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ABSTRACT City State City State

Los Angeles | CA Los Angeles | California
Given two input collections of sets, set-similarity join(SSJoin) Palo Alto CA San Diego California
identifies all pairs of sets, one from each collection, that have high San Diego CA Santa Barbard California
similarity. Recent work has identified SSJoin as a useful primitive Santa Barbarg CA San Franciscq California
operator in data cleaning. In this paper, we propose new algorithms San Franciscq CA Sacramento | California
for SSJoin. Our algorithms have two important features: They are Seattle WA Seattle Washington

exact, i.e., they always produce the correct answer, and they carr
precise performance guarantees. We believe our algorithms are the
first to have both features; previous algorithms with performance
guarantees are only probabilistically approximate. We demonstrateistics of an effective similarity function for joining products based
the effectiveness of our algorithms using a thorough experimental On their part names, where the errors are usually spelling errors,

Figure 1: SSJoins in data cleaning

evaluation over real-life and synthetic data sets. would be different from those joining street addresses because even
small differences in the street numbers such as “148th Ave” and
1. INTRODUCTION “147th Ave” are crucial, which would be different from similarity

functions for joining person names based on their sounds.

A general-purpose data cleaning system is therefore faced with
e daunting task of supporting a large number of similarity joins
with different similarity functions. Recent work [6] has identified
set-similarity join (SSJoinds a powerful primitive for supporting
(string-)similarity joins involving many common similarity func-

A data collection often has various inconsistencies which have to
be fixed before the data can be used for accurate data analysis. The,
process of detecting and correcting such inconsistencies is known
asdata cleaning A common form of inconsistency arises when
a real-world entity has more than one representation in the data

collection; for example, the same address could be encoded usingions” In other words, we can express these similarity joins using

different strings in different records in the collection. Multiple rep- SSJoin as an sub-operator, and thereby avoid separate implementa-
resentations arise due to a variety of reasons such as misspelling:t‘.ions for them from scratch’

caused by typographic errors and different formatting conventions Informally, SSJoin is defined as follows: Given two input collec-

usid t.)y .(Ijat‘? sources. tant tion f iling dif tions of sets, identify all pairs of sets, one from each collection, that
¢ St'm' arity Jot'nt.'s an |fmpor atr']t o%eritllorieorzrlecoln? Ing "' " are highly similar. The similarity between two sets is captured us-
erent representations of an entity [9, 11, 16, 21]. Informally, a ing a general class of predicates involving the sizes of the sets and

similarity join takes as input_tvvo relations, and i(_:lentifie_s f“” pairs the size of their intersection. (We introduce the class of predicates
of records from the two relations that are syntactically similar. The formally in Section 2.) As a simple example, two sets can be con-

nptlpn .Of S'm"?‘“ty is captured numerically using a s.tr|.ng-t')ased sidered similar if their intersection size is greater than a specified
similarity function and two records are considered similar if the threshold

value returned by the similarity function for these two records is
greater than a threshold. For example, we can perform a similarity W
join on theaddr ess column of two customer tables to identify
potential misspellings of the same physical address in the two ta-
bles.

A large number of different similarity functions such as edit dis-
tance, cosine similarity, jaccard similarity, and generalized edit dis-
tance [5] have been traditionally used in similarity joins. Itis well-
known that no single similarity function is universally applicable
across all domains and scenarios [21]. For example, the character:

Apart from string-based similarity, semantic relationships be-
een entities can be exploited to identify different representations
of the same entity [2, 10]. For example, in Figure 1, we can infer
CA andCal i f or ni a refer to the same state using the fact that
there is a high similarity in their associated sets of cities. This ap-
proach is applicable even when there is no obvious syntactic sim-
ilarity between different representations, as in this example. The
SSJoin operator is naturally applicable here: By performing a set-
similarity join over the sets of cities associated with the same state
‘name in the two tables of Figure 1, we can join abbreviated and
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based predicates involving standard set-similarity measures such adied the following general class of predicates for supporting various
jaccard and hamming (e.g., jaccard similarity greater than 0.9). types of similarity joins in data cleaning:

Our algorithms can be broadly characterizedigsature-based
algorithms that first generasignaturesor input sets, then find all pred(r,s) = Ai(|r Ns| > e;)
pairs of sets whose signatures overlap, and finally output the sub-
set of these candidate pairs that satisfy the set-similarity predicate.
Indeed, we observe in Section 3 that all previous algorithms for
SSJoins are also signature-based, so we use the high-level structur
of signature-based algorithms as a framework for comparing our
algorithms with the previous ones.

One important feature of our algorithms is that for SSJoins in-
volving jaccard and hamming, they provide a guarantee that two
highly dissimilar sets will not appear as a candidate pair with a
high probability. Consequently, they produce few false positive
candidate pairs (candidate pairs that do not satisfy the set-similarity
predicate), and are therefore efficient. In contrast, previous algo-
rithms [6, 22] do not provide any such guarantee. Previous work
[8, 15] has proposed probabilistic algorithms based on the idea of

locality-sensitive hashing (LSHJ 3] that have similar guarantees. _ :
However, these algorithms aepproximatesince they can miss 2.1 Threshold-based SSJoin

Here,e; is a numeric expression involving constants and sizes of
ands, i.e.,|r| and|s|. For example, an SSJoin wighred(r, s) =
é:mﬂ > 20, computes all pairr, s) whose intersection is greater

an or equal t@0.

For presentation simplicity, we assume that the domain of ele-
ments of all sets i1, ...,n} for some finite, but possibly large
n. In other wordsy C {1,...,n} ands C {1,...,n} for each
r € R and eacls € S. None of our algorithms require the domain
of elements be finite and integral, and can be generalized to handle
infinite and non-integer domains.

In addition, while our algorithms apply to weighted sets when el-
ements have associated weights, we restrict most of our discussion
to unweighted sets. We revisit the weighted case in Section 7.

some output set pairs; in contrast, all of our algorithmsessact For most of this paper, we deal with simpler SSJoins whose
and never produce a wrong output. We believe our algorithms are Predicates involve a set-similarity function and a threshold parame-
the first exact ones with such performance guarantees. ter. Specifically, the predicagered(r, s) of these threshold-based

Exact answers are important for data cleaning applications (the SSJoins is of the forn¥im(r, s) > v, whereSim denotes a simi-
LSH-based algorithms have all been proposed in non-data-cleaninglarity function andy denotes a threshold parameter, or of the form
settings such as web informatics [15] and data mining [8]): Inthese Dist(r,s) < k, where Dist denotes a distance function ahca
applications, an SSJoin operator is typically used, not as a stand-threshold parameter. In particular, we focus on jaccard similarity
alone operator, but as part of a larger query [6]. Itis well-knowjn [7 @nd hamming distance (defined below), two common functions for
that it is hard to assign clean semantics to a query containing ap-defining similarity between sets. Threshold predicates involving
proximate operators. Recent work [12] has also explored an al- each of these similarity functions can be expressed in the more gen-
ternate Setting’ where data C|eaning is performed On_the_ﬂy during eral form introduced abOVe, as we illustrate when we define these
query evaluation, and not as a one-time offline process. Even herefunctions. o -

