Composing Structured and Text Databases

Rakesh Agrawal Ariel Fuxman Anitha Kannan Qi Lu John Shafer
Microsoft Corporation {rakesha, arielf, ankannan, gilu, jshafer}@microsoft.com

We postulate a universe of objects in which each object is described by a set of characteristics. Different
objects can have the same or different characteristics, but they differ in at least one characteristic. Thus,
every object can be conceptually thought to have an implicit unique identity, though the object identity is
not manifest. We have two data sources. The first is a collection of structured records, each record containing
representative but partial characteristics of some object. The second contains text documents written in
a natural language, each discussing some aspects of a small number of objects. There is no marking or
structure in the documents that explicitly identifies the objects that the document is about; each text is
simply a sequence of words.

Under this general setting, we present a framework for composing structured information about the
objects with the textual information about them. The framework is centered around the concept of “trait”:
a set of characteristics that can serve as the proxy for the identity of an object. Traits might sound similar to
database keys, but traits are instance-based rather than schema-based. We present techniques for computing
traits, mapping structured records and text documents to traits, and thus joining information about the same
object from two repositories. Our extensive experiments using synthetic data demonstrate the effectiveness
of our approach under a wide range of operating parameters. Experiments using empirical data validate the
results of the synthetic experiments.

1. INTRODUCTION

We live in an era of data abundance. A recent study estimates that the world-wide capacity
to store data grew to 295 exabytes in 2007, 94% of which was in the digital form [Hilbert
and Lopez 2011]. Increasing amount of this data is becoming accessible on-line [Castle et al.
2009]. For instance, the Word Wide Web now contains tens of billions of web pages [Gulli and
Signorini 2005]. A myriad structured repositories are also widely publicly available (see e.g.,
the Wikipedia entry, ‘List_of_online_databases’). It is easy to foresee the usefulness of linking
information found in various data sources. In fact, the recent Linked Open Data initiative
is precisely aimed at providing specifications for linking data objects from disparate data
sources [Bizer et al. 2009].

We consider a particular instance of the problem of automating the task of linking in-
formation from various data sources, but in a widely-applicable setting. Many structured
records and text documents frequently contain information about some specific object. By
object, we simply mean an entity of interest, such as a person, place, product, event, etc.
We assume we have two data sources. The first is a collection of structured records. Each
record contains information about some of the characteristics of some object. A characteris-
tic comprises of a property name and its corresponding value. The record does not explicitly
contain the identity of the object that the record is about. The second contains text docu-
ments written in a natural language, each discussing some aspects of one or a small number
of objects. There is no marking or structure in any of the documents that explicitly identi-
fies the objects that the document is about; each text is simply a sequence of words. Under
this general setting, we present techniques for composing structured information about the
objects with the textual information about them.

This setting is inspired by the reality of how large collections of structured records and
texts are coming into being. Structured database can be arbitrary collection of records ob-
tained from multiple sources. For example, in a product catalog, the product specifications
might have been obtained from multiple data providers [Kannan et al. 2011]. By treating
records simply as sets of pairs of property names and values, we greatly increase the appli-
cability of our techniques. Similarly, texts can be in any number of formats and by using the
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simplest representation for them (sequence of words) and not requiring any categorization
of them according to some taxonomy, we greatly increase the reach of our techniques.

The problem we consider is of large practical significance. The applications include sce-
narios such as:

— A camera manufacturer wants to regularly monitor user attitude towards its products by
joining its structured data with web pages and running sentiment analysis over the joined
web pages.

— A search engine wants to augment its web index with information about objects mentioned
in documents, which can in turn be used at query time. For example, if a user types “sony
55 inch led tv”, the search engine would be able to return pages about the relevant TVs
even if the size of the TVs is not mentioned on the pages. The search engine may also
embellish the snippets of its search results with structured information.

The paper proceeds as follows. We first discuss related work in §2. We then formally define
the problem of composing objects from text and structured databases in §3 and present our
techniques in §4. We present an experimental evaluation of our proposal in §5. We conclude
with a summary and directions for future work in §6.

2. RELATED WORK

The research relevant to composing data from multiple sources can be categorized into
three streams: i) identifying similar structured records, ii) linking text documents, and iii)
matching structured records and text data. The last stream is the one closest to our work.
We discuss it in detail and give highlights of the other two. See [Doan and Halevy 2005;
Halevy et al. 2006] for an overview of research in the broader field of information integration.

The problem of matching structured records has been studied under various topics in-
cluding record linkage [Fellegi and Sunter 1969; Newcombe et al. 1959; Winkler 2006],
entity resolution [Benjelloun et al. 2009], duplicate detection [Elmagarmid et al. 2007], and
merge/purge [Herndndez and Stolfo 1995]. The work of Newcombe [Newcombe et al. 1959]
(later formalized by Fellegi and Sunter in [Fellegi and Sunter 1969]) pioneered the proba-
bilistic approach to matching structured records. The focus of late has been on designing
similarity metrics either at the entire record level [Cohen 1998] or at the attribute level that
are subsequently combined to measure record level match [Bilenko et al. 2003].

The thrust of work under the aegis of linking text documents has been on identifying
mentions of phrases representing concepts (named entities) in one document and linking
them to other documents that have in-depth information about those concepts. Concept
phrases are identified and disambiguated using rules, machine learning, or other information
extraction techniques [Doan et al. 2008; Paranjpe 2009; Sarawagi 2008]. Examples of work in
this direction range from efforts to Wikify Web [Mihalcea and Csomai 2007; Milne and Wit-
ten 2008] to enriching educational material by augmenting them with links to authoritative
content [Agrawal et al. 2011; Csomai and Mihalcea 2007].

For matching text to structured records, popular approaches involve extracting structured
data from text and thus reducing the problem to matching structured records. See [Sarawagi
2008] for a comprehensive survey and taxonomy of various techniques for extracting struc-
ture from text. Many of these techniques have been used for algorithmically building struc-
tured databases [Carlson et al. 2010; Matuszek et al. 2006; Suchanek et al. 2007; Zhu et al.
2009]. Information extraction methods, however, often have limited accuracy and many
require large labeling effort [Dalvi et al. 2009b]. Our proposed approach aims to finesse
sophisticated information extraction (in the spirit of [Agrawal and Srikant 2003]).

In [Kannan et al. 2011; Michelson and Knoblock 2008], techniques have been proposed
for matching concise text snippets to structured records. Text snippets, for instance, may
correspond to brief descriptions of merchant offers that need to be matched to the struc-
tured specifications in the product catalog [Kannan et al. 2011]. The essential idea in these
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proposals is to identify pieces of a text that are identical to values in structured records,
and tag them with the corresponding property names. The text is thus reduced to tuples
of pairs, each pair consisting of a value and a set of plausible property names. A match
between this representation of a text and a structured record is then scored by choosing
the best property name for each value and checking whether the values are the same or
different for identical property names of the two. These proposals tacitly assume that the
text and structured records have been accurately classified in accordance with some tax-
onomy. Building good taxonomies and accurate classifiers is hard in practice and we want
techniques that do not have this dependency.

Given a set of structured records for objects and a text review, Dalvi et al. [Dalvi et al.
2009a] identify the object from the set that is the topic of the review. They hypothesize
a language model underlying the creation of reviews: when a review is written about an
object, each word in the review is drawn either from a description of the object obtained by
concatenating the values in the structured record or from a generic review language that is
independent of the object. This mixture model leads to a method for finding the object most
likely to be the topic of a review. This work has been generalized in [Dalvi et al. 2009b] so
that the values in the structured records are no longer concatenated to allow for attributes
to have different weights and admit semantic translations of values. Our hesitation with this
proposal again is that its success is dependent upon good pre-categorization of documents
and structured records.

