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ABSTRACT

A weakly-supervised method acquires fine-grained class la-
bels that do not occur verbatim in the input data or under-
lying text collection. The method generates more specific
class labels (gold mining companies listed on the toronto
stock exchange) that capture the semantics of the under-
lying classes, out of pairs of input class labels (companies
listed on the toronto stock exchange, gold mining companies)
available for an instance (Golden Star Resources). When ap-
plied to Wikipedia articles and their categories, the method
generates new categories for existing articles, and expands
existing categories with additional articles.

Categories and Subject Descriptors

1.2.7 [Artificial Intelligence]: Natural Language Process-
ing; H.3.1 [Information Storage and Retrieval]: Con-
tent Analysis and Indexing; H.3.3 [Information Storage
and Retrieval]: Information Search and Retrieval; 1.2.6
[Artificial Intelligence|: Learning
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1. INTRODUCTION

Background: Semantic classes encoded in knowledge repos-
itories are often lexicalized through class labels. They con-
veniently summarize the properties shared among the in-
stances of each class. Consequently, research efforts aim-
ing at compiling knowledge about instances emphasize the
acquisition of as many relevant, lexicalized class labels as
possible.

That class labels play a prominent role in open-domain
knowledge acquisition is supported by the presence of class
labels in popular, human-compiled resources that encode
open-domain instances. Depending on the resource, the
class labels may take different forms. Class labels may be
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members of synonym sets in hypernym classes available for
each instance in WordNet [16]; or categories available in
each article in Wikipedia; or types available for each Free-
base topic [5, 30]. However, the presence of class labels in
otherwise distinct methods and resources serves compara-
ble goals. They compactly describe the meaning of the un-
derlying semantic class, by effectively summarizing some of
the relevant properties of the instance; serve as conceptual
bridges among instances sharing common properties; and al-
low for the organization of instances and their classes into
ontologies or hierarchies. The importance of class labels is
also illustrated by the growing emphasis on open-domain in-
formation extraction [14]. Its goal is to extract open-domain
classes, instances and relations from textual data [3, 7, 52].
Concretely, it extracts sets of instances [43, 36, 50, 22] asso-
ciated with thousands or more [48, 53, 13, 24] open-domain
class labels. In open-domain extraction, the input text col-
lection may be a large set of Web documents, in which case
an extracted class label is a contiguous piece of text (phrase,
title, column heading) from some document. Alternatively,
the input may be human-compiled data, in which case an ex-
tracted class label is one of thousands of pre-existing Word-
Net synsets [44], Wikipedia categories [45, 31, 28] or Free-
base types [30, 46]. Subsequently, the connectivity between
existing instances, on one hand, and existing class labels,
on the other hand, may be further increased by transferring
class labels of an instance to its related instances [46, 25].
Motivation: With existing extraction methods, for a class
label to be output for one or more instances, the class la-
bel must necessarily occur verbatim in the input data or
text collection. But even in very large text collections, spe-
cific (as opposed to general) class labels like “non-alcoholic
mexican beverages”, “hip hop female singers”, “gold mining
companies listed on the toronto stock exchange” are rarely, if
ever, mentioned verbatim for any instances. In the relatively
few cases when they are mentioned, they may not be asso-
ciated with their instances (Jumez, Tamala Jones, Golden
Star Resources) in ways that lend themselves to the extrac-
tion of the respective pairs of an instance and its class label
by current algorithms. Consequently, instances encoded in
current knowledge resources or extracted with current ex-
traction methods offer limited coverage of specific class la-
bels.

