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Abstract

Many machine learning tasks require similarity functiohattestimate likeness between observa-
tions. Similarity computations are particularly importdor clustering and record linkage algorithms
that depend on accurate estimates of the distance betwtgodds. However, standard measures such
as string edit distance and Euclidean distance often fadjpture an appropriate notion of similarity for a
particular domain or dataset. This problem can be alledibyeemployingearnablesimilarity functions
that adapt using training data. In this proposal, we intogdwo adaptive string similarity measures: (1)
Learnable Edit Distance with Affine Gaps, and (2) Learnalgetdf-Space Similarity Based on Pairwise
Classification. These similarity functions can be trainethg a corpus of labeled pairs of equivalent
and non-equivalent strings. We illustrate the accuracyavgments obtained with these measures using
MARLIN, our system for record linkage in databases thatriedo combine adaptive and static string
similarity functions in a two-level learning framework.

Obtaining useful training examples for learnable simijafunctions can be problematic due to
scarcity of informative similar and dissimilar object mairWe propose two strategies, Static-Active
Selection and Weakly-Labeled Selection, that facilitdfieient training data collection for record link-
age. Additionally, we describe a method for combining segdiith Euclidean distance learning for
semi-supervised-means clustering. Experimental evaluation demonstiéi@sour method outper-
forms unsupervised clustering and semi-supervised clogtéhat employs seeding or metric learning
separately.

In future research, we intend to pursue several directioleveloping accurate learnable similarity
functions and applying them to record linkage and clustgproblems. This work will involve improv-
ing the proposed string similarity functions as well asadtrcing several novel approaches to adaptive
string distance computation. We also plan to extend ouialnitork on learnable similarity functions
for clustering, particularly for high-dimensional datandlly, we will investigate the utility of various
active learning strategies for learning similarity fuocts, as well as extend the preliminary work on
static-active selection of training pairs.
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1 Introduction

Many problems in machine learning and data mining depend on distance estimiatesio observations.
Consequently, a large number of functions that estimate similarity betweensbh@e been developed for
different data types, varying greatly in their expressiveness, mathaiatiperties, and assumptions.

However, the notion of similarity can differ depending on the particular dondaitaset, or task at hand.
Similarity between certain features may be highly indicative of overall objedlasity, while other features
may be unimportant. A number of similarity functions have been proposeddhdiine similarity between
individual features in various ways (Tversky, 1977; Gusfield, 1®¥kter, 1997; Baeza-Yates & Ribeiro-
Neto, 1999). Additionally, there exists a substantial body of researdeatare space transformations that
attempt to provide a more salient representation of data than the originakfegtce, e.g. Principal Com-
ponent Analysis (PCA) and Independent Component Analysis (ICAhodks (Jolliffe, 1986; Hyarinen &
Oja, 2000).

All of these techniques make certain assumptions about the optimal reatésenf data and its influ-
ence on computing similarity which may or may not be applicable for specificetatasd tasks. Therefore,
it is desirable tdearn similarity functions from training data to capture the correct notion of distémice
a particular task at hand in a given domain. Recently, several apmoaelve been suggested for training
such functions that usgairwise constraintsn the form of pairs of datapoints labeled as similar or dis-
similar (alternatively, pairs can be composed of points that are equivalatistinct) (Ristad & Yianilos,
1998; Phillips, 1999; Cohen & Richman, 2002; Xing, Ng, Jordan, & BlWs3003). These approaches have
shown improvements over traditional similarity functions for different dat@s$ygpuch as vectors in Eu-
clidean space, strings, and database records composed of multipleltesxt\ithile these initial results are
encouraging, there still remains a large number of similarity functions thatLerently unable to adapt to
a particular domain. In our work, we attempt to bridge this gap by develomitigriew learnable similarity
functions and methods for their application to particular problems in machinangeand data mining.

We begin by introducing two learnable similarity functions for strings. The &ire is based on a
probabilistic model of edit distance with affine gaps (Gotoh, 1982), a widedy character-based metric.
The second one is a vector-space similarity function that utilizes a SupparwinMachine (SVM) classi-
fier (Vapnik, 1998) to discriminate between similar and dissimilar string pairsopl®sed to theistatic
analogs, these similarity functiomaslaptto a particular domain using training examples and produce more
accurate similarity estimates as a result.

We apply these functions to thecord linkageproblem, which is the task of identifying semantically
equivalent database records that are syntactically different (NelvepKennedy, Axford, & James, 1959).
Record linkage is one of the key problems for data cleaning since peeséuonidentified duplicate records
violates data integrity principles. Information integration from multiple sourtszsralies on record linkage
methods because information describing the same entity must be linked amnossss Record linkage
algorithms fundamentally depend on string similarity functions for discriminatingdmsvequivalent and
non-equivalent record fields, as well as on record similarity function€®émbining similarity estimates
from individual string fields. We use record linkage as a testbed fduatrag learnable string metrics: our
system, MARLIN (Multiply Adaptive Record Linkage using INduction), learns to combine @ibla string
metrics in a two-layer framework for identifying duplicate database red@&itknko & Mooney, 2003a). In
initial evaluation on several real-world datasets we show that learnableriyrfilenctions both at the string
level and at the record level lead to higher record linkage accuranysthtic approaches.