The EROCS system views the structured records as a set of predefined entities and
identifies those that best match the given document [Chakaravarthy et al. 2006]. The system
requires manual input of entity templates, one for each type of entity. An entity template
defines how to uniquely determine the best entity match if part or full context of that entity
is given. The context for an entity is derived from its corresponding entity template. For
example, for a sales transaction, the context could be the customer, store, and product
associated with the transaction. It then scores the candidate entities based on matches
between the values in the context and the noun phrases in the document. The scoring uses
a variant of tf-idf [Manning et al. 2008]. Clearly, the performance of the system depends on
how good were the definitions of the entity templates. While our goals are similar, we did
not want manual input of the entity templates, which would need to be provided for every
category of homogenous entities.

One could hypothetically approach our problem by storing data records in a structured
database extended with the keyword querying capability [Yu et al. 2010], treat the document
as a query, and apply it to the database. However, these database systems assume that
the query consists of a few keywords and does not have many redundant words, which is
exactly opposite of our setting. Similarly, one could hypothetically concatenate the values
present in the structured record and query the text documents with this string using an IR
system [Manning et al. 2008]. This approach will also lead to poor results since IR systems
are known to have poor performance when query strings are long [Huston and Croft 2010;
Kumaran and Carvalho 2009].

In summary, this paper owes huge intellectual debt to the rich heritage of research in data
integration. However, the assumptions, goals, and setting of our work are different, which
require new approaches and techniques. As we shall see, we take a novel structured-data-
driven approach to solve the problem.

3. CONCEPTUAL FRAMEWORK
3.1. Data Model

Postulate a universe of objects O. Each object O € O is described by a set of characteristics.
A characteristic X consists of a pair of property name N and its value V. That is, X <+
(N, V) (or equivalently (N =V)), and O + {X}. Property names as well as values can be

Microsoft Research Technical Report: MSR-TR-2012-22



A4

arbitrary strings. Denote by X the set of all characteristics, by N the set of all property
names, and by V the set of all property values. Different objects can have the same or
different characteristics, but they differ at least in one characteristic. Thus, every object
can be conceptually thought to have an implicit unique identity, though the object identity
is not manifest.

We have a structured repository R as well as a text repository D. The structured repos-
itory R contains the representations of objects from O, called records. Records themselves
consist of a set of characteristics (pairs of property names and their values) from objects.
There are no duplicates (identical records) in R. An object may be under-represented in R.
In other words, property names in a record may be a proper subset of property names in
the object. Records do not have primary keys; in fact, an object can have multiple repre-
sentations in R. That is, there may be more than one record, say R; and Rs, corresponding
to the same object O, such that they have different set of property names. Since records
are in general an under-representation of objects, it is possible that a record may represent
more than one object.

The text repository D comprises of text documents containing information about the
objects in O. A text is simply a sequence of words. Specifically, the text does not contain
any explicit markings that can be used to identify the objects that the text is about.
However, the text may contain some of the property names and values that pertain to the
objects described in the text. A text may contain information about objects for which there
is no representation in R. Similarly, there may not be any text in D for an object, although
this object has a representation in R.

3.2. Composition

Let Z represent the set of (hypothetical) object identities corresponding to objects in O.
Assume a function RI : R — P(Z). Here, P(Z) represents the powerset of identities in Z.
Given arecord R € R, RI(R) yields the set of object identities {I}, where every I in this set
corresponds to an object O € O that R represents. Similarly, the function DI : D — P(Z)
is such that DI(D) yields the set of identities of the objects that the text D is about.
Given these mapping functions, we are interested in the result defined by the following
composition (written in SQLish syntax):
select R, D
from R R, D D
where 3Ir € RI(R) N 3Ip € DI(D) AN Ig=1Ip
We will describe in the next section the algorithms for implementing the above com-
position. Note that the objects in our framework do not have manifest identities. Our
computation methodology therefore does not provide explicit implementation of RI or DI,
but aims to obtain the result of the prescribed composition.

4. ALGORITHMS

In our conceptual framework, records and text must be mapped to object identifiers before
we can compose R with D. However, as already mentioned, objects in O do not have ex-
plicit identifiers. Objects are entirely defined and distinguished by their characteristics. We
therefore look for distinct characteristics that can proxy for object identifiers. For example,
the set of characteristics {brand=Canon, model=350D} may be distinguishing enough to
identify a particular camera. Similarly, the single characteristic {model=LN52A750} might
be sufficient to identify a particular television. We refer to these distinguishing set of char-
acteristics as traits. Thus, given a set of traits for O, if we can identify those traits in R and
D, then we can correctly effect the composition. The mapping functions in our framework
are then tantamount to mapping records in R and documents in D to a predetermined set
of traits. The composition is then performed over these mapped sets of traits.
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4.1. Overview

Before delving into algorithmic details, we give a quick overview of our approach. Figure 1
shows the major components in our system, which begins with the structured and text
databases R and D in the left side of the figure and ends with the composition results
consisting of scored pairs of records and text documents on the right side.

1. Trait Generation: This is the process by which traits are generated to serve as proxies
for object identifiers. This component examines the structured database and computes those
combinations of characteristics that can uniquely identify objects. This is arguably the most
critical component, as traits are what will ultimately be used to compose R with D. (See
§4.2 and §4.3).

2. Trait Filtering: Initial traits generated in the previous step have strong distinguishing
power in the structured database context, but this in not always guaranteed when the same
traits are applied in the text corpora context. This component prunes away ineffective traits
that make use of distinguishing values that are potentially ambiguous in the text corpus
using a background model. For instance, when working with web documents, one could
employ a background model built using a web N-gram service (e.g., [Huang et al. 2010]).
This step is key to cultivating an effective set of traits and avoiding false-positive results in
the final composition. (See §4.4).

3. Mapping Records to Traits: Traits serve as proxy for identifiers, so we need to iden-
tify them in both R and D in order to effect the composition. This step is responsible for
mapping records in R to the generated set of traits. Since both records and traits are struc-
tured sets of characteristics, finding a mapping between the two is fairly straightforward.
(See §4.5).

4. Mapping Documents to Traits: The counterpart of the previous step, this step
involves mapping documents in D to the same set of traits. (See §4.6).

5. Composition: Once both R and D have been mapped to traits, we compose the two
data sets using the mapped traits as the composition key. However, since the presence of a
trait is only a binary indicator of a relationship between a record and a document, we use a
scoring model to measure final relevance. Relevance scoring not only allows us to eliminate
erroneous results, but also allows us to distinguish passing mentions of an object from more
in-depth occurrences. (See §4.7).

The remainder of this section describes each of the above components in greater detail.
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4.2. Traits

In reality, we do not have access to O for trait generation. We therefore generate traits from
the only concrete representation of O that we have, namely, R. Traits might sound similar
to primary keys in relational databases. But, unlike database keys, traits are instance-
based rather than schema-based; different objects may have traits comprised of different
characteristics. For example, while a television may be uniquely identified simply by its
model characteristic, another television may require several characteristics to disambiguate
it. Of course, it is also possible for objects to have more than one trait.

We next formally define what constitutes a trait and then give a trait computation pro-
cedure.

