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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.

Index Terms—Schema Matching, Opaque Conditions, Embedded Schema Matching with Value Mapping
U

1 INTRODUCTION [14], [15], [16], [22], [29], the existing solutions mosttgackle
_ . L these problems independently. In addition, most previais s
ATA !ntegratlon becpmes a necesery n order t_o anSWekions to the schema matching problem assume that the two
queries, make demsmn; that require mformatl_on frorEi]atabases that need to be integrated use a common (standard)
multiple sources. However, since data sources typicalyy

. . . 4 a§yntax/description language for data values or at least hav
independently created or designed, massive heterogdmeity some lexical similarities in their data values. Howevegstn

tween data Sources emsts._lntegratlng data from heteenyen assumptions are often violated in practice. For exampleutF
sources often involves solving two related subtasks: (Irma heel Drive Sedan” can be represented as “4WD-Sedan” or
ing schema attributes across the information sources - { D-S” or even “4DSD4W” in different data sources. An
schema matchingroblem; and (2) mapping data values acro%rcitelligent lexical matching algorithm may be able to degluc

matched schema attributes - th@lug mappingproblem. correspondences between the first three data represestatio
Before data from two columns in different tables can bﬁut will fail to provide a correspondence to “4DSDAW"
integrated, we must ensure that_th_e semantics _of the dat ause no semantic or syntactic relationship exists | e
the two columns are the same. Similarly, for a pair of match? is and the three other values. Furthermore, schema magtchi

fr? Iutmns, 'T the sat?e datum va(ljue IS Eng;)ded t(?}lffedr_(]acfntly oves exceptionally difficult as the number of data attelku
€ vc\j/odcc& utmns,l © corretsgon etn%?. hedeerlj tr? ('j ?ref creases because the number of candidate solutions grows
encoded dala values must beé established an € data Tt onentially with the number of attributes.

one col_umn transformed (to the same encpdlng) before the Existing techniques for schema matching utilize statistic
can be integrated. Schema and value matching are necessary,

o . : . ) ! \)olving single attributes (e.g. Entropy) or pairs of itites
applications involving data integration, data warehogsdata (in particular, Mutual Information [17]). These technigue

interoperation and federation of databases and are cmadidear convenient when the data values are “opaque’, ie
fundamental and challenging problems that must be resolv\ﬁﬁ‘en it is difficult to understand the semantics of the’data’

beforg such systems can be sqccessfully implemented. value from its name. However, these methods inherently
. While there has been extensive research on schema maﬁ%’ume there are distinct values for these statistics eniqu
ing [2], [3], [4], [8], [9], [10], [13], [17]’_[19]' [20], [21], [23], to each attribute/attribute pair (across the two tablegn-C
[24], [25], [27], [30] and value mapping [1], [5], [11], [12] sequently, these methods will fail when there are multiple
attributes/attribute pairs with similar statistics foretlsame
e Anuj Jaiswal and Prasenjit Mitra are with the College of Infmation schema. We will illustrate this problem below.
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TABLE 1 TABLE 2

Two schemas, (a) and (b), and corresponding records Two schemas, (a) and (b), showing similar entropies for
taken from hypothetical Automotive Databases each of their columns. The Probability Mass
Functions/Frequency counts of values, however, are
Mo T fa) BT D A (b; . quite distinctive and can be used in deciding the correct
ode olor ype
XE White Sedan X | AL 1 column matches
XLE Red Coupe XL | A2 | 2
LE Silver SOV GE | A3 | 3 (2) Schema 1
X GX Modela P(Models) | Colora P(Colory)
XE 0.01 Red 0.06
XL 0.02 Blue 0.08
XO 0.15 Green 0.17
LE 0.16 Black 0.22
multiple attributes/attribute pairs may have similar fsstond LX 0.17 White 0.23
order statistics, i.e., similar entropies or mutual infations. té 8-33 Mauve 0.24
Instead of characterizing a column by a single value like —grvioders) | L6841 Fi(Colora) | 1.6857
entropy, our technique characterizes each attribute {(dbate b) Sch >
ir) by the probability mass function (pmf) defined over () Schema
Pa'r) y p Yy ) p e Modelg P(Modelg) | Colorg P(Colorg)
its value support sét We introduce a suitable dissimilarity xg 0.02 Red 0.07
measure between probability mass functions (e.g., Euatide | XL 0.02 Blue 0.08
distance, relative entropy). Our objective function (hefere ffg 8-1‘31 glffk“ 8-%2
interchangeably_refer.red. to simply as objective) is th_us aTx 017 White 094
sum of these dissimilarities, one per attribute (or attebu | Lz 0.20 Mauve 0.27
pair) match. Note that evaluation of a pmf-based dissiitylar | LO 0.32
H(Modelg) | 1.6847 H(Colorg) | 1.6717

measure for a pair of attributes to be matched requires th
specification ofvalue mappings/value correspondeneasong
the matched attributes. Thus, to minimize our objective, we
must perform both attribute matching amanbeddedvalue in Table 2. Table 2 shows two different schemas in (a) and
mappings for the matched attributes. (b), the values of the two attributes under each schema hend t
As some preliminary discussion to help fix our ideas, firstormalized frequency count (probability of occurence)tfor
consider the simple example in Table 1, which shows twa@lues under each attribute. With Shannon’s entropy fancti
schemas, (a) and (b), each with three attributes(columndgfined asH(X) = -3  _, P(X = z)logP(X = x),
For each schema, there are four database records (row$)the values taken on by, we might have H{fodel )
Assume that these schemas are drawn from two automotivel.6841, HColor4) = 1.6857, HModelg) = 1.6847 and
corporations or from different divisions within a singlerpo- H(Colorg) = 1.6717 as shown in Table 2. The best align-
ration. Table 1(a) utilizes human-readable codes whildeTabment (in the sense of closeness in entropy) could either pair
1(b) utilizes corporation-specific codes. Only someonehwitV odel 4 with Modelp andColor 4 with Colorg or Model 4
access to a semantic description of the value codes for Tawligh Colorp and Modelp with Color 4. In this example,the
1(b) will understand what these codes mean. Suppose thatropy differences are not large enough to make confident
ground-truth there is a one-to-one correspondence betweratching decisions. This statement may apply even if second
the attributes of the two tables and between values acragger statistics (e.g. mutual information), based on pafrs
the matching attributes. Conventional instance-basedmsah attributes from the same schema, are used in matching, as
matching tools might be able to find an alignment betweén [17]. Further, one cannot use value cardinalities to aid
the attributes “Model” and “A’ due to syntactic or lexicalmatching because even if the cardinalities Mfodel4 and
similarities between the value strings that occur underd®ld M odelp are the same (as in Table 2), this does not necessarily
and “A’". However, no structural alignment for other attribu imply the attributes ground-truth match. For example even i
pairs can be found, at least on the basis of syntax. Katlgere are nine car colors and seven different models, some ca
and Naughton’s approach [17] could pair attributes in theolors may not have occurred in one table (There may only be
two schemas based, for example, on the closeness in atribicords for seven or eight different colors). In this casee o
entropies. cannot disambiguate whether an attribute with seven distin