Contributions: This paper is the first to explore the role
of what could be referred to as intersective semantics in
the extraction of open-domain information in general, and
class labels of open-domain instances in particular. It in-
tersects pairwise input instance sets associated with more




general class labels (“companies listed on the toronto stock
exchange”, “gold mining companies”), into output instance
sets associated with more specific class labels (“gold mining
companies listed on the toronto stock exchange”). Unlike in
previous work, new class labels are generated rather than
merely selected from existing class labels. As such, they are
not required to occur verbatim in the input data or under-
lying text collection. Experimental results over Wikipedia
demonstrate that previously-unseen class labels can be gen-
erated at specificity levels unmatched by previous methods.
Precision over randomly selected output samples of an in-
stance and its generated class label reaches 70%. It increases
to 85%, when the generated class labels are further inter-
sected with a large set of Web search queries. Generated
class labels provide additional coverage, in scenarios where
class labels stored for an instance are made available di-
rectly, for example to enhance Web search results with struc-
tured data. Class labels also constitute additional evidence
in tasks such as answering list-seeking queries [2], or in an-
swer typing [38] in question answering.

2. GENERATING CLASS LABELS

Intersective Semantics: A class label is a descriptive
phrase employed to name a semantic class, where the seman-
tic class contains a set of instances sharing common proper-
ties. Perhaps because instances and classes are particularly
important building blocks in any knowledge repository, class
labels are frequently studied and extracted from text sepa-
rately [48, 50, 46, 53] from other properties and relations
that may apply to the same instances and classes. But class
labels, on one hand, and properties and relations, on the
other hand, are not the distinct, unrelated pieces of knowl-
edge about a class that previous work may suggest they are.
On the contrary, we argue that the naming of class labels is
strongly influenced by the very properties shared among the
instances of the class:

Hypothesis 1: Let S be a semantic class, {I} its set of in-
stances, and { P} the properties shared among the instances.
A class label C of the class S serves as a compact, lexical
approximation of the properties {P}. The name of a more
accurate (i.e., specific) class label C' of the class S summa-
rizes more, ideally all, of the properties { P}.

Consider the instances within the set {Croatia, Algeria,
Greece, Italy, Slovenia, Tunisia, Spain, ..}. They share var-
ious properties: they are all locations in the world - more
precisely, they are all countries, and all have a border with
the Mediterranean Sea. Out of multiple class labels, includ-
ing “locations”, “countries”, “locations bordering the mediter-
ranean sea” or “countries bordering the mediterranean sea”,
the latter is one of the more specific that best summarize
the properties of the instances.

The addition of new properties to a class specializes it into
a more specific class. The naming of its class label takes into
account both old properties and new properties:

Hypothesis 2: Let P’ be a new property applied to the
set of instances {I} of the class S. The subset of instances
{I'}c{I} that satisfies the additional property P’ corre-
sponds to a more specific class S’. The name of a class
label C’ of the class S’ can be obtained from the class label
C of S, by adding a reference to the property P’.

Considering the above example, if the instance set is re-
stricted to the items located in Europe, then the instance set
shrinks to {Croatia, Greece, Italy, Slovenia, Spain, ..}. The
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Input: instance T

pair of class labels C1, C2 of 7

. large repository of Web search queries {Q}
Output: set of generated class labels {G} of Z
Variables: Fi, F2 = prefix of Cy, C2

. X1, Xa = infix of C1, Ca

O1, O3 = postfix of Cq1, C2

{P1}, {P2} = set of subphrases of C1, Ca
Y1, Y2 = subphrase of C1, Co

Ga, 9B, 9o, p, Gx = concatenations of
. prefixes, infixes, postfixes of C1 and Ca
Steps:

Gy =10
X =[] A =[]

. H1 = HeadToken(C1); H2 = HeadToken(C2)
. {P1} = SubphrasesWithHead(C1, H1)

. {P2} = SubphrasesWithHead(Cz2, H2)

05. For yle{Pl} and yQE{Pz}

06 If CompatiblePhrases(Y1, V2)

07 X, = LongestPhrase(X1, V1)

08. X> = LongestPhrase(X2, V2)

09. If (X1 !I=[]) and (X2 !=1[])

10. [F1, X1, O1] = SplitToPrefixInfixPostfix(Cy, X1)

11. [Fa, X2, O2] = SplitToPrefixInfixPostfix(Ca, X2)