SSJoins appear as part of a larger query, so exact answers are im- We proceed in this manner for ease of exposition: Our algo-
portant. rithms can be extended to handle a more general subclass of SSJoin

One drawback of the LSH-based algorithms is that they can be Predicates, as we describe in Section 6.
used only when the SSJoin predicate admits a locality-sensitive . .
hash function; currently, locality-sensitive hash functions are known 2.2 Hammmg SSJoin

only for standard similarity measures such as jaccard. As we will We can view a set C {1,...,n} as ann-dimensional binary
show in Section 6, our algorithms handle a larger class of SSJoin vectorv, such thaw[:] = 1if ¢ € s, andwv[i] = 0, otherwise {[i]
predicates. denotes the value of vectoron theith dimension). Thévamming

In addition to having better theoretical guarantees, our algorithms distancebetween two vectors, andv., denotedH4(v1, v2), is the
also empirically outperform previous exact algorithms [6, 22], of- number of dimensions on which the two differ. We often blur the
ten by more than an order-of-magnitude. More importantly, they distinction between sets and binary vectors: For example, we refer
exhibit superior scaling with input size compared to previous exact to the hamming distance between two sets to mean the hamming
algorithms: Our algorithms scale almost linearly, while the previ- distance of their vector representations. Note that the hamming
ous ones achieve only quadratic scaling. distance between two sets ands: is the size of their symmetric
Our experiments also suggest that our exact algorithms are com-difference:H4(s1, s2) = | (s1 — s2) U (s2 — s1) |-
petitive with LSH-based algorithms. In many of the data cleaning
scenarios that we consider, our algorithms perform better than the Example 1.Consider the 3-gram sets of the strings
LSH-based ones, and in all other cases their performance is onlywashi ngt on andwoshi ngt on shown below:
marginally worse. This happens even though the LSH-based al-

gorithms are set up to return only 95% of all results. Thus, the s1 = {was, ash, shi, hin, ing, ngt, gto, ton}
marginal performance advantage of the LSH-based algorithms is s2 = {wos, osh, shi, hin, ing, ngt, gto, ton}
obtained at the cost of losing a substantial portion of the results. ) ) )

Finally, our algorithms have the desirable property that they can "€ hamming distance betweenandss is 4. O

be implemented over a regular DBMS using a small amount of

application-level code, as we will describe in Section 8. An SSJoin involving hamming distance (hereafteamming

SSJoii takes as inpuR andS and produces as output all pairs
(r,s) € R xS such that4(r, s) < k, for some integral threshold
2. PRELIMINARIES k. We note that hamming SSJoins belong to the general class of
Formally, a set-similarity join (SSJoin) is specified using a bi- SSJoins sincétq(r, s) < k is equivalent to:
nary predicatepred over sets. It takes as input two set collections,
‘R andS, and produces as output all pajrss), r € R, s € S,

[r|+Is| =k
such thatpred(r, s) evaluates tdrue. Chaudhuriet al [6] identi- 2
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INPUT: Set collectionsk andsS and thresholdy a pipelined fashion [6]. However, the engineering details are rela-
1. For eachr € R, generate signature-s&tgn (r) tively less important for comparing different signature-based algo-
§' goerni?;theg glliéﬂﬁirlg?ete :.'(?”a)turesﬁgn(é)s satisfyin rithms, for two reasons. First, the engineering details are mostly

" Sign(r) 0 Sign(s) 755; 5 8) € RS 9 orthogonal to the high-level outline: They do not benefit one high-
4. Output any candidate pajr, s) satisfyingSim/(r, s) > ~. level approach over another, so they are not very relevant for-dete
mining relative performance of signature-based algorithms. Sec-
ond, the overall performance and the scalability of a signature-
Figure 2: A signature-based algorithm for SSJoin Ease? a_lgon:hm 1S prldmarlbedetel;m|nec(i:i_(§)ytparame:ﬁrst EUCh az nurln-
. er of signatures and number of candidate pairs that depend only
2.3 Jaccard SSJoin on the high-level outline of Figure 2, as we will show using our

The jaccard similarity of two sets and s, denoted7s(r, s), is experiments.
defined as: The primary difference between various signature-based algo-
[rns| rithms lies in theirsignature schemeshe details of how they gen-
Ts(r,s) = |rUs | erate signatures for an input set. Therefore, we focus hereafter
mostly on signature schemes. For example, we often refer sim-
Js(r, s) is a value betweea and1. ply to a signature scheme, while implicitly meaning the signature-

based algorithm using the signature scheme. Also when we refer
Example 2.Consider the sets shown in Example 1. The sets to a signature-based algorithm, we mean at the level of detail of
share6 elements in common, and therefore their jaccard similarity Figure 2. We next introduce some terminology related to signature-

is6/10 = 0.6. i based algorithms, present measures for evaluating signature-based
algorithms, and briefly review the signature schemes of previous
An SSJoin involving jaccard similarity (hereaffaccard SSJoip algorithms.

takes as input two set collectior’8,andS, and produces as output 31 S t Sch
all pairs(r, s) € R x S such that7,(r, s) > -, wherey denotes a = '_gna ure scheme _ _
threshold parameter. Again, jaccard SSJoin belongs to the general As in Figure 2, we use the notatidfign(s) to denote the sig-

class of SSJoin introduced above since the predidate, s) > ~ natures generated by a signature scheme for an input deote
is equivalent to the predicate: that this notation does not explicitly identify the signature scheme,
which should be clear from the context. Any signature scheme
v ; ; .
|rNs|> ?(|r| +|s]) has a basic correctness requirement: For any twosetsd s,
Y

Sign(r) N Sign(s) # ¢, wheneverSim(r, s) > ~; hereSim is the
SSJoin similarity function ang is the similarity threshold. This
3. A FRAMEWORK FOR SSJOIN ALGO- correctness requirement may be satisfieobabilistically, which
RITHMS is the case for LSH-based algorithms; an algorithm with such a sig-
nature scheme is approximate, i.e., it may miss some output pairs.
The notationSign (s) is slightly misleading, since the set of sig-
natures fors is not a function ofs alone. There are usually sev-
eral “hidden parameters” which influence the set of signatures for

As mentioned earlier, several algorithms have been proposed for
SSJoin in previous work [6, 8, 15, 19, 22]. These algorithms of-
ten involve complicated implementation and engineering details,

which raises the na_tural issue of how dlffe_rent algorl_thms can be s. These may include the SSJoin threshe|dstatistics collected
compared. Interestingly, most of the previous algorithms have a from R and S such as frequency of elements, and random bits
common high-level structure that also happens to be shared by our !

algorithms, which can be used for comparison. In this section, we used for randomization. When we uSéyn(s), the hidden para-
9 : . P : ' meters should be clear from the context. Note that the same setting
develop a framework based on this common structure, and we use

this framework throughout the paper. of hidden parameters is used for generating signatures of all input

