function
from adom(l,) to adom(l,) s.t. for every fact P(a,,...,a,) in |,
we have that P(h(a,),...,h(a,;)) is a factin L,.

|5 Js:

Patient(123, Joe, Plus, Jan) History(123, Plus, Jan, N1)
Doctor(123, Anna) Physician(N1, Anna, N2)
1, T T Jy: o %

Doctor(392, Bob) Physician(Bob, 392, N3)

The source homomorphism cannot be extended.




GLAV Fitting Algorithm: Properties

Correctness

Theorem: Let E be a finite set of data examples. TFAE:

1) The canonical GLAV schema mapping of E fits E.

2) There is a GLAV schema mapping that fits E.

3) Forall(l,]), (I', ) ) €EE, every homomorphismh: 1 > I’
extends to a homomorphismh’™ :J > 1J".




GLAV Fitting Algorithm: Properties

Most general fitting schema mapping

Theorem: Let E be a finite set of data examples. If there is a
GLAV schema mapping that fits E, then the canonical GLAV

schema mapping of E is the most general schema mapping
that fits E.

We say that a schema mapping M is more 3

general than M’ if ¥’ logically implies .
e |f for every data example (I, J) such that @
(1, ]) satisfies 2" we have that (1, J) also
satisfies 2.




GLAV Fitting Algorithm: Properties

Completeness for GLAV Schema Mapping Design

Theorem: For every GLAV schema mapping M, there is a
finite set E,, of data examples, where M is the most general
GLAV schema mapping (up to logical equivalence) that fits E,,.




GLAV Fitting Algorithm: Properties

Complexity

* Step 1 of the GLAV fitting algorithm can take exponential time.

Number of homomorphisms between two database instances
can be exponential.

Every homomorphism extension must be verified in the
successful case.

Polynomial amount of memory (for storing homomorphisms).

Theorem
The GLAV Fitting Generation Problem is Hg—complete.




A further note

Input:S, T, E
Output: A fitting GLAV schema mapping or “none exists

1. Perform homomorphism extension test on every pair (I,,J,),
(1,,J,) of data examples in E.

If the test fails, return “none exists”.

2. Construct a fitting canonical GLAV schema mapping M.
Return M.

Fact: For any “consistent” set of data examples, a (canonical) fitting
GAV schema mapping can be computed in linear time.




Statistics of real-life mapping

SCENArios
#of |Avg. | #of [Avg. #of |Avg. # |Avg. #
source [source | target [target| GLAV jof LHS pof RHS
relations | arity [relations |arity [constraints [ atoms | atoms
DBLP - Amalgam| 7 6.5 9 6.5 10 1.4 2.2
Amalgam S1-S2| 15 6.7 27 2.0 71 1.2 2.1
US - BioSQL 7 6.4 6 5.5 8 1.6 1.9
# of Time to Avg. #of | Avg. #of | Avg. #of | Avg #of
canonical | generate | nonempty | tuples per | nonempty | tuples per
lexamples | canonical source source target target
examples (s)| relations relation relations relation
10 4.8 1.4 1.0 2.2 1.1
15 9 1.9 1.0 10.7 1.1
7 2.3 1.6 1.1 2.1 2.3




Experimental evaluation with real-

life mapping scenarios

* Canonical data examples

examples

Size of
each example
(# of source +
target tuples)

Initial
fitting
test

(s)

Fitting
test
per user

change (s)

DBLP - Amalgam 10 . : 0.2
Amalgam S1 - S2 15 13.4 3.6 0.3
GUS - BioSQL 7 . 6.5 1.2 0.2




Experimental evaluation with real-
life mapping scenarios

* Synthetic data examples

Number Size of Initial Fitting
of each example | fitting test
examples | (# of source + test per user
target tuples) (s) change (s)
DBLP - Amalgam 10 48 17.7 1.8
Amalgam S1 - S2 10 126 222.4 23.1

GUS - BioSQL 10 39 14.2 1.5




Implementation

* Implementation over DB2 shows promising results for
real schema mapping scenarios.

