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Un-Interpreted Schema Matching with
Embedded Value Mapping under Opaque

Column Names and Data Values
Anuj Jaiswal, David J. Miller, Member, IEEE, and Prasenjit Mitra

Abstract—Schema matching and value mapping across two heterogeneous information sources are critical tasks in applications
involving data integration, data warehousing and federation of databases. Before data can be integrated from multiple tables, the
columns and the values appearing in the tables must be matched. The complexity of the problem grows quickly with the number of data
attributes/columns to be matched and due to multiple semantics of data values. Traditional research has tackled schema matching and
value mapping independently. We propose a novel method that optimizes embedded value mappings to enhance schema matching in
the presence of opaque data values and column names. In this approach, the fitness objective for matching a pair of attributes from
two schemas depends on the value mapping function for each of the two attributes. Suitable fitness objectives include the Euclidean
distance measure, which we use in our experimental study, as well as relative (cross) entropy. We propose a heuristic local descent
optimization strategy that uses sorting and two-opt switching to jointly optimize value mappings and attribute matches. Our experiments
show that our proposed technique outperforms earlier un-interpreted schema matching methods and thus should form a useful addition
to a suite of (semi) automated tools for resolving structural heterogeneity.
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1 INTRODUCTION

D ATA integration becomes a necessity in order to answer
queries, make decisions that require information from

multiple sources. However, since data sources typically are
independently created or designed, massive heterogeneitybe-
tween data sources exists. Integrating data from heterogeneous
sources often involves solving two related subtasks: (1) match-
ing schema attributes across the information sources - the
schema matchingproblem; and (2) mapping data values across
matched schema attributes - thevalue mappingproblem.
Before data from two columns in different tables can be
integrated, we must ensure that the semantics of the data in
the two columns are the same. Similarly, for a pair of matched
columns, if the same datum value is encoded differently in
the two columns, the correspondence between the differently
encoded data values must be established and the data from
one column transformed (to the same encoding) before they
can be integrated. Schema and value matching are necessary in
applications involving data integration, data warehousing, data
interoperation and federation of databases and are considered
fundamental and challenging problems that must be resolved
before such systems can be successfully implemented.

While there has been extensive research on schema match-
ing [2], [3], [4], [8], [9], [10], [13], [17], [19], [20], [21], [23],
[24], [25], [27], [30] and value mapping [1], [5], [11], [12],
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[14], [15], [16], [22], [29], the existing solutions mostlytackle
these problems independently. In addition, most previous so-
lutions to the schema matching problem assume that the two
databases that need to be integrated use a common (standard)
syntax/description language for data values or at least have
some lexical similarities in their data values. However, these
assumptions are often violated in practice. For example, “Four
Wheel Drive Sedan” can be represented as “4WD-Sedan” or
“4WD-S” or even “4DSD4W” in different data sources. An
intelligent lexical matching algorithm may be able to deduce
correspondences between the first three data representations,
but will fail to provide a correspondence to “4DSD4W”
because no semantic or syntactic relationship exists between
this and the three other values. Furthermore, schema matching
proves exceptionally difficult as the number of data attributes
increases because the number of candidate solutions grows
exponentially with the number of attributes.

Existing techniques for schema matching utilize statistics
involving single attributes (e.g. Entropy) or pairs of attributes
(in particular, Mutual Information [17]). These techniques
are convenient when the data values are “opaque”, i.e.,
when it is difficult to understand the semantics of the data
value from its name. However, these methods inherently
assume there are distinct values for these statistics unique
to each attribute/attribute pair (across the two tables). Con-
sequently, these methods will fail when there are multiple
attributes/attribute pairs with similar statistics for the same
schema. We will illustrate this problem below.

We present an automated technique that utilizes value map-
pings to match schemas accurately. The technique is designed
to work in the particularly difficult cases whereboth the
column names and the data instances are “opaque” and when
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TABLE 1
Two schemas, (a) and (b), and corresponding records

taken from hypothetical Automotive Databases

(a)
Model(X) Color (Y) Type (Z)
XE White Sedan
XLE Red Coupe
LE Silver SUV
LX

(b)
A B C
X A1 1
XL A2 2
GE A3 3
GX

multiple attributes/attribute pairs may have similar first/second
order statistics, i.e., similar entropies or mutual informations1.
Instead of characterizing a column by a single value like
entropy, our technique characterizes each attribute (or attribute
pair) by the probability mass function (pmf) defined over
its value support set2. We introduce a suitable dissimilarity
measure between probability mass functions (e.g., Euclidean
distance, relative entropy). Our objective function (heretofore
interchangeably referred to simply as objective) is thus a
sum of these dissimilarities, one per attribute (or attribute
pair) match. Note that evaluation of a pmf-based dissimilarity
measure for a pair of attributes to be matched requires the
specification ofvalue mappings/value correspondencesamong
the matched attributes. Thus, to minimize our objective, we
must perform both attribute matching andembeddedvalue
mappings for the matched attributes.

As some preliminary discussion to help fix our ideas, first
consider the simple example in Table 1, which shows two
schemas, (a) and (b), each with three attributes(columns).
For each schema, there are four database records (rows).
Assume that these schemas are drawn from two automotive
corporations or from different divisions within a single corpo-
ration. Table 1(a) utilizes human-readable codes while Table
1(b) utilizes corporation-specific codes. Only someone with
access to a semantic description of the value codes for Table
1(b) will understand what these codes mean. Suppose that
ground-truth there is a one-to-one correspondence between
the attributes of the two tables and between values across
the matching attributes. Conventional instance-based schema-
matching tools might be able to find an alignment between
the attributes “Model” and “A” due to syntactic or lexical
similarities between the value strings that occur under “Model”
and “A”. However, no structural alignment for other attribute
pairs can be found, at least on the basis of syntax. Kang
and Naughton’s approach [17] could pair attributes in the
two schemas based, for example, on the closeness in attribute
entropies.

To illustrate a difficulty with this approach, consider a dif-
ferent example, but for the same (Automotive) domain, shown

1. Since these statistics are used as the basis for schema matching in
methods such as those proposed by Kang and Naughton [17], thisscenario
poses a difficult challenge for such methods.

2. For each attribute, the probability mass function is estimated based on
the frequency of occurrence counts taken over the availabledatabase records,
e.g.,P (X = x1) =

N(x1)
N

, whereN(x1) is the number of timesX = x1

occurs and N is the total number of database records (assuming for each
record there is a measured value for attribute X).

