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ABSTRACT

The rapid globalization of Wikipedia is generatiagparallel,

multi-lingual corpus of unprecedented scale. Bdgethe same
topic in many different languages emerge both a®salt of

manual translation and independent developmentfortimately,

these pages may appear at different times, vasizen scope, and
quality. Furthermore, differential growth rateswuse the
conceptual mapping between articles in differengisges to be
both complex and dynamic. These disparities pmvitie

opportunity for a powerful form ofinformation arbitrage

leveraging articles in one or more languages torowve the

content in another. Analyzing four large languadmmains

(English, Spanish, French, and German), we pregiggurat an

automated system for aligning Wikipedia infobox@a®gating new
infoboxes as necessary, filling in missing inforimat and

detecting discrepancies between parallel pages.nf@tinod uses
self-supervised learning and our experiments detratgs the
method’s feasibility, even in the absence of ditdides.

Categories and Subject Descriptors
H.4.m Information Systems Applications, Miscellanso

General Terms: Algorithms, Experimentation

Keywords: Information arbitrage, multi-lingual alignment,
Wikipedia, translation

1. INTRODUCTION

Wikipedia is lauded for the millions of authoritai documents
created, modified, and linked by a community of waker

authors and editors. While studies have touteddtteial veracity
resulting from this process [14][15], fewer peob&ve considered
the ramifications of authors’ linguistic diversitylndeed,

Wikipedia is becoming not only a repository for i@t deal of
factual information, but also a parallel, multigural corpus of
tremendous scale. Though the English subdomainikip@dia is

first in page counts, with 2.4 million articles (@8July 1, 2008),
this represents only 23% of the factual contente Témaining
77% of effort is distributed among over 250 langgagthough
principally focused on the top 50) [17]. As Wikipads rush to
translate, extend, and create new articles, thera significant
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Figure 1: Four different infoboxes from various

languages. Figure la) and b) for Jerry Seinfeld in
English and Spanish and Figure 1c) and d) for
Emmanuelle Béart in French and English respectively



1

Ll encyclopedie fibre R Cluster L Infobox > , Probability - Auto-Infobox
cyelop Classifier
Die frere Enzyklapadic Generation = Extraction Estimation =1 Filler
Jep et | =3 g
WIKIPEDIA 3 = ig nfoboxes | |3
The Frea Encyclopedia 'S i | S X
2 ) [ 1 1 e ™ T A
L enciclopedia libre = | pd - o
2 Lk G = | 3
3 o0 .. 3 English{__1 French o)
= Articles % Article Article )

Figure 2: An architectural diagram describing the fow of Ziggurat.

opportunity for automation to amplify this processn particular,
most topics have a specific language which is necoshimonly
used for updating the article. These disparities thave many
causes—for example a particularly motivated editay only
write in his native language—but distribution andhiability of

expertise or inside information may also play &.par

This paper introduces the notion ioformation arbitrageacross
Wikipedia as a mechanism for detecting and expigitthese
linguistic differentials. As in economic arbitrag@formation

arbitrage attempts to detect inefficiencies. I @ase these
inefficiencies are due to missing, old, or incotriformation in

one language’s corpus that can be “fixed” with tteta from

another. As we later discuss, there are mamppdunities for
information arbitrage within Wikipedia.

In this paper we focus attention on the differdatibetween
infoboxedn different (language) versions of an articlefoboxes
are semi-structured blocks of summary data placedmany
Wikipedia pages (Figure 1). In part we have selédhfoboxes
because their structure allows them to be aligrmedi evaluated
without complex natural language processing. Momgortantly,
they are a “beachhead” from which more complexaettons and
alignment can be performed [20].

Figure 1 illustrates four different infoboxes derstating various
differentials. Figure 1a and 1b, for example,tAinfoboxes for
the American comedian Jerry Seinfeld. We notesthigstantial
amount of additional information in the English darage infobox
over the equivalent Spanish page. With informatidvitrage, our
goal is to deal with such situations aadtomatically fill in
missing infobox information In this example many of the fields
in Seinfeld’s English infobox can be propagatedhe Spanish
page. As another example, Figure 1c and 1d shewtbnch and
English infoboxes for the French actress EmmanuBkart.
Although the two contain a substantial number oértapping
infobox fields (e.g. name, birthplace, etc.), tmerfeh page: a) has
a more detailed birth place, b) disagrees withBhglish page on
her birth name, and c) lists a different numbechifdren. In this
situation, even though the infoboxes are in essesmgeally
complete, there are a number of discrepanciesabald likely be
worth bringing to the attention of the page editoBecause our
system automatically aligns infobox data, it coyldtentially
support conflict detection and linked-editing [13].

Figure 2 illustrates the general function of ouggdlirat and also
serves as an outline for the remainder of this papss input,
Ziggurat takes the Wikipedia content in four prpadi languages
(English, Spanish, French, and German). The fifssp,page
alignment, fleshes out the—manually created,
incomplete—set of the cross-lingual links that derequivalence
between pages (Section 3.1). Utilizing these liakd extracted

and hence

infobox data, we generate correspondences betwefaboix

attributes (fields), creating an alignment (Sect®o2). This field-
by-field alignment provides scores that we can thea to decide
which completed attributes (i.e. those with valuas) the most
likely match for an empty attribute (Section 3.3Below, we

briefly describe the data and opportunity for impac

2. DATA AND OPPORTUNITY

The analysis and system described in this papeesnage of two
Wikipedia datasets. First, we utilize the raw ddtamp from
January of 2008 for the English, German, French &pdnish
Wikipedia systems (used in the construction of sflaggual links
between articles). This data is in a form of marktmown as
Wikitext which is parsed by the Wikimedia conteramagement
system into HTML which can then be viewed in a bsew Each
infobox is of a particularclass (e.g. infobox_actor, or
infobox_city_it) which defined a set afttributes An attribute
comprises &ey andvalue When an editor creates an infobox
inside a page, they define these key/value paig,(@ame =
“Tom Cruise,” birthdate = “July 3, 1962,” etc.).