To illustrate a difficulty with this approach, consider a-difvalues represents the car's model or its color (with two eslu

ferent example, but for the same (Automotive) domain, shoWRissing).
To make progress in such difficult scenarios, our technique

utilizes the value-mapping dimension to enhance schema

1. Since these statistics are used as the basis for schemaingaich . . . .
matching. In particular, we will capitalize on the frequgnc

methods such as those proposed by Kang and Naughton [17}sabisrio
poses a difficult challenge for such methods.

2. For each attribute, the probability mass function is edtichdoased on 3. Table 1 and Table 2 illustrate two different examples, lving different
the frequency of occurrence counts taken over the avait#dtigbase records, schemas, even though both are from the Automotive domain. Thhke
eg.,.P(X =ux1) = % where N (z1) is the number of timesX = z;  presented to highlight difficulties in applying syntactisamilarity to match
occurs and N is the total number of database records (assumingath schemas. Table 2 highlights issues for schema matching dgwrithat align
record there is a measured value for attribute X). based on statistics such as entropy.



of occurrence of an attribute’s values to enhance attribugéobal objective function based on a dissimilarity methatt
matching. The probability mass function on the attributeea provides a confidence score for a fixed schema match and set
is in general much more distinctive than the attribute’samt of value mappings. We minimize this global objective over
(or mutual information). In particular, there are uncotlnya the space of schema matches and value mappings, seeking
infinite number of probability mass functions that posséss tto arrive at the best possible schema matching and value
same (as well as similar) entropies. It is much more likelmappings. The primary contributions of this paper are as
by random chance that different attributes possess simifalows:
entro.p|es than .that they possess smplar prgbabmty“mass. We introduce a novel iterative-descent algorithm that
functions on their value support. As an illustration of this . :
o . embeds value mapping to enhance schema matching.
Table 2, even though all the columns have similar entropies, . o
. « Our algorithm treats both problems within a common
the attributeModel4 of Schema 1 (Table 2(a)) can be best framework that involves minimizing a common (global)
matched to attributéd/odelp in Schema 2 (Table 2(b)) since I . 9 9
. - s ; objective function.
both these attributes have similar probability mass fuomsti . ,
) . . « We demonstrate the effectiveness of our approach with
Likewise, for the same reasoljolor4 is best matched to .
. i o . an experimental study, where we compare our results
Colorg. Thus, matching attribute probability mass functions . ; :
. with that of the Kang-Naughton [17] mutual information
(pmfs) across schemas should be more reliable than solely . - o
: ) ; . . based schema matching method that utilizes statistical
matching attribute entropies (or mutual information). We-p : . ) X
o . : dependencies between attributes and with a first-order
pose a heuristic, iterative search strategy that monatipic . : . L
. ) o . 7 variant of their method based on entropies of individual
descends in our pmf matching objective function, seeking to . : .
e . o : ; attributes. We also evaluate a second-order variant af thei
minimize this objective. We have found this technique to be

. : : . method based on conditional entropy. Our experiments
quite effective at producing accurate schema matches s wil : : .
. ; show that our technique outperforms [17] and its vari-
be shown in Section 3. . .
. . ants in matching accuracy and thus should be a useful
Another advantage of embedding value mapping to enhance . ) . . )
s .~ addition to a suite of (semi) automatic schema matching
schema matching is that such an approach does not require )
. L2 e . techniques.
data interpretation; i.e., even if different encodings ased
between two data sources, we can still utilize the sta#istic The rest of the paper is organized as follows: Section
characteristics of the data. We refer to schema matchi@goutlines our matching algorithm. Section 3 presents our
techniques which are independent of data interpretatiamas experimental results. Section 4 discusses related wourtidBe
interpreted matchingechniques [17], and next provide a moré discusses assumptions and limitations of this work. Becti
formal and precise definition. 6 identifies and describes the scope for future work. We then

Definition Un-Interpreted vs. Interpreted Matchindret M, conclude the paper in Section 7.

= match( x(X1, Xo,..., Xn), 7( Y1, Ya,..., ¥,,)) and M,

= matChé((le X2,. . ~1Xn)a ’Y( fl(Yl)! fZ(YZ)" ] fm(Ym)))v 2 OUR APPROACH

whereM; is a match result returned by the schema matching this section, we describe in detail our un-interpretetesca
algorithm, x is a source schema of sing is a source schemamatching with embedded value mapping algorithms. The in-
of sizem, and f; is an arbitrary one-to-one transformatiorputs to our algorithms are two instances of table. The algo-
function applied to the data values of attributein the rithm execution outputs a schema match and value mappings
target schema. We call the schema matching algorithmran among values in matching columns. In the pseudocode of
interpreted matchingalgorithm if and only if the two match Algorithm 1, the outer “while” loop searches over possible
results M; and M, are identical, i.e. if the transformationschema matches, and the inner loop perfoembeddedearch
function f; does not alter the matching results produced kyer possible value mappings given a candidate schema match

the algorithm. Conversely, if the two results are not eqbel t A more detailed description of the method will be given in
matching is referred to as anterpretedmatching. Section 2.4.

