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Abstract

Join techniques deploying approximate match predicates
are fundamental data cleaning operations. A variety of predi-
cates have been utilized to quantify approximate match in such
operations and some have been embedded in a declarative data
cleaning framework. These techniques return pairs of tuples
from both relations, tagged with a score, signifying the degree
of similarity between the tuples in the pair according to the
specific approximate match predicate.

In this paper we consider the problem of estimating vari-
ous parameters on the output of declarative approximate join
algorithms for planning purposes. Such algorithms are highly
time consuming, so precise knowledge of the result size as well
as its score distribution is a pressing concern. This knowl-
edge aids decisions as to which operations are more promising
for identifying highly similar tuples which is a key operation
for data cleaning. We propose solution strategies that fully
comply with a declarative framework and analytically reason
about the quality of the estimates we obtain as well as the per-
formance of our strategies.

We present the results of a detailed performance evalua-
tion of all strategies proposed. Our experimental results, val-
idate our analytical expectations and shed additional light to
the quality and performance of our estimation framework. Our
study offers a set of simple, fully declarative techniques for this
problem, which are readily deployed in the SPIDER declara-
tive data cleaning system.

1 Introduction

Data quality is a serious concern in every large production
database. Poor quality data is the result of a variety of causes
including incorrectly entered data (e.g., typing mistakes), lack
of standards for recording database fields (e.g., addresses),
poor integrity constraints (e.g., foreign key dependencies that
are not maintained, and degrade over time), incorrect use of the
database (e.g., additionally storing contact names in an address

field), and unanticipated evolution of the database over time
(e.g., data for new applications and customer types stored in
existing fields). Database administrators and users typically do
not have sophisticated tools to carefully monitor and address
data quality issues, as these large production databases evolve
over time. Unfortunately, even simple data quality problems
can severely degrade common business practices, e.g., inabil-
ity to retrieve customer records during service calls, wasted
inventory when unprovisioned circuits are not reflected in the
database, etc.

In order to understand the structure and contents of a
database (or a federation of related databases), it is necessary
to understand how fields/attributes relate to one another. When
these fields have poor quality data, join techniques using ap-
proximate match predicates are fundamental. These techniques
return pairs of tuples from the tables, each pair tagged with a
score, signifying the degree of similarity between the tuples in
the pair according to the specific approximate match predicate.
Such approximate join operations have received much research
attention in recent years, due to their significance and practical
importance (see, e.g., [16, 11, 9]).

Before such techniques can be effectively used against large
production databases, containing hundreds of tables and thou-
sands of columns, it is essential to determine which pairs of
fields are worth joining, i.e., which joins using the approximate
match predicates are likely to return many similar tuple pairs.
Poor data quality, along with sparse and out-of-date documen-
tation, make the available meta-data largely inadequate for this
purpose. This observation has led to the development of so-
phisticated tools like Bellman [5], which uses database profil-
ing to collect concise summaries of the values of the database
fields. These summaries (set and multiset signatures based on
min hash sampling and min hash counts) allow Bellman to de-
termine whether two fields can be equi-joined, and if so the di-
rection of the equi-join (e.g., one to many, many to many) and
the size of the equi-join result. While Bellman’s summaries
and estimation techniques are very useful for equi-joins (such
as between approximate keys/foreign keys, in the presence of
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default values), they do not address our problem of determining
which joins using the approximate match predicates are likely
to return many similar tuple pairs.1

The problem is challenging not only because of the large
number of approximate join operations, but also because each
approximate join operation is expensive (much more than tra-
ditional equi-joins). In this paper, we consider this problem as
one of estimating (with quality guarantees) various parameters
(such as result size and its score distribution) of the output of
approximate join techniques, and propose solution strategies
that can be declaratively expressed in SQL. Consider a rela-
tion R to be joined with two relationsS1 andS2. We adopt
the notationRõntS to denote the approximate join ofR and
S for all pairs with scores above some thresholdt. Assume
that a pair of tuples in an approximate join result is further
considered for examination if the pair has a score (for a spe-
cific approximate match predicate the join employs) above a
thresholdt. Let C1 andC2 be the sizes ofRõntS1 andRõntS2

respectively. IfC1 >> C2 arguablyRõntS1 is more important
thanRõntS2 and we should invest the time and resources to
compute it. Choosing the thresholdt however, will not always
be an easy task. Its choice is commonly heavily dependent on
the relations involved in the join. For example very few pairs
might exist for a specific choice oft, but decreasing the value
of t just a little might yield a significantly higher number of
results. Thus, in such cases, it is important to track the distri-
bution of the number of join results with specific scores, since
it could aid more informed decisions. LetD1(t), D2(t) be the
distributions of the number of join results with specific scores
for RõntS1 andRõntS2 respectively. If, for example,D1(t) has
a higher skew towards larger scores thanD2(t) and/or the spe-
cific number of join results with high scores inD1(t) is larger
than those inD2(t) arguablyRõntS1 should be computed first.
The specific properties (e.g., skew) to use in order to compare
D1(t) againstD2(t) is an orthogonal choice (e.g., standard
techniques to compare distributions can also be deployed). No-
tice that in this case specifying a thresholdt is a much easier
task. As the score under consideration decreases, the number
of pairs at or close to that score increases significantly [11, 9].
For all practical purposes, the number of reported pairs is very
large for further consideration at low scores. What’s more im-
portant is that the number of distinct pairs, reported as candi-
date duplicates at low scores, increases significantly dominat-
ing the total number. Specifying the thresholdt to be a small
value (e.g., 0.5) assures that we can focus on the relevant part
of the distribution since pairs belowt can hardly be considered
as duplicates.

There exist many ways to track the result size distribution
above a threshold. One example is to create a histogram on the
number of pairs in the join result with scores within specific
score ranges. Assuming that scores are normalized in[0, 1],
for a thresholdt, a histogram on the number of pairs in the join

1Bellman’s substring resemblance techniques determine textual similarity
between entire columns, which is a different problem.
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Figure 1. Example Histograms

result with scores in[t, 1] will provide insight on the number of
pairs with specific scores above the thresholdt. Typically his-
tograms have a specific number of buckets; the width of each
bucket corresponds to a range of scores in this case. The size
of the histogram (in terms of number of buckets) as well as
the bucket allocation (e.g., equiwidth) is totally user dependent
and completely tunable on demand. Figure 1 presents an ex-
ample. A join result with two different score distributions is
depicted (Figure 1). Constructing histograms as a representa-
tion of these distributions in the range[0.7, 1] we get the distri-
butions in Figure 1. The first distribution of Figure 1 is skewed
towards larger scores and of higher interest as pairs with larger
scores are more likely to be duplicates.