For any supervised learning task, the learning process can be facibigtéficantly by intelligent se-
lection of informative training examples from a pool of unlabeled data, anoh@ber of such active learning



methods have been proposed (Lewis & Catlett, 1994; Tong, 2001; MUXe2). Because training data
for learnable similarity functions is composed of object pairs, selecting mgfaihitnaining examples can
be problematic since very few randomly selected object pairs are infoerfatilearning similarity func-
tions, while traditional active learning methods tend to be computationally experigased on our initial
experiments with MRLIN, we propose two strategies for selectively collecting training data: stafieac
sampling and weakly-labeled selection. Experimental evaluation showsdimat static-active selection
leads to improvements over random selection of training data for similarity funktarning without the
computational cost of traditional active learning methods. Weakly-labeledtion, on other hand, allows
unsupervised collection of negative training examples, reducing thebwfllabeling data for the user
(Bilenko & Mooney, 2003b).

Another important application that can benefit from using learnable similamtgtions is clustering.
While traditionally clustering is an unsupervised learning problem, recentip thes been increasing at-
tention to semi-supervised clustering, where some supervision is providéddio better grouping of data
(Cohn, Caruana, & McCallum, 2000; Wagstaff, Cardie, Rogers, & @i, 2001; Basu, Banerjee, &
Mooney, 2002; Xing et al., 2003). We present MPC-EMS, a method that combines cluster initial-
ization via seeding with learning Euclidean distance for semi-superyisadans clustering. Our results
show that using both similarity metric learning and seeding leads to improvemertbath unsupervised
clustering and the individual methods in separation (Basu, Bilenko, & lpd003b).

In future work, we will pursue several directions in developing betteptéide similarity metrics and
applying them to duplicate detection and clustering:

e Extending vector-space string similarity based on pairwise classification bypo@ting advanced
techniques for transforming strings into vector space (Lodhi, Saun8kesve-Taylor, Cristianini, &
Watkins, 2002) and methods for tuning Support Vector Machines for optiotaracy (Valentini &
Dietterich, 2003);

¢ Incorporatingmacro detection and learninigto learnable string edit distance with affine gaps;

e Designing a model for edit distance based aamditional random field§Lafferty, McCallum, &
Pereira, 2001), an undirected graphical model that has been shdvennwre effective than tradi-
tional probabilistic frameworks such as hidden Markov models;

e Developing string distance functions that leaemanticstring similarity using generic external sources
such as large text corpora and the World Wide Web;

e Constructing and evaluating learnable similarity functions for high-dimenbkimictor-space data that
would lead to improved semi-supervised clustering algorithms;

e Applying active learning methods to similarity function training to minimize the amourdtmled
data required for adaptation.

We hope that pursuing these research topics will lead to developing a nofribarnable similarity func-
tions that can be used in such applications as duplicate detection and ctusterin

The remainder of this proposal is organized as follows. Section 2 intredigseral popular similarity
functions for strings and Euclidean space vectors, as well as pride ounsupervised and supervised
learning of similarity functions. Duplicate detection and clustering problemalacedescribed in this sec-
tion. Section 3 presents two new learnable string similarity functions, andildes®aRLIN, our duplicate
detection system, as well as MPC-KMNs, our method for semi-superviséddmeans clustering. We
discuss proposed directions for future work in Section 4.
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2 Background and Related Work

Because many supervised and unsupervised learning algorithms regfiinating similarity between ob-
jects, a number of distance functions for various object description types been developed. In this
section, we provide a brief overview of most important distance functiongekt and vector-space data,
and describe prior work on algorithms for adapting these functions to plartidomains. We also provide
background on two important problems, record linkage and clustering, afgmzithms for which rely on
similarity estimates between observations. We believe that these two proble st greatly from em-
ploying learnable distance functions, and we will use them for evaluatingaaptive methods. Finally, we
introduce active learning methods that select informative training examplesa pool of unlabeled data.

Let us briefly describe the notation that we will use in the rest of this padpdstrings are denoted
by lower-case italic letters such asandt; brackets are used for string characters and subsequesiées:
stands fori-th character of string, while s[i:j] represents the contiguous subsequencefiam i-th to j-th
character. We use lowercase bold letters suchasdy for vectors, and uppercase bold letters for matrices
such a2 andU. Sets are denoted by script uppercase letters suStaas) .

2.1 String Similarity Functions

Techniques for calculating similarity between strings can be roughly deplamsto two broad groups:
sequence-based functions and token-based functions. Seduesexfunctions model string similarity
by viewing strings as contiguous sequences that differ at the level nfidndl characters. Token-based
functions, on other hand, do not view strings as contiguous sequbuatas unordered sets of tokens. Be-
low we describe most commonly used string similarity measures from both of thesies as well as
several hybrid distance functions; see (Gusfield, 1997) and (C&taikumar, & Fienberg, 2003) for more
discussion of string distance measures.