TABLE 2
Two schemas, (a) and (b), showing similar entropies for

each of their columns. The Probability Mass
Functions/Frequency counts of values, however, are

quite distinctive and can be used in deciding the correct
column matches

(a) Schema 1
ModelA P(ModelA) ColorA P(ColorA)
XE 0.01 Red 0.06
XL 0.02 Blue 0.08
XO 0.15 Green 0.17
LE 0.16 Black 0.22
LX 0.17 White 0.23
LZ 0.20 Mauve 0.24
LO 0.29
H(ModelA) 1.6841 H(ColorA) 1.6857

(b) Schema 2
ModelB P(ModelB) ColorB P(ColorB)
XE 0.02 Red 0.07
XL 0.02 Blue 0.08
XO 0.13 Green 0.12
LE 0.14 Black 0.22
LX 0.17 White 0.24
LZ 0.20 Mauve 0.27
LO 0.32
H(ModelB) 1.6847 H(ColorB) 1.6717

in Table 2. Table 23 shows two different schemas in (a) and
(b), the values of the two attributes under each schema, and the
normalized frequency count (probability of occurence) forthe
values under each attribute. With Shannon’s entropy function
defined asH(X) = −

∑

x∈X P (X = x) log P (X = x),
X the values taken on byX, we might have H(ModelA)
= 1.6841, H(ColorA) = 1.6857, H(ModelB) = 1.6847 and
H(ColorB) = 1.6717 as shown in Table 2. The best align-
ment (in the sense of closeness in entropy) could either pair
ModelA with ModelB andColorA with ColorB or ModelA
with ColorB andModelB with ColorA. In this example,the
entropy differences are not large enough to make confident
matching decisions. This statement may apply even if second
order statistics (e.g. mutual information), based on pairsof
attributes from the same schema, are used in matching, as
in [17]. Further, one cannot use value cardinalities to aid
matching because even if the cardinalities ofModelA and
ModelB are the same (as in Table 2), this does not necessarily
imply the attributes ground-truth match. For example even if
there are nine car colors and seven different models, some car
colors may not have occurred in one table (There may only be
records for seven or eight different colors). In this case, one
cannot disambiguate whether an attribute with seven distinct
values represents the car’s model or its color (with two values
missing).

To make progress in such difficult scenarios, our technique
utilizes the value-mapping dimension to enhance schema
matching. In particular, we will capitalize on the frequency

3. Table 1 and Table 2 illustrate two different examples, involving different
schemas, even though both are from the Automotive domain. Table1 is
presented to highlight difficulties in applying syntactical similarity to match
schemas. Table 2 highlights issues for schema matching algorithms that align
based on statistics such as entropy.
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of occurrence of an attribute’s values to enhance attribute
matching. The probability mass function on the attribute values
is in general much more distinctive than the attribute’s entropy
(or mutual information). In particular, there are uncountably
infinite number of probability mass functions that possess the
same (as well as similar) entropies. It is much more likely
by random chance that different attributes possess similar
entropies than that they possess similar probability mass
functions on their value support. As an illustration of this, in
Table 2, even though all the columns have similar entropies,
the attributeModelA of Schema 1 (Table 2(a)) can be best
matched to attributeModelB in Schema 2 (Table 2(b)) since
both these attributes have similar probability mass functions.
Likewise, for the same reason,ColorA is best matched to
ColorB . Thus, matching attribute probability mass functions
(pmfs) across schemas should be more reliable than solely
matching attribute entropies (or mutual information). We pro-
pose a heuristic, iterative search strategy that monotonically
descends in our pmf matching objective function, seeking to
minimize this objective. We have found this technique to be
quite effective at producing accurate schema matches as will
be shown in Section 3.

Another advantage of embedding value mapping to enhance
schema matching is that such an approach does not require
data interpretation; i.e., even if different encodings areused
between two data sources, we can still utilize the statistical
characteristics of the data. We refer to schema matching
techniques which are independent of data interpretation asun-
interpreted matchingtechniques [17], and next provide a more
formal and precise definition.

Definition Un-Interpreted vs. Interpreted Matching:Let M1

= match( χ(X1, X2,. . ., Xn), γ( Y1, Y2,. . ., Ym)) and M2

= match(χ(X1, X2,. . .,Xn), γ( f1(Y1), f2(Y2),. . ., fm(Ym))),
whereMi is a match result returned by the schema matching
algorithm,χ is a source schema of sizen, γ is a source schema
of size m, and fi is an arbitrary one-to-one transformation
function applied to the data values of attributei in the
target schema. We call the schema matching algorithm anun-
interpreted matchingalgorithm if and only if the two match
results M1 and M2 are identical, i.e. if the transformation
function fi does not alter the matching results produced by
the algorithm. Conversely, if the two results are not equal the
matching is referred to as aninterpretedmatching.

We focus on finding a complete one-to-one mapping where
each column of a table is mapped to one and only one column
of another table. Our method can easily be adapted to find
a partial mapping where the number of columns in Table A
is larger than in Table B, and where every column in Table
B must be matched to a distinct column in Table A. Finding
many-to-one mappings is beyond the scope of this work. How-
ever, mapping multiple columns (like firstName, lastName)
to a single column (like Name) can be done using a pre-
processing step of concatenating the two columns, firstName
and lastName, and then finding a one-to-one mapping of the
pre-processed table with the second table. Determining which
columns to concatenate is an orthogonal problem.

To address the schema-matching problem, we propose a

global objective function based on a dissimilarity metric that
provides a confidence score for a fixed schema match and set
of value mappings. We minimize this global objective over
the space of schema matches and value mappings, seeking
to arrive at the best possible schema matching and value
mappings. The primary contributions of this paper are as
follows:

• We introduce a novel iterative-descent algorithm that
embeds value mapping to enhance schema matching.

• Our algorithm treats both problems within a common
framework that involves minimizing a common (global)
objective function.

• We demonstrate the effectiveness of our approach with
an experimental study, where we compare our results
with that of the Kang-Naughton [17] mutual information
based schema matching method that utilizes statistical
dependencies between attributes and with a first-order
variant of their method based on entropies of individual
attributes. We also evaluate a second-order variant of their
method based on conditional entropy. Our experiments
show that our technique outperforms [17] and its vari-
ants in matching accuracy and thus should be a useful
addition to a suite of (semi) automatic schema matching
techniques.

The rest of the paper is organized as follows: Section
2 outlines our matching algorithm. Section 3 presents our
experimental results. Section 4 discusses related work. Section
5 discusses assumptions and limitations of this work. Section
6 identifies and describes the scope for future work. We then
conclude the paper in Section 7.

2 OUR APPROACH

In this section, we describe in detail our un-interpreted schema
matching with embedded value mapping algorithms. The in-
puts to our algorithms are two instances of table. The algo-
rithm execution outputs a schema match and value mappings
among values in matching columns. In the pseudocode of
Algorithm 1, the outer “while” loop searches over possible
schema matches, and the inner loop performsembeddedsearch
over possible value mappings given a candidate schema match.
A more detailed description of the method will be given in
Section 2.4.

2.1 Preliminaries

We provide the definitions of two distance measures that we
utilize in our algorithms. The first is the squared Euclidean
dissimilarity measure [6] between probability mass functions
defined as follows.

