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Abstract field), and unanticipated evolution of the database over time
(e.g., data for new applications and customer types stored in

Join techniques deploying approximate match predicateaxisting fields). Database administrators and users typically do
are fundamental data cleaning operations. A variety of predirot have sophisticated tools to carefully monitor and address
cates have been utilized to quantify approximate match in suckata quality issues, as these large production databases evolve
operations and some have been embedded in a declarative dater time. Unfortunately, even simple data quality problems
cleaning framework. These technigques return pairs of tuplezn severely degrade common business practices, e.g., inabil-
from both relations, tagged with a score, signifying the degreidy to retrieve customer records during service calls, wasted
of similarity between the tuples in the pair according to thénventory when unprovisioned circuits are not reflected in the
specific approximate match predicate. database, etc.

In this paper we consider the problem of estimating vari- In order to understand the structure and contents of a
ous parameters on the output of declarative approximate joiglatabase (or a federation of related databases), it is necessary
algorithms for planning purposes. Such algorithms are highlyo understand how fields/attributes relate to one another. When
time consuming, so precise knowledge of the result size as wlése fields have poor quality data, join techniques using ap-
as its score distribution is a pressing concern. This knowlproximate match predicates are fundamental. These techniques
edge aids decisions as to which operations are more promisingturn pairs of tuples from the tables, each pair tagged with a
for identifying highly similar tuples which is a key operationscore, signifying the degree of similarity between the tuples in
for data cleaning. We propose solution strategies that fullyhe pair according to the specific approximate match predicate.
comply with a declarative framework and analytically reasorsuch approximate join operations have received much research
about the quality of the estimates we obtain as well as the pedttention in recent years, due to their significance and practical
formance of our strategies. importance (see, e.g., [16, 11, 9]).

We present the results of a detailed performance evalua- gefore such techniques can be effectively used against large
tion of all strategies proposed. Our experimental results, valoduction databases, containing hundreds of tables and thou-
idate our analytical expectations and _shec_i additional light tgands of columns, it is essential to determine which pairs of
the quality and performance of our estimation framework. OUie|ds are worth joining, i.e., which joins using the approximate
study offers a set of simple, fully declarative techniques for thig atch predicates are likely to return many similar tuple pairs.
problem, which are readily deployed in the SPIDER declargpgor data quality, along with sparse and out-of-date documen-
tive data cleaning system. 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

Data quality is a serious concern in every large productiofields. These summaries (set and multiset signatures based on
database. Poor quality data is the result of a variety of causeén hash sampling and min hash counts) allow Bellman to de-
including incorrectly entered data (e.g., typing mistakes), ladiermine whether two fields can be equi-joined, and if so the di-
of standards for recording database fields (e.g., addresses)tion of the equi-join (e.g., one to many, many to many) and
poor integrity constraints (e.g., foreign key dependencies thtte size of the equi-join result. While Bellman’s summaries
are not maintained, and degrade over time), incorrect use of thad estimation techniques are very useful for equi-joins (such
database (e.g., additionally storing contact names in an addrassbetween approximate keys/foreign keys, in the presence of

1 Introduction



default values), they do not address our problem of determining Joint Join

which joins using the approximate match predicates are likely ‘ ‘
to return many similar tuple paifs. oy OJ;MM;OM
The problem is challenging not only because of the large 1 ¢ o o7 ?
number of approximate join operations, but also because each S zi ggg gg .
approximate join operation is expensive (much more thantra- ,, ¢ o9 o7
ditional equi-joins). In this paper, we consider this problemas B s 00 00

L X : . B os2 07 o7 L
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approximate join techniques, and propose solution strategies
that can be declaratively expressed in SQL. Consider a rela- Figure 1. Example Histograms

tion R to be joined with two relation$; and S,. We adopt

the notationR S to denote the approximate join & and

S for all pairs with scores above some threshaldAssume  result with scores ift, 1] will provide insight on the number of
that a pair of tuples in an approximate join result is furthepairs with specific scores above the thresholdlypically his-
considered for examination if the pair has a score (for a speagrams have a specific number of buckets; the width of each
cific approximate match predicate the join employs) above Bucket corresponds to a range of scores in this case. The size
threshold:. Let C; andC; be the sizes oftx; 51 andRx;S>  of the histogram (in terms of number of buckets) as well as
respectively. IfCy >> Cs arguablyRx,.S; is more important - the bucket allocation (e.g., equiwidth) is totally user dependent
than Rx;S; and we should invest the time and resources tand completely tunable on demand. Figure 1 presents an ex-
compute it. Choosing the threshalthowever, will not always ample. A join result with two different score distributions is
be an easy task. Its choice is commonly heavily dependent @epicted (Figure 1). Constructing histograms as a representa-
the relations involved in the join. For example very few pairsion of these distributions in the rangfe7, 1] we get the distri-
might exist for a specific choice f but decreasing the value putions in Figure 1. The first distribution of Figure 1 is skewed
of ¢ just a little might yield a significantly higher number of towards larger scores and of higher interest as pairs with larger
results. Thus, in such cases, it is important to track the distrscores are more likely to be duplicates.

bution of the number of join results with specific scores, since The core problem we address in this paper, is to produce

it could aid more informed decisions. L&k (1), Dz(t) be the 5 random sample of the approximate join result of two rela-
distributions of the number of join results with specific Scoregons for tuple pairs with scores above a user defined threshold
forRmt& andR xS, respectively. If, for exampld), (¢) has Doing so, will allow us to estimate the number of tuples in