12.  For X in {Xy, X2}

13. Ga = Concat(Concat(Fi, Fz), X, Concat(O1, O2))
14. Gp = Concat(Concat(Fa, F1), X, Concat(O1, O2))
15. Gco = Concat(Concat(Fy, Fa), X, Concat(O2, O1))
16. Gp = Concat(Concat(Fz2, F1), X, Concat(O2, O1))
17. Gx = MostReadablePhrase(Ga, G, Gc, Op)

18. If PlausibleClassLabel(Gx, {Q})

19. Insert Gx in {G}

20. Return {G}

Figure 1: Generic merging of pairs of class labels
into generated class labels

class label of the new, more specific class can be obtained
from the class label of the more general class “countries bor-
dering the mediterranean sea”, by adding a reference to the
new property: “european countries bordering the mediter-
ranean sea”.

Hypothesis 3: Let S1 and S2 be two semantic classes, {I1}
and {I>} their sets of instances, and {Pi} and {P} the
properties shared among the instances. A more specific class
S12, specializing classes S7 or Sz or both, can be constructed
by intersecting the instance sets {I;}N{I2}, which will be
associated with the union of properties {P;}U{P>}. The
name of the class label Ci2 of the class Si2 approximates
the properties {P1}U{P>}. The name can be generated by
merging the class labels C; of S1, with Cy of Sa.

Consider two classes, whose instance sets are {Croatia,

Algeria, Greece, Italy, Slovenia, Tunisia, Spain, ..}, with the
class label “countries bordering the mediterranean sea” and
{Croatia, Germany, Poland, Greece, Serbia, Italy, Slovenia,
Portugal, Spain, Denmark, ..}, with the class label “european
countries”. A more specific class can be created from the
pair of more general classes, by intersecting their instance
sets into {Croatia, Greece, Italy, Slovenia, Spain, ..}; and
merging their class labels into “european countries bordering
the mediterranean sea”.
Merging Flat-Set Class Labels: A class consists in a
set of instances associated with class labels. Intuitively, to
construct a more specific class out of a pair of given classes,
the two instance sets are intersected; and the two class labels
are merged into a more specific class label. Figure 1 presents
an algorithm for merging pairs of class labels of an instance,
into generated class labels applying to the instance.

In Steps 2 to 4, the input class labels are converted into
sets of spans {P1}, {P=}. A span is a phrase within the class



label, whose head token is also the head token of the class
label. The head token is derived from the syntactic parse
tree of the class label.

Steps 5 to 8 identify two infixes X1, X2 among the spans
of each of the two input class labels C1, C2. The infixes X4,
X> are computed as the longest spans YV1€{P1}, Jo€{P2}
within the two class labels, which are deemed compatible
with each other. The compatibility between two spans esti-
mates whether it is appropriate to merge them together. It
is a particular case of semantic relatedness [41, 32]. It can
be approximated in multiple ways. A stricter approximation
would require the phrases to be identical (“1962 [films]” vs.
“[films] by french directors”) or synonymous (“silent [films]”
vs. “award-winning [movies]”). Conversely, a looser approxi-
mation would require the spans to subsume each other (“zulu-
language [films]” vs. “[documentary films] about women”; or
“ethiopian [women]” vs. “living [people]”; or “1980s [estab-
lishments]” vs. “[technology companies]”), or be more loosely
related phrases (“[prelates]” vs. “romanian anti communist
[clergy]”).

In Steps 10 and 11, the infixes split each of the two input
class labels Ci, C2 into an infix &1, X> preceded by a prefix
Fi1, F2 and followed by a postfix O1, O2. The prefix and
postfix may be empty.

