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Abstract
The object identication problem is particularly hard for XML data, due to its structural exibility. Tree edit distances have been
proposed for approximate comparisons among
XML trees. However, such distances ignore
the semantics implicit in XML data structure,
and their use is computationally infeasible for
unordered data. In this paper, we dene a new
distance for XML data, the structure aware
XML distance, that overcomes these issues,
together with a polynomial-time algorithm to
calculate it, and we present experimental result that prove its eectiveness and eciency.

1 Introduction
The object identication problem is a central problem
arising in data cleaning and data integration, where
dierent objects must be compared to determine if
they refer to the same real-world entity, even in the
presence of errors such as misspellings. As the spread
of the XML format as a data model increases, the need
to develop eective strategies for XML object identication grows.
XML documents often represent complex, nested
data, and schema languages for XML allow great exibility in how such values are represented inside a document. XML data representations may allow for optional values, and lists of values whose length is not
known schema-wise. Functions for approximate XML
data comparisons must thus be able to cope both with
errors at the level of textual data values and with
structural exibility. The hierarchical nature of XML
data has lead to the use of tree edit distances([1]) to
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compare XML documents for various purposes, like
detection of dierences in versions of XML documents
([2],[3]). Some proposals also address the object identication problem ([4]). Tree edit distances in their
original form give great importance to topological features of trees, but are not well suited when node labels
and their nesting have semantics and data structure
is somewhat regular. Another issue is that, due to
the infeasibility of tree edit distance measures for unordered trees ([16]), such proposals are usually based
on versions of the tree edit distance for ordered trees.
Notice that, while the XML data model is indeed ordered, the presence of unbounded lists of values and
optional elements in the data motivates for the adoption of unordered comparisons when looking for approximate matches. As an example, consider an element dened by the following DTD element denition:
<!ELEMENT SHOP (NAME, ADDRESS?, PHONENUM*)> Here, an object
representing a shop may contain zero or more phone
numbers. The order in which phone numbers are listed
is irrelevant, or however unspecied, so two objects
representing the same shop might contain the same
set of phone numbers in dierent order. Requiring
that elements correspond to each other in an ordered
way may lead to miss some of the similarities among
those objects.
We propose a novel distance measure for XML data,
the structure aware XML distance, that copes with
the exibility which is usual for XML documents, but
takes into proper account the semantics implicit in
structural information. The structure aware XML distance treats XML data as unordered. Nonetheless,
dierently from other distances for unordered trees,
it can be computed in polynomial time. In this paper, we formally dene the structure aware XML distance, we present an algorithm to measure the distance, prove its correctness and its computational cost,
and we perform experiments to test the eectiveness
and eciency of our distance measure as a comparison
function for XML object identication.
The rest of this paper is organized as follows. In
Section 2 we review some related work. In Section 3
we rst motivate the introduction of a new distance,

showing with examples how approaches based on classical tree edit distance fail to respect the semantics
of XML data and then dene formally the structure
aware XML distance. In Section 4 we introduce some
theoretical properties of our distance and in Section 5
we present an algorithm to calculate it and we show
its correctness and its time complexity. Section 6 describes experimental results. In Section 7 we draw
some conclusions and describe some future work.

2 Related Work
The object identication problem has been extensively
studied for relational data (with the name of record
matching or record linkage problem), but the correspondent problem for semi-structured data has only
recently drawn some attention. Most proposals for
XML object identication are structure oblivious, in
the sense that they rely on some kind of attening
of document structure to perform comparisons. In
[14], XML objects are attened and compared using string comparison functions. In the DOGMATIX
framework([13]), data is extracted from an XML document and stored in relations called object descriptions.
Tuples of two object descriptors containing data with
the same XPath are classied as similar or contradictory using string edit distance, and object descriptions
similarity is assessed taking into account the number of
similar and contradictory tuples. The approach in [10]
is similar, but comparisons of two objects take into account also approximate similarity results of descendant
objects. Structure aware approaches rely on distance
measures based on the tree structure of XML, like tree
edit distances (see [1] and below in this section). In
particular, the authors of [4] integrate string comparison functions into the classic tree edit distance for
ordered trees to compute approximate joins on XML
documents.
The notion of tree edit distance for ordered trees is
due to Tai ([11]). The problem has also been extended
to unordered trees ([16, 9]) and many other variations
have been proposed (see e.g. [8, 5, 15]). Most versions
of the edit distance problem allow polynomial-time algorithms for the case of ordered trees, but become NPhard for the unordered case([16]). The tree alignment
distance ([5]) is a restricted version of edit distance. In
tree alignment, trees are rst made isomorphic (ignoring node labels) with the insertion of nodes labelled
with spaces, and then overlayed. A cost function is
dened on pairs of labels and the cost of an alignment
is the sum of the costs of opposing labels. An optimal
alignment is an alignment of minimum cost. Dierently from the distance we propose in this paper, tree
alignment considers insertions of nodes and overlays
nodes with dierent labels, and it is NP-Hard for unordered trees.
Tree edit distances have been employed also for data
and document change detection [2, 3]. The problem

has connections with object identication, but in that
context XML documents are mostly modelled as ordered trees, edit operations are extended to entire subtrees, and the focus is on eciently nding an edit
script to represent the changes.

3 A Structure-Aware Approach to
XML Object Identication
Approaches to solve the object identication problem
generally make use of some kind of distance function to
detect the similarity of two objects. In record matching techniques proposed for the relational model, attribute values are often compared using string comparison functions ([7]). XML documents can be modelled
as node labelled trees. This hierarchical, tree-like nature justies the proposal of similarity measures that
integrate string comparison functions with tree edit
distances ([1]). However, tree distances are not fully
able to capture the semantics of XML data, as they
do not keep into account the semantics and structural
relationships among XML elements.
In this section, we rst show some weaknesses that
classic tree edit distances suer when used to compare
XML data, and then dene a new notion of distance
for XML data, the structure-aware XML distance, as
the basis of an approach to XML object identication.

3.1 Tree Distances
Given a set of edit operations on labelled trees (i.e.
node insertions, deletions and relabelling) and a function that assigns a cost to each operation, the tree edit
distance between two trees is dened ([11]) as the minimum cost sequence of tree edit operations required to
transform one tree to another.
Comparison of XML data based on tree distances
has been proposed for various purposes ([4, 2, 3]).
The authors of [4] perform approximate comparison of
XML data with the tree edit distance dened above,
using a string comparison function to compute the cost
of node relabelling. This approach has the advantage
of keeping into account the tree structure of XML data.
However, the use of tree edit distance for this purpose
has some drawbacks. The examples in Figure 1 illustrate two of them. First, consider the XML data trees
a) b) and c). Tree c) represents the same data as
tree a), and also contains some additional information.
Tree b), instead, represents dierent data. However,
the tree distance between a) and c) is greater than the
distance between a) and b). Consider now trees d)
and e). Here, a person is represented with its parents
and an optional list of friends. When measuring the
tree edit distance between such two trees, a minimal
distance is obtained by deleting from tree d) the entire
parent subtree, relabelling node friends into parents
and matching its leaves to two of the nodes of the parent subtree of tree e). This behaviour clearly violates
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Figure 2: A maximal overlay of two trees
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Figure 1: Two issues in classical tree edit distancebased XML comparisons
the semantics implicit in node labels. These problems,
in addition to the need of performing unordered comparisons eciently, motivate the introduction of a new
distance measure for XML data.

3.2 XML Structure-aware Distance
In this section, we give an intuitive description of how
the issues highlighted in the previous section can be
overcome, and then formalize the intuition to dene a
new distance for XML data. Notice that, throughout
this section and in the rest of this paper, we consider
XML trees as unordered. The above examples show
that, when comparing XML trees, a good choice is to
match subtrees that have similar structure and that
are located under the same path from the root. These
can be indeed interpreted as clues of the same semantics. If two trees have exactly the same structure, and
only dier by the textual values present on the leaves,
we can overlay the trees so that nodes with the same
path match. When multiple overlays are possible, then
we choose one such that the distance among textual
values on the leaves is minimal. If the structure of
the two trees dier, due to additional information, we
can still realize an overlay as above by deleting extra
subtrees that do not match well.
The following denitions make the notion of overlay
introduce above more formal. We assume a model of
XML objects as labelled trees. All leaves are labelled
with the same special label τ . Given a leaf l, its textual
value (dierent from its label) is denoted by text(l).

Denition 1 (Overlay) An overlay O of T1 and T2

is a non-empty set of pairs of nodes from T1 and T2
with the following properties: ∀vi , vi0 ∈ Ti , ∀ni ∈ Ti −
leaves(Ti ), i = 1, 2,
if hv1 , v2 i, hv10 , v20 i ∈ O, then v1 = v10 i v2 = v20
if hv1 , v2 i ∈ O, then path(v1 ) = path(v2 )
hn1 , n2 i ∈ O i ∃v1 , v2 s.t. n1 = parent(v1 ) ∧

(1)
(2)
(3)

Where path(vi ) denotes the sequence of node labels
label(rooti ) . . . label(vi ) encountered when traversing
Ti from the root to node vi .
If hv, wi ∈ O we say that v and w match. If a node
is not matched with any other node, we say that it is
deleted. Informally, an overlay matches nodes from T1
to nodes from T2 one-to-one, so that nodes or leaves
are matched only if they have the same path from the
root. Two non-leaf nodes can be matched i they are
ancestors of two leaves that are matched. Notice that
this implies that, if a node is deleted, all its descendants are also deleted. It also implies that an overlay
of two trees exists only if there exist two leaves l1 ∈ T1
and l2 ∈ T2 with the same path from the root. We say
that two trees are comparable if they have at least one
overlay.

Denition 2 (Maximal overlay) An overlay O of
two trees is maximal if there is no other overlay O0
such that O ⊂ O0 .

Consider the two trees in Figure 2. In the gure,
nodes are marked in breadth-rst visit order, respectively with numbers and lowercase letters. Uppercase letters beside nodes denote labels, and leaf
labels are not shown, while quoted strings denote
their textual values. An example of overlay is O =
{h1, ai, h3, bi, h6, ei}. This overlay is not maximal,
since there exist other overlays that contain it. An
example of maximal overlay that includes O is the
overlay shown in the gure using dashed lines Oc =
{h1, ai, h2, ci, h3, bi, h5, gi, h6, ei}. Intuitively, Oc is
maximal since it is not possible to add another line
from a node of T1 to a node of T2 not already touched
by a line while maintaining overlay properties. Notice, however, that more than one maximal overlay
may exist between two trees. For the trees in Figure
2, another maximal overlay is obtained by matching
node 5 with node f rather than node g . Another one
is Oc0 = {h1, ai, h2, ci, h3, di, h5, gi, h6, ii, h7, hi}.

Denition 3 (Cost of a match) Let sdist(s1 , s2 )

be a string comparison function. The cost of match
for two nodes v, w is:
½
sdist(text(v), text(w)) if v, w are leaves
µv,w =
0
otherwise

Denition 4 (Cost of an overlay)
The cost of an
P
overlay O is dened as ΓO =

hv,wi∈O

µv,w .

Denition 5 (Optimal overlay) An overlay O of

two trees is optimal if it is maximal and there is no
other maximal overlay O0 such that ΓO0 < ΓO .

vi , wj , i ∈ [1, deg(r1 )], j ∈ [1, deg(r2 )] the children of
r1 and r2 , respectively. Furthermore, given a node v ,
we denote with T (v) the tree rooted at v . We call the
trees T (vi ) and T (wj ) the rst-level subtrees of T1 and
T2 respectively.

Theorem 1 Let O be an overlay of T1 , T2 . If hv, wi ∈

Consider again the trees in Figure 2. The cost
of the overlay Oc showed in the gure is given by
the sum of distances of textual values on matching
leaves. Using for instance the common string edit
distance ([12]), their distance can be calculated as
sdist(john , jona ) + sdist(lisa , lisa ) = 2 + 0 =
2. The cost for overlay Oc0 dened above is instead
given by sdist(john , jona ) + sdist(lisa , karl ) +
sdist(mary , tom ) = 10. Actually, Oc is an optimal
overlay for the two trees. Notice that more than one
optimal overlays may exist for two trees. In this example, the overlay obtained by Oc by matching leaf
5 with leaf f instead of leaf g is still optimal, as the
string john has the same distance from the strings
jan and jona. It is worthwhile to notice that, if two
given data trees are comparable, i.e. there is at least
an overlay for them, then from the above denitions
it follows that there is also a maximal overlay and an
optimal overlay for them.

O, then the set Ov,w = {hy, zi ∈ O|y ∈ T (v), z ∈
T (w)} is an overlay of T (v) and T (w). Moreover, if
O is maximal then also Ov,w is maximal. We say that
Ov,w is the overlay induced by O on T (v) and T (w).

Denition 6 (Structure aware XML distance)

Proof sketch:

Notice that, when applied to the trees in the example given in Figure 1, this distance works as expected.
Trees a) and b) are incomparable, while the distance
of trees a) and c) is zero. In the case of trees d) and
e), the distance only considers the dierences among
those leaves that it is meaningful to compare, giving
as a result the least distance between names present
under the nodes parents.

Theorem 3 The cost of a maximal overlay O is the

The structure aware XML distance of two comparable
XML trees T1 and T2 is dened as the cost of an
optimal overlay of T1 and T2 .

4 Properties of Overlays
In the next section, we present an algorithm to measure the structure aware distance dened in section 3.
In this section, we describe some properties of overlays
that are useful to prove its correctness. In particular,
we show that an optimal overlay of two trees T1 and
T2 can be found by determining an assignment among
the children of their roots such that the sum of the
costs of optimal overlays for the corresponding subtrees is minimal (Theorem 4). To prove this result,
we rst show that the cost of an overlay of two trees
can be rewritten in terms of the cost of overlays of the
children of their roots (Theorems 1 and 2).
For space reasons, we omit the proofs of some
theorems and only sketch other proofs. Throughout this section, we denote with T1 , T2 two comparable data trees, with r1 , r2 their roots, and with

Proof sketch: To show that Ov,w is an overlay of

T (v) and T (w), we show that properties (1),(2) and
(3) of overlays are respected. The fact that Ov,w is
also maximal can be proved by contradiction. If there
0
exist another overlay of T (v) and T (w) Ov,w
⊃ Ov,w ,
0
then there exists another overlay O ⊃ O, and thus O
is not maximal.

Theorem 2 Let O be an overlay of two trees T1 , T2 .
Then

[

Ovi ,wj )

(4)

∀hvi , wj i, hvh , wk i ∈ O, Ovi ,wj ∩ Ovh ,wk = ∅

(5)

O = hr1 , r2 i ∪ (

{hvi ,wj i}∈O

(4)
S By denition, Ovi ,wj ⊂ O
and thus hr1 , r2 i ∪ ( hvi ,wj i∈O Ovi ,wj ) ⊂ O. It remains to show that the reverse inclusion holds, i.e.
that
S for any match hy, zi ∈ O, hy, zi ∈ {hr1 , r2 i} ∪
( hvi ,wj i∈O Ovi ,wj . This can be shown reasoning on
the depth of hy, zi.(5) can be proved showing that for
any two overlays Ovi ,wj , ∈ Ovh ,wk , if their intersection
is not empty, then necessarily vi = vh and wj = wk .
In other words, an overlay of T1 and T2 is a partition
of the overlays it induces on its rst-level subtrees and
the couple hr1 , r2 i.

sum of the costs of all the overlays Ovi ,wj induced on
its rst level subtrees.

Proof:

Follows immediately from Theorem 2.
From this result it follows, trivially, that an overlay
is optimal only if the overlays induced on its rst
level subtrees are all optimal. Notice that the reverse does not hold in general. As an example, consider the overlay shown in Figure 4. It is easy to
see that the overlays O3,b and O4,c are both optimal since sdist(john , joe )+sdist(mary , mark ) <
sdist(john , mark ) + sdist(mary , joe ). However,
the overlay of T1 and T2 shown in the picture is not
optimal, since another overlay with cost 0 can be obtained by matching node 3 with c and node 4 with
b. In order to reach a necessary and sucient condition for the optimality of an overlay, we introduce
a few more denitions. Given two trees T1 and T2 , a
rst-level assignment of T1 and T2 is a set of couples
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Figure 3: The overlay of T1 and T2 is not optimal, even
if all the overlays induced on subtrees are optimal
hvi , wj i such that each node of each tree is coupled
with at most another node of the other one, and the
trees T (vi ) and T (vj ) are comparable. The concept of
maximality dened for overlays can be easily extended
to rst level assignments. It is easy to prove that an
overlay is maximal i includes a maximal assignment.
By dening the cost of a maximal rst-level assignment as the sum of the costs of the overlays of rst
level trees whose roots are coupled in the assignment,
the concept of optimality can also be extended to rstlevel assignments. Given this denition, we can now
present the main result of this section:

Theorem 4 An overlay O is optimal i it contains
an optimal rst-level assignment A and the overlays
induced on its rst level subtrees are all optimal.

Proof sketch:

Maximality follows from the maximality of A. From the optimality of A and of the
overlays induced of rst level subtrees it follows, by
Theorem 3, that the overlay is also optimal.
The previous result gives an operative way to build
an optimal overlay of two trees T1 and T2 . A maximal
assignment can be obtained by rst matching r1 with
r2 and then matching a children of r1 with a children
of r2 until no more matches are possible. Two nodes vi
and wj are matched only if T (vi ) and T (vj ) are comparable. In this case, an optimal overlay is built for T (vi )
and T (wj ) by applying the same process, recursively,
up to the leaves. All possible maximal assignments
must be built and evaluated, and an optimal one must
be chosen.

5 Structure Aware XML Distance
Measurement
In this section, we introduce an algorithm to measure
the structure aware XML distance dened in Section 3,
and prove its correctness and its worst case complexity.
Algorithm 1 analyzes two comparable trees recursively, starting from the roots. If the roots are leaf
nodes, a distance measure for their associated text
values is returned. Such function is denoted by the
procedure sdist() in the algorithm. Otherwise, the algorithm considers their children, and computes a distance for each couple of subtrees rooted at children

else

xmldist := ∞

for all l in labels(children(r1) ∪ children(r2 )) do
for all vi ∈ childrenl (r1 ) do
for all wj ∈ childrenl (r2 ) do
Dl [i, j] := dist(T (vi ), T (wj ))

end for
end for

assignmentl := f indAssignment(Dl [])
for all hh, ki ∈ assignmentl do
if xmldist = ∞ then
xmldist := 0

end if

xmldist := xmldist + Dl [h, k]

end for
end for

return xmldist

end if

with the same label, recursively. After all distances
have been calculated, the algorithm must assign each
node to another node with the same label, minimizing
the overall cost. This is an assignment problem and
can be solved using a variation of the well-known Hungarian Algorithm ([6]). In the algorithm, this task is
performed by a call to procedure f indAssignment().
In particular, given a matrix of distances, the procedure returns a set of assignments containing couples of
indices of assigned nodes. For ease of presentation, in
the algorithm we denote the set of all children of node
v having label l with childrenl (v). Results of distance
calculations for a certain set of children having label
l are stored in an array named Dl . The distance is
initially set to ∞, and reset to 0 only in the case that
there is at least one assignment of root children.
From the results given in the previous section and
the denition of structure aware XML distance given
in section 3 it follows immediately that:

Theorem 5 Algorithm 1 correctly computes the

structure aware XML distance of two comparable trees.
In order to understand the computational cost of the
algorithm, let us consider a case in which all the leaves
of the tree have the same path, and the data trees are
maximal. We consider distance calculation among two
trees T1 and T2 . We denote with deg1 and deg2 their
respective degrees and with L1 , L2 their sets of leaves.
Let T10 , T20 be two subtrees of T1 and T2 rooted at
level l, and let r10 , r20 be their roots. In order to compute their distance, we must choose a match among
the children of r10 and r20 such that the the sum of
distances for corresponding subtrees is minimal. Assuming that we have already calculated all pairwise
distances, we need to solve an instance of the linear
assignment problem. The Hungarian algorithm gives
a solution in cubic time, so the cost of an assignment
is O((deg1 + deg2 )3 ).
To compute all distance measurements, we proceed bottom up, starting from the leaves and calcu-

lating all pairwise distances among all nodes at each
level. At level depth − 1, before performing the assignment phase we must compute distances among textual values. These are computed in constant time
(w.r.t. the size of the trees). At upper levels, we
already know the distances among nodes at lower
levels, so we just need to perform the assignment
phase. In total, the assignment phase is repeated
(|T1 | − |L1 |) × (|T2 | − |L2 |) times. Thus, the overall
cost is O((|T1 | − |L1 |) × (|T2 | − |L2 |) × (deg1 + deg2 )3 ).
When there is more than one path for leaf nodes, the
calculation is less expensive.

6 Experiments
This section presents an experimental evaluation of the
structure aware XML distance introduced in the previous sections. We tested both eectiveness and efciency of our distance as the basis of a comparison
function for XML Object identication.

6.1 Experimental Setting
In the tests, a set of objects contained in an XML
document are compared pairwise for similarity. Two
objects oi , oj are classied as similar if dist(oi , oj ) < t,
where dist is the structure aware XML distance and t
is a xed threshold. The string comparison function
we use is the string-edit distance([12]). We performed
three sets of tests. Tests in the rst and second set aim
at determining how good is our measure at correctly
identifying similar objects under various experimental
conditions. The third set was performed to compare
our distance with the tree-edit distance used in [4].

6.2 Data Sets

The experiments were performed on a synthetic data
set created with ToXGene1 . The objects compared
for similarity represented persons, dened as in the
following DTD element declarations:
<!ELEMENT PERSON (NAME, MIDDLENAME*, SURNAME, ADDRESS)>
<!ELEMENT ADDRESS (STREET, CITY, COUNTRY, EMAIL*, PHONENUM*)>

all elements not dened above contained PCDATA.
Textual data values were taken from the XMark benchmark; middlename, email and phonenumber optional
elements were limited to a maximum of respectively
to 2, 2, and 4 instances for each person. We started
from a clean data set of 300 distinct person objects. In
all experiments, for each person object another similar
object was created (duplication rate = 100%). In order
to create similar objects under controlled conditions,
we have developed a small tool2 that allows to produce
objects that dier from the original by a given rate of
internal data deletions, text changes, and internal data
duplications, and element swaps. Internal data deletions are leaf deletion. By internal data duplication
1 www.cs.toronto.edu/tox/toxgene
2 www.dis.uniroma1.it/milano/duplicatecreator

we mean that a portion of an object (e.g. an middlename element or an address subtree) is duplicated
inside the object. These internal duplicates receive the
same amount of changes as other duplicates, except for
internal duplication. Text changes consisted of deletions, insertions and character swaps. We inserted a
minimum of 2 errors for each text modication. The
specic kind of errors were chosen randomly with equal
probability (e.g. a character deletion and a swap, or
two swaps).
Notice that change rates mentioned in the tests refer to the rate of changes for each duplicate. That is,
all duplicates dier from their original, and the change
rate refers to which percentage of the data present in
a duplicated object has received such changes. As an
example, a deletion rate of 20% means that in the
duplicate of a certain object 20% of the leaves were
deleted. A text change of 10% means that 10% of the
textual values present on leaves that were not deleted
are altered with a certain number of deletions, insertions and character swaps.

6.3 Experimental Set 1
A rst set of experiments tested how the eectiveness
of our measure varies depending on the chosen threshold. Eectiveness is measured in terms of the f-score:
F score = 2 · recall · precision/(recall + precision)

Where recall is the percentage of matches identied by
the algorithm, and precision is the percentage of actual
matches among those declared by the algorithm.
We let the threshold vary over a wide range of values, and performed the test for les in which the differences among duplicate object are set as follows:
case

1
2
3
4

deletion rate
10%
10%
20%
20%

text change rate
10%
20%
20%
30%

Observe that the last one is a rather critical situation: a duplicate for an object with 10 leaves has 2
leaves removed and three of the remaining leaves contain errors. The results for this set of experiments
are shown in Figure 4. A rst observation that must
be done is that in all cases the measure achieves an fscore of 100% for some threshold values. Thus, the distance shows high eectiveness as an object identication comparison function. It is also worthwhile to notice that all the curves in Figure 4 show a wide plateau
in which the f-score stay at its maximum value. Since,
in real-use conditions, determining the right threshold is mainly a matter of experience and it is often
infeasible to evaluate various thresholds, the relative
insensibility of the distance to threshold variation in a
wide range of threshold must be considered as a positive feature. The curves in the graph appear grouped
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Figure 4: Results for experimental set 1: fscore dependency on similarity threshold
in two sets, corresponding to the two values of deletion
rate used in the experiment. This behavior means that
the distance is more sensible to a variation in the data
available for comparison than to diused errors over
the data itself.

6.4 Experimental Set 2
Our second set of experiments was performed to determine how our distance is inuenced by a variation
in the kind and amount of dierences among similar
objects. The threshold was xed to a value of 10,
and the rate dierences introduced in duplicate objects
were varied independently. Figures 6(b), 6(a) and 6(c)
show respectively the trend of the recall, precision and
f-score measures for these tests. Each graph contains
dierent curves, each one relative to a specic kind of
dierences. Dierent kinds of changes aect in dierent way the behavior of the measure. From the graphs
it appears that a high rate of deletions aects precision
but not recall. This is due to the fact that deletions reduce the amount of comparable information available
to determine if two objects are similar. On the other
hand, high text change rates mainly inuence recall,
since a high rate of errors may introduce high dierences in comparable features of objects. The measure
is completely insensible to swaps of elements. This is
not surprising, since it compares unordered trees.

6.5 Experimental Set 3
We described in section 3 some issues related to ordered tree edit distances when used in an object identication context, and we claimed that our distance
is both more ecient and eective than such class of
distances. Our third set of experiments conrms this
claim. We tested our distance measure and the ordered
tree-edit distance over the same set of les, and compared both execution time and f-score. The algorithm
used for the ordered tree edit distance is described in
[17], and the cost function was modied to account

for textual value comparison as proposed in [4]. More
specically, the cost for relabelling, insertion and deletion for leaves was evaluated based on the same string
comparison function used in our measure. For internal
nodes, a unit cost function was used. The les used
in the tests contained duplicates produced by applying
to each object all the four kinds of changes described
in section 6.2, with the same change rate for each difference. Thus, a data change rate of 10% means that
each duplicate has data deletion, text changes, internal duplication, and element swap rates all set to 10%.
We let the change rate vary from 10% to 45% at intervals of 5%. The threshold was xed. The graphs
shown in Figure 5 refer to the results obtained for the
best possible choice of a threshold for both measures.
The dierences in execution time for the two distances
were dramatic. To perform the comparison over a total of 600 objects the ordered tree edit distance took
approximately 7,5 hours while, on the same machine
and for the same data, our distance takes something
more than a minute. The results shown in Figure 5
highlight how our distance constantly outperforms the
ordered tree edit distance from the eectiveness point
of view. This dierences are partly due to the fact that
our distance performs an unordered comparison, and
the les contain swapped elements. Notice that only
adjacent elements with the same name where swapped
in the test les, thus respecting the DTD of the data.
Another dierence is also due to the fact that our measure ignores internally duplicate data that cannot be
matched, while the tree edit distance accounts for the
cost of deletion of such data.

7 Conclusions
XML data has tree-like nature and exible structure.
These features have lead to proposals for XML object
identication that exploit tree-edit distances to perform approximate comparisons among XML trees.
The tree-like nature and exible structure of XML
1,0
0,9
0,8
0,7
0,6
F-score

1,0

0,5
0,4
0,3
0,2
0,1
0,0
10%

15%

20%

25%

30%

35%

40%

45%

% of data changes
xmldist

treedist

Figure 5: Results for experimental set 3: comparison
between tree edit distance and structure aware XML
distance

1,0

0,9

0,9

0,8

0,8

0,8

0,7

0,7

0,7

0,6

0,6

0,6

0,5

F-score

1,0

0,9

Recall

Precision

1,0

0,5

0,5

0,4

0,4

0,4

0,3

0,3

0,3

0,2

0,2

0,2

0,1

0,1

0,1

0,0

0,0

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100

0,0
0%

10%

20%

30%

% differences
deletion

textchange

(a)

40%

50%

60%

70%

80%

90%

100%

0%

10%

20%

30%

40%

swap

swap

textchange

50%

60%

70%

80%

90%

100

% differences

% differences
deletion

(b)

deletion

textchange

swap

(c)

Figure 6: Precision, recall and f-score for experimental set 2
data are serious issues in XML object Identication.
Such features have lead to proposals that exploit treeedit distances to perform approximate comparisons of
XML trees. However, tree-edit distances ignore the
semantics implicit in element labels and nesting relationships. Furthermore, while tree-distances for unordered trees are better suited to perform approximate
comparisons of XML data, their use is computationally infeasible. In this paper, we have dened a new
distance for XML data, the structure aware XML distance, that overcomes these issues. The distance compares only portions of XML data trees whose structure
suggest similar semantics. Furthermore, it performs
comparison on unordered trees, without incurring in
high computational costs. We have presented an algorithm to measure the distance between two trees, and
discussed its complexity, that is polynomial. We also
presented an experimental evaluation of our measure
as the basis of an object identication approach.
Our measure is suited for detecting similar objects
when the scheme of objects is approximately the same,
as in the case of a single data source, or several data
sources on which a schema integration activity has already been performed. We are investigating how to
add more exibility without sacricing the gain in efciency we have obtained. We also plan to investigate
other issues related to the use of tree distances for
XML comparison. In [4], the authors suggest the use
of ontology-based techniques to evaluate the cost of relabelling nodes. How to balance the eects of stringcomparison-based and ontology- based cost evaluation
seems far from trivial.
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K. Selçuk Candan

Maria Luisa Sapino

Keith W. Kintigh

Comp. Sci. and Eng.
Arizona State Univ.
yan.qi@asu.edu

Comp. Sci. and Eng.
Arizona State Univ.
candan@asu.edu

Dip. di Informatica
Univ. of Torino
mlsapino@di.unito.it

Sch.of Human Evol.&Social Change
Arizona State Univ.
kintigh@asu.edu

Abstract
An important reality when integrating scientiﬁc data is the fact that data may often
be “missing”, partially speciﬁed, or conﬂicting. Therefore, in this paper, we present
an assertion-based data model that captures
both value-based and structure-based “nulls”
in data. We also introduce the QUEST system, which leverages the proposed model for
Query-driven Exploration of Semistructured
data with conﬂicT s and partial knowledge.
Our approach to integration lies in enabling
researchers to observe and resolve conﬂicts in
the data by considering the context provided
by the data requirements of a given research
question. In particular, we discuss how pathcompatibility can be leveraged, within the context of a query, to develop a high-level understanding of conﬂicts and nulls in data.

1

Motivation and Related Work

Through a joint eﬀort of archaeologists and computer
scientists, we are developing an integrated framework of knowledge-based collaborative tools that will
provide the foundation for a shared information infrastructure for archaeology and contribute substantially to a shared knowledge infrastructure of science [21]. Today, the incapacity to integrate data
across projects cripples archaeologists’ and other scientists’ eﬀorts to recognize phenomena operating on
large spatio-temporal scales and to conduct crucial
comparative studies [20, 21]. A major challenge with
integration of data is that the meaning of an archaeological observation is rarely self-evident.
∗
Supported by NSF Grant “Enabling the Study of LongTerm Human and Social Dynamics: A Cyberinfrastructure for
Archaeology”

1.1

Incompleteness and Inconsistencies

An important reality when integrating archaeological
data is that entries (archaeological observations and
interpretations) may often be “missing” or only partially speciﬁed. For example, one may not be able to
associate a bone collected at a given site to the species
and may use vague terms or references to a hierarchically higher concept in the biological taxonomy. Thus,
researchers reach conﬂicting conclusions, not just because their primary data diﬀer, but because they operationalize interpretive concepts diﬀerently [20].
Within the context of our eﬀorts to determine the
needs and challenges associated with archaeological
information integration, a working group of domain
experts selected datasets representing archaeological
fauna recovered from two excavations in the western
US [28]. The goal of the eﬀort was to integrate these
two datasets into one by using ontologies to map data
codes to concepts shared by the datasets and to resolve
the ambiguities (as much as possible) using ontologies.
One outcome of this eﬀort was the understanding that,
even after a careful study of the data sets by the domain experts, there were parts of the data that could
not be successfully mapped (e.g., while use of the actual taxonomic categories was consistent, investigators
diﬀered in how they dealt with bones that could not be
fully identiﬁed). Nevertheless, in the context of a particular research question, archaeologists could identify
reasonable means of addressing these inconsistencies.
Thus, reconciling data and classiﬁcation schemes
entails developing novel data integration techniques to
allow query dependent integration, despite inherent inconsistencies. Our goal is to develop a tool to allow a
researcher to extract sensibly integrated observations
and consistent variables from potentially incomplete
and inconsistent data archive. During query processing, the repository needs to integrate data from multiple sources, note and resolve conﬂicting and missing
data. Where there are discrepancies or missing data,
the system needs to allow the researcher to interpret
results and resolve conﬂicts as she sees appropriate.

1.2

Related Work

In general, there are many diﬀerent types of null values (e.g., existential, maybe, place holder, and partial), each of which reﬂects diﬀerent knowledge or
intuitions about why a particular piece of information is missing [8]. An early attempt at modeling
semistructured data with missing and partial data
is presented in [23]; authors used an object-based
model, where null, or-valued, and partial set objects
are used to handle partial and missing knowledge in
semi-structured data. Although it is richer than standard semistructured data models, such as Object Exchange Model (OEM) [24, 7], and Document Object
Model (DOM) [1], this model is more focused on value
nulls and does not capture inconsistencies and missing
knowledge in the structure of the data. In contrast,
we propose a new model for semi-structured databases
where diﬀerent types of null values are represented uniformly. Each entry has an associated assertion; intuitively, an entry may be thought of as being in the
database iﬀ the corresponding assertion is true. Although the idea of using assertions (constraints) to
handle null values in relational databases is not new
(Imielinski-Lipski [15, 16], Liu [22], Candan [8]), the
use of constraints for a uniﬁed way of handling different types of nulls within the context of hierarchical
data and metadata is an open problem.
Knowledge integration from diverse sources involves
matching and integration. There is extensive work in
the area of matching schemas and data when integrating independent sources. Our focus, in this paper,
however is not on the matching, but on dealing with
conﬂicts that arise during integration. Conﬂict resolution has also been studied in the context of active
databases and production rule systems [3, 17]. Most
of these study what to do when multiple active production rules with conﬂicting heads request that an
atom be both added and deleted simultaneously. In
contrast, we attempt to evaluate queries and resolve
conﬂicts in answers to queries spanning multiple data
sources. Furthermore, unlike the related work in this
area, we will explore the application of these within
semi-structured data and metadata.
In their work on nondeterministic choices in logic
programming languages, Zaniolo [31, 32] and his colleagues suggest that in logic database languages, one
may wish to express the fact that only one of several possible ways of satisfying an atom is nondeterministically selected. They then use this to deﬁne a choice semantics for logic programs with negation. Multiple model semantics, like the 2-valued, stable model semantics,[12], or the 3-valued ﬁnite failure
stable model semantics [13] associate multiple, equally
likely, models to the given knowledge base, each one
corresponding to a possible context, or a possible
consistent scenario described by the knowledge base.
Problem solvers interact with truth maintenance sys-

tems (TMSs) [9], that record and maintain the reasons
for the possible context (belief sets) under consideration. Sentences are associated with their justiﬁcations,
which indicate what assumptions need to be changed
if they need to be invalidated. In this paper, we show
that we can leverage the special hierarchical structure
of the data and knowledge taxonomies to develop efﬁcient and specialized algorithms, rather than having
to use general purpose truth maintenance solutions.
We use path query instances to provide contexts in
which conﬂicts can be resolved. Like us, Piazza [14]
and HepToX [5] also recognize that it is unrealistic to
expect an independent data source entering information exchange to agree to a global mediated schema or
to perform heavyweight operations to map its schema
to every other schema in the group. Unlike these,
however, we recognize that while collating information
from multiple sources, the knowledge that is acquired
may be incomplete or inconsistent either in data values, structural relationships between data elements, or
both. Yet, since the base data reﬂect what is currently
known, data and interpretations from diﬀerent sources
may be important to keep as is, even when they may
be conﬂicting with each other. We argue that an ultimate integrated view of multiple data sets is often not
possible, and in fact is often not needed. Therefore,
unlike related work [27, 10] in repairing inconsistencies
in XML data using available external domain knowledge, such as functional dependencies or DTDs, our
aim is to maintain the inconsistencies in the data and
allow the researcher to resolve conﬂicts within the context of a given query.
1.3

Contributions of this Paper

Eﬀective use of archaeological data requires on-the-ﬂy
data integration, where discrepancies or incomplete information is properly dealt with within the context of
the given query. In this paper, we ﬁrst present a data
model which captures not only value-based, but also
structure-based nulls in semistructured data and metadata. In particular, we suggest that it is most eﬀective to reconcile data source observations with data
requirements of a query rather than attempting global
reconciliation of data sources. We refer to this as query
driven ad hoc data integration and exploration [19].
This enables us to constrain the incompatibilities of
the data within the context of the question itself to
reduce the complexity of the problem. In this paper, we also present an overview of a system, called
QUEST, which we are developing to leverage the proposed model for exploratory research on the incomplete and conﬂicting data, based on the query driven
ad hoc data integration and exploration paradigm. We
are currently developing eﬃcient algorithms to process
queries on (null-valued) semi-structured data in the
presence of a multitude of such alternatives, without
having to materialize all alternatives.

2

Assertion-based Data Representation and Basic Null Assertions

To provide a uniform treatment to value and structurenulls, we shred the semistructured data into its object
nodes. Shredding is used in relational storage of XML
data, where each node is represented as a tuple of the
form node id, label, type, value, parent id [11, 29].
The model we describe below is reminiscent of well accepted node-labeled semi-structured data models, such
as DOM [1] and their shredding into tuples [11, 29].
2.1

Constraint-based Data Representation

Let I denote the set of object node identiﬁers and let D
be the domain of node tags1 . We represent hierarchical
data as a set, N , of object nodes, where each object
node n ∈ N is represented as a 3-tuple (id, tag, pid):
• n.id ∈ I is the unique id of the object node,
• n.tag ∈ D ∪ I is its tag, and
• n.pid ∈ I ∪ {} is its parent’s identiﬁer.
If n.pid = , then n is referred to as the root of the
data. If n.tag ∈ I, then its value is an object reference.
The object nodes in N are constrained such that they
collectively form a tree structure:
C1. No node can be its own parent: ∀ni ∈ N, ni .id =
ni .pid.
C2. No two distinct nodes can have the same ID:
∀ni = nj ∈ N, ni .id = nj .id.
C3. All non-root nodes have a parent in the document:
∀ni ∈ N, (ni .pid = ) ∨ (ni .pid ∈ I).
C4. There is only one root: ∀ni ∈ N, (ni .pid = ) →
( ∃nj = ni nj .pid = )
C5. Parent relationship between two nodes is captured
by attribute “pid”: ∀ni , nj ∈ N, parent(ni , nj ) ↔
(ni .id = nj .pid).
C6. Ancestor relationship between two nodes is deﬁned
using the parent relationship:
∀ni , nj ∈ N, ancestor(ni , nj ) ↔
∃m1 , m2 , . . . , mK ∈ N, K ≥ 0, s.t.
parent(ni , m1 ) ∧ parent(m1 , m2 ) ∧
. . . ∧ parent(mK , nj ).
C7. There are no cycles in the data: ∀ni , nj ∈ N,
ancestor(ni , nj ) → ¬ancestor(nj , ni ).
These constraints describe hierarchically structured
data without nulls. Next, we discuss how to extend
this constraint model with value- and structure-nulls
in a uniform manner.
1 For simplicity of the presentation, we combine label, type,
and value into a single tag.