4.2.1. Trait Set. We say that arecord R € R ezxhibits a characteristic (N, V) iff (N, V) € R.
For a given integer p, a set of characteristics T constitute a p-trait of R (or simply trait,
when p is clear from the context) iff R contains at least one and at most p records each of
which exhibits every characteristic in 7" and no proper non-empty subset of T' constitutes
a trait. We will denote the set of all traits of R as T.

Due to the fact that R is an imperfect representation of O, the definition of a trait
deliberately allows for values of p to be greater than one. This flexibility is primarily to
accommodate the possibility of objects having multiple representations in R. The amount
of relaxation depends on the estimate of multiplicity of representations in R. For example,
if R has been created from n data providers who have overlapping content, setting p < n is
reasonable. The flip side of this relaxation is that a trait may now actually represent multiple
objects. We shall see that at the time of composition, we use additional information present
in the records and text documents to handle this ambiguity.

4.3. Computing Traits

It turns out that there is a connection between the problem of finding traits and the problem
of finding infrequent itemsets. In a database of records consisting of items, a set of items is
called a p-frequent itemset if all these items are present in at least p records [Agrawal et al.
1996]. Correspondingly, an itemset is p-infrequent if it is present in fewer than p records.
Clearly, subsets of frequent itemsets are also frequent and supersets of infrequent itemsets
are also infrequent. A minimal p-infrequent itemset is one which is p-infrequent but each of
its proper subsets is p-frequent [Boros et al. 2003; Mannila 1997].

CLAM 4.1. The problem of computing all p-traits is same as the problem of computing
all minimal (p + 1)-infrequent itemsets.

It has been shown that all maximal p-frequent itemsets cannot be found efficiently, unless
P=NP. However, all minimal p-infrequent itemsets can be found in output quasi-polynomial
time [Boros et al. 2003]. In [Haglin and Manning 2007], a depth-first, recursive algorithm has
been provided for computing a given number of them. For a fixed budget of total number of
minimal p-infrequent itemsets, this algorithm is biased toward generating itemsets of larger
cardinality. Thus, if used for generating traits, it may generate a trait of cardinality ¢ but
exclude a trait of cardinality j, where j < i.

As we desire to generate all traits up to a certain maximum cardinality, we present a
breadth-first algorithm for trait generation. For composing text and structured databases,
traits of large cardinality are not as useful since they are unlikely to be found in arbitrary
texts. Additionally, the proposed algorithm is suitable for implementation over big data
using database primitives.

4.3.1. TraitGen Algorithm. Recall that a trait T' <- {X}, where X € A and X denotes the
set of all characteristics exhibited in R. Denote by T* the set of all traits such that each
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Algorithm 1 TraitGen algorithm for mining p-traits

Input: Structured Database R, Largest cardinality of desired traits imax, Parameter p.
Output: [J;28% 77.

: TO «—0

: fori € l.imax do ‘

C—{X'eP@) | {X'€eR|ReR} <p}

Fle TP eC|IT e P(T) st. T € U;—y T7}

Ti«C —F

: Output [J2@* 77

trait has a cardinality of . For a given p, TraitGen (Algorithm 1) produces all p-traits of
cardinality up to imax-

CrLAM 4.2. TraitGen correctly computes all p-traits of R for the specified values of p
and imax.

PROOF. Initeration 4, step 3 finds C?, the candidate traits of cardinality 7, by counting the
numbers of records of R in which all the characteristics of a certain trait X are exhibited.
However, C' may contain false positives. Step 4 checks if a candidate trait 7? contains a
confirmed true trait of smaller cardinality and adds it to set of false positives F¢ if true.
Step 5 removes such false positives from the candidate set. 0O

Strategies for efficient implementations of TraitGen are beyond the scope of this paper.
However, we give below one pruning strategy to illustrate the non-triviality of the task.

CLAIM 4.3 (VERTICAL PRUNING OF R). The output of Algorithm 1 does not change if
the following statement were added as the last statement of the for loop: if (i = 1) VT €
T'VRERR«+ R-T.

Observe that the if condition is necessary as the following example shows. Consider
R « {{a,b,c,d}, {a,b,e}, {b,c e}, {a,c,e}, {d,e}}, p + 1. We will have T! + 0 in
iteration 1 and T2 < {{a,d}, {b,d}, {c,d}, {d,e}} in iteration 2. The vertical pruning
without the if condition would make the first record empty at the end of iteration 2, which
would cause the valid trait {a,b, c} not to be generated. Thus, we will incorrectly have 73
+— {a,b,e}, {b,c,e}, and {a,c,e}.

4.3.2. Anchored Traits. Because R is an imperfect representation of O, we must be care-
ful in how we generate traits. We do not want to simply use any unique combination of
characteristics in R as uniqueness in R is easily fooled by sparsity and duplicity of object
representations.

In order to have effective traits, we insist that every trait contain at least one anchor
property. Intuitively, anchor properties can be thought of as those that endow pseudo keys
to the data. For example, names are a useful, albeit imperfect, method for distinguishing
people. Phone numbers do a fairly good job of distinguishing businesses. Anchor properties
should have a large number of unique values that are well-distributed amongst records in
the database. We next describe how we algorithmically determine anchor properties.

We first compute an anchor score for every property name. A property’s anchor score is
defined to be the normalized entropy computed over all the values for that property. Intu-
itively, anchor score indicates the distinctiveness of values for the corresponding property
name and we want to have traits comprising of distinctive properties. Let A/ represent all
the property names present in R. Using {{-}} to denote a bag, we compute the anchor score
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of every property name N € N as follows:

V « {{V|(N,V)eR A ReR}}
V«{V|(N,V)eR N ReR}
Anchor Score + Entropy(V')/log |V

Thus, V' contains all the property values corresponding to the property N present in R. In
contrast, V will get just the unique values. The anchor score in step 3 is then computed by
normalizing the entropy of values in V' by the cardinality of V.

Now, order the property names in the decreasing order of their anchor score and designate
the top k of them as anchor properties. We experimented with several empirical databases
and found that generally there is a sudden steep fall off in the anchor scores and determining
k is quite easy in practice. Note that the choice of k influences the choice of imax in
Algorithm 1, as a trait comprised entirely of anchors would be a powerful trait. As such, it
would make sense to set imax > k. The algorithm as stated can also easily be adapted to
ensure that every trait is anchored.

4.4, Filtering ineffective traits

The notion of trait relies on the availability of distinguishing values. However, it is quite
possible that very distinguishing values within the structured database might be ambiguous
in the text database. For example, both ‘LunarFly+’ and ‘Free’ are lines of Nike running
shoes that might find their way into the trait set generated from a product database. While
the former value continues to be quite distinguishing, the latter has a significant ambiguity
issue in many text corpora. We would like to remove traits that contain values that are com-
mon in the context of the text repository on which composition is performed. Our approach
uses statistics of words (in particular, probability of occurrence) in text documents in com-
parison to their occurrence in the structured repository R. The comparison is performed
for each property name and their corresponding values.

We pose the problem of identifying valid values that can appear in traits as probabilistic
inference in a generative model for values. The model explains an observed value as either
generated from the values present in R for the corresponding property name or from a
background text corpus. We train the model using an unsupervised learning algorithm that
does not require any manually labeled input. Once the model is learned, we perform inference
on the model to obtain the probability of a value being explained using R. Those values
whose inferred probabilities in R are below a threshold are identified as ambiguous (and
hence ineffective) values, and traits that contain those property name, value combinations
are pruned as invalid.