We focus on finding a complete one-to-one mapping where
each column of a table is mapped to one and only one colurdrii Preliminaries

of another table. Our method can easily be adapted to fipgk provide the definitions of two distance measures that we
a partial mapping where the number of columns in Table ¢yjjize in our algorithms. The first is the squared Euclidean

is larger than in Table B, and where every column in Tablgssimilarity measure [6] between probability mass fuprsi
B must be matched to a distinct column in Table A. Findingefined as follows.

many-to-one mappings is beyond the scope of this work. How-

ever, mapping multiple columns (like firstName, lastNamdyefinition The Euclidean Distancebetween two probability

to a single column (like Name) can be done using a pr1ass functions, P £py, pa,..., pn} and Q ={q1, 2., qn}

processing step of concatenating the two columns, firstNafgedefined as:

and lastName, and then finding a one-to-one mapping of the, _ 5 PRV 3

pre-processed table with the second table. Determiningtwhi De =V —a)’ + (2= @+ 4 (o 02 @)

columns to concatenate is an orthogonal problem. The second measure is the relative entropy between two
To address the schema-matching problem, we proposerafs defined as:




Algorithm 1 Overview of our Approach
Input: SchemasT1andT2

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

Output: Schema Matcls, tmpS DEU _ Nattry Nattra R Nvatuestn »
Value Mappingv, tmpV, vi AB = Z Z (i = ma (7)) Z pi(7)
sMatchScore— oo { Best Dissimilarity Scorp Z:1N vt =t , 0
sSpace— getSchemaMatchSearchSpace() Ve (i) )
while sSpaces not emptydo - { Z (7 = M (57)pir (4 )}
tmpS« getNextSchemaMatcsSpack =1
vSpace— getValueMappingSpace() NN Nowro
vMapScore— oo {Stores dissimilarity score for fixed _op =’ w—’ .. PR ,
schema match and value mapping Dap = Z Z 0(i —ma()) : [pi(ﬂ)
while vSpaceis not emptydo =1 =l =1 4)
tmpV «— getNextValueMappingSpacg « log pi(J) 1
score— computeDissimilarityfnpS tmpV, T1, T2) [Z;_\/’guesm 5(j — Mé”ll)(j’))py ()]

if score< vmapScorghen
vmapScore«— score {Save current dissimilarity Where:

scorg DEY = Euclidean Squared Based Dissimilarity Measure for
vl — tmpV {Save current value mappihg a fixed schema match and value mapping
end if DSE = Relative Entropy Based Dissimilarity Measure for a
removeValueMappingSpace tmpV) fixed schema match and value mapping
end while m, = matched attribute function (across schemas)

if VmapScorK smatchScoréhen (S(Z — ma(i’)) = 1 if 3" attribute in Schema 1 matches #4"
S «— tmpS{Store current schema ma_]}ch attribute in Schema 2, -: 0 Othe-rWise
v « v1 {Store the best value mapping for this schemé&lu(i,4’) = value mapping function

match 55 — Mv(”l)(j’)) = 1 if j* value fori" attribute matches
smatchScore— vmapScore to j/*" value for matching’*" attribute, = 0 otherwise
end if Nar, = Number of attributes in schema 1
removeSchemaMatcs$Bpacetmps Natr, = Number of attributes in schema 2
end while = Number of values in" attribute

NValues(i)
Nvatues(iry = Number of values in’*" attribute

Definition The Relative Entropyor Kullback-LeiblerDistance !N equations (3) and (4), we have assumég:,, < Nayir,.,

between probability mass functions P and Q is defined as:!-€- €ach 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 Eqg. (4) is zero. This is problematic because
pxlogk = oo. This issue arises especially Whdly 4;yes(i) 7#
Nvaiues(iry for attributesi and i’ being matched. There are
several strategies to deal with this:

= Pi
D(p|lq) = Zpilogg, )
i=1 g

where it is assumed; > 0 wheneverp; > 0.

1) Introduce extra symbols for the attribute having the

2.2 Dissimilarity Objectives smaller alphabet and assign them a small probability

In Algorithm 1 the computeDissimilarity() operation praahs

a dissimilarity score for a fixed schema match and value
mapping. The dissimilarity metric provides an evaluatidn o
how well the probability mass functions (joint probability
mass functions in our second-order methods) across ddsbu 2)
(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 attributesralfigr

value ¢ followed by renormalization of the probability
mass function of this reconstructed alphabet. This en-
sures both attributes have alphabets of equal size and
p X log§ = oo will never occur for any valufe

Effectively reduce the size of the alphabet of the larger
attribute (deleting values with the smallest probabitie
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 dissintilari

a fixed schema match and value mapping across tables.nr@asure is its asymmetric nature. However, there are sym-
measure the dissimilarity metric for two tables for a fixethetric versions of relative entropy [6]. The squared Eegil

schema match and value mapping, we have considered sever4a|S b ded in the choice of th Il orobabil
dissimilarity metrics that utilize first order statisti€3ne based . ., ome care may bs needed in the choice of e sima’ provauney

) _ ! € ensuring, e.g., that this probability value is much smallantthe smallest
on the squared Euclidean squared distance as shown in Eqp(@ability value of the original alphabet.



dissimilarity measure, though, is free from both thesedssu N,:,,, = Number of attributes in schema 1

it is symmetric and does not require a (somewhat arbitrar,..., = Number of attributes in schema 2

reconstruction of attribute alphabets. If two attributesoas Ny (i) = Number of values foi'” attribute

tables have alphabets of different sizes, we can assume thég(i’) = Number of values foi'*" attribute

for a valuex with probability p in one attribute that does P;;(k,!) = Joint Probability of k" value for i*" attribute

not have a corresponding value for the matching attribbie, tco-occurring with/*" value for j* attribute

probability of the matching value is zero. In other words, in

the Euclidean distance approach we essentially introdxita e Here, in Eq. (5) we have assuméd,;;,.,, < Ngttr,, just
probability valuese = 0, which causeso difficulties in this as for the first-order dissimilarity metric. The term insithe
case, unlike the relative entropy case. Since the resutts &mter bracket is the squared Euclidean distance between the
a method based on relative entropy may sensitively depepairwise probability mass function (pm{)P;; [k, (]} from the

on the choice fore and since Euclidean distance (naturallyjirst schema and the corresponding pairwise pmf from the
handles matching attributes with different cardinalitibg second schema, based on the attributes in the second schema
assigning zero probabilities, we only consider the Eualidethat match the first schema’s attributésand j. The outer
metric in the sequel. However, our framework is such that thimuble sum thus adds the Euclidean distances between pmfs
Euclidean metric can be replaced with another suitableimetrover all pairs of attributes from the first schema.