2.2

Value- and Structure-Nulls

A value-null commonly occurs when the value of a
node can not be determined for certain. E.g.,
• “Node &5’s tag can be 4, 6, or 9.”
is a value null. Structure-nulls, on the other hand, occur when the structural relationship between the data
nodes can not be determined in certain. For example,
• “Node &5 is a child of node &3 or &4”.
• “Either node &5 or &6 is a child of node &3”.
are structure nulls. When nodes suﬀer from both
value- and structural uncertainties or inconsistencies,
we refer to these as hybrid-nulls. Naturally, the object node based representation in Subsection 2.1 is
not suitable to describe disjunctions or non-existence
requirements that form the basis of various types of
nulls [8]. Therefore, we present a basic choice assertion construct, which forms the basis of nulls.
2.3

Basic Choice Assertions

We refer to a triple, ā = id, tag, pid, where id ⊆
I, tag ⊆ (D ∪ I), and pid ⊆ (I ∪ {}), as a basic
choice assertion (or assertion in short). The set of all
assertions corresponding to a given data is denoted as
A. For example, {&2, &3}, {Cow, Bison}, {&7, &8}
is a basic choice assertion. Intuitively, each assertion
in A declares constraints on id, tag, and pid related to
a single object node in N .
Informally, a choice assertion states that “one of all
possible alternatives described by the id, tag, and pid
sets is true”. If all the sets in an assertion are singular valued (e.g. of the form {&2}, {Bison}, {&7}),
then the assertion corresponds to a single object node,
and vice versa: e.g., the object node (&2, Bison, &7)
could be asserted as {&2}, {Bison}, {&7}. These
types of assertions are referred to as singular choice
assertions2 . We classify the choice assertions into two
categories: positive and negative choice assertions.
2.3.1

Positive Choice Assertions

Positive choice assertions do not contain any empty
sets, but contain at least one non-singular set. For
example, {&1, &2}, {Bison, Cow}, {&3} is a positive choice assertion. We deﬁne the semantics of the
positive assertion, āi = idi , tagi , pidi , in terms of a
many-to-1 mapping, μ : A → N ∪ {⊥}, from the set,
A, of assertions to nodes in N , such that
μ(āi ) = n ∈ N −→ (n.id ∈ idi ) ∧
(n.tag ∈ tag i ) ∧
(n.pid ∈ pidi ).
The fact that the mapping, μ, is many-to-1 implies that
2 Any data without null-values can be represented as a set of
singular assertions.

• each positive assertion describes properties of a
single object node, while
• properties of a single object node may be described by multiple assertions.
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If μ(āi ) = ⊥, then the assertion āi is ignored.
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Example 2.1 Let {&1}, {P elvis}, {&2, &3} be a
choice assertion. Informally, this assertion means that
the value of the object node with id &1 is “Pelvis” and
its parent is either &2 or &3. However, the assertion does not mean that &1 has two parents. In other
words, this assertion is about a single node, whose parent we cannot ascertain without other assertions.
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Assertions
that
conﬂict,
for
example
{&1}, {Bison}, {&2} and {&1}, {Cow}, {&3},
may coexist in the data. Thus, we introduce the
concept of compatibility among assertions.
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Compatible Assertions
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A set, A, of basic choice assertions can be thought of
being composed of a positive assertion set, A+ , and
a negative assertion set, A− . An interpretation of A
is a data instance, which (a) satisﬁes the structural
constraints, describing the hierarchy, in Section 2.1,
(b) conforms to a mapping μ, which satisﬁes the constraints imposed by the positive assertion set, A+ , and
(c) satisﬁes all the non-existence constraints imposed
by the negative assertion set, A− . Given an assertion
set, there may be zero, one, or more interpretations. In
a sense, the positive assertions produce candidate interpretations, while the negative assertions, A− , prune
the space of alternative conforming data instances.
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Interpretation of a Set of Assertions
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Negative choice assertions, on the other hand,
contain at least one empty set.
For example,
{&1, &2}, {P elvis}, ∅ is a negative assertion. We deﬁne the semantics of a negative assertion in terms of
the following non-existence constraints, corresponding
to various empty set scenarios:

2.4

&6,E

&5,E

Negative Choice Assertions

• Scenario: [idi = ∅, tagi = ∅, pidi = ∅]
Const.: ∃n ∈ N s.t. (n.tag ∈ tagi ) ∧ (n.pid ∈ pidi ).
• Scenario: [idi = ∅, tagi = ∅, pidi = ∅]
Const.:  ∃n ∈ N s.t. (n.pid ∈ pidi ).
• Scenario: [idi = ∅, tagi = ∅, pidi = ∅]
Const.:  ∃n ∈ N s.t. (n.tag ∈ tagi ).
• Scenario: [idi = ∅, tagi = ∅, pidi = ∅]
Const.:  ∃n ∈ N.
• Scenario: [idi = ∅, tagi = ∅, pidi = ∅]
Const.:  ∃n ∈ N s.t. (n.id ∈ idi ).
• Scenario: [idi = ∅, tagi = ∅, pidi = ∅]
Const.:  ∃n ∈ N s.t. (n.tag ∈ tagi ) ∧ (n.id ∈ idi ).
• Scenario: [idi = ∅, tagi = ∅, pidi = ∅]
Const.:  ∃n ∈ N s.t. (n.id ∈ idi ) ∧ (n.pid ∈ pidi ).
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Figure 1: G+ for a set of positive choice assertions
• A pair of positive assertions are compatible if they
do neither lead to the indeterminate tags, nor imply a node with multiple parents or a cycle.
• A positive choice assertion and a negative choice
assertion are compatible, if at least one choice in
the positive assertion can be accepted without violating the negative constraints.
Note that although it is possible to identify consistent models (i.e., sets which consist of compatible assertions) of a given set of choice assertions, and clean
the data (for instance, by choosing a maximal model
among the alternatives), we argue that (especially in
scientiﬁc data integration domain, where consistency
can not be expected during research, until ultimately
one model is shown to be correct) it is more meaningful to refrain from early data cleaning and resolve the
conﬂicts within the context of the user’s queries.

3

Integrated Representation of a Set of
Positive Assertions

Given a set of assertions, QUEST integrates available
positive assertions in a graph-based representation,
G+ , which captures the intended structural relationships between object nodes as well as the choice semantics underlying the nulls. In this section, we provide an
example of this graphical representation. The details
of the model are beyond the scope of this paper.

Example 3.1 Let us consider the assertions,
ba1
ba2
ba3
ba4
ba5
ba6
ba7
ba8

= {&1, &2}, {Skull}, {&5, &6}
= {&3}, {P elvis}, {&7}
= ∅, {Deer}, ∅
= {&2}, {Skull}, {&5}
= {&5}, {Sheep}, {&8}
= {&6}, {Goat}, {&8}
= {&7}, {Cow, Bison}, {&9}
= {&8}, {M ammalia}, { }

which outline hierarchical relationships among bones
and taxa. For example, “Skull” belongs to the taxon
“Goat”, which is a branch of “Mammalia”. In detail,
ba1 is a basic choice assertion, informing that there
is an object node, whose tag is “Skull”, but neither
its identiﬁer nor its parent can be exactly determined
(i.e., the position of the skull in the hierarchy is not
exactly identiﬁed). Another poorly identiﬁed data involves basic choice assertion, ba7 , where the tag of the
object node can have just one of the two alternative
values. The negative assertion, ba3 , states that there
is no object node in the data with “Deer” as its tag.
The directed graph G+ based on this set of positive
assertions is shown in Figure 1. We use solid-lined
circles to denote the graph vertices corresponding to
known object ids; for each object node there are two
solid vertices (start, S, and end, E). Since each assertion needs to be mapped to a single object node,
dashed vertices in the graph act as mutual exclusion
constraints. The possible values for the object node
tags are shown in rectangular vertices. Below, we describe the salient points of the G+ using this example.
• First, note that, ba3 can not be represented in G+
as it is not a positive assertion.
• Since ba1 has a non-singleton id, the mutual exclusion nodes f pba1 , vE  and f tba1 , vE  (for parent and tag respectively) are introduced. Each mutual exclusion node ensures that only one of the
incoming edges supported by a given basic assertion is allowed in a given interpretation of data.
• Some nodes, such as &9, do not have any associated assertions; thus only the corresponding start
vertices, such as &9, S, are included; i.e., it is
impossible to determine their tags or parent with
the available information. In fact, G+ may be
composed of several unconnected sub-graphs.
• There are two diﬀerent assertions, ba1 and ba4 ,
describing the parent/child relationship between
nodes labeled &2 and &5.
These two assertions have to be seen as two
non-coordinated statements. Therefore, they neither support each other nor weaken the respective
claims. More speciﬁcally, the non-choice assertion ba4 = {&2}, {Skull}, {&5} does not make
any of the two alternative choices in the assertion
ba1 = {&1, &2}, {Skull}, {&5, &6} any more
likely, until interpreted by a researcher within the
appropriate context.

4

Beyond Basic Assertions

Each positive basic choice assertion describes a constraint on the relationship between a node, its tag, and
its parent. Since by deﬁnition of the mapping, μ, each
assertion āi is interpreted independently from the others, there is no way to correlate the choice statements
that have to hold for more than one node. Thus, any
null which requires a constraint on two or more (non
parent-child) nodes cannot be described using a single
basic choice assertion:
• Nodes &5 and &6 have either &8 or &9 as their
common parent.
This statement requires a mapping, μ, where
(µ(āi ) ∈ N → (µ(āi ).id ∈ {&5}) ∧ (µ(āi ).pid ∈ {&8, &9})) ∧
(µ(āj ) ∈ N → (µ(āj ).id ∈ {&6}) ∧ (µ(āj ).pid ∈ {&8, &9})) ∧
(µ(āi ).pid = µ(āj ).pid) .

The last conjunct (μ(āi ).pid = μ(āj ).pid) is a coordination requirement that can not be captured
using basic choice assertions3.
• Node &2 has either &5 or &6 as its child; if the
child is &5 the tag of the child is “Antelope” and
if it is &6, the tag of the child is “Deer”.
This statement requires a mapping μ, where
(µ(āi ) ∈ N → (µ(āi ).id ∈ {&5})∧
(µ(āi ).tag ∈ {“Antelope }) ∧
(µ(āi ).pid ∈ {&2}))∧
(µ(āj ) ∈ N → (µ(āj ).id ∈ {&6})∧
(µ(āj ).tag ∈ {“Deer  }) ∧
(µ(āj ).pid ∈ {&2}))∧
(µ(āi ).pid = µ(āj ).pid).

Once again, last conjunct (μ(āi ).pid = μ(āj ).pid)
is a coordination requirement4 .
• Node &2 has either the set of nodes {&5, &6} as
its children or the set {&7,&8}.
This statement5 requires a mapping, μ, where
(µ(āi ) ∈ N → (µ(āi ).id ∈ {&5}) ∧ (µ(āi ).pid ∈ {2}))∧
(µ(āj ) ∈ N → (µ(āj ).id ∈ {6}) ∧ (µ(āj ).pid ∈ {&2}))∧
(µ(āk ) ∈ N → (µ(āk ).id ∈ {&7}) ∧ (µ(āk ).pid ∈ {&2}))∧
(µ(āl ) ∈ N → (µ(āl ).id ∈ {8}) ∧ (µ(āl ).pid ∈ {&2}))∧
(µ(āi ).pid = µ(āk ).pid)∧
(µ(āi ).pid = µ(āl ).pid)∧
(µ(āj ).pid = µ(āk ).pid)∧
(µ(āj ).pid = µ(āl ).pid).

The last four conjuncts require coordination.
3 Note

that a simpler statement “Node &5 has either &8 or
&9 as its parent” can be captured by a basic assertion of the
form {&5}, D, {&8, &9}, plus the structural axiom which enforces a single parent to each node.
4 Note that the simpler statement “Node &2 has either &5
or &6 as its child” can be captured by a basic assertion of the
form {&5, &6}, D, {&2}.
5 Note again that a statement “Node &2 has either &5 or &7
as its child” can be captured by a basic assertion of the form
{&5, &7}, D, {&2}.

sertions, this results in alternative solution models, consisting of intra-compatible, but pairwiseincompatible sets of paths.
• negative assertions delete path instances from the
result. Thus, negative assertions can reduce the
size or collapse solution models.
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Figure 2: Overview of the query evaluation and exploration processes
• Node &5’s tag is either “Antelope” or “Deer”.
Node &6’s tag is either “Antelope” or “Deer”.
Furthermore, &5 and &6 have the same tag.
This statement requires a mapping, μ, where
(µ(āi ) ∈ N → (µ(āi ).id ∈ {&5})∧
(µ(āi ).tag ∈ {“Antelope , “Deer  })∧
(µ(āj ) ∈ N → (µ(āj ).id ∈ {&6})∧

Naturally, the number of these solution models can
be large. Therefore, a particular challenge is to postpone the computation and visualization of these alternative solution models until absolutely necessary.
Thus, QUEST helps the user explore the alternative solution spaces in an informed manner without having
access to explicit materializations of the solution models: QUEST ﬁrst identiﬁes an initial subset of matches
to the query and constructs (in an incremental way) an
intermediary path compatibility graph during query
evaluation. Once the query is evaluated and the path
compatibility graph is constructed, the user can interact with QUEST to turn on and oﬀ various assertions
and observe how the solution set (and the solution
models) are aﬀected. Pairwise compatibility graphs
of logic rules are also used in non-monotonic reasoning systems [25]. Unlike these, however, in QUEST, the
compatibility graphs are not only for the base rules (or
assertions), but for the result paths obtained within
the context of a query. This enables the user to explore
the available data within the context of a query and
drill-down to assertions or zoom-out to solution models. Once the user feedback is reﬂected on the assertions, the user is provided with a new subset of ranked
results and the feedback-based exploration process is
repeated. Below, we provide sketches of these steps.

(µ(āj ).tag ∈ {“Antelope , “Deer  })∧
(µ(āi ).tag = µ(āj ).tag).

The last conjunct requires coordination.
Comparing the complex statement examples above
with their simpler counterparts, which can be captured
using basic choice assertions, illustrates that the problem arises from the need to enforce coordinated selections (among possible alternatives) for multiple nodes.
The implementation of coordinated choice assertions
is beyond the scope of this paper.

5

Query- and Feedback-Driven Exploration Process

Figure 2 shows the outline of the query-driven exploration process underlying the QUEST: ﬁrst, based on
the available positive assertions, QUEST creates an assertion graph (representing the null-valued document;
see Figure 1). When the user provides a path query,
matching path instances corresponding to the query
and satisfying the pruning constraints imposed by negative assertions are identiﬁed. In a sense
• positive assertions produce path instances. In case
there are conﬂicts among the given positive as-

5.1

Path Query and Results

Let us focus on path queries of type P {/,//,∗} [2]. In
QUEST, a path query is represented as
q = θ1 t1 θ2 t2 . . . θq tq , θi ∈ {/, //}, ti ∈ D ∪ {∗},
where ti are query tags (including “*” wildcards) and θi are parent/child or ancestor/descendant axes. An example of such a query
is  /M ammalia/Sheep/Skull. Results for a given
path query are included in a set R = {r1 , r2 , . . . , rm },
where for each ri ∈ R, we have
ri = vi,1 [ei,1 ]vi,2 [ei,2 ] . . . [ei,q−1 ]vi,q .
Here, vi,j is a label for one vertex in the assertion graph
and ei,j is a set of labels for the assertions supporting
the edge connecting the node vi,j−1 and vi,j . For example, the following is a result for the above query:
&8, E [{ba8 , − }]ba8 , Mammalia [{ba8 , − }]&8, S [{ba5 , − }]
&5, E [{ba5 , − }]ba5 , Sheep [{ba5 , − }]&5, S [{ba1 , − }]
f pba1 , vE [{ba1 , − }]&1, E [{ba1 , − }]ba1 , Skull [{ba1 , − }]
f tba1 , vE [{ba1 , − }]&1, S .

Note that a valid path cannot contain any loops
and for each data node on the path S and E vertices
as well as the assertion labels need to match.

5.2

Path Compatibility Graph

Because of conﬂicting assertions, all results satisfying
a path query might not be compatible. For example, two paths can assume that a given object node
has diﬀerent parents or two paths considered together
may imply a loop. Furthermore, the mutual exclusion nodes introduced in Section 3 can render paths
that share a given mutual exclusion node in diﬀerent
ways incompatible with each other. QUEST captures
the compatibility between paths and sets of paths using a reﬂexive and symmetric “∼” relation:
• Given two path instances pi and pj , pi ∼ pj iﬀ the
path instances together do not violate any structural constraints introduced in Section 2.
• Given a path instance p and a set of path instances P = {p1 , p2 , ..., pN }, p ∼ P , if and only if
∀pi ∈ P , p ∼ pi .
• Given two sets of path instances P
=
{p1 , p2 , ..., pN } and Q = {q1 , q2 , ..., qM }, P ∼ Q
if and only if ∀pi ∈ P, pi ∼ Q.
Given a set of paths, P , a compatibility graph, C,
captures all pairwise compatibility relationships.
5.3

Result Exploration

Let us assume that a path query q results in a set R =
{p1 , p2 , . . . , pN } of paths. As stated above, not all of
these paths are compatible with each other. Therefore,
QUEST provides various result exploration options to
the user to enable her to get a high level understanding
of the available data relative to her query:
• Checking whether a given set, P , of paths is a
model; i.e., checking whether the given set of paths
are compatible with each other. The result set, R,
being a model would imply that the data does not
contain any conﬂict relative to this query.
• Given a path p and a set of paths P , checking
whether p ∼ P or p ∼ P .
• Given a path instance p and a set P , computing
the number of path instances in P that are compatible with p. This number informs the user regarding the degree of compatibility of the path p
with others in P .
• Given a path instance p ∈ P , computing the number of diﬀerent models in which p occurs. This
informs the user regarding how supported each
path is with the available knowledge.
• Given a path instance p ∈ P , computing the number of models that would collapse when p is removed. This informs the user regarding the entropy introduced by p in the integrated system.
Note that, additionally, the models themselves can be
weighed based on their sizes or their compatibilities
with other models. This information, then can be

propagated to the weights of the paths included in
these models. With these, it is possible to rank result
paths and provide users with alternative exploration
opportunities to observe the results, based on diﬀerent deﬁnitions of likelihood (Figure 3(a)). The user
can pick and choose between available result paths in
an informed manner and observe the impact to the assertion and path compatibility graphs immediately. In
particular, when a path is marked invalid by the user,
• if the path can be eliminated without aﬀecting
any other paths (by eliminating some choice in an
assertion or by removing an assertion altogether),
then this alternative is executed (Figure 3(b));
• if there is no way to remove it without aﬀecting
the assertions that support other paths, then the
paths that might be impacted and the corresponding assertions are highlighted (Figure 3(c)).
Note that users are not always interested in ranking
the result paths, but in ranking those assertions that
generate and constrain the various solutions and solution models. Therefore, to support ranking of the
assertions, we further propagate the various scores to
the assertions on the paths. This enables the user to
pick and choose between available assertions in an informed manner and observe the impacts of her actions
on the solution immediately.
5.4

Computation

A model, composed of compatible result paths, corresponds to a maximal clique in the compatibility graph.
Maximal cliques in a graph can be exponential in the
number of vertices [26]. There are polynomial time
delay algorithms for enumeration of cliques (i.e., if the
graph of size n contains C cliques, the time to output all cliques is bounded by O(nk C) for some constant k) [18], but in general graphs, C can be exponential in n; for example as many as 3n/3 in MoonMoser’s graphs [26]. We, on the other hand, see that
it is possible to avoid enumeration of cliques or ﬁnding of the maximal cliques in the entire compatibility
graph, when supporting many of the relevant exploration tasks. For instance, the task of counting the
number of maximal cliques a path occurs in can be performed by counting those maximal cliques containing
only its neighbors. For sparse compatibility graphs,
this can lead to signiﬁcant gains in computation time.
When the compatibility graph is dense, on the other
hand, the number and sizes of cliques need to be estimated using alternative analysis techniques.
Thus, we are currently developing eﬃcient algorithms to process queries on (null-valued) semistructured data in the presence of a multitude of alternative models, without having to materialize all alternatives. In particular, we are exploring polynomialtime path and assertion ranking techniques based on
structural analysis of the path and assertion compatibility graphs.

(a)
(b)
(c)
Figure 3: (a) Result visualization and exploration screen; (b) elimination of the path #0 changes the assertion
graph accordingly; (c) elimination of path #3, on the other hand, would aﬀect other paths in the result
5.5

Tree Queries

A tree query can be processed navigationally or split
into multiple path queries and their structural joins [4,
30]. In QUEST, tree queries are handled as an extension
of path query processing. After paths that satisfy the
path sub-queries are identiﬁed, they need to be put
together to form answers to the tree query. When
paths might be incompatible, each set of paths that is
put together to form an answer must be constrained
to be self compatible. Therefore tree query processing
involves merging of the ranked paths from multiple
subqueries subject to compatibility constraints.

6

Conclusion

In this paper, we presented an assertion-based data
model to describe hierarchical data and meta-data.
We then extended this model with basic choice assertions which enables us to describe various types
of value- and structure-based nulls in a uniform manner. We also highlighted the need for coordinated assertions to describe certain types of nulls. We introduced a graphical representation for hierarchical data
with nulls and discussed how to enable query execution
and query-driven data exploration processes using this
graphical representation. We introduced the concept
of path-compatibility and we highlighted how results
of a query can be leveraged to have develop a high-level
understanding of conﬂicts in the data. We also provided an overview of the QUEST system which leverages
the concepts introduced in this paper to support exploratory research on incomplete and conﬂicting data.
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ABSTRACT

tains email addresses, social security numbers, phone numbers, machine names and IP addresses, these semantically different types
of values should be represented in separate columns. For example, the column in Figure 1(a) contains only email addresses and
is quite homogeneous, even though there appears to be a wide diversity in the actual set of values present. Such homogeneity of
database column values has obvious advantages, including simplicity of application-level code that accesses and modifies the database.
In practice, operational databases evolve over time to contain a
great deal of “heterogeneity” in database column values. Often, this
is a consequence of large scale data integration efforts that seek to
preserve the “structure” of the original databases in the integrated
database, to avoid having to make extensive changes to the application level code. For example, one application might use email
addresses as a unique customer identifier, while another might use
phone numbers for the same purpose; when their databases are
integrated into a common database, it is feasible that the CUSTOMER ID column contains both email addresses and phone numbers, both represented as strings, as illustrated in Figure 1(b). A
third independently developed application that used, say, social security numbers as a customer identifier might then add such values to the CUSTOMER ID column, when its database is integrated
into the common database. As another example, two different inventory applications might maintain machine domain names (e.g.,
abc.def.com) and IP addresses (e.g., 105.205.105.205) in the same
MACHINE ID column for the equivalent task of identifying machines connected to the network. While these examples may appear
“natural” since all of these semantically different types of values
have the same function, namely, to serve as a customer identifier
or a machine identifier, potential data quality problems can arise
in databases accessed and modified by legacy applications that are
unaware of the heterogeneity of values in the column.
For example, an application that assumes that the CUSTOMER ID
column contains only phone numbers might choose to “normalize”
column values by removing all special characters (e.g., ‘-’, ‘.’) from
the value, and writing it back into the database. While such a transformation is appropriate for phone numbers, it would clearly mangle the email addresses represented in the column and can severely
degrade common business practices. For instance, in our previous example, the unanticipated transformation of email addresses
in the CUSTOMER ID column (e.g., “john.smith@noname.org” to
“johnsmith@nonameorg”) may mean that a large number of customers are no longer reachable.
Locating poor quality data in large operational databases is a
non-trivial task, especially since the problems may not be due to
the data alone, but also due to the interactions between the data and
the multitude of applications that access this data (as the previous

Data quality is a serious concern in every data management application, and a variety of quality measures have been proposed, including accuracy, freshness and completeness, to capture the common sources of data quality degradation. We identify and focus
attention on a novel measure, column heterogeneity, that seeks to
quantify the data quality problems that can arise when merging data
from different sources. We identify desiderata that a column heterogeneity measure should intuitively satisfy, and discuss a promising direction of research to quantify database column heterogeneity
based on using a novel combination of cluster entropy and soft clustering. Finally, we present a few preliminary experimental results,
using diverse data sets of semantically different types, to demonstrate that this approach appears to provide a robust mechanism for
identifying and quantifying database column heterogeneity.

1.

MOTIVATION

Data quality is a serious concern in every data management application, severely degrading common business practices, and industry consultants often quantify the adverse impact of poor data
quality in the billions of dollars annually. Data quality issues have
been studied quite extensively in the literature (e.g., [3, 5, 1]). In
particular, a variety of quality measures have been proposed, including accuracy, freshness and completeness, to capture the common sources of data quality degradation [6, 9]. Data profiling
tools like Bellman [4] compute concise summaries of the values
in database columns, to identify various errors introduced by poor
database design; these include approximate keys (the presence of
null values and defaults in a column may result in the approximation) and approximate functional dependencies in a table (possibly
due to inconsistent values). This vision paper identifies and focuses
attention on a novel measure, column heterogeneity, that seeks to
quantify the data quality problems that can arise when merging data
from different sources.
Textbook database design teaches that it is desirable for a database
column to be homogeneous, i.e., all values in a column should
be of the same “semantic type”. For example, if a database con-
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CUSTOMER ID
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gwb.dc@universe.gov
jamesbond.007@action.com

CUSTOMER ID
lkjkjjk@321.zzz.info
h8742@yyy.com
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qwerty@keyboard.us
555-1212@fax.in
(908)-555.1234
973-360-0000
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8005551212
(877)-807-4596

CUSTOMER ID
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h8742@yui.com
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987-65-4321
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973-360-0000
360-0007
8005551212
(877)-807-4596
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(b)

(c)

(d)

Figure 1: Example homogeneous and heterogeneous columns.
example illustrates). Identifying heterogeneous database columns
becomes important in such a scenario, permitting data quality analysts to then focus on understanding the interactions of applications
with data in such columns, rather than having to simultaneously
deal with the tens of thousands of columns in today’s complex operational databases. If an analyst determines that a problem exists,
remedial actions can include:

umn that has mainly email addresses with just a few outlier phone
numbers (e.g., Figure 1(c)), or vice versa.

We next identify desiderata that a column heterogeneity measure
should intuitively satisfy, and discuss a promising direction of research to quantify database column heterogeneity.

Distinguishability of Semantic Types: Semantically different
types of values may overlap (e.g., social security numbers and phone
numbers) or be easily distinguished (e.g., email addresses and phone
numbers).
Intuitively, with no a priori characterization of the set of possible
semantic types present in a column, we cannot always be sure that
a column is heterogeneous, and our heterogeneity measure should
conservatively reflect this possibility.
The more easily distinguished are the semantically different types
of values in a column, the greater should be its heterogeneity. For
example, a column with roughly equal numbers of email addresses
and phone numbers (e.g., Figure 1(b)) can be said to be more heterogeneous than a column with roughly equal numbers of phone
numbers and social security numbers (e.g., Figure 1(d)), due to the
greater similarity between the values (and hence the possibility of
being of the same unknown semantic type) in the latter case.

2.

3.

• modification of the applications to explicitly check for the
semantic type of data (phone numbers, email addresses, etc.)
assumed to exist in the table, or
• a horizontal splitting of the table to force homogeneity, along
with a simpler modification of the applications accessing this
table to access and update the newly created tables instead.

HETEROGENEITY: DESIDERATA

QUANTIFYING HETEROGENEITY

We now discuss approaches to quantify database column heterogeneity that meet the desiderata outlined above.
Number of Semantic Types: A first approach to obtaining a
heterogeneity measure is to use a hard clustering. By partitioning
values in a database column into clusters, we can get a sense of the
number of semantically different types of values in the data. However, merely counting the number of clusters does not suffice to
quantify heterogeneity. Two additional issues, as outlined above,
make the problem challenging: the relative sizes and the distinguishability of the clusters. A few phone numbers in a large collection of email addresses (e.g., Figure 1(c)) may look like a distinct
cluster, but should not impact the heterogeneity of the column as
much as having a significant number of phone numbers with the
same collection of email addresses (e.g., Figure 1(b)). Again, a social security number (see the first few values in Figure 1(d)) may
look similar to a phone number, and we would like the heterogeneity measure to reflect this overlap of sets of values, as well as be
able to capture the idea that certain data might yield clusters that
are close to each other, and other data might yield clusters that are
far apart.

Consider the example shown in Figure 1. This illustrates many
of the issues that need to be considered when coming up with a
suitable measure for column heterogeneity.
Number of Semantic Types: Many semantically different types
of values (email addresses, phone numbers, social security numbers, circuit identifiers, IP addresses, machine domain names, customer names, etc.) may be represented as strings in a column, with
no a priori characterization of the set of possible semantic types
present.
Intuitively, the more semantically different types of values there
are in a database column, the greater should be its heterogeneity;
thus, heterogeneity is better modeled as a numerical value rather
than a boolean (yes/no). For example, a column with both email
addresses and phone numbers (e.g., Figure 1(b)) can be said to be
more heterogeneous than a column with only email addresses (e.g.,
Figure 1(a)) or only phone numbers.
Distribution of Semantic Types: The semantically different
types of values in a database column may occur with different frequencies.
Intuitively, the relative distribution of the semantically different
types of values in a column should impact its heterogeneity. For
example, a column with many email addresses and phone numbers
(e.g., Figure 1(b)) can be said to be more heterogeneous than a col-

Distribution of Semantic Types: To take into account the relative sizes of the (possibly multiple) clusters, cluster entropy is a
better measure for quantifying heterogeneity of data in a database
column than merely counting the number of clusters. Cluster en2

The Normalized Relevance-Compression Curve of the Email_ID Data

tropy is computed by assigning a “probability” to each cluster equal
to the fraction of the data values it contains, and computing the entropy of the resulting distribution [2]. Consider a hard clustering
T = {t1 , t2 , . . . tk } of a set of n values X, where cluster ti has ni
values, and denote pi = ni /n. Then the cluster entropy of the hard
clustering
T is the entropy of the cluster size distribution, defined
P
as
pi ln(1/pi ). By using cluster entropy, the mixture of email
addresses and phone numbers in column Figure 1(b) would have a
higher value of heterogeneity than the data in Figure 1(c), which
consists of a few phone numbers in a collection of mainly email
addresses.
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Distinguishability of Semantic Types: The cluster entropy of a
hard clustering does not effectively take into account distinguishability of semantic types in a column. For example, given a column
with an equal number of phone numbers and social security numbers (e.g., Figure 1(d)), hard clustering could either determine the
column to have one cluster (in which case its cluster entropy would
be 0, which is the same as that of a column with just phone numbers) or have two equal sized clusters (in which case its cluster
entropy would be ln(2), which is the same as that of a column with
equal numbers of phone numbers and email addresses). Intuitively,
however, the heterogeneity of such a column should be somewhere
in between these two extremes to capture the uncertainty in assigning values to clusters due to the syntactic similarity of values. Soft
clustering has the potential to address this problem; each data value
in soft clustering has the flexibility of assigning a probability distribution for its cluster membership, instead of belonging to a single
cluster (equivalently, assigning its entire probability distribution to
a single cluster), as in hard clustering. Heterogeneity can now be
computed as the cluster entropy of the soft clustering.
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Figure 2: Rate-Distortion curve for example data.
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Figure 3: Cluster entropy as a function of β. The x-axis plots a
normalized version of β on a logscale.

To summarize, the desiderata that a column heterogeneity measure should depend on the number, the distribution and the distinguishability of the semantic types of string values in a column have
the potential of being satisfied by using a novel combination of
cluster entropy and soft clustering. We next discuss some promising results that we have obtained by following this research direction.
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that string value x is placed in cluster t ∈ T .
Canonical Rule: iIB uses a parameter β that trades off cluster
quality against cluster compression; increasing β increases cluster quality while decreasing cluster compression. Interestingly, for
all the data sets, there is a unique value of β given by β ∗ =
H(X)/I(X; Y ) (where H(X) is the entropy of the data values X
and I(X; Y ) is the mutual information between the data values X
and the tokens Y ), which marks the “point of diminishing returns”;
after this β value, the loss we suffer from reducing the (normalized)
cluster compression is not paid for by a commensurate increase in
(normalized) cluster quality. This behavior can be observed in the
rate distortion curve for our example data, shown in Figure 2; this
curve is always concave, and the point on the curve with a slope of
1 identifies β ∗ . This is also the point that is the closest to the (0, 1)
point, which is the point representing perfect quality with no space
penalty.

PRELIMINARY RESULTS

As a concrete realization of our vision, we present a few experimental results using diverse data sets of semantically different
types, mixed together in various ways, to provide different levels of
heterogeneity.
Data Sets: We consider mixtures of four different data sets.
email is a set of 509 email addresses collected from attendees
at the 2001 SIGMOD/PODS conference, ID is a set of 609 employee identifiers, phone is a diverse collection of 3064 telephone
numbers, and circuit is a set of 1778 network circuit identifiers. Strings in ID and phone are numeric (phone data contains
the period as well). Strings in email and circuit are alphanumeric, and may contain special characters like ‘@’ and ‘-’.

Cluster Entropy: Using the soft clustering output of iIB for
different values of β in the vicinity of β ∗ , and computing heterogeneity by combining estimates of the cluster entropies of the various hard clusterings derived from the soft clustering via the soft
clustering distribution, we empirically observed that the cluster entropy is minimized at β ∗ . This behavior can be observed in Figure 3. Further, the relative ordering of cluster entropy values obtained at β = β ∗ is consistent with the expected relative heterogeneities of these data sets, as shown in Figure 4. Specifically, all
the individual data sets have very small cluster entropies, and are
distinguishable from the mixtures. Further, mixtures of two data

Soft Clustering: We will use the Information Bottleneck Method,
developed by Tishby et al. [8], and implemented by Slonim in his
thesis as the algorithm iIB [7], to compute a soft clustering of
the data sets. Intuitively, iIB takes as input a joint distribution
(X, Y ), where x ∈ X represents a string value in the data set,
y ∈ Y is chosen to represent tokens (q-grams) extracted from the
string values, and the joint distribution reflects an entropy weighting of the tokens. The output of iIB is a cluster membership distribution p(T |x) for each x, representing the conditional probability
3
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Figure 4: Cluster entropy as a measure of heterogeneity. The
x-axis plots a normalized version of β on a logscale.
sets in general have lower cluster entropy than mixtures of three
and four data sets. We observe that as the number of elements
in the mixture increases, the heterogeneity gap decreases, and that
the separations are not strict for the more heterogeneous sets; this
is natural, as individual data sets may have characteristics that are
somewhat similar (for example, ID and phone).
Validating the Soft Clustering: Cluster entropy appears to capture our intuitive notion of heterogeneity. However, it is derived
from a soft clustering returned by the iIB algorithm. Does that
soft clustering actually reflect natural groupings in the data? It turns
out that this is indeed the case. In Figure 5, we display bitmaps that
visualize the clusterings obtained for different mixtures. In this representation, columns are clusters, rows are data values, and darker
probabilities are larger. For clarity, we have reordered the rows so
that all data elements coming from the same source are together,
and we reordered the columns based on their distributional similarities. To interpret the figure, recall that each row of a bitmap
represents the cluster membership distribution of a data point. A
collection of data points having the same cluster membership distributions represent the same cluster. Thus, notice how the clusters
separate out quite cleanly, clearly displaying the different data mixtures. Also observe how, without having to specify k, the number
of clusters, iIB is able to separate out the groups. Further, if we
look at Figure 5(d), we notice how the clusters corresponding to
ID and phone overlap and have similar cluster membership distributions, reinforcing our observation that they form two very close
(not well-separated) clusters.

Figure 5: Soft Clustering of email/ID, email/circuit,
circuit/phone, email/ID/circuit/phone mixtures.

[2]
[3]
[4]

[5]
[6]

[7]

To summarize the experimental results, our novel combination
of cluster entropy and soft clustering appears to provide a robust
mechanism for identifying and quantifying database column heterogeneity.

5.

[8]

[9]

CONCLUSION

In this vision paper, we identified a new data quality measure,
column heterogeneity, and outlined a general approach to quantify this measure in database columns. The rapid identification
of heterogeneous columns in a database with tens of thousands of
columns provides a unique opportunity to understand and characterize the quality of data in today’s complex operational databases,
using the tools of information theory.
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ABSTRACT
We consider the Entity Resolution (ER) problem (also known
as deduplication, or merge-purge), in which records determined to represent the same real-world entity are successively located and merged. Our approach to the ER problem
is generic, in the sense that the functions for comparing and
merging records are viewed as black-boxes. In this context,
managing numerical confidences along with the data makes
the ER problem more challenging to define (e.g., how should
confidences of merged records be combined?), and more expensive to compute. In this paper, we propose a sound and
flexible model for the ER problem with confidences, and
propose efficient algorithms to solve it. We validate our
algorithms through experiments that show significant performance improvements over naive schemes.

1.

INTRODUCTION

When data from different sources is cleansed and integrated, often multiple input records refer to the same realworld entity, e.g., to the same customer, the same product
or the same organization. Entity resolution (ER) identifies
the records that refer (or are likely to refer) to the same
entity, and merges these records. A merged record becomes
a “composite” of the source records. In general, a merged
record needs to be compared and possibly merged with other
records, since the composition of information may now make
it possible to identify new relationships. For instance, say
record r1 gives the name and driver’s license of a person,
while record r2 gives an address and the same driver’s license
number. Say we merge r1 and r2 based on the matching
driver’s license. Now we have both a name and an address
for this person, and this combined information may make
it possible to connect this merged record with say r3 , containing a similar name and address. Note that neither r1
nor r2 may match with r3 , because they do not contain the
combined information that the merged record has. Entity
resolution is also known as deduplication and record linkage.
Often, numerical confidences (or data quality) play a role
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in entity resolution. For instance, the input records may
come from unreliable sources, and have confidences or quality associated with them. The comparisons between records
may also yield confidences that represent how likely it is that
the records refer to the same real-world entity. Similarly, the
merge process may introduce additional uncertainties, as it
may not be certain how to combine the information from
different records. In each application domain, the interpretation of the quality or confidence numbers may be different.
For instance, a confidence number may represent a “belief”
that a record faithfully reflects data from a real-world entity,
or it may represent how “accurate” a record is.
Even though ER is a central problem in information integration, and even though confidences are often an integral
part of resolution, relatively little is known about how to
efficiently deal with confidences. Specifically, confidences
may make the ER process computationally more expensive,
as compared to a scenario where confidences are not taken
into account. For instance, without confidences, the order
in which records are merged may be unimportant, and this
property can be used to find efficient ER strategies. However, confidences may make order critical. For instance, say
we merge r1 to r2 and then to r3 , giving us a record r123 .
Because r1 and r2 are “very similar”, we may have a high
confidence in the intermediate result, which then gives us
high confidence in r123 . However, say we merge r1 to r3 and
then to r2 , giving us record r132 . In this case, r1 and r3
may not be “that similar”, leading t a lower confidence r132 .
Records r123 and r132 may even have the same attributes,
but may have different confidences because they were derived differently. Thus, ER must consider many more potential derivations of composite records.
Our goal in this paper is to explore ways to reduce the
high computational costs of ER with confidences. We wish
to achieve this goal without making too many assumptions
about the confidence model and how confidences are computed when record are merged. Thus, we will use a generic
black-box model for the functions that compare records, that
merge records, and that compute new confidences. We will
then postulate properties that these functions may have: if
the properties hold, then efficient ER with confidences will
be possible. If they do not hold, then one must run a moregeneral version of ER (as we will detail here). Since we
use generic match and merge functions, the algorithms we
present can be used in many domains. All that is required
is to check what properties the match and merge functions
have, and then to select the appropriate algorithm.
The contributions of this paper are the following:

• We define a generic framework for managing confidences
during entity resolution (Sections 2 and 3).
• We present Koosh, an algorithm for resolution when confidences are involved (Section 4).
• We present three improvements over Koosh that can significantly reduce the amount of work during resolution:
domination, packages and thresholds. We identify properties that must hold in order for these improvements to
be achievable (Sections 5, 6, and 7).
• We evaluate the algorithms and quantify the potential
performance gains (Section 8).