2.1.1 Sequence-based String Similarity Functions

String Edit Distance. The most well-known sequence-based string similarity measure is stringigdit d
tance, also known in its simplest form as Levenshtein distance. It defisiance between two strings as
the minimum number of character insertions, deletions or substitutions requitr@shsform one string into
another (Levenshtein, 1966). For example, consider calculating désteteeen strings = “12 8 Street”
andt = “12 8th Str”. The minimum sequence of edit operations that transforfimso ¢ consists of the
following five operations, implying that Levenshtein distance betweamndt is 5:

1. Insert‘t” : “12 8 Street”—"12 8t Street”
2. Insert‘h” : “12 8t Street"—"12 8th Street”
3. Substitute'e” with “” : “12 8th Street"—"12 8th Str.et’
4. Delete'e” : "12 8th Str.et"—"12 8th Str.t”
5. Delete't” : "12 8th Str.t"—"12 8th Str”

Needleman and Wunsch (1970) described a general dynamic programmaihgd for computing edit
distance using individual edit operations costs. The algorithm computefstiaace inO(|s||t|) computa-
tional time by recursively calculating distan€gs[1 : i], t[1 : j]) between prefixes of lengthand;;:

D(s[1:i—1], t[1:j —1]) + c(s]i], t[5])
D(s[1:],t[1:5]) = min  D(s[1:i—1],¢[1:5]) + c(s[i], €)
D(s[1:],t[1:5 —1]) + (e, t[4])
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wherec(s[i], t[j]) is the cost of substitutingth character of with j-th character of (which is usually set to

0 or a negative value if the characters are equivalent); wtilg|, ¢) andc(e, t[4]) are the costs of deleting

th character of and insertingi-th character of respectively. The recursive computation/ofs[1:i], ¢[1:5])
corresponds to a matrix of prefix matching costs as well as tignmentof characters of andt. Figure

1 below illustrates théd matrix and the optimal alignment for the above example assuming unit costs for
all insertions, deletions, and substitutions, and zero cost for exact imgtch

1 2 _ 8t h _ St r .

0O 1 2 3 4 5 6 7 8 9 10 11
1{1 0 1 2 3 4 5 6 7 8 9 10
212 1 01 2 3 45 6 7 8 9
~1/3 2 101 2 3 45 6 7 8
8/4 3 2 10 1 2 3 4 5 6 7
/5 4 3 2 1 1 22 3 45 6
Ss|6 5 4 3 2 2 2 32 3 4 5
t|7 6 5 4 3 2 3 3 32 3 4
r 8 7 6 5 4 3 3 4 4 32 3
e|l9 8 7 6 5 4 4 4 5 4 3 3
e|10 9 8 7 6 5 5 5 5 5 4 4
t|11 10 9 8 7 6 6 6 6 5 5

(@)
1 2 _8 v vy _ S tr e e t
1 2 8 ¢t h _ S tr . A A

(b)

Figure 1: (a) Dynamic programming computation of Levenshtein distance éetstengs‘12 8 Street”
and“12 8th Str”. (b) Optimal alignment of the strings, corresponding to the sequencetabmatations
that can be traced by following the matrix elements shown in bold font above.

Two extensions to string edit distance have been suggested that lead tufiaasigly more flexible
distance function. First, Smith and Waterman (1981) proposed modifyindpthe&omputation to discard
mismatching regions of two strings and only compute similarity of matching regi@tand, Gotoh (1982)
suggested penalizing gaps, or contiguous inserted or deleted regsomg adinear modelcost(s[i:j]) =
oc(sli], €) + 03 k1. ; c(s[k], €), wheres]i:j] is the contiguous substring efthat is aligned to a gap;
is the cost of starting a gap adds the per-character cost of extending a gapc(o). Since similar strings
often differ due to abbreviations or whole-word insertions and deletthissmodel typically produces more
robust similarity estimates than Levenshtein distance. The resulting metric, distagce with affine gaps
Dqgy(s,t), can be computed using a dynamic programming algorithm that constructarthteees based
on the following recurrences i@(|s||t|) computational time:

M (s[Li— 1], t[L:j —1]) + c(s[i], t[j])
M (s[1:],t[1:j]) = min ¢ I(s[1l:i—1],¢[1:5—1]) + c(s[d], t[5])
D(s[1i— 1], 11— 1) + e(slil 7]
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M(s[ld—1],t[1:5]) + o + c(s][i], €)

. : : 1)
D(s[li—1],t[1:]) + 6 + c(s]i], €)

D(s[1:],t[1:j]) = min {

M (s[1:],t[1:j—1]) + o + (e, t[j])
I(s[1:],t[1:j—1]) + o + c(e, t[4]

Dgg(s,t) =min(I(s,t), D(s,t), M(s,t))

I(s[1:],t[1:j]) = min {

In this recurrent computation, each matrix elem&fis|:], ¢[j]) contains the distance between prefixes
s[1:i] andt[1:5] for the minimum-cost alignment that ends with the last two characters of thegsgfji]
andt[j], being matched. Matrix elemenigs|i], t[j]) and D(s[i], t[j]) give the distances between prefix
alignments that end in insertion and deletion gaps respectively. Costs afpddtionsc(si], t[j]) are
defined as for Levenshtein distance above. The final distance betlhwstrings is the minimum of three
alignments:M (s, t) matching the last characters of the two strinBgs, t) matching the last character of
the first string with a gap in the second string, &, ¢) matching the last character of the second string
with a gap in the first string.