if future evidence shows that metric to be a better distance

function for our application. 2.3 Matching and Mapping Strategy

: r global objectiv n now formul wo di-
2.2.2 Second Order Dissimilarity Metric Model Ou goba o'bj.ec_t € can no be fo uatgd as a two d

_ T _ _ mensional minimization problem as shown in Eq. (6), where
We extend the first order dissimilarity metric further toyit®  the resultant minimal score would correspond to the best

finer-grained schema matching with embedded value mappi@clared) schema matching/alignment and the correspgndi
by utilizing second-ordestatistics. The objective of the seconthest set of value mappings.

order dissimilarity metric model is to measure how well the

pairwise probability mass functions (joint probabilijider all Doverail = mm { IHIH[DAB]} (6)
pairs of attributes align for a fixed schema match and value yev

mapping across tablesge. the second order objective seeks\Where:

to match{P;;[k,1Ji = 1,...,Nager;,J = 1,..., Natery, k = Doyeran = minimum dissimilarity score obtained

1,..., Ny (i),l = 1,...,N,(4)}, i.e, where N, is the x = a fixed schema match

number of attributes in schema N,(i) is the number of S = the search space of different schema matches
values in thei'" attribute andN, (j) is the number of values y = a fixed value mapping for a fixed schema match

in the j** attribute. This will capture pairwise statisticaly = the search space of different value mapping for a fixed
dependencies between all pairs of attributes/columns. \8hema match

propose the following second-order dissimilarity metrased DAL, = dissimilarity metric utilized 5% / DEEV
on squared Euclidean distance as shown in Eq. (5), which is

the natural second order extension of (3): As Eqg. (6) indicates, our algorithm employs minimization
of the dissimilarity metric over both value mapping and
PEU _ schema matching dimensions. Running &dveaexhaustive
Dy

search to achieve global minimization over both dimensions

Nattr1 Nattry [ Nattrg Nattry is Computatioﬂa"y infeasible since the C0mp|€‘Xity for ©ne

E 6(i —mq(i Z 0(j =ma(i"))  to-one Mapping iSO(n! x n x m!), wheren is the number

i=1  j=1 m, of attributes andm is the maximum cardinality of any of

J#J ) . L .
No Noo Ny Ny the attributes (for the first order dissimilarity metrich the
i k3 Jj H 1 1 1 i
J k) following section, we discuss heuristic methods that weshav
2 2 Pi;( ,; :1 ZZ/ ‘ utilized to reduce the search space.

2
S(K' — M) (k)1 — ngj’j')(l))pi/j/(k’,l’)}} H(S) 2.4 Heuristic Search Strategy
In order to make the algorithm computationally tractable, w

Where: implemented a local minimization based on Eq. 6. We describe
DEEVU = pair-wise Squared Euclidean Based Dissimilaritythis approach utilizing the first-order dissimilarity nietr
Measure for a fixed schema match and value mapping Eqg. 6 and Eq. 3 can be further rewritten as shown in Eq. 7.
m, = matched attribute function (across schemas) The inner bracket corresponds to the value mapping for a fixed
§(i —my (i) = 1 if 4*" attribute in Schema 1 matches #4" attribute pair. Our method first pre-computes the VMM (Value
attribute in Schema 2, = 0 otherwise Mapping Minimization) elements for each attribute in sclem
M, (%, i) = value mapping function 1 paired with every attribute in schema 2. This computation
S(k' — M, (i,i")(k)) = 1if k" value fori!" attribute matches results in a VMM cost matrix where each element corresponds

to k'*" value for matching’*" attribute, = 0 otherwise to the squared Euclidean distance associated with the best



Schema 1 Schema 1

(minimum distance) value mapping for a given attribute .pair

Then the algorithm iterates over the schema-match search . ..i
space starting from an initial schema match, with the object e Tl ]s]7] n‘n“

of minimizing the dissimilarity score obtained based ors thi
VMM cost matrix. New schema matches are obtained by using

Schema 2 Schema 2

N - . > . (& An initial (b) A  resulting
two-opt switching[7] (described in Section 2.5 and depicted schema match. schema match after
in Figure 1) starting from an initial schema match. Schema 2-0FtdSWitching is

applie

match initialization is discussed in Section 3.1. The dearc

space is limited by performing a finite number of two-optig. 1. 2-Opt Switching applied to two hypothetical

switches. Furthermore, an exact solution for the first-ordgchemas. The methods for obtaining an initial schema
dissimilarity objective (minimization over the schematof yatch are discussed in Section 3.1

search space) can also be computedim?) time by using

the Hungarian algorithm [18], [26] on the Value Mapping\gorithm 2 Pseudocode for the heuristic search strategy
Minimization (VMM) matrix. While an exact minimization when using two-opt switching.

via the Hungarian algorithm is possible for the first-order best match< get Initial_SchemaMatch()

algorithm, it is not possible to extend this to the second- Doveran < DEY (best match)

order algorithms. Thus, to give a fair comparison of all repeat

methods, we used a common (local) optimization strategy npew match« Two-Opt-Switch(bestmatch)

for schema matching across all the methods, i.e. the two- it pEU(hest match)> DEY (new match)then

opt local switching approach. In addition, we have also con- best match< new match

ducted experiments minimizing our first order dissimilarit DOv_em” - ng(l;est_match)

cost function using the Hungarian algorithm, as well as with o4 if

2-opt switching. In practice, we did not observe that local yntj| no further improvement or a specified number of
optimization (2-opt switching) introduces significant om iterations

accuracy in comparison to the Hungarian global optimizatio
method (Section 3.4 in “Optimization Strategies”).

Based on the VMM matrix, we can re-express equation (9).6 Heuristic Value Mapping Strategy
as:

In the previous section, we only explain how we search over
possible attribute matches. We have not yet explained how we

Doverair = determine the best value mapping for a candidate pair (i, i’)
Nattr1 Natiro (and thus how we compute the scores in the VMM matrix).
mind > > 6(i — mg(i’))| min VMM, ) We do so in the following way. Given a fixed candidate pair (i,
XES AEV, .
i=1 =1 i) we separately sort the two pmfeP;(5)} and{P; (j)} and
() map the value with the highest probability in the first sorted
Where: pmf to value with the highest probability in the second sibrte
Doweran = minimum dissimilarity score obtained pmf, and so on. The following theorem shows that the value
x = a fixed schema match mapping obtained by sorting the pmfs is in fact optimal.
S = the search space of different schema matches Theorem 1:Let X andY be two equal-sized sets of values
) = a fixed value mapping for an attribute pair (i.e. fixed iWith probability mass functionpmfy and pmfy. Sort the
") values inX and Y based on their probabilities to produce
V4 = the search space of different value mapping for a fixe@fdered sets¥,, andY,, respectively. Let the value mapping
attribute pair 1 map thei'" element ofX, to thei'” element ofY,. The
DAL, = dissimilarity metric utilized (currentlyD%%) mapping ;. minimizes the squared Euclidean distance (Eq.