2.

MODEL

Each record r consists of a confidence r.C and a set of
attributes r.A. For illustration purposes, we can think of
each attribute as a label-value pair, although this view is
not essential for our work. For example, the following record
may represent a person:
0.7 [ name: “Fred”, age: {45, 50}, zip: 94305 ]
In our example, we write r.C (0.7 in this example) in front
of the attributes. (A record’s confidences could simply be
considered as one of its attributes, but here we treat confidences separately to make it easier to refer to them.) Note
that the value for an attribute may be a set. In our example,
the age attribute has two values, 45 and 50. Multiple values
may be present in input records, or arise during integration:
a record may report an age of 45 while another one reports
50. Some merge functions may combine the ages into a single number (say, the average), while others may decide to
keep both possibilities, as shown in this example.
Note that we are using a single number to represent the
confidence of a record. We believe that single numbers (in
the range 0 to 1) are the most common way to represent
confidences in the ER process, but more general confidence
models are possible. For example, a confidence could be
a vector, stating the confidences in individual attributes.
Similarly, the confidence could include lineage information
explaining how the confidence was derived. However, these
richer models make it harder for application programmers
to develop merge functions (see below), so in practice, the
applications we have seen all use a single number.
Generic ER relies on two black-box functions, the match
and the merge function, which we will assume here work on
two records at a time:
• A match function M (r, s) returns true if records r and s
represent the same entity. When M (r, s) = true we say
that r and s match, denoted r ≈ s.
• A merge function creates a composite record from two
matching records. We represent the merge of record r
and s by hr, si.
Note that the match and merge functions can use global
information to make their decisions. For instance, in an
initialization phase we can compute say the distribution of
terms used in product descriptions, so that when we compare records we can take into account these term frequencies.
Similarly, we can run a clustering algorithm to identify sets
of input records that are “similar.” Then the match function can consult these results to decide if records match. As
new records are generated, the global statistics need to be
updated (by the merge function): these updates can be done
incrementally or in batch mode, if accuracy is not essential.

The pairwise approach to match and merge is often used
in practice because it is easier to write the functions. (For
example, ER products from IBM, Fair Isaac, Oracle, and
others use pairwise functions.) For instance, it is extremely
rare to see functions that merge more than two records at a
time. To illustrate, say we want to merge 4 records containing different spellings of the name “Schwartz.” In principle,
one could consider all 4 names and come up with some good
“centroid” name, but in practice it is more common to use
simpler strategies. For example, we can just accumulate all
spellings as we merge records, or we can map each spelling to
the closest name in a dictionary of canonical names. Either
approach can easily be implemented in a pairwise fashion.
Of course, in some applications pairwise match functions
may not be the best approach. For example, one may want
to use a set-based match function that considers a set of
records and identifies the pair that should be matched next,
i.e., M (S) returns records r, s ∈ S that are the best candidates for merging. Although we do not cover it here, we
believe that the concepts we present here (e.g., thresholds,
domination) can also be applied when set-based match functions are used, and that our algorithms can be modified to
use set-based functions.
Pairwise match and merge are generally not arbitrary
functions, but have some properties, which we can leverage
to enable efficient entity resolution. We assume that the
match and merge functions satisfy the following properties:
• Commutativity: ∀r, s, r ≈ s ⇔ s ≈ r and if r ≈ s then
hr, si = hs, ri.
• Idempotence: ∀r, r ≈ r and hr, ri = r.
We expect these properties to hold in almost all applications (unless the functions are not property implemented).
In one ER application we studied, for example, the implemented match function was not idempotent: a record would
not match itself if the fields used for comparison were missing. However, it was trivial to add a comparison for record
equality to the match function to achieve idempotence. (The
advantage of using an idempotent function will become apparent when we see the efficient options for ER.)
Some readers may wonder if merging two identical records
should really give the same record. For example, say the records represent two observations of some phenomena. Then
perhaps the merge record should have a higher confidence
because there are two observations? The confidence would
only be higher if the two records represent independent observations, not if they are identical. We assume that independent observations would differ in some way, e.g., in
an attribute recording the time of observation. Thus, two
identical records should really merge into the same record.

3.

GENERIC ENTITY RESOLUTION

Given the match and merge functions, we can now ask
what is the correct result of an entity resolution algorithm.
It is clear that if two records match, they should be merged
together. If the merged record matches another record, then
those two should be merged together as well. But what
should happen to the original matching records? Consider:
r1 = 0.8[name : Alice, areacode : 202]
r2 = 0.7[name : Alice, phone : 555-1212].
The merge of the two records might be:
r12 = 0.56[name : Alice, areacode : 202, phone : 555-1212]
In this case, the merged record has all of the information

in r1 and r2 , but with a lower confidence. So dropping the
original two records would lose information.
Therefore,
to be conservative, the result of an entity resolution algorithm must contain the original records as well as records
derived through merges. Based on this intuition, we define
the correct result of entity resolution as follows.
Definition 3.1. Given a set of records R, the result of
Entity Resolution ER(R) is the smallest set S such that:
1. R ⊆ S,
2. For any records r1 , r2 ∈ S, if r1 ≈ r2 , then hr1 , r2 i ∈ S.
We say that S1 is smaller than S2 if S1 ⊆ S2 . The terminology “smallest” implies that there exists a unique result,
which is proven in the extended version of this paper [15].
Intuitively, ER(R) is the set of all records that can be
derived from the records in R, or from records derived from
them. A natural “brute-force” algorithm (BFA) for computing ER(R) involves comparing all pairs, merging those that
match, and repeating until no new records are found. This
algorithm is presented formally in the extended version of
this paper [15].

4.

KOOSH

A brute-force algorithm like BFA is inefficient, essentially
because the results of match comparisons are forgotten after
every iteration. As an example, suppose R = r1 , r2 , r1 ≈ r2 ,
and hr1 , r2 i doesn’t match anything. In the first round, BFA
will compare r1 with r2 , and merge them together, adding
hr1 , r2 i to the set. In the second round, r1 will be compared
with r2 a second time, and then merged together again. This
comparison is redundant. In data sets with more records,
the number of redundant comparisons is even greater.
We give in Figure 1 the Koosh algorithm, which improves
upon BFA by removing these redundant comparisons. The
algorithm works by maintaining two sets. R is the set of
records that have not been compared yet, and R0 is a set of
records that have all been compared with each other. The
algorithm works by iteratively taking a record r out of R,
comparing it to every record in R0 , and then adding it to
R0 . For each record r0 that matched r, the record hr, r0 i will
be added to R.
Using our simple example, we illustrate the fact that redundant comparisons are eliminated. Initially, R = {r1 , r2 }
and R0 = ∅. In the first iteration, r1 is removed from R
and compared against everything in R0 . There is nothing
in R0 , so there are no matches, and r1 is added to R0 . In
the second iteration, r2 is removed and compared with everything in R0 , which consists of r1 . Since r1 ≈ r2 , the two
records are merged and hr1 , r2 i is added to R. Record r2 is
added to R0 . In the third iteration, hr1 , r2 i is removed from
R and compared against r1 and r2 in R0 . Neither matches,
so hr1 , r2 i is added to R0 . This leaves R empty, and the
algorithm terminates. In the above example, r1 and r2 were
compared against each other only once, so the redundant
comparison that occurred in BFA has been eliminated.
The Koosh algorithm correctly computes ER(R). Moreover, it is efficient. No other algorithm that computes ER(R)
can perform fewer comparisons. These facts are proven in
the extended version of this paper.
Theorem 4.6. Koosh is optimal, in the sense that no
algorithm that computes ER(R) makes fewer comparisons.

1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:

input: a set R of records
output: a set R0 of records, R0 = ER(R)
R0 ← ∅
while R 6= ∅ do
r ← a record from R
remove r from R
for all r0 ∈ R0 do
if r ≈ r0 then
merged ← hr, r0 i
if merged 6∈ R ∪ R0 ∪ {r} then
add merged to R
end if
end if
end for
add r to R0
end while
return R0
Algorithm 1: The Koosh algorithm for ER(R)

5.

DOMINATION

Even though Koosh is quite efficient, it is still very expensive, especially since the answer it must compute can
be very large. In this section and the next two, we explore
ways to tame this complexity, by exploiting additional properties of the match and merge functions (Section 6), or by
only computing a still-interesting subset of the answer (using thresholds, in Section 7, or the notion of domination,
which we introduce next).
To motivate the concept of domination, consider the following records r1 and r2 , that match, and merge into r3 :
r1 = 0.8[name : Alice, areacode : 202]
r2 = 0.7[name : Alice, phone : 555-1212].
r3 = 0.7[name : Alice, areacode : 202, phone : 555-1212].
The resulting r3 contains all of the attributes of r2 , and its
confidence is the same. In this case it is natural to consider a
“dominated” record like r2 to be redundant and unnecessary.
Thus, a user may only want the ER answer to contain only
non-dominated records. These notions are formalized by the
following definitions.
Definition 5.1. We say that a record r dominates a record s, denoted s ≤ r, if the following two conditions hold:
1. s.A ⊆ r.A
2. s.C ≤ r.C
Definition 5.2. Given a set of base records R, the nondominated entity-resolved set, N ER(R) contains all records
in ER(R) that are non-dominated. That is, r ∈ N ER(R)
if and only if r ∈ ER(R) and there does not exist any s ∈
ER(R), s 6= r, such that r ≤ s.
Note that just like ER(R), N ER(R) may be infinite. In
the case that ER(R) is finite, one way to compute N ER(R)
is to first compute ER(R) and then remove dominated records. This strategy does not save much effort since we still
have to compute ER(R). A significant performance improvement is to discard a dominated record as soon as it
is found in the resolution process, on the premise that a
dominated record will never participate in the generation of
a non-dominated record. This premise is stated formally as
follows:

• Domination Property: If s ≤ r and s ≈ x then r ≈ x and
hs, xi ≤ hr, xi.
This domination property may or may not hold in a given
application. For instance, let us return to our r1 , r2 , r3 example at the beginning of this section. Consider a fourth
record r4 = 0.9[name : Alice, areacode : 717, phone :
555-1212, age : 20]. A particular match function may decide
that r4 does not match r3 because the area codes are different, but r4 and r2 may match since this conflict does not
exist with r2 . In this scenario, we cannot discard r2 when
we generate a record that dominates it (r3 ), since r2 can still
play a role in some matches.
However, in applications where having more information
in a record can never reduce its match chances, the domination property can hold and we can take advantage of it. If
the domination property holds then we can throw away dominated records as we find them while computing N ER(R).
We prove this fact in the extended version of this paper.

“information” by defining a relation “v”: r v s means that
the attributes of s carry more information than those of r.
We assume that this relation is transitive. Note that r v s
and s v r does not imply that r = s; it only implies that
r.A carries as much information as s.A.
The property that merges are information preserving is
formalized as follows:
• Property P1: If r ≈ s then r v hr, si and s v hr, si.
• Property P2: If s v r, s ≈ x and r ≈ x, then hs, xi v
hr, xi

Koosh can be modified to eliminate dominated records
early as follows. First, Koosh-ND begins by removing all
dominated records from the input set. Second, within the
body of the algorithm, whenever a new merged record m is
created (line 10), the algorithm checks whether m is dominated by any record in R or R0 . If so, then m is immediately
discarded, before it is used for any unnecessary comparisons.
Note that we do not check if m dominates any other records,
as this check would be expensive in the inner loop of the algorithm. Finally, since we do not incrementally check if m
dominates other records, we add a step at the end to remove
all dominated records from the output set.
Koosh-ND relies on two complex operations: removing
all dominated records from a set and checking if a record is
dominated by a member of a set. These seem like expensive
operations that might outweigh the gains obtained by eliminating the comparisons of dominated records. However,
using an inverted list index that maps label-value pairs to
the records that contain them, we can make these operations
quite efficient.
The correctness of Koosh-ND is proven in the extended
version of this paper.

For example, a merge function that unions the attributes
of records would have properties P1 and P2. Such functions
are common in “intelligence gathering” applications, where
one wishes to collect all information known about entities,
even if contradictory. For instance, say two records report
different passport numbers or different ages for a person. If
the records merge (e.g., due to evidence in other attributes)
such applications typically gather all the facts, since the
person may be using fake passports reporting different ages.
Furthermore, we assume that adding information to a
record does not change the outcome of match. In addition,
we also assume that the match function does not consider
confidences, only the attributes of records. These characteristics are formalized by:
• Property P3: If s v r and s ≈ x, then r ≈ x.
Having a match function that ignores confidences is not
very constraining: If two records are unlikely to match due
to low confidences, the merge function can still assign a low
confidence to the resulting record to indicate it is unlikely.
The second aspect of Property P3 rules out “negative evidence”: adding information to a record cannot rule out a future match. However, negative information can still be handled by decreasing the confidence of the resulting record.
The algorithm of Figure 2 exploits these properties to perform ER more efficiently. It proceeds in two phases: a first
phase bypasses confidences and groups records into disjoint
packages. Because of the properties, this first phase can be
done efficiently, and records that fall into different packages
are known not to match. The second phase runs ER with
confidences on each package separately. We next explain
and justify each of these two phases.

6.

6.1

5.1

Algorithm Koosh-ND

THE PACKAGES ALGORITHM

In Section 3, we illustrated why ER with confidences is
expensive, on the records r1 and r2 that merged into r3 :
r1 = 0.8[name : Alice, areacode : 202],
r2 = 0.7[name : Alice, phone : 555-1212],
r3 = 0.56[name : Alice, areacode : 202, phone : 555-1212].
Recall that r2 cannot be discarded essentially because it
has a higher confidence than the resulting record r3 . However, notice that other than the confidence, r3 contains more
label-value pairs, and hence, if it were not for its higher confidence, r2 would not be necessary. This observation leads us
to consider a scenario where the records minus confidences
can be resolved efficiently, and then to add the confidence
computations in a second phase.
In particular, let us assume that our merge function is
“information preserving” in the following sense: When a
record r merges with other records, the information carried
by r’s attributes is not lost. We formalize this notion of

Phase 1

In Phase 1, we may use any generic ER algorithm, such as
those in [2] to resolve the base records, but with some additional bookkeeping. For example, when two base records r1
and r2 merge into r3 , we combine all three records together
into a package p3 . The package p3 contains two things: (i) a
root r(p3 ) which in this case is r3 , and (ii) the base records
b(p3 ) = {r1 , r2 }.
Actually, base records can also be viewed as packages.
For example, record r2 can be treated as package p2 with
r(p2 ) = r2 , b(p2 ) = {r2 }. Thus, the algorithm starts with
a set of packages, and we generalize our match and merge
functions to operate on packages.
For instance, suppose we want to compare p3 with a package p4 containing only base record r4 . That is, r(p4 ) =
r4 and b(p4 ) = {r4 }. To compare the packages, we only
compare their roots: That is, M (p3 , p4 ) is equivalent to
M (r(p3 ), r(p4 )), or in this example equivalent to M (r3 , r4 ).
(We use the same symbol M for record and package matching.) Say these records do match, so we generate a new

1:
2:
3:
4:
5:

6:
7:
8:
9:

10:
11:
12:

13:
14:
15:
16:
17:
18:

input: a set R of records
output: a set R0 of records, R0 = ER(R)
Define for Packages:
match: p ≈ p0 iff r(p) ≈ r(p0 )
merge: hp, p0 i = p00 :
with root: r(p00 ) = hr(p), r(p0 )i
and base: b(p00 ) = b(p) ∪ b(p0 )
Phase 1:
P ←∅
for all records rec in R do
create package p:
with root: r(p) = rec
and base: b(p) = {rec}
add p to P
end for
compute P 0 = ER(P ) (e.g., using Koosh) with the
following modification: Whenever packages p, p0 are
merged into p00 , delete p and p0 immediately, then proceed.
Phase 2:
R0 ← ∅
for all packages p ∈ P 0 do
compute Q = ER(b(p)) (e.g. using Koosh)
add all records in Q to R0
end for
return R0
Algorithm 2: The Packages algorithm

package p5 with r(p5 ) = hr3 , r4 i and b(p5 ) = b(p3 ) ∪ b(p4 )
= {r1 , r2 , r4 }.
The package p5 represents not only the records in b(p5 ),
but also any records that can be derived from them. That
is, p5 represents all records in ER(b(p5 )). For example, p5
implicitly represents the record hr1 , r4 i, which may have
a higher confidence that the root of p5 . Let us refer to
the complete set of records represented by p5 as c(p5 ), i.e.,
c(p5 ) = ER(b(p5 )). Note that the package does not contain
c(p5 ) explicitly, the set is just implied by the package.
The key property of a package p is that the attributes of
its root r(p) carry more information (or the same) than the
attributes of any record in c(p), that is for any s ∈ c(p),
s v r(p). This property implies that any record u that does
not match r(p), cannot match any record in c(p).
Theorem 6.3. For any package p, if a record u does not
match the root r(p), then u does not match any record in
c(p).
This fact in turn saves us a lot of work! In our example,
once we wrap up base records r1 , r2 and r4 into p5 , we do not
have to involve them in any more comparisons. We only use
r(p5 ) for comparing against other packages. If p5 matches
some other package p8 (i.e., the roots match), we merge the
packages. Otherwise, p5 and p8 remain separate since they
have nothing in common. That is, nothing in c(p5 ) matches
anything in c(p8 ).

6.2

Phase 2

At the end of Phase 1, we have resolved all the base
records into a set of independent packages. In Phase 2
we resolve the records in each package, now taking into account confidences. That is, for each package p we compute
ER(b(p)), using an algorithm like Koosh. Since none of the
records from other packages can match a record in c(p), the

ER(b(p)) computation is completely independent from the
other computations. Thus, we save a very large number of
comparisons in this phase where we must consider the different order in which records can merge to compute their
confidences. The more packages that result from Phase 1,
the finer we have partitioned the problem, and the more
efficient Phase 2 will be.

6.3

Packages-ND

As with Koosh, there is a variant of Packages that handles
domination. To remove dominated records from the final
result, we simply use Koosh-ND in Phase 2 of the Packages
algorithm. Note that it is not necessary to explicitly remove
dominated packages in Phase 1. To see this, say at some
point in Phase 1 we have two packages, p1 and p2 such that
r(p1 ) ≤ r(p2 ), and hence r(p1 ) v r(p2 ). Then p1 will match
p2 (by Property P3 and idempotence), and both packages
will be merged into a single one, containing the base records
of both.

7.

THRESHOLDS

Another opportunity to reduce the resolution workload
lies within the confidences themselves. Some applications
may not need to know every record that could possibly be
derived from the input set. Instead, they may only care
about the derived records that are above a certain confidence
threshold.
Definition 7.1. Given a threshold value T and a set of
base records R, we define the above-threshold entity-resolved
set, T ER(R) that contains all records in ER(R) with confidences above T . That is, r ∈ T ER(R) if and only if
r ∈ ER(R) and r.C ≥ T .
As we did with domination, we would like to remove
below-threshold records, not after completing the resolution
process (as suggested by the definition), but as soon as they
appear. However, we will only be able to remove belowthreshold records if they cannot be used to derive abovethreshold records. Whether we can do that depends on the
semantics of confidences.
As we mentioned earlier, models for the interpretation of
confidences vary. Under some interpretations, two records
with overlapping information might be considered as independent evidence of a fact, and the merged record will have
a higher confidence than either of the two base records.
Other interpretations might see two records, each with
their own uncertainty, and a match and merge process which
is also uncertain, and conclude that the result of a merge
must have lower confidence than either of the base records.
For example, one interpretation of r.C could be that it is
the probability that r correctly describes a real-world entity.
Using the “possible worlds” metaphor [13], if there are N
equally-likely possible worlds, then an entity containing at
least the attributes of r will exist in r.C × N worlds. With
this interpretation, if r1 correctly describes an entity with
probability 0.7, and r2 describes an entity with probability
0.5, then hr1 , r2 i cannot be true in more worlds than r2 , so
its confidence would have to be less than or equal to 0.5.
To be more formal, some interpretations, such as the example above, will have the following property.
• Threshold Property: If r ≈ s then hr, si.C ≤ r.C and
hr, si.C ≤ s.C.

7.1

Algorithms Koosh-T and Koosh-TND

As with removing dominated records, Koosh can be easily
modified to drop below-threshold records. First, we add an
initial scan to remove all base records that are already below
threshold. Then, we simply add the following conjunct to
the condition of Line 10 of the algorithm:
merged.C ≥ T
Thus, merged records are dropped if they are below the
confidence threshold.
Theorem 7.2. When T ER(R) is finite, Koosh-T terminates and computes T ER(R).
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Given the threshold property, we can compute T ER(R)
more efficiently. In the extended version of this paper, we
prove that if the threshold property holds, then all results
can be obtained from above-threshold records.
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Figure 1: Thresholds vs. Matches

By performing the same modification as above on KooshND, we obtain the algorithm Koosh-TND, which computes
the set N ER(R) ∩ T ER(R) of records in ER(R) that are
neither dominated nor below threshold.

7.2

Packages-T and Packages-TND

If the threshold property holds, Koosh-T or Koosh-TND
can be used for Phase 2 of the Packages algorithm, to obtain algorithm Packages-T or Packages-TND. In that case,
below-threshold and/or dominated records are dropped as
each package is expanded.

8.

EXPERIMENTS

To summarize, we have discussed three main algorithms:
BFA, Koosh, and Packages. For each of those basic three,
there are three variants, adding in thresholds (T), non-domination (ND), or both (TND). In this section, we will compare the three algorithms against each other using both
thresholds and non-domination. We will also investigate
how performance is affected by varying threshold values,
and, independently, by removing dominated records.
To test our algorithms, we ran them on synthetic data.
Synthetic data gives us the flexibility to carefully control the
distribution of confidences, the probability that two records
match, as well as other important parameters. Our goal in
generating the data was to emulate a realistic scenario where
n records describe various aspects of m real-world entities
(n > m). If two of our records refer to the same entity, we
expect them to match with much higher probability than if
they referred to different entities.
To emulate this scenario, we assume that the real-world
entities can be represented as points on a number line. Records about a particular entity with value x contain an attribute A with a value “close” to x. (The value is normally
distributed with mean x, see below.) Thus, the match function can simply compare the A attribute of records: if the
values are close, the records match. Records are also assigned a confidence, as discussed below.
For our experiments we use an “intelligence gathering”
merge function as discussed in Section 6, which unions attributes. Thus, as a record merges with others, it accumulates A values and increases its chances of matching other
records related to the particular real-world entity.
To be more specific, our synthetic data was generated
using the following parameters (and their default values):

• n, the number of records to generate (default: 1000)
• m, the number of entities to simulate (default: 100)
• margin, the separation between entities (default: 75)
• σ, the standard deviation of the normal curve around
each entity. (default: 10)
• µc , the mean of the confidence values (default: 0.8)
To generate one record r, we proceed as follows: First,
pick a uniformly distributed random integer i in the range
[0, m−1]. This integer represents the value for the real-word
entity that r will represent. For the A value of r, generate
a random floating point value v from a normal distribution
with standard deviation σ and a mean of margin · i. To generate r’s confidence, compute a uniformly distributed value
c in the range [µc − 0.1, µc + 0.1] (with µc ∈ [0.1, 0.9] so that
c stays in [0, 1]). Now create a record r with r.C = c and
r.A = {A : v}. Repeat all of these steps n times to create n
synthetic records.
Our merge function takes in the two records r1 and r2 ,
and creates a new record rm , where rm .C = r1 .C × r2 .C and
rm .A = r1 .A ∪ r2 .A. The match function detects a match
if for the A attribute, there exists a value v1 in r1 .A and
a value v2 in r2 .A where |v1 − v2 | < k, for a parameter k
chosen in advance (k = 25 except where otherwise noted).
Naturally, our first experiment compares the performance
of our three algorithms, BFA-TND, Koosh-TND and Packages-TND, against each other. We varied the threshold values to get a sense of how much faster the algorithms are
when a higher threshold causes more records to be discarded.
Each algorithm was run at the given threshold value three
times, and the resulting number of comparisons was averaged over the three runs to get our final results.
Figure 1 shows the results of this first experiment. The
first three lines on the graph represent the performance of
our three algorithms. On the horizontal axis, we vary the
threshold value. The vertical axis (logarithmic) indicates
the number of calls to the match function, which we use as a
measure of the work performed by the algorithms. The first
thing we notice is that work performed by the algorithms
grows exponentially as the threshold is decreased. Thus,
clearly thresholds are a very powerful tool: one can get high-
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Figure 2: Thresholds vs. Merges

confidence results at a relatively modest cost, while computing the lower confidence records gets progressively more expensive! Also interestingly, the BFA-TND and Koosh-TND
lines are parallel to each other. This means that they are
consistently a constant factor apart. Roughly, BFA does 10
times the number of comparisons that Koosh does.
The Packages-TND algorithm is far more efficient than the
other two algorithms. Of course, Packages can only be used
if Properties P1, P2 and P3 hold, but when they do hold,
the savings can be dramatic. We believe that these savings
can be a strong incentive for the application expert to design
match and merge function that satisfy the properties.
We also compared our algorithms based on the number of
merges performed. In Figure 2, the vertical axis indicates
the number of merges that are performed by the algorithms.
We can see that Koosh-TND and the Packages-TND are still
a great improvement over BFA. BFA performs extra merges
because in each iteration of its main loop, it recompares all
records and merges any matches found. The extra merges
result in duplicate records which are eliminated when they
are added to the result set. Packages performs slightly more
merges than Koosh, since the second phase of the algorithm
does not use any of the merges that occurred in the first
phase. If we subtract the Phase 1 merges from Packages (not
shown in the figure), Koosh and Packages perform roughly
the same number of merges.
In our next experiment, we compare the performance of
our algorithms as we vary the probability that base records
match. We can control the match probability by changing
parameters k or σ, but we use the resulting match probability as the horizontal axis to provide more intuition. In particular, to generate Figure 3, we vary parameter k from 5 to
55 in increments of 5 (keeping the threshold value constant
at 0.6). During each run, we measure the match probability as the fraction of base record matches that are positive.
(The results are similar when we compute the match probability over all matches.) For each run, we then plot the
match probability versus the number of calls to the match
function, for our three algorithms.
As expected, the work increases with greater match probability, since more records are produced. Furthermore, we
note that the BFA and Koosh lines are roughly parallel, but
the Packages line stays level until a quick rise in the amount

BFA-TND
Koosh-TND
Packages-TND

Figure 3: Selectivity vs. Comparisons
of work performed once the match probability reaches about
0.011. The Packages optimization takes advantage of the
fact that records can be separated into packages that do not
merge with one another.
In practice, we would expect to operate in the range of
Figure 3 where the match probability is low and Packages
outperforms Koosh. In our scenario with high match probabilities, records that refer to different entities are being
merged, which means the match function is not doing its
job. One could also get high match probabilities if there
were very few entities, so that packages do not partition
the problem finely. But again, in practice one would expect
records to cover a large number of entities.

9.

RELATED WORK

Originally introduced by Newcombe et al. [17] under the
name of record linkage, and formalized by Fellegi and Sunter [9], the ER problem was studied under a variety of names,
such as Merge/Purge [12], deduplication [18], reference reconciliation [8], object identification [21], and others. Most of
the work in this area (see [23, 11] for recent surveys) focuses
on the “matching” problem, i.e., on deciding which records
do represent the same entities and which ones do not. This
is generally done in two phases: Computing measures of
how similar atomic values are (e.g., using edit-distances [20],
TF-IDF [6], or adaptive techniques such as q-grams [4]),
then feeding these measures into a model (with parameters), which makes matching decisions for records. Proposed
models include unsupervised clustering techniques [12, 5],
Bayesian networks [22], decision trees, SVM’s, conditional
random fields [19]. The parameters of these models are
learned either from a labeled training set (possibly with the
help of a user, through active learning [18]), or using unsupervised techniques such as the EM algorithm [24].
All the techniques above manipulate and produce numerical values, when comparing atomic values (e.g. TF-IDF
scores), as parameters of their internal model (e.g., thresholds, regression parameters, attribute weights), or as their
output. But these numbers are often specific to the techniques at hand, and do not have a clear interpretation in
terms of “confidence” in the records or the values. On the
other hand, representations of uncertain data exist, which
soundly model confidence in terms of probabilities (e.g., [1,

10]), or beliefs [14]. However these approaches focus on
computing the results and confidences of exact queries, extended with simple “fuzzy” operators for value comparisons
(e.g., see [7]), and are not capable of any advanced form
of entity resolution. We propose a flexible solution for ER
that accommodates any model for confidences, and proposes
efficient algorithms based on their properties.
Our generic approach departs from existing techniques in
that it interleaves merges with matches. The first phase of
the Packages algorithm is similar to the set-union algorithm
described in [16], but our use of a merge function allows the
selection of a true representative record. The presence of
“custom” merges is an important part of ER, and it makes
confidences non-trivial to compute. The need for iterating
matches and merges was identified by [3] and is also used
in [8], but their record merges are simple aggregations (similar to our “information gathering” merge), and they do not
consider the propagation of confidences through merges.

10.

CONCLUSION

In this paper we look at ER with confidences as a “generic
database” problem, where we are given black-boxes that
compare and merge records, and we focus on efficient algorithms that reduce the number of calls to these boxes. The
key to reducing work is to exploit generic properties (like the
threshold property) than an application may have. If such
properties hold we can use the optimizations we have studied
(e.g., Koosh-T when the threshold property holds). Of the
three optimizations, thresholds is the most flexible one, as it
gives us a “knob” (the threshold) that one can control: For a
high threshold, we only get high-confidence records, but we
get them very efficiently. As we decrease the threshold, we
start adding lower-confidence results to our answer, but the
computational cost increases. The other two optimizations,
domination and packages, can also reduce the cost of ER
very substantially but do not provide such a control knob.

11.
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ABSTRACT

to enforce integrity constraints across independent databases. For
instance, a provisioning database may have a place-holder (i.e., a
field) for storing customer contact information. However, often this
field is empty (null values) or populated with dummy (default) values, since this information is of no immediate use for the application that deals with inventory and provisioning and which oversees
this data. Data inconsistencies (e.g., multiple records with the same
key value) are widespread, and can often be traced back to human
errors, e.g., during manual data entry. Default values and data inconsistencies are examples of poor data quality prevalent in large
databases.

We propose the Multiple Join Path (MJP) framework for obtaining
high quality information by linking fields across multiple databases,
when the underlying databases have poor quality data, which are
characterized by violations of integrity constraints like keys and
functional dependencies within and across databases. MJP associates quality scores with candidate answers by first scoring individual data paths between a pair of field values taking into account
data quality with respect to specified integrity constraints, and then
agglomerating scores across multiple data paths that serve as corroborating evidences for a candidate answer. We address the problem of finding the top-few (highest quality) answers in the MJP
framework using novel techniques, and demonstrate the utility of
our techniques using real data and our Virtual Integration Prototype testbed.
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1.1

INTRODUCTION

In any large organization, there are many database-centric applications, with overlapping features and functionality, ranging from
sales and ordering tools to inventory and provisioning applications.
These applications have authority over different pieces of data, and
the difficulty of integrating legacy applications into a unified application for a given task typically results in the data being spread
across multiple, autonomously managed databases. For instance, a
multitude of ordering and provisioning tools can lead to customer
accounts and billing data being present in different databases depending on, among other things, location, type of customer, etc.
This fragmentation of data makes investigations across these databases
problematic. A standard technique used for the task of querying
across databases is the join path, linking two data fields, possibly
in different databases, through intermediate data. Given a value for
one of the data fields, a join path enables the identification of values
reachable in the other field using the join path.
Compounding the difficulty of querying across databases is the
prevalence of data quality problems, within and across databases
(see, e.g., [6]). A typical phenomenon is the existence of duplicate, default and null values in columns of database tables that are
supposed to be treated as primary/foreign keys, due to the inability
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CleanDB Seoul, Korea, 2006

VIP: Motivating Example

VIP is an integration platform, developed at AT&T, covering
more than 30 legacy systems. It was developed in an effort to provide a platform for doing quick investigations and resolving disputes (due to data inconsistencies) between different applications.
A basic query that often arises in VIP is of the form “given the
value of a field X, find the value of a field Y ”. For instance, when
processing telecom data, an example query is: given the telephone
number (TN) of a customer that shows up in a sales application
(SALES), find the circuit id of the attached line. Since circuit ids
are not part of SALES application, the users need to access the inventory application INVENTORY that can look up circuit ids using
a provisioning order number (PON). Users have access to a frontend web interface that provides authentication and allows querying
the underlying inventory dataset by pasting a single PON value into
a form. The same front-end can also retrieve circuit information
when queried using a TN, but the internal mapping is incomplete
and contains inconsistencies. Thus, we need to devise additional
strategies for locating the target circuit id by considering other applications that we may have access to.
By examining patterns of user interactions with the SALES, ORDERING, PROV and INVENTORY applications, we have been
able to compute the schema graph, depicted in Figure 1, to help answer the query; the meaning of the numbers along the edges will be
made clear when discussing our experimental results. PROV is an
application that maintains provisioning records, while ORDERING
is an ordering tool used primarily for small-business customers. Table 1 describes the fields depicted in the schema graph of Figure 1.
The combined size of the databases behind these four applications
is in the order of 100 million records.
The schema graph provides multiple paths to link a TN value in
SALES to a CircuitID in INVENTORY. We list here a few of them:
• Using a TN value in SALES, we obtain PON values, based on
the “intra-application” edge (SALES.TN, SALES.PON) depicted
in Figure 1. We then access the INVENTORY application using
these PON values and the “inter-application” edge (SALES.PON,
INVENTORY.PON). There, we look up CircuitIDs using the
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swers, especially when only a single answer is expected. Efficiency
of query answering is also a concern. For instance, the return of a
default value by an application may result in a significant number
of probes to applications that follow it in a join path. Furthermore,
different join paths that share edges need to be processed in a coordinated manner so that we avoid probing with the same input values
multiple times.
The Multiple Join Path (MJP) framework proposed in this paper
resolves these problems as follow:
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• It takes all join paths in the schema graph into account.

INVENTORY.TN

• Each data path (schema path instance) is scored, taking the quality of integrity constraints (keys, functional dependencies), possibly across multiple databases/applications, and the quality of
the data with respect to the integrity constraints into account.
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• Multiple data paths between the same TN, CircuitID value pairs
are treated as corroborating evidences, and data path scores are
agglomerated to yield scores for CircuitID values.

Figure 1: Schema graph for subset of VIP
Field Name
TN
BAN
CustName
PON
SubPON
ORN
CircuitID

• All join paths are considered when deciding the next application
to probe. Intersecting data paths help re-use results of other join
paths and reduce the number of probes to the applications.

Description
Telephone Number under investigation
Billing Account Number (primary key in biller)
Customer name (in biller and provisioning)
Provisioning Order Number (key in
provisioning applications)
subsequent/related Provisioning Order Number
(links multiple provisioning records for a customer)
Order Number (key in ordering applications)
Circuit the line is attached to

• The top-few (typically 1) matches are returned as the desired
answers. The schema graph and the computed data paths are
used to prune unnecessary accesses to the applications.
When we are interested only in the top-few matches, it is extremely expensive to repeatedly probe the legacy applications, one
schema graph edge at a time, to find all matching answers. This
leads to the main technical problem addressed in this paper, the
Multiple Join Path Problem:

Table 1: Description of Fields in Figure 1

(INVENTORY.PON, INVENTORY.CircuitID) intra-application
edge in INVENTORY. This corresponds to the left-most path in
the schema graph.

Given a schema graph identifying multiple join paths
between field X and field Y , and a value X = x, find
the top-few values of Y that are reachable from X = x
using the schema join paths.

• Given a TN in SALES, we can look up the customer name.
This may be done directly, or via the billing account number
for the customer. Notice that due to internal inconsistencies
the two methods might give us different results. We can then
input the customer name in the PROV application to retrieve
all known PONs for the customer (from the PON and SubPON
fields) which can be then used to probe INVENTORY, as in the
first case. This corresponds to the set of middle paths in the
schema graph of Figure 1.

The contributions of our paper are as follows:
• We introduce the MJP framework, and an agglomerative scoring
methodology, to quantify answer quality in the presence of data
quality problems arising due to integrity constraint violations
in primary and foreign key columns, across multiple databases
(Section 2).

• Small-business customers typically have multiple working telephone lines sharing the same circuits. For such customers, we
can obtain the order number (ORN) in SALES, probe ORDERING and get all other lines ordered by the customer. Using this
set of telephone numbers, we can probe INVENTORY multiple
times. Even though, as explained, the internal TN-to-CircuitID
mapping in INVENTORY is often incomplete, we can use the
expanded set of all TNs in the customer order to try and find
matching circuit ids in INVENTORY. This corresponds to the
right-most path in the schema graph of Figure 1.

• We develop novel techniques to limit the probing of legacy applications to efficiently compute the top-few answers to the MJP
Problem. The agglomerative scoring methodology essentially
renders previous mechanisms for computing top-k answers inapplicable for our problem (Section 3).
• Finally, we evaluate our techniques using real data and our VIP
testbed. In particular, we demonstrate both the utility of the agglomerative scoring methodology in the presence of data quality
problems, and the efficiency of our algorithmic techniques for
computing top-few answers. In our real telecom example, we
observe a reduction in the number of probes to the legacy applications by a factor of up to 18 in some cases (Section 4).

Given the different schema graph paths that link the TN input
field (in SALES) to the CircuitID output field (in INVENTORY),
which join path should be used to identify query answers?

1.2

Multiple Join Path Framework

2.

When querying across multiple databases, in the presence of data
quality problems, choosing any one join path results in missing answers, but choosing multiple join paths may lead to conflicting an-

THE MJP PROBLEM

In this section, we introduce the Multiple Join Path framework,
and our agglomerative scoring methodology, to quantify answer
quality in the presence of data quality problems in multiple databases.
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2.1

Queries and Answers

SALES.TN.555−5555

A basic query of interest is of the form “given the value of a field
X, find values of a field Y ”, where X and Y refer to specific fields
of individual applications. For instance, when processing telecom
data, example queries include:

SALES.PON.pon1

SALES.PON.pon2

INVENTORY.PON.pon1

INVENTORY.PON.pon2

SALES.ORN.o1

INVENTORY.CircuitID.c1

• Q1: given the telephone number of a customer (in SALES), find
the circuit id (in INVENTORY) that the line is attached to.

Figure 2: Data graph for query SALES.TN=555-5555

• Q2: given a circuit id (in INVENTORY), find the customer names
(in SALES) whose telephone numbers attach to this circuit id.

of Figure 1. Two additional nodes are present in this data graph,
SALES.PON.pon3 and SALES.ORN.o1 (corresponding to schema
graph nodes SALES.PON and SALES.ORN), which do not join
with values in INVENTORY.PON and ORDERING.ORN, respectively. Note that the data graph can have multiple or no nodes corresponding to any specific node in the schema graph.

In the case of query Q1, one would expect there to be exactly one
resulting answer. Since multiple telephone numbers may be attached to a circuit, query Q2 may have more than one answer. In
both cases, X and Y are fields in different databases, so we need
to establish join paths that link these two fields. There may be
multiple possible join paths between any two given fields, and the
schema graph, discussed next, identifies these possibilities.