The core problem we address in this paper, is to produce
a random sample of the approximate join result of two rela-
tions for tuple pairs with scores above a user defined threshold
t. Doing so, will allow us to estimate the number of tuples in
the approximate join result with scores above the thresholdt as
well as to reason about the number of join results with scores
t′, t′ ≥ t. This will allow us to obtain estimates for the number
of approximate join results at specific score ranges and effec-
tively approximate the distribution of the number of join results
at specific scores abovet. In this paper we introduce sampling
based techniques for this purpose. Our emphasis is on approx-
imate match operations (and corresponding predicates) which
are fully expressiblein a declarative way (SQL). Thus, all of
our solutions are fully expressible in a declarative way as well
and we provide the SQL statements to efficiently realize them.
This deems our approach immediately useful in a practical set-
ting. In fact, the approach described herein is fully utilized
to identify promising joins to execute in theSPIDERdeclara-
tive data cleaning system [16]. We introduce the COMPLETE

JOIN problem that estimates the number of results forR1õntR2

(number of pairs above the thresholdt for the approximate join
of two relationsR1, R2). Estimation is performed obtaining a
random sample ofR1õntR2 by sampling directly fromR1, R2

and without assessing the fullR1õntR2. This paper is orga-
nized as follows: In section 2 we review related work. Section
3 reviews background material necessary for the remainder of
the paper and formally defines the problems of interest to this
study. In section 4 we present two sampling strategies, namely
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TUPLES andTOKENS for problem COMPLETE JOIN; we also
detail a biased sampling strategy for the same problem. In Sec-
tion 5 we present results of an experimental evaluation com-
paring all proposals across various parameters of interest. In
section 6 we highlight the applicability of our solutions to gen-
eral approximate match predicates. Section 7 concludes this
paper.

2 Related Work

Non declarative techniques for approximate joins have a
long research history (see [17] for general references and a
survey). In their seminal work, Fellegi and Sunter introduced
the record linkage problem [6]. Several techniques based on
statistics followed (see [4] for a survey). More recent tech-
niques include the merge/purge technique [14] and algorithms
inspired by information retrieval [3]. Approximate join tech-
niques based on statistics make use of well established infer-
ence techniques to quantify approximate match. Other approx-
imate join techniques use well established algorithms to rea-
son about approximate match. Such techniques include, cosine
similarity, edit distance and variants thereof [12, 10, 11, 9, 1].
Declarative techniques for approximate joins have been pro-
posed for a variety of approximate match predicates including
cosine similarity and edit distance [12, 11, 7, 15, 1].

Estimating the result size of join operations for the case of
equality predicates (i.e., equijoin) were studied in the context
of query optimization. Ganguly et. al., [8] introduced sam-
ple based techniques for equi-join result size estimation and
Chaudhuri et. al., [2] generalized this problem by proposing
techniques to obtain a sample of the distribution of the equi-
join result. The work presented herein is fundamentally differ-
ent. The algorithms in [8, 2] treat equijoin predicates and make
use of attribute value distributions to guide the sampling pro-
cedure. In our case, the predicates are far more complex and
diverse (approximate match as opposed to equality) and the at-
tribute value distributions themselves are not directly useful.
Our work however is related to the works in [8, 2] since we are
also interested in estimating the join result size and track the
distribution of the join results, in a sufficiently more general
setting however.

3 Background and Problem Definition

In this work we focus on declarative techniques for approx-
imate joins. Several techniques have been proposed in the lit-
erature, including techniques to embed cosine similarity and
edit distance in a declarative approximate match framework.
We choose to drive the presentation of our techniques focus-
ing our attention on cosine similarity as an approximate match
predicate. In section 6 we highlight the applicability of our
techniques in conjunction with other approximate match pred-
icates.

We briefly review the declarative technique for approxi-
mate match introduced in [12, 15] which will form the basis
for the presentation of our techniques. Given two relations

SELECT r1w.tid AS tid1, r2w.tid AS tid2
SUM(r1w.weight*r2w.weight) AS score

FROM R1Weights r1w, R2Weights r2w
WHERE r1w.token = r2w.token
GROUP BY r1w.tid, r2w.tid
HAVING SUM(r1w.weight*r2w.weight) ≥ t

Figure 2. Approximate Join in SQL (Generating F)

R1(tid, A1, . . .) and R2(tid, B1 . . .) (where tid is the tuple
identifier) the basic idea behind this technique is to decom-
pose each tuple in each relation into a number oftokens. What
constitutes a token is an orthogonal choice; a token can be any
subsequence ofq characters (a qgram) in an attribute (or sub-
set of attributes) ofRi, a word, etc. Each token is assigned
a score based on the well known and widely adopted mea-
sure of term frequency inverse document frequency(tf.idf )
from Information Retrieval. LetD denote the set of all to-
kens inR1, R2. Consider thej-th tokenw in D and a tuple
t from relationRi. Then,tfw is the number of timesw ap-
pears int. Also, idfw is |Ri|

nw
, wherenw is the total number

of tuples inRi that containw. The tf.idf weight for thej-
th tokenw in tuple t ∈i is ut(j) = tfwlog(idfw). Thus,
each tuplet corresponds to a (sparse) vector of dimension-
ality D with each coordinate corresponding to a token int
equal to thetf.idf weight of the token. These vectors are
normalized to unit length to ease our computations. As de-
scribed in [12, 15] token generation andtf.idf score com-
putation can be performed in a declarative way. Under this
measure, the score of a pair of tuplest1 ∈ R1 andt2 ∈ R2

is defined as follows: letut1 , ut2 be the corresponding nor-
malized weight vectors; thecosine similarityscore ofut1 , ut2

is defined assim(ut1 , ut2) =
∑|D|

j=1 ut1(j)ut2(j). The val-
ues ofsim(.) are in [0, 1]. The approximate join ofR1, R2

is defined as all pairs of tuples(t1, t2) ∈ R1 × R2 such that
sim(ut1, ut2) ≥ t for a user specified thresholdt. Assume
that tablesRiWeights(tid, token, weight) for i = 1, 2 have
been computed, wheretid is a tuple identifier inRi, token is a
specific token in the tuple ofRi with identifiertid andweight
the numeric value of the token for thetf.idf measure. The
approximate join operation can be easily expressed in SQL as
shown in Figure 2.

Our interest is to construct approximations of this join re-
sult, without computing the entire result, but only a small frac-
tion of it. We will employ sampling as our main tool to achieve
our goal.