a higher skew towards larger scores th2s{t) and/or the spe- e anproximate join result with scores above the threshadd
cific number of join results with high scores i () is larger \ye|| as to reason about the number of join results with scores
than those inD, (¢) arguablyR 5, should be computed first. v 4~ 4 This will allow us to obtain estimates for the number
The specific properties (€.g., skew) to use in order to COMPage 5nnroximate join results at specific score ranges and effec-
Dy (t) againstDy(t) is an orthogonal choice (e.g., standard,e|y approximate the distribution of the number of join results
techniques to compare distributions can also be deployed). Ng-gpecific scores aboveln this paper we introduce sampling
tice that in this case spemfymg a thr_esholrst a much easier p5qaq techniques for this purpose. Our emphasis is on approx-
task._As the score under conS|d_erat|on dec_rea_s_es, the numpetie match operations (and corresponding predicates) which
of pairs at or close to that score increases S|gn|f|cant_ly [_11, ga\refully expressiblén a declarative way (SQL). Thus, all of
For all practical purposes, the number of reported pairs is Vegy, sojytions are fully expressible in a declarative way as well
large for further consideration at low scores. What's more ims 4 \ve provide the SQL statements to efficiently realize them.
portant is that the number of distinct pairs, reported as candjyis deems our approach immediately useful in a practical set-
_date duplicates at low scores, increases significantly dommzﬁtﬁg_ In fact, the approach described herein is fully utilized
ing the total number. Specifying the thresheltb be a small 1 jgentify promising joins to execute in trepiDER declara-

value (e.g., 0.5) assures that we can focus on the relevant pait yata cleaning system [16]. We introduce theMPLETE
of the distribution since pairs belotican hardly be considered 55\, problem that estimates the number of resultsiok ; R

as duplicates. (number of pairs above the thresholidr the approximate join
There exist many ways to track the result size distributiog o relationsR,, R,). Estimation is performed obtaining a
above a threshold. One example is to create a histogram on 1B qom sample oR; x; Ry by sampling directly fromR,, R
number of pairs in the join result with scores within specifigynq without assessing the full, x,R,.  This paper is orga-
score ranges. Assuming that scores are normaliz¢d, i), pjzed as follows: In section 2 we review related work. Section
for a threshold, a histogram on the number of pairs in the joing reyiews background material necessary for the remainder of

1Beliman’s substring resemblance techniques determine textual similarifl€ Paper anq formally defines the prObl?mS of inte'reSt to this
between entire columns, which is a different problem. study. In section 4 we present two sampling strategies, namely




TUPLES andTOKENS for problem @MPLETE JOIN; we also SELECT riw.tid AS tidl, r2w.tid AS tid2
detail a biased sampling strategy for the same problem. In Sec oM SILQJIAVE; 1Wr-1"tvei9{‘t*f2|‘£'-2"xi9hr?t A32 score
tion 5 we present results of an experimental evaluation com-| y e o toeen = rowtoken
paring all proposals across various parameters of interest. In| gGroup BY riw.tid, r2w.tid

section 6 we highlight the applicability of our solutions to gen- | HAVING SUM(rlw.weight*r2w.weight) >t
eral approximate match predicates. Section 7 concludes this
paper.

2 Related Work Figure 2. Approximate Join in SQL (Generating F)

Non declarative techniques for approximate joins have a
long research history (see [17] for general references andlfa(tid, Ay, ...) and Ry(tid, By ...) (Wheretid is the tuple
survey). In their seminal work, Fellegi and Sunter introduceifientifier) the basic idea behind this technique is to decom-
the record linkage problem [6]. Several techniques based ®@se each tuple in each relation into a numbeokéns What
statistics followed (see [4] for a survey). More recent techconstitutes a token is an orthogonal choice; a token can be any
niques include the merge/purge technique [14] and algorithnsgibsequence af characters (a ggram) in an attribute (or sub-
inspired by information retrieval [3]. Approximate join tech-set of attributes) of?;, a word, etc. Each token is assigned
niques based on statistics make use of well established inférscore based on the well known and widely adopted mea-
ence techniques to quantify approximate match. Other approsre ofterm frequency inverse document frequeficf/idf)
imate join techniques use well established algorithms to reftom Information Retrieval. LetD denote the set of all to-
son about approximate match. Such techniques include, coskns in Ry, Re. Consider thej-th tokenw in D and a tuple
similarity, edit distance and variants thereof [12, 10, 11, 9, 1]. from relationR;. Then,tf., is the number of timess ap-
Declarative techniques for approximate joins have been prpears int. Also, idf,, is % wheren,, is the total number
posed for a variety of approximate match predicates includingf tuples in R; that containw. The tf.idf weight for thej-
cosine similarity and edit distance [12, 11, 7, 15, 1]. th tokenw in tuple ¢t €; is us(j) = tfwlog(idf,). Thus,
Estimating the result size of join operations for the case afach tuplet corresponds to a (sparse) vector of dimension-
equality predicates (i.e., equijoin) were studied in the conteslity D with each coordinate corresponding to a tokery in
of query optimization. Ganguly et. al., [8] introduced samequal to thetf.idf weight of the token. These vectors are
ple based techniques for equi-join result size estimation amdrmalized to unit length to ease our computations. As de-
Chaudhuri et. al., [2] generalized this problem by proposingcribed in [12, 15] token generation amdl.idf score com-
techniques to obtain a sample of the distribution of the equputation can be performed in a declarative way. Under this
join result. The work presented herein is fundamentally differmeasure, the score of a pair of tuplgse R; andt; € R»
ent. The algorithms in [8, 2] treat equijoin predicates and makie defined as follows: let;,,u;, be the corresponding nor-
use of attribute value distributions to guide the sampling pranalized weight vectors; theosine similarityscore ofu;, , ut,
cedure. In our case, the predicates are far more complex agddefined assim (uy, , us,) = Z\jfz\l ug, ()ug, (§). The val-
diverse (approximate match as opposed to equality) and the aes ofsim/(.) are in[0,1]. The approximate join oR;, R,
tribute value distributions themselves are not directly usefuis defined as all pairs of tupld$,, ) € Ry x Ry such that
Our work however is related to the works in [8, 2] since we argjm (u,,,us,) > t for a user specified threshotd Assume
also interested in estimating the join result size and track thRat tablesRiW eights(tid, token, weight) for i = 1,2 have
distribution of the join results, in a sufficiently more generabeen computed, whetéd is a tuple identifier inR;, token is a
setting however. specific token in the tuple d&; with identifiertid andweight
_ the numeric value of the token for th¢.idf measure. The
3 Background and Problem Definition approximate join operation can be easily expressed in SQL as
In this work we focus on declarative techniques for approxshown in Figure 2.
imate joins. Several techniques have been proposed in the lit-Our interest is to construct approximations of this join re-
erature, including techniques to embed cosine similarity arghlt, without computing the entire result, but only a small frac-
edit distance in a declarative approximate match frameworkon of it. We will employ sampling as our main tool to achieve
We choose to drive the presentation of our techniques focusudr goal.
ing our attention on cosine similarity as an approximate mat .
predicate. In section 6 we highlight the applicability of Ouﬁgroblem 3.1 (Complete Join (CJ))Let I denote the number