Definition The Euclidean Distancebetween two probability
mass functions, P ={p1, p2,. . ., pn} and Q ={q1, q2,. . ., qn}
is defined as:

DE =
√

(p1 − q1)2 + (p2 − q2)2 + . . . + (pn − qn)2 (1)

The second measure is the relative entropy between two
pmfs defined as:
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Algorithm 1 Overview of our Approach
Input: Schemas,T1 andT2
Output: Schema Matchs, tmpS

Value Mappingv, tmpV, v1
sMatchScore← ∞ { Best Dissimilarity Score}

sSpace← getSchemaMatchSearchSpace()
while sSpaceis not emptydo

tmpS← getNextSchemaMatch(sSpace)
vSpace← getValueMappingSpace()
vMapScore← ∞ {Stores dissimilarity score for fixed
schema match and value mapping}
while vSpaceis not emptydo

tmpV← getNextValueMapping(vSpace)
score← computeDissimilarity(tmpS, tmpV, T1, T2)
if score< vmapScorethen

vmapScore← score {Save current dissimilarity
score}
v1← tmpV {Save current value mapping}

end if
removeValueMapping(vSpace, tmpV)

end while
if vmapScore< smatchScorethen

s← tmpS{Store current schema match}
v← v1 {Store the best value mapping for this schema
match}
smatchScore← vmapScore

end if
removeSchemaMatch(sSpace, tmpS)

end while

Definition TheRelative Entropyor Kullback-LeiblerDistance
between probability mass functions P and Q is defined as:

D(p ‖ q) =
n

∑

i=1

pilog
pi

qi

, (2)

where it is assumedqi > 0 wheneverpi > 0.

2.2 Dissimilarity Objectives

In Algorithm 1 the computeDissimilarity() operation produces
a dissimilarity score for a fixed schema match and value
mapping. The dissimilarity metric provides an evaluation of
how well the probability mass functions (joint probability
mass functions in our second-order methods) across attributes
(attribute pairs) align for a fixed schema match and value
mapping.

2.2.1 First Order Dissimilarity Metric Model

The first order dissimilarity metric model measures how well
the probability mass functions of matching attributes align for
a fixed schema match and value mapping across tables. To
measure the dissimilarity metric for two tables for a fixed
schema match and value mapping, we have considered several
dissimilarity metrics that utilize first order statistics:One based
on the squared Euclidean squared distance as shown in Eq. (3)

and the second based on Relative entropy as shown in Eq. (4).

DEU
AB =

Nattr1
∑

i=1

Nattr2
∑

i′=1

δ(i−ma(i′))

NV alues(i)
∑

j=1

[

pi(j)

−

{ NV alues(i)
∑

j′=1

δ(j −M (i,i′)
v (j′))pi′(j

′)

}

]2
(3)

DCE
AB =

Nattr1
∑

i=1

Nattr2
∑

i′=1

δ(i−ma(i′))

NV alues(i)
∑

j=1

[

pi(j)

× log
pi(j)

[
∑NV alues(i′)

j′=1 δ(j −M
(i,i′)
v (j′))pi′(j′)]

]
(4)

Where:
DEU

AB = Euclidean Squared Based Dissimilarity Measure for
a fixed schema match and value mapping
DCE

AB = Relative Entropy Based Dissimilarity Measure for a
fixed schema match and value mapping
ma = matched attribute function (across schemas)
δ(i−ma(i′)) = 1 if ith attribute in Schema 1 matches toi′th

attribute in Schema 2, = 0 otherwise
Mv(i, i′) = value mapping function
δ(j −M

(i,i′)
v (j′)) = 1 if jth value for ith attribute matches

to j′th value for matchingi′th attribute, = 0 otherwise
Nattr1

= Number of attributes in schema 1
Nattr2

= Number of attributes in schema 2
NV alues(i) = Number of values inith attribute
NV alues(i′) = Number of values ini′th attribute

In equations (3) and (4), we have assumedNattr1
≤ Nattr2

,
i.e. each column in schema 1 matches to a unique column
in schema 2. The dissimilarity metric based on relative en-
tropy has difficulties when the probability of a value used
in matching in Eq. (4) is zero. This is problematic because
p×log p

0 =∞. This issue arises especially whenNV alues(i) 6=
NV alues(i′) for attributesi and i′ being matched. There are
several strategies to deal with this:

1) Introduce extra symbols for the attribute having the
smaller alphabet and assign them a small probability
value ǫ followed by renormalization of the probability
mass function of this reconstructed alphabet. This en-
sures both attributes have alphabets of equal size and
p× log p

0 =∞ will never occur for any value4.
2) Effectively reduce the size of the alphabet of the larger

attribute (deleting values with the smallest probabilities)
followed by renormalization. This method achieves the
result that both attributes will have alphabets of the same
size, though by discarding some information from the
larger alphabet.

Another issue with the relative-entropy based dissimilarity
measure is its asymmetric nature. However, there are sym-
metric versions of relative entropy [6]. The squared Euclidean

4. Some care may be needed in the choice of the small probability value
ǫ ensuring, e.g., that this probability value is much smaller than the smallest
probability value of the original alphabet.
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dissimilarity measure, though, is free from both these issues:
it is symmetric and does not require a (somewhat arbitrary)
reconstruction of attribute alphabets. If two attributes across
tables have alphabets of different sizes, we can assume that,
for a value x with probability p in one attribute that does
not have a corresponding value for the matching attribute, the
probability of the matching value is zero. In other words, in
the Euclidean distance approach we essentially introduce extra
probability valuesǫ = 0, which causesno difficulties in this
case, unlike the relative entropy case. Since the results for
a method based on relative entropy may sensitively depend
on the choice forǫ and since Euclidean distance (naturally)
handles matching attributes with different cardinalitiesby
assigning zero probabilities, we only consider the Euclidean
metric in the sequel. However, our framework is such that the
Euclidean metric can be replaced with another suitable metric,
if future evidence shows that metric to be a better distance
function for our application.

2.2.2 Second Order Dissimilarity Metric Model

We extend the first order dissimilarity metric further to provide
finer-grained schema matching with embedded value mapping
by utilizing second-orderstatistics. The objective of the second
order dissimilarity metric model is to measure how well the
pairwise probability mass functions (joint probabilities) for all
pairs of attributes align for a fixed schema match and value
mapping across tables,i.e. the second order objective seeks
to match{Pij [k, l]i = 1, . . . ,Nattr1 , j = 1, . . . ,Nattr1 , k =
1, . . . , Nv(i), l = 1, . . . , Nv(j)}, i.e., where Nattr1

is the
number of attributes in schema 1,Nv(i) is the number of
values in theith attribute andNv(j) is the number of values
in the jth attribute. This will capture pairwise statistical
dependencies between all pairs of attributes/columns. We
propose the following second-order dissimilarity metric based
on squared Euclidean distance as shown in Eq. (5), which is
the natural second order extension of (3):

DPEU
AB =

Nattr1
∑

i=1

Nattr1
∑

j=1

[ Nattr2
∑

i′=1

i6=i′

δ(i−ma(i′))

Nattr2
∑

j′=1

j 6=j′

δ(j −ma(j′))