2.2

SALES.PON.pon3

2.3

Scoring Answers

In a perfect world, the applications would have no internal data
quality problems, and our basic query (given X = x, find Y ) could
be answered correctly by following all the join paths across the
multiple applications starting from X = x, and taking the union of
all the Y values that are reached along these individual join paths.
But data quality problems are prevalent in large data-centric applications. For example, a primary key field (like the billing account
number (BAN) field) may only be an approximate key [6]. Similarly, a functional dependency expected of an intra-application edge
in the schema graph may be violated. As an example, we might find
that the same telephone number is associated with two customer
names due to manual data-entry errors in the SALES application.
So we are faced with the considerable challenge of answering
our basic queries without a priori knowledge of which values in the
underlying databases are clean, and which ones are not. To meet
this challenge, we employ a probabilistic technique that scores data
edges using values in the range [0 . . . 1]. Thus, the score of a data
edge (T 1.A1.v1, T 2.A2.v2) represents our belief that the association between values v1 and v2 of fields T 1.A1 and T 2.A2 is correct. We will describe later how these scores are obtained. What
is important is that this probabilistic interpretation of the scores allows us to combine scores across a data path.
Recall that a data path is just a sequential composition of data
edges. Using a probabilistic interpretation of the data edge scores,
assuming independence of the data edges in a data path, the score
of a data path is defined to be the product of the scores of the
constituent data edges. More formally, if sc1 , sc2 , . . . , scn are the
scores of the constituent data edges of a data path P , then the score
of P is given by:

Schema and Data Graphs

A schema graph is a 3-tuple (G, X, Y ), where:
• G = (V, E) is a directed acyclic graph, whose nodes V =
{X, Y, . . .} are labeled by field names of accessible applications, and E ⊂ V × V are directed edges.
• X ∈ V is the unique source (no incoming edges), and Y ∈ V is
the unique sink (no outgoing edges) of G.
A directed edge (v1, v2) ∈ E is referred to as an intra-application
edge, if v1 and v2 are fields in the same application; otherwise, it
is an inter-application edge. A directed path P from X to Y in
G is referred to as a join path. For instance, the schema graph of
Figure 1 has six possible join paths from SALES.TN to INVENTORY.CircuitID, which can be used to answer query Q1. Thus,
join paths in a schema graph identify different ways in which a
basic query can be answered.
To ensure that join paths yield meaningful associations, not spurious correlations, we focus attention on the case where (i) all nodes
in the schema graph (except, possibly, for source and sink nodes)
are (possibly approximate) primary keys or foreign keys in their
respective applications, (ii) inter-application edges correspond to
(approximate primary key, approximate foreign key) associations,
and (iii) intra-application edges are incident on an approximate primary key.
Given a specific value x of the source node X (e.g., telephone
number, 555-5555, in query Q1), all join paths in the schema graph
need to be explored to find all matching y values for the sink node
Y (i.e., particular circuit ids). Intuitively, the data graph, defined
below, captures these data associations. Given a schema graph
(G, X, Y ), a data graph is a triple (GD , XD , YD ), where:

sequential com(sci , 1 ≤ i ≤ n)

= Πn
i=1 (sci )

(1)

As will be explained, this probabilistic interpretation assigns scores
on data paths using data quality metrics on the edges. Thus, a high
quality data path will get high scores independent of the length
of the path, unlike, e.g., techniques like [1]. In fact, it is easy to
see that the latter technique is just a special case of our framework
when all data edges are scored with the same value in (0, 1).
An answer may be corroborated by multiple data paths, and our
scoring methodology agglomerates the scores of these data paths,
using parallel composition, to compute the score of a Y value. For
example in Figure 2 there are two data paths from SALES.TN.5555555 to answer INVENTORY.CircuitID.c1. Different data paths
are considered independent evidences and their scores are combined in a probabilistic manner. Formally, if sc1 , sc2 , . . . , scn are
the scores of individual data paths Pi , 1 ≤ i ≤ n, between two
nodes in the data graph, then, to ensure that all scores are in [0, 1],

• GD = (VD , ED ) is a directed acyclic graph, whose nodes VD
have labels of the form T.A.v, such that T.A ∈ V and v is a
value of field T.A, and ED ⊂ VD × VD are directed edges such
that (T 1.A1.v1, T 2.A2.v2) ∈ ED ⇒ (T 1.A1, T 2.A2) ∈ E.
• XD ∈ VD is the unique source of GD , corresponding to value
x of source node X of G, and YD ⊂ VD is a subset of the sink
nodes of GD , corresponding to values yi of sink node Y of G.
For instance, given the schema graph of Figure 1, an example
data graph is shown in Figure 2. There are two paths in this data
graph from source node SALES.TN.555-5555 to the answer depicted by sink node INVENTORY.CircuitID.c1. Both these data
paths correspond to the leftmost join path in the schema graph
3

the score of the parallel composition of the Pi ’s is given by:
parallel com(sci , 1 ≤ i ≤ n) =

values of field A in applications T 1 and T 2. In that case the score
of the inter-application data edge is adjusted by using some notion
of error metric (e.g., normalized edit distance or tf.idf for strings)
between the values.

s1 + s2 − (s1 ∗ s2) (2)

where s1 = sc1 and s2 = parallel com(sci , 2 ≤ i ≤ n).
Finally, the score of a Y value yi is the score of the parallel
composition of all the data paths from the source X.x to the sink
Y.yi . This agglomerative scoring takes into consideration all the
data paths that corroborate an answer.
Other combining functions may also be used without affecting
the generality of the proposed methodology. The process that we
describe in Section 3 requires the following two monotonicity properties, which allow for a broad selection of scoring functions:

2.5

• Property 1: the score of a data path is a non-increasing function of the scores of the constituent data edges.
• Property 2: the score of an answer is a non-decreasing function of the scores of the constituent data paths.

2.4

Given a schema graph identifying multiple join paths
between field X and field Y , and a value X = x,
find the top-few values of Y (with the highest scores)
reachable from x using the multiple join paths.

Data Edge Scores

Without a priori knowledge of the internals of the applications,
or expertise on the quality of specific data items, our approach is
to rely on expected functional dependencies between the exported
data fields. For instance, in the telecom example, we expect a telephone number to uniquely identify a customer. Thus, when probing
the SALES application, if we get two customer names for an assigned TN, this is a violation of an expected functional dependency
and we should assign a lower score to the instantiated data edges.
Recall that intra-application schema edges (T.A, T.B) capture
associations where at least one of T.A and T.B is an approximate
key in the corresponding application T . Assume, without loss of
generality, that T.A is the approximate key. Then the edge captures a forward functional dependency (FFD) from T.A to T.B.
Assume also that while answering a posed query, due to internal
data quality problems, the following data edges are instantiated:
(T.A.v1, T.B.v11), (T.A.v1, T.B.v12) and (T.A.v2, T.B.v21).
It is then obvious that the two different values T.B.v11, T.B.v12
associated with T.A.v1 are witnesses that T.A.v1 is in violation of
the FFD and therefore data edge (T.A.v2, T.B.v21) should have a
higher score than edges (T.A.v1, T.B.v11) and (T.A.v1, T.B.v12).
Let {(T.A.v1, T.B.v1i), i = 1, . . . } be the set of data edges
instantiated for value T.A.v1 following this schema edge, and let
|.| denote the size of a set. To achieve the desired behavior, the
score of each data edge (T.A.v1, T.B.v1i) is set to:
sc(T.A.v1, T.B.v1i) =

Conventional top-k evaluation requires exact scores to be returned along with the matching answers, resulting in a ranking
of the k results. In our agglomerative scoring methodology, since
any unexplored data path could eventually corroborate a known Y
value, resulting in a score increase (however slight), one would not
be able to perform any early pruning for the MJP Problem, if one
insisted on returning exact scores.
A more promising approach is where one can return top-k answers, where each answer is associated with a score range, and the
result is a set of answers, not a ranking. In Section 3, we shall discuss novel solutions to the MJP Problem, and subsequently experimentally validate the utility and efficiency of our approach using
real data and the VIP testbed.

3.
3.1

THE MJP PROBLEM: SOLUTION
Incremental Data Graph Computation

Given a specific value x of the source node X in the schema
graph, the data graph is initially instantiated with a unique (source)
node XD = X.x. For each newly inserted data node TD in the data
graph (excluding those in set YD of sink nodes), we create the set
open edges(TD ) to be the set of all schema edges e ∈ E that emanate from the corresponding node T in the schema graph. As an
example, for the schema graph shown in Figure 1 and for TN = 5555555 being the TN in query Q1, the data graph is instantiated with a
single node SALES.TN.555-5555. The set open edges(SALES.TN.5555555) will then include the following schema edges: (SALES.TN,
SALES.PON), (SALES.TN, SALES.BAN),
(SALES.TN, SALES.CustName) and (SALES.TN, SALES.ORN).
An open node in the data graph is any node TD , not in YD ,
for which the set open edges(TD ) is not empty. Our algorithms
will proceed by carefully choosing an open node TD and selecting one of the edges e in set open edges(TD ) to explore. Following an intra-application edge (T.A, T.B) for open node T.A.u
results in probing application T and retrieving a set of values for
field T.B. For each unique value vi of attribute T.B in the result of this probe, we add a new node T.B.vi to the data graph
and generate set open edges(T.B.vi ). We further instantiate the
data edge (T.A.u, T.B.vi ) and compute its score. In Figure 3,
we depict the data graph after exploring schema edge (SALES.TN,
SALES.PON) for open node SALES.TN.555-5555. The application in this case returned three distinct values for SALES.PON:
pon1, pon2 and pon3.

1
(3)
|{(T.A.v1, T.B.v1i), i = 1, . . . }|

The case when the schema edge captures a backward functional
dependency (BFD) is handled symmetrically:
sc(T.A.v1i, T.B.v1) =

Multiple Join Path Problem

Our goal is to locate high quality information across multiple
databases, in the presence of data quality problems. Since the different Y values that are reached from a given X value may have
very different scores, we are interested only in the top-few matches.
When we are interested only in the top-few matches, it is extremely
expensive to repeatedly probe the legacy applications, one schema
graph edge at a time, to find all matching answers, only to eventually discard the low scoring answers.
This leads to the main technical problem addressed in this paper,
referred to as the Multiple Join Path (MJP) Problem:

1
(4)
|{(T.A.v1i, T.B.v1), i = 1, . . . }|

Finally, when both T.A and T.B are approximate keys, the edge
captures a symmetric functional dependency (SFD) and the score is
computed as:
1
|{(T.A.vi, T.B.∗)} ∪ {(T.A.∗, T.B.vj)}|
(5)
where ’*’ means any value and is used to capture all data edges
emanating from T.A.vi (resp. leading to T.B.vj).
For an inter-application schema edge (T 1.A, T 2.A), the score of
a data edge corresponding to this schema edge is always 1, since the
association between the fields is assured by the schema graph. An
interesting extension is to consider approximate matching between

sc(T.A.vi, T.B.vj) =
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Figure 3:

Data graph, after processing of edge (SALES.TN,
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PROV.SubPON

PROV.PON
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INVENTORY.PON

INVENTORY.PON

INVENTORY.TN

Following an inter-application edge (T 1.A, T 2.A) does not incur additional probes to the applications. Values of field T 1.A that
do not appear in application T 2 will not generate any new data
nodes when a follow-up intra-application edge is processed. In either case, after edge e is explored it is removed from open edges(TD ).
We adopt a simple cost model that enumerates the number of
probes to the applications while expanding the data graph to answer
the user query. This cost model is reasonable in the absence of
internal knowledge of the behavior of the applications.

3.2

ORDERING.TN

PROV.CustName

PROV.CustName

SALES.PON)

INVENTORY.PON

INVENTORY.PON

INVENTORY.CircuitID

Figure 4:

Maximum paths for unexplored edges of node
SALES.TN.555-5555, after processing of edge (SALES.TN,
SALES.PON)

data edge for each path Pi that contains e0 . As an example, schema
edge (PROV.CustName, PROV.PON) instantiates two distinct data
edges in Figure 4.
Given one or more open nodes TD in the data graph, we pick the
next edge to explore as the one that maximizes our benefit metric.
This is our maximum benefit policy, MAXB. In our experiments we
see that MAXB outperform DFS and BFS, by a factor of up to 18:1.

Scheduling of Open Nodes

While building the data graph, we often have many open nodes
to explore, each with at least one unexplored edge in open edges().
We thus need a strategy that will lead to early pruning when computing top-k answers.
Since the data graph (GD , XD , YD ) has a strong correspondence
with the schema graph, we can pick the next open node/schema
edge to explore using standard graph searching techniques like depthfirst-search (DFS) or breadth-first-search (BFS) guided by the schema
graph. Such techniques however are oblivious to the statistics we
can collect both at the schema graph as well as at the (incomplete)
data graph while processing the query. As is demonstrated by our
experiments in Section 4, this results in substantially more probes
to the applications. In what follows, we describe a greedy scheduling technique that is based on the notion of the maximum benefit of
unexplored paths that go through open nodes.
Benefit computation involves two components. The first uses the
statistics accumulated in the data graph to compute the score of all
paths leading to an open node. The second component calculates
the best way that the data graph can be augmented when following
unexplored edges from an open node on the way to an answer. The
fusion of these two components provides our benefit metric.
At each step, our algorithm maintains this benefit metric per open
node/schema-edge in the data graph and schedules the next move
using this metric. At an abstract level, our methodology for processing a user query can be summarized as follows:

3.3

Pruning Criteria

Unlike conventional top-k evaluation, where exact scores of answers are returned, for our MJP framework a more promising approach is to return the top-few answers, where each answer is associated with a score range. We distinguish between two versions of
the problem:
• The exact top-k set YD = (y1 , . . . , yk ) is returned. For each
answer yi , we provide a score range [smin (yi ) . . . smax (yi )].
• The top cluster of answers that is guaranteed to contain the topk values is returned. Each answer is associated with a score
range. We call this the top-few evaluation. Top-few is valuable
when doing quick ad hoc investigations, since it allows for more
pruning because of the weaker stopping condition.
Let y ∈ YD be an answer present in the (incomplete) data path.
Let scores(y) = (sc1 , sc2 , . . . , scn ) be the scores of all data paths
from XD to y. Then, the minimum score of answer Y = y is the
parallel composition of the scores of all known paths to y:

• Start from the sole instance of source node XD and expand one
data node at a time. For any open node TD , maintain the multiset
of scores along data paths from XD to TD .

smin (y) = parallel com(sci , 1 ≤ i ≤ n)

(6)

The maximum score of answer y is computed by additionally considering the maximum benefit of each open node and unexplored
edge in the data graph, as discussed previously.
Through similar arguments we can compute the range of scores
[smin (yunseen ) . . . smax (yunseen )] of an answer yunseen that we
have not encountered in our evaluation as [0 . . . max contribution].
The lower bound is trivial (when no new answer exists). The upper
bound follows easily if we consider that all paths from the open
nodes in the data graph terminate to a new answer yunseen .
In a naive evaluation of the MJP Problem we stop when all open
nodes in the data graph have been explored. However, one may
stop earlier without exploring all open nodes, depending on the
version of the problem. Assume set Y contains all answers that
we have seen so far and also yunseen (a placeholder
S for some answer we have not yet encountered). Thus, Y=YD {yunseen }. We
order the answers in Y using their minimum scores as y1 , y2 , . . . ,
where smin (yi ) ≥ smin (yj ) when i < j. This order also implies

• By associating open node TD with its schema node T , we can
quantify the residual benefit of an unexplored schema edge e in
open edges(TD ) as the maximum possible contribution of the
subgraph from XD to any possible data node in set YD , passing
through TD using instances of e in the data graph.
As an example, we consider the data graph of Figure 3. For open
node SALES.TN.555-5555 there are three unexplored edges in the
set open edges(SALES.TN.555-5555): (SALES.TN, SALES.BAN),
(SALES.TN, SALES.CustName), and (SALES.TN, SALES.ORN).
Figure 4 shows the maximal subgraph that can be generated by
exploring these edges in a way that maximizes the score of an
answer. In this figure there are five paths from SALES.TN.5555555 to schema node INVENTORY.CircuitID. For each path Pi , a
schema edge is only instantiated once (since all edges are treated as
FFD/SFD). However, a schema edge e0 may generate one distinct
5

smax (yi ) ≥ smax (yj ). If set Y contains more than k answers, we
may stop further processing under the following condition:

10

• In top-k evaluation, we stop when smax (yk+1 ) ≤ smin (yk ).
That is, the upper bound on the score of the k+1’th candidate y
value is no larger than the score of the current k’th candidate.

Frequency Count

8

• In the top-few evaluation, we may stop if smax (yunseen ) ≤
smin (yk ). If this condition holds then any new answer cannot possible be scored higher that our current k’th candidate yk .
Thus, the top cluster is identified and we return those yi ’s with
smax (yi ) ≥ smin (yk ).

6

4

2

0

4.

"Top-1 Answers"

EXPERIMENTS

In this section, we experimentally evaluate our solution using
our VIP testbed. Due to lack of space we provide detailed results
for one query in our real dataset (query Q1, Section 2.1). Results
for other queries between pairs of nodes in the schema graph of
Figure 1 were similar. Our main experimental results can be summarized as follows:
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Figure 5: Number of parallel paths in top-1 answers
• hH: heavyHitters(10): These are the top-10 queries (TNs) ranked
by the number of matching circuits in our data. TNs in that group
returned between 128 and 257 circuits.

• Real datasets have a multitude of data quality problems and no
join path is immune to these problems. Using a fixed path or
the maximum path for answering a query can lead to missing
answers (low recall). That is why, in our MJP framework, all
paths are considered.

• oL: oneLarge(47): This is the subset of TNs that returned one
circuit id with score at least 1% and zero or more circuits with
scores less that this threshold.1

• The data graphs can be fairly large (for instance when default
values are encountered). Our scheduling techniques based on the
maximum benefit metric achieve substantial pruning by eliminating a large number of candidate paths from evaluation.

• mS: manySmall(8): This set of TNs returned at least 5 answers,
while no answer had score greater or equal to 1%.

• mL: manyLarge(4): This set of TNs have at least 5 matching
circuits with score at 1% or higher.

• aA: anyAnswer(94): All TNs with any matching circuits.
• nA: noAnswer(56): These are TNs for which no answer (circuits) can be obtained from the data.

The rest of this section is organized as follows. In Section 4.1 we
illustrate that real applications are faced with significant data quality problems. When joining data across diverse applications, we
typically find many answers, even when a single answer is expected
(for instance a single CircuitID for a TN in Q1). Thus, ranking is
required to help users identify the correct answer. In Section 4.2 we
demonstrate that top-1 answers typically have several instantiated
data paths leading to them and an agglomeration of their scores is
needed. An important observation is that even join paths with small
schema weights in their edges are useful in determining top-1 answers. In Section 4.3 we demonstrate that using our benefit metric
results in substantially fewer probes to the applications, often by a
factor of 1:18. Using the top-few execution model, this reduction
is further increased by a factor of 2.

4.1

4.2

Benefit of Agglomerative Scoring

We now address the utility of our agglomerative scoring methodology. In Figure 5 we plot the number of parallel data paths that
contribute to the top-1 answer for each TN with a non-empty answer (set anyAnswer). For the 94 top-1 answers, there is an average of 10 parallel paths per answer (for a total of 946), out of
which roughly 2.5 parallel paths per answer (for a total of 229) are
significant (score of the path is greater than 10% of final score). In
contrast, when looking at all answers for each TN there are on the
average just 1.7 parallel paths contributing to each answer.
A natural question one may ask is whether all the schema join
paths are really relevant, or if one of them dominates in its contribution to the final scores. In Figure 1, we annotate the schema
graph edges with two numbers. The first is the number of data
paths leading to an answer that instantiated this edge. The second
number is for top-1 answers only. Some interesting observations
on the nature of the data can be drawn by interpreting these numbers. First, paths that go through the SALES.PON node are more
likely to end up in a top-1 answer: 199 out of 309 overall. Similarly, probing the ORDERING application leads to a top-1 answer
in almost half the cases. In contrast, many paths that use instances
of nodes SALES.BAN, SALES.CustName do not end up in top-1
answers. However, it is still beneficial to include these nodes in
the schema graph. We notice that 275/946 top-1 paths (paths that
result in a top-1 answer) go through instances of these nodes. If we
remove these nodes from the schema graph along with all paths that

Nature and Quality of Data

We used traces of real user queries and obtained a random sample of 150 TNs that users ran investigations upon. We then used
the schema graph to obtain circuit ids for these TNs (i.e., using
k=∞). We noticed that there is a large number of TNs (56) that
return no matching circuit ids. This is because (i) the INVENTORY
dataset is incomplete and (ii) the provisioning key is often missing
in SALES, forcing join paths either through customer names (CustName) or order numbers (ORN). The distribution is heavy-tailed,
as there are many TNs for which we obtain 50 or more circuits
through the schema graph. The maximum number of circuits returned for a single TN was 257. It is clear that most queries return
a lot of answers. In fact only 2 TNs returned just one circuit! Thus,
we need to be able to prune the long lists of matching circuit ids in
order to provide meaningful answers to the user.
Using answer scores, we classify user queries into the following
classes (in parentheses we show the number of TNs in each class).

1

The low value of the threshold has been chosen to capture as many
potentially relevant answers as possible, given the scoring methodology.
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SALES.TN

312 − 1
50 − 9
SALES.BAN

SALES.ORN

95 − 6

50 − 9
122 − 0

312 − 1

SALES.CustName

ORDERING.ORN

145 − 15

7−1

PROV.PON

312 − 1
PROV.SubPON

138 − 14

INVENTORY.TN

400

7−1
312 − 1

300
Query Cost

267 − 15
INVENTORY.CircuitID

Figure 6: Aggregate Path Statistics for top-1 answers (sets oneLarge
- manySmall)
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Figure 7: Query cost, varying k (manyLarge set)
the answer set and, thus, we can expect a lot of pruning during
top-1 evaluation. Here, the MAXB policy reduces the cost of processing by a factor of 18:1 compared to the case where k=∞. For
the set manyLarge, savings are smaller but still substantial (9:1).
Even in the case of set manySmall, MAXB results in significant
pruning. These are TNs for which a large number of circuits with
very low scores were discovered. Looking at the instance graphs of
these TNs we observed that most were due to a default value of field
BAN in SALES, resulting in many matching customer names when
following the intra-application (SALES.BAN, SALES.CustName)
edge. Because of our scoring mechanism, all these paths were assigned very low scores and MAXB was able to prune a substantial
number of them. In contrast, DFS for top-1 is almost as bad as getting all answers. This is because DFS follows deep paths through
the schema graph to the end without concern of the current scores
leading to an open node or potential benefits of open paths. BFS is
slightly better since all paths are explored in unison.
In Table 3, we show the average (first number) and maximum
(second number) size of the data graph for the same experiment.
We notice that for k=∞ the data graph size is on the average 207
with a maximum instance of 1189 (edges). Thus, evaluation of
Multiple Join Path queries in our framework has very modest requirements in terms of memory usage. We further notice that top-1
evaluation with the MAXB policy reduces these numbers by a factor of up to 13:1. This reduction of the data graph size will become
significant in a multi-user environment when the server processes
several queries at a time.
In Figure 7, we plot the query cost, varying k between 1 and
10. For comparison, we also show the cost when k=∞ (flat line).
It is interesting that there is a drop in query cost for k=5. This
suggests that the size of the top-cluster is, on the average, around
five (circuits per TN) with the last 3 having similar scores. Thus,
for k=3 or 4, additional queries are required to distinguish among
them, while when k=5, we can stop earlier and report all of them.
In Table 2 we show the cost of the top-few execution, for k=1.
The top-few execution, allows us to stop a query at an earlier stage,

Table 2: Cost of top-1/top-few evaluation

use them, then for the 94 queries with non empty top-1 answers, 8
return no result while for 77 the top-1 answer differs.
We next discuss the issue if there is any correlation between the
join paths used and the class of queries. In Figure 6 we aggregate
at the schema level the number of paths in top-1 answers for sets
oneLarge (first number next to an edge) and manySmall (second number). The number of paths in set oneLarge is larger
because more TNs belong to that set (47 compared to 8 in set
manySmall). In the case of set oneLarge, paths through ORDERING schema nodes appear in more than half of the cases.
However, again paths through the PROV dataset using customer
names are significant in top-1 answers. In set manySmall there is
only one top-1 answer with a path through ORDERING. Most of
the paths (9 out of 15) go through the (SALES.TN,SALES.BAN)
edge and subsequently to PROV, joining on the CustName attribute.

4.3

"manyLarge.all"
"manyLarge.varyk"

350

INVENTORY.PON

k=∞
246.9
724.1
261.0
365.8
258.5

MAXB
59/679
162/679
23/231
52/83
237/629

Table 3: Avg and Max Data Graph Size (edge set ED )

ORDERING.TN

138 − 14

122 − 0

Top-1
DFS
BFS
206/1188 130/1109
902/1188 618/1109
304/1188
141/890
414/793
327/625
310/1128 306/1106
47/232

312 − 1

PROV.CustName

SALES.PON

aA
hH
oL
mL
mS
nA

k=∞
207/1189
903/1189
305/1189
415/793
310/1128

Efficiency of Top-k Evaluation

We use the number of probes to the applications to determine the
efficiency of top-k evaluation. In Table 2, we present the average
number of probes per TN during the top-k evaluation, for k=1. We
also present the average number of probes when all circuits were
requested (k=∞). For scheduling the next open node to explore,
we tested the MAXB policy (discussed in Section 3) as well as the
standard DFS and BFS orders obtained from the schema graph.
Top-1 evaluation, using MAXB, reduces the number of probes
by a factor of more than 5, on the average, for TNs with matching circuit ids. A large number of queries (56/150) returned no
answer, and for these queries top-1 evaluation cannot prune any
paths. For the remaining TNs the greatest benefits arise for subset
oneLarge. These are TNs for which one circuit stands out from
7

when a superset containing the top-k cluster has been identified. As
in the top-1 case, the MAXB policy by far outperforms the other
alternatives. Comparing the numbers with the top-1 case, we see
that we get a reduction in evaluation cost by a factor of two on the
average. In most cases the number of answers returned to the user
is very small, typically one. There are only 5 instances where we
see more than 10 and all of them are for TNs with many small,
indistinguishable, answers.

5.

Recently, Chaudhuri et al. [5] investigated the problem of ranking answers of database queries that are not very selective (ManyAnswers problem) and propose a ranking function based on Probabilistic Information Retrieval ranking models. Our scoring functions also have a probabilistic interpretation and, similar to [5],
ranking is proposed in order to prune a potentially large answer set.
However, while in [5] the problem arises from loosely constrained
queries, the complexity of our problems stems from (i) the existence of multiple join (schema) paths that can potentially link two
attributes in the same or different databases, and (ii) low data quality that further increases the number of instantiated data paths for a
given query. Approximating top-k answers, by offering guaranteed
answer quality wrt the correct top-k scores [7, 4], or probabilistic
guarantees [15], is an issue we do not address here.

RELATED WORK

Scheuermann et al. [14] consider querying multiple database paths
by allowing for some uncertainty in the attribute correspondences
between databases in a multidatabase system. They return multiple
query results ranked by some degree of confidence in the answer.
However, to the best of our knowledge, our work is the first to take
into account similar results from multiple paths as corroborating
evidence and using this information to rank query results.
There has been much work in addressing the problem of identifying keyword query results in an RDBMS and ranking them based
on some quality metric [8, 1, 2, 10, 9]. In such scenarios, the user
queries multiple relations for a set of keywords and gets back tuples that contain all keywords, ranked by a measure of the proximity of the keywords. DBXplorer [1] and DISCOVER [10] use index
structures coupled with the DBMS schema graph to identify answer
tuples and rank answers based on the number of joins between the
keywords. Our framework can also benefit from auxiliary structures like indexes and materialized views to speed up processing.
BANKS [2] creates a data graph (a similar graph is used by [8]),
containing all database tuples, allowing for a finer ranking mechanism that takes prestige (i.e., in-link structure) as well as proximity
into account. Hristidis et al. [9] use an IR-style technique to assign
relevance scores to keyword matches and take advantage of these
relevance rankings to process answers in a top-k framework that
allows for efficient computations through pruning. As with proximity search techniques, we consider all possible join paths and,
as in [9], we want to allow for pruning of irrelevant data paths in
order to speed up query execution time. A key difference with previous proximity search techniques is that none of these techniques
deal with data quality issues, or agglomerate scores of multiple data
paths that contribute to the same answer.
Top-k query evaluation algorithms that aim at identifying the k
highest ranking answers to a query have been proposed for a variety of scenarios: multimedia [7, 11], web [12], expensive predicates [4], and RDBMS [3, 11]. Adaptive top-k strategies [4, 12]
dynamically choose which operation to perform next based on current tuple scores and estimated statistics. In this paper, we use such
adaptive techniques to select which join paths to investigate next.
Most existing top-k techniques focus on cases where answer tuples
can be mapped into a single relation, with all attributes values accessible through a unique ID, and rank the result tuples according
to a predefined aggregation function (e.g., min or weighted-sum).
While some of the proposed techniques [13, 11] apply to scenarios
involving joins, and therefore deal with a potential explosion in the
number of tuples, we are not aware of any top-k technique that does
not consider each possible answer tuple as a single entity.
Traditional top-k techniques require exact top-k answer scores
to be returned. In contrast, NRA [7], which only considers sorted
accesses to multimedia sources, allows for the top-k answers to be
returned as soon as they are identified, along with their possible
range of scores. We use this relaxed stopping condition for our topk evaluation, and present another efficient stopping condition: topfew, which returns a set of answers that are guaranteed to contain
the best k answers.

6.

CONCLUSIONS

This paper addressed the Multiple Join Path problem, of finding
high quality query results that can be reached from a query node,
by following one or more join paths in the schema graph, across
multiple databases, in the presence of data quality problems. The
framework proposed in this paper scores each data path that instantiates the schema join paths, taking data quality with respect to
specified integrity constraints into account. Multiple data paths between the same nodes are treated as corroborating evidences, and
data path scores are agglomerated to yield scores for matching answers. We develop novel techniques to efficiently compute the topfew answers within the Multiple Join Path framework, taking the
agglomerative scoring mechanism into consideration. We evaluate
our techniques using real data and our Virtual Integration Prototype
testbed, and demonstrate both the utility of the agglomerative scoring methodology, and the efficiency of our algorithmic techniques
for computing top-few answers.
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Abstract
Outliers are very common in the environmental data monitored by a sensor network consisting of many inexpensive, low fidelity, and
frequently failed sensors. The limited battery
power and costly data transmission have introduced a new challenge for outlier cleaning in sensor networks: it must be done innetwork to avoid spending energy on transmitting outliers. In this paper, we propose
an in-network outlier cleaning approach, including wavelet based outlier correction and
neighboring DTW(Dynamic Time Warping)
distance-based outlier removal. The cleaning process is accomplished during multi-hop
data forwarding process, and makes use of the
neighboring relation in the hop-count based
routing algorithm. Our approach guarantees
that most of the outliers can be either corrected, or removed from further transmission
within 2 hops. We have simulated a spatialtemporal correlated environmental area, and
evaluated the outlier cleaning approach in it.
The results show that our approach can effectively clean the sensing data and reduce outlier traffic.

1

Introduction

A sensor network is equipped with thousands of inexpensive, low fidelity motes, which can easily generate
sensing errors. The abnormal unreal sensor readings
generated in a temporally or permanently failed sensor
is called outliers. In many cases, outliers introduce errors in sensing queries and sensing data analysis. For
example, a Sum query is less accurate if a large value
outlier is counted. In addition, transmitting outliers to
the sink is useless, adds additional traffic burden to the
network, and consumes precious sensor energy without
any benefit. Outlier cleaning tries to capture the outliers, correct or remove them from the data stream.
Outlier cleaning in sensor networks is challenging because data are distributed among a large amount of

sensors. It is for sure that outlier detection can be
conducted centrally after all the data are collected to
the sink. However, it is not energy efficient to transmit
outliers, especially when the network size is large. For
example, if an outlier is routed through a 15-hop path
to the sink, the energy used to transmit this 15-hop
datum is wasted. Therefore, in-network outlier cleaning tries to detect outliers during the data collection
process as early as possible along the routing path of
the data. It either corrects the outlier or removes it
from further forwarding. Eventually, an outlier-free
data stream is provided to the sensor network applications.
In this paper, we propose an in-network outlier
cleaning approach for data collection over sensor networks. We can correct short simple outliers in 0 hop
and remove long segmental outliers within 2 hops. We
adopt wavelet approximation to correct short, occasionally appeared outliers. Since these short outliers
are of high frequency, they can be corrected if we
use the first few wavelet coefficients to represent the
sensing series. An extraordinary advantage of using
wavelet representation is that it can greatly reduce
the dimension of the sensing data, as a consequence,
reduces the energy cost of transmitting these data. If
an outlier is a long segmental outlier, we can detect
it by comparing its similarity with the neighboring
nodes, given the nature that environmental data are
spatially correlated [1]. Similarity is measured by Dynamic Time Warping (DTW) distance, which can capture the shape similarity in the elastic shifting sensing
series [2]. The sensing series are routed as before to
the sink, using a hop-count based routing algorithm
[3]. The detection is conducted within 2 forwarding
hops. A sensing series is not forwarded, if it is dissimilar with its network neighbors. Outlier cleaning
requires in-network data processing on the individual
sensor mote. In sensor networks, it is admitted that
data processing is more economical than data transmission [4]. The outlier cleaning process adds O(KN)
running time on each sensor. In the erroneous sensor
network, this energy cost is trivial compared to that
of the reduced traffic.

The remainder of this paper is organized as follows:
Section 2 provides the background of outlier cleaning
in sensor network data collection. In Section 3, we
describe our in-network outlier cleaning approach in
detail. Section 4 presents the evaluation results. Section 5 discusses the related work, and we conclude this
paper in Section 6.

this paper, the design of our outlier cleaning approach
is described based on the data collection applications.
However, the idea of using wavelet-based outlier correction and neighboring DTW distance-based outlier
removal can be modified to apply to query processing
and event detection applications without losing generality.

2

2.3 Outlier Definition
In this paper, outliers of sensing data are referred to
as abnormal sensed values that are from out of order sensors. The nature of environmental monitoring shows that sensing series are always temporally
and geographically similar. Thus, outliers are those
weird sensor readings that are dissimilar with the others. More specifically, we define two kinds of outliers
based on this observation:

Background and Overview

2.1 Sensor Network
In recent years, wireless sensor networks have been
growing as a platform for environmental monitoring in
agriculture fields, battle fields, wild forests, coal mine
tunnels, and so on [5, 6, 7]. Sensors are massively deployed to cover a wide geographical area. They have
the capability of sensing the area, performing some
computation, transmitting and forwarding the data to
a centralized sink node. However, these small sensors,
also called motes, have their limitations. Two of the
most important ones are the limited battery power and
the high transmission cost. These limitations make the
design of sensor network data processing challenging.
It is commonly recognized that in-network processing
(aggregation) is beneficial [8, 9, 10, 11]. Part of the
data processing is performed earlier, when the data
are still in the network. Notice that the centralized
approach processes the data only after all of them are
collected to the sink. In in-network processing, each
sensor takes up some computation according to the applications (e.g. query processing, data collection, event
detection, and so on). The sensors try to compute and
send the “aggregated” results to reduce network traffic. Since data transmission is the most costly operation in sensors [4], compared with it, the energy cost
of in-network computation is trivial and negligible.
2.2 Data Collection
Sensor network applications can be classified into several categories. One kind of popular applications is
query processing, which sends out a SQL-like query to
the distributed sensors, and expects them to answer
it by sending back the results to a sink node [8]. Another is event detection, in which a sensing report is
triggered not by a query, but by the occurrence of an
event [12]. Such an event can be a fire in a forest, a
gas leakage in a coal mine, or a flood in an agriculture
field. The third kind of applications is data collection,
which is considered in this paper. These applications
collect the entire sensing data over a long time, and
store them centrally in a centralized database. Sophisticated data processing and analysis, which is not
suitable to be run in sensors, can be carried out in
the central server. Data collection is required in many
scientific applications, where a scientist usually wants
to record the historical monitoring data of the whole
geographical area for his/her research. For example, a
research for the cause of a freshet would need soil PH,
river level, and humidity data over several years. In

Short simple outlier A short simple outlier is a
high frequency noise or error. It is usually represented as an abnormal sudden burst and depression, which is dissimilar to the other part of the
same sensing series.
Long segmental outliers A long segmental outlier
is the erroneous sensed readings that last for a
certain time period. It is unreal and cannot reflect
the environmental change of its monitoring area
during that time period.
2.4 Outlier Cleaning
Outlier cleaning in this paper means both outlier correction and removal. In outlier correction, each sensor
tries to correct a sensing series that contains outliers.
The outlier value is substituted by a close approximation of the real value. It then sends the corrected
sensing data to the sink. On the other hand, outlier
removal discards the sensing data that are detected to
have outliers, and are largely damaged or considered
to have little usage. Intuitively, the two outlier cleaning approaches should be connected in series. One approach should correct the sensing data first, and the
other one should then be used to detect long segmental outliers. It is not valid to simply delete the outliers, because many of them, containing only a little,
short, occasionally appeared outliers are still usable after correction. Every piece of sensing data is valuable
in a data analysis. It is only when the outliers in the
sensing series are too erroneous to correct, then discarding this sensing series becomes the only choice to
save transmission power. Mapping into the outlier definition above, the short simple outlier is much easier
to be corrected, and the long segmental outlier need
to be removed when it is not correctable.
2.5 Temporal and Spatial Similarity
The environmental data collected from widely distributed sensors are by their nature similar temporally

and spatially [13]. This temporal and spatial similarity has special meaning in outlier cleaning. Given
a sensing series, a short simple outlier is easy to be
identified by human observation because it is shown
as a sudden change and extremely different from the
rest of the data. Theoretically, this sudden burst or
depression is of high frequency in the frequency domain. They can be removed by de-noising techniques
that transform the data into another domain where
the high frequency noise and the low frequency true
data can be separated. A long segmental outlier that
lasts for a certain time period is not easy to be detected by only examining one sensing series, because
it is hard to tell whether it is an outlier or the true
data are changing in that pattern. However, making
use of the spatial similarity of the sensing data, the
outlier sensor should stand out when compared with
the other sensors that monitor the same area. Here
we make an assumption that sensors are largely and
redundantly deployed, and each sensing area is monitored by several sensors. Therefore, an environmental
change in an area will have similar, not necessary the
same, effect on all the geographically close sensors.

3

Outlier Cleaning

We propose two outlier cleaning approaches:
1. using wavelet-based approach to correct outliers;
2. using neighboring DTW distance-based similarity
comparison to detect and remove outliers.
These two outlier cleaning approaches are intended
for in-network data processing within sensor networks.
However, they are also applicable to centralized outlier
cleaning.
3.1 Outlier Correction
Wavelet analysis has long been acknowledged as an
efficient de-noising approach. A time series is transformed into the time-frequency domain. The wavelet
coefficients represent a gradually refined resolution of
the original time series. Most of the energy and information of the data are concentrated in a small number
of coefficients, usually the first few coefficients. The
sensing noises and errors are of high frequency and
reside in high-order coefficients. Therefore, the true
data and outliers, which are a kind of noise, can be
separated in the wavelet space.
In outlier cleaning, simple short outliers can be corrected by wavelet de-noising. Figure 1 shows an example of using 5, 10, 20, or 30 wavelet coefficients to
represent a sensing series with 128 points, which has
an outlier at the 48th point. We can observe that the
fewer the coefficients used, the smoother and coarser
the wavelet restored sensing series. Choosing an appropriate number of coefficients, 10 or 20, we can remove the outlier while keeping a close approximation
of the original sensing series.

Figure 1: Outlier correction (Using k= 5, 10, 20, or 30
wavelet coefficients to represent the sensing series. The gray
curve is the sensing series with an outlier occurring at the 48th
point. The bold curve is the restored sensing series.)