. . : . . . 8f tuples in the join result of base relatio , R, with scores
technigues in conjunction with other approximate match pred- o .
icates abovet € [0, 1]. Return an approximatiof” to F' by obtain-

We briefly review the declarative technique for approxi-Ing a uniform random sample @t x; ;.

mate match introduced in [12, 15] which will form the basidn order to solve this basic problem, we will obtain a random
for the presentation of our techniques. Given two relationsample of the approximate join result tuples, with scores above



the threshold and we will quantify the accuracy of our estima- | CREATE VIEW SR1Weights (tid, token, weight) AS
tions analytically. Using this technique, will be able to obtain | SELECT ~ * ,
estimates for the number of pairs in the approximate join resuilt, \';VRHOE,\IAQE '?;r\]’gg'gi‘tsi
with scoreg’ greater than or equal to anyAs a result, we will
effectively construct an image of the distribution of the number
of approximate join results with specific scoreddinl]. Such CELEQTTE VIEW SR2Weights (td, token, weight) AS
an image can be easily constructed. As an example, assumel‘:’ROMC R2Weights
we adopt histograms as a non parametric way to represent the \wHere rand) < &
desired distribution. Histograms consist of a number of buck-
etsB; buckets span specific (non-overlapping) ranges of scores SELECT T
. e ris.ud, rZw.t

and collectively cover the range 1]. _We_ refer to the specific SUM(r1s.weight*r2w.weight) AS score
ranges spanned by buckets dmsiaketizationBoth the number FROM SR1Weights AS rls, R2Weights AS r2w
of buckets and the bucketization are entirely user specified ang WHERE ris.token = r2w.token
tunable. LetF be the distribution of the number of pairs in the | GROUP BY  ris.tid,r2w.tid _
p ip S HAVING SUM(r1s.weight*r2w.weight) >t
join result for a specific bucketization and number of buckets. | ;\on
For example, fot = 0.7 with three buckets and a equi-width | seLecT riw.tid, r2s.tid
bucketizationF will consist of the exact number of tuple pairs SUM(rlw.weight*r2s.weight) AS score
in the join result with scores if0.7,0.8), [0.8,0.9), [0.9, 1]). FROM RlWweights AS rlw, SR2Weights AS r2s

. . ; WHERE riw.token = r2s.token
A solu_tlon to problem 3.1 W|II.aIIovy usto a_tpprommafé The GROUP BY  rlw.tid.r2s.tid
exact image ofF can be obtained in a variety of ways, for ex- | HAVING SUM(rlw.weight*r2s.weight) >t
ample by executing a number cbunt 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.

Figure 3. Strategy TUPLES: SR1Weights, SR2Weights are
random samples of R1Weights, R2Weights

4 Algorithms for COMPLETE JOIN ated. We claimS R1Weights )X, R2W eights U R1W eights

In this section we present our proposed techniques for the, SR2Weights as a random sample of the approximate
solution of problem 3.1. Given two relatiori& , Ro we wish  join of Figure 2 from which an approximation to the size of
to obtain a random sample @, x, R, in order to derive an R;x;R, can be obtained. This way of obtaining the estimate
estimate of the number of pairs iR; x,R,, that is the re- can be realized in a declarative way as shown in Figure 3. Ob-
sult size of the query in Figure 2. We assume that relatiortaining a random sample from a relation can be performed in
RiWeights,i = 1,2 are available and we will be operating SQL in a variety of ways. The statements shown in Figure
directly on those. If they are not, they can be constructed dhassume thatand() is a function that can return a random
demand; this is a constant overhead, which is the same foumber in[0, 1] for each tuple considered. SQL extensions
all techniques under consideration. We present two candidarist for supporting various types of random samples directly.
strategies: one is based on sampling tuptese( ES) and the Different vendors implement various sampling techniques. We
other on sampling tokensOKENS). We analyze and compare adopt this way in the sequel and we assume that random sam-
them in terms of accuracy and performance identifying theples of relations can be materialized via one of possible ways,
relative strengths. In case statistics are available for relatiomsthout delving further into the details which are orthogonal to
RiWeights (we detail the type of statistics in the sequel) weour discussion.
show that better estimates can be obtained for problem 3.1 un-

der some conditions. We complement our treatment of proffroPosition 1 The query of Figure 3 provides a random sam-
lem 3.1 in the case of available statistics, by describing bias@f Of R1x: Ra.

sampling techniques for the problem at hand. Operating on this sample, we can exectgent queries and
obtain estimates of the size & x;R>. We reason about the
properties of such estimates.

Lett;, € R2Weights; we toss a coin and with probabil-
Our first strategy obtains a uniform random samplety &, for somes, we include it in the sample. Let be the
RiWeights (1 = 1,2), from each of the relations. Assume,number of tuples oR1W eights that join with¢; having score
without loss of generality thdtR:Weights| = N. For a spe- greater than or equal to Let z; be the contribution of; to
cific values each tuple in each relation is sampled with probathe size ofR; x; Ry. Thusz; = r; with probability 5- and is O

bility - and two new relation§ RiWeights,i = 1,2 are cre-  otherwise. Therefore, the expectationpfis Elz;| = %*.