If compatible infixes have been identified within the two
input class labels, a new class label is generated from the
class labels in Steps 12 to 19. The infix of the generated
class label is one of the infixes of the input class labels. The
prefix and postfix of the generated class label are obtained
by pairwise merging of the prefixes and postfixes of the input
class labels respectively. Specifically, the generated prefix is
one out of two possible concatenations of the input prefixes;
and the generated postfix is one out of two possible concate-
nations of the input postfixes. For example, for the input
class labels “silent [films]” and “award-winning [movies]”, the
generated prefix is one of silent award-winning or award-
winning silent, the generated infix is films or movies, and
the generated postfix is empty. Thus, Steps 13 to 16 simply
consider the four possible concatenations Ga, Gg, Gc, Gp
of a generated prefix followed by a generated infix followed
by a generated postfix. The most readable of these concate-
nations is retained as the generated class label Gx in Step
17. The readability of a concatenation is estimated with an
ngram language model [6] compiled from a collection of Web
documents. As an alternative to more complex smoothing
strategies, the computation of language-model scores relies
on a simple backoff strategy (cf. [6]). The concatenation Gx
with the highest language-model score is selected over the
other possible concatenations in Step 17. Note that one of
the four possible concatenations is always selected in Step
17, even if the entire concatenation does not occur in its en-
tirety in the language-model training data. If the concate-
nation Gx is deemed to be a plausible class label in Step 18,
then it is retained in the set of generated class labels {G}.
Concretely, the presence of a class label as a full-length query
in the set of queries {Q} can be treated as an indication that
the class label is plausible, since Web users found it to be
relevant enough to submit it as a search query. The use of
search queries for estimating plausibility imposes practical
bounds on the specificity of class labels that can be gen-
erated. Most search queries are relatively short. Therefore,
very long class labels are unlikely to be generated, since they
are not likely to occur even within a very large set of search
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jean melville directors 1962 films
Le Doulos by french
1962 films directors
films directed by films by french
henry decoin directors 1962 films
Le Masque by french
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Figure 2: Merging pairs of Wikipedia parent cate-
gories and ancestor categories of an instance, into
generated class labels of the instance. One of the
infixes of the categories being merged, shown un-
derlined, is selected as infix of the generated class
label. Parent categories are Wikipedia categories
listed at the bottom of a Wikipedia article. Ances-
tor categories are parent categories or, recursively,
parent categories of parent categories.

queries. Alternative methods for assessing plausibility may
be considered, such as a threshold on the language-model
scores computed in the previous step.
Merging Hierarchical Class Labels: The algorithm in
Figure 1 applies directly to input class labels available for
each instance simply as a flat set of class labels. But if in-
put class labels are organized hierarchically, the algorithm
equally applies to both “parent” class labels, and to “ances-
tor” class labels that recursively generalize the input class
labels in the hierarchy. For each pair of input class labels,
additional pairs of their more general class labels are also
considered. For example, in addition to merging “prelates”
and “romanian anti communist clergy”, the algorithm also
attempts to merge one of “prelates”, “christian religious lead-
ers”, “religious leaders”, with one of “romanian anti commu-
nist clergy”, “romanian clergy”, “romanian people”.
Generating Wikipedia Categories: The method for gen-
erating class labels can be applied to extend any knowledge
resource that associates human-readable class labels to vari-
ous instances. Among such sources, one of the more popular
ones is Wikipedia. In this case, an input class label is an
existing Wikipedia category, whereas a generated class label
corresponds to a generated Wikipedia category. Previous
studies already illustrate Wikipedia’s role in knowledge ac-
quisition [45, 31, 54, 52] and information retrieval [21, 42].
Our contribution related to Wikipedia is to infer new, finer-
grained categories, from categories already listed at the bot-
tom of Wikipedia articles. When compared to other knowl-
edge resources, Wikipedia exhibits a few peculiar features,
such as the presence of infoboxes. In order to avoid depen-
dence on features specific to Wikipedia, neither infoboxes
nor the body of Wikipedia articles are used.