Let RY = {vy,---vk} be the values for the property name N, corresponding to the K
records in R. Note that v; = v; when the records 7 and j share the same value for the
property name N. Figure 2(a) shows the generative model of a value that is present in the
background corpus and as a value for the property name N in R. The binary selection
variable s with prior p(s) defines which of the two sources is responsible for generating
the value v. Hence, s takes two values, ‘db’ and ‘bg’ corresponding to whether the value is
generated from RY or from the background corpus. Thus the probability of generating a
value is defined by the choice of s and is given by p(v|s):

[ p(vlbg) if s=bg
p(vls) = {p(v|RN) if s=db

where p(v|bg) and p(v|RY) are probabilities of observing the value in the background corpus

and in RY. The joint probability p(v, s) is given by p(v, s) = p(s)p(v|s). When we consider
the text documents that correspond to web pages, we use corpus of web pages to build the
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(a) b
pls) (b) Property Values [Frequency of]
Property Name (v) vindb P(s =db]|v)
Canon as product
Background N Brand Canon 758 0.961 line is invalid while
corpus R “Produet Ling Canon 22 5:18E:05 as a brand is not
Brand NextWindow 23 0.951
Brand Orion 1 1.21E-05.
p(v]s,bg,db) Rroduct.line. Orion 2 1.24E-05. While both ‘Other’ and
— ‘iSonic” have similar
Brand iSonic 26 0.95 frequencies, iSonic is
Brand Other. 20 1.15E-05. inferred as a valid value
- for brand and ‘Other’ as
Brand Kobian Group 12 0.945 invalid

Fig. 2. (a) Graphical Model for identifying valid values (b) Examples of valid and invalid values (the invalid
values are shown by crossing them out).

background model. In particular, we make use of web N-gram service [Huang et al. 2010]
to estimate p(v|bg).

Probabilistic inference: Given an observed value v = v*, probabilistic inference in-
volves computing the posterior distribution over the unknown variables in the model. In
our setting, this amounts to inferring p(s = s*|v = v*), where s* € {bg, db}. We perform
probabilistic inference by applying the Bayes rule:

p(v = v"|s = s")p(s = 5*)

s=s"lv=0") =
pl | ) > s {bg.apy P(v = v*[s)p(s)

(1)

Learning p(v|RY): While p(v|RY) can be approximated using relative frequency counts
of values in R, we instead learn these parameters so that the values that are better
explained using the background model are down-weighted in the p(v|RY) calculation. For
learning p(v|RY), we require training data consisting only of those values, {v}}, currently
present in RY. Assuming each value in R" is independent and identically distributed, we
estimate 6* = p(v|R") by maximizing p(R™):

0* = argmaxp(R") = arg max Hp(vk)
0 0 A

= argmaxlog Hp vE) = argmaXZlog Zp Vg, Sk)

Sk
arg maxz Zp Sk|vk) log

(Uk|8k) (sk)

p(sk|vk)
We solve for 8* by maximizing the observation probability using the iterative Expectation
Maximization algorithm [Dempster et al. 1977]. We initialize the parameters close to uniform
distribution. Then, we iterate between the Expectation(E-) step and the Maximization(M-)
step. In the E-step, we perform probabilistic inference (Eq. 1) to obtain p(sg|vk) for each
data point. In the M-step, we use this distribution to fill-in for the unobserved s; to compute
the current estimates for 6:

v

(2)

Yo P(sk = dblvg = v")I (v, = ')
> p(sk = dblug =v') ’

where I(vg = v') is the indicator function that evaluates to 1 when vy = v’. This equation
can be derived from Eq. 2 by taking derivatives with respect to p(v = v'|RY).

plo=v'|RY) =

3)
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Ineffective traits: After learning the parameters of the model, for each value in the
database, we perform inference (Eq. 1) to find the probability of the value being explained
by the database. We prune traits that contain common values that do not meet a chosen
threshold on this probability. Fig. 2(b) shows examples of property name, value pairs that
are identified as valid (or invalid) to be present in the traits.

4.5. Mapping Records to Traits

First consider the case when the trait set 7 to which records of R need to be mapped
has been generated from R itself. In this situation, the TraitGen algorithm can simply be
modified to concurrently enumerate and persist the R — 7T mappings while generating
traits.

However, it is conceivable that the trait set has been obtained from an independent source.
It could even be a manually curated set. We consider this general case next. Postulate that
every record R € R has an internal identifier, referred to as R.rid, which uniquely designates
R. The mappings from records to their traits are kept in a table RT', whose entries are of
the form (R.rid, R.trait). Given a trait set T, the following will bind all the records in R to
their traits: RT < {{(R.rid,T) | T € T A JRe€ R s.t. T C R}.

4.6. Mapping Documents to Traits

The relevant traits in the document are located by employing fast data structures (e.g.,
[Sarkas et al. 2010]). One may also account for differences in the vocabulary used in the
documents and in structured data by incorporating semantic translations of the values
present in a trait [Cheng et al. 2010; Dalvi et al. 2009b].

4.7. Composition

Now that we have mappings from structured records as well as text documents to the same
set of traits, we can compose information about the same objects from the two repositories
by doing a natural join on traits. However, since traits are computed from an imprecise
representation of O, we additionally need a function that provides a probabilistic score of
agreement between matched documents and structured records.

Our scorer is defined using binary logistic regression based on a set of features that mea-
sure the similarity between a text D and a record R. Given matched and mismatched train-
ing pairs, let {F, Y} = {(f1,41),..., (fr,yr)} be the set of feature vectors along with their
corresponding binary labels. Logistic regression maximizes the conditional log-likelihood of
the training data: arg max,, log P(Y|F, w) = arg max,, ZiTzl log P(y;|f;, w), where w is the
weight vector wherein each component w; measures the relative importance of the feature
f; for predicting the label y, and P(y = 1|f,w) < 1/(1 + exp (—(b + fTw))).

Documents generally contain larger number of property values corresponding to more rel-
evant objects than less relevant ones and also mention them with a much higher repetition
frequency. Thus, we define two features: (i) fraction of distinct property names correspond-
ing to property values found in the joining structured record and the text document that
overlap (ii) weighted fraction of property values that overlap, where the weight is deter-
mined through the relative frequency of the corresponding property name, property value
pairs. Because we use a small number of features, we do not need a large amount of training
data.

5. EXPERIMENTS

In designing experiments for studying the performance characteristics of the proposed tech-
niques, we primarily employed synthetic data but then validated the results using propri-
etary empirical data. The use of synthetic data allows us to systematically explore the
performance with respect to various operating parameters, which would be difficult, if not
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impossible, to do with empirical data. It also allows the creation of ground truth against
which the accuracy of results could be benchmarked. Finally, it enables independent re-
production of the results by interested researchers. The validation using empirical data
ensures that we have not assumed away reality in the synthetic data experiments. See, for
example, [Agrawal et al. 1996; DeWitt 1993] for similar reasoning.

5.1. Performance Metric

We focus on the performance of the proposed techniques with respect to the accuracy of
results. Regarding execution time, notice that traits are computed from the structured
database independently of the corpus (which is usually much larger). This step is also
amenable to massive parallelization. The composition with records using traits is done for
the documents in the corpus independently of each other, and is therefore embarrassingly
parallelizable.

Given text documents about up to M objects, we study the accuracy of the composed
records. As our performance measure, we adapt the normalized discounted cumulative gain
(NDCG), a metric widely used in IR for measuring relevance [Manning et al. 2008]. We
use NDCG rather than precision because it is a stricter metric as it additionally takes into
account the ordering in the result. For example, NDCG would penalize the case in which
the main object of a document is ranked below (i.e., given a lower match score) a secondary
object.