While the raw data contains these infoboxes, thphazard
combination of HTML, Wikitext, templates, and so omake
parsing this data extremely difficult. Fortunatetile DBpedia
project [3] has processed infoboxes from the saewog in a
more suitable format. The DBpedia data represalht;fobox
fields found in the Wikitext. For example, we sda&ta of the

form:

Tom_Cruise  birthname Thomas Cruise Mapother...
Tom_Cruise  spouse Katie_Holmes

Tom_Cruise  spouse Mimi_Rogers

The original data DBpedia data contains 23.2M, 2.2MM and
1.4M such rows for English, German, French, andnBpa
respectively. After a data cleaning step whicHagsles multiple
rows with the same key (e.g. from the two spousesliwe create
a single, set-valued attribute) we are left with8\2, 2.1M, 1.5M,
and 880k rows for the different languages respelstiv By
relying on the template content, rather than timeleeed data, we
may not be able to discover that even though thkité¥it says
“sgarea = 45" for some field, the user will se&fuare Area: 45
Km™ when viewing the page. This is an unfortunatet bu
necessary compromise to achieve a higher qualigt la the data
as attempts to process the rendered HTML directixelproven to
be extremely error prone.

2.1 Quantifying the Opportunity
Thus far, we havassumedhat there are many missing infoboxes
and infobox elements, but is this really true? HWMhe data



described above it is possible to quantify thiso measure the
number of missing infoboxes we begin by groupingoaptually-
equivalent articles into clusters (e.g. the Frer@anish, English
and German articles on Tom_Cruise are groupedanttuster).
The particulars of this grouping are described urthfer detail
below. To find the potential number of articles ¥ehich we can
generate new infoboxes we consider the number fobaxes
present in each cluster and the number that arsingis As long
as we have one infobox defined in the cluster, vag tre able to
propagate this information to the other articldsor example, if
only the English article in a cluster has an infgbthere is the
potential to create 3 new infoboxes. Figure 3 shtive number
of Wikipedia infoboxes which could potentially beeated by
translation. Note that we may even create a stticlea in
languages that do not already have an article fgiven cluster.
For example, if there was no Tom_Cruise articld~iench, we
could automatically generate one and add a partifilled
infobox. From this we see that, given 405k clusteith at least
one infobox, it should be possible to create ovemillion new
infoboxes, 845k of which would be in new stub desc

Calculating the number of new infobox attributesickhcould

potentially be translated is slightly more difficul Many

infoboxes have duplicate keys that are rarely usedkeys that
only make sense in certain contexts (e.g. livinprcdo not need
adeath_datattribute). However, a baseline approximatiothef

potentially-translatable data can be calculatecctyparing the
relative size differences in paired infoboxes. sThd done by
measuring the average absolute difference betweasponding
infoboxes. We find this average to be 6.5 attelsutindicating
that there is substantial potential for translatidgta across
attributes.  We return to these questions iniSeet.3, when we
discuss our experimental results.

3. ZIGGURAT

Ziggurat contains a number of modules (as depictdeigure 2).
Abstractly, Ziggurat attempts to solve the follogimproblem:
given a particular article in one language contajnan infobox
(of some class) that has a missing value for soay find the
most likely value that, when translated, would beappropriate
substitution. This is further complicated by thectfahat the
infobox class may also be unknown (i.e., from aepagth no
infobox). Because the replacement value mostylikeines from
the same article in a different language, Ziggatsmpts to build
clusters that group together the same

article (*concept”) in different languages. )

The Ziggurat attribute alignment module
attempts to find the most probable
mappings between infobox fields. By
learning what a “match” is through a
simple classifier and ranking possible
matches to identify the best one, Ziggurat
develops a ranking of the most likely
sources for missing data.

3.1 Page Alignment
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Figure 3: Potential for infobox creation

and policy makers (the Wikipedia Embassy), it imetbeless
voluntary and largely manual (various automatedisbattempt
to repair these links but as we see in our anaksnot entire
successful).  Figure 4b illustrates the numbeexi$ting cross-
lingual links in January of 2008. Note that norfighe language
pairs has an equal number of cross-language lid&spite the
inherent symmetry—clearly many links are missing.

Thus, as the first phase of Ziggurat, we completegage-level
mapping by computing weakly connected componentghef
translation graph and assigning a unique conceft @ach. As a
precaution, we discard any component which contaioge than
one article in any given language.

3.2 Infobox Alignment

We now address the central task of identifying gaof

corresponding infobox attributes across languages.example,
we wish to predict that thelevation attribute of the English
Settlementinfobox, is the same as ttadtitude attribute of the
Ville_des_USAinfobox, but not the same as tlens attribute

(denoting population density in French).

