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Abstract
We focus on the problem of semi-automated query discovery for XML views without

requiring the intervention of an expert to guarantee a correct fina result. Given multiple
independent sources of heterogeneous XML data structures, our tool, SPHINX, lets a non-
technical user define views using example-based, graphicd, interaction. SPHINX embodies a
syntactically derived meta-model of federating view definitions. The meta-mode of
federating view definitions enables, first, an active-learning method which removes the
burden of generating the examples from the user. Second, SPHINX can identify when the
learned view definition converges to a vetted, semantically accurate result. Thus, the users do
not need to verify the correctness of the transformation.

1. Introduction

Almost any kind of data has become available online using a proliferation of domain-
specific XML standards. Y et, cooperation across organizations and their respective databases is
dill the exception rather than the rule. Widespread adoption of any schema description, (DTD or
XML schema), israre. Proprietary and legacy interests will continue to ensure this into the
foreseeable future. The burden of data integration will continue to be on the user of the data
rather than the publisher. The task of tapping a set of online data sources usually falls upon a
specialist and requires a large effort.

The Query-by-Example (QBE) system established a framework where non-technical
users could define SQL queries against relationa databases [36]. We seek asimilarly facile
method to enable non-technical users (such as a market research or financia anayst) to perform
local integration of data sources for their own needs. Since it is for their own need, it follows that
they understand the semantics of their domain.

It has been established that higher-order query languages provide a powerful and concise
means for specifying integrating views (albeit in a complex syntax) [14,33]. A challenge we
address is; whereas in a QBE system a single example uniquely determines a first-order query, in
ahigher-order context a single example usually entails alarge number of queries.

Consider a simple problem, drawing data from two sources (shown in Figure 1), where
we have two distinct schemas, Product Review and Supplier Catalog, being mapped to a third,
target schema. With a QBE-like graphic toal, it is easy to come up with a smple schema match.
Several issues remain in order to complete this job. For instance, how identical products between
the Product Review database and the Supplier Catalog should be matched in order to populate the
target schema (join operation). Another issueisthe tag'5-star’ in the target schema might indicate
only products with *5-star’ ratings should populate the target schema, or it might simply be an
object name with no particular semantic denotation. These and others kinds of schematic
discrepancies cannot always be dealt with in the framework of QBE (or of SQL), or by drawing
lines on adiagram.
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However, we assume that the user, while non-technical, is the owner and/or end
consumer of the data, and as such has intuitive knowledge about semantic elements such as
composite keys, foreign keys and other integrity constraints. But that same user will have no
formal or syntactic knowledge of how to express those semantic elements. Thus our system’'s
goal will not be to deduce or learn those elements by mining available information, but rather to
extract them from the user by a smple yet formally powerful active learning interaction.

<Product Review>
Schema 1

Product Reviews

<Manufacturer> <Name> <Number> <Ed. Review> <Reviews>
<Comment> <Rating>

<Product> Schema 2
Supplier Catalog

<Manufacturer> <SKU#> <Name> <Description> <Price> <Order info.>

<5-star Product> Target Schema

<Manufacturer> <Name> <Description> <Ed. Review> <Reviews> <Price> <Order info.>
Figure 1 — Schema Integration Example

Consider if our system were to show a user tﬁgggpgn ee>'<1tar>nple shoviﬁ% rI]—gféure 2. The
example comprises a data instance from each schema, and proposes a mapping of this data to
populate an instance of the target schema. This example constitutes what could be termed a data
mapping instance. By accepting this mapping the user would indicate a number of facts. Chiefly,
that a match between <Number> field and <SKU#> field is not necessary to produce avdid
output instance. This suggests that the composite foreign key between Source 1and Source 2, is
limited to (<Manufacturer>, <Name>). Conversely by rejecting this mapping the user would
provide partia evidence that the field <SKU#> may be a necessary part of the composite foreign
key between the two sources.

Central to our solution is a meta-model of al possible federating transformations. We
syntactically decompose all possible federating view definitions and represent this universe using
the Version Spaces model. The model is embodied in atool, SPHINX, which interacts with users
in an example driven format. SPHINX presents to the user sample data drawn from a data source
aswdll asthe record structure of the federated schema. (The user may a so define atarget schema
on the fly.) In drag-and-drop fashion a user specifies a single record in the format of the federated
schema. By virtue of having a meta-model of possible view definitions, the SPHINX system can
detect if more than one federating view definition may materiaize the example. If so, SPHINX
generates and presents to the user an additional example. Rather than the user specifying
additional semantic information or generating further examples, a user smply has to label the




proposed example as correct or incorrect. SPHINX exploits this feedback to prune its search
space, and will keep submitting additional examples until the search converges towards asingle,
unambiguous federating view definition. SPHINX drives this active learning process using
heuristics designed to minimize the number of examples a user is asked to inspect, and to
maximize the information-gain value of each example. We further show how these heuristics may
be refined using the same statistics used to parameterize query-cost models.

<Product Review> <5-star Product>

<Name>Fast PC 3000 X533</Name>

<Number>101-304</Number>
<Ed. Review>
_A-very fast computer and agood, iA very ‘fast computer and agood
“valuefor under $1000 . P “..value for under $1000 .
</Ed. Reviews""""""  </Ed. Reviews
<Review> {  <Review>
<Comment> / <Comment>
.~ Good produict .. ~~Good prodiict-.
ANy Sl candy
</C6’rﬁfﬁ'éht> </Comiment>
» <Rating>5-ste
</Review> </Review>
<Review> PR 0e>$699.99</Price>
<Comment> ¢ <Order info:>Out of Stock</Order info.>
Too Pricey /<Bstar Product>
-John {7
</Comment>
<Rating>5-star</Rating>
</Review>

</Product Review>

<Product> P
<Manufacturer>ACME</M anufacturer>
<SKU#>6000345</SK U#> 4
<Name>Fast PC 3000 X533</Name>

</Product>

Figure 2— Data Mapping Example

In Section 2, we review related work, and how our approach differs in nature from those
of other existing works. In Section 3, we describe the learning problem and introduce a method to
initialize for each particular integration problem, an appropriate Version Spaces modd. We
examine the expressive power of the class of queries defined by this meta-model. In Section 4 we
define the SPHINX learning algorithm, which accepts data mapping examples and navigates the
Verson Spaces to converge to a solution. We prove in Section 5 that the algorithm is correct.



Namely it will converge towards the correct view definition, provided that the view definition
was inside the scope of the initidized Version Spaces. Section 6 deals with the active learning
portion of the SPHINX system, which generates and selects data examples to submit to the user.
We describe one possible strategy to get Version Spaces to converge as quickly as possible
towards the correct view definition. Accordingly, we introduce in Section 7 severd heuristics,
integrated in SPHINX, and motivated for the specific problem of integrating data from
heterogeneous sources. We show with some experiments on various domains, that the number of
examples required to drive the user interaction towards the correct view definition is linked to
that view definition’s size, and not to the size of the search space containing al potentia view
definitions. Finally in Section 8, we conclude and review future work and open problems.

2. Related Work

Mediator-based architectures to federate heterogeneous databases have drawn alot of
interest: see[1,6,10,11,16,27,30,31,32,34] to cite afew. In these systems, the basic assumption is
that some highly qualified engineers may become domain experts and in one form or another
write the specifications that will drive the data integration. In that line of work, severa genera-
purpose languages for specifying heterogeneous data integration include SchemaSQL and
Schemal_og [15], graph-based ontology [23] and X Query [33]. As shown by Krishnamurthy,
Litwin and Kent [14], such languages must possess higher order features to bridge schematic
heterogeneities across data sources [10,13,34].

With the maturation of those systems, the problem of generating semantic specifications
to federate data sources garnered more attention. Automated schema matching tools
[4,5,17,18,21,23,24] were developed with the goal of helping an engineer cope with the plethora
of domain information, which must be reconciled to produce a mapping between heterogeneous
databases. Milo and Zohar [21] theorize that the vast majority of mappings between schema
elements in heterogeneous databases are trivial. Those can be derived automatically, and user
expertise can be saved for the truly complex mappings. Rahm and Bernstein [26] propose a
taxonomy as part of a survey of automated schema matching tools. While often having high
accuracy, these tools cannot guarantee that a correct mapping has been derived. A database
specialist with domain expertise must examine the systems final output to verify the correctness
The average user cannot be expected to use the advanced query or semantic modeling languages
commonly used to express those mappings.

Clio [20,35], and SPHINX are alittle bit different from these systems. Both focus
on the problem of query discovery for federated view definitions, and seek to combine both user
interface and machine learning considerations. Clio contains a machine learning component
which examines possible join paths in the query graph, and ranks possible view definitions, by
estimating their likelihood. Clio then uses data examples to help the user decide between
aternative mappings. In Clio, auser examines a set of illustrative examples as well as the output
of the system for the top-ranked view definition, and renders judgment, whether it has converged
on acorrect transformation or whether additional examples must be included: “Clio helps the user
understand the results of the mappings being formed and allows the user to verify that the
transformations that result are what she intended” [35]. Clio does not embody a forma meta-
model and does not generate the set of data examples which can uniquely fingerprint the correct
federated view definition. With SPHINX, we now formalize the space of potentia view
definitions in such away that it can interface with an active learning algorithm: this removes
much of the burden of semantic verification and data browsing from the user. This mode is based
on the Version Spaces algorithm [12,22], which has been used in machine learning applications.
To our knowledge, we are the first to exploit it in the context of databases.



3. Query Discovery

For the purpose of this exposition we will adopt a structured, hierarchica XML data
model, where al XML documents conform to a DTD. Without loss of generality, we smplify this
model by allowing only two types of nodes: e ement nodes and text nodes. There will be no
optional elements. Only element nodes may have children and may be repeated. These
restrictions do not affect the generality of our approach, since for any given XML DTD, an
equivalent smplified DTD, can aways be constructed by inserting additional element nodes to
handle repetitions or optional nodes.