In a typical IR setting, there is a ranked list of result documents for a given a textual
query. In our case, we have a ranked list of structured records for a given document along
with their match scores. We also have the ideal ordering of the structured records: for
synthetic data, this ordering is known a priori; for empirical data, this ordering is obtained
by employing human judges.

Given an observed ranked list of records Q for a given document and an ideal ordering of
the same set H, define the discounted cumulative gain at rank threshold M as DCG(Q, M)«
ZjM:l(T(j) —1)/1og(1 + j), where r(j) is the match score of the record at rank j in Q.
Now, define the normalized discounted cumulative gain as NDCG(Q, M)« DCG(Q, M) /

DCG(H,M). When Q is clear from the context, we write NDCG(Q, M) equivalently as
NDCGQM.

5.2. Synthetic Data Experiments

5.2.1. Synthetic Data Generation. We employ three generators: i) Objects generator (Obj-
Gen), ii) Structured data generator (StructGen), and iii) Text generator (TextGen). We
have attempted to design these generators such that the synthetic structured records and
text documents exhibit the salient characteristics of those found in empirical data. For ease
of exposition, we will describe the generators pretending all objects in O have the same set of
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property names A (universal schema). The key data generation parameters are summarized
in Figure 3.

Algorithm 2 ObjGen for creating O

Inputs: Empty objects O, Property names A, Significance vector ¥©, Intra and inter
duplication functions: o, ¢ (which are functions of ¥©).
Output: Instantiated O.
1: YO € OVN € N do O.Add({N, newValue()))
2: VN e N VO € O do
3: if perturb(N, WO, o, intra) then
Choose O' € O
Replace O’s property value for N with O’’s property value for N
else if perturb(N, WO, ¢, inter) then
Choose O' € O
Choose N’ according to 1-¥©
Replace O’s property value for N with O"’s property value for N’

Algorithm 3 StructGen for creating R

Inputs: Objects O, R’s cardinality |R|, Significance vector WO, sparsity function 3.
Output: R.
: R <« uniformly sample with replacement |R| records from O
:VReRVN € RN do
if nullify(N, 8) then

Delete (R.N, R.V) from R
: Remove all but one amongst identical records in R

ObjGen (Algorithm 2). ObjGen is designed to incorporate two important features of
the real-world objects. First, some property names tend to have the same value for more
objects than others (e.g., name of a person vs. gender) and hence some characteristics are
more differentiating than others. Second, some property values are shared across different
property names (e.g., ‘5x’is a valid value for both optical and digital zoom). Thus, ObjGen
takes as input a significance vector © such that property N;’s significance for differentiating
objects is given by WO[N;] € [0,1]. The functions that govern the amount of duplication
in the objects are defined in terms of \I!O[Nj], with less significant properties N attracting
more duplicates. These functions are: g, that governs duplication of property values within
a property name; and ¢, that determines duplication across property names. Generally,
duplicate values across property names are rarer than within a property name. Step 1 of
the algorithm creates new objects, setting them initially with unique values by invoking
newValue(). The rest of the steps change some of the values of the objects thus created
by borrowing values from other objects depending on the function perturb(), resulting in
duplicate values within and across property names.

StructGen (Algorithm 3). R contains records corresponding to some of the objects from
O. In general, it is possible for an object to have multiple representations, and not all of
the characteristics from an object may be present in a particular representation. StructGen
therefore chooses |R| records uniformly with replacement from O and then invokes nullify()
for every property name within a record to determine if a particular property name, value
pair should be retained. The probability of a property being retained is independent of how
differentiating is the property. Thus, nullify() employs a uniform sparsity function §.
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Algorithm 4 TextGen for creating a document D € D consisting of L words

Inputs: Number of prominent objects M from O along with their relative proportions A,
Overlap o between words in R and general vocabulary W, Overlap v between prominent
objects and the remaining objects in R, Fraction &, (g,) of property names (values) to
include from prominent objects, Importance vector W7 indexed by property names.
Output: D consisting of L words.

1: Select a distribution of objects, A’ = Dirichlet(A)

2: O + Uniformly sample without replacement M objects from O

3 D+ 0

4: while |D| < L do

5. if FromStruct(o) & FromDominantObjects(vy) then
6: 0 + GetObjectIndex(A’)

7: n + GetPNamelndex(¥7)

8: if Include(e,,) then

10: if Include(e,) then

11: D.Add (O.’s property value for N,,)
12:  else if FromStruct(o) then

13: O <+ Sample an object uniformly from O
14: n < GetPNamelndex(1-¥T)

15: D.Add(O’s property value for N,,)

16: else

17: D.Add(word € W)

All words in text

[ 1o
Words from Words from
structured repository general vocabulary
1y
Words from Words from
prominent other objects in

objects the repository
Fig. 4. Parameters o and « of text generation

TextGen (Algorithm 4). Our design goal for TextGen was to be able to create a text
database such that some documents contain information predominantly about one or more
objects from O, and some about none. Henceforth, we will call these the “prominent”
objects of the document. Information about an object may consist of some property names
and some values from the object, respecting that one usually finds more property values
than property names and more important properties get more mention than less important
ones. When a document contains information about more than one object, it may be the
case that both the objects are equally prominent or one is more prominent than the other.
In addition to the prominent objects, the document may also contain passing mentions to
other objects.

Many of the terms in a document may not appear at all in the structured repository. We
say that those terms come from the “general vocabulary”. For example, in a document about
reviews, the term “review” may appear on the document but it is unlikely to appear in any
property value of the structured repository. The fraction of words appearing in the document
from values in the structured repository is specified by the parameter o; the smaller the
value of this parameter, the greater the number of words from general vocabulary W.

Let us now focus on the words in the document that do appear in the structured reposi-
tory. Some of these might correspond to properties of the prominent objects of the document,
while others might be just passing mentions to properties of other objects. For example, a
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user reviewing a Nikon 15 megapixel digital camera may mention that she had a 5 megapixel
digital camera in the past. We capture this situation with the parameter -y, which specifies
the fraction of structured values in the document that come from the prominent objects.
See Figure 4 for a pictorial illustration of the ¢ and ~ parameters.

The parameter M determines the number of prominent objects and A determines the
relative proportion of information from respective prominent objects. The importance vector
UT, which is indexed by property names, specifies the probability of the corresponding
property to appear in a document. In general, ¥ could be different from ¥©. Having
determined that a property will be included in the document, probability of including
property name (value) is given by parameters ¢, (&,).

5.2.2. Parameter Settings. Clearly, one can generate any number of families of synthetic ob-
jects by simply varying values of the parameters of ObjGen. An object family is defined
by two key parameters: |A/|, the number of property names, and ¥, the vector specifying
significance of the property names (which in turn determines the intra- and inter- duplica-
tion functions ¢ and ). We number property names from 1 to || in decreasing order of
their significance and use linear vectors to specify their significance. Thus, the line segment
connecting (1, WO[1]) to (|N], ¥O[|N|]) defines the significance of different property names.

We study two settings of U©: (1) [N] = 20 and ¥, and (2) |N| = 20 and ¥S. For
both the significance vectors, ¥O[1] < 0.9, but WI[20] < 0.1 whereas Wg[20] + 0.5.

