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Abstract

Many emerging database applications require
very efficient mechanisms to perform similar-
ity joins. While similarity joins have been ex-
tensively explored in the literature, the prob-
lem of similarity string joins has received com-
paratively less attention. The string-join prob-
lem can be specified as follows: Given two
large sets of strings, a distance metric (e.g.,
edit distance) between strings, and a prede-
fined threshold k, how to find all the pairs
from the two sets such that their distance is
no greater than k? Such a problem arises nat-
urally in a variety of applications such as data
cleansing and data integration. We propose
a novel two-step process for string join. We
first map strings as points in a multidimen-
sional space such that the mapped space pre-
serves the distances over strings. In general,
many techniques can be used for this purpose.
We focus on the FastMap algorithm since it
provides a good mapping in linear time. In the
second step, we do o multi-dimensional simi-
larity join, and we use the algorithm proposed
by Hjaltason and Samet [HS98]. Our exten-
sive experiments using real data sets show that
our solution has very good efficiency and ac-
curacy. Also, unlike some of the recent string-
join proposals that work only when similarity
between strings is computed using the edit dis-
tance function, our approach works for any ar-
bitrary similarity function between two strings
(or objects).
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1 Introduction

Many emerging database applications require very
efficient mechanisms to perform similarity joins of
objects. Examples include multimedia databases
[Jag91], time-series databases [GD01], and string cor-
rection [Kuk92]. While many efficient approaches to
similarity joins have been explored in the literature,
the problem of similar-string joins has received com-
paratively less attention. The problem can be specified
as follows: Given two large sets of strings and a prede-
fined threshold k, how to find the pairs from the two
sets such that their edit distance is no greater than k?
The similar-string-join problem arises naturally in
a variety of applications. For instance, in data cleans-
ing [LLLK99] and data integration [Li01], we need to
collect data from various autonomous and heteroge-
neous databases to conduct analysis to make decisions.
Often, the data from these different sources has incon-
sistent representations and even errors. The goal of
data cleansing is to match records that refer to the
same real-world entity while not being syntactically
equivalent, as illustrated by the following example.

EXAMPLE 1.1 A hospital of a medical school has
a database with thousands of patient records.! Ev-
ery year it received data from other sources, such as
the government or local organizations. The data in-
cludes all kinds of information about patients, such
as whether a patient has moved to a new place. It
is important for the hospital to link the records in
its own database with the data from other sources,
so that they can collect more information about pa-
tients. However, usually the same information (e.g.,
name, SSN, address, telephone number) can be rep-
resented in different formats. For instance, a patient
name can be represented as “Tom Franz” or “Franz,
T.” or other forms. In addition, there could be ty-
pos in the data. For example, name “Franz” may be
recorded as “Frans” by mistakes. The main task here

1For confidentiality reasons, we omit the real name of the
hospital.



is to link records from different databases in the pres-
ence of mismatched information. a

The first issue in data merging/cleansing is that of
determining an appropriate similarity/distance met-
ric between strings. Note that as the above exam-
ple illustrates, commonly used edit distance might
not be the best for this purpose. Recent studies
[Los00] suggest that distance/similarity functions de-
pend largely upon the specific domain (e.g., differ-
ent functions may be suitable for merging names of
people, addresses, and/or gene sequences in a bioin-
formatics application). Many industrial organizations
[Val, Dat, Tri, Fir] have explored such domain-specific
distance functions (and merging rules) in the context
of variety of applications, such as CRM, enterprise
data integration, postal address integration, etc. The
approach to similar-string joins discussed in this pa-
per is independent of the specific function used. In
contrast, most research literature on string join has
primarily dealt with string matching based on edit dis-
tance. For conformity with existing literature, we will
develop our ideas using the edit distance, although our
approach is independent of the specific distance func-
tion used to match strings.

A simple solution to the similar-string-join prob-
lem is to use a nested-loop approach to generate the
Cartesian product of strings, and then use the distance
metric to compute the distance between each pair of
strings. This approach is not desirable, since as two
data sizes are large, the approach becomes computa-
tionally prohibitive (See Section 2). For instance, if
there are 60K strings in each data set, the nested-loop
approach needs to consider 3.6 billion pairs of strings
to compute their distances.

Many techniques have been proposed on finding
similar pairs of objects in high-dimensional spaces
(e.g, [ARS98, BKS93, CMTV00, KS97, KS98, Kuk92,
SMLO00, SSA97]). Most of these techniques assume
objects exist in a multi-dimensional space. However,
since the strings in our problem do not fit into such a
Euclidean space given their edit distances, these tech-
niques cannot be used directly to solve our problem.