Problem 3.1 (Complete Join (CJ))LetF denote the number
of tuples in the join result of base relationsR1, R2 with scores
abovet ∈ [0, 1]. Return an approximationF ′ to F by obtain-
ing a uniform random sample ofR1õntR2.

In order to solve this basic problem, we will obtain a random
sample of the approximate join result tuples, with scores above
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the thresholdt and we will quantify the accuracy of our estima-
tions analytically. Using this technique, will be able to obtain
estimates for the number of pairs in the approximate join result,
with scorest′ greater than or equal to anyt. As a result, we will
effectively construct an image of the distribution of the number
of approximate join results with specific scores in[t, 1]. Such
an image can be easily constructed. As an example, assume
we adopt histograms as a non parametric way to represent the
desired distribution. Histograms consist of a number of buck-
etsB; buckets span specific (non-overlapping) ranges of scores
and collectively cover the range[t, 1]. We refer to the specific
ranges spanned by buckets as abucketization. Both the number
of buckets and the bucketization are entirely user specified and
tunable. LetF be the distribution of the number of pairs in the
join result for a specific bucketization and number of buckets.
For example, fort = 0.7 with three buckets and a equi-width
bucketization,F will consist of the exact number of tuple pairs
in the join result with scores in([0.7, 0.8), [0.8, 0.9), [0.9, 1]).
A solution to problem 3.1 will allow us to approximateF . The
exact image ofF can be obtained in a variety of ways, for ex-
ample by executing a number ofcount queries on the result
of the join (obtained in Figure 2), counting the number of pairs
within each bucket range of interest. This image can serve as a
basis to compare our approximate solutions against.

We detail our solutions in the sequel. All proofs are omitted
due to space limitations.

4 Algorithms for COMPLETE JOIN

In this section we present our proposed techniques for the
solution of problem 3.1. Given two relationsR1, R2 we wish
to obtain a random sample ofR1õntR2 in order to derive an
estimate of the number of pairs inR1õntR2, that is the re-
sult size of the query in Figure 2. We assume that relations
RiWeights, i = 1, 2 are available and we will be operating
directly on those. If they are not, they can be constructed on
demand; this is a constant overhead, which is the same for
all techniques under consideration. We present two candidate
strategies: one is based on sampling tuples (TUPLES) and the
other on sampling tokens (TOKENS). We analyze and compare
them in terms of accuracy and performance identifying their
relative strengths. In case statistics are available for relations
RiWeights (we detail the type of statistics in the sequel) we
show that better estimates can be obtained for problem 3.1 un-
der some conditions. We complement our treatment of prob-
lem 3.1 in the case of available statistics, by describing biased
sampling techniques for the problem at hand.

4.1 The case for no Available Statistics

4.1.1 StrategyTUPLES

Our first strategy obtains a uniform random sample,
RiWeights (i = 1, 2), from each of the relations. Assume,
without loss of generality that|RiWeights| = N . For a spe-
cific values each tuple in each relation is sampled with proba-
bility s

N and two new relationsSRiWeights, i = 1, 2 are cre-

CREATE VIEW SR1Weights (tid, token, weight) AS
SELECT *
FROM R1Weights
WHERE rand() < s

N

CREATE VIEW SR2Weights (tid, token, weight) AS
SELECT *
FROM R2Weights
WHERE rand() < s

N

SELECT r1s.tid, r2w.tid
SUM(r1s.weight*r2w.weight) AS score

FROM SR1Weights AS r1s, R2Weights AS r2w
WHERE r1s.token = r2w.token
GROUP BY r1s.tid,r2w.tid
HAVING SUM(r1s.weight*r2w.weight) ≥ t
UNION
SELECT r1w.tid, r2s.tid

SUM(r1w.weight*r2s.weight) AS score
FROM R1Weights AS r1w, SR2Weights AS r2s
WHERE r1w.token = r2s.token
GROUP BY r1w.tid,r2s.tid
HAVING SUM(r1w.weight*r2s.weight) ≥ t

Figure 3. Strategy TUPLES: SR1Weights, SR2Weights are

random samples of R1Weights, R2Weights

ated. We claimSR1Weights õnt R2Weights ∪ R1Weights
õnt SR2Weights as a random sample of the approximate
join of Figure 2 from which an approximation to the size of
R1õntR2 can be obtained. This way of obtaining the estimate
can be realized in a declarative way as shown in Figure 3. Ob-
taining a random sample from a relation can be performed in
SQL in a variety of ways. The statements shown in Figure
3 assume thatrand() is a function that can return a random
number in[0, 1] for each tuple considered. SQL extensions
exist for supporting various types of random samples directly.
Different vendors implement various sampling techniques. We
adopt this way in the sequel and we assume that random sam-
ples of relations can be materialized via one of possible ways,
without delving further into the details which are orthogonal to
our discussion.

Proposition 1 The query of Figure 3 provides a random sam-
ple ofR1õntR2.

Operating on this sample, we can executecount queries and
obtain estimates of the size ofR1õntR2. We reason about the
properties of such estimates.

Let ti ∈ R2Weights; we toss a coin and with probabil-
ity s

N , for somes, we include it in the sample. Letri be the
number of tuples ofR1Weights that join withti having score
greater than or equal tot. Let xi be the contribution ofti to
the size ofR1õntR2. Thusxi = ri with probability s

N and is 0
otherwise. Therefore, the expectation ofxi is E[xi] = sri

N .
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Proposition 2 Let X = N
s

∑s
1 xi, thenE[X ] is the size of

R1õntR2.

Thus, in expectation our estimate for the size ofR1õntR2 is
exact. For the variance of our estimate we have:

Theorem 1 V ar(X) = (N
s − 1)

∑s
i=1 r2

i

Since eachri is at mostN , it follows that
∑s

i=1 r2
i ≤

N
∑s

i=1 ri. So the variance is bounded byN
2

s

∑s
i=1 ri.

Following Chebyshev inequality, a reasonable value fors is
O( N2
Ps

i=1 ri
). Depending on the datasets involved in the ap-

proximate join,
∑s

i=1 ri is as low asN and as large asN2.
As a result, a small value ofs is required when each tuple in
one data set has a relatively large number of tuples in the other
with which it pairs up with a score above the thresholdt. If
that is not true, larger values ofs are required. We will quan-
tify such tradeoffs in section 5

In practice we do not expect the value ofri to be large; for
most cases, especially for large thresholdt the value ofri will
be bounded by some constantu, denoting the upper bound on
the number of tuples of one relation pairing up with any tuple
of the other with a score above the thresholdt. This value
will typically be a few hundred tuples. Thus the above use
of Chebyshev inequality need not be a very crisp estimate of
the sample size. However theri’s not being the same present
a problem in further sharpening the estimate. In fact if we
assume that theri’s were identically distributed, we can get
a better bound by the following:

Proposition 3 If xi are i.i.d. random variables which take
valueu with probability s/N or 0, for any0 < f, λ < 1 a

sample size ofO
(

2 log 1
λ

(1−f)2

)
will guarantee that our estimate

N
s

∑
i xi is within a factor1− f of the true value with proba-

bility at least1− λ.