Thus, the significance has a quick drop off with \Ilqo, but decreases only gradually with
\Ilg. Fig. 5(a) pictorially depicts the two significance vectors. Both intra and inter property

name duplications depend on U?, with less significant properties attracting greater number
of duplicates. The parameter ¢ € [UP[|N]],1] determines the amount of duplication of
values within a property name. Let W[.] be defined by the line connecting (1, p¥?[1]) to
(INV], O[N]]). Then g,[] + 1 — TO]]. Fig. 5(b) plots 0, for the two significance vectors.
The duplication of values across property names is set to ¢ = 0.005.

Corresponding to \Ilqo and \I/g, we have two families of synthetic structured databases:
R and Rj. For the sparsity function, we use 3 = 0.005.

On the text side, the document length L is fixed to 1000 words. We study two families of
documents, assuming every document predominantly discusses at most two objects (M = 2),
though they may mention many other objects. In one, referred to as D;, both the objects are
equally prominent (A € {(.5,.5)}), while in the other, referred to as D,, their prominence
is skewed (A € {(.8,.2)}). We say that a document in D? has two main objects, whereas a
document in D, has one main and one secondary object. Different documents will generally
have different objects. As documents are typically dominated by words from the general
vocabulary, we consider documents containing a small fraction of words from structured
data and vary o € {.1,.15,.2}. We vary v € {.2,.35,.5,.65,.8} to study the impact of
variations in the amount of words from the prominent objects. Since documents seldom
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mention property names, we set €, < 0 and €, + 7. We start by focusing on U7 = WO,
Later, we also report results of choosing different forms of W that differs from ¥°.

Experiments were run for synthetic database sizes of 10,000 records and 100,000 docu-
ments, but results were insensitive to these sizes (beyond reasonable minimums). Experi-
ments were repeated sufficient number of times for results to have 95% confidence.

5.2.3. Performance. Using the above parameter settings, we carried out a large number of
experiments, but will limit ourselves to discussing only the salient results. The results are
presented in Fig. 6 and Fig. 7 for the R} and Ry family of structured databases respectively,
and where W7 = WO, The first (second) panel in both the figures contains results for the
D;, (D;) family of documents. NDCG@2 values are shown on Y-axis against different values
of v on X-axis. In each graph, we have shown results for three different values of o. In these
giégsures, p=1, \I'qo[l] =0.9 and \IJqO[ZO] = 0.1 for R, and \Ilf])[l] =0.9 and \118[20] = 0.5 for

gVVe can observe that + has the most significant impact on the performance. Recall that
while o determines what fraction of a document’s total words come from structured data, ~y
governs what fraction of these structured words come from the two prominent objects. As
an example, suppose that we have a document of 1000 words where ¢ = 0.1 and v = 0.2.
Then, the document will have 100 words that appear in the structured repository. Of these,
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there will be only 20 words (including repetitions) from the prominent objects and 80 from
other objects. Fig. 6(a) corresponds to D documents in which the two objects are equally
prominent. Thus, there might only be 10 non-unique words about one of them. Clearly,
the document has little information about the target objects, but fairly large amount of
extraneous words and information about other objects. Thus, it is quite possible that the
document contains traits of other objects, but not the target ones. This imbalance of relevant
versus irrelevant information negatively affects composition scoring. Naturally, NDCG is low
in this setting. Looking at Fig. 6(b) corresponding to D; documents, we see that NDCG has
improved. Continuing our example, there are still only 20 words about the target objects,
but now 16 of them could come from the main object. Thus, there is a greater chance that
some trait of the main object might appear in the document, leading to better NDCG.

When ~ is increased to 0.35, while holding o at 0.1, we see in Fig. 6(a) that NDCG
becomes higher as we now have more structured words coming from the prominent objects.
For the documents in which «y can approach 0.4, NDCG starts approaching acceptable values
even in this configuration with a low o. To the right in Fig. 6(b), for low values of v, we
again see higher values for NDCG compared to Fig. 6(a) because the skewed distribution
for A in Dy versus D;, means a greater chance of finding traits and scoring evidence for the
main products.

Let us now focus on NDCG’s sensitivity to o in Fig. 6. Recall o governs what fraction
of words in a document come from structured data (irrespective of whether or not they are
from the prominent objects). As expected, NDCG improves with increasing o. However, a
more interesting trend becomes apparent if we pivot the information in Fig. 6 as depicted
in Fig. 8. We now have o varying along X-axis and we have different plots for different
values of . We see large gains in NDCG when + increases from 0.2 to 0.3 for a given value
of 0. But gains are relatively less pronounced when ~ increases from 0.3 to 0.5. Similarly,
gains from increasing vy are relatively lower for higher values of o. This points to a notion
of “enoughness” for the amount of structured information from target objects that needs to
appear in documents in order to have accurate compositions. Certain minimum information
is necessary for enabling traits to start showing up, but it does not help much to have more
than enough. Enough information can easily appear in focused documents (higher quality
documents!).

We find the next interesting trend by studying Fig. 7 for the Ry family of structured
databases in relation to Fig. 6. We observe higher NDCG values in Fig. 7. When compared
to Ry, the relative significance of property names in Rj decreases more gradually. Conse-
quently, traits tend to have larger cardinality. Longer traits can be harder to find, but when
they do appear in a document, they serve as strong identifiers since large combination of
values rarely occur by accident (c¢f. [Agrawal and Srikant 2003]). Thus, even for as low a
value as 0.2 for v, we have good NDCG. In addition, even for small values of v (such as
0.2), NDCG increases with increasing fraction (o) of structured data; longer traits require
larger fraction of structured data. For small values of v, having larger o or D, documents
has similar effect.

5.2.4. Effect of varying ¥T . In the above experiments, we assumed that the importance
vector U7 used in TextGen is same as the significance vector ¥© used in ObjGen. Here,
we are interested in studying the robustness of the techniques when W7 differs from W©.
The motivation is that the properties that are significant for distinguishing between two
structured records might not be the ones perceived to be important by the document writer
and vice versa. We report results for R structured database with VO = \Ilqo and |N] =20 in
the adversarial parameter setting of o = 0.1 and v = 0.2 for text generation (implying only
10% of the tokens in the document correspond to values in R and out of which only 20%
correspond to the prominent objects). Note that the proposed techniques perform better
with \I/f]) when compared to \I/qo significance vector.
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We initially kept the first three property names, which also serve as anchor property
names, to have the same importance values in U7 as the corresponding significance val-
ues for ¥, but experimented with three variants on the remaining property names: (1)
equal importance (at the mean value of significance vector for those property names), (2)
increasing importance (inverse of corresponding values in ¥©), and (3) similar trends with
corresponding property names in ¥© but with more gradual fall-off in importance. We
found no noticeable difference in performance across these different variants. The implica-
tion is that as long as the document includes the properties that are relevant for identifying
the objects, the performance is not affected by over or under inclusion of lesser significant
properties.

We next studied more drastic variations in which some of the anchor properties were
completely excluded from the text. Fig. 9 plots the results, separately for D;, and D, family
of documents. Each bar corresponds to NDCG performance for a particular instantiation of
U7 in which certain anchor property names have importance values of zero. The bar labeled
‘[None]’ corresponds to text generation in which W7 = WO, The bar labeled [1] corresponds
to the case in which W7 [1] = 0, i.e., the corresponding document will have no mention of
the most significant property for uniquely identifying the structured record of the object
that the document is about. Similarly, the bar labeled ‘[1 2]’ corresponds to the variant
UT[1] = 0 and UT[2] = 0, d.e., both first and second significant properties are absent in
the corresponding document.