In this paper we propose a two-step solution to the
similar-string-join problem. In the first step, we com-
bine the two sets of strings, and map them into a
high-dimensional Euclidean space. In general, many
multidimensional-scaling (MDS) techniques [KW78§]
can be used to do the mapping. We focus on
the FastMap algorithm [FL95] due to its simplicity
and efficiency. We develop a linear algorithm called
“StringMap” to do the mapping.

In the second step, we find similar pairs of the
objects in the Euclidean space, whose distance is no
greater than a new threshold §. This new threshold
is closely related to the old threshold k of string dis-
tances, and sampling techniques can be used to decide
the new threshold. For each pair of objects in the

result of the second step, we check their correspond-
ing strings to see if their edit distance is within k.
Again, many similarity-join algorithms can be used in
this step. In this paper we use the algorithm proposed
by Hjaltason and Samet [HS95]. Its main idea is to
build two R-trees [Gut84] for the objects of two data
sets, and traverse the two trees to find pairs of objects
whose distance is within certain threshold.

While our approach does not guarantee to find all
the string pairs whose edit distance is within k, as
we will see in Section 5, our experimental results show
that we can achieve a very high recall (more than 99%).
Our approach has the following advantages.

1. It is very efficient, and requires little extra storage
space.

2. It is “open,” since many mapping functions can
be applied in the first step, and many high-
dimensional similarity-join algorithms can be used
in the second step.

3. It does not depend on a specific similarity func-
tion of strings. In this paper we focus on the
edit distance function. Our solution can be eas-
ily generalized to any similarity function between
strings. For example, if there is a function that
takes abbreviations (“Jack Lemmon” versus “J.
Lemmon”) into consideration, we can easily use
this function in the first step of our solution.

4. Our extensive experiments using real large data
sets show that our solution has very good effi-
ciency and recall.

The rest of the paper is organized as follows. Sec-
tion 2 gives the formulation of the problem. Section 3
presents the first step of our solution, which maps
strings to objects in a Euclidean space. Section 4
presents the second step of the solution, which con-
ducts a similarity join in the high-dimensional space.
In Section 5 we give the results of our extensive exper-
iments. Section 6 compares our solution with other
approaches in the literature. In Section 7 we conclude
and discuss future directions.

2 The Similar-String-Join Problem

In this section we formalize the similarity-string-join
problem.

Definition 2.1 (String Edit Distance) Given two
strings r and s, their edit distance, denoted by ed(r, s),
is the minimum number of edit operations (insertions,
deletions, and substitutions) of single characters that
are needed to transform r to s. |

For instance,

ed(“Harrison Ford”, “Harison Fort”) = 2.



Symbol |

Meaning

R={T17---7rn1}

relation R with n; strings

S ={s1,...,80,} | relation S with no strings

N =n1+no total number of strings

k edit-distance threshold

d dimensionality of the Euclidean space

R ={r, 7]

ni

mapping objects of n; strings in R

S ={s1,....sh,}

mapping objects of ng strings in S

0 threshold in the new space

Table 1: Symbols.

In particular, we can remove the third character “r” in

the first string, and substitute the last character “d”
with “t” to transform it to the second string. Sim-
ilarly, ed(“Jack Lemmon”, “Jack Lemon”) = 1, and
ed(“Anderson”, “Zandersson”) = 2. It is known that
the complexity of computing the edit distance between
strings r and s is O(len(r) x len(s)), where len(r) and
len(s) are the lengths of r and s, respectively [YK97].

Definition 2.2 (Similar-String-Join  Problem)
Given two sets R and S of strings and a predefined
value k, we want to find pairs of strings (r, s) from R
and S respectively, such that ed(r,s) < k. m|

For simplicity, a pair of strings is called a “similar-
string pair” if their edit distance is no greater than k;
otherwise, it is called a “dissimilar-string pair.”

A straightforward approach is to use the nested-
loop algorithm. That is, we scan relations R and S.
For each string pair (r,s) from the two relations, we
check if ed(r, s) < k. The complexity of this naive ap-
proach is O(|R| x |S|), which is computationally pro-
hibitive when the two sets are large. Figure 1 shows
the time of using this nested-loop algorithm on differ-
ent sizes of data sets. In the experiments both data
sets have the same number of strings. The z-axis is the
total number of strings in two sets. (See Section 5 for
our experimental environment.) The figure indicates
that as the data-set sizes increase, the running time
grows quadratically. For instance, it takes more than
5 hours to find similar-string pairs of two data sets,
each of which has 16K strings. Thus the approach is
too inefficient to be practical.