The above actually says that the sample size can be much
smaller, (thanN/u derived by the Chebyshev inequality) in
an ideal setting where each tuple contributes the same amount.

In principle, by repeating this process for varioust′ we can
obtain precise estimates for the size of anyR1õnt′R2, t′ ≥
t. Each such estimate will have guaranteed accuracy provided
that is derived in accordance to proposition 3. From these we
can construct a succinct image of the distribution of the number
of pairs with scores abovet at the expense of applying strategy
TUPLES multiple times. However, operating on the result of
the query in Figure 3 we can obtain estimates for the size of
R1õnt′R2 for anyt′ ≥ t as well. Such estimates fort′ > t will
not have the guarantees of proposition 3 but we will evaluate
them experimentally in section 5.

4.1.2 StrategyTOKENS

The second strategy we consider for problem 3.1 is to sam-
ple tokens directly from relationsRiWeights, i = 1, 2. Rela-
tionsRiWeights materialize large, sparse vectors since each

tuple has been transformed to a vector of dimensionD =
∪πtoken(RiWeights), i = 1, 2. Each relation materializes
the non zero coordinates (tokens with non zero weight) of the
tuples in each corresponding relationRi. Conceptually each
relationRiWeights corresponds to anN×D matrix,Mi. The
rows of each matrixui

tj
, i = 1, 2 andj ∈ [1, N ] have||ui

tj
||

=1. Under this interpretation consider the matrixCi,j = 1 if
u1

ti
(u2

tj
)T ≥ t, i, j ∈ [1, N ] and 0 otherwise. Estimating the

number of entries with value 1 in matrixC will provide a solu-
tion to problem 3.1; let this number bec. Obtain a random sam-
ple of sizè from D. This effectively creates matricesM

′
1, M

′
2

of size at mostN×`. Assume that the rows ofM
′
i , i = 1, 2 are

normalized to unit length. Letvti denote a row ofM
′
1 andvtj

a row ofM
′
2. We defineXi,j = 1 if vtiv

T
tj
≥ t and and 0 other-

wise. These are the entries of matrixM
′
1×(M

′
2)T . It is evident

thatE[Xi,j ] = c
N2 . ThereforeX̂ =

∑
i∈[1,N ],j∈[1,N ] Xi,j has

an expectationE[X̂] = c.
Let τ ∈ D be a token. Without loss of generality, assumeτ

belongs to a set of tuples fromR1. Letri denote the number of
tuple pairs inR1õntR2 that asingle tuplein that set contributes
to. For the variance of this sampling scheme we can show the
following

Theorem 2 The variance of thêX estimate,V ar(X̂) is lower
bounded by(D

` − 1)
∑`

i=1 r2
i and upper bounded by(D −

`)(
∑N

i ri)2.

It is evident that in this case, large values of` with respect toD
are required to keep the variance of this estimate manageable.
This is not very promising in terms of performance however. It
will take O(N2D) in the worst case to produce the product of
M1 andM2 and compute the exact value ofc. Using matrices
M

′
1 andM

′
2 it will take timeO(N2`) in the worst case, which

does not offer performance advantages as` needs to be close
to D to obtain a good variance.

We observe however, that for the case of cosine similar-
ity of two vectorsuti , utj , with ||uti || = ||utj || = 1 their
cosine similarity, determines their Euclidean distance exactly:
||uti − utj ||2 = ||uti ||2 + ||utj ||2 − 2utiutj = 2(1− utiutj ).
Since, we desireutiutj ≥ t, this corresponds to||uti −utj || ≤√

2(1− t). Given this relationship between cosine similarity
and Euclidean distance, one could try to reduce the dimension-
ality of the vectors inM

′
1, M

′
2 before computingM

′
1× (M

′
2)

T .
If the reduction preserves relative distances in Euclidean space,
then we can still obtain a good estimate forc, hopefully in a
fraction of the time required to computeM

′
1 × (M

′
2)

T . In ac-
cordance with our declarative framework, we deploy a dimen-
sionality reduction technique that can be efficiently expressed
in a declarative way.

Lemma 4.1 (JL Lemma) Given a set of N vectorsV in a
spaceRn, if we have a matrixS ∈ Rd×n where d =
O( 1

ε2 log N) such that each element ofSij is drawn from a
Gaussian distribution, appropriately scaled, for any vector
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x ∈ V , then||x||2 ≤ ||Sx||2 ≤ (1 + ε)||x||2 holds true with
vanishingly high probability,1− o(1/N).

Assume thatS is an` × d matrix suitably populated in accor-
dance to the JL lemma. Reducing the dimension of each of the
M

′
i , i = 1, 2 matrices amounts to computingM

′
i×S. This will

create theN ×d matricesM
′′
i . We can now useM

′′
1 × (M

′′
2 )T

in order to obtain an estimate forc. Each row ofM
′′
i , i = 1, 2

is a vector of dimensiond. If ûti , ûtj are vectors inRd, the JL
lemma guarantees that:

if ||uti − utj || ≥ (1 + 2ε)
√

2(1− t) then

with high probability ||ûti − ûtj || ≥ (1 + ε)
√

2(1− t)

and similarly

if ||uti − utj || ≤ (1 + 2ε)
√

2(1− t) then

with high probability ||ûti − ûtj || ≤ (1 + ε)
√

2(1− t)

The dimensionality reduction step will provide a performance
benefit, provided that the time to computeM

′
1 × (M

′
2)T

(O(N2`)) is greater than the time to perform the dimensional-
ity reduction and computeM

′′
1 ×(M

′′
2 )T (O(N`d)+O(N2d);

clearly there is range for potential performance benefit, as
d << `, and` is close toD in order to achieve estimates with
small variance.