We observe that the results are robust even when the first property name is missing. The
degradation is even less in the D? family of documents. The implication is that as long as
enough of trait appears in the document, the composition can be effected. The surprise was
the increase in NDCG when the third property name was missing. The analysis revealed the
third property name, due to its larger intra-duplication factor, was not serving as a good
anchor property, thereby leading to spurious compositions. The removal of this property
leads to higher NDCG.

We also varied o and - and observed similar trends. Of course, for lesser adversarial
settings of o and -, the degradations were progressively even less noticeable.

5.3. Empirical Data Experiments

5.3.1. Data Sets. We present results from experiments using two structured databases from
a commercial search engine. The first, referred to as Ry, has data about household ap-
pliances (refrigerators, dishwashers, washing machines, cooking ranges, air conditioners,
etc.). The second, referred to as R., has data about electronic products (televisions, digital
cameras, printers, camcorders, DVD players, etc.). R, has 163,892 records and 284 dis-
tinct property names, whereas R, has 111,731 records and 738 property names. For more
statistics on these databases, see Figure 10.

The text corpus, henceforth D", was created as follows. We first obtained upwards of
a billion documents from the web index of the search engine, removing boilerplate con-
tent [Kohlschtter et al. 2010]. For a document to compose with one of the records, it must
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Rh Re
#records 163,892 111,731
#distinct property names (values) 284 (1,475,729) 738 (930,777)
#initial (effective) traits 130,326 (107,580) 854,694 (250,026)
#initial traits of cardinality 1/2/3 116,391/13,754/181 | 142,950/242,131/469,613
#eflective traits of cardinality 1/2/3 98,245/9,171/164 96,532/56,371/97,123
#records having at least one initial (effective) trait 121,480 (102,090) 107,816 (89,976)
#distinct values in initial (effective) traits 105,786 (87,933) 165,926 (96,313)

Fig. 10. Statistics on Ry, Re, and the traits computed from them.

necessarily contain at least one anchor value present in some record. To avoid wasted effort,
therefore, we discarded those documents that did not contain even a single anchor value
from R; and R.. This resulted in upwards of 10 million documents, from which we sam-
pled 200,000 documents. Since the filtering used just anchor values, not entire traits, D"
contains many documents that are not about any of the products present in the database
but happened to have a token corresponding to one of the anchor values. For example, al-
though there is no automobile in our database, D" still has documents about Chevrolet S10
pickup truck because ‘S10’ is an anchor value for the Canon Powershot S10 digital camera
that is present in R.. Clearly, D¥ contains documents both about household appliances
and electronic products. We did not cluster or classify them into these categories since our
technique does not require such pre-processing.

5.3.2. Trait Computation. We computed traits of cardinality up to three; we did not consider
traits of larger cardinality since they are unlikely to be found in arbitrary texts. We also set
the maximum trait frequency (parameter p) to three, as our data set of products is provided
to us by a couple of sources, and there is some overlap between them. In Figure 10, we show
a number of statistics. Recall that initial traits refer to the traits before the trait filtering
step and effective traits to the traits after removing those with invalid values (§4.4).

We note that although the databases contain a large number of distinct values, only a
small fraction of them participate in forming traits. There is also not a large growth in
number of traits as the trait cardinality increases. These effects are particularly pronounced
in Rp. The end result is that the trait computation is very fast. Yet, a majority of records
end up having traits. Some 96% of the records in R. get initial traits and 81% of them are
assigned an effective trait, while these numbers are 74% and 62% respectively for Ry,. In
both the databases, most of the records having no initial trait were partial records that had
no anchor value. The lower trait coverage for Ry is due to the providers of that data set
being of lower quality than for R..

It is instructive to examine the values that were identified as invalid for forming effective
traits. In R., one of the initial traits computed for the product ‘Panasonic ¢220’ dvd player
is {model=c220, productline=dvd}. However, by consulting the text corpus, the algorithm
could determine that the token ‘dvd’ is very common and was able to filter out this error-
prone trait. Similarly, an initial trait computed for the product ‘InSinkErator Evolution
Excel’ garbage disposal in Rj, was {brand=In-Sink-Erator, model=XL}. While ‘XL’ is in-
deed a valid model designation for the product and is distinguishing in the database, the
value is far too ambiguous in the web corpus. Many other examples of ineffective traits
in both the databases include cases where characteristic values are integer values (e.g.,
Model=500), which tend to be ambiguous.

5.3.3. Evaluation. We composed Rp, with the entire D¥ and then R. with the same D¥.
This results in 1,502 documents that are assigned some record in R., and 66 documents
that are assigned some record in Ry,.

Unfortunately, unlike synthetic data, we do not have ground truth needed for computing
the accuracy of composition. We therefore had to resort to the rather expensive process
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R Re
NDCG@1 | 0.97 | 0.94
NDCG@2 | 0.95 | 0.88

Fig. 11. Composition performance on R and Re.

of manually labeling the results. The labeling was done as follows. For each document, we
asked a human annotator to identify all the products that the document was about. Each
such product was labeled as main or secondary. A product is considered to be main if the
document is primarily about this product, and secondary if the product has been discussed
in connection with the main topic. Products mentioned in passing were considered irrelevant.
The annotator was then asked to identify which of these products were actually present in
the structured database and their corresponding records.

We thus randomly sampled and labeled 62 documents that appeared in the result of
composing R, with D% and all the results of composing Ry with D*. We refer to them as
D}’ and DY respectively. These documents cover a broad spectrum of heterogenous content
about products including manufacturer pages, merchant pages, reviews, and how-to articles.

5.3.4. Performance. Using the labels on D}’ and DY, we computed NDCG for each, defining
the perfect ordering to be the main product followed by the secondary products. Figure 11
tabulates the results. Thus, for the composition of R;, with DY, we obtained an NDCG@Q1
of 0.97 and NDCG@2 of 0.95. For the second composition, i.e., composing R, with D,
we obtained an NDCG@1 of 0.94 and NDCG@2 of 0.88. Given the high score for NDCG,
we can say that our approach is doing a good job of composition.

Upon in-depth examination of the results, we found that the approach worked well across
a wide variety of documents, successfully identifying both main and secondary objects in
product reviews!, merchant pages?, manufacturer pages®, articles? and forums®. In fact,
we were pleasantly surprised by many of the results. For example, one particular merchant
page’ describes a guide book titled ‘Nikon D60 Guide to Digital SLR Photography’, which
was matched to a Nikon D60 digital camera. The diversity of traits is also well-leveraged,
as we have many instances of composition results that relied entirely on less obvious traits,
such as {model=DC5000, memory=2GB, harddisk=80GB} for correctly joining a classified
page” to a Hewlett-Packard PC, and {model=s300, color-print-speed=7.5ppm} for joining
a resources page® to a Canon Printer. In the case of former, we were able to successfully
identify the object on the page, even though the database and web page had syntactically
different representations of the Brand value (‘Hewlett-Packard’ versus ‘HP’). In the case of
latter, the database record was missing the Brand value entirely. These examples highlight
the flexibility and generality of the approach versus a domain-specific approach that relies
on matching fixed keys such as Brand and Model.