[ NV (i)
∑

k=1

NV (j)
∑

l=1

[

pij(k, l)−
{

NV (i′)
∑

k′=1

NV (j′)
∑

l′=1

δ(k′ −M (i,i′)
v (k))δ(l′ −M (j,j′)

v (l))pi′j′(k′, l′)
}

]2
]]

(5)

Where:
DPEU

AB = Pair-wise Squared Euclidean Based Dissimilarity
Measure for a fixed schema match and value mapping
ma = matched attribute function (across schemas)
δ(i−ma(i′)) = 1 if ith attribute in Schema 1 matches toi′th

attribute in Schema 2, = 0 otherwise
Mv(i, i′) = value mapping function
δ(k′−Mv(i, i′)(k)) = 1 if kth value forith attribute matches
to k′th value for matchingi′th attribute, = 0 otherwise

Nattr1
= Number of attributes in schema 1

Nattr2
= Number of attributes in schema 2

NV (i) = Number of values forith attribute
NV (i′) = Number of values fori′th attribute
Pij(k, l) = Joint Probability of kth value for ith attribute
co-occurring withlth value for jth attribute

Here, in Eq. (5) we have assumedNattr1
≤ Nattr2

, just
as for the first-order dissimilarity metric. The term insidethe
outer bracket is the squared Euclidean distance between the
pairwise probability mass function (pmf){Pij [k, l]} from the
first schema and the corresponding pairwise pmf from the
second schema, based on the attributes in the second schema
that match the first schema’s attributesi and j. The outer
double sum thus adds the Euclidean distances between pmfs
over all pairs of attributes from the first schema.

2.3 Matching and Mapping Strategy

Our global objective can now be formulated as a two di-
mensional minimization problem as shown in Eq. (6), where
the resultant minimal score would correspond to the best
(declared) schema matching/alignment and the corresponding
best set of value mappings.

DOverall = min
x∈S

{

min
y∈V

[DM
AB ]

}

(6)

Where:
DOverAll = minimum dissimilarity score obtained
x = a fixed schema match
S = the search space of different schema matches
y = a fixed value mapping for a fixed schema match
V = the search space of different value mapping for a fixed
schema match
DM

AB = dissimilarity metric utilized (DEU
AB / DPEU

AB )

As Eq. (6) indicates, our algorithm employs minimization
of the dissimilarity metric over both value mapping and
schema matching dimensions. Running a naı̈ve exhaustive
search to achieve global minimization over both dimensions
is computationally infeasible since the complexity for One-
to-One Mapping isO(n! × n ×m!), wheren is the number
of attributes andm is the maximum cardinality of any of
the attributes (for the first order dissimilarity metric). In the
following section, we discuss heuristic methods that we have
utilized to reduce the search space.

2.4 Heuristic Search Strategy

In order to make the algorithm computationally tractable, we
implemented a local minimization based on Eq. 6. We describe
this approach utilizing the first-order dissimilarity metric.

Eq. 6 and Eq. 3 can be further rewritten as shown in Eq. 7.
The inner bracket corresponds to the value mapping for a fixed
attribute pair. Our method first pre-computes the VMM (Value
Mapping Minimization) elements for each attribute in schema
1 paired with every attribute in schema 2. This computation
results in a VMM cost matrix where each element corresponds
to the squared Euclidean distance associated with the best
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(minimum distance) value mapping for a given attribute pair.
Then the algorithm iterates over the schema-match search
space starting from an initial schema match, with the objective
of minimizing the dissimilarity score obtained based on this
VMM cost matrix. New schema matches are obtained by using
two-opt switching[7] (described in Section 2.5 and depicted
in Figure 1) starting from an initial schema match. Schema
match initialization is discussed in Section 3.1. The search
space is limited by performing a finite number of two-opt
switches. Furthermore, an exact solution for the first-order
dissimilarity objective (minimization over the schema-match
search space) can also be computed inO(n3) time by using
the Hungarian algorithm [18], [26] on the Value Mapping
Minimization (VMM) matrix. While an exact minimization
via the Hungarian algorithm is possible for the first-order
algorithm, it is not possible to extend this to the second-
order algorithms. Thus, to give a fair comparison of all
methods, we used a common (local) optimization strategy
for schema matching across all the methods, i.e. the two-
opt local switching approach. In addition, we have also con-
ducted experiments minimizing our first order dissimilarity
cost function using the Hungarian algorithm, as well as with
2-opt switching. In practice, we did not observe that local
optimization (2-opt switching) introduces significant loss in
accuracy in comparison to the Hungarian global optimization
method (Section 3.4 in “Optimization Strategies”).

Based on the VMM matrix, we can re-express equation (6)
as:

DOverall =

min
x∈S

{ Nattr1
∑

i=1

Nattr2
∑

i′=1

δ(i−ma(i′))
[

min
λ∈VA

V MM(i, i′)
]

}

(7)

Where:
DOverAll = minimum dissimilarity score obtained
x = a fixed schema match
S = the search space of different schema matches
λ = a fixed value mapping for an attribute pair (i.e. fixed i,
i’)
VA = the search space of different value mapping for a fixed
attribute pair
DM

AB = dissimilarity metric utilized (currentlyDEU
AB )

VMM (i, i’) = Euclidean distance between probability mass
functions associated with the best value mapping for the (i,i’)
matching attribute pair

2.5 Two-Opt Switching

Two-opt switching is a simple local search algorithm that
we utilize in our heuristic search strategy (Section 2.4). The
basic step of two-opt switching is to swap attribute matches
for a pair of attributes from the two schemas, as shown in
Figure 1. Algorithm 2 presents the pseudocode for the overall
heuristic search strategy for attribute matching (as discussed in
Section 2.4) when using two-opt switching and the first order
dissimilarity metric model based on Euclidean distance.

(a) An initial
schema match.

(b) A resulting
schema match after
2-Opt Switching is
applied

Fig. 1. 2-Opt Switching applied to two hypothetical
schemas. The methods for obtaining an initial schema
match are discussed in Section 3.1

Algorithm 2 Pseudocode for the heuristic search strategy
when using two-opt switching.

best match⇐ get Initial SchemaMatch()
DOverall ⇐ DEU

AB (best match)
repeat

new match⇐ Two-Opt-Switch(bestmatch)
if DEU

AB (best match)> DEU
AB (new match)then

best match⇐ new match
DOverall ⇐ DEU

AB (best match)
end if

until no further improvement or a specified number of
iterations

2.6 Heuristic Value Mapping Strategy

In the previous section, we only explain how we search over
possible attribute matches. We have not yet explained how we
determine the best value mapping for a candidate pair (i, i’)
(and thus how we compute the scores in the VMM matrix).
We do so in the following way. Given a fixed candidate pair (i,
i’) we separately sort the two pmfs{Pi(j)} and{Pi′(j)} and
map the value with the highest probability in the first sorted
pmf to value with the highest probability in the second sorted
pmf, and so on. The following theorem shows that the value
mapping obtained by sorting the pmfs is in fact optimal.