Sourcel document  {Product Reviewt}
Product Review {Manufacturer, Name, Number, Ed. Review, Review+}
Review { Comment, Rating}

Sour ce 2 document {Product+}

Product { Manufacturer, SKU#, Name, Description, Price, Order info.}

Target Schema {5-star Product+}

5-star Product {Manufacturer, Name, Description, Ed. Review, Review+, Price, Order Info.}
Review { Comment, Rating}

Figure 3 — Document descriptions

Figure 3illustratesa DTD for the example in Figure 1, which will serve as the running
example. Looking at the problem of query discovery to define views over heterogeneous data, we
adopt the terms target query and target view as the goal concepts.

Definition: Target View, Target Query

The target view is the materialized view that the learning system (SPHINX) istrying to
learn from the user. The target view is defined by the execution of the target query over the
source databases.

The query discovery process is analogous to a guessing and elimination game between
SPHINX and the user. The goal isfor SPHINX to come up with a correct view definition, given a
set of question/answer interactions with the user. 1t will naturally occur to the reader that over a
given data source, there may be several queries, which yield the same materialized view asthe
target query. As such SPHINX cannot aways converge on the correct target query. However,
SPHINX will identify the entire class of queries, which correctly materialize the target view over
the source data and picks the appropriate one (see Section 5- Lemma 5, Theoreml).

Figure 4 illustrates the overall question/answer approach to solving the query discovery
problem. Note that this whole mechanism is hidden from the user, whose interaction is limited to
answering yes or no.



v

/ Submit Question to the User

Pick a Quedtion to test the User anNSWers
Target Vi yes (positive example)
arget view no (negative example)

A

. Search Converged ? Reduce Search Space

Yes
v

Found a solution

Figure 4— Question/Answer Interaction

3.1 Query Discovery Framework

In this exposition we use XQuery as the language for view definition. However, the same
query discovery process can take place in higher-order relationa languages as well [2,15].

Thefirst task is to delimit the search space. We ask the user to supply the first data-
mapping example, such as the one shown in Figure 2. The user, with a point-and-click browsing
tool, select values and drags them to an existing target schema or one of his own definition.

For  $ain document(‘ sourcel’)/product review,
$b in document(‘ source 1')/product review/review,
$c in document(‘ source2’ )/product
Where vaue-equals($alreviews, $b) and
$a/manufacturer = $c/manufacturer and
$a/name = $c/name and
$b/rating = ‘5-star’
Return <5-star Product> <manufacturer>%$a/manufacturer</manufacturer>
<descri ption>$b/description</description>
<ed. review>$aled. review</ed. review>
<reviews><comment>$b/comment</comment>
<rating>$b/rating</rating></reviews>
<price>$b/price</price>
<order info.>$b/order info.</order info.>
</5-star Product>

Figure5— XML View Definition

Consider the XQuery view definition in Figure 5. It illustrates a possible view definition
for Figure 2. Most of that view definition can be derived syntactically from the source schema
and the data mapping shown in Figure 2. For each internal node in the source schemas: <product



review>, <reviews> and <product>, a variable is introduced in the For clause: respectively $a, $b
and $c. The Let clause is empty. The Where clause contains alist of predicates. Those predicates
verify: that $a and $b are properly nested, that (<manufacturer>,<name>) forms a composite
foreign key between $a and $c, and that only products rated ‘5-star’ will appear in the defined
view. Note that that the query shown in Figure 5 outputs an un-nested structure. Nesting the
structure according to the specifications of the target schemais not hard and does not need to be
addressed here.

Consider the following relational formula encapsulating the kind of query, which can be
expressed with the syntactic techniquesillustrated in Figure 5:

Q(El! ey Ek!Pl! ey Pm, Ol! ey On) = DEl, ...,Ek ( é P].UPZU...UPTT] ( Ol ! 02, ! On ))

Formula 1 —Standard View Definition Formula.

Formula 1 fully defines a query once the following parameters are defined: Oy, O,, ...O,
are object sets, and implicitly, $ry, $ro, ..., $r, are the variables ranging over those sets. Py, P,
...P, are Boolean predicates formed using variables $r4, ... , $r,,. Expressons E;, E,, ..., Ex are
projection expressions also formed using variables $r4, ... , $r, . Together O, O,,...,0n, Py, ..Pm
E.,...Ex definethe query Q (E,, ..., Ex,Py, ..., Pm, O, ..., O)).

The query shown in Figure 5 can be expressed within the framework of Formula 1. A
large class of queries Project-Select-Join can be expressed in this framework. Section 3.4 will
examine the impact of Formula 1 on the generality of our query discovery.

3.2 Buildingthe Version Spaces modd.

We build a Version Spaces model, which we will use to describe and keep track of al queriesin a
delimited search space within the framework of Formula 1. To that end, we will execute the
following tasks:

- The firgt task isto identify a number of Cartesian sets Oy, ..., O,. These represent the
object sets which will appear in the For clause of the target query (Algorithm-1).

- The second task is to construct the projection expressions E;,...,.Ex which will be used in
the Return clause (Algorithm-2).

- Thethird task is to assemble the potential set of predicates P, ..., By which can be built
over Oy, ..., O, and could be used in the Where clause of the target query (Algorithm-3)

These three steps identify what we can learn about the target query by exploiting the
initial data-mapping example. After performing these steps, the For clause and Return clause for
the target query will be determined by Algorithm-1 and Algorithm-2. The only remaining work
will be to identify the proper subset of filter predicates{P;, ..., Py} Of {P4, ..., Py} which appear
in the Where clause. Thus the search space for the target query is exactly the powerset of the set
{Px4, ..., Py}. The Version Spaces model feasibly embodies the search space as a collection of
Boolean vectors of size pf over the possible predicates. Where unsupervised learning approaches
areinitialy faced with a seemingly infinite space of target views, a single insightful example
provided by the user both structures the search, and, as supported by our empirical results
immediately reduces the search space to a managesble size (2°).

3.2.1 User Supplied Data M apping Example

A data-mapping example supplied by the user isinitially encoded in a sequence of the
type: (Node;, Node,, ..., Node,). Node; represents a node in the source documents, which is



mapped to the i*" position of the output. Let us illustrate this construction with an example.
Consider the mapping shown in Figure 2. There are 8 source nodes mapped to the output:

Node; = document(* sourcel’)/product reviewl /manufacturer
Node, = document(‘ sourcel’ )/product reviewl/name

Node; = document(* sourcel’ )/product reviewl/ed. review

Node, = document(‘ sourcel’)/product reviewl/reviewl/comment
Nodes = document(* sourcel’ )/product reviewl/reviewl/rating
Nodes = document(‘ source2’)/productl/desc.

Node; = document(‘ source2’)/productl/price

Nodeg = document(* source2’)/productl/order info.

Welook at all the nodes and identify the set of ancestor nodes { A, A,, ... Ap} withthe
following properties:

- A isaninterna node in a source document

- A iseither the ancestor or equal to some mapped source node Node, , 10jCr

In our example, this congtruction yields the following set of nodes:

A;: document(‘ sourcel’)/product reviewl
A,: document(‘ sourcel’ )/product reviewl/reviewl
A3: document(* source2’ )/productl

This set of ancestor nodes is used to rewrite nodes Node;, Node,, ... , Node, in the data-
mapping example. Asin our example:
Node; = Ai/manufacturer
Node, = A;/name
Node; = Aj/ed. review
Node, = A,/comment
Nodes = A,/rating
NOdeG = A3/de&:
Node; = As/price
Nodeg = As/order info.

1 (chjel) 1 (Ad(l)/pathl)
2. (NOdez) 2. (Ad(z)/pathz)
> .

r: (Node,) r: (Age/path)

3.2.2 Cartesian Object Sets

Every variable defined in the For clause ranges over an object set of interna nodesin the
source documents. Before application of join predicates, these object sets participate in a
Cartesian product, as shown in Formula 1. We introduce such an object set for each node in the
set {A4, ..., Ay}, and assign to each a new variable symbol $r;. Each object set is uniquely
identified by a path expression over the source documents.

" Since node elements can be repeated, our numbering system will distinguish an individual node from its
siblings.



Algorithm-1. Generate For clause
for every node A, in {Aq, ..., An}
such that its source path is * x1/%o/../x%’ in source s
insert “$r; in document(‘ source S )/x/X%o/../I%" in the For clause.

Algorithm-1 applied to the Figure 2 example yidds the following For clause:
“For  $r; in document(‘ sourcel’)/product review,

$r, in document(‘ sourcel’ )/product review/review,

$r3 in document(* source?’ )/product “

3.2.3 Projection Expressions

For our purposes, we modd the Return clause as atemplate, which exclusively uses the
projection expressions E, ..., E from Formula 1 asfillers.

Algorithm-2. Generate Projection Expression
for every mapped source node (Aqy/path)
create projection expression E = “ $rqg;)/path)

Algorithm-2 applied to the Figure 2 example creates the following projection
expressions:

E; = $ri/manufacturer
E, = $ri/name

E; = $ri/ed.review

E, = $r,/comment

Es = $ro/rating

Ec = $r3/deSC

E; = $rs/price

Es = $rs/order info.

3.2.4 Potential Features

A potential featureis afiltering predicate in the Where clause, which is defined on the
object variables introduced in the For clause. Figure 5, shows a query with two kinds of potential
features actualy appearing in its Where clause: aforeign key congtraint, and a match between an
element and a specific value. Both kinds are equality predicates. they are formed using only
variables defined in the For clause, arbitrary constants and an equality operator (‘=" for smple
types, ‘vaue-equals’ for objects) The number of potential features involving equality predicatesis
finite and can be derived automatically from the instantiated values of the initial data-mapping
example. In other words, we can reconstitute the exact set of equality predicates, which may
legally appear in the target query. That set is guaranteed to be complete because we observe that



any equality predicate not within that set could not appear in the Where clause target query, since
it would be negated by, and hence incompatible with the user supplied example.