Our proposed solution has two steps. In the first
step, we map strings to objects in a multidimensional
Euclidean space, such that the mapped space preserves
the edit distances over strings. In the second step,
we conduct a multi-dimensional similarity join in the
Euclidean space. Table 1 summarizes some symbols
used in this paper. We will describe the two steps in
details in the next two sections.
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Figure 1: Time of nested-loop approach.

3 Step 1: Mapping Strings to Eu-
clidean Space

In this section we discuss the first step of our approach.
We review the FastMap algorithm, then present our
StringMap algorithm that maps strings into a high-
dimensional space.

3.1 FastMap

The purpose of the FastMap algorithm [FL95] is to
map objects into points in a d-dimensional space, such
that the distances of the objects are preserved. The
problem can be described formally as follows.

Given N objects Oq,...,0n and their dis-
tances (e.g., an N x N distance matrix), find
N points Py, ..., Py in a d-dimensional (Eu-
clidean) space, such that the distances are
maintained as well as possible.

It is assumed that the distance function of the old
objects is nonnegative, symmetric, and satisfies the tri-
angular inequality. (Clearly the edit distance function
has these properties.) One way to describe how the
distances are maintained is to use the following stress
function:

- sz —d;; 2
stress® = Emz(:.fl = i) (1)
i,j Yij

in which d;; is the dissimilarity measure between ob-
ject O; and object O; in the old space, and d;; is the



Euclidean distance between their image objects in the
new space. This function gives the relative error of the
mapping. The goal of the FastMap is to make stress
as small as possible.

See [FL95] for the details of the FastMap algorithm.
Its main idea is to find d mutually-orthogonal direc-
tions. It iteratively chooses two objects (called “pivot
objects”) to form an axis. For each axis, FastMap
projects all objects onto this axis by computing their
coordinates using their distance matrix. In addition,
it computes the remaining distance matrix after the
projections.

3.1.1 Applying FastMap

In the first step of our approach, we combine the two
sets into a set with N = n; + no strings. While
trying to use FastMap to map strings to objects in
a multi-dimensional space, we are faced with several
challenges.

1. FastMap requires a distance matrix of the original
objects. However, we do not want to run a O(N?)
procedure to compute all the edit distances.

2. We do not know what dimensionality d to use.

In the next two subsections, we first present our al-
gorithm, called “StringMap,” which maps strings into
a high-dimensional space, assuming we are given the d
value. Then we discuss how to choose a good d value.

3.2 StringMap: Mapping Strings to Objects

Our StringMap algorithm modifies FastMap so that
the computation of the distance matrix is not neces-
sary. The matrix is needed in FastMap to compute the
pivot objects on each dimension.

Figure 2 presents the algorithm. It shares the main
idea of FastMap; that is, it iterates to find pivot strings
to form d orthogonal directions, and compute the co-
ordinates of the N strings on the d axes.? The function
ChoosePivot(int h) selects two strings to form an axis
for the d-th dimension. These two strings should be as
far from each other as possible, and the function iter-
ates m times to find the seeds. As in [FL95], a typical
m value could be 5.

One important function is

GetDistance(int a, int b, int h)

which computes the distances between strings (in-
dexed by a and b) after they are mapped to the first
h — 1 axes. As shown in Figure 3, it iterates over
the h — 1 dimensions, and does the computation only
using the two strings and their already-computed co-
ordinates on the h — 1 dimensions.

2Note that the StringMap algorithm removes the recursion
in FastMap.

Algorithm StringMap
Input: e N strings: ¢[1,..., N].

e d: Dimensionality of Euclidean space.
Output: N corresponding objects in the new space.
Variables: e PA[1,2][1,...,N]: 2 x d pivot strings.

e coord[l,...,N][1,...,d]: object coordinates.