String edit distance with affine gaps is widely used in practice in a varietyicagpions ranging from
biological sequence analysis (Durbin, Eddy, Krogh, & Mitchison, 3968&luplicate detection (Monge &
Elkan, 1997). It is particularly useful for comparing short and mediungdle strings in domains where
corruptions at the level of individual characters are common.

Jaro-Winkler String Similarity.  Researchers working on the problem of identifying matching names in
census records have created several efficient string similarity fuscsioecialized for the matching task.
Jaro (1989) proposed a metric that is less sensitive to character tsitispo Given strings andt, char-
acters[i] is defined to beommorto s andt if there exists[j] = si] such that — H < j < i+ H, where
H = min(|s],|t|). Given sequences of common charactémsf s and¢’ of ¢, thenumber of transpositions
T(s',t') betweens andt is defined as one-half of the number of characters iand¢’ that do not match
(s'[i] # t'[i]). Then, the Jaro metric can be computed as:
/ / / )
Sim.]aro(syt> = wlM + UJQM + MTM
s I |s'|

where weightsu,, ws, andw.- are typically set tc%. Several enhancements to the Jaro metric have been

shown to increase its accuracy (Winkler, 1994), most important onehichvare:

e Counting disagreeing but similar characters (e'@)” and“l” ) as contributing weight 0.3 to the
number of common charactef¥s, ¢);

e Increasing similarity value proportionally to exact agreement in string mefWinkler, 1990).
The resulting similarity function, known as Jaro-Winkler similarity, is computed as

max(P(s,t),4)

SimJW(s,t) = SimJaro(s,t) + 10

(1 - Sim]aro(sa t)) (2)
whereP(s, t) is the length of the longest common prefixsodndt.

The Jaro-Winkler metric is widely used for matching census records (Wjrld84), and has also been
shown to be competitive with edit distance for the task of matching equivaé¢abdse records composed
of short strings (Cohen et al., 2003).



2.1.2 Token-based String Similarity Functions

While sequence-based string similarity functions work well for estimating disthetween shorter strings
that differ largely at character level, they become too computationally ekgeand less accurate for larger
strings. For example, when differences between equivalent striaghiarto insertions, deletions and trans-
positions of multiple words, sequence-based similarity functions assign bggliccnon-aligned string seg-
ments, resulting in low similarity scores for strings that share many common wéidghe same time,
computing string edit distance becomes computationally prohibitive for latgags such as text docu-
ments on the Web since the computational complexity is quadratic in averagessteng

The vector-space model of text avoids these problems by viewing strintisags of tokens” and dis-
regarding the order in which the tokens occur in the strings (Salton & Mc@B83). Jaccard similarity
can then be used as the simplest method for computing likeness as the propbttikens shared by both
strings. If stringss andt are represented by sets of tokehand7’, Jaccard similarity is:
ISNT]|
SUT| ®)

The primary problem with Jaccard similarity is that it does not take into ac¢bantlative importance
of different tokens. Tokens that occur frequently in a given strirmukhhave higher contribution to sim-
ilarity than those that occur few times, as should those tokens that aremareyahe set of strings under
consideration. The Term Frequency-Inverse Document Freg&Re\DF) weighting scheme achieves this
by associating a weight,, ; = maxj\_fe(ji]’jg%s) log N( 3 with every tokery; from strings, whereN (v;, s)
is the number of times; occurred ins (term frequency)/NV is the number of strings in the overall corpus
under consideration, an¥l (v;) is the number of strings in the corpus that inclugédocument frequency).

Given a corpus of strings that yields the 3&bf distinct tokens after tokenization, a stringcan be
represented as|&|-dimensional vector of weights,, s, every non-zero component of which corresponds
to a token present in. TF-IDF cosine similarity between two strings is defined as the cosine of tHe ang
between their vector representations:

SimJaccard =

Zv 2% W ,s Wyt

\/ZSLES \/ZtleT tit

With the help of appropriate hashing data structures, TF-IDF cosine similsigtymputationally effi-
cient due to high sparsity of most vectors, and provides a reasonéiteefhelf metric for long strings and
text documents. Tokenization is typically performed by treating each indilidard of certain minimum
length as a separate token, usually excluding a fixed set of functidwaWierds” and optionally stemming
tokens to their roots (Baeza-Yates & Ribeiro-Neto, 1999). An alternadikenization scheme is known as
n-grams: it relies on using all overlapping contiguous subsequencesgthle as tokens.

Simrp_1pr(s,t)

(4)

2.1.3 Hybrid String Similarity Functions

Recently, several hybrid string similarity functions were introduced thatioe sequence-based and token-
based methods. Monge and Elkan (1996) proposed a distance fundioapthlies some “secondary”
sequence-based similarity functighim’(s,t) for each combination of tokens from the two strings and
takes the average of maximum values for each token . Given two striagdt and their token setS and

7T, similarity betweers andt is defined as:

Simye(s,t) = ma;c Sim/(si,t;) (5)

1
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Another hybrid string similarity function, “soft” TF-IDF similarity, was progaasby Cohen et al. (2003).
They also employ a “secondary” sequence-based similarity fungtiori(s, ¢) to identify tokens in the two
strings that are sufficiently similar according$om’, and then incorporate similarity between these tokens
into the computation of TF-IDF vector-space similarity:

Simsopirripr(s,t) = Z wys - N(v,t) - Sim/(w, ) (6)
vECLOSE(6,s,t)

whereCLOSE(0, s,t) is the set of tokens from string s for which there exists some tokenin string¢
such thatSim/’(v,v") > 6, andN (v,t) = max,¢; Sim/(v,v"). Cohen et al. (2003) have shown that this
hybrid metric that uses the Jaro-Winkler metfitm j,y as the “secondary” similarity function frequently
outperforms traditional sequence-based and token-based metricstaakiog matching equivalent strings,
thus combining the strengths of these two families of similarity functions.