Algorithm-3 proposes the generation of admost al those equality predicates. However,
because variables are introduced in the For clause only for those object sets which appear in the
mapping or for their ancestors, Algorithm-3 does not generate all legal equality predicates.

Algorithm-3 applied to the Figure 2 example yields the following set of potential
features:

Pi: $r; = “<Manufacturer>ACME...  ..."
P,: %, = “<Comment>Good Product... ...”
Ps: $r3 = “<Manufacturer>ACME... ...”
P,: $ri/manufacturer = “ACME”

Ps: $r1/name = “Fast PC 3000 X533”

Pe: $r1/ed. review = “101-304"

P;: $r,/comment = “Good Product...

Ps: $ro/rating = “5-star”

Po: $rs/manufacturer =“ACME”

P]_o: $r3/SKU# = 6000345

P11 $rs/name = “Fast PC 3000 X533’

P1,: $ra/desc. = “Multimedia computer”

P13 $ra/price = “$699.99”

P14: $rs/order info.="Out of Stock”

Pis: value-equal S($ri/review, $ry)

Pis: $ri/manufacturer = $rs/manufacturer
P17 $ri/name = $rz/name

i/name = val”, where name and val are respectively the schema name and
value of the child node.
for every pair A, A;, associated respectively with values val and val and with
variables $r; and $r;, such that val=val, create the potential feature: “$r; = $”
for every pair A; , A;, associated respectively with variables $r; and $rj, such that A; is
the direct parent of A;, create the potentia feature: “vaue-equals ($ri/name;, $r;)”,
where name, is the schemaname of A
for every pair A; , A, associated respectively with variables $r; and $r;, such that A
has anon-leaf child (name;, val), and such that A; has value val, and such that val =
val, create the potential festure “ $ri/name = $r;”
for every pair A; , A;, associated respectively with variables $r; and $r;, such that they
each respectively have leaf-node children (name;, val) and (name;, val) and such that
val=val, create the potential feature: “$ri/name; = $r;/name;”
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3.3 Boolean Feature Vector

In the rest of this discussion we will assume that the set of potential filter predicates, or
features: {P1, P,, ..., Py} has been assembled, either by applying Algorithm-3, or by other means.
We introduce the notion of feature vector as a Boolean vector of size pf. A query feature vector is
the practical and unambiguous specification of a query in our model.

Definition: Query Feature Vector

The query feature vector associated with a query q, abbreviated FV(q) isaBoolean
vector of size pf. Given the initial data-mapping example, if FV(Q) = (a, ..., Gx), g isthe query
with a For clause generated by Algorithm-1, an empty Let clause, a Return clause generated by
Algorithm-2, and such that g=1 if and only if filter predicate R appearsin the Where clause of g.

There are exactly 2" queriesin the Search space, 2 distinct feature vectors, and we have
defined a one-to-one mapping between queries and their query feature vectors.

Definition: more specific than, more general than

Let aand b be two feature vectors such that a= (a, ..., ay) and b = (by, ..., by):
- ais more specific than b (noted a3 b) if and only if (" i: & 3 b)
- bismore general than aif and only if ais more specific than b.

3.4 Expressive Power of our Approach

To place thiswork into alarger context we review first what is currently within the scope
of our Version Spaces model, and second of our feasibility prototype, SPHINX. We speak to the
scope of features and predicates that can be addressed in this model and those that must be
addressed in other ways.

Our data model isrelevant for structured XML documents and object relational
databases. Thisis equivalent to stating SPHINX handles mappings of XML data structured in
conformity with aDTD. The SPHINX approach is not appropriate for defining arbitrary tree
mappings, or handling semi-structured data. Skolem functions to generate new object identifiers
are absent, which prohibits the construction of DAGs with SPHINX [9,19,28]. Instead SPHINX
focuses on generating higher order SchemaSQL or XQuery view definitions, which are based on
the Project-Select-Join modd of Formula-1.

The Version Spaces moddl can handle any query, formed with a conjunction of arbitrary
predicates of any kind. As such predicates may contain any arithmetic such as ‘x.a+3>y.a, or
more complex features such as negation ‘x.a y.a, outer joins ‘ (X.a=y.aor X.a=null or y.a=null)’,
digunction, etc.. Such queries are expressible with Formula-1 and fall within the expressive
power of Version Spaces and of the active learning agorithm for which we elaborated formal
correctness and termination guarantees.

In our feasibility prototype, we incorporated Algorithm-1, 2 and 3, as afully automated
way of building a search space with alimited class of queries (equality predicates) and with no
user intervention. With thisinitial GUI prototype, we explore how far a fully automated system
with almost no user interaction can go, in an areathat has traditionally challenged our ability to
propose GUIs suited for non-technical users. Later, a more advanced GUI prototype will give
knowledgeable users the opportunity to enter additional input in smple pull-down menus.

Further, as our goals were to push the envelope on a fully automated system, we do not
handle unit conversions, or aggregation. However conversions such as ounces to grams, months
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to quarters, and other sorts of data misrepresentations can readily be identified by auser and
handled by a smple and limited GUI. However, the construction of whole synonym dictionaries
(e.g. ‘Pentium 3’ vs. ‘Pentium I11") or thesauri is characterized by aradically different set of
technica challenges [25,29] and iswell outside the scope of our study.

In choosing Algorithm:1, 2 and 3 for our prototype implementation of SPHINX, we
explicitly curtailed the completeness of the search space to alimited class of queries with equality
predicates. Without additional input from the user, currently generated potentia predicates
include al legal equality selection predicates on objects involved in the initid data mapping.
They dso include al lega equality join predicates on those same objects with the exception of
sdf-joins and of a peculiar kind of join, characterized by join paths in the query graph that
traverse children of data mapping elements. As shown in [20], a more exhaustive generation of all
equality selection and join predicates is possible, and would require building a query graph and
introducing in the For clause, every possible join path from the data mapping instance.

4. Example-Based L ear ning with the Version Spaces M odel

The Versions Spaces algorithm was first presented by Mitchell [22]. For our application
we' ve extended that algorithm to include the concept of active-learning: the system suggests
additiona examples rather than seeking them directly from the user, whose role is limited to
deciding if the examples presented to him form avalid row in the target view.

The SPHINX learning agorithm performs an iterative loop, whose termination condition
is the convergence of the Version Spaces. At each step afeature vector is chosen, and labeled
with one of three labels: positive, negative or missing. Asaresult of these repeated steps the
target query can be narrowed down to a dwindling subset of the search space by the application of
three rules. This narrowing subset is commonly called the space of remaining hypothesis. The
Version Spaces mode inside the learning a gorithm tracks the space of remaining hypothesis, and
converges when that space is reduced to a single query.

12
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User buildsinitial data- mapping example

v

Initialize Search Space

v

Initialize Version Space

v

Test if Version Space has converged [ YES |
v

Choose a Boolean feature vector fv
v

Find data mapping dm s.t. FV(dm) = fv ?

ivEs iNo

Done

User looks at example dm

New labdl: (fv, mis)

User valid

User does not validate dm

New labdl: (fv, pos) New labdl: (fv, neg)

v

v

Apply positiverule Apply negétive rule

v v

4.1 Version Spaces State

Definition: Version Spaces state
A Version Spaces state isa pair of items (s, G) such that:

Apply additional rule if possible

Figure 6— Chain of Eventsin the SPHINX active learning algorithm

sisaquery feature vector called the most specific feature vector
Gisaset of query feature vectors called the most general set.

We introduce the concept of Version Spaces state for the purpose of tracking the space of
remaining hypothesis.
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Asillustrated in Figure 7, the Version Spacesis initialized with the initia state (s, Gy),
withg=(1,1, ..., )andG={ (0,0, ...,0) }.

Fo | Fo | Fs | Fa | Fs|Fe|F7|Fe|Fo|Fio| Fuu| Fio | Fus | Fua| Fis| Fis | Fu7
1 1 1 i1y1y1f{1f(1f1f{2(12|212|1f(2(212(1]1

Most Specific Feature Vector
Fl I:2 l:3 F4 F5 F6 I:7 FB F9 I:10 Fll F12 F13 F14 F15 F16 I:17 }

oyo0|]o0|]0|O|j]O|lO|]O|J]OfO]J]O|O|JO]J]O|O]O]O
Most General Feature Vector Set

Figure 7 — Initial Version Spaces state

We define the notion of query set for a given Version Spaces state as the space of
remaining hypothesis. The initial query set QS(s), &) is equivalent to the entire search space.

Definition: Query set
Let (s, G) be apair of items such that thefirst item s, is a query feature vector and the
second item G is a set of feature vectors: G ={go, G, ..., O} -

Query set QS(s, G) ={q| qismore genera than sand $g1 G such that g is more
general than q}.

4.2 Data M apping

We defined the notion of data mapping instance to formalize the concept of source data
coming together to form an object in the target schema (as previoudly illustrated in Figure 2). A
data mapping is a positive example if the given source data correctly forms a member of the
target view.

Definition: Data Mapping

A data mapping instance dm is an assgnment (o, 0, ..., @,) of variables $r, $r,, ..., B,
in their respective object sets O, O,, ..., O

dn=(0,0, ..,0)1 OG0 .. 0O,

Definition: positive, negative data mapping example
A data mapping instancedm = (0;, 0, ..., @,) issaid to form a positive example if and only if the
target schema object formed by By, g (01, O, ... , 0,) iISamember of the target view.

If not, dm is said to form a negative example.

Figures 2, 8,10, 14 show the graphical representation for a data mapping. A data
mapping can aways be represented by showing a set of the data values in the source databases,
combining to form an element in the target schema. If the element produced is a member of the
target view, the data mapping represents a positive example (Figures 2, 8, 14), if not it represents
a negative example (Figure 10).