Based on their high-level structure, most of the previous algo- sets.
rithms and all of our algorithms can be viewed as belongingto a 3.2 Evaluation
general class callesignature-based algorithmg~igure 2 formal-
izes the steps in a general signature-based algorithm. A signature
based algorithm for SSJoin betweandsS involving similarity
function Sim and thresholdy operates as follows: It first generates
a set ofsignaturedor each input set ifR U S. The signatures have
the property that ifSim(r, s) > ~, thenr ands share a common
signature. Based on this property, the signature-based algorithm?1. Intermediate result sizeg): One good indicator of the overall
generatesandidate pairsy identifying all (r, s) € R x S such performanc_e of a signature-based algorithm is given by the follow-
that the set of signatures efand s overlap. Finally, in apost- Ing expression:
filtering step, it checks the similarity join conditiosim (r, s) > ~ . . . .
for each candidate paifr, s), and outputs those thaEt saZtisfy the D Sign(r)l +>_ |Sign(s)l + > ISign(r) 1 Sign(s)
condition. We emphasize that our view of previous algorithms as TER s€8 (r:s)
signature-based algorithms is purely conceptual. In particular, their If we implement Step 3 of a signature-based algorithm (Figure 2)
original presentation was not along the lines suggested by Figure 2.as a “join” between signatures, the above expression represents the

Note that Figure 2 provides only a high-level outline of a total size of intermediate results produced by the algorithm, which
signature-based algorithm. Several engineering details are left un-is a well accepted basis for comparison. The first two terms capture
specified. For example, a variety of indexing and join techniques the amount of work done for signature generation (stegsd2 of
can help speed up the generation of candidate pairs [22], and can+igure 2), and the third term captures the work done for candidate
didate pair generation and postfiltering can often be performed in pair generation (step). We will show in Section 8 that the above

We now introduce measures for evaluating signature-based algo-
‘rithms that depend only on the high-level outline of signature-based
algorithms of Figure 2. (Our experiments are based on a complete
implementation, and we will report total computation time for our
experiments.)



expression closely tracks the actual execution time of signature- As the name suggestsARTENUM is based on two ideas for sig-

based algorithms. nature generation callgghrtitioning andenumerationIn this sec-
Most of the signature schemes that we propose in this paper in-tion, we informally introduce these ideas antRPENUM; detailed

volve setting various tuning parameters. We can identify the op- specification of RRTENUM is provided in Section 4.2.

timal parameters by estimating the value of the above expression

for different se@tings OT parameters. Note that for se!f-SSJoins, the inio 1 + 1 equi-sized partitions. Any two vectors that have a ham-

above expression is within a fact®of F; measure of signatures of ming distance< k must agree on at least one of these partitions,

;” input sets, and tlher_e 3X'St WeII-knlown techniques for estimating gjnce the dimensions on which they disagree can fall into at most
» measure using limited memory [1]. k partitions. Based on this observation, we can construct a simple
2. Filtering Effectiveness: All practical signature schemes pro-  signature scheme as follows: For each veetpgeneratek + 1

Partitioning: Consider a partitioning of the dimensiofs . .., n}

duce false positive candidate pairs, ife,,s) such thatSign(r) N signatures by projecting along each of thé + 1 partitions. Un-
Sign(s) # ¢ and Sim(r,s) < ~. The number of false posi-  fortunately, this scheme has poor filtering effectiveness since two
tive candidate pairs linearly affects the costs of stgé@sd4 of vectors often end up “accidentally” agreeing on a partition even if

a signature-based algorithm, therefore it is desirable to minimize they are very dissimilar, and therefore end up sharing a signature.

it. We use the terniiltering effectivenesto indicate how good g meration: More generally, consider a partitioning of the di-
a signature scheme is in minimizing false positives. For most of mensions into1; > k equi-sized partitions. Any two vectors with
our signature schemes and for those based on LSH, the filteringhamming distance. k must agree on at leagts — k) partitions

gf_fectlvene? can be qu_antified dprecisely: Fﬁr any B?ﬂbqlfs' ) Using this observation, we can construct the following signature
ign(r) N Sign(s) # ¢ is a random event whose probability is  qcpeme: For each vectorpick (nz — k) partitions in every possi-

a decreasing function d¥im(r, s). No such quantification of fil- 0 \yay and for each selection, generate a signature by projecting
tering effectiveness exists for the signature schemes of [6, 22]. v along thesdn, — k) partitions. (There arénkg) signatures for
each vectow.) This scheme has very good filtering effectiveness

3.3 Slgnature schemes of previous algonthms if we setny ~ 2k, but the drawback is that it generates around

Probe-Count and Pair-Count Algorithnjg2]: The signatures ofa (%) ~ 2°* signatures per vector for this setting.

setis simply the elements in the set, igign(s) = s. We call this Hybrid (PARTENUM): Now consider a partitioning of the domain
theidentity signature scheme. into ny = (k + 1)/2 partitions. Consider two vectonrs and v
Prefix-Filter Algorithm[6]: Sign(s) contains theh elements ofs with Ha(u,v) < k. Using a simple counting argument, we can
with the smallest frequenciem (R US). The exact value of de- show that the projections of and v along at least one of these

pends on the similarity function and threshold. We call this signa- partitions have hamming distance 1. Using this observation,

ture schemerefix filter. For illustration, consider a jaccard SSJoin We generate a signature scheme as follows: We project a given
betweenR andS with similarity threshold0.8. Further, assume  vectorv along each of thex; partitions. For each projection, we
that the size of each set9, i.e., |r|=|s|= 20 for eachr € R generate a set of signatures using the enumeration scheme with a
ands € S. For this caseSign(s) contains the three elementssof ~ new thresholdk; = 1. The signature set fos is the union of

with the smallest frequencies. We can show that if the jaccard sim- Signatures corresponding to all projections. Informally, partitioning

ilarity of  ands is at leas0.8, then| r N s |> 18, which in turn reduces the problem of generating signatures for a vector to that of
implies thatr ands have at least one signature in common (recall generating signatures for vectors of smaller dimensions and for a
|7|=]|s| = 20). smaller threshold; for a smaller threshold the number of signatures

LSH-based algorithn{B, 15, 19]: For jaccard SSJoins, each signa- generated by enumerations becomes more tractable.

ture is a concatenation of a fixed numlgesf minhashesf the set, . ;
and there aré such signatures. The exact definition of minhashes 4.2 PartEnum: Details

is beyond the scope of this paper. The valyemd! control the Figure 3 contains the formal specification ofFFENUM. We
performance of the algorithm: Informally, the parameteontrols first generate a random permutationf the dimensiong1, ..., n}.
the f||ter|ng eﬁectiveness’ and for a fixed va|uewfthe parame- We user to define a two-level partitioning of the dimensions: There
ter [ controls the approximation factor: In order to achieve a false areni first-level partitions, and within each first-level partition,
negative rate of, we require about = 7% log(}) signatures. there aren, second-level partitions. Therefore, there agex n.