2.2 \ector-space Similarity Functions

In Euclidean space, the Minkowski family of metrics, also known adfheorms, includes most commonly
used similarity measures for objects described{nymensional vectors:

d 1/k
Luxy) = (Y los - il ™
=1

The L, norm, commonly known as Euclidean distance, is frequently used for lowrdimal vector
data. Its popularity is due to a number of factors:

e Intuitive simplicity: the L, norm corresponds to straight-line distance between points in Euclidean
space;

¢ Invariance to rotation or translation in feature space;

e Mathematical metric properties: non-negativily,(x,y) > 0)), reflexivity (Lo (x,y) = 0iff x = y),
symmetry {2(x,y) = La(y, x)), and triangle inequalitylia(x, y) + La(y, z) > La(x, z)).

Despite these attractive characteristics, Euclidean distance as well asviitikewski metrics suffer
from thecurse of dimensionalitwhen they are applied to high-dimensional data (Friedman, 1997). As the
dimensionality of the Euclidean space increases, sparsity of observatgraases exponentially with the
number of dimensions, which leads to observations becoming equidistaniris ¢érEuclidean distance.
Cosine similarity, or normalized dot product, has been widely used as anaditersimilarity function for
high-dimensional data (Duda, Hart, & Stork, 2001):

T d
Simeas(3,y) = o = sl T ®

NSRRI T
i= 7 =17

If applied to normalized vectors, cosine similarity obeys metric properties;riargé however, it is not
a metric in the mathematical sense, and it is not invariant to translations andtiemesformations.




2.3 Methods for Unsupervised Learning of Similarity Functions

Given a set of observations, it may be possible to obtain insights abotiveelmportance of different
features by observing statistical properties of the dataset. There exigtalzer of techniques that modify
either the distance function computation or the data representation to providemaaningful measures of
similarity. The TF-IDF weighting scheme described above can be viewetkesuch method for string sim-
ilarity since it takes statistical properties of the entire dataset into accouert pdrforming computations.
Below we describe some of the many such methods for data in Euclidean space

2.3.1 Mahalanobis distance

Given a set of observation vectdfs, ..., x,, }, it is possible to scale the computation of Euclidean distance
according to the variance of observation components in each dimensioareggviahalanobis distance is
defined as:

Diran(xi,%5) = (% — %) 87 (xi — x;) ©)

whereX 1 is the inverse of the covariance matBx= - > | (x; — p)(x; — )T, andp = 1 37 | x;
is the data mean.

Essentially, Mahalanobis distance attempts to give each dimension equat whigth computing dis-
tance by scaling its contribution proportionally to variance, while taking intoaatco-variances between
the dimensions.

2.3.2 Space transformation methods

Although Mahalanobis distance “evens out” the contributions of diffedlénensions to similarity compar-
isons, it is possible that certain features are redundant and nomiive, while others do not capture
the variance in the dataset. In such cases projecting the data onto somelilmeesional subspace may
lead to a better representation in which distance computations using traditionatigimilactions can be
performed.

Principal component analysis (PCA). Principal component analysis, also known as the Karhunéw.o
transform, finds a lower-dimensional subspace that can embed thetjonmojet data that is optimal in
the linear least-squares sense (Jolliffe, 1986). PCA is performed mputing the covariance matrix
for a dataset, and obtaining its eigenvalues and eigenvectors. The esitmavwith largest eigenvalues
correspond to orthogonal directions of highest variance in data. Byifig a matrixA of eigenvectors
corresponding to the largest eigenvalues, the original data can betprbjato the subspace formed by
directions of largest varianced = AT (x — p).

Independent Component Analysis. Independent component analysis is a recently developed technique
for finding the statistically independent components of a vector of obdeigaals (Comon, 1994). Given a
d-dimensional vectok, ICA tries to find a full-rankd x r matrix A and an--dimensional vectog such that

x = As where components of are statistically independent. Intuitively, ICA can be understood through
its relation to the blind source separation problem: each independent comiganebe viewed as a source

of data with a separate set of parameters. A number of ICA algorithms ea&stsl lon various techniques
including fixed-point iteration and maximum likelihood; see (Hymen & Oja, 2000) for an overview.
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Non-negative Matrix Factorization (NMF). Non-negative matrix factorization is distinguished from
other feature space reduction techniques by its use of non-negativigtramts (Lee & Seung, 1997).
These constraints lead to a parts-based representation because thenblladditive combinations, which
is compatible with the intuitive notion of combining parts to form a whole. The NM¥of@zation is usually
found using iterative algorithms based on several proposed objegtigédns, see (Lee & Seung, 1997) for
details. NMF has been shown to be successful in learning parts ofdadesemantic features of text (Lee &
Seung, 1999). However, good approximation can only be achievedbgstie vectors discover structure that
is latent in the data. For example, when using NMF to analyze face imagesdisesbctors would contain
non-global information about different facial parts. The data veatarsbe reconstructed by combining
these different parts. Because both the basis and encodings ardlyygiease, NMF creates a sparsely
distributed encoding of the original data, in contrast to the fully distributedd@d PCA encodings.