Just as we did for queries, we can associate a Boolean feature vector with esch data
mapping instance dm.
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Definition: Example Feature Vector
For a given data mapping dm, the example feature vector FV(dm) is defined as
Fv(dm) = (Pl($’l: O, ..., $‘n = Q"I)1 PZ ($’1 =0, ... $‘n = On)a [ERY) pr(al =0, ... 1$’n = Q1))

4.3 Rule Definition

We introduce the concept of rules, and the three kinds of rules used in the SPHINX
learning algorithm. Formally we define arule as one of three operators acting on a Version
Spaces state. In turn, we will formally define three rules.

Definition: rule

A ruleis an operator, which takes a Version Spaces state (s, G) and a feature vector fv as
input and returns a new Version Spaces state (s, G'). Applying aruler moves aVersion Spaces
in state S with vector, to anew state S' with vector

4.3.1 Positiverule

The positive rule operator R, modifies the Version Spaces state by eliminating from the
guery set those queries that are inconsistent with a given positive data mapping.

Definition: Positive rule operator
Let dm be a data mapping such that FV (dm) = (e, ..., &y). The positive rule operator
Ru((e, ..., &y)) operates on a Version Spaces state (s, G), S=(Sy,..., S, G={q, .., &} ,and g =
(G + G2r - -
Ro((€y, - €x)): (SG) ® (S,G)
- S =(8, ..., Sr) such that
0 e=1b g’ =5
o e=0b §=0
G =G

Consider the positive data mapping instance dm; shown in Figure 8. The mapped vaues
are circled. Because the datain dm; is substantialy different from the initial data-mapping
example in Figure 2, alarge number of the potentia features predicates do not hold on dm, : P;,
Py, P3, Pa, Ps, Bs, Py, Py, P1g, P11, P1o, Pis, Pis. Conversely the following predicates do hold on dmy:
Pg, P15, P16, P17. Thus the example feature vector for dm, is FV(dmy) =(0,0,0,0,0,0,0, 1, 0, O,
0,0,0,0, 1,1, 1). Theresult of the subsequent application of R,(FV(dm)) to theinitial Version
Spaces state (Figure 7) is shown in Figure 9. Only the most specific vector is modified: all
potentia features which are negated in dm; see their vector value lowered from 1 to 0. Potentia
features whose predicates are till fulfilled (Pg, Pis, Pis, Pi7) suffer no change.

The changes shown in Figure 9 eliminate from the query set, al the queries with any of
the negated predicates (P4, P,, Ps, Py, Ps, Ps, P7, Po, Pig, P11, P12, Pis, Pis) in their Whereclause:
since those queries would not produce a target view where dm; could be a positive example. This
property isformally stated in Lemma 1.
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<M anufacturer>GE</Manufacturer>

<Number>173-411</Number>
<Ed. Review>A reliable phone with impeccable sound Giglity</Ed. Review>
Revians

<Comment>G

d Product -Jim</Comment>
</Rating>

</Review>
</Product Review>

<Product>
<Manufacturer>GE</Manufacturer>
<SKU#>6002092</SK U#>
<Name>Handheld S1100C</Name>
<Desc.>Cordless phone</Desc.>

</Product>

Figure 8— Positive Data Mapping Example dm;

Fo | Fo | Fs | Fa |Fs|Fe|F7|Fs|Fo|Fio| Fuu| Fio | Fus | Fua| Fis| Fis | Fu7
0 0 0 ojo0of0|j0|l2jO0f0O0O)JO|JOfO|O1(f1]12

Most Specific Feature Vector
{ FL | F2 | Fs | Fs [ Fs| Fo| F7| Fs| Fo| Fio| Fuu| Fiz| Fia| Fiu| Fis| Fus | For }

o,o0;o0(0(0yj0;0f0f0}jO0}J0|J]0O0Of0O}j0O(0]0]O

Most General Feature Vector Set

Figure 9— Applying the positive rule operator R,(FV(dmy)) to theinitial Version Spaces state.
4.3.2 Negativerule

The negative rule operator R, isthe more complex of the three and modifiesthe Version
Spaces state in order to eliminates from the query set those queries that are inconsistent with a
given negative data mapping.

Definition: Negative rule operator
Let dm be a data mapping, such that FV(dm) = (e, ..., &y).
The negative rule operator R,((e, ..., &) operates on aVersion Spaces state (s, G), with
$= (St $0, G={0, ., &} ,and g = (31,92, .-, Gp0)-
Ru((€y, ..., €x)): (SG) ® (S',G")
. S’'=s
G ={ (@1 Gp') [P (@1, Bp) T O U("j:6=0P g,;=0)) U
) () fgy =gy)Ue=0Ug/ =1)]
O [($P: (G s B) T O) U($F:@=0U0 g =2) U(" jigy =g, }
G'={(@1 - Gp) (G-, 9p) | G U@ ..., Gpr) £S5}
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<Product Review> -
<Manufacturer: </Manufacturer>

<Review>
<Comment
<Rating=5-:
</Review>
</Product Review>

<Product>
<Manufacturer>ACM E</Manufacturer>
<SK U#>6000345</SK U#>
<Name>Fast PC 3000 X533</Name>
<Desc.>Multimedia computer</Desc.>
<Price=$699.99</Price>

</Product>

Figure 10— Negative Data M apping Example dm,

Consider the data mapping dm, shown in Figure 10. It differs dightly from dmy, in that
the data for source 1 is the same (the product is a GE handheld S1100C), but it is matched with a
totaly different product from source 2. The feature vector for dm, is FvV(dm,) =(0, 0, 1, 0, 0, 0,
0,1,1,111,1,11,0,0). Thereare 7 potentia features whose predicates are negated in dm,:
(Fu, R, B, s, Fs, Fig, Fa7).

The application of the R,(FV(dn)) operator leaves s, the most specific vector unchanged
and applies only to G, which has only one member at this sage: G = {go}. The application of
R,(FV(dmy)) happensin two phases:

- Inthefirst phase anew vector g’ is created from g, by changing the bit of exactly
one of the 7 features to 1. Since there are 7 features there will be 7 new vectors. g’ =
(1,00,00000,00000000,00,% =(,1,0,0....,00 uptog,’ = (O,
0,0,0000000,000,00,0,0,1).

- Inthe second phase only those vectors which are still more general than swill be
kept. Thiseliminatesal but g’ and g;’, thus g’ =g’ and @'’ = @,'. Thusthefina
result is shown in Figure 11.
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oy,o0;jo0;o0(0/0;j0fO0fO0O| 0|0 O0(0O]O0OjO0]O0]|1

Fl F2 F3 F4 I:5 FG I:7 FB F9 I:lO I:11 I:12 F13 I:14 F15 FlG I:17 }

Most General Feature Vector Set

Figure 11— Applying the negative rule operator R,(FV(dny)) to the Version Spaces state

4.3.3 Additional rule

The additional convergence rule operator Ry(p) is applied in the negative and missing
label branches every time its precondition is met for some potentia feature p, 10pCpf. If the
precondition is not met for any p, the Version Spaces state is unchanged and nothing further
happens. If it is met for some p, then the operator R, (p) is applied and the Version Spaces state is
modified to reflect the information derived from the precondition being fulfilled.

Definition: Set0,
The set Q, is the set of feature vectors containing a zero at the p" position.
h={(& ..l =0

Precondition R,(p):

Precondition(p) is met, if for any data mapping dm, FV(dm) T 0, implies that dm is a negative

example. If there is no data mapping dm, such that FV(dm) T Q,, then Precondition(p) is true.
(" dm: FV(dm)T O,p dmisanegative example) P Precondition(p) istrue

Definition: Additional rule operator (Applied when Precondition(p) is true)
Ra(p): s G)® (8,G)
- G =G .
S=(s...%), S =" It p:5 =9)

The origina Version Spaces agorithm did not require such arule. The necessity for the
additional rule is dictated by the demands of a sample selection system. There will be cases when
no data mapping instance for a given feature vector can be found from the existing data sources.
Consider predicate Pg: $r,/rating = “5-star” . Assume al objects in the source have the rating “5
dar”. Thusall positive data mapping instances validated by the user must contain the rating “ 5
star”. Thisisinsufficient to prove that predicate Ps is part of the target view since al negative
data mappings must also contain the “5-star” rating. This makes disproving Ps impossible. Thus,
since no examples can be found with a different rating, the system will never be able to determine
if the predicate P; should appear or not in the Where clause of the target concept.

It should be noted that since al data instances in the source fulfill predicate Ps, its
presence in the target query does affect the content of the target view. Every query g containing
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Pg in the Where clause, has an identical counterpart g which is similar to g except ' is missing
Pg in the Where clause. It is dways the case that g and g materialize the same target view. In that
case, applying the additional rule operator R,(8) will reduce the query set by removing for every
query g, its counterpart g’ .

4.3.4 Impact on Updates

Consider the scenario where the Additional rule operator R4(8) is applied because no data
mapping can be found with arating other than “5-star”. Assume that as the result of an update or
amodification of the source data, arating of “4-star” appears at some point in the future. It will
be necessary for SPHINX to re-evauate the target concept againg this new information.

Thus every application of the additional rule operator should be logged, and atrigger
should be introduced as an integrity constraint on the source data.

For each application of an additional rule operator R,(p), Precondition(p) must become an
integrity constraint on the source data. Such an integrity constraint is violated when a data
mapping dm appears in the source such that:

- FV@mT o,

- dm has not been labeled a negative data mapping.

Violation of thisintegrity constraint, and of Precondition(p) must trigger a restart of the
learning algorithm at the point where the additional rule operator R,(p) was applied.