second-level partitions overall. The valuesandn. are parame-

ters that can be varied to control signature generation by
4. HAMMING DISTANCE PARTENUM. Each (first- or second-level) partition contains a set of

We now present a signature scheme calledTENUM (for Par- dimensions contiguous under permutatign.e., it is of the form

titioning and Enumeratigpfor hamming SSJoins. In Section5,we {7 (¢) : b < i < e}. We usep;; to denote thejth second-level
use RRTENUM as a building block to derive a signature scheme partition within theith first level partition; see Figure 3 for the for-
for jaccard SSJoins. Throughout this section, we represent sets asnal definition ofp;;. The random permutation, and therefore the
binary vectors, as indicated in Section 2. Therefore, we will focus partitioning, is generated only once. The signatures of all vectors
on the following vector-based join problem in the remainder of this in ((/ U V) are generated using the same partitioning of the dimen-

section: Given two vector collectiordg andV, identify all pairs sions.
(u,v) € U x V such thatHq(u,v) < k. Recall that we have We now describe how the signatures for a vectare generated.
assumed1,...,n} to be the domain of elements, so all vectors Fix k2 = I%l — 1; recall thatk is the hamming distance thresh-
u € U andv € V aren-dimensional. old. For each first-level partition, we generate all possible subsets
. of second-level partitions of size. — k2)—there are exactly;?)
4.1 PartEnum: Overview such subsets. We generate one signature corresponding to each sub-

set. Fix a subsef, and letP denote the set of all dimensions be-
Ties are broken arbitrarily but consistently for all sets. longing to partitions ir5. The signature fof is the pair(v[P], P),




PARAMETERS:
SSJoin thresholdk
Number of first-level partitionsa;, n; < k+ 1
Number of second-level partitiongy, ning > k + 1
ONETIME:
1. Generate a random permutatiorof {1,...,n}
2. Defineb;; = nngi—1+j—1). = _ n(n2i—1+j)
J ning L) ning
3. Definepij = {W(bij),ﬂ(bij + 1)7 ey W(eij — 1)}
4. Defineks = %1 -1
SIGNATURE FORw:
1. Sign(v) = ¢
2. Foreachin{1,...,n1}
3. Foreachsubsef of {1,...,ns} of sizeny — ko
4. Let P = Ujcspij
5. Sign(v) = Sign(v) + (v[P], P)

Figure 3: PARTENUM: Formal Specification

2

al1"2"37al1"273" 4]

3andny =4andk =5

wherev[P] denotes the projection of vectoralong dimensions in
P. (Forexample, ib = 01010101, v[{1, 2, 8}] = 011.) Note that
two signaturegv: [P1], P1) and(v2[P-], P») are equal only if both
the projections«; [P1] = v2[P2]) and the subsetdy = P,) are

equal. The total number of signatures fois thereforen: - (}2).

Figure 4: PARTENUM with ny

We will address practical issues concerning signature generation

shortly.

Example 3.Figure 4 illustrates signature generation#gr= 3,
ny = 4, andk = 5. By definition,k; = 1. For each first-level par-

tition, we generate one signature corresponding to every second-

level partition subset of siz8. Therefore there arg@ x 4 = 12

signatures for every vector. These signatures are represented as

horizontal rectangles in Figure 4. The darkened portion of a rec-
tangle indicates the dimensions along which a vector is projected
for generating the corresponding signature. Note that the dimen-
sions are ordered according to the permutation ad

Example 4.Let n; = 2, ny = 3, andk = 3, implying k2
1. Assume for simplicity thatr is the identity permutation, i.e.,
() = 1, for all 7. Figure 5 shows the six signatures for the vector
010110. m|

The following theorem states the correctnessatFENUM with-
out proof.

THEOREM 1. If Hy(u,v) < k, thenSign(u) N Sign(v) # ¢,
whereSign(u) and Sign(v) are generated using the same random
permutationr, and same parametefs;, no, andk.

Practical Issues:Since our vectors are representations of sets, they
are typically sparse with a large dimensionatity Therefore, gen-
erating signatures directly as suggested by Figure 3 is not efficient.
Consider a signaturév[P], P) corresponding to a sef, gener-
ated in line5 of Figure 3. In order to compute[P], we need to
projectv along the dimensions i#, which could be potentially

(10,{2,3})
(10, {5,6})

(00, {1, 3})
(10,{4,6})

(01, {1,2})
(11,{4,5})

Figure 5: Signatures for010110; n1 = 2,n2 =3,k =3

large in number. Instead, we could encode the signature using
(P1(v),1,S), whereP; (v) denotes the set of dimensionsihfor
whichv has a valud, i.e.,{d € P : v[d] = 1}. Note thatP; (v)
uniquely encodes|[P] and: and S uniquely identify P, and we

can computeP; (v) more efficiently tharw[P] whenv is sparse.
Further, since the only operation that we perform on signatures
is checking equality, we can simply hash these signaturesdinto
byte values. Note that hash collisions do not affect the correct-
ness of RRTENUM—Theorem 1 continues to be valid for hashed
signatures—but the collisions could introduce additional false pos-
itive candidate pairs. In practice, the number of such false positives
in negligible.

4.3 PartEnum: Performance

In this section, we cover various aspects aRPENUM’s perfor-
mance. We begin by proving that RTENUM has good asymptotic
performance: For a particular settingf andns, we can prove
that it provides good filtering effectiveness (i.e., generates only a
few false positive candidate pairs) with few signatures per input
set.

THEOREM 2. Consider PARTENUM with n; = k/Ink and
ne = 2Ink. If Hq(u,v) > 7.5k, thenSign(u) N Sign(v) = ¢
with probability 1 — o(1). For this setting of parameters, the num-
ber of signatures per vector 8 (k?-3%).

The constants in the statement of Theorem 2 are merely represen-
tative. We can get slightly different performance characteristics by
suitably changingr; andn; values. Theorem 2 shows that we can
achieve good filtering usin@ (k>3°) signatures, which is inde-
pendent of.. This property is crucial in order to be able to handle
sparse vectors—which is the case when the vectors are representa-
tions of sets—where could be very large.

Note that we do not recommend using the parameters of Theo-
rem 2 for actual SSJoins. In fact, we will show in Section 8 that
no single setting of the parameters is good for all SSJoin instances.
For a fixed setting of parameters, we can show that increasing the
number of input sets results in a quadratic increase in the number of
signature collisions; thereforeaRTENUM for a fixed setting of pa-
rameter scales only quadratically. The fact that we can control the
behavior of RRTENUM using the parameters is actually crucial to
ensure near-linear scalability oARTENUM with increasing input

size. Specifically, RRTENuUM offers a tradeoff between the num-
ber of signatures per set and the filtering effectiveness: We can in-
crease the number of signatures and improve filtering effectiveness,
and vice-versa. The number of signatures can be increased either
by decreasing the value ef; or increasing the value dhs — k2).