This problem can be formulated as a Boolean claatién or
probability estimation problem, but traditional suyised learning
is not obviously applicable, because there is r@i@iy-labeled
training data. We confront this challenge wihlf-supervised
learning. We first generate a training-set withaaefully-chosen
set of general heuristics. Next, we apply logisggression to
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train a Boolean classifier overstancesof infobox attribute pairs
(those without missing data) to detect whether twalues are

likely to be equivalent. Finally, we use our clfiesto determine
how often pairs of attributes are found to be edeal., to learn
that pairings ofSettlement/elevatiomre more likely equal to
Ville_des_USA/altitudeather thanVille_des_USA/dehsAs we

show, the tremendous amount of Wikipedia data esstirat our
method is effective.

In order to find frequently-matched pairings, wesffitrain our
Boolean classifier to detect matches. This mudddree in a way
that is insensitive to various transformations .(¢"om Cruise”
is “Cruise, Tom"), translations (e.g., “nombre” faom” and
14km is 8.7 miles), abbreviations (e.g., densitgléas), and other
forms of data mangling.

More formally, our classifier takes two differentfobox tuples
and outputs 1 if they are likely to be equal off @at. A tuple
consists of 4 elements: a language, an infoboxsclas infobox
attribute, and an infobox value. Each Wikipedigick will
contain many such tuples. To model the data we thse
following form: ArticleNameanguaghinfoboxClass, KeyName] =
KeyValue (for example, Tom_Cruisgs{actor,born] = July 3,
1962 to indicate that the actor infobox on the EigTom Cruise
page states that he was born on July 3, 1962 ).

As we will see, it is possible to build such a slfier that
performs with a high degree of accuracy. Howeverjs
important to note that this classifier need not [erfectly
accurate. Because we will test many pairings a$skey pairs
between languages we should be able to generaéntify
alignment despite individual failures of the cléissi

Before evaluating the classifier in this way, wensider the how
the same infobox values can be identified and spoeding
features by which we train and test the classifier.

3.2.1 Features

The classification process begins by transformingogentially
matched pair of infobox tuples (article,languadeliox class,
and key) into a feature vector that can be usetbssification.

Equality Features (6 features) The simplest test for identifying
parallel tuples is to test for equality. Names atiter words that
remain constant regardless of language are a stpmsifive
indication of a match. Though not as frequenis ilso possible
for the attribute names or infobox classes to beakq This
happens when large classes of pages are copied dmoen
language to another. We would expect a more sogmif amount
of matching, for example, in the biological taxonommfobox
class,taxobox which appears in both Spanish and English along
with copied attribute names (e.galor, genusordo, etc.). Three
indicator variables are used as features to inglieguality. An
additional set of three features check the equatify the
normalized forms of the infobox values (i.e., lovasing,
removing everything but numbers, removing evenghibut
alphabetical characters).

Word Features (2 features} In some situations two equal
infobox attributes may contain overlapping, but qured values.
This may be caused by, among other things, paraaisliations
(some subset of the value has a unique term idatihguage) or
slightly different lists (e.g., one has an extreneént). To
calculate similarity we tokenize each value intgetof words and
calculate the Dice coefficient: 2 * X¢| / (|X]| + [Y]) (where X
and Y are sets of tokens). This value indicates @gale of 0-1

(no match to perfect match) the similarity of theot sets.
Additionally, the raw number of overlapping ternssrétained as
an additional feature.

n-Gram Features (4 features) Because the languages we are
working with frequently have words with similar fsoit is
possible to find matching substrings that are feeqly a feature

of matched infobox attributes. For example, in 8gla we may
seenombreand in Frenctnomor Hamburgin German or English
but Hambourgin French. To identify such matches we generate
3 character n-grams (e.g., nombre = {nom,omb,mé})band
generate features corresponding to the intersectioth Dice
coefficient (as above). Features are generatdufbothe pair of
values as well as the pair of attribute names.

Cluster ID Features (5 features) Thus far we have not taken
advantage of the hyperlinked nature of Wikipediawhen
infoboxes contain links to other Wikipedia artiglésshould be
possible to utilize this information. For examplaliette Binoche
has the movie “The English Patient” as a valueher English
infobox and “Le Patient Anglais” as a value in Frlen Both
phrases are linked to the appropriate page fontbeie in their
respective language. Because we have previougdyrdimed that
“Le Patient Anglais” and “The English Patient” grages that are
part of the same cluster and have the same cotibepte have
additional information that the values are equat(thus the keys
may be equal as well). Our feature generation gg®converts
each hyperlinked element into a unique conceptgénérating a
concept ID set for each infobox tuple). An indaafeature is
used to indicate whether there is exact equalitywéen the two
input values. A second feature utilizes the nundiéntersecting
concept IDs in situations where the value contaiose than one,
and a final feature generates the Dice coefficienthe concept
ID set.

One issue with only linking to one concept ID istthhere are
various situations in which infoboxes point at ces from

different places within a hierarchy. For exampMag Lee, the
director, was born in Pingtung, a city in Taiwa@ne infobox

may point to Pingtung as his birthplace whereagharawill point

at Taiwan. This will lead to a missed match. &salve this issue
we opted to make use of the fact that Wikipedialag generally
contain high level abstracts in their first parqdra These
abstracts generally mention, and point to, encafisgl topics
(e.g. “contained in” or “part of” or “located in”).The Pingtung
article, for example, states: “Pingtung City...Ietcapital of
Pingtung CountyTaiwan (Republic of Chinp” To utilize these
we create a dataset containing all mentioned cdn@=pwithin

the abstract. Any concept ID that fails to be ratt directly
between the infobox values is tested against thitaldhse.
Positive matches increase the value of the “contam” feature.
For example, Pingtung and Taiwan will not matctedity as they
have different concept IDs, but the abstract fog fingtung
articles contains Taiwan whidoesmatch.