Theorem 1:Let X andY be two equal-sized sets of values
with probability mass functionspmfX and pmfY . Sort the
values in X and Y based on their probabilities to produce
ordered setsXo and Yo, respectively. Let the value mapping
µ map theith element ofXo to the ith element ofYo. The
mapping µ minimizes the squared Euclidean distance (Eq.
(1)), i.e., for any value mappingφ between the values in
X and those inY , the Euclidean distance between the two
mapped sets usingφ is greater than or equal to the distance
corresponding toµ.

Proof: Let X and Y be two discrete random variables
with probability mass functionsP (X = xj) = pj andP (Y =
yj) = qj , j = 1, . . . , n.

Let there be a value mappingµ1 that maps the two sets
of values so as to minimize the Euclidean distance between
the probability mass functions of the values in the two sets.
Furthermore, suppose that this mappingµ1 does not map the
values in the two sets according to the sorted order of their
probabilities. Thus, there exist valuesx1, x2 mapped byµ1 to
y1 andy2 respectively, such thatp1 > p2 but q1 < q2. Let D1
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be the squared Euclidean distance obtained by the mapping
µ1.

Consider the mappingµ2 that mapsx1, x2 to y2 and y1

respectively, with the rest of the value mappings the same as
µ1. Let D2 be the squared Euclidean distance corresponding
to the value mappingµ2.

We have (for someD0)

D1 =
n

∑

j=1

(pj − qj)
2

= D0 + (p1 − q1)
2 + (p2 − q2)

2

(8)

and

D2 =

n
∑

j=3

(pj − qj)
2 + (p1 − q2)

2 + (p2 − q1)
2

= D0 + (p1 − q2)
2 + (p2 − q1)

2 .

(9)

Subracting, Eq. (9) from Eq. (8),

D1 −D2 = −(2p1q1 + 2p2q2) + (2p1q2 + 2p2q1) (10a)

= 2p1(q2 − q1) + 2p2(q1 − q2) (10b)

= 2(p1 − p2)(q2 − q1) (10c)

∵ p1 > p2 ⇒ (p1 − p2) > 0 (10d)

q1 < q2 ⇒ (q2 − q1) > 0 (10e)

∴ D1 −D2 > 0 (10f)

Thus D1 is not the value mapping which minimizes the
squared Euclidean distance between the two probability mass
functions (a contradiction). Therefore sorting the two proba-
bility mass function minimizes the Euclidean distance between
them.

3 VALIDATING THE FRAMEWORK

In this section, we present the results of our first-order
dissimilarity-metric-based algorithm for schema matching
compared with several alternative methods. First, we chose
50 attribute pairs from the two tables, selecting50 attributes
that are close in entropy5. Our choice of the “close” attributes
to evaluate a matching method based on the distributions of
values in the attributes makes the schema matching problem
challenging. For example, in Table 3, if we had to select three
attributes to match, we would choose B, D and E. Since their
entropies are quite close (in each schema) this problem will
be very challenging for a method that matches just on the
basis of first-order statistics (entropy) without fine-grained pmf
matching.From the chosen 50 columns, we randomly selectn
columns(2 < n < 30) to match.

5. Specifically, we first calculated the entropy differencesbetween all
matching attribute pairs in the two tables. All matching attribute pairs which
had an entropy difference that was less than 10% of the entropy for both
individual attributes in the pair were put onto a list of possible candidate
attribute pairs. All matching attribute pairs in the two tables where either or
both attributes had zero entropy were rejected.50 attribute pairs were then
randomly selected from the list of possible candidate attribute pairs.

TABLE 3
Hypothetical Entropy Distribution in two schemas

A B C D E
Schema 1 0 2.55 1.01 2.25 2.20
Schema 2 0 2.40 1.02 2.40 2.23

3.1 Experimental Setup

The schema matching with embedded value mapping al-
gorithm is called to perform schema matching and value
mapping. The matching algorithm is initialized from one of
the following four starting initial schema matches:(1) Random
Initialization: a random schema match is chosen, (2) Kang-
Naughton Initialization: the schema match result of the heuris-
tic Kang-Naughton implementation [17], and (3) CE-modified
Kang-Naughton Initialization: the schema match result from
the heuristic Kang-Naughton implementation where we re-
placed mutual information with conditional entropy, givenby
H(Y |X) = −

∑

x∈X

∑

y∈Y p(x, y) log p(y|x) or (4) Entropy-
only initialization: the schema match result from the variant of
the Kang-Naughton technique that matches attributes solely on
the basis of the first-order attribute entropy statistics. We com-
pared our schema matching results against three methods that,
respectively, do two-opt switching of attributes to minimize
squared Euclidean distance i) between mutual informations,
for matching attribute pairs (The objective function in [17])
(KNMI), ii) between conditional entropies, for matching at-
tribute pairs, (KNCE) and iii)between entropies, for a pair
of matching attributes (KNE). All three of these methods
are consistent with the Kang-Naughton approach. The first
method explicitly minimizes the objective proposed by Kang
and Naughton.

We implemented our own version of the Kang-Naughton
algorithm for un-interpreted schema matching. Kang and
Naughton used a naı̈ve exhaustive search algorithm to find the
best schema match. We modified the Kang-Naughton method
by using the undirected Eigen-decomposition graph match-
ing algorithm [28], which reduces two mutual information
matrices into a cost matrix. The Hungarian Algorithm [18],
[26] was then run over this cost matrix, resulting in aninitial
schema match. We then ran two-opt switching (hill climbing)
starting from this initial schema match while minimizing the
Mutual Information (entropy, conditional entropy) metric. This
resulted in the optimized schema match obtained based on the
criterion from the work by Kang and Naughton [17].

We implemented our schema matching with embedded
value mapping algorithm using GCC 3.4.6. Since all the
algorithms are computationally expensive, they were executed
on a 192 processor (AMDc© OpteronTM250 running at 2.4
GHz) cluster. Up to 30% of the cluster CPU resources were
allocated by the system to execute the algorithms.

We ran our experiments over a randomly chosen set of up
to 30 attributes as described in Section 3.1.