Method:
for (h=1tod) {

(p1,p2) = ChoosePivot(h); // choose pivot strings

PA[1,h]= p1; PA[2,h] = ps; // store them

dist = GetDistance(p1, p2, h);

if (dist == 0) {
// set all coordinates in the h-th dimension to 0
for (i =1 to N) { coord[i,h] =0 };
break;

}

// compute coordinates of strings on this axis

for i=1toN) {
x = GetDistance(t[i], p1, h);
y = GetDistance(t[i], p2, h);
coord[i,h] = (x*x + dist*dist - y*y) / (2*dist);

}

Figure 2: Map strings to objects in a Euclidean space

All the steps in the StringMap algorithm are linear
on the number of strings N. In particular, consider
the h-th step of the algorithm. A call to function Get-
Distance(.,.,h) takes O(h) time. Here we assume that
it takes O(1) time to compute the edit distance of two
string, and O(1) time to compute the dist value in
each iteration. Therefore, for each h value, it takes

O(h x2xmxN) (2)

time to find two pivot seeds, and O(h x N) time to
compute the coordinates of all the strings in the h-th
dimension. The complexity of the h-th step is:

Ohx2xmxN+hxN)=0(MhxmxN)
Thus the complexity of the StringMap algorithm is:
O(d* x m x N)

Notice that we can easily reduce the complexity
“m x N” in Equation 2 as follows. At each step in
the function ChoosePivot(), we want to find a new
string that is as far from a string (e.g., s,) as possible.
Instead of scanning the whole N strings, we can just
do sampling to find a string that is very far from s;.
Or we can just stop once we find a string that is “far
enough” from s,, i.e., their distance is above certain
value.

3.3 Choosing Dimensionality d

Algorithm StringMap assumes that a dimensionality d
is given. A good d value should have the property that



// choose two pivot strings on the h-th dimension
Function ChoosePivot(int h)
{
seed s, = a random string from ¢[1],...,¢[N];
for (i =1 to m) { // a typical m value could be 5
// use function GetDistance(.,.,h)
// to compute distances
seed s, = a farthest point from s,;
seed s, = a farthest point from sy;

return (Sq, Sp);

// get distance of two strings (indexed by a and b)
// after they are projected onto the first h — 1 axes
Function GetDistance(int a, int b, int h)
{
A = t[a]; B = t[b]; // get strings
dist = ed(A, B);
for(i=1toh —1){
// get their difference on dimension i
w = coord[a,i] - coord[b,i];
dist = \/|dist x dist —w X w|;

return ( dist );

Figure 3: Functions used in StringMap

after the mapping, similar strings can be differentiated
from those dissimilar ones. On the one hand, d cannot
be too small, since otherwise those dissimilar pairs will
not “fall apart” from each other. In particular, the dis-
tances of similar-string pairs are too close to those of
dissimilar ones. On the other hand, the dimensionality
d cannot be too high either. There are mainly two rea-
sons. First, the complexity of the StringMap algorithm
(see above) is linear to d?. Second, since we need to do
similarity joins in the second step, we want to avoid
the curse of dimensionality [Bel61, EE01]. In partic-
ular, as d increases, it becomes more time-consuming
to find object pairs whose distance is within a new
threshold.

We can now describe our approach to choosing a
dimensionality d for StringMap.

1. Randomly select a small number (say, 1K) of
strings from the two original data sets R and S.
Use the nested-loop approach to find all similar-
string pairs within threshold k£ in the selected
strings.

2. Run StringMap using different d values. Typically
d is between 5 and 30. For each d, compute the

new distances of the similar-string pairs. Find
their largest new distance, say, w.
3. Find a dimensionality d with a low cost.
of obj. pairs within distance w
cost = # J- P (3)

# of similar-string pairs

Intuitively, the cost is the average number of ob-
ject pairs we need to retrieve in step 2 for each
similar-string pair, if we take w as the threshold
¢ for selecting similar-string pairs in the mapped
space.

Notice that we only use the pairs of selected strings
to compute the cost. This value measures how well the
threshold § = w differentiates the similar-string pairs
from those dissimilar pairs. In particular, the string
pairs whose new distance is within § will be retrieved in
step 2. Thus the lower the cost is, relatively the fewer
object pairs we need to retrieve in step 2 whose original
edit distance is more than k. Figure 7 in Section 5.3
shows that typically a good dimensionality value could
be between 15 and 20.

4 Step 2: Finding Similar-Object Pairs
in Euclidean Space

The second step of our approach finds pairs of objects
whose Euclidean distance is within a new threshold
6. We first discuss how to select the threshold, and
then show how to apply one existing technique in the
literature to do the similarity join.