2.4 Methods for Supervised Learning of Similarity Functions

While statistical properties of a collection of observations can be used twegértain features that are sta-
tistically salient, representation obtained by the unsupervised methodgedédsalbove may not be optimal
with respect to the actual user task such as record linkage or clustéimgexample, irrelevant features
may have the highest variance, and methods such as PCA would resulpreaentation in which these
features are most salient, while more important features with lower variaeacmeer-expressed.

If user supervision in the form of observation pairs that are labeletrassor dissimilar is available,
it is desirable to adapt similarity functions using such feedback directly. wBele describe several such
methods for supervised similarity function learning.

2.4.1 Learnable String Edit Distance

Ristad and Yianilos (1998) proposed learning the parameters of stringlistdihce using a probabilistic
generative model. In their model, a string alignment is equivalent to a segeéoharacter pairs generated
by edit operations emitted by a hidden Markov model with a single non-terntatal £ach edit operation
corresponds to the probability of observing a pair of characters, orgéesnserted/deleted character in
the alignment. Given two strings, the model can be used to compute similarity Ipetfaera as either the
probability of the most likely alignment between the strings (using the Viterbirigtgw), or the overall
probability of generating the string pair over all possible alignments (Ral1i880).

Given a corpus of matched string pairs, the model parameters can bedasimg a variant of the
Expectation-Maximization algorithm. Ristad and Yianilos (1998) demonstrate thewepents obtained
using their method over Levenshtein distance on the task of matching natugabge strings and their
phonetic representation.

2.4.2 Learnable Vector-space Similarity Functions

The problem of adapting similarity computations to a given domain using trainiiaghda been addressed
for Euclidean space data mainly in the context of classification, althoughttgthere has been some work
on learning similarity measures for clustering. Supervised methods folingasimilarity functions have
received particular attention in the context/hearest neighbork(NN) classifiers. Given an unlabeled
observation vectox, these classifiers use the majority votekdfaining points that are neareststdo cat-
egorizex. Because determining which points are nearest directly relies on adgwateputing similarity,

11



several methods have been proposed:fdiN classifiers that allow using flexible similarity metrics which
attempt to identify most meaningful features and give them higher weight.

Hastie and Tibshirani (1996) proposed an algorithm, Discriminative Adapkearest Neighbor (DANN),
that combines:-nearest neighbor with linear discriminant analysis. This technique rati€®mputing a
weighting matrix> = W-1/2(W-12BW~1/2 - eI)W~1/2, whereB and W are between-class and
within-class covariance matrices respectively. For each test gBiig,used to weight the Euclidean dis-
tance metric that identifiels nearest neighbors.

Friedman (1994) and Domeniconi, Peng, and Gunopulos (2001) ded:togthods for learning weights
for Euclidean distance locally for different points in the contexk-afearest neighbor using class posterior
probabilities for data points to compute similarity. In following work, Domenicord &unopulos (2002)
proposed an alternative approach to learning local feature reletgridentifying most discriminant direc-
tions using the margin of a support vector machine.

Phillips (1999) also used support vector machines for implicit learningiofidesity function on the task
of face recognition. By mapping the multi-class classification problem to a lgs-clecision problem in
the difference spacavhere the two classes correspond to same-class vector differfencesk;|x; ~ x;}
and different-class vector differencgs; —x;|x; ~ x;}, the SVM learns to distinguish between informative
and uninformative features when classifying instances in the differgraee.

In unsupervised learning applications such as clustering, no catedpayg Ere available for individual
observations. However, supervision can be obtained in some casesspibct to pairs of observations
in the form of labeled same-cluster and different-cluster pairs. Cohh @0#®0) proposed using gradient
descent for weighting dimensional components of Jensen-Shanregelice in the context of Expectation-
Maximization (EM) clustering. They assume that a user provides supemnirsibe form of must-link and
cannot-link constraints, which are pairs of observations that shouldbegin the same or different clusters
respectively. These pairs are then used to learn weights that resultistaac® function which reduces
distance between same-cluster pairs and maximizes distance betweemtddhester pairs.

Xing et al. (2003) assumed a similar scenario where pairwise supervisisedsto improve the similar-
ity function used for clustering. They utilize weighted Euclidean distaftex,y) = v/(x — y)TA(x — y),
whereA is a positive semi-definite matrix of weights. Pairwise constraints are used¢ospuilarity func-
tion learning as a convex optimization problem that aims to minimize the total distatwedremust-link
pairs while constraining distance between cannot-link pairs to be largeatharbitrary constant. A com-
bination of gradient descent and iterative projections was used to leameiight matrixA which lead to
improvements over using the unlearned Euclidean metric kviteans clustering.