VMM (i, ") = Euclidean distance between probability mas$1)). i-e., for any value mapping between the values in

functions associated with the best value mapping for thig (i, X and those inY’, the Euclidean distance between the two
matching attribute pair mapped sets using is greater than or equal to the distance

corresponding tqu.

o Proof: Let X andY be two discrete random variables
2.5 Two-Opt Switching with probability mass function®(X = x;) = p; andP(Y =
Two-opt switching is a simple local search algorithm that;) =¢;, j=1,...,n.
we utilize in our heuristic search strategy (Section 2.4eT Let there be a value mapping; that maps the two sets
basic step of two-opt switching is to swap attribute matched values so as to minimize the Euclidean distance between
for a pair of attributes from the two schemas, as shown the probability mass functions of the values in the two sets.
Figure 1. Algorithm 2 presents the pseudocode for the dverklrthermore, suppose that this mappjmgdoes not map the
heuristic search strategy for attribute matching (as dised in values in the two sets according to the sorted order of their
Section 2.4) when using two-opt switching and the first ord@robabilities. Thus, there exist values, 2 mapped byu; to
dissimilarity metric model based on Euclidean distance. y; andys respectively, such that; > p, butg; < ¢o. Let Dy



TABLE 3

be the squared Euclidean distance obtained by the mapping . ST
Hypothetical Entropy Distribution in two schemas

M-

Cons?der thg mapping. that mapszi, x2 to y» and y; A TS c 5 E
respectively, with the rest of the value mappings the same as Schema 1| 0 | 255 | 1.01 | 2.25 | 2.20
1. Let Dy be the squared Euclidean distance corresponding Schema 2| 0 | 2.40 | 1.02 | 2.40 | 2.23

to the value mappings.
We have (for somé),)
3.1 Experimental Setup

n

D, = Z(pj - qj)2 The schema matching with embedded value mapping al-
j=1 (8) gorithm is called to perform schema matching and value
=Do+ (p1 — q1)* + (p2 — q2)* mapping. The matching algorithm is initialized from one of
the following four starting initial schema matches:(1) Bam
and Initialization: a random schema match is chosen, (2) Kang-
n Naughton Initialization: the schema match result of theriseu
Dy = Z(pj — g+ (1 — @)+ (p2 — q1)? tic Kang-Naughton implementation [17], and (3) CE-modified
i=3 (9) Kang-Naughton Initialization: the schema match resultrfro
= Do+ (p1 — @2)* + (p2 — q1)? ] the heuristic Kang-Naughton implementation where we re-
placed mutual information with conditional entropy, givien
Subracting, Eg. (9) from Eg. (8), H(Y[X) = =% cx 2 ey p(z,y)logp(y|z) or (4) Entropy-

only initialization: the schema match result from the variaf
Dy — Dy = —(2p1g1 + 2p2g2) + (2p1g2 + 2p2q1) (10a) the Kang-Naughton technique that matches attributesysofel
=2p1(q2 — q1) + 2pa2(q1 — @) (10b) the basis of the first-order attribute entropy statistice. d&/m-
— 9 — _ 10c pared our schema matching results against three methatis tha
(pr = p2)(a: = 1) (10c) respectively, do two-opt switching of attributes to minmei

VP> p2 = (- p2) >0 (10d) squared Euclidean distance i) between mutual informations
n<q@=(@-q)>0 (10e) for matching attribute pairs (The objective function in L7
D1 —Dy>0 (10f) (KNMI), ii) between conditional entropies, for matching at

tribute pairs, (KNCE) and iii)between entropies, for a pair
Thus D, is not the value mapping which minimizes thedof matching attributes (KNE). All three of these methods
squared Euclidean distance between the two probabilitysmase consistent with the Kang-Naughton approach. The first
functions (a contradiction). Therefore sorting the twolgro method explicitly minimizes the objective proposed by Kang
bility mass function minimizes the Euclidean distance leetww and Naughton.
them. O We implemented our own version of the Kang-Naughton
algorithm for un-interpreted schema matching. Kang and
Naughton used a i exhaustive search algorithm to find the
3 VALIDATING THE FRAMEWORK best schema match. We modified the Kang-Naughton method
. ] i by using the undirected Eigen-decomposition graph match-
In this section, we present the results of our first-ordgfy aigorithm [28], which reduces two mutual information
dissimilarity-metric-based algorithm for schema matghinmatrices into a cost matrix. The Hungarian Algorithm [18],
compqred Wlth several alternative methods.. First, we chq%] was then run over this cost matrix, resulting iniaitial
50 attribute pairs from the two tgbles, selectibg attrlb_utes schema match. We then ran two-opt switching (hill climbing)
that are close in entr'oByOur choice of the “close” attributes gtarting from this initial schema match while minimizingeth
to evaluate a matching method based on the distributions \af;:,al Information (entropy, conditional entropy) metrithis

values in the attributes makes the schema maitching problgg,,iied in the optimized schema match obtained based on the
challenging. For example, in Table 3, if we had to selectehre iterion from the work by Kang and Naughton [17].
attributes to match, we would choose B, D and E. Since theirWe implemented our schema matching with embedded

entropies are quij[e close (in each schema) this problem VY}HIue mapping algorithm using GCC 3.4.6. Since all the
be very F:hallengmg fPr,a method thqt matc.hes Just on tl&‘fﬂgorithms are computationally expensive, they were eeetu
basis of first-order statistics (entropy) without fine-gead pmf | "1 o5 processor (AMB Opterod™250 running at 2.4

melltchmg.;rom thgochtosen f?] columns, we randomly selechZ) cluster. Up to 30% of the cluster CPU resources were
columns(2 < n < 30) to match. allocated by the system to execute the algorithms.