The left part of Figure 2 shows examples of Wikipedia in-
stances, i.e., titles of Wikipedia articles (e.g., Uchuu Race:
Astro Go! Go!). In the figure, instances are connected to the



Wikipedia categories and generated classes,
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Figure 3: Acquisition of generated class labels for individual Wikipedia articles, from pairs of parent and
ancestor categories listed in Wikipedia for each article. Parent categories are Wikipedia categories listed at
the bottom of a Wikipedia article. Ancestor categories are parent categories or, recursively, parent categories
of parent categories (solid boxes in upper part of the figure=Wikipedia categories; solid boxes in lower part
of the figure=Wikipedia instances; solid edges between boxes=instance-to-category or category-to-category
links within Wikipedia; dashed boxes=generated class labels; dashed edges below dashed boxes=added links
between a Wikipedia instance and a generated class label; dashed edges above dashed boxes=added links
between a generated class label and one of the two Wikipedia categories from which it was generated)

right to their Wikipedia parent categories (“japan-exclusive
video games”) and, further to the right, to incrementally
more general ancestor categories derived from the Wikipedia
category network [40] (“video games developed in japan”,
“lapanese games”, “asian games”). Ancestor categories are
parent categories or, recursively, parent categories of parent
categories in Wikipedia. The right part of the figure shows
new class labels (new Wikipedia categories) obtained from
pairs of ancestor categories. For example, “asian games”and
“racing video games” are merged into “asian racing video
games”, by merging the infixes games and video games of
the two class labels respectively.

Although new categories are generated independently from
one Wikipedia instance to another, the same category may
be generated for multiple instances. For example, “1962
films by french directors” is generated for both Le Doulos
and Le Masque de Fer in Figure 2. In turn, generated cat-
egories become part of, and extend, the larger Wikipedia
category network. In Figure 3, generated categories (e.g.,
“toyota electric vehicles”) are connected downwards to their
Wikipedia instances ( Toyota eCom, Toyota i-Real, etc.), and
upwards to the Wikipedia categories from which they are

created (“electric vehicles”, “toyota vehicles”).

3. EXPERIMENTAL SETTING

Raw Data Sources: The experiments benefit from three
sources of raw textual data: a snapshot of all Wikipedia
articles in English, as available in May 2012; a sample of
around 200 million Web documents in English; and around
1 billion anonymized Web search queries in English.

Derived Data Sources: The raw content of Wikipedia
articles is distilled into mappings from an article title (e.g.,
Mount Pulaski Courthouse State Historic Site) to the set
of categories listed at the bottom of the article (e.g., “gov-
ernment buildings completed in 18487, “abraham lincoln na-
tional heritage area”, “county courthouses in illinois”). The
mappings from a sample of 50 articles are inspected dur-
ing development, and therefore removed from evaluations of
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accuracy. In all mappings, the categories are syntactically
parsed [37] to identify their head tokens. Consistently with
treatment in previous work [40], Wikipedia categories con-
taining any of the subphrases article(s), category(ies), in-
foboz(es), pages, redirects, stubs, templates, wikiproject and
use mdy dates are deemed to have internal bookkeeping as
sole purpose, and therefore are discarded. Categories like
“abraham lincoln national heritage area”, whose head tokens
are not plural-form nouns, are less likely to form good class
labels. As in [40], such categories are discarded.

The Wikipedia category network, containing mappings
from more specific to more general Wikipedia categories,
is separately collected from categories listed at the bottom
of Wikipedia category pages (e.g., from the page titled Cat-
egory: Government buildings completed in 1848).

Unstructured text within the set of Web documents is the
source for an ngram language model using a simple-backoff
smoothing strategy [6], and for a phrase similarity repository
derived following [27, 34]. The repository contains ranked
lists of up to 1000 most distributionally similar phrases, for
each of around 1 million phrases. For example, the top dis-
tributionally similar phrases for video games are videogames,
computer games, violent video games, games, comic books,
electronic games etc. The similarity between two phrases is
the cosine similarity of their context feature vectors [27].