2.5 Record Linkage

The goal of record linkage is to identify database field-values anddec¢bat are semantically identical but
differ syntactically. Algorithms for this task rely heavily on string similarity funosdhat estimate likeness
between record fields and overall records. Since variations in N can arise from typographical
errors, misspellings, abbreviations, as well as integration of multiple dataesyuising string similarity
functions that capture the source of variation is essential for accuréfidation of approximate dupli-
cates.

A large body of work exists on the record linkage problem: after beingdoired in the context of
matching medical records by (Newcombe et al., 1959), it was studied anmdember of names including
merge/purge (Hedmdez & Stolfo, 1995), heterogeneous database integration (Co®@8), hardening
soft databases (Cohen, Kautz, & McAllester, 2000), reference mgt¢McCallum, Nigam, & Ungar,
2000), de-duplication (Sarawagi & Bhamidipaty, 2002), and entity-ndostering and matching (Cohen &
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Richman, 2002). Typically, standard string similarity measures such asistdibce or vector-space cosine
similarity are used to determine whether two values or records are alike letmbg equivalent. In recent
work, Cohen and Richman (2001) and Tejada, Knoblock, and Minto®l(2proposed trainable similarity
functions thatcombinemultiple standard similarity functions. By treating individual field similarities as
record features and training a classifier that distinguishes betweerakntiand non-equivalent records, a
record-level similarity function is obtained. This approach is similar to Philliffs399) approach to face
recognition via the “difference space” described above.

2.6 Clustering

Clustering can be roughly defined as the problem of partitioning a datasedigjoint groups so that ob-
servations belonging to the same cluster are similar, while observations ingdaglifferent clusters are
dissimilar. Traditionally, clustering has been viewed as a form of unsigsehlearning, since no class la-
bels on the data are provided. $ami-supervised clusteringupervision from a user is incorporated in the
form of class labels or pairwise constraints on objects which can be udgediatize clusters, guide the
clustering process, and improve the clustering algorithm parameters (Debgnmett, & Embrechts, 1999;
Cohn et al., 2000; Basu et al., 2002).

Clustering has been widely studied for several decades, and a gresy\of algorithms for clustering
exists (Jain, Murty, & Flynn, 1999). Most popular algorithms include ag@gative clustering (Kaufman
& Rousseeuw, 1990), hard and sbfmeans (Dhillon & Modha, 2001; Basu et al., 2002), and graph-based
methods that include spectral algorithms and partitioning methods (Karypisdakul998; Strehl, 2002).
Similarity functions, however, are central to the clustering problem réggsdf the particular algorithm
used, since all of them explicitly or implicitly utilize similarity computations between nlag®ns and
cluster prototypes or between individual observations. (Strehl, Gl§o8fooney, 2000) have shown that
selecting an appropriate similarity measure for clustering can have sighificgact on clustering results;
therefore, using learnable similarity functions for semi-supervised clogtir a promising research direc-
tion.

In this proposal, we focus on theMeans algorithm which is based on iterative relocation of cluster
centroids to locally minimize the total distance between the data points and theident&iven a set of
data pointst = {x;}¥,,x; € R™, let {u,}_, represent thé cluster centroids, antj be the cluster
assignment of a point;, wherel; € £ andZ = {1,..., K}. The Euclidean K-Means algorithm creates
a K-partitioning {X;}X, of X so that the objective functiop, v [Ixi — p,||? is locally minimized.
Sphericalk-means is a variant of the algorithm that is effective for clustering high-a&eal data by
employing dot product similarity as the similarity metric between vectors on a $gpere (Dhillon &
Modha, 2001).

It can be shown that the K-Means algorithm is essentially an EM algorithrmartare of K Gaussians
under assumptions of identity covariance of the Gaussians, uniforns mfidhe mixture components and
expectation under a particular conditional distribution (Basu et al., 2002). denotes the observed data,
O denotes the current estimate of the parameter values of the mixture of Gausgidel andC denotes
the missing data, then in the E-step the EM algorithm computes the expected f/étheecomplete-data
log-likelihoodlog p(X', £|©) over the conditional distributiop(£| X', ©) (Bilmes, 1997). Maximizing the
complete data log-likelihood under the assumptions specified above caoviae tshbe equivalent to mini-
mizing the K-Means objective function.

'K disjoint subsets oft’, whose union ist’
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2.7 Active Learning

When training examples are selected for a learning task at random, theyersapdptimal in the sense that
they do not lead to a maximally attainable improvement in performahctive learningmethods attempt to
identify those examples that lead to maximal accuracy improvements whentadtiedraining set (Lewis
& Catlett, 1994; Cohn, Ghahramani, & Jordan, 1996; Tong, 2001)inQwach round of active learning,
the example that is estimated to improve performance the most when added taning sat is identified
and labeled. The system is then re-trained on the training set includinguiheadded labeled example.