5. Correctness

Per Section 3.4 we discussed the relative completeness of the search space with respect to
alimited class of view defining queries. In this section we look at correctness and prove that the
SPHINX learning agorithm, if it converges, correctly converges to the correct target concept in
the search space. To do so, we prove that each rule operator application removes from the space
of remaining hypothesis only those queries, which are inconsistent with the data mapping labels.
We aso prove that the learning algorithm terminates after a finite number of steps.

5.1 Data Mapping and View M apping Set

The Data Mapping set corresponds to the Cartesian product of the Cartesian sets O, O,,
..., O, identified by Algorithm-3. We a so define the positive data mapping set as a subset.

Definition: Data Mapping Set DM
The set DM of data mapping instances is formally defined as the Cartesian product of the object
sets Oy, O,, ... O,

DM=0; 0, ...” O,

Formula 2 — Data Mapping set

Definition: Positive Data Mapping Set DM”*
Given a query g, such that FV(q) = (a,. .., Gx), the positive data mapping set DM*(q) is the subset
of DM which does not negate any of the predicates included in the query q.

Formula 3 — Positive Data M apping set defined by a query

DM*(@) ={ (01, ...,0n) ] DM |"i:q P P($r1=0y, ..., $rn=0n) }
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Note that if ¢ isthe query with feature vector FV () = (0, 0, ...,0), then DM*(qp) = DM
Note that if aand b are two queries such that ais more specific than b then DM*(a) i DM*(b).

5.2 View Defined by a Query

Any query q in the search space defines aview over the set of source databases. Two
different queries ¢, and g, may define the same view. A trivial illustration of thisis when the
source databases are empty.

Definition: View Defined by a Query q
Given aquery g, such that FV(q) = (t, ..., ), we note View(q) the view defined by g.

View(q) = { O(Ew($r1=o0y, ..., $=0n),..., B($r1=01, ..., $0m=0n)) | (01, ..., 0n) T DM*(q)

Formula4 - View defined by a query

Formula5 briefly illustrates for a query g the relationship between DM, DM*(q) and View(q).

View(d) =D g1, ... e (DM™() ) =D €1 ..., ex) (Sp1, .. Pm (DM))

Formula 5 — Relationship between View, DM " and DM .

In amachine learning view of the query discovery problem for target query g, ements
of DM serve as labeled examples: positive examples belong to DM*(¢), and negative examples
do not belong to DM*(q).

Lemma 1 states that a data mapping dm is a positive example for query q if and only if
feature vector FV(dm) is more specific than feature vector FV(q).

Lemma 1:
Let dm be a data mapping such that FV(dm) = (e, ..., &),
Let q be aquery such that FV(g) = (ch, -, Gx),
dni DM*(q) U Fv(dm)3 Fv(@ U "i:(g2 g)

Lemmalis merely arestatement in terms of feature vectors of properties expressed in
the definition of DM*(q). Its proof is |€ft to the reader. Lemma 1 alows us to consider labels for
positive or negative examples as a property of feature vectors, by stating that the label of a data
mapping depends entirely on its feature vector. This observation is stated formally in Lemma 2.

Lemma 2
Let dm and dm’ be two data mappings such that FV(dm) = FvV(dm’).
For any query g, dm1 DM*(g) U dm' T DM*(qg)

Lemma 2 isadirect corollary of Lemma 1.
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5.3 Feature Vector Labe

Each feature vector can always be assigned exactly one of three labels: pos (positive),
neg (negative), or mis (missing).

Definition: Correctly labeled pair
A labeled pair isapair (fv, Ibl), where fv is a feature vector and |bl is one of the three labels
{neg, pos, mis}. Let g be aquery, (fv, Ibl) isacorrectly labeled pair with respect to g if and only
if the following conditions are met:
If for dl data mapping dmin DM, FV(dm) * fv, then Ibl = mis
If there exists a data mapping dm such that FV(dm) = fv and dml DM*(q) then Ibl = pos
If there exists a data mapping dm such that FV(dm) = fv and dmi DM™ () then Ibl = neg

Lemma 1 and Lemma 2 guarantee that the three cases in the above definition are mutually
exclusive, and that their digunction is always true.

5.4 Learning Algorithm Sequences

Interaction between the user and the system, described in Section 5, resultsin the user
constructing alabel sequence, one labeled pair at atime.

Definition: Label Sequence
A label sequenceis a sequence of labeled pairs.

Statey: (S, &) LSk

LSce1 = LSk + (v, neg) LSt = LSk + (fv, mis)
v H
RV (3G G0

LSk+1 = LSk + (fv, pos)

Do not apply additional rule

v Apply additional rule for some p
(8'.G"=(6) Rp) (8.G)
v \ /
States+q (Sk+1,Gk+1) = R)(fV) (&,G() Stateg+1: (Sk+1,Gk+1) = (S”,G”) LSk+1

Figure 12— SPHINX learning algorithm State Transitions

Two quantities characterize the state of the SPHINX learning algorithm itself: the
Version Spaces state, and a Label Sequence. Figure 8 illustrates the state transition, when a
labeled pair (fv, labdl) is added to the label sequence. The initid state is characterized by vector
(s« &), and label sequence LS. The agorithm branches on the [abel value, and applies some
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rules, which reduce the space of remaining hypothesis by operating on the Version Spaces state.
As shown in Figure 6, three different rules exist and therefore three different kinds of operators
exist which operate on the Version Spaces state: the positive rule with operator R,(fv) which is
applied in the positive branch, the negative rule with R,(fv) which is applied in the negative
branch, and the additional rule with R(p) which can be applied in both the negative and the
missing branch.

Definition: Rule Sequence
A rule sequence is a sequence of rule operators, which are of three kinds: R,(fv), R(fv),
Ra(p).

Definition: Rule sequence triggered by alabel sequence.
A rule sequence RSistriggered by alabdl sequence LS, if the rule sequence is the set of
actions taken by the Version Spaces agorithm in response to the label sequence LS.

Definition: Version Set
Let RS be arule sequence. The version set VS(RS) is defined inductively as.
VS(A) = QS(s, &) : the empty rule sequence gives aversion set equal to the whole
search space.

VS(RS) = QS(s«, G) P VSRS + R(Y)) = QS(R(Y)(s«, &)) : adding anew ruleto the
rule sequence is equivalent to applying the rule operator to reduce the space of remaining
hypothesis.
5.5 Correctnessfor Positiverule operator
Lemma 3 states that the positive rule operator R,(fv) removes g from the space of
remaining hypothesis (QS) if and only if no data mapping with feature vector fv can be a positive

example for g. Thus operator R,(fv) only removes from the space of remaining hypothesis those
queries which are incompatible with the correctly labeled pair (fv,pos).

Lemma 3:
Let (fv,pos) be alabeled pair, g aquery in QS(s, G) and QS = R,(fv)(QS):
ql QS U "dm:FV(dm)=fvb dmi DM*(q)
A proof for Lemma 3 can be found in the Appendix.

5.6 Correctness for Negative rule operator

Lemma 4 states that the operator R,(FV(dm)) removes g from the space of remaining
hypothesis (QS) if and only if dm is not a negative example for DPM(Q).

Lemma 4:
Let (fv,pos) be alabeled pair, g aquery in QS(s, G) and QS = R,(fv)(QS):
ql QS U (" dm:FV(dm)=fvb dnl DM*(q))
A proof for Lemma4 can be found in the Appendix.

5.7 Correctness for Additional ruleoperator
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Lemma 5 makes explicit the conditions under which two target queries may define the
same target view. In doing so Lemma 5 proves that the Additional rule operators only remove
from the Version Spaces state redundant target query definition. Lemma 5 guarantees that each
view, which could till be the correct target view, preserves at least one representative query in
the Query Set.

Definition: Compatible with

A query g is compatible with alabel sequence LS if and only if the following properties
aretrue:

(fv, pos) T LS P (fv, pos) isa correctly labeled pair with respect to g

(fv,neg) T LS P (fv, ney) isacorrectly labeled pair with respect to g

hemma 5(k):
LS = ((dmy, ), ..., (dm,, k)) isalabel sequence,
and RS isarule sequence triggered by LS, such that (Ry(p.), Ra(p2), ..., Ra(p.)) isthe exact
subsequence of applications of the additional rule in RS,,
and VS(RS,) = QS(sq, G),
and g is compatible with LS,
andq aquery suchthat (" jEa g, =) U("i:("jEait p)P (g =q))
Then:
a1 VSRS)

A proof of Lemma 5 can be found in the Appendix.
5.8 Correctness and Termination of the SPHINX learning algorithm.

Theorem 1 guarantees that a query defining the correct target view can aways be found
in the space of remaining hypothesis maintained by the SPHINX learning agorithm. In particular,
if SPHINX has converged to asingle query, then that query correctly defines the target view.
Theorem 1 isadirect consequence of Lemma 5, and we will leave that proof to the reader.

Theorem 1.

Let v = View(q) be the target view defined by the target query g, LS alabel sequence
such that ¢ is compatible with LS, and RS the rule sequence triggered by LS: $q1 VS(RS) such
that View(q) = w.

Theorem 2 states that SPHINX will eventually converge to a single query. To discuss the
issue of convergence, and prove Theorem 2, it is necessary to introduce the notion of partial
convergence on a potential feature

Definition: Partial Convergence on a Potential Feature

Assume the Version Spaces state is (s, G), withs= (s, &, ..., ), G ={(%1, G2, -,
Oupf)--- (1, G2,y ---» Gp)} - The SPHINX learning agorithm has partially converged for potential
feature R, if and only if: § = g1 = @ =... =0k;-

The reader can verify that if SPHINX has partialy converged for all potentia features,
then it has converged (in the usual sense) and the target query is known.

Theorem 2 states that if each of the 2" distinct feature vectorsis assigned a labdl, the
agorithm is guaranteed to have converged to a solution. The proof figures in the Appendix.
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Theorem 2:

Let LS be alabel sequence such that LS contains 2 distinct, correctly labeled pairs, one
for every possible feature vector instance. Let RS be the rule sequence triggered by LS, then
VS(RS) = QS(s, G) has converged to asingle query.