4.1 Choosing Threshold ¢

Our approach to selecting the dimensionality d also
identified the threshold w that can be used to identify
similar pairs in the mapped space. It is, of course,
possible that the threshold w identified using a single
data sample used to choose d may not work well in
differentiating similar pairs over the entire data set.
Since our interest is to “miss” as few similar pairs as
possible, we may wish to improve the threshold now
that the dimensionality d is fixed. Ideally, the thresh-
old § should be set to a maximal value of the new
distance between any two similar-string pairs in the
mapped space. Then it will guarantee no false dis-
missals. However, it is infeasible to find such a thresh-
old, since we do not know all the similar-string pairs
without computing the expensive nested-loop join.

Therefore, we randomly selected a small number
(say, 1K) of strings from both data sets R and S.3
We find all the similar-string pairs in these selected
strings, and compute their new Euclidean distances af-
ter StringMap. We can choose their maximal new dis-
tance as the new threshold §. We can do this sampling
multiple times (on different sets of selected strings),
and choose ¢ as the maximal new distance of those
similar-string pairs. In Section 5.4 we will give results
on how to choose 4.

3Notice these selected strings might be different from those
strings used to decide the dimensionality d in Section 3.3.
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Figure 4: Finding similar-object pairs using R-trees.

4.2 Finding Object Pairs within §

After selecting §, we want to find all those object pairs
whose distance is within this threshold. Many high-
dimensional similarity-join techniques can be used
here. In this paper we use the algorithm proposed
by Hjaltason and Samet [HS98].

The main idea of the algorithm is as follows. We
first build two R-trees for the objects in R’ and S’ of
the two string sets, respectively. We traverse the two
trees from the roots to the leaf nodes to find those pairs
of objects within distance §. As we do the traversal, a
queue is used to store pairs of nodes (internal nodes or
leaf nodes) from the two trees. We only insert those
node pairs that can potentially yield object pairs that
satisfy the condition. Those node pairs that cannot
produce results are pruned in the traversal, i.e., they
are never inserted into the queue.

We use Figure 4 to explain the algorithm in details.
Initially, a pair of the root nodes (Ro,So) is inserted
into the queue. At each step, we dequeue the head pair
(Ri, S;). If both nodes are internal nodes (i.e., hyper-
rectangle regions), we consider all the pairs of their
children. For each pair (R,,Sy), we compute their
“distance,” which is a lower bound of all the distances
of their child objects. (The case of a node-object pair
is handled similarly.) For instance, we can use the
MINDIST function [RKV95] to compute the distance
between two nodes. Then we can prune node pairs as
follows: if the distance of a node pair is greater than ¢,
we do not insert this pair into the queue. The reason is
that the lower-bound property guarantees that these
two nodes cannot generate object pairs whose distance
is within 4. On the other hand, if the distance of two
nodes is within §, we insert this pair into the queue.

For example, when we consider the two child nodes
of each of the two root nodes in the figure, we have
four pairs:

(R1,81), (B1,S2), (R2, S1), (R, S2)

?

Suppose each of them has a MINDIST distance within
4, so we insert them into the queue. Then we remove

4Since we just want to find those object pairs whose distance
is within J, we do not need a priority queue. A priority queue
based on object-pair distances is necessary in [HS98], since they
want to find the “top-k” object pairs with the smallest distances.

the pair (R, S1) from the queue, and consider pairs of
their child nodes:

(R37 53)5 (R3a 54)5 (R3; S5)7 (R47 53)5 (R4; 54)7 (R47 55)

For each pair, we compute their MINDIST. For in-
stance, if the distance between R3 and Sy is greater
than §, we will not consider this pair, since they can-
not generate object pairs that have a distance within
6. In other words, all the pairs of their descendants
are greater than 4.

Suppose only the following pairs have a MINDIST
distance within §:

(R37 ‘5’3)5 (R3; S5)7 (R47 ‘5’4)5 (R4, S5)

Then we insert these four pairs into the queue. The
status of the queue is shown in the figure.

Eventually we have a pair of objects from the queue.
Then we compute their Euclidean distance to check if
it is within 4. If so, we compute the edit distance of
their original strings. We output this pair of strings if
the edit distance is within the original threshold, k.

4.3 Traversal Strategies

Different strategies can be used to traverse the two
R-trees, such as “depth first” and “breadth first.” In
our experiments, we have the same observations as in
[HS98]. That is, using the depth-first traversal strat-
egy has several advantages.

1. It can effectively reduce the queue size, since pairs
of objects in the leaf nodes can be processed early,
and they can be dequeued from the queue. Thus
the memory requirement of the algorithm tends to
be small. In our experiments, when each data set
has about 28K strings, the breadth-first strategy
required about 1.2GB memory, while the depth-
first strategy only requested about 30MB memory.