5 Soeciicall st caloulated the ent differendast i We ran our experiments over a randomly chosen set of up

. Specifically, we first calculate e entropy differendetween a : : : .

matching attribute pairs in the two tables. All matching btiteé pairs which to 30 attributes as described in Section 3.1. .
had an entropy difference that was less than 10% of the enfimpboth We also randomly permuted the columns in the second
individual attributes in the pair were put onto a list of gbis candidate gchema to ensure that the algorithms cannot triviaIIy stamb
attribute pairs. All matching attribute pairs in the two &bMwhere either or th t h tchi It d to fortuit
both attributes had zero entropy were rejecte@.attribute pairs were then Upon e correct schema maiching resu ue 1o fortuitous
randomly selected from the list of possible candidate afteitpairs. initialization.
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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 (b) CA Demographics Dataset
Cl C2 | C3|C4 | Ch C1l C2 | C3|C4 )| C5
usF1| CA | O 12 | 1 ulo8H | CA | O 37 | 1
usF1| CA | O 12 | 2 ulo8H | CA | O 37 | 2
uSF1| CA | 0O 12 | 3 ulo8H | CA | O 37 | 3
uSF1| CA | O 12 | 4 ulo8H | CA | O 37 | 4
uSF1| CA | O 12 | 5 uloO8H | CA | O 37 | 5
usF1| CA | O 12 | 6 ulo8H | CA | O 37 | 6
usF1| CA | O 12 | 7 ulo8H | CA | O 37 | 7
uSF1| CA | 0 12 | 8 uloO8H | CA | O 37 | 8
uSF1| CA | O 12 1 9 ulo8H | CA | O 37 19
uSF1| CA | O 12 | 10 ulo8H | CA | O 37 | 10

Precision

Dissimilarity Score

10 1112 13 1415 16 17 18 19 20 21 22 23 24 25 26 27

Accepted Iteration 3 i
Accepted Iteration

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

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 3.4 One-to-One Schema Matching

To measure the accuracy of the match result, we RI®€i- Random Initialization

sion= 2, wheren is the total number of columns to match

andm s the total number of correct matches that are return&égure 4 presents the results of one-to-one matching where
by the schema matching algorithm. the initial schema match was randomly selected. We incdease

the number of attributes in the two input tables from 2

) ) to 30. For each pair of schemas, we randomly chose 20K
3.3 Monotonic Nature of the Algorithm tuples. For each of these sub-datasets, we repeated the expe
Figure 3(a) shows the evolution of the dissimilarity scorgnent 50 times, each time randomly choosing attributes from
as a function ofaccepted iterationsvhen 10 attributes were the set of 50 columns. We measured the average precision
matched between the two schemas. An accepted iteration i@var the 50 experiments. For comparison, the Entropy only
schema match obtained by accepting a two-opt switch, i.e.(KNE), Kang-Naugton Mutual Information(KNMI) and modi-
switch which reduced the objective function. This figurevetio fied Kang-Naughton algorithm (labeled KNCE) results are als
that the dissimilarity score (Eq. (3)) decreases monotdiyic presented. All methods started from the same random initial
with an increase in the number of algorithm steps. As (3ghema match.
decreases, there is also a general trend of increasingsioreci  Figure 4(a) shows the precision of the schema matching
(though not strictly monotonic). obtained for the Census summary data set. Clearly, our first-
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Fig. 4. First Order Dissimilarity Metric Algorithm Results for Random Initializations

order dissimilarity algorithm performs better than the wvaut dissimilarity-metric-based algorithm. For the summariedat,
information, conditional entropy and entropy based scherttee first-order dissimilarity algorithm produced 95% aemyr
matching techniques. It can be observed from Figure 4(ahen two 10-column datsets were matched and 85% accuracy
that, as one would expect, overall match results for all tlvehen two 20-column datasets were matched. This corresponds
methods are better for narrow tables (fewer attributes twima to 17 columns, on average, being returned correctly fontte t

in comparison to wider tables, i.e., more attributes ingesa 20-column datasets being matched. Comparatively, theahutu
the problem difficulty and degrades matching accuracy flor ahformation method produced approximately 88% and 78%
methods. Comparing the four matching techniques, we saecuracy when 10 and 20 attributes were matched respegtivel
that entropy-only schema matching results (KNE) detetésra conditional entropy produced accuracies of 80% and 59%
extremely fast in comparison to the first-order dissimilari respectively while the entropy-only method produced aacyr
metric algorithm as the number of attributes increasesugho of 63% and 45%, respectively. The average gain of the first
both algorithms are only using first-order pmf statistice,see order dissimilarity algorithm over the mutual information
that embedded value mapping allows the first-order disaimil technique was approximately 10% when less than 15 columns
ity algorithm to achieve much better match results. The mutuvere being matched and increased to approximately 12%
information [17] and conditional entropy techniques argoal when 15 columns or greater were being matched. Similarly
not as accurate as our first-order dissimilarity algorithrare for the demographics datasets, the match accuracy for the
though these methods utilize second-order statisticss Thirst-order dissimilarity metric was 89% and 76% for 10
demonstrates the benefit of embedded matching of valuescalumn and 20 column schema matching. Comparatively, the
determining each attribute match. mutual information technique produced approximately 84%

Figure 4(d) shows the match results obtained when usifl§d 67% accuracy when 10 and 20 columns were matched
the Census Demographics data sets. Precision resultseor ffePectively, conditional entropy produced match acgesac
summary data sets are better overall in comparison to tfflt59% and 35% respectively while entropy-only produced
of demographics datasets. This may possibly be due to fR&{ch accuracies of 55% and 33% respectively.
fact that some attribute statistics have large differermmeess . )
the two tables, as shown in Figure 2, which degrades tR@mputational Time
performance of all four methods. The first-order dissinityar The first-order dissimilarity algorithm is computatioryaless
algorithm clearly outperforms the mutual information, €onexpensive than both the mutual information and conditional
ditional entropy and entropy-only techniques. Interegtin entropy based schema matching algorithms, which can be
conditional entropy performs much worse in this case in comattributed to the fact that these methods require repeated
parison to its performance on the summary datasets. Maoreowalculations based on second-order (higher-order) statis
conditional entropy performance for both datasets was pdeigure 4(b) and 4(e) illustrates the computational time as
in comparison to our first-order dissimilarity algorithrm | a function of the number of attributes being matched. The
both datasets the clear best performer was the first-ordentropy-only technique takes the least computation tinte bu
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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 firglgorithm produced similar match accuracies irrespeatif/e
order-dissimilarity-metric-based algorithm took appgroately the minimization strategy employed.
424 seconds to execute a one-to-one schema matching for
20 attributes while the heuristic mutual-information-&es
algorithm took approximately 780 seconds to execute inrord]g. e

i . : ; ixed Initialization
to get the respective matching accuracies achieved by the tw
methods for the summary dataset. In other words, for g re 5(b) and 5(e) presents the results of our method when
same otlesscomputation our method achieves better matchinge initial schema match for the dissimilarity algorithmswa
accuracies. Moreover, later we will show that increasing th

allowed execution time for KNMI does not necessarily lead 1) Entropy-only Initialization (labelled FO-Ent)
to improvement in its matching accuracy. 2) Mutual Information Initialization (labelled FO-MI)