We also randomly permuted the columns in the second
schema to ensure that the algorithms cannot trivially stumble
upon the correct schema matching result due to fortuitous
initialization.
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(a) Summary Dataset (b) Demographics Dataset

Fig. 2. Attribute Entropies from US Census Summary and Demographics files for the states of California and New
York

TABLE 4
First five columns from Census Datasets

(a) CA Summary Dataset

C1 C2 C3 C4 C5
uSF1 CA 0 12 1
uSF1 CA 0 12 2
uSF1 CA 0 12 3
uSF1 CA 0 12 4
uSF1 CA 0 12 5
uSF1 CA 0 12 6
uSF1 CA 0 12 7
uSF1 CA 0 12 8
uSF1 CA 0 12 9
uSF1 CA 0 12 10

(b) CA Demographics Dataset

C1 C2 C3 C4 C5
u108 H CA 0 37 1
u108 H CA 0 37 2
u108 H CA 0 37 3
u108 H CA 0 37 4
u108 H CA 0 37 5
u108 H CA 0 37 6
u108 H CA 0 37 7
u108 H CA 0 37 8
u108 H CA 0 37 9
u108 H CA 0 37 10

(a) Dissimilarity Score vs. Accepted Iteration (b) Precision vs. Accepted Iteration

Fig. 3. First Order Dissimilarity Metric (Euclidean distance) and Precision as a Function of Accepted Two-opt Switches
for One-to-One Matching of 10 attributes, starting from Random Initialization

3.2 Evaluation Metrics

To measure the accuracy of the match result, we usePreci-
sion= m

n
, wheren is the total number of columns to match

andm is the total number of correct matches that are returned
by the schema matching algorithm.

3.3 Monotonic Nature of the Algorithm

Figure 3(a) shows the evolution of the dissimilarity score
as a function ofaccepted iterationswhen 10 attributes were
matched between the two schemas. An accepted iteration is a
schema match obtained by accepting a two-opt switch, i.e., a
switch which reduced the objective function. This figure shows
that the dissimilarity score (Eq. (3)) decreases monotonically
with an increase in the number of algorithm steps. As (3)
decreases, there is also a general trend of increasing precision
(though not strictly monotonic).

3.4 One-to-One Schema Matching

Random Initialization

Figure 4 presents the results of one-to-one matching where
the initial schema match was randomly selected. We increased
the number of attributes in the two input tables from 2
to 30. For each pair of schemas, we randomly chose 20K
tuples. For each of these sub-datasets, we repeated the exper-
iment 50 times, each time randomly choosing attributes from
the set of 50 columns. We measured the average precision
over the 50 experiments. For comparison, the Entropy only
(KNE), Kang-Naugton Mutual Information(KNMI) and modi-
fied Kang-Naughton algorithm (labeled KNCE) results are also
presented. All methods started from the same random initial
schema match.

Figure 4(a) shows the precision of the schema matching
obtained for the Census summary data set. Clearly, our first-
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(a) Average Precision for Summary Dataset (b) Computation Time for Summary Dataset (c) Effect of Row Size on Precision for Summary
Dataset

(d) Average Precision for Demographics Dataset(e) Computation Time for Demographics Dataset(f) Effect of Row Size on Precision for Demo-
graphics Dataset

Fig. 4. First Order Dissimilarity Metric Algorithm Results for Random Initializations

order dissimilarity algorithm performs better than the mutual
information, conditional entropy and entropy based schema
matching techniques. It can be observed from Figure 4(a)
that, as one would expect, overall match results for all the
methods are better for narrow tables (fewer attributes to match)
in comparison to wider tables, i.e., more attributes increases
the problem difficulty and degrades matching accuracy for all
methods. Comparing the four matching techniques, we see
that entropy-only schema matching results (KNE) deteriorates
extremely fast in comparison to the first-order dissimilarity
metric algorithm as the number of attributes increases. Though
both algorithms are only using first-order pmf statistics, we see
that embedded value mapping allows the first-order dissimilar-
ity algorithm to achieve much better match results. The mutual
information [17] and conditional entropy techniques are also
not as accurate as our first-order dissimilarity algorithm even
though these methods utilize second-order statistics. This
demonstrates the benefit of embedded matching of values, in
determining each attribute match.

Figure 4(d) shows the match results obtained when using
the Census Demographics data sets. Precision results for the
summary data sets are better overall in comparison to that
of demographics datasets. This may possibly be due to the
fact that some attribute statistics have large differencesacross
the two tables, as shown in Figure 2, which degrades the
performance of all four methods. The first-order dissimilarity
algorithm clearly outperforms the mutual information, con-
ditional entropy and entropy-only techniques. Interestingly
conditional entropy performs much worse in this case in com-
parison to its performance on the summary datasets. Moreover,
conditional entropy performance for both datasets was poor
in comparison to our first-order dissimilarity algorithm. In
both datasets the clear best performer was the first-order-

dissimilarity-metric-based algorithm. For the summary dataset,
the first-order dissimilarity algorithm produced 95% accuracy
when two 10-column datsets were matched and 85% accuracy
when two 20-column datasets were matched. This corresponds
to 17 columns, on average, being returned correctly for the two
20-column datasets being matched. Comparatively, the mutual
information method produced approximately 88% and 78%
accuracy when 10 and 20 attributes were matched respectively,
conditional entropy produced accuracies of 80% and 59%
respectively while the entropy-only method produced accuracy
of 63% and 45%, respectively. The average gain of the first
order dissimilarity algorithm over the mutual information
technique was approximately 10% when less than 15 columns
were being matched and increased to approximately 12%
when 15 columns or greater were being matched. Similarly
for the demographics datasets, the match accuracy for the
first-order dissimilarity metric was 89% and 76% for 10
column and 20 column schema matching. Comparatively, the
mutual information technique produced approximately 84%
and 67% accuracy when 10 and 20 columns were matched
respectively, conditional entropy produced match accuracies
of 59% and 35% respectively while entropy-only produced
match accuracies of 55% and 33% respectively.

Computational Time

The first-order dissimilarity algorithm is computationally less
expensive than both the mutual information and conditional
entropy based schema matching algorithms, which can be
attributed to the fact that these methods require repeated
calculations based on second-order (higher-order) statistics.
Figure 4(b) and 4(e) illustrates the computational time as
a function of the number of attributes being matched. The
entropy-only technique takes the least computation time but
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(a) Average Precision for Summary Dataset for
Different Optimization Strategies

(b) Average Precision for Summary Dataset for
Fixed Initialization

(c) Average Precision for Summary Dataset for
Ground-Truth Initialization

(d) Average Precision for Demographics Dataset
for Different Optimization Strategies

(e) Average Precision for Demographics Dataset
for Fixed Initialization

(f) Average Precision for Demographics Dataset
for Ground-Truth Initialization

Fig. 5. First Order Dissimilarity Metric Algorithm Results for Different Optimization Strategies, Fixed Initialization and
Ground-Truth Initialization

its corresponding performance is extremely poor. The first-
order-dissimilarity-metric-based algorithm took approximately
424 seconds to execute a one-to-one schema matching for
20 attributes while the heuristic mutual-information-based
algorithm took approximately 780 seconds to execute in order
to get the respective matching accuracies achieved by the two
methods for the summary dataset. In other words, for the
same orlesscomputation our method achieves better matching
accuracies. Moreover, later we will show that increasing the
allowed execution time for KNMI does not necessarily lead
to improvement in its matching accuracy.