Theorem 1 and Theorem 2 together guarantee eventual convergence of the SPHINX
learning algorithm towards a single, correct view definition.

6. Active L earning and Sample Selection

In machine learning, Active Learning refers to a process where the system selects
examples for the user to label, in order to reduce the cost of labeling unnecessary examples. In
this section we look at the problem of selecting the examples that must be submitted to the user.

The number of examples necessary to converge to an answer is an important measure of
success for SPHINX, and the goal is to bring the learning agorithm to converge with a minimum
number of examples. However, it should be noted that in an adversarial worst-case scenario, the
system would be forced to test 2”-(pf choose 2) negative or missing examples, before the
additional learning rule could be used to converge. In that far-fetched scenario, the size of the
target view, equal to 1, precludes identifying positive examples beyond the initial graphic
example. Only negative and missing labels can be added to the label sequence, and only the
additiona rule operator will make progress towards convergence. In practice, when federating
data sources we hope that such target queries will be rare, and that the learning algorithm can
converge at amore acceptable rate.

6.1 Active Learning as a Search Problem

To explore its search space, SPHINX proceeds incrementally by trying to accomplish a series of
intermediate sub-goals. The active learning portion of SPHINX chooses the examples it presents
to the user with the purpose of achieving its current sub-goal. Consider the feature vector
illustrated in Figure 13. All its feature bits are set to 1 except for F,. A data mapping instance
with this example feature vector would negate only predicate P;.

Fo | Fo | Fs | Fa | Fs|Fe|Fr|Fe|Fo|Fio| Fia|Fio | Fug | Fia| Fis| Fis | Fuy
0 1 1 1111122 (1{12}|1)|1(1]1]1

Figure 13— Example Feature Vector
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<Product Review>
<M anufacturer=>ACM E</M anuf acturer>

</Review>
<Review>
<Comment>Average Performance -Danny</Comment>
<Rating>4-star</Rating>
</Review>
</Product Review>

<Product>
<Manufacturer>ACM E</Manufacturer>
<SKU#>6000345</SKU#>
<Name>Fast PC 3000 X533</Name>
<Desc.>Multimedia computer</Desc.>

<Order info.>Out of Stock</Order info.>
</Product>

Figure 14— Data Mapping I nstance with the Example Feature Vector shown in Figure 13

Consider the data mapping shown in Figure 14. Its example feature vector is equa to the
one shown in Figure 13. This data mapping is similar in al points to the data mapping shown in
Figure 2, except for aminor difference in one of the reviews. This minor difference results in the
negation of predicate P,.

If the user assigns this data mapping a positive label then SPHINX will know P; cannot
be afilter predicate in the target query. Conversely if the user assigns it a negative label then the
target query must contain filter predicate P;. Thus, regardless of the actual label value, SPHINX
can ascertain whether or not P, belongs to the target query. Provided the same mechanism can be
repested for the other 16 potential features, SPHINX could, in 17 steps, learn the target query.

6.2 Sub-goalsfor Partial Convergence

We examine one strategy, which proceeds by setting sub-goals for partial convergence,
and incrementally leads to full convergence. This strategy seeks to find data mapping instances
for each of the 17 sub-goas shown in Figure 15, and then to submit them to the user. To reach
these sub-goals, a data mapping instance with example feature vector equal to the sub-goa must
be submitted to the user (a query on the source can easily be written to retrieve data mapping
instances corresponding to a given feature vector representation). This strategy is particularly
attractive, because if the necessary 17 data mappings can be found, regardless of how the user
labels them, the agorithm fully converges. However in a practical scenario, using real data
sources, none of the data mappings necessary for any of the sub-goasin Figure 15, are likely to
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exist. These sub-goals are too specific: they require data mappings with very restrictive integrity
constraints.

Sub-goal1: (0,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1)
determine if P, must be included in the target query
Sub-goal 22 (4,0,1,1,1,1,1,1,1,1,1,1,1,1,1,1, 1)
determine if P, must be included in the target query

él.Jb-goaI 17 (4,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,0
determine if Py; must be included in the target query

Figure 15— Sequence of sub-goalsleading to convergence

More generdly, because of functional or accidental dependencies in the data and because
many predicates will not be independent (e.g. P, and P,;) most sub-goals are unreachable and
looking for the corresponding data mappings will result in the production of missing labels. Since
missing labels do not directly lead to convergence, sub-goas must be chosen carefully.

6.3 Value of Positive Examples vs. Negative Examples

Sinceana ve strategy of proving or disproving each individual feature separately (asin
Figure 17) cannot be serioudly considered, it is important to understand that the value of a
positive example is much higher than the value of a negative example. Consider a sub-god,
which seeks (to prove or disprove) a group of K filter predicates. Finding a positive data mapping
example for that sub-goal, will bring the agorithm closer to convergence: by generaizing the
most specific feature vector on all k features, the algorithm automatically reaches partia
convergence on those k features. On the other hand a negative data mapping example for the
same sub-goa does not bring the algorithm much closer to converging, because when al k
features are negated at the sametime, it is not the case that partial convergence is achieved on any
feature; unless the additiona learning rule can be applied. Unfortunately the additional learning
rule often requires alarge amount of labeled pairsin order to be applied.

7. Sample Selection Heuristics

In this Section we look at heuristics to implement sample selection for the SPHINX
system. When looking at establishing facts about the target query using sub-goals, we need to
consider two factors:

- missing labels are of little value,

- negative labels are aso of little value.

Any strategy wishing to minimize user interaction, must focus on finding at least one,
possibly several, examples |abeled positive by the user. Therefore the basis of our strategy is to
separate active learning in two phases. In the first phase SPHINX will exclusively focus on
proposing data mappings, which it judges are likely to be positive examples. The god in the first
phaseis to converge quickly on as many features as possible. In the second phase SPHINX
proposes those data mappings that have no particular reason to be positive or negative. Thus the
expected convergence rate in the second phase will be minimal, but with the extent of the search
space reduced by the first phase, the number of examples can be contained.
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7.1 Join Feature Bias

A simple analysis shows that the overwhelming majority of the potential features are
selection predicates. A selection predicate is created for every attribute in the schema. A join
feature is created only when supported by the initial data-mapping example: arelationship exists
between two objects in the data mapping.

Potential Selection Join
Features Features Features
Healthcare Query 1 14 14 0
Query 2 15 15 0
Sports Statistics Query 3 25 24 1
Query 4 25 24 1
5 Star Catalog Query 5 30 28 2
Query 6 30 28 2

Table1 — Selection vs. Join Features

An accidental match between a“9.99” asthe price $9.99 and a“9.99” as September 99 is
possible, but isan unlikely event given any pair of objects chosen at random by the user. Thus
amost al join features observed in the data-mapping example are not flukes and do represent
existing semantic relationships. Thus two factors combine here to privilege join features: a pure
Cartesian product without a join predicate is avery unlikely operation, and most observed join
features between objects belonging to different sets are not accidental.

We elaborate a basdline strategy S, based on this observation. S, privileges the search for
positive examplesin itsinitia phase by initially never choosing sub-goals negating join
predicates. When searching for a sub-goal, strategy S, 1ooks to negate only a small set of
selection predicates (never more than 10). That search is repeated by modifying the set until a
positive example is found or the algorithm converges. The small set of negated selection features
is chosen with an initia randomization and modified in an incremental search pattern. Thereisa
possibility for backtracking to re-randomize the set, but in the course of running the experiments
shown in Table 2, backtracking with S, occurred only once. Once positive examples have been
found, S, entersits second phase, in which both join and selection predicates will be negated.

It should be observed that in addition to its bias for join features vs. selection features,
strategy S, possesses another built-in bias: it consistently bets that of all the potential features (a
large number), only avery smal number is likely to actualy appear in the Where clause of the
target query.

7.2 I nformation Gain Bias

We make the observation that not al features are equally likely. Consider the following
feature predicate: “Name = ‘ Supervac 4000'". It is unlikely to appear in a view defining query
since few objects in the source, perhaps only one, will fulfill that predicate, making it useless for
any view definition. On the other hand a feature such as “ manufacturer/state = ‘TX'” is more
likely. A significant proportion of the objects may well fall in the ‘TX’ category and building a
view with those might be of use.
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We can measure for each selection predicate their information gain. The basic
assumption is that the information gain will serve to estimate the likelihood of a predicate.

IG(P) = - (SIS ISNINIS:/ (IS +1S2]) = (1SN (S+ISIDIN(S: KIS+ [Se1)

The information gain IG(P) is afunction of the filter factor FF(P), and is maximal when
FF(P) = 0.5. IG(P) will yield high scores for predicates on enumerated types, and low scores for
predicates on infinite types.

We note the information gain metric IG(P), relies on the same catalog statistics used in
those query cost models. It has been shown these gtatistics can be derived even in distributed
systems where catalog information is not directly accessible [11,30]. Thus, we are confident we
can aways rely on such statistics to drive our heuristics.

We introduce a new strategy S, arefinement of S, based on this information gain bias.
This strategy does not require likelihood estimations to be accurate. The likelihood function
should, above all, cluster predicates into two major categories: the most unlikely predicates
(extremely low information gain and infinite domain), and the other predicates (low to high
information gain and enumerated domain). This clustering will replace the random process used
insS.

A comparable bias could be introduced to estimate the likelihood of individua join
predicates, however as discussed earlier the small number of join predicates precludes the need.

7.3 Experiments

Weimplemented a prototype system complete with graphic-user interface. This
prototype handles data mapping instances presented here, as well as mappings from meta-data
elements to data (in XML, tag-names can be extracted with the getTagName function). This small
higher-order generalization allows from a broader range of restructuring queries across
schematically disparate sources, without any substantial changes to the overall system.