This is not an entirely satisfactory solution asréhare many
kinds of hierarchical encapsulation that are ngitwaed by this
simple test. A possible solution is utilizing knovhierarchies
(such as WordNet) or constructing our own. Forngxe, one

could mine the category structure of Wikipedia cies or

construct more complex heuristics (e.g., understanchnges of
numbers and containment). This is a fairly compalddition that
may be worth pursuing as future work, but is onkeful in

situations where one infobox classly lists values at different
levels of the hierarchy (a situation we have naterbed).
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marida, marido, mujer, pareja, sefiora, varon,
varén,.  While the quality of the possible

translations may vary, we are unlikely to find an
overlap between two highly unrelated terms (e.g.,
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Figure 5: Mapping infoboxes and the construction ofraining examples

Language Features (1 feature) A simple indicator variable is
used to indicate which type of pairing is beingteds(e.g.,
“German/English” is 1, “English/Spanish” is 2, &tc.

Correlation Features (2 features} In the case of numerical
infobox data, neither exact equality nor simplerang features are
sufficient for determining value similarity. The$eatures break
down in the presence of noisy data (e.g. populagiimates from
different years) or related values (kilometersmges). With this
in mind, we calculate the Pearson product-momenmtetzdion
between pairs of numerical attributes across dataimces of an
infobox class. For example, if we find thatEdglish,
commune_francaise, hectajdsequently contains a number, we
will compare that to every numerical attribute fre t{Spanish,

localidad_de_franci class (the two classes are often paired).

While most comparisons will not result in a highrretation,

when we compare to the “K&nvalue, for example, we will get a
nearly perfect fit (and an accurate linear regossithat

functionally transforms one value to another). sT8 not a

perfect solution as frequently the system will fingasonable
correlations that are not due to conversion (eogufation versus
landmass). We therefore cannot overly rely on fleisture.

However, it is useful for dealing with conversicersd noisy data
in conjunction with other features. In additiontte correlation

we calculate and utilize the significance of eadhrelation

(which may be used to filter directly at somer after a multiple-
comparison correction).

An appealing characteristic of calculating thistfiea is that it
may also be used when suggesting values to filbiokes. For
example, a value given in Knin a Spanish infobox can be
automatically converted into hectares if that im@e suitable unit
for the French infobox. Since this is learned, va@ ®ootstrap
various numerical translations automatically with@ny prior
knowledge.

Translation Features (6 features)In situations where there is no
textual similarity, we would like to make use ofyalanguage
resources we have. To do so, we generate trammdadf each
word by querying a sense-disambiguated panlingualstation
dictionary, which is a continuation of the work Byzioni, et al.
[4]. This dictionary was created by starting front@llection of
existing translation dictionaries, both bilingualdamultilingual,
and by inferring new translations.

Each word in the key, value, and infobox class nanteanslated
by mapping it to all words in the target languadeor example,
when an English infobox containingpouseis tested against a
Spanish infobox the following set is generated hy dictionary:
{consorte, conyuge, cényugue, dama, dofia, emparegaposa,

successful matches (e.g., if a value in one tuple
contains two words which are translated and one
matches a word in the second tuple’s value this
score is 1). Second, we measure the ratio of
matched terms to the total that can be translated
(e.g. what percentage of the words mapped,
extending our previous example this is 50%).

3.2.2 Generating a Labeled Training/Test Set

Once we have extracted our features, we genegdtenty data to
build our classifier. Recall that we would likerotlassifier to
accept a pair of complete tuples (e.gn§lish, actor, name, “Tom
Cruise”} and {Spanish, actor, nombre, “Cruise, Tof"and
decide if the two should be mapped even thouglvahees are not
exactly equal. We would like to generate a sigaiiit training set
with a minimum of human intervention. To do so, reeognize
that infobox pairs that are frequently equivalere bkely to be
correspondents. For example, if we find that im thany cases of
potential linking we observe, thaBpanish, actor, nombyeand
{English, actor, nanjecontain exactly the same values we might
infer that these two should be mapped. Unfortupaté these
were the only training examples we had, the clessifould learn

to predict that only those tuples with equal valaas linked. To
avoid this, and provide a wider range of trainingmaples, we
find pairs of highly equal tuples and then finduations in which
the valuesare notequal. This is visualized as the top positive
example of Figure 5 (i.e., name and nom).

Our implementation of this is as follows. Eachueais hashed
(i.e., MD5(Value)) and the output is sorted by ttencept ID,
hash pairing. All equal (concept ID, hash) pdiattcome from a
different language are then labeled as a match.e¥ample:

A_Persorygis{actor,name]= A_Persep,{Cinéma...,nom]

will mean that we increment the match counter foe fair
{English, actor, namje and {French, Cinéma (personnalité),
nont. All values that have hyperlinks to some asialill be
replaced by their concept ID (for example, allowing to
determine that Sacramerdod_Sacramento, CA Etas-Unige the
same concept). In our dataset over 1M such “equalle pairs
are identified. Sorting these pairs by the nundigimes they are
matched gives us a plausible set of corresponddncgart from.
Table 1, illustrates the top 6 scoring pairs (ok)580 complete
our selection of positive examples we take the 4600 high-
scoring pairs and find all instances of those paingther or not
their values are actually equal (1.3M positive epbas). Of these
we select 20k as positive examples.