In addition, wavelet transform also acts as a dimension reduction method. Transmitting the selected
wavelet coefficients instead of the original sensing series can reduce data traffic by more than a magnitude.
Moreover, wavelet transform, like DWT, only takes
O(n) running time, which is a reasonable computational complexity for small limited devices like sensors.
By a small modification, the outlier correction approach can be applied to the case that the exact values
of the non-outlier points are required. This means the
raw sensing data should be sent to the sink instead of
the smaller amount of wavelet coefficients. Correction
is done by comparing the original sensing series (with
possible outlier contained) with the wavelet restored
sensing series. An outlier threshold is predefined by
the user. If at a point p, the difference between the
original and restored values is larger than the outlier
threshold, p is counted as an outlier. We then use the
restored value at p to correct the outlier value, and
send out this corrected series. However, transmitting
the raw data is not energy efficient in sensor networks,
which will only be used when a specific application requires so. In the rest of this paper, we will stay with
the preferred approach of transmitting wavelet coefficients.
3.2 Outlier Removal
Long segmental outlier detection is based on the neighboring similarity measurement. We notice that environmental change is not isolated, which means any
change (increasing or decreasing) will affect a close
area instead of only a single point. Since sensors are
always densely and redundantly deployed, nearby sensors will have similar patterns. Here we assume that
each environmental area is monitored by several sensors. The idea of outlier detection is to compare a
sensing series with that of its neighbors. If a sensing series has a similar counterpart among one of its

Figure 3: Euclidean distance and DTW distance
Figure 2: Spatially similar sensing series: sensors in the
gray region are monitoring the same environmental area, and
therefore have similar sensing series. The circled sensor is an
outlier sensors, which can be known from its distinct sensing
series.

neighbors, it is not an outlier because the probability of two failed sensors to generate similar erroneous
series is very small. If a sensing series does not have
any similar counterpart among its neighbors, it is higly
possible to be an outlier sensor. Figure 2 plots an example of a spatially similar region, in which all the
sensors should have similar sensing series. The circled
sensor, which is quite different from the other sensors
around it, is detected as an outlier sensor.
We use Dynamic Time Warping distance (DTW)
to measure the similarity of two sensing series. The
reason for not using the simpler Euclidean distance
is that: (a) first, sensors in a network are loosely synchronized, so the sensing series are not aligned exactly;
(b) second, there are different delays for different sensors to detect an environmental change, e.g. a fire
occurs at one sensor takes a little while to spread to
its neighbors. Due to the above two reasons, Euclidean
distance is not suitable for measuring the similarity of
sensing series.
DTW is a method that can compare two time series having elastic shifting on the time axis. They are
considered to be similar, although out of phase. In
Figure 3, the two time series are of similar shape, but
not aligned in the time axis. Euclidean distance compares the ith point of one series with the ith point of
the other, and reports a dissimilar result. However,
DTW distance compares the dynamic warped points
as shown in the figure, and therefore can capture the
similar shape of the two series. The DTW algorithm
are based on dynamic programming. The classic DTW
algorithm takes O(n2 ) time to warp two time series
each with n points. This quadratic algorithm is too
much for limited sensing devices. In practice, accurate approximation like FastDTW is installed in the
sensors, which can run in linear time and space [14].
3.3 Centralized Cleaning Process
Centralized outlier cleaning is carried out after all the
data are collected to the sink. Outlier cleaning is done
step by step:

1. transform the sensing series to the wavelet domain;
2. reconstruct the sensing series using the first few
coefficients;
3. compare the original series with the restored series
to detect outlier points;
4. use the value in the restored series to correct the
outlier points;
5. compare the sensing series with that of its geographically close neighbors;
6. detect an outlier sensing series if it is dissimilar
with its neighboring series.
3.4 In-network Cleaning Process
The above outlier cleaning process can be moved down
to the network level. It depends on the underlying data
routing, so that the distributed sensors can clean the
outliers during the data collection process.
3.4.1

Data Routing

In almost all techniques for in-network aggregation,
a routing tree or graph based on hop count is established. Data are propagated from sensors to a sink
through a minimum hop-count path [3]. This minimum hop-count based routing is constructed as follows: The sink broadcasts an initial message to the
sensor network, containing a hop count parameter. All
the sensors receiving this message select the sender
(now is the sink) as their parent. They then increase
the hop count parameter by one, and rebroadcast the
message. Finally, the message is propagated to the entire network, and each sensor is assigned a hop count
number. During the data collection, a current hop
count number is sent with the data message. By this
means, the message is routed through the reversed
path, which is a hop count decreasing path, to the sink
as illustrated in Figure 4(a). For the sake of aggregation, sensors are loosely synchronized and the data are
collected hop by hop up to the sink. All the sensors
with hop count number N are scheduled to transmit
at a time period. Sensors with hop count number N-1
are scheduled in the next time period after the hop
count N sensors have transmitted their data.
In this routing algorithm, each sensor can obtain
some local topology information. Assume that sensor A has hopcount = N . First, A knows its direct

(a) If they have similar sensing series, both A
and those similar children are flagged as
Non-outlier.
(b) If all the children series are dissimilar, A is
flagged as Unknown, since other neighbors
need to be compared before making an outlier decision for A’s sensing series.
3. When A’s sensing series is transmitted to its parent B. For a child’s sensing series flagged as Unknown, B compares it first with the series of the
siblings of this child, then with the sensing series
of B itself. Remember that a sibling list for each
child is maintained when the routing paths are set
up.

Figure 4: Topology of the in-network outlier cleaning
parents, the nodes who propagated the initial message
with hopcount = N − 1 to it. Second, A knows its
siblings, who are the nodes that propagated the initial message with hopcount = N . Third, A knows
its direct children, the nodes from whom a data message was received with hopcount = N + 1. The above
information is obtained defaultly in the routing protocol. Besides these, the sensor will actively keep a
sibling list for each of its children. The child node attaches its sibling list with the first data message sent
to the parents, therefore, the sibling list for each child
is known by the parent.
3.4.2

Neighboring Relation

Unlike the centralized approach, in in-network aggregation, each individual sensor does not know its geographically nearest neighbors. The neighboring nodes
considered in in-network outlier cleaning are the children, one-hop away siblings, and parents.
The parent-sibling-child relation is set up in the
data routing. As illustrated in Figure 4(b), parents,
children, and siblings can cover the four major directions of a sensor - up, down, left, and right. We can
detect a outlier sensor by comparing it with its network neighbors in the four directions.
3.4.3

Cleaning Process

In the outlier cleaning process, wavelet-based outlier
correction is done by each sensor, and the neighboring
DTW similarity is compared along the routing path of
the data that goes to the sink.
At the sensor level, each sensor
1. transforms the sensing series to the wavelet domain, and
2. selects the first few coefficients to transmit.
At the network level, sensor A receives its children’s
sensing series, and decides which to forward and which
to delete. The outlier detection process is as follows”
1. Sensor A reconstructs the children sensing series
from their wavelet coefficients.
2. A calculates the DTW similarity of its children’s
sensing series and itself’s.

(a) If there is a similar sensing series to that of
this Unknown child, it is not an outlier and
should be forwarded.
(b) If all the sensing series are dissimilar, this
child is finally detected as an outlier after
comparing with all its network neighbors.
The sensing series of this child is removed
from the forwarding list.
For each sensor, it’s sensing series is compared with
those of its children when it receives the children’s
sensing series. The comparison of siblings and parents
is done by the parent sensors. In the case when a sensor node has multiple parents, each parent would conduct its comparison independently. An outlier sensing
series can be detected and removed by all the parents.

4

Evaluation

We have simulated a sensor network of about 900 sensors deployed in a grid topology. The transmission
range of each sensor covers the upper, lower, left, right,
upper and lower left, and upper and lower right sensors. The environmental sensing series of each sensor
is generated from a temporal-spatial model. We have
conducted simulations to evaluation our outlier cleaning approach under several evaluation metrics.
4.1 Evaluation Dataset
The evaluation datasets are generated from a model
that simulates an area with temporal-spatial correlated environment. A number of points called event
trigger have been placed in the simulation area. The
sensed value of the event trigger follows a random
walk. The location of the event trigger is also a random walk on the 2D simulation area. The value of
a sensor at time t is the weighted combination of the
values of the event triggers, where the weight is the
inverse of the normalized distance between the target point and the event trigger point. Figure 5 plots
a snapshot of the changing environment on a square
monitoring area at a certain time. The values on the
vertical axis are the current sensing readings. Finally,

network size
the number outlier sensors
sensing series length
outlier length
the number of wavelet coefficients
DTW threshold

30 × 30
300
128
10 ∼ 100
10
20

Figure 6: Default parameters in the simulation. We test
the change of the parameters in our evaluation.

Figure 5: A snapshot of a temporal-spatial correlated area
outliers are added to the dataset as random errors. An
outlier may affect only one data point in the sensing
series, or affect a segment lasting for a certain time period. Different amounts of outliers can be introduced,
distributed randomly in the area and in time. These
outliers can be of different lengths. We have adjusted
the model parameters and generated several environmental datasets in the simulation.
4.2 Evaluation Metrics
correction ratio It measures how much the outliers
are corrected in order to be closer to the real value.
Given the error of the outlier value, and the error of the corrected value, the correction ratio is
calculated as follows:
cratio =

outlier error − corrected error
outlier error

precision and recall This metric is used to measure the performance of outlier detection using
DTW based outlier removal. Precision is the ratio of the correctly detected outliers and the total
number of the detected outliers. Recall is the ratio of the correctly detected outliers and the total
number of outliers.
transmission bytes We use the total number of
transmission bytes in the network to measure the
reduced traffic amount. This can represent the
amount of energy saved in data transmission.

Figure 7: Correction ratio of wavelet-based correction
in the dataset was 0.42% ∼ 1.74%. Figure 7 plots the
simulation results. The more the wavelet coefficients
used, the finer the granularity. The high order wavelet
coefficients can capture the outlier burst, so the correction ratio keeps decreasing. On the other hand, if
too few wavelet coefficients are used, the restored sensing series is too coarse to correct the outlier. The best
correction ratio exists at 5 coefficients. Choosing 5 to
12 coefficients can give a correction ratio of over 90%.
To have a good approximation of the original sensing
series, we have chosen 10 coefficients in the rest of the
simulations.
4.3.2

DTW Threshold

In neighboring DTW distance-based outlier removal,
we have used a DTW threshold to decide whether two
sensing series are similar or not. If their DTW distance
is smaller than the DTW threshold, they are regarded
as similar sensing series, and vice versa. We have sim-

4.3 Results
In this section, we will evaluate our in-network outlier
cleaning approach in different scenarios. If not explicitly specified, the default parameters listed in Figure
6 are used in the simulation.
4.3.1

Outlier Correction Ratio

We first evaluate the wavelet-based outlier correction
approach when choosing different number of wavelet
coefficients to represent the sensing series. We have
added different amounts of outliers into the simulation
scenarios - 500, 1000, 1500, and 2000 outliers. Each
outlier was a single burst. The percentage of outliers

Figure 8: Recall and precision in changing DTW threshold

Figure 9: Recall and precision in changing outlier amount
ulated the different setting of DTW threshold and the
results are shown in Figure 8. The precision of detecting outliers can be very high when using a threshold larger than 10. However, recall keeps decreasing
because when the threshold is high some outliers are
mistakenly counted as valid data.
4.3.3

Outlier Amount

We have also simulate different amount of outliers. As
in Figure 6, the length of these outliers is randomly
chosen from 10 to 100. The number of outliers increases from 100 to 800. We have limited each sensor
to have at most one outlier. Hence, 800 outliers means
8/9 sensors suffer from failure. Figure 9 shows that
both recall and precision are high. They are almost
not affected by the amount of outliers.
4.3.4

Outlier Segment Length

In all the other scenarios, the length of an outlier segment was randomly chosen in the region [10, 100]. In
this part, we have tested how the outlier length would
affect outlier cleaning. We have explicitly set the outlier length to be 10 to 100 in different runs of simulations, and compared their results. The simulation
results are plotted in Figure 10. Precision remains
high under different outlier lengths, which means our
algorithm rarely reports non-outlier sensors as outliers. However, recall is low when the outlier length
is short, which means many of the true outliers are
not detected. One possible reason is that the shorter
outliers have already been corrected by wavelet approximation. We have justified this by examining the
missing outliers (undetected outliers) to see how many
of them are corrected by wavelet-based outlier correction. Figure 11 shows the total amount of detected
and corrected outliers, where an outlier is counted as
corrected if its error after correction is smaller than
1.0.
4.3.5

Figure 10: Recall and precision in changing outlier segment length

Figure 11: The total amount of corrected and removed
outliers

long time series, the traffic reduction in wavelet correction is about 92.19%. If an outlier is detected, the traffic of transmitting and forwarding this outlier is saved.
Since a sensor is normally routed through a multihop
path to the sink, one outlier detection will save several
hops of transmission. Figure 12 shows that with the
increasing number of outliers, the amount of reduced
traffic in DTW-based outlier removal is also increasing.

5

Related Work

Outlier detection is a fundamental issue in data management. Hawkins defines outlier as an observation
that deviates a lot from other observations, and is

Traffic Reduction

Finally, we have evaluated the amount of traffic reduction in the outlier cleaning process. Since only 10
wavelet coefficients have been used for each 128 point

Figure 12: The percentage of traffic reduction

very possible to be generated from a different mechanism [15]. Thus, outlier detection is also called deviation detection. Most of the outlier detection techniques are based on data mining. Hodge and Austin
classified a variety of outlier detection methods into
three categories in their survey paper [16]: Unsupervised clustering based on distance and density, which
determines the outliers with no prior knowledge of the
data [17]; supervised classification that required prelabelled data and a machine learning process [18]; and
semi-supervised methods that can tune the detection
model incrementally as new data arrive [19]. Most of
the proposed outlier detection approaches are centralized and off-line. They cannot be applied to sensor
network applications directly.
Only a few papers have tried to address in-network
outlier detection in the context of sensor networks.
Palpanas et al. have proposed an in-network approach
for distributed online deviation detection for streaming data [20]. However, this approach highly depends
on the existence of high capacity sensors to manage
groups of other sensors and perform outlier detection.
Another related work proposed by Branch et al. uses
a non-parametric, unsupervised method to detect outliers. They also use the distance-based metrics in the
detection [21]. Hida et al. proposed a method to
perform outlier detection in query processing (such
as Max and Avg), so that query aggregation can be
more reliable [22]. These approaches do not combine
the temporal spatial similarity in outlier detection, because they detect outliers as a single value. However,
in this paper we try to detect outliers in a number
of time series. As a first step, we use wavelet based
outlier correction and DTW distance-based outlier removal, which can be thought of as a distance based
approach. This requires that the data in the whole
area exhibit the same distribution, and the user should
have some knowledge of the data to set an appropriate
threshold. Our future work tries to address the outlier
problem when the data are of different distribution. In
this case, a single threshold may not be appropriate,
and a sophisticated statistical model is required [23].

6

Conclusions

In this paper, we have presented an in-network outlier cleaning approach for sensor network data collection applications, using wavelet based outlier correction and DTW distance-based outlier removal. We
have considered the spatial-temporal correction of environmental data; we not only detected but also tried
to correct the outliers; we were able to remove the
outliers within 2 network forwarding hops and reduce
a large amount of the traffic. We have evaluated our
approach under comprehensive simulations.
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Keynote Talk Abstract
Data quality is a serious concern in complex industrial-scale databases, which often have
thousands of tables and tens of thousands of columns. Commonly encountered problems
include missing data (null values), duplicates and default values in columns supposed to
treated as keys, data inconsistencies (violation of functional dependencies), and poor
quality join paths (lack of referential integrity). Compounding the data quality problems
are incomplete and out-of-date metadata about the database and the processes used to
populate the database. These problems make the task of analyzing data particularly
challenging. To effectively address such problems, we have built the Bellman data
quality browser at AT&T. Bellman profiles the database and computes concise statistical
summaries of the contents of the database, to identify approximate keys, frequent values
of a field (often default values), joinable fields with estimates of join sizes paths, and to
understand database dynamics (changes in a database over time). In this talk, I'll describe
the technology underlying Bellman and how it is used to help make sense of complex
databases.
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UW\Kc]OQHx]í+OQUîn\KtïbXz/Uð ñ tH3XLUWRVY2R+-UWIUTceR+HKH3SbZnHEHKSTöWHbY2M{R+XzU$2_\K÷[eOQs_ARP?S3YHK[eSaOA]/RQJgR+RSSOUb Ór\KYOQXgöWUW]2H3OQXL\KOVfQXz_]c/Ut÷|UWò RQR+ò)óISôVHKOvõxSbZ±cefQXLXLOQfQwQ_]ceHb Y
OVödP]ÍIJgøH$÷YW[eXgeN?UTceRQHxSWUaYWXzO3UTH\KHKXYaJLÍUWR+[eISTSWHKHES_XLUT_JgtvUWceøaH_]Ou[nw+UTOV[eXLJSTOQHQPe JLHQZPe[nU2srOutrP?H
JLXLR+_eÐf`UWyceHb[]H\dOVceJLe_eXgUO+XtQyUdvOB[]HE`YWYr[eRP?fQHfHEc/OVYO+UT]UxYeH^JgUTXLc]HEUTO+HKU _ UTUR RQ\K_eOQH_ÍIRQÎAHKS Ï2XP/YúUWRQYrXLUW_ecùefASTRQJLeXP]YO+UdJgUdHEY O srOQ\^û SWJLHEHOV _eRVY
]s|OQ\K_]HKSWe_R XgUWYW_eXLYRQf!e_]O+üdHEýQUdOý?OVþ YW¹KP?RQÿ R+[eÁ wQSd|ü\^HQHbZYaRQ» _e¶nrüHZ·+\K¯¡JL5OÃT¸]YWaY3» R+À|RVOVHE_]wQUWHbHE\dSEceSWZ Hb_eY\^[]XRy \d_][ec\^HEXLYröJgSTXL_eHEn\^fHbROVSTHKJ3Y|_ UWJLXgXgUW_]XzXLUTªHEc Y
OVYW[efs|HE÷HE ]SWUWRc/PeO+JgUxHEsrUTceY~H OQSWí+Hînïb_eð ñ RVUrXL_nOV_«RSWXsrYTYO+[eUTHXgRce_HESWXLYxHZ\KRQOQSTY~SWHb\¬HUbc]Ou°¡wQHUTceOQYXLY
P?OQOVs|YTH2YW[e[]es|YWJLHQHE×n~³ UWUWXLRQR$_PeeSTXLR _eHbfYNUW_]ceRVHUec]O+RQUdJ:OZVUWOVReUW]c]SWHaRunYUdXLs|O+UTOVH2UWYH-cesrR+O+Ud_3\dceXL_|HEYUWces|H2XgfHKcU
OXLVKSTHH  UWÃdceYW¹+XHEY¼ \^À RHK8e_]þWüVOVÁs|¼ \^eJOQJLYTHþ Y» ýeORVüVY±Á þOUWHbUW\d\^HbceRQ\d_e_/ceXY_eyUTX[]STy OQHE[eXgYI_ HEUUWYc/STO+ HK´]Ua]Zs|OQµVXgS~XL¯)fQ ec U2STRQ`NP/PeRBHxJLHKOQs RQeSTZ-esrJLRQXgOV_]HbJg H 
UWs|RQc]_jXgHKf_«UTc ceU~OQHYT\^YWRSTHKHEs3SWYWU$[e]JgO[nUWUWXL_eªHrHKfUTtceUdH\KOVRQPe[]_]JLHQ_eYùUWXgRSdOV_`XL_ ceRVUHNSWeRÇ O+s UdO«í+=O\^înRïbV[eð_]ñ JL UTR UTceHK_Bî Ê P/õ Z±HLò8OQó SW_]ôVHK õ 
]ÍOQRQXg_/STHEYXnHKPS3tOVHKeXg]UWceJgtHEXLS3_efeHKHKJLH^XgUWUWceXL_eHEfS3OQUW[eeeeJLSTHERY3O\dRcSUTs|R Rn nXgXzUWHtXL_e®bf²n®w+OQJgÍ[eHKHbSWYK 
UTXL_eOQfXg_]HEJgtXzUTZ2ceUWHKc]SHUTceªH HKtj{Ç\^RQ_/YRUTSTQOQSXg_ U\E±OVÊ_!3P?UWH[e]SWJgHEH3]OVRQXLSSWHb jXgUWPH tj®u²ne®QHKZJLH^RUS
P2tR+I\dc]HKwOQHK_eSbfQZXL_eYfXL_]\^OjHAöWUWMNceR+HE2SWHA÷XwuYOQJg_e[]R«H|HKUWR!wXnöTHK2_/XL\^fQHc]÷]UTZNR«RQSOuwQw RX\^SvHrOVw_HKtSdYWRVO] 
UWO+c]UWUWHESTYWXgHP]ST[nHKUW]HKOQ)s|XgSdRnYKZbn_eXg/HEXz\KUTOVceUWHKXLRQS5_xnHKSTJLHKH^]UTOQH^Xg)SUW[eXLY]JLJgXgHª\^HKRJLta_]UTYUTRSTceOQXgHE_ JgUNST HK/ÍIOVÎAXLSNÏA_eRXL_ S
UWc]XLY2\EROQRnYWHQ STHK]OQXgSnHb\^XYXLRQ_]Y$\KRQ[eJAP?HrsrOQnH3XgUTceHrYR[eST\KH
XL_]YUdOV_]\KHEYHESWHHK_eSTXL\dc]HEXgUWcùSTHKJLX OQPeXLJgX UtXg_nRSWsrOVUWXLRQ_


















 





 







í+®uîn²nïb® ð ñ NÇ î öW2õ XLfQLò8c/ó ÷ ôVõ
í+®uîn²nïb® ð ñ î ÊöWMNõ R+L2ò8ó ÷ ôVõ
®u®Eµ² öWödMNÍIR+øa2÷ ÷
®u®Eµ² öWöW2MNXLR+fQ2c/÷ ÷
®®b·Q· öWödMNÍIR+øa2÷ ÷
®®b·Q· öWödMNÍIR+øa2÷ ÷
² Q´ öWMNR+2÷
Ò±XLfQ[eSTH|®QÓÏnOQs|eJgH$YWXzUTH$eO+UdOe
fQXYXLw\KXgRQ_]STfSWHbUT\¬ceUEHr  e[]STRQ\dcP]OQXgPe_nXgJLRXgUSWtsrOVUWc]UWXLOVRQU$_O\KRQUW[e[]JerJgHrP?RHS$s|O+RnUnUTSWHKXLJLPeHE[n{UTZH|RwuSOQHKJg[]H 
OVy s|[eHEeYJLUWHQXLRQZ+_NXL_~ZOaceR+eISTRQHKP]wOQHKSbPeZNXgJLXXY$YUTceXL\R+eÐO+UdUWO2ceXs|Y~RnSWnHEJgHKXJOVPez®XL®VJ XzZUt®b²bXg¯¡_n RSWsr\KSWOVXgUWUWXXL\KRQOQ_ J
IYWXgfRQ_e[eHEJAP?UTH|R«RQHEPnOUd\dOVcXL_e?HER:YTYWXg©=PeJLHAc]O+w+U$OVJLe[eSTHRQP]ROQPeSvXLJgò X ò)UWóXLHEôVYõAYc]RQRQS[eYWJXgAUWH«P?Hr®u²nOQ®bYû 
JLÒeeX []OQOVUTPeSOUTXgJLceXgUHKtASTH|s|HEc]RQYOuUWSTwXLHQsrH3ZnO+ceYWUWHKR+H3HE_/UTûR\KOQST_ÍH JL/IHEHEOQHx\¬SWUOQJLtQYTUTZ:YWceXgIHvf_HrOVs|s\KRQRQ[]_n[]Y/Ux_eUnHK_]XRVY\KUTHXgYW_e[eUTfRre[e?XRQYRQ[ec SWSaUWUWXLSW_ec]HKfH 
JL\KeX OOQOVYUTPeHOXgJLXLXgOu_Utw+OVRQXLc]J  OQXL\dPecJLHQs± Ê []`Nv\dRAcSTc]ceRQHKXs YJL UTRQUTSTceXL\EHÍIOVÎA\EJ:OQeÏ2YWOVHZ±UTO3OYcee[eHEO+]SWUdH/OARUW\^SceJLUdHEHEYIOQSWHUW_eceXgXL_]H$Y~fA[eJgX_]YUtnSWUTHKJgYH 
UWs|HEsRnnHKsJ)ZI[]YOQU_]c]jOuwQO HIP/OuRQtUWcUTRO~YHEUTYSTUWOVXLs|UWHEOVfQUWt3HUWOVR3_/nHKwOHK JL[RQ]YUrO~UWSWceHEJgHAXOV\KP]RQXgJL_nXzU]t 
nHE_]q\^O+H$UTXLOA_SWUTHEceJgH$XOVs|PeXLRnJ XznUtHKJ)HE YUWXLs|OVUWHbY\KOQ_P/HXgs|eSTR+wQHb P t RQPe
UTRQOQPeXgUT_]OVXgXL_e_efXL_eefvO+UTUdceO«H|w\^XRQO«STSTH^HE\¬UTUHKSTOV_]_]OVYWJIHKYRS2[eSdR\^SHEYWYEXg UWHÒ]®bRQ²nS®ZH^e OVÍIs|ÎeJLÏBHQZ2\KPOQ_t
UWUWceRc/HEO+JgP/U H XgNs|\^Ç ReSWSTSTR+HEXwQ\^HUELYZ XzUd\^ YRQÍISTSTHKSTÎAHEJLX\¬OVÏU-PeRXLs|Jg_|X UXgt|YWfXgc UWs|H$U~R®KOQeµ YTHKYeJ)[]ZQ-s3OQ¡_]H3{XzU3XzÇ XLUTY~ceAUXLs|YRQWUW[eRSTHvSTR_]JgUWYIXL[]ªQRQSWHE_][eJgt YU
RQ [eÍIU±ÎAUTRÏP/srHIOuUWc]txH\d\EceOQRYWRHYWH°RQUTS-Ra?UTHKSWST[]c]YUOV/{YNÇ RS-úYHEYNwQHKw+SdOVOVJL[eJ s|HRQRQSTSHYWUTXz[eUTHeJL² HEQYd´]³¬Z
XLH^s3UT] HKSWST_$R+_]wXLOVs|HKJs|/YHKRR_ [eSU|UdSdOV\^Xg_HE_=YU{UTeOVSTOV_]OUT«nOH^UW¡y ceRV[]}HOVXH^JLYXgnUUTt«/c HE[/RQ_]Y{PnYWP?HUdOVH^RQXLU_eIaHEHKeHKO+_UdPOUTtceOQH\K\ERQHKy _]n[eYW/XL[eYWHbXgJg\¬UWUWUWXLXLRQ_eHb_f
STRQOutrs UWRUWc]y HE[]YWHOQ_ YWUWRQXg[etvSd\^UWHbc]YKHxH^Ïn?XHEY\¬UWUTXLHE_e fXLYWs|tneYUTSWHKR+srwHKY3s|RVHK}_ HKUS3_e_eRHKSaXgUWO|ceHEISrOutO
UWXLPeRJgHHEYYWUWRQXLs|[eSdOV\^UWHHUWRVce}H~HKSTwuHEOQ Jg[] HxÍIRV-ÎAUTÏ c]O+UaOXLs|?HKeSWSTHER+\¬wQU HKs|JLX HEYUE_ZUbce¡R+ Ovs~\^ST[]HE\dnc 
YWy ce[eRQHE[eYUWJXLRQ_~ \KÍIOVÎ_Ï!RQ_eP?JLtH~P/HXLJgOVL_]X _eYWfIHKUTSTRHE$/Ou\^tnRû_]\^©STH^UTH|HKJLOVtSTfQ[eXgHUWc3UWc]O2OVs|URnUTnceHKXLY J
RVInHUTceSTH^HUT[e¾K¿ST_À¬Á ¼?UTRr» ÀdRQÀI[eÂ S»dÃHKÁnÀdOQÁ ¹Vs|¼ eÀ{JgHOÓ \^Hb:`R2XLJgL[]YUWSdO+UWHUWceXY/RXg_ UEZ
Ä\^XYWÅ{XgÆeR_ÇUWÈ5RÉÊ!s|ËOQªQHÓ  ceRQ[]±JLÊ XgUÌ Pe[e XLJ ÍIÎAOvÏ_eHEc]OYx_eH^OAUI\KRQSWXgSTUWªX\KXLOQ_ JnH^Jz
P?nXHKOVSW_UTOnûR`JgOVceSdHEYSWHxRQXSxYPeO|[]eXgJnnHEXL_ef R+wUWceHKSTHrce_]HEOH^UIRVRQ2STª?® ZN]Zce]XgJLZHrRQr_/\^ÍIH|OVUW_]c]OVH 
_e\KRQOQHKS]UHEOQO\KR\dXzSWUc3ªtc]XLUWYXgR+fPeIcn[e¡HK\EXLSbJzOVU]UWOÍc]\^JLHKXgHEUSTOQtxHSWJLUTtQR+Z-XLJg±HEHESWP/SSTH3RQOVSd_]OvY$ _eXL_QHK¶ UUW]eceZ STH RV]aeOVUaUTRQRVOAS Hb\EnOQOV® \d_«c|]c]JLZ R+OuwH 
OrYWXgRn_{Sd±OVsr`O+c]UTHKXLST\HXLXs|Y5]_eROQ\^nURQR[e_PeU±UTceUTc]HO+\KU RQ STSWÍIHb\¬ÎUaÏ\dce\EROVXL_|\KHnH^RQUTSHKSTUTs3ceXLXLY_eHInHEUW\Kc]XzH 
STyYWHEXz[]UTYWHOVHKJL_ R+XgUUTtOV_eUWRQXLHEwQ-SEH|5UWceRQGIX[nY[nU$UIeUTUWO+RAceUdOXYY[]OQXSWY_]wAO+HKUtA\^OVRHb_SWOQST\dOuHEcw\^UaHKYSdXgXgOVUWUEHfÓ2Z±HXgUOQ\K_]R\EYOVU_\KRQRQYW _HK_/UT®O\¬UxOvHbSTOQ?HK\deHKc S
STHE\^RST{


 

 







 























 













 

 

 

  

  

  

 