4.1 The case for no Available Statistics
4.1.1 StrategyTUPLES



Proposition 2 Let X = % 31 @i, then E[X] is the size of tuple has been transformed to a vector of dimensibn=
RiX:Rs. UTttoken (RiW eights), ¢ = 1,2. Each relation materializes
the non zero coordinates (tokens with non zero weight) of the
tuples in each corresponding relati®é. Conceptually each
relationRiW eights corresponds to alV x D matrix, M;. The
Theorem 1 Var(X) = (& — 1) 37 r? rows of each matrix; , i = 1,2 and;j € [1, N] have||u; ||

: : . s =1. Under this interpretation consider the maifix, = 1 if
Smcei eachr; is at mos'tN, 't,fOHOWS that E;:l?f? S w2 >t ep[l,N] and 0 otherwise. Est?i%nating the
N>;_yri. So the variance is bounded bY-3"7 ;7.  number of entries with value 1 in matri will provide a solu-
Following Chebyshev inequality, a reasonable valuesfes o to problem 3.1; let this number beObtain a random sam-
O(ssr—;). Depending on the datasets involved in the apple of size/ from D. This effectively creates matricas; , M,
proximate join,>>7_ r; is as low asN and as large ad/2.  of size at mostV x £. Assume that the rows ol i = 1,2are
As aresult, a small value ofis required when each tuple in normalized to unit length. Let;, denote a row of\/; andwvy,

one data set has a relatively large number of tuples in the othgfow of M7,. We defineX; ; = 1if v;,v¥ > t and and O other-
with which it pairs up with a score above the thresholdf wise. These are the entries of mathi& x (M) Itis evident

that is not true, larger values efare required. We will quan- c 5

tify such tradeoffs 31 section 5 ! ! that B[, - ThereforeX =5 ey vy jep, v Xij has
In practice we do not expect the valuerefto be large; for an expectatio®[X] =c¢. _

most cases, especially for large threshollde value ofr; will Let7 € D be a token. Without loss of generality, assume

be bounded by some constantdenoting the upper bound on Pelongs to a set of tuples frofy . Letr; denote the number of

the number of tuples of one relation pairing up with any tupl&Ple pairs i x, R, that asingle tuplein that set contributes

of the other with a score above the threshaldThis value tO- For the variance of this sampling scheme we can show the

will typically be a few hundred tuples. Thus the above usf!lowing

of Chebyshev inequality need not be a very crisp estimate CHweorem 2 The variance of thel estimateVar(X) is lower
the sample size. However thgs not being the same present D ¢ o '
a problem in further sharpening the estimate. In fact if Wgounded bY(Z — 1)2.i—, 77 and upper bounded byD —

identically distri O ri)?
assume that the;'s were identically distributed, we can get )22 Ti)*
a better bound by the following:

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

Itis evident that in this case, large valueg afith respect taD
Proposition 3 If x; are i.i.d. random variables which take are required to keep the variance of this estimate manageable.
valuew with probability s/N or 0, for any0 < f,A < 1 a Thisis notvery promising in terms of performance however. It

1 . . H 2 H
sample size 0D (210g ! ) will guarantee that our estimate will take O(N?D) in the worst case to produce the product of

N R R ) M, and M, and compute the exact value ©fUsing matrices
< >, x; is within a factorl — f of the true value with proba- M. and M,

» it will take time O(NN2¢) in the worst case, which
bility at leastl — \.

does not offer performance advantageg ageds to be close
The above actually says that the sample size can be mughD to obtain a good variance.
smaller, (thanN/u derived by the Chebyshev inequality) in We observe however, that for the case of cosine similar-
an ideal setting where each tuple contributes the same amoui.of two vectorsuy,, us;, With |[us, || = [|us,|| = 1 their

In principle, by repeating this process for variglsve can cosine similarity, determines their Euclidean distance exactly:
obtain precise estimates for the size of aRyxy Ro, ' > |Jue, — ug||? = [Jue ||* + |Jug, ||* = 2ur,ue, = 2(1 — uguy, ).
t. Each such estimate will have guaranteed accuracy provid&énce, we desire;, u;; > t, this corresponds tu;, — uy, || <
that is derived in accordance to proposition 3. From these wg'2(1 — t). Given this relationship between cosine similarity
can construct a succinctimage of the distribution of the numbeand Euclidean distance, one could try to reduce the dimension-
of pairs with scores aboveat the expense of applying strategyality of the vectors in\/,, M, before computind/, x (M,)7.
TUPLES multiple times. However, operating on the result off the reduction preserves relative distances in Euclidean space,
the query in Figure 3 we can obtain estimates for the size t¢iien we can still obtain a good estimate fghopefully in a
Ry %y Ry foranyt’ > t as well. Such estimates fer> ¢ will  fraction of the time required to compule; x (M,)T. In ac-
not have the guarantees of proposition 3 but we will evaluatrdance with our declarative framework, we deploy a dimen-
them experimentally in section 5. sionality reduction technigue that can be efficiently expressed
in a declarative way.

4.1.2 StrategyTOKENS Lemma 4.1 (JL Lemma) Given a set of N vector¥ in a

The second strategy we consider for problem 3.1 is to sarspace R", if we have a matrixS € RY" whered =
ple tokens directly from relationR:Weights,i = 1,2. Rela- O(Ei2 log V) such that each element &f; is drawn from a
tions RiW eights materialize large, sparse vectors since eacBaussian distribution, appropriately scaled, for any vector



x € V, then||z||l2 < ||Sz||]2 < (1 + €)]|z||]2 holds true with CREATE  VIEW R1rp(tid,dim,wrp) AS

vanishingly high probability] — o(1/N). SELECT  riTs.tid, rp.dim,
glyhighp ¥ ( / ) SUM(rlw.weight*rp.rnd)

Assume that5 is an/ x d matrix suitably populated in accor- FROM RiTSample AS rlTs, RandomProjl AS rp
dance to the JL lemma. Reducing the dimension of each of the R1weights AS rlw
M= . ind’ x S. Thi il WHERE riTs.token = rp.token

,1=1,2 matnces amou,pts to computidg,; x IS/\/NI AND riTs.tid = riw.tid
create theV x d matricesM; . We can now usé/; x (M, )T GROUP BY rlTs.tid,rp.dim
in order to obtain an estimate fer Each row ofM; ,i = 1,2