Introducing dimensionality reduction using the JL lemma,
’distorts’ the distances. As a result, for a specific value ofε
in accordance to the JL lemma, and a tupleti instead of esti-
mating all tuples with score abovet in the joining relation, we
relax this to estimating all pairs with score abovet1+ε . For a
tupleti, let ri denote all tuples with score abovet in the join-
ing relations. Letr′i denote an upper bound on the number of
tuples in the joining relation with score abovet1+ε . We have:

Theorem 3 The variance of theTOKENS strategy with di-
mensionality reduction is lower bounded by(D

` − 1)
∑N

i=1 r2
i

and upper bounded byD(
∑N

i=1 r′i)
2 +2`(

∑N
i=1 r′i)

2

−3`(
∑N

i=1 ri)2

Figure 4 presents SQL statements implementing strategy
TOKENS. We assume that relationsRiWeights have been
sampled and the relationsRiTSample have been created.
Moreover the weights corresponding to eachtid in relations
RiTSample have been normalized to unit length. Tables
RandomProji(token, dim, rdn) have been created and pop-
ulated with samples from a Gaussian distribution in accordance
to the JL lemma.dim is an identifier for the corresponding di-
mension and ranges from 1 tod. The statements in Figure 4
seem to suggest that tablesRandomProji should be materi-
alized at every execution of algorithmTOKENS. We choose
to present the statements this way for simplicity. However,
in practise, tablesRandomProji can be materialized with-
out explicitly materializing actual tokens in attributetoken; in-
stead just a generictoken identifieris sufficient. Then, by de-
riving a mapping between actual tokens for each execution of

CREATE VIEW R1rp(tid,dim,wrp) AS
SELECT r1Ts.tid, rp.dim,

SUM(r1w.weight*rp.rnd)
FROM R1TSample AS r1Ts, RandomProj1 AS rp

R1Weights AS r1w
WHERE r1Ts.token = rp.token

AND r1Ts.tid = r1w.tid
GROUP BY r1Ts.tid,rp.dim

CREATE VIEW R2rp(tid, dim, wrp) AS
SELECT r2Ts.tid, rp.dim,

SUM(r2w.weight*rp.rnd)
FROM R2TSample AS r2Ts, RandomProj2 AS rp

R2Weights AS r2w
WHERE r2Ts.token = rp.token

AND r2TS.tid = r2w.tid
GROUP BY r2Ts.tid,rp.dim

SELECT r1w.tid, r2w.tid,
SUM((r1w.wrp-r2w.wrp)*(r1w.wrp-r2w.wrp))
FROM R1rp AS r1w, R2rp AS r2w
WHERE r1w.dim = r2w.dim
GROUP BY r1w.tid, r2w.tid

Figure 4. Strategy TOKENS: Tables RandomProji are

populated with samples from a Gaussian Distribution suit-

ably scaled. Tables RiTSample contain token samples

from RiWeights. The weights of the tokens correspond-

ing to each tid in RiTSample are normalized to unit

length.

algorithmTOKENS and those identifiers, can assure that tables
RandomProji can be repeatedly utilized across multiple al-
gorithm executions. Such a mapping can be easily derived in a
declarative way as well. We omit the details for brevity.

4.1.3 ComparingTOKENS and TUPLES

Both strategies obtain estimates for the quantities of interest
of problem 3.1. As such, they should be compared in terms
of their accuracy, but also in terms of their run-time perfor-
mance. We present an analytical reasoning and further validate
it experimentally in section 5. Sampling in strategiesTUPLES
andTOKENS concerns different quantities. LetL denote the
size of a tuple (in suitable units of storage) in the worst case.
Similarly, N (number of tuples in the relation) is the worst
case size of the information associated with a token, in suit-
able units of storage as well. Thus, the bounds for the vari-
ance ofTOKENS, assuming that we sample the same amount
of information (in terms of units of storage) in both strategies
becomeO((DN

sL −1)
∑`

i=1 r2
i ) andO((D− sL

N )
∑N

i=1 r2
i ) for

the lower and upper bound respectively. It is evident that the
variance ofTUPLES decreases as the worst case size of the tu-
ples increases and the other parameters remain the same. Thus,
we would expect this strategy to yield reasonable accuracy for
relations containing tuples of larger size. Similar observations
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hold for the case ofTOKENS with dimensionality reduction.
In terms of run-time performance, strategyTUPLES can

obtain an estimate in timeO(sNL) in the worst case (since
the number of tokens is related to the tuple length). Strategy
TOKENS requires timeO(N`d) + O(N2d) in the worst case
(that’s including the dimensionality reduction overhead). From
these, one may conclude that for a specific parameter setting,
when L becomes larger, while the other parameters remain
unchanged, strategyTOKENS can provide some performance
benefits as well.

4.2 The case of Available Statistics

We now focus on a variant of problem 3.1 by considering
a setting in which statistical information is available for rela-
tionsRi. In traditional joins, the attribute value frequency dis-
tribution captured by histograms, can be useful when consid-
ering estimations of equijoin result sizes [8, 2]. In the case of
approximate joins however, attribute value frequency distribu-
tions are not very useful. The predicates are sufficiently more
complex and equality of values does not offer an estimate of
the number of joining pairs (as in the case of equi-joins). In
such operations we need to capture different types of statistics
from the underlying relations. Moreover, to assure generality,
as in the case of histograms in traditional query optimization,
such statistics should be captured independently per relation
and utilized in subsequent approximate join operations with a
variety of other relations.

We propose to record for each tuple in each relationRi
the set of tuples fromRi that join with it in an approximate
way (approximate self join), with score greater than or equal
to a thresholdt. Thus, for each tuple inRi we are recording
theneighborhoodin cosine similarity space, for a thresholdt.
This information is maintained (in principle) for each tuple, by
assessing the self join of each of the relationsRi. It can be
computed and materialized once (independently of any other
relation) in a preprocesing step (via simple SQL expressions
as in [12]) and used subsequently foranyapproximate join in-
volving Ri. This can be perceived as the analog to materializ-
ing histograms as is the case in traditional query optimization.
Similarly toend biased histograms[18] we may choose to ma-
terialize such information, only for the tuples with the highest
such numbers, resulting in tunable space requirements. We
next detail our techniques for the problem at hand, assuming
the existence of such information.

4.3 Samples for Singlecount Queries

For each relation Ri we create a relation
NeighborRi(tid, tidN ) that records for each tuple of
Ri with tid, tid, the tuples fromRi with tid’s tidN that join
with it with score abovet, for somet. We usewi to denote
the number of tuples ofRi that join with a tupleti of Ri with
score abovet.

We detail the use of such information for a slight variation
of problem 3.1. Provided that the specific value oft is fixed
a priori, we present a technique that obtains samples with the

aid of such statistics providing an estimate for the number of
pairs in the approximate join with scores above4 ∗ t− 3. The
main difference with the original statement of problem 3.1 is
that as a result of this technique we only obtain a single count
estimate without obtaining a uniform random sample of the ap-
proximate join result. Since the technique biases the samples
towards a specific value oft, it has the promise of increased
accuracy and it is particularly useful for obtaining precise esti-
mates for high values oft.