STYWXLXgRYWª$_2\KR+P?OVÐH^[/RYYHbSWceH5xRUd[ePOVtJª XLUW_ece f2HIÍIOVJLÎAR+_tÏ'\Ky Jge[]HbSTOVOVRnJL_eXz\^UXLHK_et$Hbf2e]OOVû \¬UTUWOXLRQceOV_?_]RQû []JL srceOVXzRU$ªQ[eHXLJfQUW_eceXzRUXY5SWy H~n[eHEUWHE\Kc]SWXztH 
eO|YWceJLHEYRQsrYr[eJOQYWceJg:RQXz_U[][eJLYTs~OVs|P/P/HEHeS2JLYTH RVOVs|s3UWe[eRJLeSWHEHJL:HEYaUTZIc]OVOVOV_]_]_RQUW_]c]STRQ\KHKHQs_ZnnHEHK\Kc]?XLOVeHKUr_/Hbû nYWRQHK©=_[]UvSTce\KRQXHb\dû_cUWUWc][nHS
STÃ HEg»YWü[e¼ JzUdYOQ_]RQ{ eSTXgceRHKS_YTOVXLs|YxOeJLHE\^YdSTû[]\^`XOVceJHRy_e[eHrHbYRUTSXgR_vOV_RVt RºSW¸ f ü OV_eÂXLEü OVUWü XLRQ_ ¹
srsrOVOut_]OQXgfQs|XL_e]f O\¬nUHEsr\KXLYWOVXg_RtA_n n\^STHEXz\KUTXLXLYW\EXLOVRQJ-_]eYEZ{O+UdOVOe_]r UW_c]HKfQSTHEH~_eHKsrSdOuOVtJ)Z:P?UTceH3HvsreOQO+_ UdtO
H^HEOUT\dHKcST_]OVXgJ]UWc«YWRQO[]STe\KHEXz}YHKOuSTw+HKOV_ XLUJOVSTPeHKJLJLHX OQPeXzXLUTJgX cvUtQvce© X\dc|HUWYWRxHKH3w+OQUWc/JgXO+eUO+UTHEHwQHKe_OVUTXLO]_ Z
UWSTc]RQXLs½Y$YWRXgs|P weXLJLRQH|[]H^YEe OVs|eJLH~UWceHv\KRQSTSWHb\¬U\KJgHbOV_eXL_ef/RJgX\^tXLYOQS
UWIRRQSTy _|ªù[eUWHKfQc]STHbtQXLYOVZ2STP/HEÐROQSWYWªxHEUWjR+IH2RQOV_BeSdeSTXzRQYUd?YnRXLHEYWs|H2\KXL]OeOQXg_e_e\^HEUf jR_!]ceO+XLPeUT\dO[]c YW\^XgJL_]HKHEHEOVYTUW_]YHKXgST_e_]nfOQHb\^JSdXYOVeXLs|RQO+_/UdHKO Y
OV_/[eS$XzUdSdYOVs|w+OQHEJg[eRHSWXgª_XL_][e\^JLe[]O+nUTHbXgYx_efOUWceRQHSTsreOVOVJUTOs|STRnHKnJLHEX OQJPeRVXL2JgX UÊ tÅ EÊs3RnnHEÆ]J8É 
UTOQOQ\^XgUWJXLYaRQ_]QOÊY\^QR ZYceXgUb_R Y©H3ceSWH~HEX\dIs3cOQRnSTOn]HEyYaJ [eOVHESTSWH3t/P]Æ RQOQ_YWHEQOVÆ _ RH^_UWy HEÆe[eSWÉ HE_/SWOVXLHEJÊ YEYWRQ[e`Sdce\^H3XYxHKOV_nOJgY
JLR+2[eSY{s|[]YNRnUWnRHKyJ-[/RQOV _ UWXgtaUTQceÊ HIP/+ÊHE_eÉ 8H^Æ eU±8RVÉ ]eOVXgUT_]O\K\^Jg[/JLHEnOVHE_]Y$Xg_eOf]OQOQ\¬STUTOQXgRs3_]HKYE 
UWHEHEYSWUWXLXLKsrHbO+=UTHEevO+UdP/O«OQYWs|HEvRnnRHK_J\^XL[]_!SWSTHK_ ceUX\dªcj_eR+UWceHJLHEe]fQOVHQSdOVZ s|XL_]H^\^UTJLHK[]SdnYvXL_e\KfrOQ_!eO+P?UdOH
JLHKSTRQs#sH^XgJLeUWHEUTceSW_/HKOV_vJ\KYRQR_][eYWSTXL\KYHEUYERV { O3YÀKRü Jgaý[nUTXgRÁ _$¼ UWRaý UW¹ ceÁ HÃ \^JLUWHEHEOQJg_eLX XL_e_efxfaeceSTRQX\dPec 
H^HEYUWUTXLHKsrST_]O+OVUTHEJYeO+OVUd_/O$UTUTR~ceH$y [eRQHKSTSTft|OQ_eP]XLOQEYWO+HEUTvXgRRQ_v_rw+UTOVceJL[eHH\K[eRVST-SWeHEO+_UdUIOeSW HEJgXOVP]XgJLXzUt
2RQR+STsrI_jHKOVwJ:UWHKc]s|SbXLZYRnnYHxHKc]J)RQnZ]SWR|OQUv_]XL]_] OVnn?X\KR|HKOVS_eUWH$RVUaceHR+n\KXYTRQ\^_]RQ[]\K[eYTHKSY_ _]UWYRSdRVO+JgUW[eUTXLHRQUWXL_RQRQ_RV_=-UWfHEOr\dXgwc]\^XLJL_e_eHEXLOQfy _e[eUWXLHb_ec]YKfH 
?eSTRQRQJLX Pe\KJLtHKs½STHEeOQ[]SWHb\^OeHbZY2UWUTc]ceOVH~U\KRVJgHbOV_eXLüV_eþ f¹ ]SWR3Pe»dJgÃHEÁs À¬Á ¹+UT¼ ROþ ¹bÃdHE» JgÀd¡À Y» UWÀ[/nz® XguHb¯) 
p:¨k¨¥ ¤ ¦2m]¨ N¤ o ¤ ¨ ¤ meo ¥m
n_ASTXgwUTceHK_XY$ÍYHbJL\¬HEUWOQXL_eRQXL__ef]Z-H|XL_«nHEUTYTce\^HSTXLP/RH3SWs OvSdRQOVs|O HKIRQg» STü ª¼ Á RQ¼ S$qaHbþ \^¹ X¾ YgXL» RQ~Z_e
\^R_]YWXLYUWXL_ef|RVUWceHRJgLR+Xg_]f|\KRQs|?RQ_eHE_UdYKÓ
UTOSW[eSTHKHxJO+]UTO+XgUTRO _]OVJIYXLfQ_/O+UW[]SWH|RSUTceHRP]YHESWwHEeOVUTOAOQ_]
?OQ_'RYTYHEXLSWPeSTJLRQtvSs|XgUWRc eHKceJxXefnXgHKw_ XL_e]fOQSTOjOQs|nXH^YUWUWHESTSTXgPeY [eUWXLRQ_ RQ_ HKSTSWRSTYEZ
fOÐOQJgH^RUY_eHKcef~UXLfQRVceXgHEUWScA]y O+\K[]UTROVO YJLU2XgUYOVtxR_][eXg_eST\Ky RQHE[]STY«s|OVJLUWXzOVc]UUWtOVXLRQUXg_|_n\KRQROQ_3SW_½srUTceP?OVHUWH XLRQUTOQy_SW[efHERQH^SWSUXLHEUWe#c]OVHEUTUTYWO]RH Z
YWRQ[eSd\^HbY
O~[eY_/HK\¬UIUWXLRQRQN_/PeY []YWXg_]HEYTYIeHE\^XYWXgR_]YXgUWcOQYTYRn\KXLOVUWHEvSWHEIOQST
ýe¹OVYUTÁ ROÃ Jg[nYTUTOVUWXgc]s|ROV_eUJLUWXnR_eHbf]Oa\^Z?X\^nJLHEHEceYEOQZVH^_eUTXLRce_eSHKfaSHKewUWSTHKRvRQSTP]txUTOVJg/HEªs'R H~YWYWXOvYXLPeYTOQJgOV_xHs|c]RQeeXLYJLUWUWX XL_eRs|fSWt~OQOJ RV\¬Ã :UWgXL»YRQRü _N¼[eZ/STÁ ¼R\KHS
UWR|srOVªH$O3\dc]RQX\^HRQSR_eHRQSs|RQSTHPe[]YWXg_eHbYWYeHE\^XYWXgR_]YK
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©ÊH$É8_eÆ R+'±nÆeXYTÉ\^[]YTÆ YEÆHEO\d cRV±±UWÊc]É HEYWH$[eS-HKJLeHKOVs|UTOHK_ s|UTYRnXLn_HKJnnXH^Y-UdOOVXLYWJ8XL s~
eRVxJLHO s|eRneHbHKJYTRQ\dceSrHEXLs|_ UWOHEfQ SdO+UWOQHb_]jSTHKO«JO+YUTHKXgUR_] OVJï eRVOVxUTO]YWRQ[e¡SdU\^Hb\KYKRQB_]YW`XYc]UdHY
eRVYT\d-XLce_eO+HKf UWsrUWbòSTOXgòaP] [nOUWYWHbYW\^YKRnRZe\^_]O|XYWO+XLUWsrYXLUT_eOVYf|]RVeXg_]XgOvUWf cA/_eHbXzOQî UT\dHvcYOSTHKYWHKU$YWJO+RnRVUW\^XLXRQO+ST_ HKUTXgJ_eO+#OUTf3XgRv_]XgYWYKUWH^Z{c U OHEbòOsròK\d°cOV$³e 
XL_e_XgUWbòHò^°°ú Y$³UTSWXL_eOf]núLZ±Rús|XL_ OQUEXgúL_Z±ú ST HEîOV J)úLZ/°nHK³^UTZ:\V×³ ceRXL\dS2c]_e\KOVXgUW_HZ:P/OVH3_]HKAXgUWOceHEYS[eP/XL_nYeHKU
 õ^óe° $³bò ò^° $³±SWHEeSTHEYWHK_ UWXL_efOnXYUWXL_efQ[eXYWceHE3ªQHEt$RV ~
Oa UW[e ge¹_JL¾dHüÁ ¼Xg_/À Á \^¡¼ üJLÀ[]¼?nüÃdHE»¼Y-ÃdRVO» NXgw+O_/OVSW\^JLHE[eJL[]JLHIOVnUWXgHE_XLYaRQ_ O|î SW HEJLXL° OVYIUWO³NXLRQYW_RH^S±UIXgHb_/RVOQY:Ud\dUTOVc [e_]e\KJLHXgHE_ YERQZnbòS2òKHbce° OQ$³HK\dST¬c H 
STHEHKy J[eO+XLUWw+XLOVRQJL_ HK_ UWJLt=XL_!eSTHEYWOVHK__/UOHEOf\dc«JgRP]YOVRJ[eSTXL\K_]HYUd" OV_]ï \KXLH _#O Yï RQ_eH© YHHKU\KOQRV_ 
UW" []ï e°Jg$Hb³&YK%Za ceï HK STHA HEfQOJLRQ\dcjP]OQUWJn[eXg_]]YJgH UTOQ$3_]\^c/HOQXYY-STOHEy Y[eR[eXLSWSdHb\^xHAUTOVR$_]c]_eOuRVwQUdHO+UWHbXLOQRQ\d_Nc Z
RV5Xg`UTYceHESTSWHKH3JO+XLUWY$XLRQO _nXL_]XYYUWUdXLOV_e_]fQ\K[eHEXYYWceYTHEO+ UTXLYYRtr[eUWSdc]\^HH$ªQ" HK(ï t'*),+.\^- RQ_/SWHEYeUTSTSTOQHEXgYW_ HKUT_ YEUW XL_ef
UWYWc]H^UHxRQUW]STfQ[eJLHRQZ?P/ROVSJQXLO_]\¬YUWUT[/OQOV_]J)\^Z?HbeY{OVUTROSO2wuOQfJgXg[]wHEHKYE_aYT© \dceHHEs|JLH^O]U0{/ © í214H3[]YWP/&H H~/6UW5bc]UTRH
SdOVOV_/_efUHR+TwRrHKSSTOQf_eJgRfQP]HOVR+J{wQXLHE_]SYUTSTOQHKJ_]O+\^UTHbXgRYK7Z_]"YE±ï © UWRvH$SdOVST_eXzfUTH8H$/6R+wQ5:9HE" Sï YWRQRQ[]SST\KUWHEc]YEH Z
XL/6_]5:Y9 Ud" OVï _]° \K$³HEYaRQSXzUTcBUTceHrYRXg[e_/SdY\^UdH OV_]" \KïHrRVXL_! fJgRXg_P]OV/6J25{XL_]YXgUTUWOQc«_]\^YWH RQ[e/6Sd\^5Z2H OQ" _]ï  
nHEXL_ewQRVHK_|UTÆ HEÆO>UWYceRÊH$[eYWSTH^É\KU2HÆ RVXL_]5YÉªQUTHEOVtv@_/\^w+?H<OV+Æ;JL[eeHEÇRQYS-2Ê OA XgSWUWHE_]CBJLHEOVYTUWYXL©HbRQ:_=H j]SdIYUaHnJgHKHKU wHKõKJLRQó ° ; O ³
fQy HE[]_eOVHKJLXgSdUOVtJs|s|RnRneHKHKJJYRV\E~OV_j]O+P/UTOH\^y RQ[]s|OVJLeXzU[etjUWHEXLj_BP/OQceYWXHE\djcBRQYW_=RQ[eYSdUT\^OQH _]eeOVO+SdUdO
GOucetQX\dHbc[eYXSOV\^HKRQ_ST[]STSWJLRQHbSIOQP/YWs3RQH$_eRn[/XLn_eYHEHbf/JLYOQ©XL_SWHHxOreUW\^c]STRQRQHK_/P/_A\^OVSTnPeH^XXLUWYWJgXH\KU[]tvYWYTH^YanUUTXOvYXg_]UTYWSWf]/XLPe Hb[n\^UTXg/XgR\$_]s|YRnR+wQnHEHKS J
fQO+UWJLRQUTP/O\dOVcJIeXg_]STYRQUTP]OQOQ_]Pe\^XLHbJgYX UWXLHEnYZIUW®uR²bO+¯¡UWUWST XgP]_[nUWOVHJgUWw+HEOVSWJL_][eOVHEUWYXLwQg®QH®¬¯¡5RÒe[eRQJLS5HKP/nHOQs3UTR 
eRVaJLHQÒ±ZeXL\KfQRQ[e_]STYWHXLe®HKSUWceH_eHUW[e\^]RJg[eHJL«RQSH^nYWXzeUTJLH~X \K®uXzUT²nJg®t«XgY_UTOVUWUWceHvH UTNc]Ç O+U~UWUceHETSWOQHPeJLXLHY
OVF M{_ R+$EúLDZ/O\d®uc]2¶ OQD _]\^H\dc/UWOVc]_]OV\KUH$UWUWcec]HOVw+UaOVXgJLU[eHXY RVF, GIH î úgZOVõ _]Lò)óôVOõ2¶ XLYD O\¬\dUTc][]OVOV_]JL\Kgt H
UWUWc/STXLO+PeU$[nUWXzUHXw+Y OVFJL2[eHEXLfQY3cN\KúgOQ_«aP?R+HHEnwQHEHESWSEXLwQZ:HbYW[]\dcSTRQOs nXLOYUWeSTXLXLPeYUW[nSTUWXgXLP]RQ[n_ UWXLRQRQ_ _«O+RUW_ 
fQJLRQÍP/OVJLHEJOVXgST_/JLYtQUdZOVO_]\KnHEHEYE\K XLYWXLRQ_srOQªQHKS|XLJg_]RVUrfQHE_eHKSdOVJLgtª_eR+
UWnc]XYWH\K[]]YTSWYRHbP]jOVPeHEXLOVJ XzSTUJLtvXgHEnSEZXYIUWSTHXgPeYW[eHKUWHKXLRQª_UWJRYRQ[]_efQ/JLRRQSP]UOQJ?OXL³r_]Y[]UT_]OQ\^_]HE\^SHbUdYKOV XL_ Ut Y
XgOVnUP?RtRQUW[eUWc]RUXLY$UT\dcec]IH~OQH|ST]OOQSW\¬nRUWRP]HEnSWOVXLUxPeKXLHOJ XzUOVYt_]UTOQn_]Xe[eYUTOQSWSTeXLPeO+[nUTGIUTHXgOuRUTt_ c]HEO+YWJ XLUrOQ_[eOV_/_]OQ\^eHKeSWP/UTST³OQRXgUTOQ_ ce\dUcNHrtOVPe© `XLJgRH 
fQSdOQOVHEYTs|YW_e[eHKH^s|SdUTO+HKH UTSdHEYvUWc]\^POVRtxUv_UTYWUWSWRQceRs|HJgLHX HK_eSTefSWSTRRQUWSTP]ceY3OQXYXLPe_jXLeJgXUWSWYceRnUTXLHA\K\HEYTReYP]STRnYWOVHK\^STSTHEHwQYTHEYE[eZ+_eªXLce_]_eHKYR+UdSTHOV_]_NUT\Kce HAHÒe]OVRSTOVHS
H^RVeaOQ]s3O+UT]OAJgHHKZn_ RQUW_eSTHt ]\KOQJgHESTSWOQªns3Y~HKO+UWHEU Ss|XLfQÊ c U SWHEeSWXLwQHbHKYHE_@_ UK!UTYce[]Hx\dcOQ\E\^¸ [eÁÂQSdÂOQ»^\K¼t
ý][]ü+\^U±þWü YW]OQ» \K»Hþd\^ÀRQXL_/_YXOQY_UTXg_]OVf]eRV]JgXOV\KOVJLQUWKXLRQ)_{UW[]ZeIJgHaHbY{JLH^RQ0U c]LNXLMPeOeHKP?_xHa]UTOQceSTHOQs|eSTH^RUWnHES
UWw+c]OVH$JL[ewuHEOQYEJgZV[]OVHE_/Y~RQ\KRQUT_]ceYWHxXLeceHKXSeLNnMPHE_Ov/OQOVY5SdOOVs|eSTH^RQUTP]HKSdOQYPeXg\^JLRQXgU_ tUTSWYWR]JOUW\^ceHQH$±`eSTcRQ[]PeYK Z
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WUOVc]P]HKXg JLsrXzU_ YtHE» JgRQþ¬wþ HE¹ Yfþ JgJLRXgH$P]¹OVXL_Â J» XgO3_/R+YewQUdSWOVHERS_]P]\KOOVHEP]YEYTXg\dZ5JLceXzOQUHKtv_]srYWO ]UTO ce\^HHQ\^ ]ROQ_]STYWOQXLYs|UTYH^UWRVHENSxO$w+eOVSTJL[eRQPeHEY
HKOVLNs|P]MPXgHEO±JLXz_UZ{8Ut\KOQS nJgXLXLYHE_ UTSWXLLNUWPeMPce[nH~O±UTXgZý?ROVþ¬@_ ÁJL¹RQRrþ¬_]fT° S Òe³xRXgRSUW_ cHKe/O OV2ís|Y1 s|e3 JLRHQRVZXgUT_/Xgc_nH^eUWnSWR HERYW«P]YWXgOV_]P P]ftXgJLOXzOVU_t\KRQHERXLJz__ 
P?PH XgUWSecrZOVOQ_|_]3[e_eUWªc]_eHR+eSWXL_3RQS-PeXROQU_ YEZ+SUWc]s|HOuet~SWP/RHP]OVOP][eXgJL_eXzUXgtRQRVSTsÐ?Onc]XHEYUTOQSW~XLPes|[nUTXgfXgRc _ U
UWS°c]STHKXLHIW_ ]P]SWLNHbXLOMPYYTHEO±³^_ZUTXgIÒe_]RHafxS-UWYc]STRXzHxs3UTXH \KHIOQJrYYWHKHa° IU VVAc]YCRVSHK?ST³-HfQRJLIRQS P]HRrOQc]J° OuSXLwQ_]³^HYZ° UTV_eOV³¬R|_/Zn\^UTª HEce_]YEHaR+ZVOV]_/SWJgHbRnP]YWfQOVRQHPes|XLRVJgH 
Xg]UOQt3STRQOQNs3YHKHEUWHKHEXLST_e[Y f$SeUT ce HJLYWYWH^R]U<ZVH2RV{fSTJgXgRUWPHP]OVJrJ/Z° Xg/6_]Y5UTYCOQS_]³±\^HbRY6S fJrXgw]°HK\^_v/6ce5`_8XeY^nSHE³¬_ 
UWJLR HERSTYªXgJgn_eUWXLc]fSWRQHbO+\¬[eU2UTfJgcBUTtceZ:HIHSTH|HEYW\K\E[eOQOVJg_A_eUT_eY2fRQRQOQUXg_RYWOQP]Xg_ns|YWHKReSTSWwQJgXLsrHA_ef/OVUTUW2ceXLRQH`_ceceHOQXeP/[enRHK[ne_ UOVUTUW]ceHEOQHKSTs OQns3HKP_nHKt 
cefQYWXzJLXURQetP/nOVHE[eJ__/Xg_/\¬]UWYOVXLUdRQSdOVOV_3_]s|\KSTHEHKH^eYEUTHKÓ STSdHEYIYWHKfQ_ XLwQUTYNHK_RQ[eUWS5c]XLH$s|RQeP]SWYWR+HKwSTHEw+$O+UWªXLRQ_e_R+RVJL-HEO|efQYHHKUXRQeVUWc]RVH 
L 1  aN° Sc
³ bdJr° ^ô bSYQ/65%WV³
H^`nUTHEceHK_]SXY5YXgYXLU]Y±t OUT\^ce[eHH_]2ý \^Òe¹UWRQXLÀ RQSa_» H^þ¬eUWÁ ¹HEOVþJgs|YÂVeÁ[]ÀJLHQY8þ¬Z?ceÁXg¾K_R+¿ 8\^Á RQ¹VUWXL¼R _ RQOQUW_~R [YWUW/YWceXLYH_eU$f]ceRQZ]X[]eUWScenHEH~e_~ST[eXL]RQ?OQS]STO+OQOQUWYs3HbO 
STHEYWe[eJzURQ±+ÊRP]EÊYHESWwXLÆ_eEÆf|YRÊs3H$É 8\KÆ RQXL_É UTRYTY HbYK ÊÉ{© H_eR+!Y?H^
UW\^YW[]XLXnOVeJLHEJgX SHKK)HRQJLHK_eRwJL[etHKS3J±YTHKfQ\dSTceHKSW_]HKRsrHKSSdOeOVYJSTRQXgs|_P]RnOQPenceXgHEJLJXXg\dUWUTcXLHERYEUTaceR_eHxÒeHRnSRc/s|YWOuXgw s|OQXLXg_ee_fAJLXRV\^XL±Xg_]UHKntQwHEZ?HK/STHEtvH3_]_en\^RQRQHE__e_eU
ªQPHEt«tSTOVHKUeUWJSTOQXL\KPeXg[n_eUWfH$UWXc]YH/_e[]Xz_eUTHQXzRSWas UWcenHEXLSaYUWYTST\dXLcePeHK[nsrUWXLOQRQY_j\ER+OVw_ HKS~P?HxUWcec]H OV_/]n_]JgXzHbUT H
enRSTRQs|eOQ[eSTXgXS_O+UWHKH[]STSWYRHbRQSaSs|UTP?ceHKRnH$JLnR+]HK J±OQSc]PUTOQXLt\KYa[eOUWJLc]OQ]S2HSWnRRRQP]JgsrOVLR+PeOQXLXgJ _{XgXz_]U tfnceXXYeUTnSWHEXLPe_[n]UTXgOQRST_OQs3OVeHK
UWUWHEc]STHYEw+OQ`Jg[eceHHRV]5OVO+SdUWOVUWSTs|XgPeHK[eUWHKUWS=0H SQ|gf )RVh]±i j SWHEfQJLXLOVwQUWHbXLY$RQ_ UTceXHLe_ STRQYRP/[eOVSTPe\KXLkHJgX U" tï UWc]c]OOVUY
P?PeXLHKJgHKX U_ t|s|UWc/RnO+nUXg]OxHEUT:[ee`JLHc]c]HO/YOVP?SdOVHKs|HE_H^UTXL_]HK&SYWHKS SWgfUW) HEh]il m g Xg_ fQUTXLR~wQHbSTYHKJUTO+ceUTH$XgRe_STRQP]OVRV
UW"YWc/RQï [eO+ USd\^O<H UW" [eïe5JLH`c]c]OH2Y]P?OVHKSdHEOV_rs|nHKHKUWJLHKH^cS UTHESQgf ) hnSWi o2R-Zsùp fQSWXLwQHEJLHbOVY5UWUWXLRQce_ Ha=ReSWRVP]OVYRP][eXgJLSTXzU\Kt H
O$YWRQw+[eOVSdJL\^[eUTH Ha[e"eRQJLï H~SHbXgXL_q_OQ\dUTcrceHXLï _]Z2]YUTHKOQOVwST_/HKOQST\^s|tH2H^RQUWST:HEHKSJUWO+ceYWUWHb]XLRQYOQH2_r\K/H OVLNSdMPOVXL_ss|OH^AUWUTc]HKZaHKSd_Y5OV_/\KRQjRQS_ HKHKUTwQwQOQHEHEXg_/SWSWtt Y
O+UO UWtUWSTXgeP]XL[nYUWUWPHSTXgP][nXgUW_ XLRQbò_{ò^Z?° $³ce^X5\d`cAc]XY2Hªe_eSWXLR+RQS_ eXLUWYRUWSTP/XgP]H3[nUW\^XLRQRQ__|wHKRQ_e_ XLHKLN_ MPU2ORXLYS
[ee\KOQ_eSTJLXgXgR\K[eRQSEST«JO+s UWaXLRQnR+_NXYUWHESTwQ XgHE_PeSE[eZ5RUW[eXLIRQSH_HK\KR+eRQwOV[eHKs|JS«eUWJLceHbHEOQH|YEYWZ]XgJLIOQt«HvSTOQOQfQs|\EHE\^H^_eRQUWHKs|HESdS$OVs|JLYRn]teOO+OQ\^UTYTH|HYW[eOQRQs|YUWUWceHvc]HEOHS
eceSTXYXgUTRRQSTSTYXL\EUWc/OVJ:O+UeOVSWHEUTO|eSWRQHbSYHERQ_ UWUceHKHESTSSTs3RQSHbXLOV_n_]YER SWsrO+UTXgR_vfOVUWceHESWHbr[]YWXg_]f
YWOQHKYTHKYWu2XL[e_es|R+f«'Xg_eOQfx_H$UWXLc]_]HKOVnYUUTeOQIJL_]OQHaXg\^_ HvOVSTce;xH2R+w2'fQRQXLwQxUWHERvOU_ \K"SWRQHEs|ï JLOVZeUWUW[nXLceRQUTH_sHUWUWSTce[eHH2ReXL_]SSWYRUTYP]ROQOV_][eP]Sd\^Xg\^H JLHXzU;xt" RRVï S Z
3Zzy ?OQOV_]e?HEUWOQc]SWHXL_ecef XeXg_rnHE;/_Z]UTOQceSTHOQs3eSTHKRQUWHEP]STOQ<Y PeS]XLJgaX UtÒeRUWSac/HKO+wU HKSTzty ªXLYvHKtOQP]wuOQYWHKJg[]_ HU
STRQ{s ; w X&Y S gf ) hni o2-Zp ÒeRSHKwQHESWtrªHKtvw+OQJg[eH zy SWHEs|OQXg_]Xg_ef|XL_
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WYO+H^UWU5ZuUWSTUTXgXgce_P]H[n;2]UWwHSWUWRR?P]]Z:OVOVUWPeSWceXLUWJH3XXzU\^et[]STJLUWOQRQc]SP]OVOQw+UNPeOVUTJLXLce[eJgX HHbUtYN_]XRQUWY_nc]O¡OVY{ªQUHERUTtceJgLOVH|R+U2UWw+STYEOVXLÓ:PeJL[e[nHRQUWS5HbYNRO2S0RQ_e Rz_nyXg¡_>ªQOVHKST;2t H w
UWOV c/fîO+SW HEU2HE° UTY-nce³NHnXgw+UWXgcv}OVJLHK[eUWSTceH$HKH2_ URw+SkOQSTJgRQ[es'HXg_WXgUW_c];x;~HwNRXY2_eXLJ H®NSXLP?_ H~;gf O|) XLh]Y i ]j SQOQ-f S)`h]UTiXLcej \KHa[e°JLeOQY` SWS2Rîw+P] OVOVJL°P][enXgHx³JLXzYUXL_t
®XLb_³^UT-WR `;2cewH2XLYeSTRQ P]OQPeT° SQXLJgf X ) Uhnti l m UTc]³ O+°U ® 3@S_eQHK=f ) h]i ªl m HKt3³  w+ OVg JL°[eHEOQHEY\dc OVSTUTH[eXge_]JLYWHvHKSWXg_ UWHb;
JLSQHEf OQ) h]]i l Ym ³¬UT=RO¡ _e«HE _eHEgYW e[eUTST[eg XgeR[]JLHEY~YvUWOQ[eSW]HJgg H UTR XL_g P?H;xwXL_]YXgHEUWScUTHEe:SWZRP]UWc]OVHP]XgªQJLXzHKUtt
w+XL_egOVXzJLUT[eXLOQHEg YIJwuROQSJg[]HEHEOQY\dXgc_RVHKwQUWHEceSWt|HbYXLH$_ UWOVHKSTSTHw+\dOVceJ?RXg_YWHK_îSTOQ_]° n õ^RQóns|°$³JLt|³SWRs ;UWc]RHS
HEXYO\d\dcceR RQYNHEUT_ceHEUTRAYWHP?UWH[eeOJLHE]YEOQZnSUTUTceXLH$\K[e_eJLOQRQSx_e)w+ªOVHKJLtr[eHrw+OVJLST[eRQHs RQ S2î OV UUW° STXLPe³x[nUW0H XzUTc
eSTRQ`P]ceOQXPeY XLJgX UtA\K® OQ JLY,\K [eîJLOV UWXL°RQn_ ³ Yz fQXLwQHEY UTceH eSWRP]OVP]XgJLXzUt
JrZ° /65 9 " ï 'T) +.-b° $³{b ; /65 9 " ï ° ³ b ;2w Y S³RS=O
PeRQYWRQPeXLJg[eUTX USdOVt\^XL_eHHbRV"ï O=PtOQ_][eÓ JLr OQfQ_JLRQP]HKOQJLHKJi s|) hXL_]HEY_UT) U>h OV!_/SB\^rH) h#RQ" v$ %'/6&#( LN5 jJrMPZ° O±fQ/6XL wQ5 9 HE" _ `ï '*ceSB) +Hj-EX° Ye³STUWRQceP]HEOVb _ 
 /65:9 g " ï °$³PYCS ³
/65  9 " ï('T) +.- °$³! /65:f9 " ï  ° $³g bq
HKSTRQSTSTS`RQs|SdceYRnHXgn_s|HEJLOVRnYUnPUTHKSWt~JNXLPeOQ][nP/UTR+XLHE_ewYEfH2O~OQ©JgGLH3R+Ou2\KtQYOQHE_YWRQXOVfQS_UHK_e_]u2RvHKSdHK\KOVURQJLXgSTERSWHHESWªJLUWOVRvUWz®bXLRQPe´u_vST¯RP?OXzH^nUTUHKcISa[eHKHKHE_nSW_ 
ªRV_eR+R_eHv_AO+IUWHKUWXLSTfQXgPec [eUTYEUWZHvYP??HKHEXL\K_eXzftXL\K_eRQfvSTSWUTHbce\¬H~U$\KfQRQXLwQ_]HEn_XgUWXLUTRQc]_/O+OVU3J±OVe_eSWRQRUWP]ceOVHEP]SXgJLO+XzUUWt 
UWRQSTXLSPes|[nUWRnH~nXLHEYJgXLRQ_eSfrXHKYaSTST_eRQRQSdUY\KXRQYISTUWSWceHbHx\¬UEYW[e`P HcebH\¬U2[]RQYWHRQ[nUT[eY[/STH$\dcA_eRH^SWUªI RQSTªnY
\XL^_eHbf«YWeYEZNUTÉRÊOÆ nnRHE\KXLYYWR/XLRQ _  s|OQfªQÊJgRHEÉ$P]SqOVJ[eXLXgJgST_/Xg_eYYTUdfOVOVs|_]UWcee\KHHJLHrXLe_!eOVO+UTRQUdOO[eS\KYJgRHbe[eOVO+ST_eUd\KO«XLHE_eYEf«s|Z]Rn]OunSWtRQHKJ
STeHKOVeUTSTOHEYWOVHKJL_ STHEUTYOQeUWcetHYTeOVOVs|UTeOJLUWHERP?Xg_jH/UTRQceUWXYvHK_ eUTXLSTOQRnJg\^LtvHEYTYWYEOQ s|`eJgceHbHA:Z]_eO+RVUTUIOUWOVc]JgH 
STO$HEOQ[]e_]t\¬UTYTXgOVRs|_ e!JL)HEUTc]XY2O+Us|srRnnOVHK]JLYIHEAO~ceYWRQHKST[]HST\KOQPH Y" O ï ÀKOQü _]aývO~Á ¼ SWHEJLOV¸ UWÁXLÀ RQ¹_ þ Ó
UWc]RvOY2O|O|YWH^w+UXOVJL![e)H$°" RQïSa* HE$³OQI\dc RQO+UTUWUW[eSTeXgP]JLHE[nYEUW Hx RQ UW[e~Z]]JgHxRQS2XL_c]OUWceY2HxO|YWw+H^OVU2JL[eHEXzH$UTceRHKSS
UWOVc]JLNH2RQªQUWHEcet3HESOVUOVUWUSTUWXLSTPeXL[nPeUW[nHbUWYHbYKOV _/3 UWYWceOQHas|eeXLYJgXLUW_eXL_efvfQc][]XLXLYYWUWceRHESW|t w+!OQ)Jg[eH XLY ,¼ Ãd+.¹+-#¼ - À¬ÁRÀ0S/
OUTVOQ»^_/¼Xg_]Xg_eYRf Xg[eUW¼2cST\K+2UHO-3- " fOQJgïJLRYWZP]R®bOVOV³xJ±eXLHK?_]wHEYHKUdOQSTOVSTtA_]Y±\KXLUW_UH []e/6/6Jg5:H5:9 " XgXg_ïZ:°$³1RQS)I¬Z °HK"OVw_]HKï |ST* t ³²QSW³xHEXg_eJLOVRVOUWU3XLUTRQ[e\^v_ RQe_eJLH 
UWXL_ c]Hx©!YW)OQHT° s3" OQHïYTY* ª[]$³HKs3t2H nOQReUTHb/c]YaHbO+OVU\^SdRYIR_ [eUTXgv_ OVSXL_/6n5Hb2¼9 \^" +2XYï -3XL-° RQ$³Z]_UT¬ce srHK_OVª_eHKRvSUTP?[eHKefJLHXg_]c]YOuwXLXz_eUTcf
YW)RQÁü s|HÀKü YTaýOVs|g»eZnJLXgn_]HKfA_eRQceUWXHbYUT RQST554 tQð Z5ò¬-`ceceX\dXLc«YIRQH[eSWJ3HKUHKtS~eUWXLR\EOVOQJLgY$t|UT\^ceRH _ UTÁ OV¼ XLÁ_ /
_eOVJLRr-ÏeUTceOOVHv\dUTcO~eYWO+SWRQUdR[]Os ST\KSWIH HKR" s ?ï HKc]YW_/RQOQYs|XLYwQOVH|H$_xYWSWORQHbYWOQ[eYWnSdRn\^XL\^JgHbt XYKO+  OuUWHbw+OVXLÃdJ OQ¹ PeÀ JgH36d¿ Y¼R[eÃ )SdÁ \^¹+HE8¼ YEZN7 OQ)_]h  Ó
9;:=<'<xZ?c]HKSTH 7 g ) h °KN³2fXgwHEYUTceH|\^RYURQYWOQs|eJgXL_efg " ï
JLXgRQ_eSxHbOVOSfQXLSTU_ RQK-[]ZQRRVS s|K«XgfUTc [eUe/JLHEHEYESW|c/OV`]c]Y-H|STHYT/OVs|HE\¬eU-JLUTX _ec]fO+UI\KYWROQYs3U$]s3JgXLXL_efQcfxU$\KOQP?_ H
P?H^nH?nHE\^RU_eUTHc]O+s|U-RQOaSTH[/Y\KHERSYU¡XLH^JgÑv_e\^RQXLHKU±_ P?UWHJLtOVPeXg_!JLHP]UTR[eJgYTªOV s|eu2JLHRQSTUTsrceHOVJLOQgt\^UW[]IOQH J
UWec]OVHAUTO ]" OVSdï OV'*)s|+ -KHKZ:UWPeHKSd[eYUUS f )XLh]J i±o2P?-.p H|Z<SOVfPe) hnJLHi l m UTRZaOQYT_]OVs|eS JLf H~) h]iYWj RQZ2[]OVST\KSTHEHYª_eceR+HKST_ H
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VO _/ YWsrÀKü OVaýJL8 Á ¼ ü Ã )Á ¹+¼ RQSOvYR[eSd\^H0" ï XYaOvSWHEJLOVUWXLRQ_{Z ~Z
UOVy t_/[e/HKH_/O\^HRQYWSH^AT$ UU3>B*\ 9 z9 y?`9 > * ce* $ 9H@D9 C 9SWHb*zYzce[eyHK@JgU~ST_vH&RQ$FRQaEIOAXLªYHKYTHKtOVXgUWs|cew+eHEOQSJgJL[eXg_eOHbf Y$UW[eRVOQe\^JLUWHOVXLRQ]RQ_eS SWXRBY~eOSTXLOVXzYUTUWHKc H 
UWªQc]HEXLtYw+w+OQOQJgJg[e[eHHHKzy XEYZ5UTRQYS XL_,¼ UT+.ce-#H$- Z5XLXL_]_]YnUdOVX\K_]OV\KUWH$XL_eRVfA[ UT~c]O+U_]RAUW[]eJgHXzUTc
UWPeÄc]XLÅ{JgHX UÆe]t ÇO+SUTÈ5KOaJÉHÊ ST-.RQ)G:'RsQTÌSn- Í UWRQc]_]ðOV0òYWUI2XnUT HKce_/SH \VOQfUWî OVceXLHE_~õ SWgHIUWò)ceóXLHY-ôVõOQ _O+ÍIU°ÎUT[eSW_eXLÏPeª[n_eH^UTeR+HaOVs|X_/Y³e\KJLRQeHQSTST5SWRQHbÒeP]\¬ROVUbS 
UW_!ST[eH$OQ]JLRVnUaXzLNUTMPXgO ROQ_{YZeUWHKc]JLHKH^STUWHAHb:XLZ/YOQO_]eSTO|RQP]]OQOQPeSTOQXLJgs3X Ut@HKUWHES<S o2KJ-ZS p lKm JUWc]\^OVRU_ OUWSTRQfJLXggwXL_eHK_f
cUWec]R+HvesrO+UdOVO_t STRQY]sV[eSWU XLîRQ[/4bõ Y"^UWZN[]IeH|JgHbc]YOuOVwQSTHHxSXg_/WX YHE-S)UT'RHEQFSn:-  Z Sg o2WXXgs| -Zp XLZ±J OQOVSW_]JLtQZ?SRWXl m  S
]OQST© OQs3HHKOVUWJHEYWRxSWXLKOQXLYT_eYf~[es|UWceHaH$UWec]STOVRQUP/IOVPeH2XLc]JgX OuUtrwQHRVLNOx-MPO OV\^_RSWHKSTSTHEST\^RQUSbY R[eST\KHQZ XzUTc g
O3JgXL _e[eHb]OV/S2R \^YR H2YUI?H2HKªS_eUTR+[eeJLH$SWRRVsÐ5YWc]OQXLs3YUW]RJgSWXLX_e\Kf]OQJ/eOVUTOUWc/O+URSHbOQ\dc
JL\^9×RV2¶ RUTDB_]YYWRV[eRnJzSUTUTXgUTce_]ceH fHí+\K\^înRQRïbs|s3ð ñ ]XL_ew+OQOVf_ JLt[etQHbHEP/OVY±HKS-U\^ROVSWSTHESTHHKHE_ s|YW?XRQYWOVYW_]HE_]:UWZRC®OVD_]_eRQRV_eP/?)HKHKUWUceH2XYHEUWOuHKHKw+_ _ OVUNXLJJLOVOQRVPe_]UdJLYK H 
2OHE[e_]_]\^XzHRISWsH2\KOQn_3XYUTUTSWOVXLªPeH[nOUTXgRe_!SWXLRQRQS_jeXLUTYceUWHSTXgP]XL_ [nUWUWHEXLRQSWw+_|OVRQJ3_  S* Ko29 J-Zep ®KOV¯)Z_] Sceo2WXXLJ -ZH p
UTUWXLOQRQª_Xg_eRQf_BO e* ST9XgRS¶+RQ¯)_ ÒeSlKRQm JS~g UWOVc]_]H SdSO+lWXUTm  Hvg RVOQaY$s|ORn[en_eXgXg/RQ\KSTOVs UWXLRQn_«XYRQUT2SWXLPeUWc][nH 
UTRQOQ_î ªQHI õ UW*Lc]ò)®KóHE¯)ôVYWõHUTO+RUUTc]SWXLOuPewQ[nHUTOHQZeeISWXLHRQS5c]OuUTc]wQHO+U-_eXR3Y5[ece_eXLYXgUWRRQSWSTXs|\KOQJgt3J:enO+XLYUdUWOeSTZnXLPeYR3[nUWIHb H
w+ OVJL[eð 0ò [eHEI3YE]Z+e/OVO+R _]UdYOrHUWnOVc]H^STOVHUTHKUw+STIOQs3JgHXXL_ec]HbOuJgRQwQUTHUWYEc]YWZ/OQOVOVs3U±_/OQ]JgJg/HbUT® c]O+RQU[eí+SRîRQSaïuSdð ñ·QOQ·3\^w+JLOVHRQJLR[e_rUTHbceY:® HEYWRQ2H$SªQUWUWc]c]HKtHH
 ð ò0IxSTHK?RQSWUc]OQYIUTceHx\^RSWSTHE\^UwuOQJg[]HRS î õ Lò8ó ôVõV
UWYWXLHKRQST_`wQHEceRQjHE!_ _ eSOVILNKUTMPJ O]HO Z-.)\K'ROQQFSnXz_ -UTc=fQHbYXLUWwQUTceXgHKsrH_O+nUTUTHKceH_]XY~YWO'XgUYTtOV_es|HKRQ e0JLHS/KReJ YOVUTUTHKOASTXgOQR_]S_enR+UWX Yc]UTHSW°XL®YPeRQ[nPe
>
SLNKMPJ O -.) 'RQFSn- F³ Z[Z SLNKMPJ O - ) 'RQFSn- \  °]
® ^?F³ Z[ZK^H_LK^MPO -.) 'RQTSneÀ¬ÁST¹+RQ`¼ PeÀdJLZ-HKs ±c]ÊXLHKYSTHvsO HEO/\dÊ_ec«XzUTHBnHE\KYWH^XLYWsU XgR\Kc_  a YW>aYW9 Rnc]9 \^9FOXaNO+Y~b^UW_!HbOQB_«RQOQYTXgY¾KUWRn¿c\^À¬XÁ OjO+¼?UT» HE\^ÀdJLÀjHEOQ]Â _e_]»dXLXzÃ_eUTÁ fH /
XLYWf_ H^gU Gi h G I R+I înwQînð ïHEð ïõ SNõ "KUT"Kd° cea]°da]H³³Yc/XLRVOQfQ{Y_/\dO+OQceUWYTRQ[]YXRnSW\^6H Hb\KXLYKAOV±UW±ÏHEÏO\dw+c|OVXzJLUTe[]cHEO+\^UTXgXUaXgYW_eXgO~fR_YSWfHEavJLg OVi hOQUWXL_]RQRQ|_3_]OQ\dO|Jce°RQy UWX[eST\^[eHEHSWHute ³
XL\d_]ceYRUdROVYW_]HE\KiY H er;=RfQS2XLwQnHbHEY\KXLYWUWXLceRQH«j_ Ra:[n UT\KRQs|HXz|UTceH«nHE\KXLYWXLRQ_ s|OQªQHES
 _UTceH  ÍIÎAÏùH^eOVs|eJLHQZ-R[eSPe[/YXL_eHEYTYeHE\^XYWXgRc_ aXLY
3kQð5l ñ Z?XzUTc\dceRXL\KHEYme > bmnõ "OQ_]oeqp8bYr î `ceH~SWHEIOQST
y [eHKSTtOYWYWRn\^XO+UWHbvXgUWc 3kQ5ð l ñ bsnõ "XYfQXLwQHE_Pt fg i hut Ó
ç  ? }KHH ã¬ä  ç)ãEiç 
vxwyzw{}|Y~0K? }K1 ? ç¡ãK]
0 K} K}}qv æzãKVç
3uD
ân~#~#vxvxã^wwäNyzyzwwåKæz{}{}ç|| è+éb uå N8¡ Kç }~P¤K?;K¢ £qç ~PvNç¡qãK v ç ç¡ãK#ç uD3uD=  ç å ç åY ww  ww
â`cenHã^äNSWåKHEæzIçè+OQébSTuå !8¡y  [eã¬HEä SW¢t!£ Oã¬YWä YWRn\^XO+UTHE=XgUWc 3kV5ð l ñ b¥r î XLY
f g i hx¦Pb ]




,





 











 















 

  

N





   