2. It also reduces the time that the first pair is
output, since we can reach the leaf nodes more
quickly than the breadth-first strategy. If we use
the breadth-first traversal strategy, we need to
generate a very large number of pairs before some
pairs of leaf nodes can be processed.



5 Experiments

In this section we present our experimental results,
covering most aspects of our solution to the similar-
string-join problem.

5.1 Data Sources

Our experiments use data sets with real names col-
lected from the World-Wide Web. The following are
two main sources used.

1. Source 1 consists of 54,000 movie star names col-
lected from The Internet Movie Database.> The
length of each name varies from 5 to 20, and their
average length is about 12. Figure 5(a) shows the
distribution of the string lengths.

2. Source 2 is from the Die Vorfahren Database, a
database of mostly Pomeranian surnames and ge-
ographic locations.® This 2001 DV database ex-
periment contains of 133,101 full names that have
appeared in the Die Pommerschen Leute Newslet-
ter, Die Vorfahren section over the 19.5 years of
its publication. The lengths of names in Dataset2
vary from to 40, and their mean string length is
around 15. Figure 5(b) shows the distribution of
the string lengths.

Distribution of String Length for Dataset1 Distribution of String Length for Dataset2
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Figure 5: String-length distribution of two sources.

All the experiments were run on a PC, with a
1.5GHz Athlon CPU and 512MB memory. The op-
erating system is Windows 2000, and the complier is
gnu C++ running in cygwin. This setting shows that
our approach does not have specific hardware and soft-
ware requirements. We used 8192 as the page size to
build R-trees.

5.2 Nested-Loop and OQur Approach

Figure 6 shows the performance difference of the
nested-loop approach and our approach. We selected
subsets of strings from Source 1, and we let both sets
have the same number of strings. In our approach we

Shttp://www.imdb.com/
Shttp://feefhs.org/dpl/dv/indexdv.html
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Figure 6: Comparing nested-loop with our approach.
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chose threshold k£ = 2, dimensionality d = 20, and
new threshold § = 5.9. The z-axis is the total num-
ber of strings. The figure shows that our approach
can substantially reduce the time of finding similar-
string pairs. For instance, when each data set had
16K strings, it took the nested-loop approach about
19,200 seconds (5 hours 20 minutes), while it took our
approach only about 1000 (less than 17 minutes).

5.3 Choosing Dimensionality d

As discussed in Section 3.3, we need to choose a good
dimensionality d for the StringMap algorithm, so that
we can select a new threshold § to differentiate similar-
string pairs from other pairs. In this experiment, we
showed how to select a d value. We considered the
case where k =1, 2, and 3. We randomly selected 2K
strings from Source 1 to form two data sets with the
same size, and ran StringMap using different dimen-
sionalities.

Figure 7 shows cost values for different dimension-
alities. (See Section 3.3 for the definition of “cost.”)
It is shown that the cost decreased with the increase
of dimensionality. That is, the larger the dimensional-
ity, the fewer extra object pairs we need to retrieve in
step 2 for each similar-string pair, while the original
strings of these objects have an edit distance greater
than k. On the other hand, due to the complexity of



StringMap and the curse of dimensionality, d cannot
be high either. The results show that d = 20 is a good
dimensionality for Kk = 1 and k¥ = 2, and d = 30 is
good for k = 3.

Figures 8(a) to (g) show the distributions of the
object-pair distances after StringMap. We randomly
sampled 2K from Source 1 to form two data sets with
the same size. We chose k£ = 2 for similar-string pairs.
The figures show that StringMap can keep edit dis-
tances pretty well. For instance, when d = 20, all the
sampled similar-string pairs had new object-pair dis-
tances within 5.5, while a large number of dissimilar
string pairs had their object-pair distances more than
5.5. As the dimensionality increased, the distances of
both the similar-string pairs and the dissimilar-string
pairs increased, and we had a better threshold to dif-
ferentiate these pairs, as shown in Figure 7.

5.4 Choosing Threshold §

As discussed in Section 4.1, we selected threshold § for
the second step as follows. For both sources, we ran-
domly selected 2K strings, and partitioned the strings
into two data sets equally. We used the nested-loop
approach to find all the similar-string pairs in the se-
lected strings. We ran StringMap with d = 20, and
traced the new Euclidean distances of these sample
similar-string pairs. We did this sampling 10 times,
and chose ¢ as the largest new object-pair distance of
the sampled similar-string pairs.

k=1|k=2]k=3
Source 1 | 4.5 5.9 7.735
Source 2 | 5.36 7.0 10

Table 2: Threshold § used in step 2 (d = 20).