CREATE  VIEW R2rp(tid, dim, wrp) AS

is a vector of dimensiod. If «;,, u;, are vectors inR?, the JL SELECT  r2Ts.tid, rp.dim
lemma guarantees that: SUM(r2w.weight*rp.rnd)
FROM R2TSample AS r2Ts, RandomProj2 AS rp
if |lue, — ;|| > (14 2€)4/2(1 —t) then R2Weights AS r2w
. . . ~ R WHERE r2Ts.token = rp.token
with high probability ||uy, — uy, || > (14 €)y/2(1 — 1) AND r2TS.tid = r2w.tid
GROUP BY r2Ts.tid,rp.dim
and similarly
SELECT  rlw.tid, r2w.tid,
if Jlug, — || < (14 2€)y/2(1 —t) then SUM((r1w.wrp-r2w.wrp)*(rlw.wrp-r2w.wrp))
. . . R . FROM Rirp AS rlw, R2rp AS r2w
with high probability ||uy, — uy, || < (14 ¢€)y/2(1 —1) WHERE riw.dim = r2w.dim

GROUP BY rlw.tid, r2w.tid

The dimensionality reduction step will provide a performance

benefit, provided that the time to compud, x (M,)”

(O(N?0)) is greater than the time to perform the dimensional- figyre 4. strategy TOKENS: Tables RandomProji are

ity reduction and comput/; x (M, )" (O(N{d)+O(N?d); populated with samples from a Gaussian Distribution suit-

clearly there is range for potential performance benefit, as aply scaled. Tables RiT'Sample contain token samples

d << {, andlis close toD in order to achieve estimates with  fom RiWeights. The weights of the tokens correspond-

small variance. ing to each tid in RiTSample are normalized to unit
Introducing dimensionality reduction using the JL lemma, |ength.

'distorts’ the distances. As a result, for a specific value of

in accordance to the JL lemma, and a tuplénstead of esti-

mating all tuples with score aboveén the joining relation, we _ _ -

relax this to estimating all pairs with score ab%_ Fora algorithmToKENS and those |dent|f|e_r_s, can assure thgt tables

tuplet;, let r; denote all tuples with score abovén the join-  RandomProji can be repeatedly utilized across multiple al-

ing relations. Let”, denote an upper bound on the number oglorithm executions. Such a mapping can be easily derived in a

tup|es in the joining relation with score aboxf;ég_ We have: declarative way as well. We omit the details for brevity.

Theorem 3 The variance of therOKENS strategy with di-
mensionality reduction is lower boundedb@ —1) ZN r?  4.1.3 ComparingTOKENS and TUPLES

i=1"1
N 2 N 2
and ugper 2bounded byD(3 5 )2 2030, ) Both strategies obtain estimates for the quantities of interest
=30z i) of problem 3.1. As such, they should be compared in terms
Figure 4 presents SQL statements implementing strate@y their accuracy, but also in terms of their run-time perfor-
TOKENS. We assume that relatior®iWeights have been mance. We present an analytical reasoning and further validate
sampled and the relationBiT Sample have been created. it experimentally in section 5. Sampling in strategiesLES
Moreover the weights corresponding to edéth in relations andTOKENS concerns different quantities. Létdenote the
RiT Sample have been normalized to unit length. Tablessize of a tuple (in suitable units of storage) in the worst case.
Random Proji(token, dim, rdn) have been created and pop-Similarly, N (number of tuples in the relation) is the worst
ulated with samples from a Gaussian distribution in accordancase size of the information associated with a token, in suit-
to the JL lemmadim is an identifier for the corresponding di- able units of storage as well. Thus, the bounds for the vari-
mension and ranges from 1 &b The statements in Figure 4 ance ofTOKENS, assuming that we sample the same amount
seem to suggest that tabl®andom Proji should be materi- of information (in terms of units of storage) in both strategies
alized at every execution of algorithmKENS. We choose becomeD((Z2X — )3 r2)andO((D — L) TN | #2) for
to present the statements this way for simplicity. Howevethe lower and upper bound respectively. It is evident that the
in practise, tablefRandom Proji can be materialized with- variance offUPLES decreases as the worst case size of the tu-
out explicitly materializing actual tokens in attributeken in-  ples increases and the other parameters remain the same. Thus,
stead just a generioken identifieiis sufficient. Then, by de- we would expect this strategy to yield reasonable accuracy for
riving a mapping between actual tokens for each execution oélations containing tuples of larger size. Similar observations



hold for the case of OKENS with dimensionality reduction.  aid of such statistics providing an estimate for the number of
In terms of run-time performance, strategyPLES can pairs in the approximate join with scores abavet — 3. The
obtain an estimate in tim&(sN L) in the worst case (since main difference with the original statement of problem 3.1 is
the number of tokens is related to the tuple length). Stratedhat as a result of this technique we only obtain a single count
TOKENS requires time)(N4d) + O(N?d) in the worst case estimate without obtaining a uniform random sample of the ap-
(that’s including the dimensionality reduction overhead). Frorproximate join result. Since the technigue biases the samples
these, one may conclude that for a specific parameter settinigwards a specific value df it has the promise of increased
when L becomes larger, while the other parameters remaaccuracy and it is particularly useful for obtaining precise esti-
unchanged, strategyoKENS can provide some performancemates for high values af
benefits as well. Our technique deploysifocalsampling [8] suitably extend-
4.2 The case of Available Statistics ing it to the case of approximate match predicates. We partition
We now focus on a variant of problem 3.1 by considerintUpl.es of a re_Iation into two categories, namely thosg that are
a setting in which statistical information is allvailable for relas—gjf high density (HD) anq those that are of low density (!'D)'
As before, assume relatiodgWeights are of the same size

tions Ri. In traditional joins, the attribute value frequency dIS-N. Atuplet; € RiWeights,1 < j < N belongs to HD if

tribution captured by histograms, can be useful when consid- > § (for some) for the tuple with the corresponding in