Data Sampling Effects

Figure 4(c) and 4(f) illustrate the effect of row sizes on match
accuracies produced during schema matching by the first-order
dissimilarity algorithm for the demographics and summary
datasets. The match accuracies for 5K tuples (labelled FO-5K),
10K tuples (labeled FO-10K), 15K tuples (labelled FO-20K)
and 20K tuples (labelled FO-20K) are shown. Interestingly,for
the summary dataset the match accuracies were highest when
10K tuples were used for schema matching. This may be the
result of a skewed sample in the 20K case. For the demo-
graphics dataset, the match accuracy of our method improved
with the number of K-tuples (rows) used, as expected.

Optimization Strategies

Figure 5(a) and 5(d) illustrate the effect on the precision
results of using a global minimization (Hungarian algo-
rithm [18], [26], labelled FOD-Hung) or local minimization
(2-Opt switching, labelled FOD-2Opt) strategy to minimizethe
first-order dissimilarity. We chose 10K tuples and considered
both the demographics and summary datasets. The first-order

algorithm produced similar match accuracies irrespectiveof
the minimization strategy employed.

Fixed Initialization

Figure 5(b) and 5(e) presents the results of our method when
the initial schema match for the dissimilarity algorithm was:

1) Entropy-only Initialization (labelled FO-Ent)
2) Mutual Information Initialization (labelled FO-MI)
3) Conditional Entropy Initialization (labelled FO-CE)

Two-opt switching was then performed to minimize (7). We
ran the experiments while increasing the number of attributes
in the two input tables. The selection of attributes and tu-
ples and the number of experiment repetitions were exactly
as discussed in Section 3.4 under “Random Initialization”.
For comparison, the Entropy-only (labelled KNE), Kang-
Naugton Mutual-Information (labelled KNMI) and modified
Kang-Naughton algorithm (labeled KNCE) results are also
presented.

Figure 5(b) and 5(e) show the effects of different ini-
tializations on the final match accuracies for the summary
and demographics datasets respectively. For both datasets,
different initializations had virtually no effect on the final
matching accuracy of the first order dissimilarity algorithm.
For the demographics dataset, as shown in Figure 5(e), there
was a 2-3% change in matching accuracies due to different
initializations only when schema matching for a large number
of attributes was performed (> 15 attributes) while for the
summary dataset (Figure 5(b)) there was no effect. This clearly
shows that the first-order dissimilarity algorithm is robust and
largely unaffected by the initial schema match.
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(a) Average Precision for Summary Dataset (b) Average Precision for Demographics Dataset

Fig. 6. First Order Dissimilarity Metric Algorithm Results vs. Kang-Naughton Exhaustive Search Based Algorithm
Results for Random Initialization

Ground-Truth Initialization

We next demonstrate that the objective function of the first
order dissimilarity algorithm captures the schema matching
objective better than the other schema matching criteria
(Mutual-Information, Conditional-Entropy and Entropy-only).
To demonstrate this, we initialized all methods at theground-
truth schema matching (i.e., at the correct solution) and then
assessed whether minimizing the matching objective function
stays at this (correct) solution or deviates from it (i.e., is
the ground-truth matching a local/ global minimum of the
objective function?). Figure 3.4 presents the results of one-to-
one mapping where the initial schema match was the correct
schema match (ground-truth initialization). We increasedthe
number of attributes in the two input tables from 2 up to 30.
The attributes themselves were randomly chosen from a set of
50 columns close in entropy as described in Section 3.1. The
two input datasets were generated by randomly selecting 10K
tuples from one dataset to generate two sub-datasets. For each
of these sub-datasets, we repeated the experiment 50 times
while randomly choosing attributes from the set of 50 columns.
We measured the average precision over the 50 experiments
for both the CA Summary (Figure 5(c)) and CA Demographics
datasets (Figure 5(f)).

For both datasets, the first-order-dissimilarity-metric based
algorithm converged to the correct solutionin all 50 ex-
perimental trials. The entropy-only algorithm performed the
worst in both cases. Kang-Naughton Mutual Information algo-
rithm, while producing high precision results, did not always
converge to the correct schema match unlike the first-order
dissimilarity metric algorithm. This illustrates that minimizing
the objective function of the first-order dissimilarity algorithm
is much more consistent with the matching goal than the
objective functions of the other methods.

Dissimilarity Algorithm vs. Exhaustive Search on Mu-
tual Information Objective

The Kang-Naughton [17] technique used a naı̈ve exhaustive
search algorithm to minimize their (MI-based) objective func-
tion. To determine whether improved results could be obtained
for the Kang-Naughton method if more searching were al-
lowed, we also implemented a naı̈ve exhaustive search based
implementation (labelled KNMI-Ex) for their method. For
a comparison, the heuristic Kang-Naughton results (labelled

Fig. 7. Algorithm Precision as a function of Computation
Time

KNMI) are also presented, along with results for our method
(labelled FOD).

Due to computational time constraints for executing a
näıve exhaustive search, we ran the experiments for the two
datasets for attribute sizes varied from 2 up to 10. For these
experiments KNMI-Ex, in performing itsexhaustivesearch,
took on average 3 times as much execution time as our
FOD method. Figure 6(a) and Figure 6(b) clearly demonstrate
that our dissimilarity algorithm had the best overall schema
matching performance for both datasets, despite using much
less execution time. Further, we expected the exhaustive Kang-
Naughton implementation to have better matching accuracies
than the heuristic implementation. However, Figure 6(b) illus-
trates that the heuristic Kang-Naughton implementation had
better matching accuracies than the naı̈ve exhaustive Kang-
Naughton implementation for the demographics dataset. Thus,
seeking the global minimum of the Kang-Naughton mutual
information [17] objective is not necessarily consistent with
the true (precision) objective.

Precision vs. Computational Time

Figure 7 illustrates schema matching accuracy as a function
of execution time for the first-order dissimilarity algorithm
performing 10-attribute schema matching on the Summary
dataset. For comparison, the Kang-Naughton heuristic imple-
mentation (labelled KNMI) match accuracy as a function of
time is also presented. Figure 7 shows that the initialization
phase (time to compute first-order/second-order probability
statistics) of both algorithms is the dominant portion of their
execution time. For our first-order dissimilarity algorithm the
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initialization phase was 7.9 seconds. Similarly, for the Kang-
Naughton heuristic algorithm the initialization time was 33
seconds. Following initialization, both algorithms converged
to their best solution for 10 attribute schema-matching in<1
second. Further, the first-order dissimilarity algorithm reached
its final solution (in this case, in 8 seconds) well before the
Kang-Naughton algorithm completed its initialization phase
(in this case, in 33 seconds), during all our experiments.