When the input size increases, we can avoid the quadratic increase
in computation time by using a larger number of signatures per set.
We cover this aspect in detail in Section 8. An important issue is
determining the optimal setting 6f.1,n2): Informally, we can de-
termine optimal settings using some properties of the input data.
This is covered again in Section 8.

5. JACCARD SIMILARITY

We now describe how we can use\HFTENUM for jaccard
SSJoins. An easy special case occurs when all input sets are equi-
sized: Two sets can have jaccard similatityy iff their hamming
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(d) Foreach = 1,2, ..., construct an instance oARTENUM,

denoted PE], with thresholdk;.
SIGNATURE FORS:

1. Initialize Sign(s) = ¢

%: Iﬁitrléa%in;;eniﬁrgeewg!ﬁ]Yé?lg%;))elong& Figure 7: Size-based filtering (Example 5)

4. Sign(s) = Sign(s) + (i, sg) the signature scheme shown in Figure 6. Essentially, the signature
5. For each signatureg € PE[i + 1].Sign(s) scheme attaches the numbéo the signatures dR; andS;, which

6. Sign(s) = Sign(s) + (i +1,s9) ensures that signatures®f andS; (i # j) do not collide. We call

7. ReturnSign(s).

the signature scheme of Figure 6 also ag FENUM, and it should
be clear from the context whether we are referring A& FENUM
for hamming (Figure 3) or ARTENuUM for jaccard (Figure 6).

We call this approach of using size information to reduce the
distance is< w where/ denotes the common set size. We number of set pairs that need to be consideredize-based fil-
can use this observation to convert a jaccard SSJoin with thresholdtering. Size-based filtering is not specific ta®rENUM: It can
~ to an equivalent hamming SSJoin with threshéfél;—”), and be combined with any other signature scheme to improve the per-
use RRTENUM for the latter. formance of the scheme. (However, for the case ARTEENUM,

For the general case, we observe that if two sets have high jac-it is essential in order to be makex®RrENuUM work for jaccard
card similarity, then they should have roughly similar sizes, as for- SSJoins.)
malized in Lemma 1 below.

Figure 6: Signature Scheme for Jaccard Similarity

6. GENERAL SSJOINS

Recall from Section 2 that we defined SSJoins for a general class
We use this observation to (conceptually) divide a general jaccard Of predicates involving the sizes of sets and the size of their inter-
SSJoin instance into smaller instances, each of which computes arfection. The main ideas behind our signature scheme for jaccard
SSJoin on sets of roughly equal size. We use the technique de-SSJoins can be generalized to derive a signature scheme for a large
scribed above to convert the smaller jaccard SSJoin instances tosubclass of the general class of predicates. Informally, our tech-
hamming SSJoin instances, and us&FENUM for signature gen- ~ hiques can be used to handle an SSJoin with predjpatgif:
eration.

Formally, consider a jaccard SSJoin with thresheldetween
R andS. We define intervald; (: = 1,2,...) that partition the

LEMMA 1. If Ts(r, s) > v, theny < Ir| <

[s]

2=

1. For any set, we can derive an upper- and lower-bound on
the sizd s| of setss that join withr, i.e.,pred(r, s) evaluates

set of positive integers (steps (a) and (b) of Figure 6). For each to true, and
interval I; = [l;,r;], the right end of the interval; = [%J Us- 2. For any set, we can derive an upper-bound on the hamming
ing Lemma 1, we can show thatfis|c I; and J5(r,s) > 7, distance betweenands for any s that joins withr-.

then|r| € I;_1 U I; U I;;,. Based on this observation, we (con- i . " . .

ceptually) construct subseR,, R of R as follows: For each The first condition helps us conceptually partition the given SSJoin

r e R,if |rle L, we add tHe séi-f-t-o both R, andR"H We instance into smaller instances as we did for jaccard SSJoins, and
£ 1 T 1 -

the second condition enables us to use a hammargy ENUM for

each of the smaller instances. For example, an SSJoin with predi-
cate|r N s|> 0.9max{|r|,|s|} satisfies both conditions: Given

a setr with size100, we can show that only setswith sizes be-
tween90 and 111 can possibly join with-, and further, for any

that joins withr, Hq(r,s) < 20. On the other hand, an SSJoin
with predicatg r N s|> 20 satisfies neither condition. Formalizing

the exact class of predicates that satisfy the above requirements is
beyond the scope of this paper.

construct subsets:, So, ... of S, symmetrically. Then we per-
form a hamming SSJoin between eakh and S; with threshold

ki = 2(152)r:, and take the duplicate-free union of all the SSJoin
outputs. The correctness of this approach follows from the obser-
vation that if 75 (r, s) > ~, andr € R;, s € S;, then we can show

thatHq(r, s) < i:j(m + |s]) < 2(1;3)7", = k;.

Example 5.Lety = 0.9. Then we can verify that; = [1,1],
Is = [8,8}, Iy = [97 10}, I3 = [17,18], and114 = [19,21]. As-

sumeR = {rg, r10,. .., 721}, Wwhere the subscripts encode the size

of a set, i.é.,|m|: i. Similarly, assume thaf = {sg,...,s21}. 7. WEIGHTED SSJOIN

Figure 7 shows the composition of the subgets—R14; the squares We now consider the weighted version of SSJoin, where there is
from left-to-right represent the inputs, ..., 721, and the shaded  a weightw(e) associated with each elementFor many applica-
rectangles represent the subgets For exampleR 14 = {ri7,..., tions using set-similarity, some elements are more important than
r21 +. Note that under our approach many input pair&irx S are others for the purpose of defining similarity, and these differences
never considered for a join: For examptes which belongs tdk, in the importance are naturally captured using element weights. A

andR1o is never considered for a join witky 3 which belongs to well-known example is the use of weights basedirorerse doc-
S11 andS;i2, and correctly so, since we can infer using Lemma 1 ument frequency (IDFn Information Retrieval [3], which essen-

that 7s(r10, s13) < }—g ~ 0.76. a tially captures the intuition that less frequent words are more sig-
nificant than frequent words for determining document similarities.
Instead of explicitly constructing the subs@&s andsS; and then We can use RRTENUM for the weighted case by converting

computing the SSJoin betwedd; andS;, we can get the same  a weighted SSJoin instance to an unweighted one: We convert a
effect by computing the SSJoin directly betweRnand S using weighted set into an unweighted bag by makine) copies of



PARAMETERS: Minimal Subset| Prefix
SSJoin thresholdl’ {a,b,d,e, f,g} | (a,b,d)
Pruning thresholdTH {a,b,c,d} (a,b,c)
SionaTURE Fors: fab.ee ]| {ab)
2. For each minimal subset of s with weighted size> T {a,b,c,e g} (a,b,c)
3. Order elements of in decreasing order of IDF weights. {a,b,¢, 9, f} (a,b,¢c)
4. Define REF(s’): smallest prefix o’, such that the sum
element weights in the prefp= TH Figure 9: Example signature generation using Wt ENUM
5. Sign(v) = Sign(v) U {PREF(s’)}. . . . )
6. Remove duplicates froriign (v) and return. elements occur independently in the input sets. Therefore, using
= logmax{|R|,|S|} produces very few signature collisions. The

number of signatures per set could possibly be undesirably high,
Figure 8: WTENUM: Formal Specification but it is usually very small in practice. Finally, when the weights
are non-IDF, we explicitly generate IDF weights for elements; we
use the non-IDF weights in Step 2 and the IDF weights in Step 3 of
Figure 8.