3) Conditional Entropy Initialization (labelled FO-CE)

Data Sampling Effects Two-opt switching was then performed to minimize (7). We

Figure 4(c) and 4(f) illustrate the effect of row sizes on chat fan the experiments while increasing the number of atiebut

) : ; , in the two input tables. The selection of attributes and tu-
accuracies produced during schema matching by the firgi-or . "
o . . les and the number of experiment repetitions were exactly
dissimilarity algorithm for the demographics and summa : . . " e
: s discussed in Section 3.4 under “Random Initialization”.
datasets. The match accuracies for 5K tuples (labelled IKQ-5 .
or comparison, the Entropy-only (labelled KNE), Kang-
10K tuples (labeled FO-10K), 15K tuples (labelled FO-20 . -
. augton Mutual-Information (labelled KNMI) and modified
and 20K tuples (labelled FO-20K) are shown. Interestirigly, :
. . ang-Naughton algorithm (labeled KNCE) results are also
the summary dataset the match accuracies were highest when
. . resented.
10K tuples were used for schema matching. This may be the”” ) o
result of a skewed sample in the 20K case. For the demo-Fi9ure 5(b) and 5(e) show the effects of different ini

graphics dataset, the match accuracy of our method improJéiizations on the final match accuracies for the summary
with the number of K-tuples (rows) used, as expected. and demographics datasets respectively. For both datasets
different initializations had virtually no effect on the &in

matching accuracy of the first order dissimilarity algamith

For the demographics dataset, as shown in Figure 5(e), there
Figure 5(a) and 5(d) illustrate the effect on the precisiomas a 2-3% change in matching accuracies due to different
results of using a global minimization (Hungarian algomitializations only when schema matching for a large numbe
rithm [18], [26], labelled FOD-Hung) or local minimizationof attributes was performed>( 15 attributes) while for the
(2-Opt switching, labelled FOD-20pt) strategy to minimihe summary dataset (Figure 5(b)) there was no effect. Thiglglea
first-order dissimilarity. We chose 10K tuples and constder shows that the first-order dissimilarity algorithm is robasd

both the demographics and summary datasets. The first-oridegely unaffected by the initial schema match.

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

Ground-Truth Initialization o

We next demonstrate that the objective function of the first w
order dissimilarity algorithm captures the schema mathin
objective better than the other schema matching criteria
(Mutual-Information, Conditional-Entropy and Entroppig).

To demonstrate this, we initialized all methods at ¢ineund- o

truth schema matching (i.e., at the correct solution) and then B A i A
assessed whether minimizing the matching objective fancti S0 T

stays at this (correct) solution or deviates from it (i.es, i
the ground-truth matching a local/ global minimum of thé&ig. 7. Algorithm Precision as a function of Computation
objective function?). Figure 3.4 presents the results efioa Time

one mapping where the initial schema match was the correct

schema match (ground-truth initialization). We increatiesl

number of attributes in the two input tables from 2 up to 3¢KNMI) are also presented, along with results for our method
The attributes themselves were randomly chosen from a seflgpelled FOD).

50 columns close in entropy as described in Section 3.1. TheDue to computational time constraints for executing a
two input datasets were generated by randomly selecting 10fve exhaustive search, we ran the experiments for the two
tup|es from one dataset to generate two sub-datasets. Eor é;l;atasets for attribute sizes varied from 2 up to 10. For these
of these sub-datasets, we repeated the experiment 50 tir@égeriments KNMI-EX, in performing itexhaustivesearch,
while randomly choosing attributes from the set of 50 colamntook on average 3 times as much execution time as our
We measured the average precision over the 50 experimen@D method. Figure 6(a) and Figure 6(b) clearly demonstrate
for both the CA Summary (Figure 5(c)) and CA Demographid§at our dissimilarity algorithm had the best overall schem
datasets (Figure 5(f)). matching performance for both datasets, despite using much

For both datasets, the first-order-dissimilarity-metriséd l€ss execution time. Further, we expected the exhaustingKa
algorithm converged to the correct solution all 50 ex- Naughton implementation to have better matching accusacie
perimental trials The entropy-only algorithm performed thethan the heuristic implementation. However, Figure 6(ljsH
worst in both cases. Kang-Naughton Mutual Information algdrates that the heuristic Kang-Naughton implementatiod ha
rithm, while producing high precision results, did not ajwa better matching accuracies than theéveaexhaustive Kang-
converge to the correct schema match unlike the first-orddaughton implementation for the demographics datasets,Thu
dissimilarity metric algorithm. This illustrates that riinizing Seeking the global minimum of the Kang-Naughton mutual
the objective function of the first-order dissimilarity afithm information [17] objective is not necessarily consisterithw
is much more consistent with the matching goal than tiBe true (precision) objective.
objective functions of the other methods.