3.5 Value Mapping

While our method utilizes value mapping specifically to
enhance schema matching, we also wanted to give some
preliminary assessment of the accuracy of the value mappings
themselves, produced by our first order dissimilarity algorithm.
We used the Census state summary dataset for New York,
with 250 attributes and> 80K tuples. We chose this dataset
because it contained some attributes (10) with value cardinality
≤ 10. Only these attributes, with relatively small cardinality,
were used during the schema matching. Two schema datasets
were created by randomly sampling rows from the original
summary dataset. First 40K tuples were randomly selected
without replacement to create dataset 1. Next, the remaining
40K tuples were used to form dataset 2. Using the same dataset
to create two test datasets ensuredthat we had ground-truthon
the value mappings across attributes. From the 10 attributes
with cardinality ≤ 10 values, we repeated the following
experiment 50 times. We randomly selected 5 attributes and
randomly selected 40K rows to form dataset 1. We then
measured the average schema matching accuracy and the
average value mapping accuracy, considering only attribute
pairs that were matched. The average schema matching ac-
curacy was 85.6% (Kang-Naughton achieved 73.6%) and the
average value mapping accuracy for our method was 56%. In
future work, we will more extensively evaluate value mapping
accuracy of our method.

4 RELATED WORK

Previous work has tackledeither (1) Schema matching[2], [3],
[4], [8], [9], [10], [13], [17], [19], [20], [21], [23], [24], [25],
[27], [30] or (2) Value/ Object mapping[1], [5], [11], [12],
[14], [15], [16], [22], [29]. Most of these techniques except
Kang and Naughton [17] rely on identifying similarity in
semantics of schema element names, data encoding formats or
common data domains. The novelty of our work lies in the fact
that we provide a framework to perform both schema matching
and value mapping at the same time to produce improved
schema matching. Our work can be used to complement
traditional schema matching or value mapping systems.

Schema Matching
A wide variety of techniques have been proposed to re-
solve structural heterogeneity. For good surveys and compar-
isons of schema matching methods, see [9], [27]. Kang and
Naughton [17] proposed an un-interpreted schema matching
technique that employs mutual information to construct de-
pendency graphs followed by graph matching. However, this
method does not integrate value mapping. As demonstrated in

this work, embedding value mapping within schema matching
significantly improves matching accuracy. Cruz et al. [8] have
adapted the Kang and Naughton [17] technique for schema
matching applications while preserving privacy.

Other techniques have been proposed that employ ma-
chine learning (e.g. LSD [10]) and Neural Networks (e.g.
SemInt [19]). These systems however, rely on data interpreta-
tion for learning and therefore are not suitable for our problem.
Other work includes techniques based on structural similarity
(e.g. Cupid [21], Similarity Flooding [23]), which translate
schemas into graphs and perform graph matching based on the
structural similarity between the two graphs. These methods
however require schema-based structural similarity informa-
tion and therefore, cannot be applied to the domain of un-
interpreted schema matching. Other techniques use a corpus
of schemas [20] or documents [13] during schema matching.

Rule based schema matching methods have also been pro-
posed (e.g TranScm [25] and ARTEMIS [4]). Both these
techniques could be used in conjunction with our algorithms
to improve schema matching accuracy. Bernstein, et al., [2]
discuss how to build a customizable schema matcher using
multiple schema matching techniques/algorithms. Our algo-
rithms can be a useful addition to this suite.

Value Mapping

Most previously proposed works on value/ object mapping
rely on finding syntactic similarities or semantic interpretation
of the values. These methods typically assume that the cor-
respondence between columns across tables is known. Kang
et al., [15], [16], have proposed (semi) automatic statistical
techniques that can identify mappings when two objects have
few syntactic similarities.

Other work on the object-mapping problem, known by
various names in diverse contexts, includes; e.g.: record
linkage [11], [29], citation matching [22], merge-purge [14],
duplicate detection [1] and approximate string join [5], [12].
These techniques attempt to find similar objects (e.g. records,
tuples, citations, values) by focusing on syntactic similarities
between objects under comparison. Such methods cannot be
easily applied to our domain.

5 ASSUMPTIONS AND LIMITATIONS OF THIS
WORK

Our assumption that matching columns should have similar
probability distributions is a reasonable one in many cases.
First, assuming some form of statistical agreement between
columns to be matched is not unique to our work – the
earlier work of Kang-Naughton made a statistical matching
assumption, albeit using less fine-grained statistics thanthe
ones we propose to match. Second, suppose two columns to
be matched are truly based on randomly sampling from the
same probability mass function. Then, it is well-known thatas
the number of data samples (the number of rows) increases,
frequency count estimates of the probability mass function
converge to the true probability mass function in the large
sample limit. Thus, the probability mass function estimate
for each of the columns being matched should converge to
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the same probability mass function, the true probability mass
function, if we have enough data samples in each schema.
So, indeed we make two assumptions: 1) that it is reasonable
to assume matching columns are realizations based on the
same distribution and 2) that the number of samples in each
schema is large enough such that for each schema we get
accurate estimates of the probability mass functions for each
column. Finally, the effectiveness of our method, based on
these assumptions, was borne out through our experimental
results.

Now, there are also cases where our above assumption
will fail. We elaborate on a few here. First, even if two
columns to be matched do in principle correspond to the
same random variable, there may be some hidden factor (not
observed) that differs for the two schemas and that will cause
the two columns that ground-truth are indeed a matching pair
to differ in their probability mass functions. For example,
for two schemas that deal with census data, the probability
mass function on ethnicity may be highly region-dependent,
and also will strongly depend on whether the census was
taken for an urban, suburban, or rural region. If this region
information is available, one could condition on it, and then
the two (conditional) probability mass functions, conditioning
on the same value for the hidden factor, should still reasonably
agree. However, if this conditioning information is unknown,
then indeed our assumptions will be violated. A second case
is simply one for which there is simply no strong statistical
agreement between the ground-truth matching columns –
the basis for “ground-truth” agreement is either semantic or
syntactic, but without strong statistical agreement. As one
example, two databases may both have columns one could
label as “Car owned”. However, one database might be for
individuals in the U.S., while the other could be for individuals
in Australia we might well expect car ownership patterns (and
models owned) would differ greatly between the U.S. And
Australia. In this case, no strong statistical agreement between
ground-truth matching columns is to be expected.

6 FUTURE WORK

In this work, we have only experimentally validated our first-
order method (Section 2.2 ). Our second-order method, which
exploits statistical dependencies between columns, should give
even better matching accuraciesif the number of database
examples allows accurate frequency-count estimation of the
second-order pmfs. However, the second-order methods may
take substantially more time and should only give improved
results when the number of database examples (rows) is suffi-
ciently large. Nevertheless, this will be investigated in future
work. We will also consider the cases i)where the number
of columns in the schemas differ; ii)where only asubsetof
columns in schema A have a ground-truth matching pair in
schema B; and iii)where there are missing attribute values,
which may neccesitate use of imputation techniques in the
second-order case. Finally, in future work, we will thoroughly
evaluate the accuracy of the value mappings selected by our
method.

7 CONCLUSIONS

We have proposed a fine-grained un-interpreted schema match-
ing criterion, based on matching probability mass functions
between attributes, which requiresembeddedlearning of a
value mapping between the attributes. We proposed an iterative
descent algorithm for our matching objective and demonstrated
that this technique achieves greater attribute matching accura-
cies than previous methods and at less computational cost. Our
approach has been validated with several experiments on two
real-world datasets.
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