Our technique deploysbifocalsampling [8] suitably extend-
ing it to the case of approximate match predicates. We partition
tuples of a relation into two categories, namely those that are
of high density (HD) and those that are of low density (LD).
As before, assume relationsRiWeights are of the same size
N . A tuple tj ∈ RiWeights, 1 ≤ j ≤ N belongs to HD if
wj ≥ δ (for someδ) for the tuple with the correspondingtid in
Ri and is LD otherwise. The sampling strategy derives two sets
of random samples. The first one of sizes1 is on the HD tuples
of RiWeights; each HD tuple is sampled with probabilitys1

Nh
,

whereNh is the number of HD tuples in relationsRiWeights
(without loss of generality assume that both relations have the
same number of HD tuples). The second one is of sizes2 and is
obtained on theLD tuples of relationsRiWeights where each
tuple is sampled with probabilitys2

Nl
(number of LD tuples in

RiWeights).
We obtains1 samples from each of relationsRiWeights

by sampling HD tuples from each relation, effec-
tively creating relations SRiWeights. We compute
SR1WeightsõntSR2Weights and for each tuple pair
(ti, tj) in this join result, we would like to usewi, wj in
our estimation. Notice that by the triangle inequality, since
each tupleti joins with a score at leastt, with all tuples that
contribute towi and also with the tupletj , all tuples that
contribute towi join with a score at least4 ∗ t − 32 with tj .
A symmetric argument holds fortj . Assume that for each
tupleti in SRiWeights none of the tuples contributing to the
neighborhoodwi of ti are inSRiWeights. In this case we
say that the neighborhood of the samples arewell separated.
In this case, accumulating

∑
i,j wi ∗ wj , for all pairs(ti, tj) ∈

SR1Weights õnt SR2Weights is a good estimate. It is likely
however that the neighborhoods of some samples are not well
separated. In this case accumulating

∑
i,j wi ∗ wj will be an

overestimate. Consider tuplestk in SRiWeights belonging
to the neighborhood of some tupleti which also belongs to
SRiWeights. Computing

∑
i,j wi ∗ wj for all pairs (ti, tj)

in SR1WeightsõntSR2Weights could account for multiple
contributions of some tuples and could be a crude overestimate.
Figure 5 presents an example. It is imperative to eliminate
this possibility before obtaining such an estimate. LetE1 be

2Considerti, tj at distance at leastt and atk in the neighborhood ofti.
We have||utk − utj || ≤ ||uti − utj || +||uti − utk ||. Using, ||uti −
utj || =

q
2(1 − utiutj ) and||uti − utj || ≥ t, ||uti − utk || ≥ t we get

utkutj ≥ 4 ∗ t − 3
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Figure 5. Neighborhoods of tuples ti and tk . If ti has a

score of at least t with respect to tj then tk is accounted

for in the neighborhood of ti. However, if tk is also in the

sample and has a score at least t with respect to tj , it will be

accounted again as well as all tuples in the overlap of tk ’s

and ti’s neighborhoods

the size ofπNeighborR1.tidN,NeighborR2.tidN (NeighborR1
on SR1WeightsõntSR2Weights on NeighborR2). E1 ac-
counts for the true contribution of the neighborhoods of each
tuple pair in SR1WeightsõntSR2Weights since multiple
contributions from tuples in the various neighborhoods have
been eliminated. LetRes1(tid) = πtidN (SR1Weights on

NeighborR1). Let s′1 be the size of Res1. Let
Res2(tid) = πtidN (SR2Weights on NeighborR2)
ands′′1 be it’s size. This result is further scaled byNh

s′
1

Nh

s′′
1

and

the estimateÊ1 = Nh

s′
1

Nh

s′′
1

E1 is obtained.

Then, we proceed to obtain estimates of the contribution
to the final result, from the joining combinations of tuples in
which LD tuples of one relation join with LD or HD tuples of
the other. For this reason starting fromR1Weights we join
the sample of sizes2 obtained from it sampling only LD tuples
(S′R1Weights), with the entire relationR2Weights. Sim-
ilarly, we have to eliminate possible overestimates caused by
tuples belonging not only to the neighborhood of a tupleti
but also toS′R1Weights. Thus, we compute the sizeE12 of
πNeighborR1.tidN,R2Weights.tid

(S′R1WeightsõntR2Weights on NeighborR1). E12 ac-
counts for the correct contribution of the neighborhoods for
each tuple pair in the final estimate by eliminating multi-
ple contributions. Lets′2 = πtidN (S′1RWeights on

NeighborR1); the valueE12 is subsequently scaled return-
ing Ê12 = (Nl

s′
2
)E12. We repeat this procedure symmetrically

for R2Weights and obtain the estimatêE21. Our final result
for the number of pairsR1Weights,R2Weights joining with
a score at least4 ∗ t − 3 is the sum of these three estimates,
namelyÊ1 + Ê12 + Ê21. Figure 6 presents SQL statements
realizing this strategy.

In a setting, where each tuple has some numberu = O(δ)
of neighbors within the threshold, and we have a well separated
instance, we can show that a small sample size is enough.

CREATE VIEW V (tid1, tid2) AS
SELECT sr1w.tid, sr2w.tid
FROM SR1Weights AS sr1w, SR2Weights AS sr2w,
WHERE sr1w.token = sr2w.token
GROUP BY sr1w.tid, sr2w.tid
HAVING SUM(sr1w.weight*sr2w.weight) ≥ t

CREATE VIEW E1(tid1, tid2) AS
SELECT tid1,tid2
FROM V
UNION
SELECT N1.tidN, N2.tidN
FROM V, NeighborN1 AS N1, NeighborN2 AS N2
WHERE V.tid1 = N1.tid, V.tid2 = N2.tid

CREATE VIEW V1 (tid1, tid2) AS
SELECT s’r1w.tid, r2w.tid
FROM S’R1Weights AS s’r1w, R2Weights AS r2w,
WHERE s’r1w.token = r2w.token
GROUP BY s’r1w.tid,r2w.tid
HAVING SUM(s’r1w.weight*r2w.weight) ≥ t

CREATE VIEW E12 (tid1, tid2) AS
SELECT tid1, tid2
FROM V1
UNION
SELECT N1.tidN, V1.tid2
FROM V1, NeighborN1 AS N1
WHERE V1.tid1 = N1.tid