. . . . . i =
ering e;ﬂmaﬂ_ons of equijoin re?““ sizes [8, 2]. In the case C%i and is LD otherwise. The sampling strategy derives two sets
approximate joins however, attribute value frequency distribu-

tions are not very useful. The predicates are sufficiently mot frandom samples. The first one of sizeis on the HD tuples
' very usetul. pred utneiently RiW eights; each HD tuple is sampled with probabilify-,
complex and equality of values does not offer an estimate 0 h

the number of joining pairs (as in the case of equi-joins). IwhereNh 's the number of HD tuples in relatio& W eights

h rations we need t ture different t f statisti without loss of generality assume that both relations have the
such operations we need to capture ditierent types ot stalistizz number of HD tuples). The second one is of siznd is

from the underlying relations. Moreover, to assure generali%,btained on thé. D tuples of relationszi W eights where each

as in the case of histograms in traditional query optimizatiorgU le is sampled with probabilitgz (number of LD tuples in
such statistics should be captured independently per relati Weights) t

and utilized in subsequent approximate join operations with a X .
: >d PP J P We obtains; samples from each of relatiod®iWeights
variety of other relations. b lina HD  tuol f h lati &
We propose to record for each tuple in each relatitn t'y Isamp "t1'g | t_up e‘;R,r‘f‘)/m_ ::‘C "\3/\71 lon, € tec-
the set of tuples fronRi that join with it in an approximate InglyWC«re}?tmg Sr;;m'/orfsht t eég fs‘ he . ccimpu €
way (approximate self join), with score greater than or equ CLgRLSHLS ctghts ~and for each tuple pair
t;,t;) in this join result, we would like to usev;,w; in

to a threshold. Thus, for each tuple iRR; we are recording timati Notice that by the triangle i litv. si
theneighborhoodn cosine similarity space, for a threshdld our estimation. Notice that by the triangie inequalty, since
ach tuplet; joins with a score at leagt with all tuples that

This information is maintained (in principle) for each tuple, bye

assessing the self join of each of the relatidtis It can be contr!bute tofwl-_a_nd ?ISO with the tuple;, all “;p"’ts that
?ntnbute tow; join with a score at least x ¢t — 3 with ¢;.

computed and materialized once (independently of any Othi symmetric argument holds for,. Assume that for each
relation) in a preprocesing step (via simple SQL expressio . g I
) brep g step ( ple SQ P tuplet; in SRiW eights none of the tuples contributing to the

as in [12]) and used subsequently garyapproximate join in- . . o .

volving Ri. This can be perceived as the analog to materialifi€!gnorhoodu; of ¢; are in SRilWeights. In this case we
ing histograms as is the case in traditional query optimizatioﬁ.ay Fhat the nelghborhpod of the samplesvaedi_ separated
Similarly toend biased histogranj8] we may choose to ma- 1 (NS €ase, accumulating; ; w;  w;, for all pairs(t;, ;) €
terialize such information, only for the tuples with the highes® E1Weights x. SR2Weightsis a good estimate. Itis likely
such numbers, resulting in tunable space requirements. \B@wever that the neighborhoods of some samples are not well

next detail our techniques for the problem at hand, assumif§Parated. In this case accumulating ; w; * w; will be an
the existence of such information. overestimate. Consider tuplég in SR:Weights belonging

to the neighborhood of some tuple which also belongs to
SRiWeights. Computing_, ;w;  w; for all pairs (¢;,¢;)

For each relation R; we create a relation iy gR1Weightsx,SR2Weights could account for multiple
Neighbor Ri(tid, tidN') that records for each tuple of contriputions of some tuples and could be a crude overestimate.
R; with tid, tid, the tuples fromi; with tid's tidN that join  Figure 5 presents an example. It is imperative to eliminate

with it with score above, for somet. We usew; to denote this possibility before obtaining such an estimate. Egtbe
the number of tuples aR; that join with a tuplet; of R; with

score above. 2Considert;, t; at distance at leagtand at;, in the neighborhood of;.

We detail the use of such information for a slight variatiorWe have|[ut, — ui; || < |lug; — ue;|| +l|ue; — ue, |l Using, [Jue; —
of problem 3.1. Provided that the specific valueta$ fixed — w;,|| = ,/2(1 — us,ue;) and||ue, — ue, || > t, [Jue, — ur, || > t we get
a priori, we present a technique that obtains samples with thg, ., > 4xt -3

4.3 Samples for Singleount Queries




R1 R2

Figure 5. Neighborhoods of tuples ¢; and t;. If ¢; has a
score of at least ¢ with respectto ¢; then fj is accounted
for in the neighborhood of ;.
sample and has a score atleast ¢ with respectto ¢, it will be
accounted again as well as all tuples in the overlap of tr's
and t;'s neighborhoods

However, if %j is also in the

the size ofnecighborR1.tiaN, Neighborr2.tian (N eighbor R1
X SR1Weightsx;SR2Weights x NeighborR2). FE; ac-
counts for the true contribution of the neighborhoods of each
tuple pair in SR1Weightsx;SR2W eights since multiple
contributions from tuples in the various neighborhoods have
been eliminated. LeResl(tid) = mpan (SR1Weights x

NeighborR1).  Let s be the size of Resl.  Let

Res2(tid) = muan(SR2Weights w  Neighbor R2)

ands/ be it's size. This result is further scaled IQ&];T and
Np N

7

the estimate; = 2= 22 B, is obtained.
“1

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 fraR1Weights we join
the sample of size, obtained from it sampling only LD tuples
(S’R1Weights), with the entire relation R2Weights. Sim-
ilarly, we have to eliminate possible overestimates caused by
tuples belonging not only to the neighborhood of a tuple
but also toS’ R1W eights. Thus, we compute the siZg 5 of
WNeighborRl.tid]\LRQWeights.tid
(S’R1Weightsx;R2Weights x NeighborR1). FEp5 ac-
counts for the correct contribution of the neighborhoods for

1"
81

CREATE VIEW V (tid1, tid2) AS
SELECT srlw.tid, sr2w.tid

FROM SR1Weights AS srlw, SR2Weights AS sr2w,
WHERE srlw.token = sr2w.token
GROUP BY sriw.tid, sr2w.tid
HAVING SUM(srlw.weight*sr2w.weight)

CREATE VIEW E1(tid1, tid2) AS

SELECT tid1,tid2

FROM V

UNION

SELECT NL1.tidN, N2.tidN

FROM V, NeighborN1 AS N1, NeighborN2 AS N2
WHERE V.tidl = NL1.id, V.tid2 = N2.tid