We chose three domains to experiment with data integration. All of these problems were
actual internet database integration tasks conducted under contract, in an ad-hoc fashion by aweb
services consulting firm. Almost al source data was available only in HTML form, with the
source siteswrapped [3,7] to produce structured results. These experiments with SPHINX
recreate those schema integration tasks, and are ranked in Table 2, by increasing level of
empirical complexity. In the first domain the target queries populate a Healthcare provider
directory database. The second domain is based on sport statistics databases. The third domain is
the ‘5 Star Catalog’ for electronics and comes from the area of online pricing catalogs for B2B
merchandise distributors. A dightly smplified version is used as an illustrative example in this
exposition.

Table 2 gathers some results: each test set includes source databases (which can be found
at [37]), atarget schema, and two interesting target queries populating different tables of the
target schema. The number of features (i.e. Selection and Join predicates) appearing in the Where
clause of each query is shown (e.g. 1J, 0S: 1 Join and no Selection predicates). The number of
examples SPHINX requires to reach the target query is averaged over ten runs for each query and
shown in Table 2. The decima averages are a product of random factors present in both
heuristics.

Strategy S, is more successful than S for the target queries which do not have a selection
predicate in their Where clause. The performance of strategy S, degrades quickly when the target
query contains even a single selection predicate. Strategy S, shows a more stable behavior, its
performance only slowly decreasing when the complexity of the target query increases. This can
be attributed to the inability of strategy S, to differentiate among the selection features, and hence
pick the ones, which can be excluded from the target query with high probability.
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Strategy & Strategy S,
Query | Potentia | Number of Examples | Number of
sze Features Examples
Total | Pos. | Neg. | Total | Pos. | Neg.
Healthcare | Query 1 | 0J,0S | 14 2.2 2.2 0.0 14 1.4 0.0
Query2 [0J1S |15 4.7 2.0 2.7 55 25 3.0
Sports Query 3 | 1J0S | 25 49 3.7 12 25 15 1.0
Stetistics [ Query4 | 13 1S | 25 48 [18 [30 [114 [16 |98
5 Star Query5 |230S |30 59 3.2 2.7 4.0 20 2.0
Catelog Query6 |231S |30 89 (27 [62 [117 |20 [97

Table2 — Experiments with SPHINX

S S oracle random
Total Tota Total | Pos. | Neg. | Total | Pos. | Neg.
Healthcare | Query 1 | 2.2 14 1 1 0 26 13 13
Query 2 | 4.7 55 2 1 1 26 13 13
Sports Query3 | 4.9 25 2 1 1 75 35 [30
Statistics  [Query4 | 4.8 114 3 1 2 2 11 |11
5 Star Query5 |59 4.0 4 1 3 12 55 |6.0
Catalog Query 6 | 89 11.7 5 1 4 42 21 21

Table3 — Active learning vs. passive learning

Table 3 compares the performance of both active learning strategies for SPHINX with
two experiments in which SPHINX is hobbled to become a passive learning system. These two
experiments do not represent valid strategies but are designed to identify bounds, both lower
(oracle) and upper (random) on the number of examples an active learning algorithm may require

In these passive learning experiments, the user carries the burden of constructing data
mapping examples as well as labeling them. SPHINX merely indicates when the system has
converged to atarget query. To measure alower-bound, an omniscient user, (us), constructed the
optimal sequence of examples to converge SPHINX as quickly as possible. To measure an upper-
bound a naive user chooses examples at random from the set DM. At each step thereis an equal
probability of a positive or a negative example being chosen. Each example is picked randomly
from its respective population of positive (DM") or negative examples (DM-DM") with equal
probability. Unlike the oracle this user is not in a feedback |oop with the learning system, and
does not know which examples need to be picked next in order to finish converging the system.

These experiments show that even with imperfect heuristics, the observed complexity is
correlated with the size and complexity of the target query rather than with the number of
potential features. We can observe both that the number of required examples spikes when
predicates are added to the target query, and that the most simple target queries require asmall
number of examples, even when the number of potential featuresislarge.
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8. Conclusion

We built aVersion Spaces model for query discovery by example and developed the
SPHINX learning agorithm, by adding a new kind of label and a new learning rule to the two
labels and the two rulesin the original Version Spaces agorithm. This new agorithm alows full
and accurate verification by a user of potential mappings of semantic relationships. Thisis
accomplished entirely by example, where only the initial data-mapping example needsto be
supplied by the user. The active learning and sample selection system incorporated in SPHINX
generate additional examples, which are labeled positive or negative by the user. We present an
effective search heuristic which minimizes the number of such examples submitted to the user by
quickly eliminating potential features.

We note that SPHINX, has no real intelligent understanding of the semantic properties of
data. Rather it focuses on a purely syntactic understanding of the federating views and on a user
interaction model. SPHINX relies entirely upon the user to provide semantic knowledge and does
not seek to derive it from context and from existing information. This split between user and
system responsibilities was motivated by our specific goals. However, future work could
incorporate existing machine learning techniques, which exploit such information. Without
abandoning the goal of accuracy, the system can make more educated guesses to improve current
heuristics and converge quicker in complex situations.

With SPHINX we grapple with the issue of designing a GUI Interface for complex data
transformations. There aready are successful GUIs for XML tag matching, and with the typical
size of aDTD, these represent the only redlistic way for most people to interact with XML
mappings. To integrate data from multiple XML types, and to perform more complex operations
such asun-nesting and joins, it would be desirable to incorporate automated schema matching
tools into those simple GUI paradigms. However, asthose ssmantic tools currently require an
expert to check correctness, with SPHINX we sought to identify a first set of more advanced
semantic elements which could still be brought to the level of a GUI for a non-technical user.

Future work should also address awider range of practical issues in schema integration
within the framework we established. In particular, we leave open the issue of adjusting and
testing the current SPHINX dstrategy to handle different kinds of queries, such as aggregation
operators and digunction, of incorporating Skolem functions for objects, and of explicitly
handling more complex XML such as DAGs. Broadening the generality of SPHINX in this
fashion will mean expanding the current GUI principles to require several kinds of user input
beyond our initial minimalist approach.
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Appendix

Formal proofs are included in this Appendix for the referees’ consideration.
Lemma 3:
Let (fv,pos) be alabeled pair, g aquery in QS(s, G) and QS = R,(fV)(QS):
ql QS U (" dm:FV(dm)=fvb dni DM*(g))
Proof:

Assumefv = (e, &, ..., &), 4= (G, B, ---» Chpr)
QS=(sG),QS =(8,G)

G= {(91,1, rery gl,pf)i
(%1, - Do)
&é(,lv (RS ) g<,pf)}

gl QS b (" dm:FV(dm)=fvb dnl DM’ (9)

Assume dm such that FV(dm) = (e, &;, ..., &).
ql QS qi QS U (Ciig£s)USiig£qU(Si:g>s)U(" i:@(g" £0))
andsince"i:g=g’:
U (Cigfs)UGi:g>s)USi:g£q
U ($i:s®qg>s)U@T Q9
andsinces >s’, wemust haves = 1and s’ = 0, which by definition of S and R, impliese=0:
P ($i:q>e)
P dnl DM (q)

("dm:FV(dm)=fv P dml DM*(q)) P qi QS

Assume dm such that FV(dm) = (e, &, ..., €x).
dnl DM’ () P ($i:q>e)
U ($i:qg=1Ue =0)
andsinceql QS ,wehave('i:q £s)U($i:g £0)
P ($iiq=1Ue =0Uqg £5s)
P ($i:g=1Ue=0Us=0)
and since by definition of S and R,, 5" must be 0 in that case :
b ($i:g=1Us=1Us’=0)
P ($i:q>s’)
P gl QS

Lemma 4:
Let (fv,pos) be alabeled pair, g aquery in QS(s, G) and QS = R,(fv)(QS):
ql QS U (" dm:Fv(@dm)=fvb dni DM*(q))

Proof:
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Assumefv=(e, &, ..., &), 4= (0, &, ..., )
QS=(sG),QS =(s",G")

s'=s

G= {(91,1, reey gl,Pf)’
(92,1, ceey gZ,pf)’
(Gcts +-r Qo))

G ={ (@1 0s) [ @1 . ) ESTU o
[’ [($p: (% ..., gp,pf)l G) [‘J(" i q:OF) Opj = O)) UGt ("jt f:g; =) Ue=0Ugs =1)]
UL(®P: (G Gp) | QU e0Ug=1)U(" 10 =9;")] 1}

ql QS P ("dm:FV(dm)=fvb dml DM"(q))

Assume dm such that FV(dm) = (e, e;, ..., &)
snces’ =s:ql QS P ($j"i:q3g)U(j$i:g<g).
Letzbesuchthat " i:q3 g
AssumeA: ($i:g=0Ug, =1)
inthat caseg,1 G (by fulfilling the second part of the disunction),
and because g, £q £’ =s wefindthat g1 QS which isimpossible.
We therefore deduce @A: (" i: (g =0) P (g, =0))
Let f be any f such that e; = O, we define the vector ng = (Ngy, NG, ..., NGpy)
withng:=1, and (" it f: ng = @)
AssumeB: =0,
then becauseq £ s, wehaveg=0
AssumedB: s=1,
then by definitionng 1 G
andsince(" itf:ng = g,), wehave: (" it f:ng £ g)
AssumeC: g=1,
then ng; £ g,
andsince (" i: ng £ g), thereforeng£q£s’ =s
thisimpliesq 1 QS which isimpossible.
We can therefore deduce @C: g = 0.
QED (wehavejustproved " f: e=0pP ¢ =0)