Three broad classes of active learning methods exist: (1) uncertamiyling techniques (Lewis &
Catlett, 1994) attempt to identify examples for which the learning algorithm isdeatstin in its prediction;
(2) query-by-committee methods (Seung, Opper, & Sompolinsky, 1992)autilcommittee of learners and
use disagreement between committee members as a measure of training exafgrlestiveness; (3)
estimation of error reduction techniques (Lindenbaum, Markovitch, & Rmsd 999; Roy & McCallum,
2001) select examples which, when labeled, lead to greatest reductiomirbg minimizing prediction
variance.

Active learning was shown to be a successful strategy for improvingnpeance using small amounts
of training data on a number of tasks, including classification (Cohn et &6)18lustering (Hofmann &
Buhmann, 1998; Basu, Banerjee, & Mooney, 2003a), and recorddmkSarawagi & Bhamidipaty, 2002;
Tejada, Knoblock, & Minton, 2002).

3 Learnable Similarity Functions

3.1 Motivation

The purpose of every similarity function is to compare its arguments and ratuasiue that measures the
degree to which they are alike. The notion of similarity is domain-specific andtiituspecific: objects
are similar to others only in a certain context (Tversky, 1977). For examplags“D. Ivanov” and“E.
Ivanova” are likely to describe similar individuals (family members) if they correspond toragords of
people residing in a small Texas town. However, if these strings are tatena phone book in a large
Russian city, it is not very likely that the two individuals they describe ammeoted in any way.

We argue that traditional similarity measures for different data types cdralsécally improved if their
parameters arkearnedusing training data taken from the particular domain. Therefore, the tdskebes
is to propose parameterized similarity functions for different data typeslewelop algorithms for learning
the parameter values from data. In this proposal, we are particularly stedran similarity functions for
strings and vectors in Euclidean space, as well as textual records in reldt@éitabases. In the rest of this
section, we describe some preliminary research on adaptive similarity foadtiothese data types.

3.2 Learnable String Similarity Functions
3.2.1 Learnable edit distance with affine gaps

Different edit operations have varying significance in different dosakfor example, a digit substitution
makes a major difference in a street address since it effectively chdahgenouse number, while a sin-
gle letter substitution is semantically insignificant because it is more likely to beeddysa typo or an
abbreviation. Frequency and length of abbreviations in string alignmest gjao varies from domain to
domain. Therefore, adapting edit distance with affine gaps to a particuisaid requires learning the costs
for different edit operations and the gap parameters.
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We propose a stochastic model for the edit distance with affine gaps similag tunth proposed by
Ristad and Yianilos (1998). The affine-gap alignment is modeled by the rhillidekov model shown in
Figure 2 below. The three matrices of the original edit distance with affipe dascribed in Section 2.1.1
correspond to accumulated forward probabilities for an alignment that ienohe of the three statéd,
D, or I. A particular alignment of two strings is generated by this model as a segoétr@aversals along
the edges. Each traversal is accompanied by an emission of a charicteampled from a probability
distribution of the state that is reached via each traversal.

Figure 2: A generative model for edit distance with affine gaps

Given an alphabet of symbal$* = A U {e}, the full set of edit operations & = &, U &; U &;, where
Es = {{(a,b) | a,b € A} is the set of all substitution and matching operations); and&; = {(¢,a) | a €
A} and&; = {(a,¢€) | a € A} are sets of insertion and deletion operations respectively.

The production starts in statd and terminates when the special stgtes reached. Transitionsp and
oy from the matching statd/ to either the deletion statP or the insertion staté correspond to a gap in
the alignment of the strings. A gap ends when the eggéor ;) is traversed back to the matching state.
Remaining in staté/ by taking edge: corresponds to a sequence of substitutions or exact matches, while
remaining in state$ or D is analogous to extending a gap in either the first or the second string.utthe s
of transition probabilities must be normalized in each state for the model to bdetemp

Edit operations emitted in each state correspond to aligned pairs of charaetbstitutionga, b) and
exact matcheéa, a) in state)M ; deletions from the first stringu, €) in stateD; and insertions of characters
from the second string into the first strig a) in statel. Each edit operatioa € £ is assigned a probability
p(e) such thaty " . pe) = 1, > ¢ ple) = 1, and}_ .. p(e) = 1. Edit operations with higher
probabilities produce character pairs that are likely to be aligned in a giwerain, such as substitution
(1, -) for phone numbers, or deletidn ¢) for addresses.

This generative model is similar to one given for amino-acid sequencesuiifDet al., 1998) with
two differences: (1) transition probabilities are distinct for stafesnd I, and (2) every transition has
a probability parameter associated with it, instead of being expressed hobligr transitions that are
outgoing from the same state.

Given two strings,s andt, probabilities of generating the pair of prefixgsl:i|, t[1:j]) and suffixes
(s[i]s|], t[g:[¢|]) can be computed using dynamic programming in standard forward and dat&igorithms
in O(|s|[t|) time (Rabiner, 1989).

Then, given a corpus of equivalent string pairs= {(s,t)}, this model can be trained using a variant
of the Baum-Welch algorithm, shown in Figure 3, which is an Expectation-Maaitoiz procedure for
learning parameters of generative models (Rabiner, 1989). The trginimgdure iterates between two
steps, where in the first step the expected number of occurrencexcfoste transition and edit operation
emission is accumulated for a given pair of strifgst) from the training corpus. This is achieved by
accumulating the posterior probabilities for every possible state transitioaraadcompanying character
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