CREATE VIEW V1 (tid1, tid2) AS
SELECT s'rlw.tid, r2w.tid

FROM S’R1Weights AS s'rlw, R2Weights AS r2w,
WHERE s'rlw.token = r2w.token
GROUP BY s'rlw.tid,r2w.tid

HAVING SUM(s'rlw.weight*r2w.weight)

CREATE VIEW E12 (tid1, tid2) AS
SELECT tid1, tid2

FROM Vi

UNION

SELECT NL1.tidN, V1.tid2

FROM V1, NeighborN1 AS N1
WHERE V1.tidl = N1.td

CREATE VIEW V2 (tid1, tid2) AS
SELECT rlw.tid, s'r2w.tid

FROM R1Weights AS rlw, S'R2Weights AS s’r2w,
WHERE rlw.token = s'r2w.token
GROUP BY rlw.tid, s'r2w.tid
HAVING SUM(rlw.weight*s’r2w.weight)

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

each tuple pair in the final estimate by eliminating multi-
ple contributions. Lets, = muan(S'1RWeights

NeighborR1); the valueE,, is subsequently scaled return-
ing E1o = (%)Elg. We repeat this procedure symmetrically

for R2Weights and obtain the estimate,;. Our final result
for the number of pair®1W eights,R2W eights joining with
a score at least x t — 3 is the sum of these three estimates,
namelyE; + F1s + F»;. Figure 6 presents SQL statements
realizing this strategy.

In a setting, where each tuple has some number O(9)
of neighbors within the threshold, and we have a well separated
instance, we can show that a small sample size is enough.

Figure 6. Statements realizing biased sampling strategy. Re-
lations S RiWeights, are populated with samples of size
s1 from the HD tuples of corresponding  RiW eights. Rela-
tions S’ RiW eights are populated with samples of size s
from the LD tuples of corresponding ~ RitWeights. Count-
ing distinct tuples from  E'1, E'12, E21, appropriately scal-
ing each estimate, and summing them up, provides the final
estimate on the size of R1 §4*t_3R2




Proposition 4 If all the neighborhoods have the same size 0.25

and are well separated and we have an unifom sample of the 0n ]

neighborhoods, a sample size (Of(%) is sufficient to _ o

ensure that our estimate is withii — f) factor of the true £ i

value with probability at least — A. If we sample tuples and oo |

eliminate duplicates, a sample size@(%) samples is ol , :I:.]:
sufficient to ensure an uniform sample of neighborhoods of the oo . *
required size mentioned above. [E=o7 mi08 oi=09]

Applying similar methodologies, one can derive related ex-
pressions fotE», Eo1 as well as, the sample sizg for the
case of the other estimates when the neighborhoods of the sam
ples are well separated.

Figure 7. Accuracy of TUPLESon synthetic dataset, N=20K
tuples, average tuple size 50

5 Experimental Evaluation _ _ _ .
Our first experiment aims to quantify the accuracy and the

We prototyped the strategies proposed herein and in thigrformance of strategyuPLES. Figure 8 shows the accuracy
section we report the results of an experimental evaluatiethd runtime performance of theJPLES strategy orReall .
comparing them in terms of accuracy and performance. Afligure 8(a) presents computation time as the size of the un-
techniques are easy to realize on top of any RDBMS. We usgerlying data set increases. It is evident thapLES requires
SQL Server Beta 2, running on a DELL Precision 4, 3 GHznly a fraction of the time required to obtain the estimate ex-
with 4GB of RAM and two 250GB SATA drives. SQL Server actly. Evidently, the benefits increase as the size of the under-
is used with the parameters it ships with. lying data set increases. These performance curves were con-

We used both real and synthetic data sets for our study. Osistent across a large collection of real and synthetic data sets;
real data sets consist of customer name data. We report results omit additional graphs on performance due to space con-
using a pair of real data in our experiments which we refer tstraints. Figure 8(b), presents the accuracy of our estimates.
asReall . All of our experiments are repeatdirty times For different sample sizes, we obtain estimates on the total
(30) each and averages are reported. For this reason, to keepnber of pairs above a specific threshold. These estimates
running time manageable during our experiments we constrae obtained by deriving a uniform random sample of the join
the size ofReall to 30K tuples (each). Average length of aresult usingrurLES for the smallest value af(0.7 in figure
tupleinReall is 25 characters. In order to be able to vary dat&(b)) and then using this uniform sample to obtain estimates
set parameters in a flexible way, we also include synthetic dafiar the remaining thresholds. It is evident that accuracy im-
sets in our study. Our synthetic data sets have varying sizpsoves as the sample ratedenotes sample rate in this context,
(both in terms of number of tuples and tuple length). They.e., fraction of tuples sampled) increases. Accuracy is usually
consist of uniformly distributed strings. better for smaller values dfand this is partly due to the fact

With our experiments we wish to identify the tradeoffs bethat the uniform random sample is derived with respect to the
tween the various strategies, for data sets with varying chardower threshold. Ag increases, our expectation for the maxi-
teristics and seek to validate our analytical expectations. Waum number of strings with score above for any string, be-
report on the performance of the techniques by measuring reemes smaller (this is verified by an analysis of the properties
sponse time of the various queries implementing our stratef data setdkeall ). In section 4.1 we argued that a sample
gies. Response time does not include pre processing (i.ef,roughlyO(%) is required to obtain good accuracy, attesting
time to construct relation®iWeights since it is a constant to the requirement for a larger sample size. Nevertheless, it is
overhead for all techniques and time to collect statistics iavident that even a single run sOPLES obtaining one sam-
the biased strategies since it is a constant overhead as wplk is enough to quantify the distribution of the join result size
Both are amortized across multiple uses). For strategies  for various thresholds. In Figure 7 we report, the accuracy of
LESS, TOKENS response time includes the time to sample taFUPLES on uniform data. The trends are very similar to those
bles RiWeights, the time for dimensionality reduction when on the real dataset. Accuracy appears better on synthetic data.
applicable, and the time to join and construct the final resulor uniform data, in expectation each tuple contributes approx-
(counting the answer and scaling it). Accuracy is quantified iimately the same amount to the final joins result; thus, uniform
terms of theaverage absolute relative errd ARE) defined as sampling appears more effective for such data.