Generating negative examples is also relativelgigtitforward.
The general idea is that if we find a positive faig., J_Smith,
English, actor, name, “John Smith"and {J_Smith, French,
Cinéma (personnalité), nom, “Smith, JoBn"we can randomly
select a second element from one of the infobordsgenerate a
new, negative, pair. In Figure 5, a negative eXangthen the
replacement of theomtuple with thelieu de naissanceuple. In




order to prevent the random selection frol
generating another positive pairing, w
remove from consideration the first 900

language, infobox class, key

en (English), infobox_swiss_town,

Table 1: The 6 most frequent tuples found to be e

language, infobox class, key

fr (French), infobox_commune_de_suisse,
communeslimitrophes (common boundries)

fr, communédiétane, cp (“code postal”)

fr, commune_italienmem

en, infobox_film, starring

en, persondata, placeOfBirth

frequently matched pairs in the equality lis[ "g353

desqibed above. This Qlimipates likel neighboringMunicipalities
pOSItI\./e mat.ches from being included & 5524 | en, infobox_cityit, postalcode
negative training examples, but does n : 7

completely remove pairs with matchin¢ 5054 | en, infobox_cityit, name
values from ponsi_de_ration as negativ| 4771 | de (German), infobox_film, ds
exgmples_. While this is re_asonable (not ¢ (short for “darsteller,” or cast)
pairs of infobox tuples with equal value:

should be mapped), the end result is 4421 dg, personendaten, geburtsort
higher number of false negatives. | (birthplace)

running this algorithm, we find 3.7M| 4295 | en, infobox_cityit, officialName

fr, communtlienne, nom

possible negative examples (from whic
we select 40k for training).

3.2.3 Calculating Pair-Wise Scores
We train an Additive Logistic Regression [6] cldigsi on the
training data described above (10-fold cross vébda Overall,
our classifier achieves 90.7% accuracy in labepags correctly
(detailed in the experimental section below).

Having constructed our classifier, which is able detect
equivalence, we would now like to find the likeldgtbthat a pair
of keys will be equal given many examples. Tolie we simply
generate up to 100 examples of each possible pairinthe
dataset. This number can be varied to generatécisnt
significance under multiple-comparison correctidttsough we
leave this to future work). This process will geate 100 pairs of
{English,actor,namjeand {French, Cinéma (personnalité), npm
from existing data, 100 pairs ofEfiglish,actor,name and
{French, Cinéma (personnalité), lieuDeNaissgnaad so on.
Pairs are selected at random and fed into theifitasdl6.9M of
them). The classifier determines the number ofchred pairs.
The ratio between the number pairs found to be imeat@and the

number tested gives us a scqgpethat the pair is a good match.

Running this algorithm identifies 161k pairs witt» 0.

Given that we have previously calculated pairingthva high
number of exact matches, one might reasonably fasf icould
not use these numbers directly for a score. Uafately, while
effective in situations where there are many exampif a given
pairing, edge (i.e., rare) cases do not work neaslywell. For
example we see many Italian cities in Wikipedit tiat have a
commune_italienne infobox in the French article and
infobox_cityitin English. In these situations it is easier itad f
enough matches to convince ourselves that certaines are
equal. However, in situations where we do not hemeugh
testable pairs (in the tail of the infobox disttibn) we may not
be able to find enouglexactly matching pairs to distinguish
between a true positive and a noise. For exantgsepite 29
potential matchings between the names of Vice 8eets in
English and German (e.ginfobox_vice_president, namand
{personen-daten, narjjeonly 1 instance matched exactly.

3.3 COMPLETING INFOBOXES

With weighted mappings between infoboxes, it novedoees
possible to find corresponding pages, align infohtikbutes and
translate missing values. In Ziggurat, this ise@dy picking the
target article, and then using the infoboxes frotnep articles
sharing the same concept ID to complete the taigfebox.
Toward this end, there are two considerations tiesd to be
made. The first is deciding which attributes skobé filled for

the target infobox (if the user does not explict#yl us), and the
second is how to transform from the approximatechiags to a
more specific and precise case by case matching.

3.3.1 Choosing Potential Attributes

We employ three different methods for choosingdtsgtributes,
each increasingly more general. The first requines the target
article have an existing infobox, and works by diyrgicking the

attributes of that infobox that are already preseflthough this

approach is not capable of generating new attrijlitehas the
advantage of using more relevant attributes, andddoe applied
to infobox cleanup and correction.

The second approach also requires that the targiefeshave an
existing infobox. However, instead of only usingisting

attributes, we now expand the potential attribtdemclude other
attributes from the represented classes. For eeaiffthe actor

class can contain the attributeame born, and moviesand the
particular instance only containeame then the potential
attributes list is expanded to contdiarn andmovies However,

because many classes contain infrequently useithuaés (e.g.
typos or variations), we have implemented a coméble

threshold, so that only highly occurring attributee considered
(e.g. attributes that occur at least 1% of the fimihe class).

The third and final approach does not require aigr xnowledge
of the infobox to be completed. Instead, we gulksesbest set of
potential classes, and then generate attributddling them out

as in the second approach. The guesses are gehbyatounting
infobox class co-occurrences. However, in ordeprevent one
extremely frequent class from matching many others, also

introduce a weighting mechanism to the co-occueencunt.