Table 2 shows the § values used in step 2 for k =
1, 2, and 3 for the two sources. Notice that since
the two sources have different strings with different
length distributions, it is not surprising that we need
to choose different d values by sampling, even for the
same k and d settings.

5.5 Running Time

In order to measure the performance of our approach,
we ran our algorithm on different data sizes. In each
case, we chose the same number of strings in both
data sets. We let the total size of strings vary from
2K, 4K, 8K, 16K, to 54k from Source 1. We also ran
the experiment on the complete set of strings from
Source 2. We measured the execution time. In the
experiments, we considered the case where k = 1, 2,
and 3. We chose dimensionality d = 20. Figures 9(a)
to (¢) show the time of the complete algorithm, and
the time of the StringMap step. Their gap is the time
of the second step that did the similarity join.

The figures show that as the data sizes increased,
both the StringMap time and the total time grew. For
instance, when the total number of strings is 56, 000, it
took our approach only 41 minutes to find the similar-
string pairs. Thus our approach is very efficient in
finding results, and it has a good scalability. The fig-
ures also indicate that other similarity-join techniques
may be used in the second step to improve its perfor-
mance.

Figures 10(a) and (b) illustrate how the execution
time grew as the threshold § increased. They show
that the time did not increase too rapidly when we
increased the threshold. Therefore, to make sure we
achieve a very high recall (see below), it is desirable to
choose a slightly larger threshold.

5.6 Recall

We want to know how well our approach can find all
the similar-string pairs. (Ideally we want to find all of
them!) In particular, we are interested in the recall,
defined as follows:

# of similar-string pairs found )

Il =
reca # of all similar-string pairs

Again, we did sampling to estimate the recall. We
randomly selected certain number of strings from both
dataset, similar to what we did in deciding the thresh-
old §. After running StringMap with d = 20, we cal-
culated the new Euclidean distances of those similar-
string pairs in the sampled strings. Using our selected
d, we know which pairs can be captured in the second
step. In other words, our step 2 can capture those
similar-string pairs whose new Euclidean distance is
within 6. Thus we can compute the recall using the
sampled strings. Notice that we did sampling here to
evaluate how well our approach can capture similar-
string pairs, and the sampling time is not included in
the running time of our approach. In most cases it
took only a few minutes to do the sampling.

Figures 11(a) and (b) show the recalls of both data
sources, with different threshold é values in the second
step. As the ¢ increased, the recall also increased, and
it quickly got very close to 100%. For instance, in the
case where k = 2, the recall reached 99% when § = 5.6
for Source 1, and § = 6.9 for Source 2. When we fur-
ther increased the threshold, the recall continued to
grow close to 100% (based on the sampled data). Fig-
ures 12(a) and (b) show how the running time affects
the recall.

The motivation of showing these figures is that in
case it takes too much time to use a large § threshold to
find all similar-string pairs, we may try to use a smaller
4. In this case even though we might miss some pairs,
our recall is still very high, and the running time could
be much less.
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5.7 Summary of Experiments

The experimental results show that our algorithm can
find almost all the similar-string pairs very efficiently.
By choosing the right dimensionality (e.g., d = 20),
the StringMap algorithm can preserve the edit dis-
tances of the strings very well. We can also eas-
ily find a new threshold that can differentiate those
similar-string pairs from other pairs. As the data sizes
increase, the increase of our running time is better
than quadratic. In summary, our proposed algorithm
has both good efficiency and effectiveness in finding
similar-string pairs.

6 Comparison with Other Approaches

We compare our work to two previous approaches on
string joins in the literature that have been motivated
by the problem of data cleansing and integration.
The paper by Herndndez and Stolfo studies string
join in the context of the “Merge/Purge Prob-
lem” [HS95], i.e., how to merge records from differ-
ent databases. The main idea of their algorithm is to
sort the strings lexicographically, then use a window
to scan all the strings. For the strings in the window,
the algorithm finds the string pairs whose similarity
value satisfies certain criterion. Notice that if we use

edit distance to define the similarity, two similar names
might not be able to be captured in the window if its
size is small. For example, the edit distance of “An-
derson” and “Zanderson” is 1, but their names can
be very far from each other in the sorted list. The
algorithm assumes that two tables could have several
different attributes. For two records that should be
merged, it is expected that they could have one at-
tribute in which the two records can be captured by
the window. Even so, the approach is susceptible to
deterministic data entry errors, e.g., the first character
of the string is always erroneous.