each element, using standard rounding techniques if weights are
nonintegral. All of our guarantees from Section 4 continue to hold
for this approach. However, this approach is unsatisfactory for
the following reason: Consider an unweighted hamming SSJoin
with thresholdk. Theorem 2 states that usidy k2-3%) signatures 8. EXPERIMENTS
we can achieve good filtering. Next, consider a weighted ham-
ming SSJoin with thresholdk, where all element weights are
Clearly, the weighted SSJoin is identical to the unweighted one
above. However, if we use the approach aboveRTENUM re-
quiresO(a?-*°k2-3%) signatures for (almost) the same filtering ef-
fectiveness, which is undesirable sineecan be made arbitrarily
large. This example suggests that the theoretical guarantees of The
orem 2 are not very meaningful for the weighted case. We do not
know what a good theoretical guarantee for weighted case should
look like for exact SSJoin computation.

We now present a heuristic signature scheme calladEMUM
(for Weighted Enumeratigrthat works well in practice. It is con-
venient to present WENUM for intersectionSSJoins: GiveriR
andS, identify all pairs(r, s) € R x S such thaff r N s |> T, 1. LSH: We used the classic LSH based on minhashes for our ex-
for a threshold’. We can adapt WENUM for jaccard SSJoins ~ Periments involving jaccard and weighted jaccard SSJoins. LSH
using ideas from Section 5. We initially assume that weights are does not map naturally to the edit distance measure, so we did
IDF-based:; we later describe howTENUM can be extended for not include LSH in our experiments involving edit-distance based

We now present our experimental results. The main goal of our
experiments is to measure the performance of our algorithms and to
compare the performance against those of previous algorithms. Our
experiments covered jaccard SSJoins, weighted jaccard SSJoins,
and string similarity joins involving edit distance. Edit-distance
based string similarity joins use hamming SSJoins as an underlying
primitive, and therefore indirectly measure the performance of the
algorithms for this type of SSJoin. All of our experiments involved
only self-joins; we expect the relative performances to be similar
for binary SSJoins as well.

The details of the various algorithms used in our experiments are
as follows:

general weights. string similarity joins. In most of the experiments, we used LSH

Figure 8 contains the formal specification of TENUM. with accuracy (false-negative ra@p5. Note that this means LSH
WTENUM generates signatures for a seas follows: It concep- ~ Produces only about 95% of the correct output. When we refer
tually enumerates athinimal subsetss’ of s with weighted size to LSH instances with a different false-negative rate, we explic-
at leastT. A subsets’ is minimal if no proper subset of has itly quantify the rate within paranthesis; for example, L8H()

We|ghted size> T. For each Subsej_" it orders the elements in refers to an instance of LSH with false-negative ra@d. In all
descending order of weights, and picks the smallest prefix of this Of our experiments involving LSH, we used the optimal settings of
ordering such that the weights of the elements in the prefix add upto Parameterg; and! (recall Section 3) for the given accuracy. The
atleastrH; TH is a parameter that can be used to contralBNUM. observed accuracy of LSH in all our experiments was very close to
The signature set for' is the set of all such distinct prefixes. (As  the predicted accuracy, so we do not report these numbers explic-
before, we can hash the prefixes into integer values.) The correct-itly.

ness of WENUM is straightforward: if r N s|> T'for somer and 2. prefix Filter: Prefix filter represents the best previous exact
s, thenr ands share some minimal subset; the prefix of this subset algorithm. The performance of the original prefix filter as proposed
is a common signature for bothands. in [6] was very poor relative to LSH and our algorithms. Therefore,

we augmented it with size-based filtering of Section 5. We report
experimental results only for this augmented version of prefix filter.
In our experimental charts, we abbreviate prefix filter to PF to save
space.

Example 6.Consider the weighted set= {as, b4, cs, d2, e1,
f1, 91}, where the subscripts indicate the IDF weights of elements.
Let the intersection SSJoin thresholdlie and let therH parame-
ter be14. Figure 9 shows the minimal subsetssofonsidered in
Step 2 and the prefixes for each minimal subset. The final signature3. PARTENUM, WTENUM: Like in LSH, we used the optimal
set fors is {(a, b, d), (a, b, c)}. Any set that has a weighted inter- settings of parameters fonRTENUM and WrENuUM in our exper-
section of17 with s has to contain both andb and at least one of ~ iments. In our experimental charts, we abbrevista@ FENUM to

c or d, and therefore shares a signature wsith O PEN and WrENUM to WEN to save space. _ '
Our discussion so far has focused mostly on a high-level view

The intuition behind WENuUM is simple: Recall that the IDF of signature-based algorithms, comprising of Steps 1-4 shown in
weight of an element is defined &s(1/f.), where f. denotes Figure 2. In particular, we did not deal with the implementation
the fraction of input sets in which occurs. Therefore, ifH = of these steps. For our experiments, we use an implementation
logmax{| R [,| S|}, any subset of elements whose weights add that uses a general purpose DBMS for the most part, with a small
up to TH occurs in only one input set in expectation, if we assume amount of application-level code. (We will describe the details,



Set (id, elem) . e CandPair (id1, id2):
CandPairintersect (idL, id2, isize) Select Distinct S1.id as id1, S2.id as id2
ﬂ From Signature as S1, Signature as S2
Signature (id, sign) Where S1.Sign = S2.Sign and S1«dS2.id
Output (id1, id2) . . . .
CandPairintersect (id1, id2, isize):
Select C.id1, C.id2, Count(*) as isize

CandPair (id1, id2) From CandPair as C, Set as S1, Set as S2
Where C.id1 = S1.id and C.id2 = S2.id and Sl.elem = S2.¢elem
Figure 10: Jaccard SSJoin implementation Group By C.id1, C.id2
which are specific to the type of SSJoin, later.) Other implementa- Output (id1, id2):
tions are possible: However, we measured various implementation Select C.id1, C.id2
independent performance measures sucli-agecall from Sec- From CandPairintersect as C, SetLen as S1, SetLen as S2
tion 3) size of signatures, number of candidate pairs, and so on, Where C.id1 = S1.id and C.id2 = S2.id and

and these strongly suggest that the relative performance of various Cisizez (Sl.len+ S2.len— C.isize)xy

algorithms will not change with a different implementation.
All of our experiments were performed on a 3.2 GHz Pentium 4

machine with 2GB RAM running Windows Server 2003. We used Figure 11: Jaccard SSJoin Implementation: Queries

Microsoft SQL Server 2005 for database support. separators, and hashed the resulting words into 32 bit integers. The
T average size of a set in the address data is 11, while that in the