CREATE VIEW V2 (tid1, tid2) AS
SELECT r1w.tid, s’r2w.tid
FROM R1Weights AS r1w, S’R2Weights AS s’r2w,
WHERE r1w.token = s’r2w.token
GROUP BY r1w.tid, s’r2w.tid
HAVING SUM(r1w.weight*s’r2w.weight) ≥ t

CREATE VIEW E21 (tid1, tid2) AS
SELECT tid1, tid2
FROM V2
UNION
SELECT V2.tid1, N2.tidN
FROM V1, NeighborN2 AS N2
WHERE V1.tid2 = N2.tid

Figure 6. Statements realizing biased sampling strategy. Re-

lations SRiWeights, are populated with samples of size

s1 from the HD tuples of corresponding RiWeights. Rela-

tions S′RiWeights are populated with samples of size s2

from the LD tuples of corresponding RiWeights. Count-

ing distinct tuples from E1, E12, E21, appropriately scal-

ing each estimate, and summing them up, provides the final

estimate on the size of R1õn4∗t−3R2
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Proposition 4 If all the neighborhoods have the same sizeu
and are well separated and we have an unifom sample of the

neighborhoods, a sample size ofO
(

2 log 1
λ

(1−f)2

)
is sufficient to

ensure that our estimate is within(1 − f) factor of the true
value with probability at least1 − λ. If we sample tuples and

eliminate duplicates, a sample size ofO
(

2u log 1
λ

(1−f)2

)
samples is

sufficient to ensure an uniform sample of neighborhoods of the
required size mentioned above.

Applying similar methodologies, one can derive related ex-
pressions forÊ12, Ê21 as well as, the sample sizes2 for the
case of the other estimates when the neighborhoods of the sam-
ples are well separated.

5 Experimental Evaluation

We prototyped the strategies proposed herein and in this
section we report the results of an experimental evaluation
comparing them in terms of accuracy and performance. All
techniques are easy to realize on top of any RDBMS. We use
SQL Server Beta 2, running on a DELL Precision 4, 3 GHZ
with 4GB of RAM and two 250GB SATA drives. SQL Server
is used with the parameters it ships with.

We used both real and synthetic data sets for our study. Our
real data sets consist of customer name data. We report results
using a pair of real data in our experiments which we refer to
as Real1 . All of our experiments are repeatedthirty times
(30) each and averages are reported. For this reason, to keep
running time manageable during our experiments we constraint
the size ofReal1 to 30K tuples (each). Average length of a
tuple inReal1 is 25 characters. In order to be able to vary data
set parameters in a flexible way, we also include synthetic data
sets in our study. Our synthetic data sets have varying sizes
(both in terms of number of tuples and tuple length). They
consist of uniformly distributed strings.

With our experiments we wish to identify the tradeoffs be-
tween the various strategies, for data sets with varying charac-
teristics and seek to validate our analytical expectations. We
report on the performance of the techniques by measuring re-
sponse time of the various queries implementing our strate-
gies. Response time does not include pre processing (i.e.,
time to construct relationsRiWeights since it is a constant
overhead for all techniques and time to collect statistics in
the biased strategies since it is a constant overhead as well.
Both are amortized across multiple uses). For strategiesTUP-
LESS, TOKENS response time includes the time to sample ta-
blesRiWeights, the time for dimensionality reduction when
applicable, and the time to join and construct the final result
(counting the answer and scaling it). Accuracy is quantified in
terms of theaverage absolute relative error(ARE) defined as
|E−E′|

E , whereE andE′ are the exact and the estimated values
for the quantity of interest. Samples are specified as a fraction
of the total relation size (total number of tokens in strategyTO-
KENS).

0
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Figure 7. Accuracy of TUPLESon synthetic dataset, N=20K

tuples, average tuple size 50

Our first experiment aims to quantify the accuracy and the
performance of strategyTUPLES. Figure 8 shows the accuracy
and runtime performance of theTUPLES strategy onReal1 .
Figure 8(a) presents computation time as the size of the un-
derlying data set increases. It is evident thatTUPLES requires
only a fraction of the time required to obtain the estimate ex-
actly. Evidently, the benefits increase as the size of the under-
lying data set increases. These performance curves were con-
sistent across a large collection of real and synthetic data sets;
we omit additional graphs on performance due to space con-
straints. Figure 8(b), presents the accuracy of our estimates.
For different sample sizes, we obtain estimates on the total
number of pairs above a specific threshold. These estimates
are obtained by deriving a uniform random sample of the join
result usingTUPLES for the smallest value oft (0.7 in figure
8(b)) and then using this uniform sample to obtain estimates
for the remaining thresholds. It is evident that accuracy im-
proves as the sample rate (s denotes sample rate in this context,
i.e., fraction of tuples sampled) increases. Accuracy is usually
better for smaller values oft and this is partly due to the fact
that the uniform random sample is derived with respect to the
lower threshold. Ast increases, our expectation for the maxi-
mum number of stringsu with score abovet for any string, be-
comes smaller (this is verified by an analysis of the properties
of data setsReal1 ). In section 4.1 we argued that a sample
of roughlyO(N

u ) is required to obtain good accuracy, attesting
to the requirement for a larger sample size. Nevertheless, it is
evident that even a single run ofTUPLES obtaining one sam-
ple is enough to quantify the distribution of the join result size
for various thresholds. In Figure 7 we report, the accuracy of
TUPLES on uniform data. The trends are very similar to those
on the real dataset. Accuracy appears better on synthetic data.
For uniform data, in expectation each tuple contributes approx-
imately the same amount to the final joins result; thus, uniform
sampling appears more effective for such data.

Figure 9 presents the accuracy and performance ofTOKENS
on synthetic data (of average string length 200). Our large sets
of experiments withTOKENS on real and synthetic data in-
dicated that this strategy can achieve reasonable accuracy for
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Figure 9. Accuracy and runtime performance of TOKENS on uniform data ( D=650, L=200)

strings of size large, relative to the total number of distinct to-
kensD (a fact which is consistent with our analytical expecta-
tion). We thus, present sample results onTOKENS using syn-
thetic data, in which we can vary tuple length in a flexible way.
In Figure 9(b) we quantify accuracy as a function of` (denoting
here the fraction ofD sampled) and we present results for two
distinct values ofd (dimension of the space after application
of the JL lemma). Large values of` are in accordance to our
analysis in order to obtain good variance. Notice that accuracy
progressively improves as a function of` and it’s also better as
d increases; this is in accordance to the JL lemma. Figure 9(a)
presents the corresponding performance graph. Performance
benefits, when compared with that of the exact computation
(full approximate join of underlying tables) are large and in-
crease as the dataset size increases. For increasing values of
d, TOKENS requires progressively more time, since vectors of
larger size are involved in the join.