ý? þ ¹ eX¾ Y~gÉ» ÊOAÆ YT\dUWceRHEs|P?HO]Z O? É UTï[eeOÊ JLHYWH^°*©U HRQ* a \EYOVï R_ *[eSd_e\^R+HE1YEZ  UT*xOQ78ªQ*H1 3 O ³^OQÃ Z_g» ü HK¼ceSTÁHKSW¼ RSTHS
s|YWRQH^SRnUnRVUWHKceNJ:H Pef[/YWXgwYRQXLXL[e_e_eSdHEf~\^YTHbYIO3Y$nnXgHE#_X\KYUTXLYWSWXgXLRPeï _][nZ YEUT7 XgR _OAýR+\Kw¹ RHKYÁ SIUxÃ fQJL[eRQR_]P]SI\^OQUWO3J/XLRQXL\^_]_{JLHEYZOQUTOVOQ_e_/_]XL_e\^ fHEYI eRQST  RQPe O 
JLHKHKXgUWs c]HKXSxYOOvYW[eOQs3_/\¬]UWJgXLXLRQ_e_f nOQHb\¬\^UTXXgnRXg_{_]Z{f]RZSRQOS\dHbceOQR\dXLc\KHYTOVRs|SeRJLX _e_eH|fRQc]SXLYs|UWRRQSWSTtH Z
RVc]UWOVceUaHrYceP]R[][eYXLJ_eHbP?YWY$HxnYTOVHb\^s|XYeXLJLRQHE_/ YK O+Ua OQ_ ?tRQJLYX Ud\KO+tAUWHXLYÓOfQXLwQSTHEHE\K_Xg?OQH3_ UWXgHE_eJgXgLUWXgX_]OVf J
STYTRQHKOVSr?s|HEP]eO+[]JLUTXgHEY_eXLnf|_eJLHbtceYWXYvUWYRAUWeRQHEfST\^tH^XU~YW5 Xg4 OARð _]ò^YWZeYKHEWÓOQy _][e! HE) _]O~> \^H?b RQRVJL2X55\^4 cet ð Xò3YNZUT[]eRQ_eRQSTXgXg_]RHbHYx_eHE\EOVOV_/_ OVXg\deUWcecj]RQJgXtUW\^c]HbHY
UWSTRQc]HEPeYWHUT/OVSTRXLHE__]YWY/JLHOQRSW_]RQfY HKHS$N°RVOVn 55_/4 °ð òW³r!JOV) RSTq_>fQ³HESx/6RQ_>5gYWkZ OQ/6s3!)5L]Z?pJgH^XL_eUdb \Vf ce1 X_A)YUT>UWRQc]ST[eHXgHb_eY$eXLRQSTOVRn_e_]\^HbHE=YTYWYERQZ]s|XzIUTc HH
YWHEü y Á[eÂHK_/Xz2\^H$R_«RVHK\dwceHKRSTtXL\KHEfYIJgRP]RSaOVJPeXL[]_]YWYXLUT_eOQHE_]YT\^Y2H n/6Hb\^5XYXgXLU~RQ_]eYESTRn n []\K/HERYJgXO\^tYHKXLY
XHKy Yw+[eOQHKnJg_/Hb[]\^\^OVHAXUWnHHEYW[]=XzUd\dY|cjHKeH^UWOQ}c]\¬HEOVUT\^JgUvUWtXLwQHKRQwHK_/_]HKST\^HEtHQYTY~ùPeR[]Ò]_YWRQXLS_eOHEOYTfQYvJLw+RQnOVP/JLHbOVX \^jJXYXg?XL_/RQYRQs_ UdJLOVX \KaN_]tQE\KZH Ó I/6H5\KwOQX_O
UWec]JLXgH _]f Ã ¿ O~¿\¬UWXLRQü _/)Y Á uV» > þ 9 »^9 º 9 üVV þWÂ+ÓceXzxHK_UTceOVHe/eRJLX JgHEX\^t=RQ_]SWRn/6n5LZ[]\KUTHEceYHK_YWOQUWs3c]H 
STeHKXYOVUTSdceHXY\dce REXL2\KH|b fYWHKgJL HEi h \^°ZUW/6Hb 5 9 " RQï(S'*),+.a - E ³iceHK_  ST[e7 _e_e° XLY _eVfxY ³^?Z-RQJLX \Kcet HKSTH
RQXYK_ ZUT/6ce5eH|OVSW_]HE I7OQST° Y VXYxYUW³c]XH3YIf UWc]OVXLH_\KRSTYRQUIs RQ{UTUWcec]H|H Pe"[]!#|YWXg_eYTOVHbYWs|YenJLHQHb\^-X`YXLRQc]_/OVUY
s|Xg_`[]ceYHrUWcefRHOVUTJ5RVRQUTOQJ{\K\^JgHbR OVY_eUXLRV_e-fYTOV°XLs|_eRQJL[eXg_eSxf/YW HK_]YWHb³XYUTceHK_ UWR /_]
UWXL_ec]XzH UTXLOQ¹ J:ý ce)Á X|üYUTRQSTWt ý ¹ 554 Á ð Ãò¬`RQceS XYORQn\^UTJLHEXgsrOQ_eOVXLJ:_e?fRQeJLXST\^RQtvP]srJgHEsO+nZaXLs|fQXLXgwQEHEHKYI_!UWOQc]_ H
UWUWH^c/XLnsrO+?U±OVHEJn\^UWUWce?HEHRQ~JLfQX w+\KJLRQOVtP]JL[eUWOQHEHJQJgXLRVY_]/YUWUWUdceceOVHH_]\^\KSTJLHHKHEOQXY5_eOV\^HKSdRQS±:_/Z+UTceY\^XRH~Y_]UTöWHKnP/_ XgHbUWUNXLYRQUd_e÷XgUWHb]cO+55UTR4 Oa_ð ò^UWUTRce`HYTceOVHKs|HIwRQHKe_eJLHU
XL_ O3eSTHE\KXLYWH$YHE_]YWHQ
$ %«¤ ¥¨ ¤ '& ¥m
OV__ RR[enS{UWXLsrSdOVOVs|JNHEYUWSdRO+SWUTªHKZufQOatvYWRQRQJLSa[nUWOrXLRQ\K_$HKSWUTUTRaOVXLUT_ ceHfOQ\^JLs3HEOVH_] Xg_efaneUTXgSWs|RPeXLEJLO+HKsUTXgRXL_ Y
UWYOVc]UW]SdReO+YWJgUWH~XHE\KfQOQRXLPeHES$JLY5HÎARceOVSHKSTSTs|ªQHQR+RQ wSTH2©qfQHEHHE\^_eX_eHKYWR+XgSdROV_)J]ewQ(JLHKOQSWSTRn_et\^_eHbXLP]_eYWSWYWfxXLHEH Y3e]STt°RQÎP]SWq*HEJgHEw(s|XgHEYTYE ³3ZYW ÎA[]¯¡\dZN+q cvOV(OSTHYY
OV_/v UT_3ceÎAHKXLSaq+OV(]neHbJgXYW\K\KOVSWUWXLXLP/RQHb_YUWORrf\^OQJLs|HEOQH_eP/XL_eHKf]U HEHK_3O2eJOutQHESOV_/$UWc]H
UWHKOc]_eH2wSTXLHKSWRQ_RP]w_eOQXgs|PeSTRQXgHKJL_]Xg_ Us3U±tXLHE_3n_ XU-YUT\dceSWc]XLXL\dRPec~R[nYUTUWHbXgc]RY-HI_O]OSWJLHbOuYWYWYtRn[]HK\^JzS5UTXXg\dO+_eceUTfxHERRYUTYWOVHEY±UWXzUTHaOVc_|O\KUTOQ\Kce\¬RQHUTSdXgnROXg_~\¬_]UWfaOQXLRQ_]UT_NR 
fQs|ÏR OXgOVE\dJHEc$Y~RQOQce\¬UTHKUWXgceS3RH_$H^nec]?JLOQOuHEYt\^OVHKUWHE_xS$XOY$YW\^YWUT[eRnRs~\^X\d[eO+ceJLUWOVRHbUWRXLYWwQSWHvHHEIOSWHEOQYISTUWSdOQO+ST[eUW:HE_]fQ\^tUW¡XLU~RQUWc]_{XYOVZ+U~OQHb_]OQsrYWtO+UWnc]UTXgRH 
UWYSdUTOVO+UT_/HEYY±JO+RVUT]H2UWUWcec]HHÎA\KJg+q HbOV(_eXLOV_eSTf~HUWec]SWHRPeYTJLOVHKs|s eceJLX HE_eSWfHc]Xg_XLYUTUWR~RSWOVXL_HEYEÎAZu+q ce(2XgJLHÓUWOQc]\^H 
UWnXLHbRQ\^_/XYYXLRQOV_]STH2YE«YWOQ`s|ceeH JgXL_eSTfxHKOOV\¬SdUWeXLRQY$_/YROVS|_]YT|OVs|\dceeRJLXLX \K_eHEf Y±OR\¬S-UTXgUWRce_]HaY~PeOQ[]SWYWHXg_eUWHbc]YWHY
_eO+UTHEHEf$O+UT\KXgRwYHU:RV[e5_]UW\¬ceUTH~XgR\^_$RYRVU2UWRVc]-HYTOVYRs|[eeSdJL\^XgHE_eYdfA³¬Zb°P]OQceYWXLJgHEHUWceR_HSTUWHKceHOVOSdYWeYWY?Rn\^RXgS
nHb\^XYXLRQ_ OQ\¬UTXgR_]YOVSTHUTceH|H^n?HE\¬UTHE w+OVJL[eHEYRQUWc]H|\KRQSTSWHK
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QRYW`/_AceRH2UW_]ce_/nH3OVXL_eXLXgwQf_eHy RQUW[eSTSds|HEOVSW_/OVXLHEYUWJYEXLO+RQZ+UT_AXgRceª_~HK_eSTR+HXLUTJg/_AcetHIXgSWH^HERnJLrs /HbO$\¬UTwceUdO+HKH|UWSTXLtxYWRQOQ_~Js3OVXLST]Y±fQJgH\^XL_eRÎA_]fnq+c]XgUWXL(!YXLRQUW°R_eHKSWHb t  
UW?RQc]_RQHr_enHEP/t_Hb_]UTYXLOVUxOQs|J:OVXgXJL_\3fQReUTSWceSWXgUWRHxc]fQYs|SdXLOVKYs|HRQs|RNSxXgUW_]Yc]f RHx³2JgweOQXL_eO+SWH3UdfOy ³¬f[] HKOQ_enHEXLSTSdwQOQO+HEJ-UT_XLÎA\QUTZ:ceq*RQH_e(HrYrOQ\^\E°UOVP]_eOUWc]_eYHbRQOV UU
ce _jR/RQH$_eUTfRRQXL[]_eYWf H$UTceRH~SWªYUWISdOVHXLfQOVc STUHRXLSW_wQHbOVYSdUTXgf OQO+eUWeXL_eSTfROUW\dcecHXL_A[/YeH SdOQRV\^$UWXOV\^PeH 
srYUWSdOuOQtv\¬UTtXgXgRHE_JL UTO3HE\ds|ce_]RQXLSTy H[esrHbYKOQZ_]OVOVJLfRQHE_eOVfP]JgUWHc]HeSTJgRQXL_ePeHEJLHKY|s RQ | eZ²+¯)ZIceX\dc
, .- m N¤ p k
/1032 46W 58N;7 PN9 XYÕ×NJÖT[Ø Z39 T;Û 5\:=7 < ?á > 58@ :=<A< 6á BEß DÝ C 0a5 `;C`ObFEÕ BE5 Fß : 5 GHJILK8MON;PRQSHJK=T+HVU
/ ca2ed"95?f B;:=ghBKßÝ Ý 7iÝQ5?ÕàÔ jkÛbß"58]Sl ^ÕàYÜ Ødm Ô_;Û<àØT<zê+Ô ÛEá ß 5on êQ8ß B;g$ÕàÜßÛbLß ]p:ß 1Õ qJÛ rg
ÖB| :"NrÔ¡yØ¬_Ö Q ÝrYoBE\ÜTÔ¡ÖÖÕàÛ+ÛbQÜ[ßBEsÔ Ô¡YÖqK"ÕàJÛ ÜPpr Z Ý~BKK8Û;ë geN;"ë PRrQSBEaÛ H;ÕàtQßK8AÕ ÔNge5{BKÖz H;Øß}K["ë Ua|\<uZ BK~~ ßZ3HaK8ßYZYÕzZ_"ßZsM;vxH;QKFKÕzwß;T<EBx~ HVPRrUwQ vboØaPy=QSÔ¡NZ_Ö Or:;PYK8yÜ  ]
PpZy QEZ3K83Z
b;aFb;` 0a`;`L5
/ x2e75 B;<àÕ á n+á 5 8ë Ú]BJØ[vbg ØdÔ 9 ÛQáOBKßÝ*> á 5 >ÛEÔBKÖÕ 58 ßÖm Ø5ÝØdÜdÕzÝ"B 9 ÕA<àÕ×Ö)ê
BEBEßß ÝÝ~ÕàÜdß Û Üdg$;Û g$"ë <à=ë yØ tQ<àØTÕàÖÖ8Ø2êv"Ý ;Û BKqYÖ B :9 3ØBEr Ô ê ØdÔ BK5ß z VÔwß ±|yØ r Õà=ß W vr xÛ á ucJyØ r2FÕàß 5 ÜTÛbß Ô ÕàÔ¡ÖØdß+Ö
/ ¡J2ed"5 m Û;g$ÕzÜY¢VÕ.BEß Ý d"5£ BJrÜTÕzß"¢uÛaÔ_¢VÕ 5¤ ßÖmØÜdÛ;g$ë=:QÖYBJ]
ÖÖÕàØdÛb8ß 8ß BKBJß <-ÜdØBÜdÛ g$Õà¥ß "ë <àryØ [ØtQ<EÕàBKÖ8ÖêÕàÛb;Û =ß q B;<Ag$Õà"Ý ß BKAÕ geYÖ B B;9 <1BE]YÜÔ m8ØdÔ BE5 "ß vbØz Õàß½ßVÖyØÚ v;5¦rÕ×Ö)f ê yØ r geÖÛEBKÔ ÕàÔ"ß Õ ]á
7N;K?5Y@ Z35?:4 ß+ÖØyr¬ákBKßÝc;;§ ;¡5\"45 ÜYm8BJ: 9 á±Ø¬ÝÕ×ÖÛJrÔdá YK=PpZS ~ QPR¨ª©?HEZ ~ 
/ ba2 ^ 5. ;Û m "ë Ødrß]Õà"ß á vb« yØ r¬5 á > BxVAÕ ¢F:=geBxr¬.á BEß Ý 465¬ ØdÕàß 9 yØ rv 5¦7 ÜTÛ g]
Ö/ ¯x2 ë8§ BEBx5J_Ô rn¢VÕzÔÔ aØ ÛE5BEßz*ß ß ÛJBEq±_ß LÔ¡Ý Ö_®wr> ÕàZ[ß"5;X v;°á ]8c;ÝAÕ ;;ÕàÔ¡BEÖYßFBE55"ß£ ÜdØ+ÛVg$ÝQ[Ø ØW<FÖ_g$rÕzÜTÕàß ÔsAÕ g$qÛJAÕr±aBKß8ÖBJÕàg$Ûbß2Øy]ÕàßgegeBKÖBJÜYrm ¢uÕàß=xÛ v
Y
ÝØdH;ÜTKaÕzÔU[ÕàZ ÛE~ ßZ3K?ë"YrZDÛ+ÜdH;ØTKÔ Ô ØdÔ ~ 5=PRQz oßy|\QRN~ .HaYYZK"Z_PpM;ZyQK QE;TZ3K?HVU\YZ Pá{==ëZsB;²yvb³LØTPÔ *0a´ ;¯N;xPR=QSH;0K800Ná
0a`;`OF5
/ a2¤l*5¬ 9 :=m"rBEß Ý § 5 >yÛ µ<A<zyØ ¢uØ 5{7 "ë rÛ 9 B 9 EÕ <àÕ Ô¡ÖÕàÜ r[Ø <EB^ÖÕzÛE8ß BJ<
B;Ý=<AB^vbÖYØ B 9 rYBKBÔ Ø$qL;Û rÔ¡êQÖ Ô¡mÖØ±Ø[g$Õàß+ÔÖ5[Ø v;rYB^ÖÕà¶·Ûbßa© ;Û q~ NJÕàLßK=qTy;Û ¸orYgeK[UaB^¸ÖÕàÛbiß¨JTrPpØT¸ á _Ö r0aÕà[Øb Ù 0BJìW<FÞ BEß caÝ
¯¯ á 0a`;`O5
/ x2 °*5*j5*£ ÛE8ß B;m=BEß 5¹7 _Ô :LruØTê=JÛ q|8ë Bxr ÖEÕ B;<×êBÛ 9 Ô 3Ø rB 9 <àØ
gevbJÛ BJrrÕàÖ ¢um"Ûxg$Ô ÝQ5oØd¶ ÜdÕàÔ N;ÕàK8ÛbßNaZ3ëLerÛ+Z3ÜdK"ØdP Ô Ô  ØdyÔdQÞwZ3K8§\Ym Z áØdÛJc;r  ê+Þ 03á\8g$0[¯ ÛVá Ý0[Øy<z`ÔdOá\cBE5 ß Ý)B;<1]
/ `x2e75 £ ÛE=ß vbºØ BEßÝ  5 j <E¢;BEß 5 7 ß½yØ »$ÜTÕzØTßVÖ=ÝÛ geBKÕà"ß ]
Õà"Ý ß:Ý=ë ØT<àënÕ aÜ ØdBKßÖÝQØ2Ød"Ýß+BKÖYÖ B B;9 <AvEBEÛ;Ô rØ Õ×Örm=Ødg¹ÜT;Û rÝqLÛ;Ô r5z ÝQß ØTÖWsØdÜT¼ ÖÕà¶ ß=vW á BE0aë`;ë"`OrFÛa5tQÕAgeBKÖØ[<×ê
/10ax2 £ P5HaY«.":NJÖTYyØ PRQRr geBKW ß ¨;5sK8¶N;+N QS~_ ½ H;¾ W H ZyN;Q+TYQRH;*K QKF|\;~ 5ÀHaYZ3d TTyZ3T¿ W QT3 ~ Z3PpZ
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Introduction

RFID (radio frequency identification) technology uses
radio-frequency waves to transfer data between readers and movable tagged objects. Thus it is possible to
create a physically linked world in which every object
can be numbered, identified, cataloged, and tracked.
RFID is automatic and fast, and does not require line
of sight or contact between readers and tagged objects. With such significant technology advantages,
RFID has been gradually adopted and deployed in a
wide area of applications, such as access control, library checkin and checkout, document tracking, smart
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RFID holds the promise of real-time identifying, locating, tracking and monitoring physical objects without line of sight, and can
be used for a wide range of pervasive computing applications. To achieve these goals,
RFID data has to be collected, filtered, and
transformed into semantic application data.
RFID data, however, contains false readings
and duplicates. Such data cannot be used
directly by applications unless they are filtered and cleaned. While RFID data often
arrives quickly and is in high volume, its detection usually demands efficient processing,
especially for those real-time monitoring applications. Meanwhile, the order preservation
of RFID tag observations are critical for many
applications. In this paper, we propose several
effective methods to filter RFID data, including both noise removal and duplicate elimination. Our performance study demonstrates
the efficiency of our methods.
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Figure 1: Pervasive Computing with RFID
box [1], highway tolls, supply chain and logistics, security, and healthcare [2].
One major problem to be solved in pervasive computing is to identify and track physical objects, and
RFID technology is a perfect fit to solve this. By tagging objects with EPC 1 tags that virtually represent
these objects, the identifications and behaviors of objects can be precisely observed and tracked. RFID
readers can be deployed at different locations and networked together, which provides an RFID-based pervasive computing environment. This is illustrated in
Figure 1, where L1 – L6 denote different locations
mounted with readers. Tagged objects moving in this
environment will then be automatically sensed and observed with their identifications, locations and movement paths.
Readers’ observations, however, are raw data and
can contain a lot of duplicate and false readings. Thus
the first step to integrate RFID data into pervasive
computing applications is to filter RFID observations.
RFID data are generated quickly and automatically,
and can be used for real-time monitoring, or accumulated for object tracking. To filter the high volume
real-time RFID data streams, efficient methods are essential, especially for real-time applications.
The filtered RFID data often need to preserve the
original order, i.e., the first observed tagged object will
be output first after filtering. Such order can be critical for many RFID applications. For example, a nurse
uses a wearable reader to access RFID-tagged medical
items according to medical procedures. The order the
nurse accesses these medical items is critical: wrong
orders may cause a medical error or even lead to fatal
1 EPC – Electronic Product Code – is an identification scheme
for universally identifying physical objects, defined by EPCGlobal [3].

result. Thus, the correct ordering of RFID observations together with a workflow monitoring system will
minimize such errors.
In this paper, we propose effective and efficient algorithms for RFID data filtering, including noise removal
and duplicate elimination.
The paper is organized as follows. We first introduce the background of RFID data filtering in Section 2. Then in Section 3 we propose algorithms to
efficiently filter noise from RFID data, including the
problem of order preservation in the output. Next we
discuss algorithms for duplicate merging in Section 4.
Performance study of these methods is discussed in
Section 5, followed by Related Work and Conclusion.

2

Background

Due to the low-power and low-cost constraints of RFID
tags, reliability of RFID readings is of concern in many
circumstances [4, 5]. There are three typical undesired
scenarios: false negative readings, false positive readings and duplicate readings, discussed as follows.
• False negative readings. In this case, RFID tags,
while present to a reader, might not be read by
the reader at all. This can be caused by i) When
multiple tags are to be simultaneously detected,
RF collisions occur and signals interfere with each
other, preventing the reader from identifying any
tags; ii) A tag is not detected due to water or
metal shielding or RF interference.
• False positive readings(or noise). In this case, besides RFID tags to be read, additional unexpected
readings are generated. This can be attributed to
the following reasons. i) RFID tags outside the
normal reading scope of a reader are captured by
the reader. For example, while reading items from
one case, a reader may read items from an adjacent case; ii) Unknown reasons from the reader
or environment, for example, one of our readers
periodically sends wrong IDs.
• Duplicate Readings. This can be caused by the
following reasons: i) Tags in the scope of a reader
for a long time (in multiple reading frames) are
read by the reader multiple times; ii) Multiple
readers are installed to cover larger area or distance, and tags in the overlapped areas are read
by multiple readers; and iii) To enhance reading
accuracy, multiple tags with same EPCs are attached to the same object, thus generate duplicate
readings.
In practice, readings are often performed in multiple cycles to achieve higher recognition rate [5]. In
this way, false negative readings can be significantly
reduced. Meanwhile, noisy readings (or false positive

readings) generally have a low occurrence rate compared to normal true readings. Thus only those readings that have significant repeats within certain interval are considered to be true readings. This, however,
will further produce much more duplicate readings.
Based on above observations, we develop effective
and efficient RFID data filtering techniques to generate clean RFID data, which can be further interpreted
and integrated into RFID-based applications. In this
paper, we study two types of filtering: noise is removed
from RFID data (denoising or smoothing), and duplicates are merged into one distinct reading (duplicate
elimination, or merging). We develop algorithms that,
compared to baseline implementations, work more efficiently while requiring less buffer space for history
storage for both denoising and duplicate elimination.
Furthermore, we discuss the issue of output time ordering for denoising and show our method can address
this issue efficiently.

3

Denoising in RFID Data Streams

Based on the discussion above, since multiple reading cycles are performed on tagged objects and noise
readings normally have a low occurrence rate, we propose sliding window based approaches to solve the
problem. A sliding window is a window with certain
size that moves with time. Suppose the window with
size window size has a time coordinate of [t1 , t1 +
window size], after τ , the coordinate will become [t1
+ τ , t1 + window size + τ ].
RFID reading tuples will enter the window and get
expired as time moves. Therefore, the noise readings
are readings with count of distinct tag EPC values below a noise threshold. Denoising essentially performs
the following operations: within any time window with
size of window size surrounding an RFID reading, if
the count of the readings with same tag EPC values appears equal to or above threshold, then the observed
EPC value is not noise and needs to be forwarded for
further processing; otherwise the reading is discarded.
Two parameters used here are window size of a sliding
time window, and a threshold for noise detection.
An RFID observation (reading) is in the form
of: (reader id, tag id, timestamp), which refers to
the EPC [3] of the RFID reader, the EPC of the tagged
object, and the timestamp of this observation respectively. In the algorithms presented below, the key of
a reading can be usually considered to be the pair
of (reader id, tag id) in the reading. For the case
where multiple readers are used to observe same tags,
the key will be tag id.
Baseline Denoising: A Base Approach We
first show a baseline implementation of denoising
as shown in Algorithm 1, which we refer to as
baseline denoising.
In this algorithm, intuitively, for each incoming

Algorithm
1
Baseline denoise
window size, threshold)

(params:

1: WINDOWBUFFER ← empty queue {FIFO queue to

hold sliding window of readings}
2: loop {loop forever for next incoming reading}
3:
INCOMING ← the next reading
4:
append INCOMING to the end of WINDOW5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

BUFFER
EXPIRETIME ← INCOMING.timestamp - window size
while the head of WINDOWBUFFER is older than
EXPIRETIME do
remove the head of WINDOWBUFFER
end while
COUNT ← count of readings in WINDOWBUFFER whose key equals to INCOMING.key
if COUNT ≥ threshold then
for each of the reading R in WINDOWBUFFER
with key equals to INCOMING.key do
if R has not been output before then
output R
set STATE-OF-OUTPUT as true
end if
end for
end if
end loop

reading of value R, we perform a full scan of the preceding sliding time window of size window size. If R
appears more than threshold times within the window, we know this is not a noise reading thus we output every R in the window. To ensure a particular
reading is never output more than once, we keep a
state-of-output with each reading in the window
buffer and set it to true once it is output once.
Complexity. Assume on average there are n readings in the sliding window, with k distinct keys. Since
the operations are repeated for each incoming tag reading, we analyze the time cost on a per-reading basis. The bulk of the time cost is from 4 operations:
inserting the incoming reading into the window, removing expired readings from the window, computing
the count of the readings with the same key, setting
state-of-output and outputting readings of the same
key if threshold condition is satisfied. Since all readings are maintained in the same FIFO (First-In, FirstOut) queue, both insertion of new readings (appending
to the end of queue) and removal of expired readings
(removing from the head of queue) can be considered
constant time ( O(1) ) operations. (Strictly speaking,
expiration is amortized (O(1)) per incoming reading
here, since on average there is only one expiration per
new arrival, although individual incoming reading may
trigger different number of expirations.) On the other
hand, both counting and setting state-of-output
is performed by linearly scanning the full window.
Counting is always performed for each incoming reading, thus the cost is Θ(n). Setting state-of-output

and outputting only occur when threshold condition
is satisfied, thus the cost can be considered to be
bounded by O(n), which leaves the total cost per incoming reading to be O(1)+O(1)+Θ(n)+O(n) = Θ(n).
Space Cost.
The space cost for the baseline denoise algorithm is basically the storage for the
sliding window itself, thus Θ(n).
It is natural to see that, with some additional space
cost, we can incrementally maintain an extra counter
for each distinct tag EPC value using a hashtable
(which takes Θ(k) space), thus reduce the counting
cost for each incoming key value. That is, for each incoming reading we increment the counter for the corresponding key in the hashtable, and for each expired
reading we decrement the counter for the corresponding key. This reduces counting to an O(1) operation,
although we still can not avoid the O(n) operation of
setting states-of-output and outputting readings.
3.1

Lazy Denoising with Output Order Preserving Using Hashtable
There is one problem in the baseline denoise algorithm: the output readings may be out of order if
we output immediately upon determining a reading is
non-noise, i.e., a reading observed earlier may be output later. This affects all further RFID data processing
where correct ordering of observations is critical, such
as complex RFID event detections for real-time RFID
applications and RFID data aggregation [6]. For example, we may need to detect a certain sequence of
events, A followed by B, if the order is reversed an
alert has to be raised. In this scenario, not preserving
output ordering of tags will result in both false alerts
and false acceptances.
The following example shows how this out-of-order
problem might happen.
Example 1: out-of-order observations. Suppose two
tags are being read at two readers attached to the same
host computer. Each tag is repeated 10 times with
an interval of 100msec, thus the window size here is
1000msec. A reading is considered to be non-noise if
it appears 6 times out of any 1000msec time-window
around it. Assume the two tag keys are 1 and 2, and
the actual readings appear in sequences as shown in
Table 1, where tag 2 arrives 100msec later after tag 1
arrives. The readings of 4, 5, 8, 9 are noise2 .
Although tag 1 and tag 2 both have 2 noise readings
in this example, due to different positions of the noise,
ID 2 is actually determined as a non-noise reading first
(at time 700msec), while ID 1 is determined as a nonnoise later (at time 800msec), although tag 1 arrives
earlier than tag 2. Therefore, if we output readings
2 This example also illustrates how to set the window size
parameter for the algorithm. In most cases, this parameter is
dictated by the repeat count of a tag, as well as the interval
between repeats. The other parameter, threshold, however,
will need to be tuned based on error rates.

Time(msec)
100
200
300
400
500
600
700
800
900
1000
1100

Tag 1 Reading
1
4
1
1
5
1
1
1*
1
1

Tag 2 Reading
2
2
2
2
2
2*
8
2
9
2

Algorithm 2 Lazy denoising (params: window size,
threshold)
1: WINDOWBUFFER ← empty queue {FIFO queue to

hold sliding window of readings}
2: TABLE ← empty hashtable {hashtable to map each

key to a counter}
3: loop {loop forever for next incoming reading}
4:
INCOMING ← the next reading
5:
mark INCOMING as noise
6:
append INCOMING to the end of WINDOW7:
8:

Table 1: Arrival Time of Readings for Tag 1 and Tag
2 (* indicates the earliest time point that the reading
can be determined as non-noise)
immediately after we detect them as non-noise, as is
done in the baseline denoise algorithm, we will then
output readings with their timestamps out of order. If
we represent the output as (id, time), then at time
700msec and 800msec the output for this example is:
Time 700: (2,200) (2,300) (2,400) (2,500) (2,600) (2,700)
Time 800: (1,100) (1,300) (1,400) (1,600) (1,700) (1,800)

Clearly, the reading of tag 1 at time 100msec will be
output later than the reading of tag 2 at time 700mec.
This will present a problem for any algorithm that is
dependent on correct time-ordering of readings.
To solve the out-of-order problem, one solution is,
when a reading is determined as non-noise, mark the
reading as non-noise but not output it yet. The output
happens only if a reading marked as non-noise gets expired from the window. With the FIFO queue for the
window, it is therefore very efficient to output readings
in their correct order.
Algorithm 2 – Lazy denoising – incorporates the
above-mentioned improvements. A hashtable of counters are maintained for each distinct key value R that is
still present in the sliding window, and the corresponding counter is incrementally updated for each incoming
tuple and expiring tuple. At any point of time, if the
count of R in the window is higher than threshold,
we mark all readings of R as non-noise. To ensure the
correct output order, we delay the output of all nonnoise tuples till they expire from the sliding window.
At this point we know for sure all non-noise tuples will
be in order, since the noise readings that have already
expired will never turn to non-noise to affect the order.
Complexity. With incremental counter maintenance using a hashtable, the cost of counting operation for each incoming reading is reduced from Θ(n)
to O(1), at the expense of an extra Θ(k) space. With
output-on-expire, it guarantees that the output is in
correct time order at no extra time or space cost. The
cost of hashtable maintenance (inserting and removing
keys from the hashtable) is on-average upper-bounded

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

24:
25:
26:
27:
28:
29:
30:
31:

BUFFER
if the counter at TABLE[INCOMING.key] does not
exist then
store a counter at TABLE[INCOMING.key] with
value 1
else
increment
the
counter
at
TABLE[INCOMING.key]
end if
EXPIRETIME ← INCOMING.timestamp - window size
while the head of WINDOWBUFFER is older than
EXPIRETIME do
if the head reading is marked as non-noise then
output the head of WINDOWBUFFER
end if
remove the head of WINDOWBUFFER
decrement the counter in TABLE for the corresponding key
remove the slot in TABLE if the counter for this
key becomes 0
end while
COUNT
←
counter
value
at
TABLE[INCOMING.key]
if COUNT ≥ threshold then
for each of the reading R in WINDOWBUFFER
with key equals to INCOMING.key, by reverse
time order do
if R is marked as noise then
mark R as non-noise
else
break the for loop
end if
end for
end if
end loop

by O(1) for each incoming reading, and due to repeating, not every incoming reading will introduce a new
key.
Notice that, in general, if each key is repeated for a
fair amount of time (say 10 times, which is common in
practice), and the noise ratio is small (say 1%), then k
can be considered to be an order of magnitude smaller
than n. As the noise ratio gets higher, the difference
between k and n become smaller. If we assume each
tag is repeated for r times, and overall there is a p
percent chance that a reading is noise, then we have
the relationship that k = n ∗ ( 1r + p).
Baseline (Ordered). In the experiments section,

a Baseline (Ordered) algorithm is used for comparison with Baseline denoising and Lazy denoising. This
algorithm is exactly the same as Baseline denoising
when searching for non-noise readings, as it scans the
full window each time. However, it also tries to output
tuples in order by only outputting a reading when it
expires from the window. The details of this algorithm
are omitted here since it is a straightforward extension
of Baseline denoising and has exactly the same complexity bounds.
3.2

Eager Denoising: Output Data Early with
Order Preservation

Although output-on-expire is efficient and straightforward, it does have a negative consequence of introducing more delay for outputting readings. Instead of
being output on the fly at the time of determination
to be non-noise, a reading will not be output until it
is expired from the sliding window. This could be a
problem if the width of the window is quite long. This
indeed can be improved for situations where a reading
can be output earlier while correct time order can still
be preserved.
In fact, the issue of order disturbance occurs only
if a reading has been output before the change of labeling on some earlier reading from noise to non-noise
within the window. Therefore, for a non-noise reading
that we know no other earlier noise reading is present
in the sliding window, we can then safely output it
without the risk of order problems. This technique is
incorporated in Algorithm 3 – Eager denoise.
Algorithm Eager denoise (Algorithm 3) improves
over Algorithm Lazy denoise (Algorithm 2) by outputting non-noise readings more eagerly: as soon as
there is no more noise before the non-noise reading
within the sliding window, the non-noise reading is
output. To achieve this, the algorithm keeps track of
the first noise reading (FIRSTNOISE) inside the window at all times. Then an invariant is kept at the end
of processing each incoming reading, such that all the
non-noise readings before FIRSTNOISE are output,
and all the non-noise readings after FIRSTNOISE are
not. (In the case of no presence of noise, everything
is output at the end of the processing of the incoming reading). To maintain this invariant, each time
FIRSTNOISE changes – either by expiring the reading
out of the window, or due to setting of non-noise when
its key appearance is more frequent than the threshold
– we output all non-noise readings by time order until
we find the next FIRSTNOISE in the window.
Therefore in this algorithm, in a nutshell, for each
incoming reading and each expiring reading we incrementally update the corresponding counter for each
distinct tag EPC value in the hashtable. Once the
counter for value R is higher than threshold, we set
all readings of R in the window to be non-noise. We
immediately output the non-noise reading of value R

Algorithm 3 Eager denoise (params: window size,
threshold)
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:

40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:

WINDOWBUFFER ← empty queue
TABLE ← empty hashtable
FIRSTNOISE ← null {keep earliest noise in window}
loop {loop forever for next incoming reading}
INCOMING ← the next reading
mark INCOMING as noise
if FIRSTNOISE = null then
FIRSTNOISE ← INCOMING
end if
append INCOMING to end of WINDOWBUFFER
if the counter at TABLE[INCOMING.key] does not
exist then
initiate TABLE[INCOMING.key] with counter 1
else
increment TABLE[INCOMING.key]
end if
EXPIRETIME ← INCOMING.timestamp - window size
SEARCHFIRST ← false
while the head of WINDOWBUFFER is older than
EXPIRETIME do
if SEARCHFIRST = false ∧ the head reading is
marked as noise then
SEARCHFIRST ← true
FIRSTNOISE ← null
else if SEARCHFIRST = true ∧ the head reading
is marked as non-noise then
output the head of WINDOWBUFFER {this is
a non-noise reading after the previous expired
FIRSTNOISE}
end if
remove the head of WINDOWBUFFER
decrement the counter in TABLE for the corresponding key
remove the slot in TABLE for 0-counts
end while
COUNT
←
counter
value
at
TABLE[INCOMING.key]
if COUNT ≥ threshold ∨ SEARCHFIRST = true
then {If either the threshold condition is met, or
we need a new FIRSTNOISE, scan the window}
for each of the reading R still in WINDOWBUFFER according to time order do
if COUNT ≥ threshold ∧ R.key = INCOMING.key ∧ R is marked as noise then
if SEARCHFIRST = false ∧ R = FIRSTNOISE then
SEARCHFIRST ← true
FIRSTNOISE ← null
end if
mark R as non-noise
if SEARCHFIRST = true ∨ R.timestamp <
FIRSTNOISE.timestamp then
output R {output the newly-determined
non-noise reading, if either the next
FIRSTNOISE is unknown, or it is earlier
than the known FIRSTNOISE}
end if
else if R is non-noise ∧ SEARCHFIRST = true
then
output R {output the existing non-noise
reading, only if the next FIRSTNOISE is not
determined yet}
else if SEARCHFIRST = true ∧ R is marked
as noise then
SEARCHFIRST ← false
FIRSTNOISE ← R
if COUNT < threshold then
break the while loop
end if
end if
end for
end if
end loop

once we can determine that there are no more noise
readings before this reading in the sliding window.
Complexity. Compared to Lazy denoise, Eager denoise performs one more operation: the maintenance of FIRSTNOISE. An extra linear search on the
window is performed whenever FIRSTNOISE changes,
and the search is obviously less frequent than one time
per incoming reading. Therefore the bound of O(n)
processing time per incoming reading still remains the
same.

4

Algorithm 4 Baseline merge (param: max distance)
1: WINDOWBUFFER ← empty queue {FIFO queue to

hold sliding window of readings}
2: loop {loop forever for next incoming reading}
3:
INCOMING ← the next reading
4:
EXPIRETIME ← INCOMING.timestamp

6:
7:
8:
9:
10:
11:
12:
13:

1: TABLE ← empty hashtable {hashtable to store the

last appearance time for each key}
2: loop {loop forever for next incoming reading}
3:
INCOMING ← the next reading
4:
if
INCOMING.timestamp
5:
6:
7:
8:

TABLE[INCOMING.key] > max distance then
output INCOMING
end if
update TABLE[INCOMING.key] to be INCOMING.timestamp
end loop

Duplicate Elimination (Merging)

When noise in the readings is eliminated, duplicate readings for the same tag have to be recognized and only the first (or the earliest) one among
all duplicates should be retained. Our duplicateelimination (or merging) algorithms take one parameter – max distance. If a reading is within
max distance in time from the previous reading with
the same key, then this reading is considered a duplicate. Otherwise, it is considered a new reading and is
output.
Algorithm 4 – baseline merge – performs duplicate
elimination by simply keeping a sliding-window of size
max distance. For each incoming reading, if there
exists another reading in the window with the same
key, then it is considered a duplicate, otherwise it is
output as a new reading.

5:

Algorithm 5 Hash merge (param: max distance)

max distance
while the head of WINDOWBUFFER is older than
EXPIRETIME do
remove the head of WINDOWBUFFER
end while
go through WINDOWBUFFER to look for another
reading with the same key as INCOMING
if nothing is found then
output INCOMING
end if
append INCOMING to the end of WINDOWBUFFER
end loop

Complexity In baseline merge, a linear scan is performed on the full window for each incoming reading,
therefore the time cost is Θ(n). The space cost is simply the window itself in a FIFO queue, at Θ(n).
Baseline merge is intuitive and can be also easily realized in some systems that support the concept of sliding windows. For example, a SQL-based DSMS(Data
Stream Management System) can code baseline merge
as the following continuous query, assuming a data
stream schema of Readings(key, time):
SELECT key, time
FROM Readings R1

WHERE NOT EXISTS
( SELECT *
FROM Readings R2
OVER(max distance milliseconds PRECEDING R1)
WHERE R2.key = key
AND R2.time <> time)

Baseline merge carries a Θ(n) time cost per incoming reading, and a Θ(n) space cost, both of which can
be further improved. In fact, it is straightforward to
see that it is not necessary to keep a max distance window worth of readings in order to determine whether
an incoming reading is a duplicate. All that needs
to be maintained is a timestamp to indicate the last
time a reading with the same key as the incoming
reading appears. If the distance between the incoming timestamp and the last timestamp is larger than
max distance, then we treat it as a new reading and
output it.
Algorithm 5 uses a hashtable to keep the last appearance timestamp for each distinct key value. For
each incoming reading, its timestamp is compared to
the corresponding entry for this key in the hashtable,
and the reading is determined to be a new tag reading
if the key does not appear in the table, or the time
distance is larger than threshold.
Complexity. Since the hashtable keeps one entry per distinct key value, the average space cost is
now Θ(k), compared to Θ(n) of base merge. Furthermore, the time cost per incoming reading is now reduced to O(1) for hashtable lookup, instead of a full
scan of Θ(n). The cost of maintaining the hashtable
is less than O(1) on-average for each incoming tuple,
since not every incoming/expiring tuple will cause insertion/deletion of keys from the hashtable.

5

Performance Study

For experiments, a random RFID reading generator
was created, which generates RFID tag reading according to a Poisson process. The Poisson process generates tag readings with random arrival time, while the
arrival time conforms to a Poisson distribution with a
chosen average tag arrival rate. Each generated tag
reading repeats for 10 times, with some chosen noise
level (a certain percentage of the reading are noise).

Figure 2: Noise Elimination: Delay under Different
Arrival Rates

Figure 3: Noise Elimination: Delay under Different
Noise Percentage

5.1

it utilizes hashtables to reduce the overhead. Eager denoise has the best performance of all, since it
not only utilizes the hashtable optimization, but also
outputs readings as soon as they are safe to output.
Overall, Eager denoise has the best performance under all load conditions.