Using the phrase similarity repository, a separate, ex-
panded set of possible queries is created out of the origi-
nal set of Web search queries. Following [33], replacements
of ngrams within queries, with their most similar phrases,
produce other possible queries whose plausibility is checked
against the input set of queries. The expanded set of queries
contains around 125 billion queries. Either the original set
of queries or the expanded set of queries can be used as the
input set of queries, in the algorithm in Figure 1.
Extraction Parameters: The generic steps in the algo-
rithm from Figure 1 are instantiated as follows. Infixes of
class labels being merged are deemed compatible in Step
6, if the infixes are distributionally similar to each other in
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Figure 4: Distribution of the size of instance sets,
shown as count of class labels whose instance set
has a given size. Computed over source categories
from Wikipedia (first graph) vs. generated class la-
bels that are not Wikipedia categories (remaining

graphs)

the phrase similarity repository; and if they share the same
head token (e.g., video games and games). As for generated
class labels, they are deemed plausible in Step 18 if they are
full-length queries in the set of queries. The algorithm is
implemented as a sequence of MapReduce [10] stages over
the Wikipedia snapshot.

Experimental Runs: Experimental runs correspond to
combinations of constraints that must be satisfied by the
class labels extracted or generated from Wikipedia data.
Individual constraints are denoted as follows: W, to re-
quire class labels to be in the set of existing categories from
Wikipedia (and, on the flip side, =W to require class labels
to be other than existing Wikipedia categories); G, to gen-
erate class labels with our method, without any checks for
plausibility of generated class labels; @, to require class la-
bels to be queries from the original input set of queries; S,
to require class labels to be queries from the expanded set
of queries. These individual constraints are combined into
several experimental runs, in particular:

e Ry, a baseline run that simply outputs categories al-
ready listed in Wikipedia for the various Wikipedia instances,
without further modifications;

e R¢, an aggressive (over-generative) run that generates
class labels without any checks for plausibility;

¢ Renw and Ren-w, obtained from Rg by restricting
generated class labels to those that are (W) or are not (—=W)
existing Wikipedia categories;
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Figure 5: Distribution of source categories, shown
as fraction (solid lines, left axis) and count (dotted
lines, right axis) of source categories for which the
count of generated class labels falls under particular
intervals. Counts of class labels are computed over
generated class labels that are not Wikipedia cate-
gories, and are either original queries (upper graph)
or extended queries (lower graph). For example,
10 class labels or more are generated from each of
5.3% (1,292) source categories, in the upper graph;
or from each of 15.8% (15,312), in the lower graph

e Ring and Rgns, more conservative runs than Rg that
require generated class labels to be original queries (Q) or
expanded queries (S);

¢ Ren-wng and Rgn-wns, runs that further restrict
plausible generated class labels to those that are not among
existing Wikipedia categories already.

4. EVALUATION RESULTS

Relative Coverage: As illustrated in Table 1, the number
of new, generated class labels (run Rgn-w) is an order of
magnitude higher than the number of categories available
in Wikipedia (run Rw) from which they are generated. If
class labels are intersected with the sets of queries, 25% or
150% additional class labels are generated on top of exist-
ing class labels, when intersecting with the original set @
(Rwng vs. Ren-wnq) or expanded set of queries S (Rwns
vs. Ren-wns) respectively. This corresponds to increasing
coverage by the respective percentages, in a scenario where
list-seeking queries were answered directly with instances
associated with class labels that fully match the queries.

Since generated class labels are finer-grained, they are as-
sociated with fewer instances on average than their source
categories from Wikipedia. Figure 4 provides a more de-
tailed view into the distribution of class labels in various
runs, from the point of view of the size of their instance
sets.