Instead of using the raw co-occurrence, we weigitheby a
measure of how related the two classes are. Tlight is

currently the maximum pair-wise probability ovell pbtential

attribute matches, although more sophisticated am@sms could
be used. Once these weighted co-occurrences amnd,fave save
the highest match for each target and source layggpair. This
also includes pairs where the source and targgukages match.
Although currently unused, this could be benefigiafenerating
more potential classes for both the second and #gproaches.

3.3.2 Filling Missing Values

Having now determined several potentially-corresiog
attributes, we must decide how to select the bestim The first,
and simplest, approach is to pick, for each tagggtbute, the
source attribute with the highest pair-wise scofiéhis has been
the primary technique employed by our system atithoagh
simple, demonstrates fairly accurate results (seblelT 2 for



Table 2: Experimental results showing the best mahes for the fields in the English infobox actor @ss with p > .5 (infobox

class names removed and only the top match from datanguage is retained, probabilities listed in pagnthesis).

English Spanish German French

baftaawards premiosBafta (0.674)

birthdate fechaDeNacimiento (0.569) geburtsdatuml@)

birthname nombreDeNacimiento (1) ... imdbNamePrty6.987) ... nomDeNaissance (0.979) ...
birthplace lugarDeNacimiento (0.893) ... gebuit$01990) lieuDeNaissance (0.946)
caption nombre (0.8) ... name (0.663) ... nord1®) ...
cesarawards premiosCesar (0.923)

children hijos (0.857) ... name (0.552) enfanB18)
deathplace lugarMuerte (0.857) ... sterbeort (@.92 lieuDeDéces (0.846)
emmyawards premiosEmmy (0.873)

goldenglobeawards premiosGloboDeOro (0.737)

homepage sitioWeb (1) ... name (0.833) ... dicefret (1) ...
imagesize tamafioDeFoto (0.921) imagesize (0.878)
imdbld imdb (1) ... id (0.982) imdb (1)

location location (1) ... geburtsort (0.900) [DmNaissance (0.965)
name name (1) ... name (1) ... nom (1) ...
notableRole interpretacionesNotables (0.633) mdilotables (0.777)
othername nombreDeNacimiento (0.604) imdbNamePipf@38) ... name (0.733)

parents nombreDeNacimiento (0.703) ... name (0.764 nom (0.681)
restingplace lugarDeDefuncién (0.8)

sagawards lugarDeNacimiento (0.571)

spouse conyuge (0.929) ... conjoint (0.891)
tonyawards premiosTony (0.555)

website sitioWeb (1) ... name (0.955) ... sitednet (1)

example output). This approach acknowledges tlifi¢rent
empty infobox attributes can be filled from the samatched
attribute, but reasons about each key-key matcpi@adently. In
the future, we hope to employ probabilistic jointference,
matching all attributes simultaneously.

There are a number of situations where this fléikjbicauses
problems. For example, there are many “name” atte# for
different attributes (birth name, alternative nanadias, etc.).
Because “name” is similar to all these, it will tensidered a high
quality match to all of them. By filling in thedields with the
name value we frequently make mistakes. A solutienhave
experimented with is enforcing a one-to-one mapgiegveen
two infoboxes. While this assumption is not emyireorrect, all
attributes within any given infobox should reprdsetistinct
pieces of information, so a one-to-one mapping dseptable.
Thus, if one assumes that two sets of infoboxatteés have a
one-to-one mapping, known algorithms for maximumigive
matching can be used to determine a mapping. HAngisn
experiments using the Kuhn-Munkres maximum weighatiite
matching algorithm on pairs of infoboxes show prging results.

Ziggurat will attempt to fill in the missing valtie the language of
the target article. In many situations for Wikigedhis is not
necessary as infobox values are frequently persnaales or
numerical values that can be directly copied. Hamwethere are
situations where some translation would be usekdr example,
if we are completing a French infobox using Englisiobox data,
we would prefer to use Etas-Unis as the birthpleatber than
United States. This is easiest in situations whkeevalue is a
hyperlink to another Wikipedia article in which ease might use
the title for that article in the language of théssimg article. In
situations where there is no link, we must relyeaither manual
translation or automated dictionaries. It is heteere use of the
pan-lingual dictionary [4] can pay off by proposiaglausible set
of translations which can be manually corrected.

4. EXPERIMENTAL RESULTS

Because Ziggurat's modules each depend on learainth are
sensitive to the peculiarities of the data, we eatd each
independently.

4.1 Classifier Accuracy

As described earlier, the classifier accuracy fibrfeatures is
90.7% (10-fold cross validation). This result isded towards
more false negatives (17%) over false positives)(5%s alluded
to earlier, we were interested in how much tramstatbased
features add to the precision of the classifieremBving these
features from consideration we find our precisioegdown very
slightly (90.6%) with most new mistakes being catéged as
false negative (18% false negative rate). Thighsldifference
may indicate that complex translation infrastruetwr large
dictionaries are not necessary for this task. beatg said, we do
believe that translation may be a highly usefultdsa when
comparing very dissimilar languages. Because we aily

considering western languages in this work, we fraguently
rely on features such as character n-gram sinyildnt detect
related words. This may not be the case when congp&nglish

to Chinese, for example. Thus, while translatieatdires do not
add much to the accuracy of our results in thitaimse, they are
likely worth retaining and considering in a morelgal scenario.