Precision

Precision vs. Computational Time
Dissimilarity Algorithm vs. Exhaustive Search on Mu-

) S Figure 7 illustrates schema matching accuracy as a function
tual Information Objective

of execution time for the first-order dissimilarity algdmit
The Kang-Naughton [17] technique used dwveaexhaustive performing 10-attribute schema matching on the Summary
search algorithm to minimize their (MI-based) objectivadu dataset. For comparison, the Kang-Naughton heuristiceémpl
tion. To determine whether improved results could be obthinmentation (labelled KNMI) match accuracy as a function of
for the Kang-Naughton method if more searching were dime is also presented. Figure 7 shows that the initiabrati
lowed, we also implemented aima exhaustive search baseghase (time to compute first-order/second-order prolgabili
implementation (labelled KNMI-Ex) for their method. Forstatistics) of both algorithms is the dominant portion odith

a comparison, the heuristic Kang-Naughton results (labellexecution time. For our first-order dissimilarity algoriththe
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initialization phase was 7.9 seconds. Similarly, for thengta this work, embedding value mapping within schema matching
Naughton heuristic algorithm the initialization time wa8 3significantly improves matching accuracy. Cruz et al. [8]éha
seconds. Following initialization, both algorithms corped adapted the Kang and Naughton [17] technique for schema
to their best solution for 10 attribute schema-matching<ih matching applications while preserving privacy.
second. Further, the first-order dissimilarity algorith@ached  Other techniques have been proposed that employ ma-
its final solution (in this case, in 8 seconds) well before thehine learning (e.g. LSD [10]) and Neural Networks (e.qg.
Kang-Naughton algorithm completed its initialization pha Semint [19]). These systems however, rely on data inteapret
(in this case, in 33 seconds), during all our experiments. tion for learning and therefore are not suitable for our pob
Other work includes techniques based on structural siityilar
3.5 Value Mapping (e.g. Cupid [21], Similarity Flooding [23]), which transta

While our method utilizes value mapping specifically toschemas into graphs and perform graph matching based on the

) . structural similarity between the two graphs. These method
enhance schema matching, we also wanted to give so

€ . AN
- .Wowever require schema-based structural similarity mfor
preliminary assessment of the accuracy of the value mappi

. T r%%n and therefore, cannot be applied to the domain of un-
themselves, produced by our first order dissimilarity atpan. interoreted sch hi oth hni
rk preted schema matching. Other techniques use a corpus

We used the Census state summary dataset for New Yor 'schemas [20] or documents [13] during schema matchin
with 250 attributes and> 80K tuples. We chose this datasel ; 9 9.
Rule based schema matching methods have also been pro-

because it contained some attributes (10) with value calitiin
< 10. Only these attributes, with relatively small cardinalityIO

were used during the schema matching. Two schema datat% gmques could be used in conjunction with our algorithms

were created by randomly sampling rows from the origin%ﬁi) improve schema matching accuracy. Bernstein, et al., [2]

summary dataset. First 40K tuples were randomly select2g cuss how to build a.custom|z§1ble SChe”.‘a matcher using
multiple schema matching techniques/algorithms. Our -algo

without replacement to create dataset 1. Next, the renminin . ) ;
40K tuples were used to form dataset 2. Using the same datar!stg{ns can be a useful addition to this suite.
to create two test datasets ensuredthat we had groundetnutf\/alue Mapping
the value mappings across attributes. From the 10 attsbute i ] .
with cardinality < 10 values, we repeated the followingMOoSt previously proposed works on value/ object mapping
experiment 50 times. We randomly selected 5 attributes afly on finding syntactic similarities or semantic interateon
randomly selected 40K rows to form dataset 1. We the&f the values. These methods typically assume that the cor-
measured the average schema matching accuracy and rggpondence between columns across tables is .known.. I_(ang
average value mapping accuracy, considering only atgib®t @l [15], [16], have proposed (semi) automatic stasti
pairs that were matched. The average schema matching &€hniques that can identify mappings when two objects have
curacy was 85.6% (Kang-Naughton achieved 73.6%) and tif¥V Syntactic similarities. - .

average value mapping accuracy for our method was 56%. Ifother work on the object-mapping problem, known by

future work, we will more extensively evaluate value magpinVarous names in diverse contexts, includes; e.g.. record
accuracy of our method. linkage [11], [29], citation matching [22], merge-purged]l

duplicate detection [1] and approximate string join [5]2]1
4 RELATED WORK These te'chrlliques attempt to find ;imilar objects. (e.g.. _ckscor
] . tuples, citations, values) by focusing on syntactic sirtiks
Previous work has tacklegither (1) Schema matchin@], [3], petween objects under comparison. Such methods cannot be
[4], [8], [9], [10], [13], [17], [19], [20], [21], [23], [24] [25], easily applied to our domain.
[27], [30] or (2) Value/ Object mappingl], [5], [11], [12],
[14], [15], [16], [22], [29]. Most of these techniques extep
Kang and Naughton [17] rely on identifying similarity in5 ASSUMPTIONS AND LIMITATIONS OF THIS
semantics of schema element names, data encoding format¥\pPRK
common data domains. The novelty of our work lies in the faQlur assumption that matching columns should have similar
that we provide a framework to perform both schema matchipgobability distributions is a reasonable one in many cases
and value mapping at the same time to produce improvEifst, assuming some form of statistical agreement between
schema matching. Our work can be used to complementlumns to be matched is not unique to our work — the
traditional schema matching or value mapping systems. earlier work of Kang-Naughton made a statistical matching
assumption, albeit using less fine-grained statistics than
Schema Matching ones we propose to match. Second, suppose two columns to
A wide variety of techniques have been proposed to rbe matched are truly based on randomly sampling from the
solve structural heterogeneity. For good surveys and compsame probability mass function. Then, it is well-known taat
isons of schema matching methods, see [9], [27]. Kang atite number of data samples (the number of rows) increases,
Naughton [17] proposed an un-interpreted schema matchiingquency count estimates of the probability mass function
technique that employs mutual information to construct deenverge to the true probability mass function in the large
pendency graphs followed by graph matching. However, thsample limit. Thus, the probability mass function estimate
method does not integrate value mapping. As demonstratedan each of the columns being matched should converge to
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the same probability mass function, the true probabilittssna7 CONCLUSIONS

function, if we have enough data samples in each schemge have proposed a fine-grained un-interpreted schema match
So, indeed we make two assumptions: 1) that it is reasonap{s criterion, based on matching probability mass function
to assume matching columns are realizations based on {R&yeen attributes, which requiresnbeddedearning of a
same dis.tribution and 2) that the number of samples in eagh e mapping between the attributes. We proposed aniverat
schema is large enough such that for each schema we @&lcent algorithm for our matching objective and demotesira
accurate estimates of the probability mass functions feheayt this technique achieves greater attribute matchiograe
column. Finally, the effectiveness of our method, based ks than previous methods and at less computational cast. O

these assumptions, was borne out through our experimenighroach has been validated with several experiments on two

results. real-world datasets.
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