Having evaluatedTOKENS andTUPLES in isolation, we
now turn to reason about their comparative performance. We
thus present the results of an experiment, that compares both
strategies in terms of accuracy and performance varying pa-
rameters of interest. Figure 10(a) comparesTUPLES andTO-
KENS in terms of their performance. Sample sizes for both
strategies (in terms of total bytes sampled) are exactly the
same. As the average length of strings (L) in the underly-
ing data sets increases, maintainingD (number of tokens) the

same, it is evident that the performance ofTOKENS improves
progressively and there exists a crossover point in the perfor-
mance of the two techniques. This experiment confirms our
analytical expectation thatTOKENS can provide performance
benefits for strings of larger size. The trends of this behavior
remain the same for different parameter settings (d andt). Fig-
ure 10(b) presents the results of a similar experiment, for the
accuracy of the two techniques. The trends are similar, once
again confirming our analytical expectations.

Figure 11 depicts the accuracy and performance of the bi-
ased sampling approach we introduce compared withTUPLES.
We inject four tuples with similarity above 0.7 to 30% of the
tuples of eachReal1 relation independently. We assume that
statistics for neighborhoods are pre computed via a self join for
each underlyingReal1 relation. If we wish to estimate the
size of the final result above a thresholdt, the neighborhoods
are computed using thresholdt+3

4 . As the number of tuples
in the underlying relations increases in Figure 11(a) the time
required byTUPLES to derive an estimate increases faster than
that of the biased counterpart. The total sample size derived
is 0.1 of the size of the underlying relations. A tuple is con-
sideredHD in this experiment if the size of its neighborhood
(δ) is greater than or equal to 33. As we increase the fraction

3Settingδ to a value that captured the top quantiles of the largest neighbor-
hoods was sufficient for all of our experiments
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of the HD tuples we sample for the case of biased sampling
(from s1 = 0.05 to s1 = 0.07), additional time is required to
derive an estimate as more dense neighborhoods are sampled
and have to be processed to eliminate possible duplicates. Fig-
ure 11(b) presents the corresponding accuracy trends. Biased
sampling appears more accurate thanTUPLES and the accu-
racy improves as the number of HD tuples sampled increases.
This behavior is consistent for varying values of the threshold
t. The error appears to increase for larger values oft since the
sample size for all experiments of this graph is fixed to 0.1 of
the size of each of the underlying relations. A larger sample
size is required to obtain higher accuracy for larger values oft.

6 Applicability to Other Predicates

Our entire discussion up to now utilized cosine similarity as
the approximate match predicate to assess a proximity score for
tuple pairs. We comment on the applicability of our methods
to other approximate match predicates.

Edit distance [13] is a widely used predicate for assessing
the closeness of strings. It has been successfully utilized in
a declarative framework [11, 7] for data cleaning purposes.
Commonly, using edit distance as an approximate match pred-
icate in a join operation, requests all pairs of tuples (strings)
from the two relations, at edit distance at mostk. Since a

straightforward application of edit distance in a join operation
of two relations of sizen, would requireO(n2) time (assessing
edit distance between every pair of tuples) it is imperative to
reduce the number of candidate pairs considered. Facilitating
use of edit distance in SQL involves decomposing a string into
a set of overlapping subsequences ofq characters (for someq)
calledq-grams and subsequently applying a set of filters ma-
nipulating theq-grams. In [11] three filters were proposed,
namely the count filter (two stringsσ1, σ2 can be at edit dis-
tancek if the number of commonq-grams they share is above
max(length(σ1),length(σ2)) - 1 + (k−1)q, the length filter (two
strings cannot be at edit distancek if their length difference is
abovek) and the position filter (correspondingq-grams of two
strings cannot be at distance more thank apart). These three
filters were shown to significantly reduce the amount of com-
putation required for evaluating approximate joins using edit
distance via SQL expressions.

StrategyTUPLESS can be readily utilized in conjunction
with edit distance (we omit a detailed presentation due to space
constraints). All three filters can be readily applied between
the sampled tuples and the tuples of the joining relation. It
is also possible to derive related expressions for the sample
size required to obtain good accuracy. StrategyTOKENS is
also applicable, with the exception of the dimensionality re-
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duction step which is specific to cosine similarity. As a result
this technique is not expected to offer any performance advan-
tages when compared withTUPLES in the case of edit distance.

Overall, we have:

Proposition 5 StrategyTUPLES as well as our count estima-
tion for the case of available statistics, will apply as is and
is possible to derive related analytical guarantees forany
approximate match predicate which is a metric and can be
adapted into a declarative framework.

Figure 12 presents the results of an experiment ofTUPLES
utilizing edit distance on the technique of [11] (a technique
that will generate false positives, so further post processing
of the results is required to identify the true number of pairs
within edit distancek). We adopt theF -measure (harmonic
mean of the precision and the recall) to quantify accuracy. This
is a measure typically adopted to report combined informa-
tion about precision and recall. We report the normalizedF -
measure as theF -measure on the result derived by sampling di-
vided by theF -measure of the full approximate join, returned
by the technique of [11]. Notice that as the sample rate in-
creases the accuracy ofTUPLES gets very close to that of the
technique described in [11]. Counting these results to generate
estimates for the true size of the approximate join (pairs within
edit distancek) provides precise estimates; moreover, the en-
tire operation (approximate join, post processing to filter our
false positives and counting) is conducted in a fraction of the
time required by the technique of [11]; we omit further graphs
due to space constraints.

7 Conclusions
Join techniques deploying approximate match predicates

are fundamental data cleaning operations. In this paper we in-
troduced several strategies to estimate parameters on the output
of declarative approximate join algorithms. We evaluated those
strategies under various parameters settings and identified their
relative strengths. Unless very large tuples are involved, one of
the strategies, namelyTUPLES and it’s biased variant are the
strategy of choice both in terms of accuracy and performance.

Moreover,TUPLES can be applied in conjunction toany ap-
proximate match metric predicate which is possible to embed
in a declarative framework.

This work raises various interesting problems for further
study. COMPLETE JOIN is one type of a very useful opera-
tion to estimate. However in the context of approximate joins,
variants of this operation could also be of interest. For example
estimating properties of a join result in which each tuple from
one relation participates with it’s maximum score only is also
useful, as it will report statistics on ’best matches’ for individ-
ual tuples. In fact, variants of the techniques proposed herein
can be applied to solve this problem as well (details omitted
due to space limitations). Other interesting extensions are also
possible.
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