4.2 Scores and Attribute Matching
After generating the scor@, as described above, we wanted to
make sure that both our intuition for the interptien of these
values as well as our mechanism for selecting itrginlata was
plausible. To test this we group the ranked liftirdobox
attribute pairs by the number of exact matchesn(@able 1) into
quartiles (see Figure 6). Thus, the first quaddatains the pairs
with the most number of exact matches, and so Rlotting the
average calculated score for each quartile we semgrdficant
difference (Kruskal-Wallis, p < 0.05) between thistf quartile
and other groupings, and a general downward sloplis is a
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positive indication that pairings that are freqeetjual also have
a highemp.

To further test our measure we generated a li28&f attribute
pairings selected with a broad rangepof These were manually
labeled by 2-4 participants on a scale of O (natach) to 2 (a
perfect match), with 1 indicating a possible, bah+ideal match

(i.e., if one had a value from the given attribotee might infer
the value for the other). Figure 7 illustrates tbgults. Again, all
groupings are significantly different (Kruskal-WaJl p < 0.05)
and the higher the score the higher the averageatian score.
The disproportionately higher quality of pairs wifh > .75
informed our decision to utilize this number asheeshold. We
also found the average rank for each pair in edobrs lists of
best matches (i.e. for a pair of infobox attribuéesnd B, if we
list all matches for A, where does B fall?). Cédting the
correlation between average evaluation score amkl (far those
up to rank 14 as data is sparse after this), we &innegative
Kendall's tau correlation (-.384) indicating a dagation in
evaluation score the lower the rank (i.e., worgenttatch).

Using a threshold of .75 to discard low quality omats, we “hid”
existing infobox values and generated the moshfikeatch using
the simple (“best match”) algorithm described abdwe 200
pairs. These were manually labeled by the authexgaling an
overall precision of 86%.

4.3 Ziggurat “Recall”

In Figure 8 we see a graphical representationeftins made by
our algorithm. These plots were generated by taiog the

average number of entries for each infobox classréeand after
applying our system for infobox classes with atsted0

occurrences. We have also included a measuretefifial, which

is simply the 99th percentile of sizes for encotedeanstances of
each infobox class. Classes are then sorted irasog order of
average number of entries before plotting. Howeaeylot of the

raw data is fairly noisy, since neither gains noteptial is directly

proportional to average size, so we have insteaittepl a

cumulative version of this same data for ease adirgy.

Particularly noteworthy about these plots is theticmed growth
of infobox sizes after applying our system everihesgrowth of
existing entries begins to slow. This is due irgéapart to the
ability of our system to generate a filled infobexen when the
target article has no infobox or is missing altbget Also
interesting is the noticeably larger growth in Sparand French
(not shown) infoboxes as compared to English andn@e (not
shown). This is strong evidence that our systermahie to
leverage size differentials to boost infobox sizeEven more
important is that these gains can be realized ketveay linked
articles with such a size differential. The plifitsstrate this trend
on the per-language scale.

4.4 Generating Missing Infoboxes

In order to measure the quality of our infobox tma

mechanism, we introduce two quality metrics. Fwst measure
the quality of the guessed classes using the imaditmeasures of
precision and recall. To create these humbersaweur infobox
creation algorithm using existing infoboxes as &aget (i.e.

attempting to recreate an existing infobox fromasan), and then
measuring the overlap between the classes in tiséngxinfobox

and the classes in the guessed infobox. Summisgtbverlaps,
the number of guessed classes, and the numbeistihgxclasses
over all target infoboxes gives us the overall @iea of 54% and
recall of 40%. German was at a high of 80.7% gieni and

English at a low of 45.7%. This is likely due ketfact that there
are far fewer potential German
personnendateis a popular box for any type of person).

Keeping in mind that many infobox classes are apple to any
given article and the large number of potentialssts, these
numbers are quite acceptable. More than half ef ¢lasses

infobox classes . (e.g



guessed are applicable, and around 40% of thenatiglasses are
“re-guessed.” However, this only tells us the guabf the
classes guessed, and not how the selected attribrealistributed
within them. Although only 54% of the classes fduoy our
algorithm already exist in the target infobox,stpossible that a
disproportionate number of the found attributeswi¢éhin those
classes. For this reason, we introduce our segoality measure,
the percentage of guessed attributes that belotigetoverlapping
classes. This is a measure of the overlap betweemttributes
selected by the infobox creation and completiororéigms. The
overall result is 71.8%.

This indicates that our algorithm is indeed findinigh quality
attributes to fill, even when nothing is known abdlie target
infobox. Furthermore, this second measurementwallos to
estimate a lower bound on the quality of creatéobioxes. Since
almost 72% of keys are shared with the completilgordahm,

which has a precision of 86%, we can conclude tthatcreation
algorithm has an estimated precision of at lea%6.62

5. APPLICATIONS AND FUTURE WORK

In addition to the application described here, abdity to align
pages and infobox attributes in multi-lingual Wiggha has many
other uses, several of which we are starting tdoeap

5.1 Information Extraction

Wu and Weld [20] have shown that by heuristicallatching
infobox attributes with sentences containing idmaitivalues, their
Kylin system can create a dataset for self-supedvigaining of a
CRF extractor. When applied to an appropriate pageich
doesn’tyet have an infobox, the Kylin extractor can offierd the
correct attribute value, thus creating or comptetim infobox for
a page. In contrast, this paper has shown an additiway to
obtain missing infobox values—by translating themonf a
language whose pag®eshave the value in an infobox. But there
are many possible improvements to our scheme.