* Canonical Data Examples:
Initial execution of GLAV fitting algorithm: 1-4 secs

After modifications, time to refit a schema mapping, if
it exists: 8% to 17% of initial fitting time.

Intuition: only part of the homomorphism
extension test is recomputed.

* Synthetic Data Examples:
Initial execution of GLAV fitting algorithm: 14-222s

After modifications, time to refit a schema mapping, if
it exists: about 10% of initial fitting time.




As part of existing
Schema-Mapping Design Systems

Visual spec.

Source schema S >< Target schema T/
>

GLAV Schema Mapping

@ Canonical Data Examples

User insert/delete/modify
I Jl] ij Jk] s (1)

2 data examples ,
Data Examples Source and Target Schemas

\ 4 \ 4

GLAV Fitting Algorithm

$

Fitting GLAV schema mapping or report “none exists” .




MUSE




Muse

* A mapping design wizard that uses data examples to
assist designers in understanding and refining a schema

mapping.
* Use of data examples was advocated in
[Yan, Miller, Haas, Fagin SIGMOD 01]

Data examples are used to resolve ambiguities in
visual specification, and refine mappings (SQL).
* Focus on two important components of a mapping
design:

the specification of the desired grouping semantics for
sets of data, and

the choice among alternative interpretations for
semantically ambiguous mappings.




Ambiguous Mappings

CompDB: Rcd OrgDB: Rcd for
Projects: Set of Projects: Set of p in CompDB.Projects
Project: Rcd Pro_iect: Rcd elin CompDB_Emp'oyeeS
pid —> phame e2 in CompDB.Employees
phame = supe.rws‘or satisfy
manager G el.eid = p.manager
tech-lead A/ _
Iy e2.eid = p.tech-lead
Employees: Set of I
/ exists
Employee: Rcd 1y
> eid I/ pl in OrgDB.Projects
ename — where
contact Ambiguous p.pname = pl.pname
Elements pl.supervisor =
el.ename or e2.enam
pl.email =
* This mapping is ambiguous. el.contact or e2.conta

 There are four alternative interpretations.

el.ename el.ename e2.ename e2.ename

el.contact | e2.contact |el.contact |e2.contact .




Muse-D: Disambiguating Mappings

= Key idea: provide a data example that

illustrates the alternative interpretations in a Designer makes
compact way. two choices
Projects Projects /\

P1 DB ed e> DB John Qohn@ibm >

Employees anna@ibm

e4 John john@ibm
e5 Anna anna@ibm

 The mapping designer makes one choice for each ambiguous element
 Each decision removes one ambiguity.

e E.g., choosing “Anna” as the supervisor and “john@ibm” as the em

pl.supervisor = pl.email =
el-ehamme-g-e2.ename el.contact or e2-contact—




Obtaining Source Examples

Running queries over the real

source instance. Real Example:
Projects
Non-empty P1 DB e4
Query: Employees

result _
e4 John johnC

eb Anna anna

Projects(p1,pn1,e1,e2) and
Employees(e1,en1,cn1) and
Employees(e2,en2,cn2) and

Synthetic Example:
en1 !=en2 and y P

Empty Projects
cn1 1= cn2 result pl pnl el €2
Employees

el enl c¢cnl
e2 en2 c¢n2




Muse-D: Properties

" For each ambiguous mapping, the designer is presented with
a single compact data example.

" Proposition (Completeness).

The single data example differentiates among all the
alternative interpretations of the ambiguous mapping.

The number of choices a mapping designer has to make is
equal to the number of ambiguous elements.

* Proposition (Small examples). The number of tuples in the
example source instance is the number of conjuncts in the
for clause of the mapping.




MUSE Worktlow

Mapping
Real Source Specification

Instance Grouping Semantic

Reﬁnement<

(if available) Disambiguation
~

~
~
~ \‘\
MUSE Essentially
Generation Yes/No Answers
Pad
Real/Synthetic Examination Mapping designer
Data inspects

data examples
Examples