(" dm:FV(dm)=fvb dmT DM (q))Pp ql QS
Assume dm such that FV(dm) = (e, &, ..., &).
1G9 =(%, &2, ..., &y ) With al the properties listed above for amember of G,
in particular ($p: §=(Go1 ».--» Gp) 1 G) such that:
[("j:670P gy =0) U(SK: (" j* f:g; =g,) Ue=0Ug, =1)]
U [($f:e=0Ug=1) U(" j: 3 = g;")]
Take such ap:
AssumeA: (92 gy)
andsincedm 1 PDM(q), thereforewe have (" i: € 2 G 3 gy,).
The property ($f: & =0 U g, = 1) is now impossible,
therefore by definition of G: ($f: (&=0) U (g =) U (" L f: g’ = @i)).
Take such anf:
because (e=0)and (" i: €3 q)
the only possibility isinthat case =& =0



(=0) and (. = 1) imply &(g"" £q)
AssumedA: ($i: q < @)

AssumeB: (" J: g’ = i)
then ($i: g < g,; = @,;’) whichimplies@(g'’ £ 0)

Assume@B: G(" j: g’ = Oy;)
Then by definition of G’ the other part of the digunction must be true:
[("j:6=0P gy =0) U(SF: (" j* f: gy =gy ) Ue=0U g,/ = 1)]
inparticular: ($f: g.f =1U("j* f1 gy’ =0y )
therefore: (" j: @' ° Op;)-
Recall that ($i: g <g,) P ($i:q<gi £0,") P D(g’ £0)
QED (we havejust proved (" g’ 1T G”: @(g" £ Q)))

Lemma 5(k):
If:
LS = ((fvy, I), ..., (fw, k)) isalabel sequence,
and RS isarule sequence triggered by LS, such that (Ry(p.), Ra(p2), ..., Ra(p.)) isthe exact
subsequence of applications of the additional rule in RS,,
and VS(RS) = QS(s,, G),
and g is compatible with LS,
andq aquery suchthat (" jEa g, =) U("i:("jEait p)b (g =q))
Then:
g1 VSRS

Proof:

Lemma 5 is parameterized by K, the length of the label sequence. The proof is an induction on k.
- k=0
LS =A RS =4 a0
We smply verify that g = q and that both arein VS(A) = QS(sy, &) which is the whole search
space.
Assume Lemma 5(k) istrue: prove Lemma 5(k+1)
Case 1.
The subsequence of applications of additional rule operatorsisthe same for RS..; and RS.. In
other terms there is no application of the additional rule operator between step k and step k+1.
Assume g and g are queries such that q is compatible with LS., and g issuchthat (" j£ a ;' =
DuCiCjfait p)b (¢' =q)). A
We can apply the induction hypothesis, Lemma5(k) on LS, RS,, g and q': thereforeq’ |
VS(RS).
Assumethat fv = (e, e, ..., &).
There are three further cases on the value of the labdl |.;:
- If sy = pos, then there existsdm,., T DM*(q), such that FV (dmy.,) = fv., because

g iscompatible with LS,,;.

dm.. 1 PDM(Q)P ("i:e3 q)

There are two further cases:

0 Letibesuchthat("jEai! p),theng’ =gandeg? ¢’
0 Letibesuchthat ($j £ ai=p),then
letj besuchthatj £aandi=p
Assume A: (g = 0), then fy.,1 O,

35



Cae 2:

then Precondition for Ry(i=p;) in the rule sequence, dictates that the
label Iy.; be negative or missing. Thisisimpossible.
We can therefore deduce A: (e = 1), and e 3 ¢’ isassured.
Thus we proved with both casesthat (" i: ¢ 2 '),
and therefore that dmy.; T PDM(Q).
Using Lemma 3, we can deducethat @ T Ry(fViu1) (S0, Go),
therefore ' T VS(RS.1).
If l+1 = neg, then there exists dm.; | PDM(q) such that FV (dmy.;) = fvi.1, because
q is compatible with LS4
dm., I DMY(Q) P ($i: & <q).
Leti besuchthat e < g. There are two further cases:
o ("jEail p), theng=qg ande <q'. Thereforedm., | PDM(q)
o0 ($j£ai=p)thenletjbesuchthatj £aandi=np.
e<qgPb e=0andsinceq’ =1, g < q isassured. Therefore dmy., |
PDM(Q). "
With both cases we established dm.; | PDM(Q’).
Using Lemma4, we can deducethat ¢ T R,(fVie1)(Se Go),
and since we are in the case where there is no application of the additional rule
between step k and step k+1: @' T VS(RS.1)
If l.; = mis, then since there is no application of the additional rule, RS, = RS,
andg T VS(RS1)

The subsequence of applications of the additional rule operator isincremented from RS, to RS.+;
by the application of Ry(pa«1)- In other terms R, (pa.1) iS applied between step k and step k+1.
Assume g and g’ are queries such that q is compatible with LS,.; and g’ issuch that (" j £ at+1:
G =D UCi:("jEarliit p)P (g =q)). i

Letq’ =(a'", ", .... ") besuchthat (" jEa " = UC (" jEai* p)P g =q)).
We can apply the inductive hypothesis, Lemma5(k)toq’': g’ | VS(RS).

Assume that fvii, = (1, &, ..., ).

There are two further cases:

If .1 = neg, then there exists dm,.; | PDM(q) such that FV(dmy.1) = V.1, because
g is compatible with LS..1
dm.. I DM (@) b ($i:e <q)
There are two further cases:
0 Letibesuchthat("jEai?® p),theng’” = qandthereforee <q’”’
0 Letibesuchthat ($j£ai=p), then
letj £asuchthati =p:inthatcaseq’” =1
and sinceg < ¢ . Theonly possibilityisg =0<q’’ =1.
Thus we proved with both cases that ($i: e <q’’)
P dme.. i PDM(q").
Using Lemma4: 4" T Ry(fvie1)(S, Go).
Notethat (" i* Paii Q" =q') U (Gpars’ = 1).
There are two cases:
0 CaseA: Qi =1:inthiscasesinCe Q' =0pas1 , WEhaveq’ =,
and since Ga+1”’ = 1, by definition of the action for Ru(Pax1):
0" T Ru(Pars) (Ri(fie1) (S0 G)
I VS(RS:1).
0 CaeB:0ha1=0: Qa1 =0, s’ =1
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We will provethat g is compatible with LS,.,, then we will deducethat g’ T
VS(RS).

= Leti £ k+1 besuch that (fv;,  =pos) T LS..
Thereexisisdm; T PDM(qQ’") st. FV(dm;) = fv; = (4, ..., f)
dn 1 VM(@") b ("i:fi3 g").
If fres =1then (" i:f, 2 g’) P dm T PDM(q')
If foaer = O then by the precondition for Ray(pa«1), ki isneg or mis,
which isimpossible.
Thereforedm, T PDM(Q).

= Leti £k+1besuchthat (fv, | =neg) T LS,
Thereexistsdm; | DM*(q’") st. FV(dm) = fv, = (fy, ..., f)
Inthiscasedm; I PDM(q’’), which impliesthat $i: f; <q’’.
If i = P then since gy’ = 0, there is a contradiction.
Ifil paq. Inthat case: g’ =q’, whichimpliesthat f; < g’’=q’.
Therefore $i: f, < g’ anddm T DM*(q).

We have just established that ' is compatible with LS,,;.
By induction on the label sequence LS,, we now provethat g T VS(RSw1):

= g1 VS).q isintheinitia search space.
" asz?urr}c; q 1 VS(RS)=QS(s, G), RS triggered by LS, LS.; = LS
+(Ivi, |;
- If |, = pos, snceq' iscompatiblewith LS,
there exisssdm, T DM*(q') st. FV(dm;) = fv,
T VS(RS+R\(fv))
If l; = neg, Sinceq compatiblewith LS,
there existsdm;, | PDM(q') st. FV(dm;) = fv;
by Lemmad, g T Ry(fv.)(s, G). )
" J £ atrl: ¢, = 1and by definition of the Ru(p;): (" j: d |
Ra(B)(Ra(fVi) (s, G)).
Since by definition of the algorithm, when |, = neg, RS, is
equal to either RS+R,(fv) or RS+R,(fv;)+Ru(p;) for somej:
T VS(RS..).
If li=mis, then
" JE£atl, g, =1, and by definition of the R,(p;) operator,
wehave” :q T Ri(p)(s. G).
Since by definition of algorithm, RS, isequa to either RS
or RS+Ry(p) for somej:
q T VSRS.).

If l ., = mis, there are two cases:

o

Theorem 2:

If Cpart =Al, theng =q'".

q=q' 1 VRS,

andAsi NCe Char1' =1, by definition of Ru(Pa+1):

O 1 Ru(Par)(So G) = VS(RSe).

If Opars’ = 0. Same scenario and same proof asin Case B above. We first
prove that ¢ is compatible with LS., then by a mini-induction that g’ 1
VS(RS..1). QED
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Let LS be alabel sequence such that LS contains 2” distinct, correctly labeled pairs, one
for every possible feature vector instance. Let RS be the rule sequence triggered by LS, then
VS(RS) = QS(s, G) has converged to a single query.

Proof:
In order to prove that VS(RS) has converged to asingle query, we will prove that partial
convergence has been reached for each of the potential features.
Let f £ pf, be a potential feature:
- AssumeA: [" it ((dm = (e, &, ..., 89, ) T LS) U(e=0)) P | = negor mis]
Since LS contains al possible feature vectors, the precondition for R,(f) is fulfilled.
Therefore R,(f) is guaranteed to be in the rule sequence RS and by definition of Ry(f):
("is=gs=1).
The agorithm has partialy converged on feature f.
- Assume@A: [$i: (dm = (&1, &, ..., &), }) T LS)U(e=0)) P I = pog
In that case there exists i such that R,(FV(dm)) isin the rule sequence RS.
Since & = 0, by definition of R,(FV(dm)): (" i:ss=g:=0).
The agorithm has partialy converged on feature f.
Thus the algorithm has converged on al potentia features, and (" i: s =g ¢)
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