E2 TEE" , whereE andE’ are the exact and the estimated values Figure 9 presents the accuracy and performante@&ENS

for the quantity of interest. Samples are specified as a fractiam synthetic data (of average string length 200). Our large sets
of the total relation size (total number of tokens in strategy  of experiments withrOKENS on real and synthetic data in-
KENS). dicated that this strategy can achieve reasonable accuracy for
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Figure 9. Accuracy and runtime performance of ~ TOKENS on uniform data ( =650, L=200)

strings of size large, relative to the total number of distinct tosame, it is evident that the performancerofkeNS improves
kensD (a fact which is consistent with our analytical expectaprogressively and there exists a crossover point in the perfor-
tion). We thus, present sample resultsT@keNS using syn- mance of the two techniques. This experiment confirms our
thetic data, in which we can vary tuple length in a flexible wayanalytical expectation thatoKkeNS can provide performance

In Figure 9(b) we quantify accuracy as a functiorf ¢denoting  benefits for strings of larger size. The trends of this behavior
here the fraction oD sampled) and we present results for twaremain the same for different parameter settingsn(dt). Fig-
distinct values ofi (dimension of the space after applicationure 10(b) presents the results of a similar experiment, for the
of the JL lemma). Large values éfare in accordance to our accuracy of the two techniques. The trends are similar, once
analysis in order to obtain good variance. Notice that accuraagain confirming our analytical expectations.

progressively improves as a functionddind it’s also better as Figure 11 depicts the accuracy and performance of the bi-
d increases; this is in accordance to the JL lemma. Figure 9(g83ed sampling approach we introduce compared With_ES.
presents the corresponding performance graph. Performangg inject four tuples with similarity above 0.7 to 30% of the
benefits, when compared with that of the exact computatiaiples of eacliReall relation independently. We assume that
(full approximate join of underlying tables) are large and instatistics for neighborhoods are pre computed via a self join for
crease as the dataset size increases. For increasing valueggh underlyingReall relation. If we wish to estimate the
d, TOKENS requires progressively more time, since vectors afize of the final result above a threshe|dhe neighborhoods
larger size are involved in the join. are computed using threshold®. As the number of tuples
Having evaluatedrOKENS andTUPLES in isolation, we in the underlying relations increases in Figure 11(a) the time
now turn to reason about their comparative performance. Wequired byrupLES to derive an estimate increases faster than
thus present the results of an experiment, that compares beat of the biased counterpart. The total sample size derived
strategies in terms of accuracy and performance varying p&-0.1 of the size of the underlying relations. A tuple is con-
rameters of interest. Figure 10(a) compare®LES andTo-  sideredH D in this experiment if the size of its neighborhood
KENS in terms of their performance. Sample sizes for bot(y) is greater than or equal to®3 As we increase the fraction
strategies (in terms of total bytes sampled) are exactly the

same. As th_e average Iength _Of strindg (n the underly- 3Settingd to a value that captured the top quantiles of the largest neighbor-
ing data sets increases, maintainingnumber of tokens) the hoods was sufficient for all of our experiments
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of the HD tuples we sample for the case of biased samplirggraightforward application of edit distance in a join operation
(from s; = 0.05 to s; = 0.07), additional time is required to of two relations of size:, would requireD(n?) time (assessing
derive an estimate as more dense neighborhoods are sampdi distance between every pair of tuples) it is imperative to
and have to be processed to eliminate possible duplicates. Figedluce the number of candidate pairs considered. Facilitating
ure 11(b) presents the corresponding accuracy trends. Biasest of edit distance in SQL involves decomposing a string into
sampling appears more accurate tharPLES and the accu- a set of overlapping subsequenceg characters (for somg
racy improves as the number of HD tuples sampled increaseslled g-grams and subsequently applying a set of filters ma-
This behavior is consistent for varying values of the thresholdipulating theg-grams. In [11] three filters were proposed,
t. The error appears to increase for larger valugssifice the namely the count filter (two strings, , o2 can be at edit dis-
sample size for all experiments of this graph is fixed to 0.1 dincek if the number of commong-grams they share is above
the size of each of the underlying relations. A larger samplmax(length§,),length@s)) - 1 + (k—1)g, the length filter (two
size is required to obtain higher accuracy for larger valuégs of strings cannot be at edit distantéf their length difference is
. . . abovek) and the position filter (correspondigegrams of two

6 Applicability to Other Predicates strings cannot be at distance more thiaapart). These three

Our entire discussion up to now utilized cosine similarity a§ltérs were shown to significantly reduce the amount of com-
the approximate match predicate to assess a proximity score Rftation required for evaluating approximate joins using edit
tuple pairs. We comment on the applicability of our methoddistance via SQL expressions.
to other approximate match predicates. StrategyTUPLESS can be readily utilized in conjunction

Edit distance [13] is a widely used predicate for assessingith edit distance (we omit a detailed presentation due to space
the closeness of strings. It has been successfully utilized aonstraints). All three filters can be readily applied between
a declarative framework [11, 7] for data cleaning purposethe sampled tuples and the tuples of the joining relation. It
Commonly, using edit distance as an approximate match preid-also possible to derive related expressions for the sample
icate in a join operation, requests all pairs of tuples (stringsjze required to obtain good accuracy. Strate@KeNsS is
from the two relations, at edit distance at mést Since a also applicable, with the exception of the dimensionality re-
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- Moreover,TUPLES can be applied in conjunction sy ap-
) proximate match metric predicate which is possible to embed
2 on in a declarative framework.
% 0s This work raises various interesting problems for further
; 04 study. GMPLETE JOIN is one type of a very useful opera-
02 1 tion to estimate. However in the context of approximate joins,
oA ” - - variants of this operation could also be of interest. For example
' ' ' estimating properties of a join result in which each tuple from
[k mks Dies ] 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.

duction step which is specific to cosine similarity. As a resulBeferenceS _ . S
this technique is not expected to offer any performance advar{l] R. Ananthakrishna, S. Chaudhuri, and V. Ganti. Eliminating Fuzzy Du-
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Overall, we have:

Figure 12. TUPLES using edit distance: accuracy for vari-
ous values of k and sampling rates
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