Performance of Denoising under Different
Arrival Rates

In the first experiment, we study the performance of
the various algorithms under different tag rates. The
random generator is fixed with the following parameters: each tag reading repeats 10 times, with 200 milliseconds gap between the repeats, and a 5 percent of
tag readings are noise. The average tag arrival rates
tested include: 1 tag/sec, 5 tags/sec, 50 tags/sec and
500 tags/sec. (With repeats set to 10/tag, the total
reading arrival rates are 10/sec, 50/sec, 500/sec and
5000/sec, respectively.) Average filtering delay over all
output readings is used to measure the performance of
the algorithms.
In Figure 2, four algorithms are used to filter the
reading to perform denoising. Baseline (Unordered)
corresponds to the Baseline denoise algorithm presented above, which performs denoising without any
optimization, and output the readings in incorrect
timestamp order. Baseline (Ordered) is a modified version of the Baseline denoise algorithm, which also performs denoising without any optimization, but outputs
the readings in correct orders by outputting at the time
of expiring from sliding window. Lazy denoise and Eager denoise are exactly as described above, and both
output readings in correct time order.
All four algorithms function correctly to filter out
the noise readings, and the three ordered-output algorithms also proved to maintain the correct ordering. Figure 2 shows the performance of the algorithms
in terms of average delay of readings. Baseline (Unordered) works well with low tag rates, because it completely ignores the output time order issue and therefore has the advantage of output immediately on detection. Its performance degrades under high tag rate
situations due to large overhead of linear scanning of
the large sliding window under high rates. Baseline
(Ordered) has the worst performance of all, since it
has no optimization, while it still tries to maintain
the timestamp ordering. Lazy denoise performs better than Baseline (Ordered) under high loads because

5.2

Performance of Denoising under Different
Noise Ratio

The Baseline (Unordered), Lazy denoise and Eager denoise algorithms are studied for the performance
under different noise ratio. The random generator is
fixed with the following parameters: each tag reading
repeat 10 times, with 200 milliseconds gap between
the repeats, and overall tag arrival rate is 1/second.
Then different noise ratios are tested, including 1%,
5%, 20% and 50%.
Again, from Figure 3, Baseline (Unordered) works
well in terms of performance since it ignores the ordering issue and outputs immediately upon detection,
but its output readings are in incorrect time order.
Lazy denoise has to wait until the readings get expired from the sliding window, therefore it has the
largest delay. The interesting observation is that, under low noise ratio, Eager denoise works almost as well
as Baseline (Unordered), although it maintains the
correct output time order. That is because when noise
ratio is low, it is more likely for a non-noise reading
to be output early under Eager denoise, when there
is no more noise preceding it in the sliding window.
However, as noise ratio gets higher, Eager denoise gets
closer to Lazy denoise since there are more and more
noise readings present to prevent early outputting.
Nonetheless, overall Eager denoise always works better than Lazy denoise.
5.3

Performance of Duplicate Elimination

We study the performance of the two duplicate elimination algorithms (Baseline merge and Hash merge)
under different tag arrival rates. The random generator is fixed with the following parameters: each

can not be applied to RFID data, since accuracy is
among the top priority for RFID data processing.
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Figure 4: Duplicate Elimination: Delay under Different Arrival Rates
tag reading repeat 10 times, with 200 milliseconds
gap between the repeats, and a 0 percent noise (since
here we are testing duplication elimination only, noise
are presumed already removed by previous filtering).
Then the performance is tested under different average
tag arrival rates, including 10 tags/sec, 50 tags/sec,
250 tags/sec and 1000 tags/sec. (With repeats set
to 10/tag, the total reading arrival rates are 100/sec,
500/sec, 2500/sec and 10000/sec, respectively.)
Both algorithms are able to eliminate duplicate
readings and only output the corresponding reading once. However, it is clear from Figure 4 that
Hash merge is far-superior than the baseline implementation. The delay is basically negligible even under
an arrival rate of 10,000 readings/sec (1000 tags/sec)
for Hash merge, while Baseline merge starts to cause
large delays after tag rate reaches 500 readings/sec(50
tags/sec).

6

Related Work

RFID data filtering needs to remove noise and duplicate from continuous high volume RFID data streams
generated from RFID readers. Such filtering is essential to provide accurate data used for RFID-enabled
pervasive applications. While RFID data filtering
is supported in RFID Middleware systems such as
[7, 8, 9], large volume real-time RFID data streams
demand more efficient approaches for filtering these
data.
RFID data processing is a hybrid of event processing and stream processing. Past work on event detection and processing – such as [10, 11] – is not concerned with processing speed and memory management issues, where events are normally generated from
databases and different from events from high-speed
event streams. On the other hand, past work on data
stream processing and continuous query optimization
[12, 13, 14] assumes accurate stream sources and is not
concerned with RFID application-specific issues, such
as the existence of noisy and duplicate readings.
In [15], a probability-based approach is provided to
detect duplicate in web click streams. This approach

Conclusion

In this paper, we identify the problem of RFID data filtering and develop efficient methods to eliminate noise
and duplicate from RFID observations. Specially, for
noise filtering (denoising or smoothing), we propose
an approach for more efficiently maintaining the original time order of observations in the output; and for
duplicate elimination, the approach that we formulate
can minimize memory requirement for history buffering. We then perform experiments to validate our approaches through simulated RFID data generator and
demonstrate that our approaches are effective and efficient. Our approach of data filtering is essential to
provide clean and correct RFID data before they can
be further processed, transformed, and integrated for
RFID-enabled pervasive applications. The techniques
also provide an important reference for building RFID
Middleware [7, 8, 9] where filtering is a critical component.
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Abstract
The paper presents a data cleansing technique for
string databases. We propose and evaluate an
algorithm that identifies a group of strings that
consists of (multiple) occurrences of a correctly
spelled string plus nearby misspelled strings. All
strings in a group are replaced by the most frequent string of this group. Our method targets
proper noun databases, including names and addresses, which are not handled by dictionaries.
At the technical level we give an efficient solution for computing the center of a group of strings
and determine the border of the group. We use inverse strings together with sampling to efficiently
identify and cleanse a database. The experimental
evaluation shows that for proper nouns the center calculation and border detection algorithms
are robust and even very small sample sizes yield
good results.

1 Introduction
The high-dimensional nature of the string space puts forward a number of problems that do not exist in the numeric
domain. However, besides the added complexity, strings
also offer unique opportunities. In this paper we describe a
solution that takes advantage of the high-dimensional space
to clean databases of proper nouns, i.e., strings that do not
occur in dictionaries.
Since strings are elements of a high-dimensional space
the distance between any two strings is typically large. An
exception are misspelled strings, which tend to be located
near correctly spelled strings. The combination of these
two properties means that small hyper-spheres can be used
to cluster a string database. The hyper-spheres are far from
each other, and each hyper-sphere encloses the correctly
spelled string and the nearby misspelled strings.
Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise,
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CleanDB, Seoul, Korea, 2006

Figure 1 illustrates the setting for strings george, sydney, and jacob, together with misspelling of these strings.
We describe a solution to group misspellings of a string by
identifying the border and center of a hyper-sphere.
border
jacob
jakob
jacop
jacab jacob jocob

qeonqe
geonge

george
george
qeonge
georqe
georgue

gacob
sydni
sydney
sydny

gacop
jakab

Figure 1: Database of Proper Nouns with Misspellings
The border detection algorithm is based on the string
proximity graph (cf. Section 4.1), which captures the properties of proper noun databases with misspellings. The
string proximity graph shows that in the immediate neighborhood of a string the number of strings is growing because of the misspellings. As we further increase the neighborhood the number of strings does not grow. There are no
misspellings in this area and the other strings are further
away because of the high-dimensional nature of the string
space. The point at which the clusters stops to grow indicates the border of a group of misspelled strings.
The computation of the border and center is done in parallel. We start with a random string that has not yet been
processed and identify all strings that are within distance
one from this string. Next we adjust the center of the cluster and increase the radius. The adjustment of the center
makes the method more robust, so that it also applies to
groups of strings that are not far away from each other. As
soon as an increase of the radius does not further increase
the number of strings we have found a group and proceed
with another string that has not yet been processed. The
process stops when all the strings have been grouped.
The contributions of the paper are the following:
• We introduce a new cleansing technique for string data
with typos. The solution is based on the (i) border detection and (ii) the center adjustment. The computation of the distance between strings is done with the
help of q-grams of strings (substrings of length q).
The center of the cluster is modeled as a bag of the

most frequent substrings of length q of the strings in
the group. Thus, the center reflects the substrings that
are common for the strings and neglects substrings
that are the result of infrequent misspelling.
• We use inverse strings (IS) to determine close-by
strings and to compute the border of the cluster. Inverse strings associate with each q-gram the string IDs
that contain the q-gram. Even with inverse strings the
computational complexity of the border detection is
combinatorial wrt the length of the center string and
radius of the cluster. We use sampling to approximate
the border detection. This yields a linear complexity
wrt the size of the sample.
• We provide experimental result for the border detection and data cleansing algorithms. We show that the
border detection is robust and that even small sample sizes ensure good approximations of the border of
clusters and a low cleansing error.
The organization of the paper is the following. Section 2
presents related work. Q-grams and inverse strings are reviewed in section 3. Border detection and computation of
the center string are introduced in section 4. Approximation of the border with the help of IS data structure and
sampling are described in section 5. Section 6 presents the
algorithm of the cleansing of the data. We give an experimental evaluation in section 7. Finally, section 8 concludes
the paper and offers future work.

2 Related Work
Fuzzy retrieval is the closest related work to our approach.
Fuzzy retrieval algorithms get as input a string and threshold, and output strings that are within the given threshold.
Chaudhuri et al. [2] introduce an algorithm that retrieves
tuples that exactly match the query string with a high probability. Jagadish et al [10] and Ciaccia et al. [4] propose a
family of index structures that support exact, prefix, and approximate queries on multi-string attributes. Jin et al. [12]
propose an index structure that supports mixed types (string
and non-string) of attributes for approximate retrieval.
Automatic spell checking techniques [13, 9] compare a
potentially misspelled word with the words in a dictionary
or a model based on the dictionary. They output a correction (or a set of corrections) for a given error threshold or
r number of requested answers. If r is given the dictionary
(or the model) is queried a number of times for different
incremental thresholds until the size r is reached. In this
paper we show how to automatically compute the threshold (border of the cluster).
Efficient approximation of selectivity for a given string
and edit distance (overlap threshold) is investigated in [11].
This provides important statistical information about the
string data. In this paper we focus on precise computation
of the center and the border of a cluster, though both our
border detection and approximate selectivity solutions can
be combined. Our border detection algorithm can query for

approximate string selectivity, and use the result to detect
border of the cluster. Then inverse strings can be used to
cluster and cleanse the data.
There is a large body of work in the area of the similarity metrics for string attributes. Such measures include
edit distance [8] q-grams, cosine similarity [6, 3, 7] and
its variants [5, 14]. Ananthakrishna [1] proposes a textual
similarity function for strings.

3 Background
3.1 Q-grams
Definition 3.1 [q-grams.] The q-grams of a string α are
obtained by sliding a window of size q over the characters
of α. Since at the beginning and at the end of the string
we have fewer characters than q, we extend the string by
prefixing it with q − 1 occurrences of # and suffixing it
with q − 1 occurrences of $. We assume that symbols # and
$ do not occur in the input strings.
Example 3.1 [q-grams.] Let α = george and q=2. The
q-grams of string α are
B(george) = {#g 1 , ge1 , eo1 , or1 , rg 1 , ge2 , e$1 }.
In order to distinguish different occurrences of the same
2-gram we associate each q-gram with a sequence number (displayed as a superscript). For example, 2-gram ge1
denotes the substring at the beginning of the string, and
2-gram ge2 denotes the substring at the end of the string
(positions 5–6 of the input string).
3.2 String Overlap
Overlaps of q-grams quantify the closeness of strings. The
more two bags overlap, the closer the strings are to each
other. We define the overlap of two strings as the number
of q-grams they share.
Definition 3.2 [Overlap of strings α and β]. Let α and β
be two strings. Then the overlap of the strings is
o(α, β) = |B(α) ∩ B(β)|,
where |X| denotes the cardinality of set X.
Our clustering strategy is based on the overlap between
strings. We cluster strings together if they have a high overlap, and we assign strings to different clusters if the overlap
between strings is low.
Example 3.2 [Overlap of strings.] Let α1 = jacob, α2 =
jacop, β1 = syndni, β2 = syndny. Then
o(jacob, jacop) = |{#j 1 , ja1 , ac1 , co1 }| = 4
Since the overlap between the strings is high, we assign α1
and α2 to one cluster. Similarly, since o(sydny, sydni) = 4,
β1 and β2 are clustered together. On the other hand, since
o(sydny, jacob) = 0, strings α1 , α2 , β1 , β2 are not put into
one cluster.

3.3 Inverse Strings

4.1 Border Detection

Inverse strings associate with each q-gram κ all string IDs
that contain κ as a q-gram.

Assume a center string ζ of a cluster. The border detection algorithm aims to find the smallest radius that separates
strings of this cluster from strings of other clusters. Since
we compare strings with the help of overlaps, this border is
the smallest overlap o that separates the cluster from other
cluster.
The border is computed by examining |Cd (ζ)| = |{α :
o(α, ζ) ≥ d}|, i.e., the number of strings that have an overlap of at least d with ζ. Consider the following example.

IS(κ) = {αi : κ ∈ B(αi )}
Example 3.3 [Inverse string.] Let the input database consists of six strings: α1 = jacob, α2 = jacop, α3 = jakob,
α4 = sydny, α5 = sydni, α6 = sydney. The bags of
2-grams for each string are:
B(α1 ) = B(jacob)

={#j 1 , ja1 , ac1 , co1 , ob1 , b$1 }

B(α2 ) = B(jacop)

={#j 1 , ja1 , ac1 , co1 , op1 , p$1 }

B(α3 ) = B(jakob)

={#j 1 , ja1 , ak1 , ko1 , ob1 , b$1 }

B(α4 ) = B(sydny)

={#s1 , sy 1 , yd1 , dn1 , ny 1 , y$1 }

B(α5 ) = B(sydni)

={#s1 , sy 1 , yd1 , dn1 , ni1 , i$1 }

B(α5 ) = B(sydney)

={#s1 , sy 1 , yd1 , dn1 , ne1 , ey 1 , y$1 }

The inverse string structure for all 2-grams is:
IS(#j 1 ) = {α1 , α2 , α3 }

IS(#s1 )

={α4 , α5 , α6 }

IS(ja ) = {α1 , α2 , α3 }

IS(sy 1 )

={α4 , α5 , α6 }

IS(ac1 ) = {α1 , α2 , α3 }

IS(yd1 )

={α4 , α5 , α6 }

1

1

IS(co ) = {α1 , α2 , α3 }
1

IS(ob ) = {α1 , α2 , α3 }
1

IS(b$ ) = {α1 , α3 }
1

1

={α4 , α5 , α6 }

1

={α4 }

1

={α4 , α6 }

1

IS(dn )
IS(ny )
IS(y$ )

IS(ak ) = {α3 }

IS(ni )

={α5 }

IS(p$1 ) = {α2 }

IS(i$1 )

={α5 }

1

IS(ko ) = {α3 }
1

IS(op ) = {α2 }

1

={α5 }

1

={α5 }

IS(ne )
IS(ey )

The inverse strings data structure pre-clusters strings.
Intuitively, the example database consists of two clusters
with data distributed around centers α1 = jacob and α5 =
sydney. The inverse strings structure reflects the clusters:
part of inverse strings consists of string IDs from the first
cluster (cf. the first column), while the other parts consists
of the IDs of the second cluster (cf. the second column).

4 Cluster Computation
This section presents our clustering technique. First, we
formalize the computation of the border b for each cluster
(cf. Section 4.1). Second, we formalize the computation of
center ζ of the cluster (cf. Section 4.2).

Example 4.1 [Border detection.] We continue examle 3.3.
Let ζ = jacob, q=2. We compute the database strings that
have all 2-grams in common (overlap is o = 6) with jacob:
C6 (jacob) = {α1 }, the database strings that have all but
one 2-gram: C5 (jacob) = {α1 }. Similarly:
C4 (jacob)
C3 (jacob)
C2 (jacob)
C1 (jacob)
C0 (jacob)

=
=
=
=
=

{α1 , α2 , α3 }
{α1 , α2 , α3 }
{α1 , α2 , α3 }
{α1 , α2 , α3 }
{α1 , α2 , α3 , α4 , α5 , α6 }.

Figure 2 shows the size of |Cd (jacob)| as overlap o decreases (cf. Axis X from right to left). For large overlaps
(o = 5−6) the size of the cluster increases. Then the cluster
size stops to increase for a range of the overlaps (o = 1−4).
This is an indication that the border of the cluster has been
reached. As the overlap is further decreased the cluster
starts to include points from other clusters resulting in a
very fast increase of its size (o = 0 − 1).

Size of the Cluster

Definition 3.3 [Inverse string.] Let α1 , . . . , αn be a
dataset and κ be a q-gram. The inverse string is the set
of all strings (string IDs) that have κ as a q-gram:

0

1 2 3 4 5 6

Overlap

Figure 2: The String Proximity Graph
We compute the largest range of a constant size of the
cluster (cf. o = 1 − 4 in Figure 2), and take the right end of
the interval as the border.
The border detection algorithm takes a center string ζ
and finds the border b of the cluster. We extend the notion
of border detection for a bag of q-grams. Let q = 2. Then
the following expressions are equivalent:
(i) b is the border for center string ζ = jacob
(ii) b is the border for the 2-grams B(jacob) =
{#j 1 , ja1 , ac1 , co1 , ob1 , b$1 }.

The extension of the border detection allows us to
query for borders of centers that do not necessarily correspond to a database string (for example for a bag
{#j 1 , ja1 , aX1 , co1 , ob1 , b$1 }). The motivation for this
generalization comes from the computation of the center
for a cluster and is discussed in detail in Section 4.2.
The following summarizes and defines the detection of
the border.
Definition 4.1 [Detection of the Border.] Let B be a (center) bag and Cd (B) = {α : o(B(α), B) ≥ o}, o =
|B|, |B| − 1, |B| − 2, . . . , 0. Let ij , ij + 1, . . . , ij + kij
the longest sequence of unvarying sizes of the cluster:
|Cij (B)| = |Cij +1 (B)| = · · · = |Cij +kij (B)|.
Then the border of the cluster with center B is b = ij .

Example 4.2 [Computation of the center for a given set of
bags.] We continue Example 4.1. Let α1 , α2 , and α3 be
a set of strings. Then the set of bags for the strings is the
following:
B(α1 ) = B(jacob) =
B(α2 ) = B(jakob) =
B(α3 ) = B(jacap) =

Our aim is to find a bag that represents bags B(α1 ),
B(α2 ), and B(α3 ). We compute such a bag in the following way. We compute the overall histogram for the set of
bags, and neglect the infrequent 2-grams. The histogram of
all 2-grams is presented in Figure 4 with the 2-grams in the
second row, and the number of occurrences of the 2-gram
in the first row.
3
#j 1

3
ja1

3
ac1

4.2 Computation of the Center
The border detection algorithm provides a simple and effective strategy to compute clusters in string data. One
starts with a string in the database and selects the border
that separates the cluster from the other clusters. If the
initial string was chosen close to the center of the cluster,
the border detection will yield good and robust results (cf.
ζ = jacob, Figure 3(a)). If one chooses the initial string
close to the border, two separate clusters might be assigned
to one cluster (cf. ζ = jocop, Figure 3(a)).
jazab
jacab

iacob

jacob
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b

zydnei

sydnei

jocop
jacop jacub
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Figure 4: Histogram of 2-grams
The size of the center bag of 2-grams is determined by
the average size S of the input bags B(α1 ), B(α2 ), and
B(α3 ). Therefore, the center bag is the following:
B c = {#j 1 , ja1 , ac1 , ob1 , b$1 , co1 }.
Note that the center bag might consist q-grams that correspond to typos in the input dataset. These occurrences do
not decrease the quality of clustering. In fact, the opposite
holds, since we are looking for a center bag that represents
all the strings in the cluster as precisely as possible.
The following formalizes the computation of the center
bag for a set of input bags.

A=

zydnei

jacob

2
b$1
1
ak1

jazab
iacob

3
ob1

Definition 4.2 [Center bag.] Let B1 , B2 , . . . , Bk be a set
of input bags. Let

(a) Cluster with Center String ζ = jacob

jacab

{#j 1 , ja1 , ac1 , co1 , ob1 , b$1 }
{#j 1 , ja1 , ak 1 , ko1 , ob1 , b$1 }
{#j 1 , ja1 , ac1 , ca1 , ap1 , p$1 },

sydnei

|B1 | + |B2 | + · · · + |Bk |
k

be the average size of bags B1 , B2 , . . . , Bk . Let

sydney

(b) Cluster with Center String ζ = jocop

Figure 3: Border Detection for Different Center Strings
The computation of the exact center for a given bag of
strings B is expensive. One needs to compute distances
between all strings in B and choose the one that minimizes
the sum of distances from the center to other strings from
B. We transform all strings into the space of bags of qgrams, and find the center bag there. The following example illustrates the computation.

h(κ) = |{Bi : κ ∈ Bi }|
be the histogram value of q-gram κ. Let κ1 , κ2 , . . . , κm be
an ordered sequence of q-grams of B1 ∪ B2 ∪ · · · ∪ Bk such
that h(κi ) ≥ h(κi+1 ). Then the center bag B is the set of
q-grams:
B = {κ1 , κ2 , . . . , κA }.

5 Sampling of Inverse Strings
In this section we show how to use inverse strings to identify strings that have an overlap with the center string above

a given threshold. First, we develop a mathematical formula that shows how to identify strings of high overlap.
The result has combinatorial complexity. Second, we approximate the computation of high overlap strings with a
help of sampling.
The IS data structure allows to quickly identify database
strings that have selected q-grams in common. For example, if one wants to find all string IDs that share all 2-grams
with the string jacob, one needs to compute the following
expression:
IS(#j 1 ) ∩ IS(ja1 ) ∩ IS(ac1 ) ∩ IS(co1 ) ∩ IS(ob1 ) ∩ IS(b$1 )

Similarly, if one wants to identify strings that contain all
but one 2-gram of jacob, one needs to compute the following:
1
1
1
1 [
∩ IS(ac ) ∩ IS(co ) ∩ IS(ob ) ∩ IS(b$ )

1
1
IS(#j ) ∩ IS(ja )
1
1
IS(#j ) ∩ IS(ja ) ∩ IS(ac )

Second, we compute the intersections for the 5-tuples:
U1 (κ1 ) = IS(ja1 ) ∩ IS(ac1 ) ∩ IS(co1 ) ∩ IS(ob1 ) ∩ IS(b$1 )
= {α1 , α2 , α3 } ∩ {α1 , α2 , α3 } ∩ {α1 , α2 , α3 }
∩ {α1 , α2 , α3 } ∩ {α1 , α2 , α3 } ∩ {α1 }
= {α1 }.

Therefore, the approximate database strings with overalp o = 5 and higher to the center string jacob are {α1 }.

1 [
∩ IS(b$ )

IS(#j 1 ) ∩ IS(ja1 ) ∩ IS(ac1 ) ∩ IS(co1 ) ∩ IS(ob1 )

Definition 5.1 [Computation of strings of high overlap
with the help of the IS data structure.] Let B be a center bag, such that κ1 , κ2 , . . . , κo ∈ B, and o be the overlap
threshold. Let
O(κ1 , . . . , κo ) = IS(κ1 ) ∩ IS(κ2 ) ∩ · · · ∩ IS(κo ). (1)
The IDs of strings that have at least o q-grams from B can
be computed with the following equation:
O(κ1 , . . . , κo )

(2)

κ1 ,κ2 ,...,κo ∈B

The computation of the strings of high overlap with the
help of the IS data structure is expensive. Let |B| be the
size of the bag of q-grams, and o be the desired overlap
threshold. Then thecomputational complexity of the computation is o · |B|
number of set operations (cf. equao
tion (2)). We approximate the computation of equation (2)
with the help of sampling. We select a small sample of
different o-tuples (κi1 , κi2 , . . . , κio ), i = 1, 2, . . . , S, where
S is the size of the sample, and compute the union of the
intersections:
IS(κi1 ) ∩ IS(κi2 ) ∩ · · · ∩ IS(κio )

6 Algorithm
This section presents the algorithm of our data cleansing
method. The algorithm cleanses data in 4 steps. First the
algorithm initializes the variables (cf. block 1, Figure 5),
then it clusters the string data (cf. block 2), merges overlapping clusters (cf. block 3), and finally it replaces the strings
of a cluster with the most frequent string of the cluster (cf.
block 4).
Input:
D = {α1 , α2 , . . . , αn }:database of strings
q:size of q-grams
S:sample size
Output:
α1 , α2 , . . . , αn :cleansed strings

where κ1 , κ2 , . . . , κo are different q-grams of B.

S
[

κ3 = (κ31 , . . . , κ35 ) = (#j 1 , ja1 , ac1 , co1 , ob1 )

1
1 [
∩ IS(ob ) ∩ IS(b$ )

1
1
1
1
IS(#j ) ∩ IS(ja ) ∩ IS(ac ) ∩ IS(co )

[

κ2 = (κ21 , . . . , κ25 ) = (#j 1 , ac1 , co1 , ob1 , b$1 )

U (κ1 ) ∪ U (κ2 ) ∪ U (κ3 ) = {α1 }.

1
1
1 [
∩ IS(co ) ∩ IS(ob ) ∩ IS(b$ )

1

κ1 = (κ11 , . . . , κ15 ) = (ja1 , ac1 , co1 , ob1 , b$1 )

Similarly, U1 (κ2 ) = {α1 } and U1 (κ3 ) = {α1 }. Finally,
we compute the union:

1
1
1
1
1 [
IS(ja ) ∩ IS(ac ) ∩ IS(co ) ∩ IS(ob ) ∩ IS(b$ )
1
IS(#j )

The computation of approximated strings is done in
three steps. First, we generate S = 3 random 5-tuples from
B:

(3)

i=1

Example 5.1 [Computation of strings of high overlap with
the help of the IS data structure and sampling.] We
continue example 4.2. Let the center bag be B =
{#j 1 , ja1 , ac1 , co1 , ob1 , b$1 } (the bag of string jacob). Let
the overlap threshold be o = 5 (all 2-grams except one) and
let the sample size be S = 3.

Body:
1. Initialize the clustered strings
Clustered Strings=∅, Clusters = ∅
2. Scan database strings. For each α ∈ D do
2.1 If α ∈ Clustered Strings then start a new iteration with the
next DB string (go to step 2). Otherwise compute initial
center bag:B = B(α), max border: bm = |B|. Initialize
the current cluster O = ∅
2.2 For each overlap threshold o = bm − 1, . . . , 1 do
2.2.1 Compute approximate strings with center bag B
and overlap threshold o. For i = 1, 2, . . . , S
2.2.1.1 Generate κ1 , . . . , κo o-tuple of q-grams
2.2.1.2 Compute the overlap strings
O = O ∪ O(κ1 , . . . , κo ) (cf. Eq (1))
2.2.2 Update the center of the cluster.
2.2.2.1 For each α ∈ O, for each κ ∈ B(α) do
update histogram h[κ] ← h[κ] + 1
2.2.2.2 Sort h[κ] in descdending order
2.2.2.3 Compute
P the average length of the strings
A =
α∈B len(α)/|B|
2.2.2.4 Assign the top A q-grams of the histogram
to the center bag B
2.2.3 Record the cluster for overlap o:
2.2.3.1 Cluster[o] = B
2.3 Find the longest sequence ib , ib + 1, . . . , ib + ∆
such that |Cluster[ib ]| = · · · = |Cluster[ib + ∆]|
2.4 Update the clustered strings
Clustered Strings = Clustered Strings ∪ Cluster[ib ]
2.5 Insert a new cluster to the set of clusters
Clusters = Clusters ∪ {Cluster[ib ]}
2.6 Empty h[κ], O, B
3. Merge overlapping clusters. For each Ci , Cj ∈ Clusters do
if Ci ∩ Cj 6= ∅ then Ci ← Ci ∪ Cj
4. Clean the clusters. For each cluster Ci ∈ Clusters do
4.1 Find the most frequent string ϕ in Ci .
Replace all strings α ∈ Ci with ϕ.

Figure 5: Data Cleansing Algorithm

Block 2 (cf. Figure 5) clusters the string data. It starts
with a non clustered string α (block 2.1) and computes
string IDs that have overlap with the center string (cf. Figure 2) for different overlap thresholds. For each overlap o the algorithm computes the strings of high overlap
(block 2.2.1), and adjusts the center bag of the cluster (cf.
block 2.2.2, Section 4.2). Then the method detects the border of the cluster (block 2.3), inserts the newly found cluster (block 2.4), and removes the IDs of clustered strings
from the database (block 2.5). Four data containers are
used to implement the clustering step: histogram of qgrams for the current cluster h[κ] (cf. definition 4.2), center
bag B, set of strings that have overlap o and higher wrt the
center bag B (the container increases as o decreases), and
set of strings for each overlap threshold o (the container is
not affected by the increase of o). All containers are main
memory data structures and are implemented as sorted associated containers for fast point-queries.
Block 3 merges overlapping clusters and block 4
cleanses clusters with the most frequent string of the cluster (the reasoning is that most of the strings are entered
correctly, and the data consists only of a smaller number
of strings with typos). Alternatively, one can identify the
string ζ that shares the largest number of q-grams with the
center bag, and use string ζ as the correct string for cleansing.
The intersection of inverse strings IS(κ1 )∩· · ·∩IS(κd )
(Block 2.2.1.2) is the most expensive part of the algorithm.
We implemented and tested four different approaches of the
computations of the intersection. Let κ1 , κ2 , . . . , κo be a
sequence of the q-grams of a center string (in some random
order). Then the implemented strategies are the following:
(i) Scan all inverse strings simultaneously, i.e., let i =
(i(κ1 ), i(κ2 ), . . . , i(κo )) be an index vector that scans
(IS(κ1 ), IS(κ2 ), . . . , IS(κo )). If all the components
of index i point to the same string ID, then the cluster
size is incremented, and all components of i are incremented. Otherwise, only index i(κi ) is incremented,
if IS(κi ) contains the smallest string ID. Note that
we require that inverse strings are ordered according
to the string ID.
(ii) Organize the computation of the intersection as a sequence of intersections of two inverse strings, for e.g.:
((IS(κ1 ) ∩ IS(κ2 )) ∩ IS(κ3 )) ∩ IS(κ4 )
The strategy can be formalized in the following way.
Let INi+1 = INi ∩ IS(κi+1 ), i = 2, . . . , o, IN1 =
IS(κ1 ), then
IS(κ1 ) ∩ IS(κ2 ) ∩ · · · ∩ IS(κo ) = INo (κo )
(iii) The same strategy as (ii) though the sequence is
sorted started with the smallest inverse string, i.e.,
|IS(κi )| ≤ |IS(κi+1 )|.

(iv) Similar strategy to (ii), though intersections are organized into a bushy tree:



IS(κ1 ) ∩ IS(κ2 ) ∩ IS(κ3 ) ∩ IS(κ4 )
The following recurrent equations formalizes the
computation:
INi0 ← I(κi )
j
j−1
j−1
INi+1
← IN2i−1
∩ IN2i
j
j
j−1
j
IN⌊o/2
j ⌋ ← IN⌊o/2j ⌋ ∩ IN⌊o/2j−1 ⌋ iff 2 6 |o

where i = 1, 2, . . . , ⌊o/2j ⌋, j = 1, . . . , log2 o. Then
the intersection can be rewritten as follows:
log2 o

IS(κ1 ) ∩ · · · ∩ IS(κo ) = IN1

.

The results on different datasets has showed that strategy (ii) outperformed the other strategies by at least 30%.
Therefore, we used strategy (ii) in our experiments. However, other alternatives might be more beneficial for distributed environment and in connection with caching techniques (cf. strategy (iv)).

7 Experiments
We organize the experiments in two sub-sections. First, we
evaluate border detection criteria (cf. Section 7.1) and then
we evaluate our cleansing method (cf. Section 7.2). We use
synthetic datasets with different parameters in our experiments. Three classes of databases were generated in the
experiments: (i) a class of databases with different number
of clusters (nc), (ii) a class of databases with different cluster sizes (cs), and (iii) a class of databases with different
radius of clusters (radius). All datasets were generated in
the following way. First we generated nc number of center strings far away from each other. Then for each center
string we generated cs number of strings in e edit distance1
from the center string, where 0 ≤ e ≤ radius.
7.1 Border Detection
Figure 6 shows the experiments for our border detection
algorithm for different number of clusters (cf. Figure 6(a)),
cluster sizes (cf. Figure 6(b)), radius of the cluster (cf. Figure 6(c)), and sample size (cf. Figure 6(d)). All figures
varies overlap from around o = |B| = 35 to o = 1 (cf.
Axis X from right to left in Figure 6). Y axis reports the
fraction of the size of the cluster that is covered by the
overlap threshold o. There are three intervals of overlaps
in the graphs: an interval I< of overlaps o that does not
cover the entire cluster (cf. interval 35–17, Figure 6(b)),
interval I= of overlaps that cover exactly the cluster (cf.
rage 16–4, Figure 6(b)), and interval I> of overlaps that
1 edit distance between string α and string β is the smallest number of
character- insertions, deletions, and substitutions required in order to get
string α from string β.

cover more strings than there are in the cluster (cf. range
3–0, Figure 6(b)). The border detection works if there is a
(relatively long) interval of overlaps that covers the cluster
exactly.
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As the cluster size increases, the relative clustering error
decreases (cf. Figure 7(a)). This is because the border detection algorithm is very effective, and the number of correctly clustered strings increases vs. the total number of
strings in the cluster.
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Figure 7: Different Cluster Sizes
The clustering time increases linearly as the number of
strings per cluster increases (cf. Figure 7(b)). However a
lower sample size does not necessarily mean a faster clustering time. This is because inadequately small sample size
increases the number of total clusters, and in turn increases
the number of iterations of the algorithm.
The default parameters in this series of experiments
were: length of strings l ≈ 30, number of cluster nc = 100,
cluster radius radius = 3.
7.2.2 Different Number of Clusters
The relative error increases very slightly as the number of
strings increases, (cf. Figure 8(a)). This is because the
sharp borders between the inverse strings of different clusters gets blurred as the number of clusters increases. Note
that our sampling technique is very effective: even a very
small increase of the sample size (cf. ss = 10 and ss = 20)
significantly reduces the relative error.
0.5
Relative Error, %

Border detection algorithm successfully identifies borders of clusters provided a sufficient sample size.
The robustness of the algorithm is not affected by the
cluster size (cf. Figure 6(b)). Indeed, the length of interval I= depends on the distance between the borders of the
clusters and does not depend on the cluster size.
The robustness of the border detection is almost invariant to the number of clusters (cf. Figure 6(a)). As the number of clusters increases from 10 to 50, 000 the start of interval I= shifts from 16 to 13. However, the impact of the
shift is negligible compared to the length of I= , and therefore the border detection ensures robust results.
Radius of clusters (cf. Figure 6(c)) and sample size
(cf. Figure 6(d)) impacts more significantly the robustness
of border detection. The length of I= proportionally decreases as the radius decreases (by two for each decrease
in radius). Decrease of the sample size lowers the shape
of the curve, decreases the length of I= , and in turn decreases the robustness of the border detection. However,
we want to have the sample size as small as possible, since
the smaller sample size means a lower computational time
of data cleansing.
Figure 6(d) confirms that very small samples can be
used to approximate the border
(cf. ss =
 detection robustly
9
10 with the total number 35
17 ≈ 4.5 × 10 of intersection
computations (cf. equation (1)) for the overlap threshold
o = 17!)
The default parameters in the series of experiments
were: length of strings l ≈ 30, number of cluster nc = 100,
cluster size cs = 50, sample size ss = 100, cluster radius
radius = 3.
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We evaluate our cleansing algorithm for different cluster
sizes (cf. sub-section 7.2.1) and different number of clusters (cf. sub-section 7.2.2). Two measurement are recorded
for the experiments: relative error (recorded in relative
number of misclustered strings compared to the total number of strings in the clusters) and clustering time (seconds).
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1000

The clustering time (cf. Figure 8(b)) increases linearly
as the number of clusters increases. In contrast to the cluster size experiment (cf. Section 7.2.1) the clustering time
for smaller samples does not exceed the clustering time for
larger samples, since the number of clusters is very large
compared to the size of the clusters.
7.3 Real World Data
This section evaluates the border detection algorithm for
real world company names (database with around 15 character long strings) and company addresses (database with
around 30 character long strings). Both databases consists of clusters that are far away from each other and a
small number of strings within the clusters (cf. Figure 9).
There is a large range of overlap levels for which the cluster size is constant (cf. o=[20–7] for the company names
and o=[22–7] for the company addresses), and therefore
our border detection algorithm detects the border correctly
even for very small sample sizes. Our clustering algorithm
detected small clusters (1–3 strings per cluster) for the company names and larger clusters (3–30 strings per cluster) for
company addresses.
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Figure 9: String Proximity Graph for Real World Data
Intuitively, our data cleansing algorithm produces good
cleansing results for string data with large distances between centers of clusters and small distances within the
clusters. Examples of such datasets are databases of company names and company addresses. Our data cleansing
algorithm is less applicable for natural language databases.
In such databases two strings that are close to each other
might have a very different meaning and therefore should
be assigned to different clusters (for example “air” and
“aim”, or “spouse” and “mouse”). In natural language
databases spelling based and dictionary based techniques
are more appropriate. For proper noun databases typically
no dictionaries exists and the proposed solution is the preferred choice.

8 Conclusions and Future Work
In this paper we present our results of a new data cleansing algorithm. Data cleansing is done in two steps. First,
the string data is clustered by identifying center and border
of hyper-spherical clusters, and second, the cluster strings
are cleansed with the most frequent string of the cluster.
Clustering starts with a non-clustered string and computes
the border b of the cluster. All strings within the overlap

threshold b from the center of the cluster are assigned to
one cluster. Experiments show that the border detection is
robust provided a sufficient sample size.
There are a number of research directions for future
work. One can further progress the IS data structure. Our
investigation indicates that very few q-grams of the center
strings are sufficient to identify strings of the cluster. An
algorithm that robustly finds the identifying q-grams of the
cluster is an interesting challenge.
The data cleansing method is robust if the distance between the clusters is large compared to the diameters of the
clusters. In order to improve the precision for databases
with small distances between the clusters one can introduce
a number of string representatives for each cluster.

References
[1] R. Ananthakrishna, S. Chaudhuri, and V. Ganti. Eliminating
fuzzy duplicates in data warehouses. In VLDB, pages 586–
597, 2002.
[2] S. Chaudhuri, K. Ganjam, V. Ganti, and R .Motwani. Robust and efficient fuzzy match for online data cleaning. In
SIGMOD, pages 313–324, 2003.
[3] S. Chaudhuri, V. Ganti, and L. Gravano. Selectivity estimation for string predicates: Overcoming the underestimation
problem. In ICDE:, pages 227–239, 2004.
[4] P. Ciaccia, M. Patella, and P. Zezula. M-tree: An efficient
access method for similarity search in metric spaces. In
VLDB, pages 426–435, 1997.
[5] W. Cohen, P. Ravikumar, and S. Fienberg. A comparison
of string metrics for matching names and records. In Data
Cleaning Workshop in Conjunction with KDD, 2003.
[6] L. Gravano, P. G. Ipeirotis, H. V. Jagadish, N. Koudas,
S. Muthukrishnan, and D. Srivastava. Approximate string
joins in a database (almost) for free. In VLDB, pages 491–
500, 2001.
[7] L. Gravano, P. G. Ipeirotis, N. Koudas, and D. Srivastava.
Text joins in an rdbms for web data integration. In WWW,
pages 90–101, 2003.
[8] D. Gusfield. Algorithms on strings, trees and sequences:
Computer science and computational biology. Cambridge
University Press, Cambridge, UK, 1997.
[9] V. J. Hodge and J. Austin. A comparison of standard spell
checking algorithms and a novel binary neural approach.
TKDE, 15(5):1073–1081, 2003.
[10] H. V. Jagadish, N. Koudas, and D. Srivastava. On effective
multi-dimensional indexing for strings. In SIGMOD, pages
403–414, 2000.
[11] L. Jin and C Li. Selectivity estimation for fuzzy string predicates in large data sets. In VLDB, pages 397–408, 2005.
[12] L. Jin, C. Li, N. Koudas, and A. K. H. Tung. Indexing mixed
types for approximate retrieval. In VLDB, pages 793–804,
2005.
[13] K. Kukich. Technique for automatically correcting words in
text. ACM Comput. Surv., 24(4):377–439, 1992.
[14] S. Sahinalp, M. Tasan, J. Macker, and Z. Ozsoyoglu. Distance based indexing for string proximity search. In ICDE,
2003.