Voting across Languagesdnstead of picking a single language
and translating the value from the page in thaguage, one could
read the infobox value in multiple languages, ti@esinto the
target language and (if the candidate values @idfewrote to find
the most likely value.

Parallel Extraction:The same self-supervised methods pioneered

by Kylin can be applied independently in each laaggy training
CRF extractors from pairs of infobox values and
corresponding natural language sentences. Aftening these
extractors on Spanish, French and other pagese thir be a
much larger set of multi-lingual infobox attributelues; these
can now be voted to create even higher-preciserstations.

Joint Extraction:Instead of learning separate extractors for each

language and then voting, a more sophisticatedoagprmight be

the

Shrinkage across Languagesiu et al. [18] showed that one
could train more accurate Wikipedia CRF extractoysusing a
statistical technique, calleshrinkage to increase the number of
training examples. Following, [9], they used a taxmy to
identify the correspond attribute A’ for the pardntof | and the
analogous attributes for subclasses of |. By tngathe values of
I"'A’ (along with their matching natural-languagext) as training
examples for LA, a much larger training set wasamted and
both precision and recall improved. The same mdshacan be
applied in multi-lingual Wikipedia, assuming tHat any infobox
class, |1, different languages describe differens s# entities.
Thus if the English version didn’t have an infobfmx an actor
while the French version did, one could transldie French
values to English and use the result for trainirgneples. This
approach can be improved using voting or stackedaetion.
Furthermore, the process may be run iteratively,with co-
training: shrinking examples from,lto train extractors for 4,
extracting values for 4. and then using shrinkage to learn a better
classifier for L.

Page Classificationlf a page has even a partial infobox, then it is
clear what type of extractors should be appliefirtd values for
additional attributes; however, if no infobox esisbne must use a
classifier to determine which class of infobox ppeopriate. Wu
and Weld [20] used a simple heuristic classifiehjoli has high
precision but low recall. Several machine-learnimgthods could
be used to train a more versatile classifier—anoirigmt topic for
future work. But this raises the question of whiehtures should
be fed to that classifier. Clearly, one might udeag of words as
well as list and category information. But our miilgual
techniques suggest an even larger set of featRether than just
using a bag of Lwords when classifying an article, it seems most
likely that including words from aligned pages inffatent
languages will result in improved performance.

5.2 Ontology Learning

Wu and Weld [19] demonstrated an autonomous sydtam
generating ontology (including parent/child mapgindgor
corresponding attributes) over infobox classes mglih, and
shrinkage along this taxonomy was later shown éatly improve
the precision and recall of extraction [18] as wentioned above.
Ontological shrinkage will likely prove even morféeetive with a
better taxonomy, so how can one improve the acguiaic
ontology construction? Not surprisingly, multigimal Wikipedia
again promises to help. Wu and Weld's approachréges a
number of features when predicting subsumptionticgls; for
example, the revision history of a page. By alignipages
together and tracking the revision history of eashe would
likely get several times more feature data in thgard alone.

6. RELATED WORK

to learn asingle, jointextractor which takes as input aligned pages Though there is a great deal of research on Wiképaad its uses,

from several languages. A single finite-state maehivould be
trained using bag of words, capitalization and pérspeech
information in each language simultaneously.

Stacked Extraction:Instead of using voting to resolve a conflict
when two languages disagree on the translated wélae infobox
attribute, a better approach might be to train dadwarner to
learn to predict which language is more likely avé the correct
answer. This stacked learner might learn ruledefform ~“When
German and French disagree, German is more liketyect—
unless Spanish agrees with French.”

there is only a limited amount on its multi-lingyaioperties. A
number of systems have begun to apply this datedidous tasks
including question answering [5], thesaurus buiddif8],

disambiguation and named entity extraction [11][1&}d topic
identification [7]. To our knowledge, Ziggurattise first attempt
at infobox alignment in the multi-lingual WikipediaHowever,
other systems have recently emerged supporting ¢ifpes of
correspondences [2].

Creating cross-language links is a problem recaghimth within
the Wikipedia community—as evidenced by the creatimf
various “bots” to automatically fix these links—a®ll as in a



number of recent research projects [1][12]. In work we have
opted to utilize a fairly simple technique for cdetimg missing
links. However, we believe the output of this wairk particular
the infobox alignment, can be used to feed baak link creation
algorithms by identifying potential connections @Bt in
infoboxes but not in the link structure.

The task of infobox alignment is related to theomdted schema
matching/alignment techniques that is a populaiictap the

database community [10]. We utilize a number oésth
techniques in our own work and hope to augment system

further with these mechanisms.

7. CONCLUSIONS

The globalization of Wikipedia shows no appareotslown and
there is a unique opportunity to utilize the paialork of editors
versed in different languages. As content is ecbatt different
rates in different languages, and the quality afttbontent is
highly variable, there is a huge opportunity toohes differences
and inconsistencies. In this paper we introduceZigt, a system
to automatically resolve differentials in infoboxrapleteness.
The system provides a unique mechanism that altbevzontent
in one language to benefit from parallel contenbihers. By
utilizing the notion that this differential is exable (an
arbitrage opportunity), we develop an accurateesysfor filling
in missing infobox data. We additionally discussiamber of
other applications that leverage the multi-lingWkipedia and
the alignment generated by Ziggurat.
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