8.1 Jaccard S|m|lar|ty DBLP data is 14. Since the results for both datasets were similar

We first describe our implementation of jaccard SSJoins, and qualitatively, we only report results for the address data. Note that
then present experiment results for real and synthetic datasets.  both data sets are highly relevant for the data cleaning applications
that we are interested in. We used different sized (100K, 500K, and

Implementation 1M) subsets of the address data as input to the SSJoin to understand
Figure 10 shows the implementation that we use for computing the scalability properties of different algorithms. (Input size refers
jaccard SSJoins. The input is provided as a relasen (i d, to the number of input sets to SSJoin—recall we are dealing only

el en) in first normal form;i d denotes the identifier for a set  With self-joins here.)

andel emdenotes an element belonging to the set. In the first step, Figure 12 shows the total SSJoin computation time for the three
we scan the relatioBet , generate signatures for each input set us- algorithms for different input sizes and similarity thresholds. The
ing an appropriate signature scheme, and generate a new relatioiesults indicate that the performance @RPFENUM and LSH are

Si gnat ure(id, sign) containing the signatures. We per- roughly similar for all input sizes and similarity thresholds that we
form this step using application-level code, so data crosses DBMS considered. The performance okfrENUM is actually slightly
boundaries during both the reading and the writing. The remaining better for0.9 and0.85 similarity thresholds. This happens because
steps are all performed within the DBMS using SQL queries. We PARTENUM uses size information to ensure that two sets with very
next generate the candidate pairs by performing a Se|f-join over the different sizes do not share a signature, while LSH does not. As we
signature relation, and these are stored in a relation indicated in Section 4, the performance et ENUM falls steeply
CandPai r (i d1,id2); herei d1 andi d2 denote the identi- with decreasing similarity, and this is reflected in Figure 12: the
fiers of a candidate pair. The postfiltering step, where we check LSH has slightly better performance thanfrENUM at similarity

the SSJoin predicate, is performed using two queries. The first threshold).8.

query computes the intersection size of each candidate pair by per- The results also indicate that the gap between prefix filter and the
forming a join with the input relatiorBet , and stores the result ~ Other two increases sharply with increasing input size. Since the
in the tableCandPai r | nt er sect (i d1,id2,isize). The scales used for subfigures (a), (b), and (c) are different, tHa-sca
second query join@andpai rl nt er sect with another relation blllty aspeCtS of different algorithms are not Immedlately obvious
Set Len(i d, | en) containing the size of each input set, and from Figure 12. In fact, the scalability of prefix filter is almost
checks the SSJoin predicate. For the purpose of our experimentsguadratica“y, while that /RTENUM and LSH is almost linear. For
we materialize this relation in advance, so the time required to com- €xample, at 0.85 similarity, when we move from 100K input size
pute it is not factored in our results. The actual DBMS queries used t0 1M input size, the computation time forRTENUM increases

in the implementation are shown in Figure 11. We built a clustered from 23 seconds to 240 seconds (a tenfold increase), while that for
index over the input relatio®et since it significantly improved prefix filter increases from 36 seconds to about 2500 seconds (a 70
the time to compute€andPai r | nt er sect . We construct the ~ fold increase).

index in advance, so the index construction time is not factored Figure 13 shows thé? size of signatures for the three algo-
in our experimenta| results. No other index was used in our im- rithms. TheFs; values closely track the actual running times, indi-
plementation. We used 32 bit integers for all the columns, with cating that the observed relative performance is not specific to our

appropriate hashing wherever necessary. implementation. In all our experiments, the setting of parameters
) for PARTENUM and LSH for optimizingF> was identical to the
Experiments on real data sets setting of parameters for optimizing the actual running time. This

We performed experiments on two real data sets: the first is a pro- SUggests that we can use well-known techniquegfoestimation
prietary address data set and the second is the publicly availablefor automatically determining the optimal setting of parameters for
DBLP data set. The address data set contains 1 million strings, PARTENUM and LSH.

each a concatenation of an organization name and address (streer___ . .

city, zip, state). The DBLP data set contains around 0.5 million Xperiments on synthetlc data sets

strings, each a concatenation of authors and title of a publication. We performed a variety of experiments using synthetic data, and
To generate sets, we tokenized the strings based on white spaceve report a representative one here. As part of this experiment, we
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Figure 12: Total jaccard SSJoin computation time for address daa
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Figure 13: Jaccard SSJoinF; size for address data
generated synthetic data comprising of sets with the same size. This | Input Size| Optimal (n1, n2)| Num. of signatures/set
means that we no longer require the size-based filtering of Section 5 10K (9,3) 13
for PARTENUM, and therefore this experiment serves to better il- 50K (6,3) 16
lustrate the scalability of different algorithms without the effects 100K (4,4) 22
of partitioning. Further, note thatARTENUM cannot get any fil- 500K (4,4) 22
tering effectiveness from the varying set sizes, and so does not get 1M (3,5) 30

any “unfair” advantage over LSH. We generated input sets Sith

elements each; the elements of each set were drawn uniformly atTable 1: Optimal PARTENUM parameters vs. input size. Simi-
random from a domain of size 10000 elements. We added a few larity threshold: 0.8

additional sets highly similar to existing ones to generate valid out- \ye do not plot the performance of prefix filter, in order to more
put. Our data generation is similar to the one used in [8]. Again, accurately bring out the contrast between LSH andENUM.

we measured the performance @ ENUM, LSH, and prefix fil- The main reason for the near-linear scalability aRPENUM is
ter for varying input sizes (50K, 100K, 500K, 1M), and for varying  the availability of control parameter; andns. For afixed set-
similarity. ting of parameters, ARTENUM has quadratic scaling: increasing

Overall the results for this data were qualitatively similar to the input size causes a quadratic increase in the number of signature
results for real data presented above. LSH is now slightly faster cqjlisions. However, we are able to avoid the quadratic increase
than RRTENUM (1.5x for 0.9 similarity and 5x for 0.8 similarity). by moving to a different setting of parameters that generates more
We present some results from this experiment in a slightly different signatures per input set, and therefore has better filtering effective-
format to highlight aspects not illustrated in the earlier experiment. ness. Taple 1 illustrates this argument: It shows the optimal setting
Figures 14(a) and (b) present the measure (y-axis) for the three  of (55, n,) for varying input sizes of our synthetic data (for 0.80
algorlthms for S_SJoms W|_tﬂ.9 and0.8 S|m|Iar|ty_, respec_tnve'_% for similarity threshold). In general, we can increase the number of
varying input sizes (x-axis). Both axes are in logarithmic scale, sjgnatures and improve filtering effectiveness by reducingpr
meaning that the% vs. input size plot for a perfectly scaling al- jncreasing(n, — k) or both. Figure 15 illustrates the tradeoff
gorithm would be a straightline with slope 1 (parallel to the dotted petween the number of signatures and filtering effectiveness: for
line in the figures). Figures 14(a) and (b) sr_]ow that this is indeed varying values of;, keeping(nz — k2) constant, we plot the total
the case for RRTENUM and LSH. Thef?: vs. input size slope for - nymper of signatures corresponding to all input sets and total num-

prefix filter is almost2, illustrating that it scales nearly quadrati-  per of signature collisions, which is essentially minus the total
cally with input size. Finally, Figure 14(c) plots thi&; measure number of signatures.