We believe that our approach of mapping strings
to multidimensional space and then using a similarity-
join algorithm for merging will result in better quality
of the merge results. One particular reason is that
our approach does not depend on any lexicographical
order of strings.

More recently, efficient string-join algorithms have
been studied in [GIJT01], where the authors first pad
each string on both sides by a set of special characters,
and then use a sliding window of size g over the aug-
mented string to compute substrings of size g (referred
to as “g-grams”). The number of resulting g-grams de-
pends upon the size of the string and the number q. An
additional column is added to the relation scheme to
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store the ¢g-grams corresponding to the string. Thus, a
tuple is replicated as many times as there are g-grams
for the string contained in the tuple. While the rela-
tion size increases by a factor of number of g-grams
for a given string, the advantage of the approach is
that instead of computing an expensive predicate (i.e.,
edit distance between strings) in a nested-loop join,
by using g¢-grams, the original string join query can
be rewritten as an equi-join query over g-grams with
a suitable aggregation over the string identifier. This
way a cheaper equi-join (possibly using hash join or
sort-merge approach) can be evaluated on the g-grams,
and the expensive edit distance is computed only on
strings that satisfy the filter imposed by g-grams. The
authors show that for the data sets considered, the
penalty in terms of increase in size of the database is
offset by the savings due to pruning the number of ex-
pensive edit distance computations and the benefit of
hash-join over nested loop.

While their approach is attractive, it does not di-
rectly compare to our approach, since the technique
based on ¢-grams can only be used when the distance
metric between two strings used is edit distance (or its

variations). Frequently, especially in data-cleansing
applications, as discussed in the introduction, the dis-
tance between strings is not computed using edit dis-
tance, but a domain-specific metric. In contrast, our
approach is general, and any distance measure between
strings can be supported.

In addition, in the context of data-cleansing appli-
cations, as discussed in [HS95], catalogs to be merged
usually do not have only a single string, but rather
may consist of multiple string attributes. Using the ¢-
gram approach will become progressively worse, since
the data size increase will grow multiplicatively with
the number of string attributes in the relation. In con-
trast, the approach for string join proposed in this pa-
per can be easily combined with an appropriate multi-
attribute merge algorithm without much overhead.

While the above are the advantages of our approach,
its limitation compared to the g-gram approach is that
in our case we do not guarantee to find all results.

If we restrict ourselves to string distances and have
a relation with only one string attribute, it will be
interesting to see a performance comparison between
our approach and the ¢-gram approach. We leave
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such a comparison to future work. We note that the
primary advantage of the ¢g-gram approach is that it
can be done using a hash-join (since it is an equi-
join), whereas we still need to do a spatial join (even
though we can exploit a data structure such as R-tree
for this purpose). Some recent spatial-join algorithms
(e.g., [KS98]) discuss how similarity joins can be im-
plemented very efficiently in a manner similar to hash
joins using a space-filling curve. We believe that such
similarity-join mechanisms will afford us all the advan-
tages of the g-gram approach.

7 Conclusion

In this paper we developed a novel technique to solve
the similar-string-join problem: how to find pairs of
strings from two large data sets whose edit distance is
within a predefined threshold? This problem arises
naturally in a variety of applications, such as data
cleansing and data integration. Our approach has two
steps. We first map strings to objects in a multidimen-
sional space, such that the mapped space preserves
the edit distances over strings. In general, many tech-

niques can be used for this purpose. We focused on
the FastMap algorithm, and proposed a linear algo-
rithm called StringMap to do the mapping. In the
second step, we do a multi-dimensional similarity join,
and we use the algorithm proposed by Hjaltason and
Samet [HS98]. Our extensive experiments using real
data sets showed that our solution has very good ef-
ficiency and recall. In addition, it has several advan-
tages. (1) It does not require much extra storage space.
(2) Tt is very extendable, since many existing tech-
niques can be used in the two steps. (3) It can be easily
generalized to other similarity functions between two
strings, and even between any two objects in general.
Currently we are working on finding a bound on
the Euclidean distance after the StringMap algorithm.
Once we find such a bound, we can guarantee to find
all the pairs in the answer. We are also investigating
other techniques that can be used in the two steps.
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