Thttp://www.digitalcamerainfo.com/content /Fujifilm-FinePix-F470-Digital-Camera-Review-.htm

(matched to a Fuji F470 camera)
2http://www.overstock.com/Electronics/Polaroid-i1037-Blue-2.7-inch-10MP-Digital-Camera-
Refurbished /4275862 /product.html (matched to a Polaroid 11037 camera)
3http://wwwl.lexmark.com/US/en/catalog/product.jsp?prodld=3220 (matched to a Lexmark E120N
printer)

4http://www.slashgear.com /pentax-a40-shoots-divx-video-at-640-x-480-037753/ (matched to Pentax A40
and Pentax S7 cameras)

Shttp://answers.yahoo.com/question/index?qid=20101122173550AANj4Vq (matched to Canon 500D /T1i,
Nikon D3100 and Canon XSi cameras)
6http://search.barnesandnoble.com/David-Buschs-Nikon-D60-Guide-to-Digital-SLR-Photography /David-
D-Busch/e/9781598635775/
Thttp://cgi.ebay.com/HP-DC5000-DEsktop-P4-3-2Ghz-2GB-Mem-80GB-HDD-XP-PRO- /220730984330
8http://www.downloadatoz.com/driver/articles/introduction-of-canon-s300-color-bubble-jet-printer-and-
driver-download.html
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We also drilled down on the cases where the results were judged to be erroneous. Mostly,
the root cause was the incompleteness of our structured databases. For example, there is
a web page about the Samsung S5200 cell phone® that is joined with the digital camera
‘Fujifilm FinePix S5200°. The cell phone is not in R.; however, both the cell phone and the
digital camera share the same anchor value (S5200), and the page contains terms that appear
in the traits of the digital camera (e.g., ‘electronic’ for the property name ‘Viewfinder type’).
Some additional NDCG loss was due to correct matches that were nevertheless deemed
irrelevant and therefore treated as errors. While these matched products had legitimate
mentions in the page, their presence was purely in passing and not contributing to the main
topic.

5.4. Validation Experiments

One can readily see that it is quite cumbersome and expensive to conduct experiments using
empirical data because of non-availability of ground truth. Yet another difficulty is that a
different empirical dataset might not provide useful additional insights if the characteristics
that determine the performance of the composition are not significantly different in the
two datasets. Synthetic data allowed us to explore a wide range of operating regions. We
tried to incorporate many realistic aspects to datasets found in practice in our synthetic
data generators, yet one should legitimately question whether they are indeed generating
realistic datasets.

This section reports on experiments we performed to validate our synthetic data gener-
ators. We also study if we could use the synthetic data generator to estimate the expected
performance of the composition, utilizing the measured values of the text generation pa-
rameters from the target text repository.

9http://www.mobileheart.com/cell-phone-softwares /1771-Samsung-S5200-Software.aspx

Microsoft Research Technical Report: MSR-TR-2012-22



A:21

(a) ! (b)

- 0=.25
° le/z % 0=2
0.9 0=25 0.9 0=15"  _ 5=2y=26
0=.§5-,
o=.
o 08 g 0.8
8 o
Z 07 Z 07
0.6 06
05 05
0 o1 02 03 04 05 o o1 02 03 04 05
y Y

Fig. 14. Composition of (a)R; with D7, (b)Rg with DZ. The solid circle corresponds to the composition
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5.4.1. StructGen Validation. We investigated if StructGen could be used to generate syn-
thetic databases to mimic the two empirical databases, R} and R., discussed in §5.3.1. Our
analysis of Ry, revealed that its 14 attributes were clustered in two groups. The first group,
consisting of three attributes, had the most significant attributes that could differentiate
between the records in Rp. There was a sharp drop off in the differentiation capability of
other attributes. Fig. 12(a) shows the plot of normalized entropy of different attributes in
Ry, that corroborates this observation. We therefore used a piece-wise linear significance
vector U, consisting of two pieces shown in Fig. 13(a), to generate the synthetic database
R; for mimicking Ry,. The intra property name duplication was set to: g[.] +- 1 —¥°[], and
inter property name duplication to: ¢[.] +— 0. We have plotted in Fig. 12(a) the normalized
entropy of different attributes in R;. We see a close match. In fact, we further approximated
U9 by the plain linear vector ¥¢), also shown in Fig. 13(a). The normalized entropies of
the corresponding synthetic database Rj,; is also plotted in Fig. 12(a). We continue to see
reasonably good match with the entropies for Ry.

We repeated this exercise with R.. As Fig. 12(b) shows, R, counsists of three groups of
attributes in terms of their significance in differentiating various records. We therefore used
a piece-wise linear vector W9 consisting of three pieces shown in Fig. 13(b), for generating
synthetic RS. Again, g[.] + 1 — ¥O[], and ¢[.] + 0. We see in Fig. 13(b) a close match
between the entropies of RS and R.. Entropies of synthetic and empirical databases continue
to reasonably match even when a plain linear vector W9 is used to generate synthetic R?,.

5.4.2. TextGen Validation. The approach we took was to make use of the document set D}’
(DY) and compute from it the manifest values of the TextGen parameters, pretending that
Dy (DY) was produced by TextGen. We thus estimated (o = .18,y = .22) ({¢ = .20,y =
.26)) from D} (DY). We then instantiated TextGen with parameter values bracketed around
those computed from D}’ (D¥). Every such instantiation yields a set of synthetic text
documents Dj (DZ). We next compose D; (D7) with synthetic database R} (R?) described
in §5.4.1, and compute NDCG. We then compare these NDCG values to those obtained
from composing empirical data, i.e., composing Dy (DY) with R, (Re), and examine if
the results are similar or wide apart. We show the results in Fig. 14(a) (Fig. 14(b)).

We can see that synthetically generated data with similar parameters performs compa-
rably with the empirical data. This study indicates that the text generator can act as the
proxy for documents found in practice. It also suggests that our synthetic data generators
initialized with parameter values from empirical data can be used to simulate the behavior
of the system in empirical setting.

6. SUMMARY

We studied the problem of composing structured and text databases about objects in a
general setting, making minimal assumptions. Structured databases contain partial and

Microsoft Research Technical Report: MSR-TR-2012-22



A:22

possibly multiple representations of objects consisting of property name and value pairs.
Texts are simply sequences of words devoid of any markings or structure that explicitly
identifies the objects that the document is about. We postulated the notion of a trait, a set
of characteristics that can serve as the proxy for the identity of an object, and presented
techniques for algorithmically computing traits, mapping structured records and text doc-
uments to traits, and using traits for joining information about the same object from two
repositories.

To understand the performance characteristics of the proposed techniques, we defined a
realistic model of an object and how structured records are created from objects. We also
defined a model of text generation that captures many intricacies of text documents found in
practice. Using empirical structured databases in active use, we verified that we can indeed
generate synthetic databases having salient characteristics of their empirical counterparts.
These synthetic generators could be of independent interest to researchers wanting to base
their research on non-proprietary data.

With the synthetic data generators on hand, we carried out extensive experiments to
delineate the performance regions for the proposed techniques under different operating
parameters. The take home lesson from these experiments is that the proposed techniques
can yield accurate compositions provided the objects have good traits and the text doc-
uments satisfy the enoughness property. The former is true for objects that have at least
a few important attributes, whence the traits comprising of combinations of them become
quite differentiating. The enoughness property holds for focused documents as they usually
contain enough important words about the objects that drag along the traits of the corre-
sponding objects with them. Our experiments with the empirical data validated the findings
of the synthetic experiments. As a byproduct of this validation exercise, we also confirmed
the sanctity of our synthetic data generators. It also showed that our synthetic data gen-
erators initialized with parameter values from empirical data can be used to simulate the
behavior of the system in an empirical setting.

This paper assumed that the composition is computed off-line and materialized for use by
different applications. Techniques for identifying when the composition should be recom-
puted and incremental algorithms for updating materialized compositions are interesting
topics for future research. Similarly, parallel implementations and fast indexing structures
and algorithms for on-line computation of the composition are fruitful directions for future
work.
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