Figures 5 and 6 illustrate the “productivity” of source cat-
egories from Wikipedia, in contributing to the generation of
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Figure 6: Top source categories from Wikipedia,
whose intersection with some other Wikipedia cat-
egories produces the highest number of generated
class labels. Counts are computed over generated
class labels that are not Wikipedia categories, and
are either original queries (first graph) or extended
queries (second graph)

class labels. The graphs in Figure 5 show the fraction and
count of source categories, on the vertical axis, that generate
a number of class labels within a particular interval, on the
horizontal axis. More class labels are generated, when they
are required to appear in the expanded set S as opposed to
original set @) of queries. The same phenomenon is visible in
Figure 6. The top 30 most productive Wikipedia categories,
which contribute to generating the largest number of class
labels, lead to 401 (“pc games”) down to 108 (“playstation
2 games”) generated class labels for Ren-wnqg, vs. 3,634
(“debut albums”) down to 763 (“war films”) for Ren-wns-

Recovering Existing Instances: Although its goal is to
generate new class labels, the method may generate class la-
bels that are themselves Wikipedia categories. For example,
merging the two input Wikipedia categories “high schools in
nevada” and “private schools in nevada” for the instance The
Meadows School produces “private high schools in nevada’.
The latter is already a category of The Meadows School in

556

Sample of Class Labels

11th-century natural disasters, 1971 christmas albums,
1976 elections in germany, aerospace museums in iowa,
agriculture companies of the united kingdom, ameri-
can people of madeiran descent, buddhist monasteries
in france, cambodian documentary films, china records
live albums, defunct airlines of sierra leone, guatemalan
people of italian descent, history books about central
america, ice hockey people from west virginia, kenyan
people of czech descent, market towns in wales, music
museums in austria, naval battles of world war i in-
volving japan, open air museums in canada, pakistani
people of dutch descent, private high schools in nevada,
religious museums in thailand, slovenian expatriates in
china, solar power stations in japan, student protests in
australia, tangerine dream live albums, technology mu-
seums in ohio, toll bridges in massachusetts, ucla bruins
baseball coaches, uruguayan computer scientists, viet-
nam war aircraft carriers of the united states

Table 2: Ability of generated class labels to recover
instances already available for them in Wikipedia.
Illustrated through a random sample of generated
class labels, whose instance sets include all instances
already available in Wikipedia for the respective
class labels

Wikipedia. Such cases are an opportunity to measure cov-
erage, with respect to the ability of generated class labels to
recover instances already available for them in Wikipedia.

To illustrate, consider the Wikipedia category “private
schools in nevada”. It has two instances in Wikipedia, both
of which are also among the four instances to which the gen-
erated class label “private schools in nevada” is associated.
Separately, the Wikipedia category “austrian computer sci-
entists” has ten instances in Wikipedia, seven of which are
present among the nine instances of the generated class label
with the same name “austrian computer scientists”. There-
fore, the generated class labels “austrian computer scien-
tists” and “private schools in nevada” recover 70% (7 out of
10) and 100% (2 out of 2) respectively, of the instances al-
ready available for them in Wikipedia. In particular, the set
of instances available in Wikipedia for the category “private
schools in nevada”is completely recovered by the generated
class label with the same name.

Table 2 shows additional examples of Wikipedia categories
whose sets of instances are completely recovered by the gen-
erated class labels. More generally, only a fraction of the in-
stances available in Wikipedia categories are recovered via
generated class labels, as illustrated in Table 3. Over the
set of generated class labels that are Wikipedia categories,
the average proportion of Wikipedia instances recovered by
generated class labels is 63.3%.

Adding New Instances: Over the same set of generated
class labels that are Wikipedia categories, Table 4 measures
the complementary phenomenon of adding new instances
not already available in Wikipedia for the respective class
labels. In this context, a new instance is one that already
exists in Wikipedia, but is associated with categories other
than the particular class label being considered. For exam-
ple, the set of instances associated with the category “tech-
nology companies of japan”in Table 4 increases from only one
instance (Neurowear) already available in Wikipedia, to 306
instances (e.g., AliceSoft, Now Production) after generating
class labels. Over generated class labels that are Wikipedia



Rcvr. Int. | Frac. CI. || Rcvr. Int. | Frac. CIL.
[0.0, 0.0] 0.044 0.6, 0.8) 0.132
(0.0, 0.2) 0.130 0.8, 1.0) 0.124
0.2, 0.4) 0.117 1.0, 1.0] 0.323
0.4, 0.6) 0.131