(y-axis) of RRTENUM and LSH for varying similarity thresholds.
We use LSH with two different accuracy settings95 and0.99.
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8.2 Edit Distance

As we mentioned in Section 1, one of the main uses of SSJoin is

as a primitive for string similarity joins. In this section, we report

on our experiments on string similarity joins using edit distance,
which is one of the most common distance functions for strings.

We provide brief background on string similarity joins, and then

describe our implementation, before presenting our experimental

results.

Background

The basic idea behind using SSJoins for string similarity joins is the
observation that if two strings have small edit distance, then their

a smaller domain; as we indicated earlier, previous exact algo-
rithms [6, 14] perform poorly with smaller element domains, since
their signatures are drawn from the domain of elements. Interest-
ingly, small element domains is not a problem faRPENUM, SO
settingn = 1 gives the best performance, especially for relatively
small strings.

Implementation

Figure 16 shows our implementation for string similarity joins. We
start off with an input relatiorst ri ng(i d, str) containing in-

put strings and their identifiers. In the first step, we scan this rela-
tion, and for each input string, we generate thegrams on-the-

fly, generate signatures for thegram bags using an appropriate
signature scheme, and finally write the signatures into a new rela-
tion Si gnature (i d, si gn). All these steps are performed in
application-level code; note in particular that we do not explicitly
materialize thex-gram bags. Next, we generate the candidate pairs
in a relationCandPai r (i d1, i d2) exactly as we did for jac-
card SSJoins. Finally, we retrieve the strings corresponding to the
identifiers in each candidate pair by joining with the input relation
String(id,str),and foreach such pair of strings we check if
their edit distance is smaller than the join threshold. We perform the
edit distance checking in application code. Note that we do not per-
form the SSJoin postfiltering step (Step 4 of Figure 2), i.e., check if
the hamming distance of n-gram sets of two candidate pairs is less
thannk, since, as mentioned earlier, this step does not remove all
false positives from the string similarity join point of view. This
step would have reduced the number string pairs for which we have
to compute edit distance, but our experiments indicated that it did
not improve overall performance.

Experiments

n-gram sets are similar. Specifically, if the edit distance between We use the same address data we used for jaccard SSJoins, but now
stringss, ands: is < k, then we can show that the hamming dis-
tance of their n-gram sets nk. Therefore, in order to compute
a string similarity join with edit threshol#, we first generate:-
gram sets (bags) for each string, and then compute an SSJoin withmap naturally for edit distances, so we do not include it in our ex-
hamming threshold k. The output of the SSJoin can contain false periments. For RRTENUM, we usen = 1, and for prefix filter we
positives, since the n-gram sets of two strings can have a hammingmanually picked the optimal value af (which was4—6 depend-
distance< nk, even if the edit distance of the stringsisk. These
false positives are removed using a postprocessing step.

One interesting issue is the choicergfthe n-gram value. In-
creasing the value of, results in a weaker SSJoin threshold;,
making the SSJoin harder. On the other hand, a smaller valug of
means that the elements of the SSJoin input sets are drawn fromThe F> measures also closely mirrored the total computation time;

we do not tokenize the strings into sets. The average length of a
string is58. We compared the performance ofF¥ENUM and
prefix filter for small edit distancel £3) thresholds. LSH does not

ing on the edit threshold). Figure 18 shows the total computation
time (y-axis) for string similarity joins with the two approaches for
varying input sizes and varying edit thresholds. Again, the overall
nature of the results is qualitatively similar to the results of jaccard
SSJoins. Note that the y-axis for Figure 18 is “cut” at two points.



String (id, str) CandPair (id1, id2) memory, comparable to the input data size. The other work [6] in

this category is more closely related to this paper. This paper pro-
poses prefix filtering (some ideas of prefix filtering are also present
Signature (id, sign) Output (id1, id2) in the algorithms of [22]), and also studies the alternate implemen-
tation strategy that uses the processing capabilities of a DBMS for
Figure 16: String similarity join implementation most of SSJoin computation.

SSJoins are closely related to set-containment joins, which has
been the subject of several previous work [17, 18, 20]. Partial set-
containment joins, a generalization, is covered by [6]. Support-

CandPair (id1, id2):
Select Distinct S1.id as id1, S2.id as id2

From Signature as S1, Signature as S2 ing general string similarity joins within a DBMS has been studied
Where S1.Sign = S2.Sign in [14]. Interestingly, their implementation also uses existing oper-
ators within a DBMS for most of the join computation, just like the
Output (i1, id2): implementation that we studied in this paper.

Select C.id1, C.id2 L L
From CandPair as C, Strings as S1, Strings as S2 General similarity joins are closely related to proximity search,

Where C.id1 = S1.id and C.id2 = S2.id and where the goal is to retrieve, giveri@kupobject (set or vector),
EDIT(S1.Str, S2.Strk k the closest object from a given collection; the challenge is to index
the collection so that the lookup can be efficient. In fact, LSH was
proposed originally for proximity search [13]. We have not yet
Figure 17: String similarity join: Queries explorhed if our signature schemes would be applicable to proximity
search.

we do not show them due to space constraints.

8.3 Weighted Jaccard Similarity 10. CONCLUSIONS

Our final set of experiments is on weighted jaccard SSJoins with  In this paper, we presented new algorithms for computing exact
IDF-based weights. We use the same address data as previous exet-similarity joins. Some of our algorithms have precise theoret-
periments, tokenized as in the case of jaccard SSJoins. The im-ical guarantees and they are the first algorithms for set-similarity
plementation details are almost identical to those for unweighted joins with this property. Our experiments indicate that our algo-
jaccard, with minor variations for handle weights. We measured rithms outperform previous exact algorithms by more than an or-
the performance of WENUM, prefix filter, and LSH (0.95). Fig- der of magnitude in many cases. Also, they have excellent scaling
ure 19 shows the total computation time (y-axis) for these algo- properties with respect input size, which previous exact algorithms
rithms for varying input sizes and SSJoin thresholds. We highlight lack. The performance of our algorithm is comparable to that of
only the important qualitative differences from unweighted experi- |SH-based approximate algorithms for many scenarios, especially
ments. The performance of YENUM is actually significantly bet- the data cleaning ones we are most interested in, and in many cases
ter than LSH for this data set. This is primarily becauseBAuUM they even outperform LSH-based algorithms. Finally, our algo-
exploits the frequency information in the IDFs, while LSH does rithms can be implemented on top of a regular DBMS with very
not. Also, the performance of WENUM does not fall steeply when little coding effort.

SSJoin thresholds are lowered, as in the caseaneffENUM. The
overall scalability characteristics and relative performance of the
algorithms is similar to the unweighted case (WitkRPENUM re- 11. REFERENCES
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