Table 3: Ability of generated class labels to recover
instances already available for them in Wikipedia.
Illustrated through the fraction of generated class
labels that are Wikipedia categories, that fall un-
der various intervals of instance recovery coverage
ratios. For each generated class label, the recov-
ery coverage ratio is computed as the ratio be-
tween the number of instances already available in
Wikipedia that are recovered by the generated class
label, and the number of instances already available
in Wikipedia (Rcvr. Int.=interval over instance re-
covery coverage ratios; Frac. Cl.=fraction of class

labels)

# | Class Label Cvg. ~
1 | english christian religious leaders 1,012x
2 | 2010s rock songs 634X
3 | irish christian religious leaders 570x
4 | european people of irish descent 508
5 | victorian-era ships of the united kingdom 435 %
6 | christian organizations based in the 340

united states
7 | infantry divisions of world war ii 321x

8 | technology companies of japan 306 %
9 | 6th-century european people 279 %

10 | Tth-century european people 247X

11 | international educational organizations 212X

12 [ merchant ships of scotland 166 %

13 | turkish people of spanish descent 148

14 | service companies of the soviet union 134

15 | italian catholic bishops 13Ix

Table 4: Ability of generated class labels to increase
coverage (Cvg. ") by generating instances not al-
ready available for them in Wikipedia. Illustrated
through the list of generated class labels that contain
the most new instances, relative to the instances al-
ready available in Wikipedia for the respective class
labels (x=how many times the number of new in-
stances is larger than the number of instances al-
ready available in Wikipedia)

categories, the average ratio of Wikipedia instances newly
added by generated class labels to the respective categories
is 72.8%.

Accuracy of Generated Class Labels: Since new pairs
of a generated class label and an instance are by definition
not already in Wikipedia, their quality cannot be assessed
automatically relative to Wikipedia. A separate gold stan-
dard dedicated to the task is not available either. Instead,
in accordance with other previous studies on open-domain
information extraction [49, 52, 53, 28], extraction samples
are manually inspected.

Random pairs of a generated class label and an instance
are manually annotated as correct, questionable or incor-
rect. Examples of questionable pairs are “cultural events in
italy” for Alessandria Challenger, which is a sports event;
and “british explorers of north america” for John Franklin,
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Run Precision
Correctness Counts | Score
T Cl Q T
Ren-w [ 200 [ 119 [ 45 [ 36 | 0.707
Ran-wng | 200 | 172 622 0.875
Ren-wns | 200 | 179 1|20 | 0.897

Table 5: Accuracy computed over random sam-
ples of pairs of a generated class label that is not
a Wikipedia category, and one of the instances of
the class label. For each run, the sample of pairs is
drawn by first selecting a weighted random sample of
200 class labels, where the weight is the size of (i.e.,
number of instances in) a class label; then selecting
one random instance for each class label (T=total;
C=correct; Q=questionable; I=incorrect)

Run Precision
Correctness Counts | Score
T[] C[Q[ 1T

[Roow [ 200 [ 161 [ 9 [ 30 | 0.827 ]

Table 6: Accuracy computed over a random sample
of pairs of a generated class that is a Wikipedia cate-
gory, and one of the instances of the class label. The
sample of pairs is drawn by first selecting a weighted
random sample of 200 class labels, where the weight
is the size of (i.e., number of instances in) a class
label; then selecting one random instance for each
class label, where the instance is not already avail-
able in Wikipedia as an instance for the class label
(T=total; C=correct; Q=questionable; I=incorrect)

who was a person born in England who explored Canada.
To compute the accuracy over a set of annotated pairs, the
correctness labels correct, questionable and incorrect are con-
verted to the numeric values 1.0, 0.5 and 0 respectively.
Precision over the set is the sum of the correctness values,
divided by the size of the set. Note that alternative met-
rics like the cumulative gain and its discounted variants [23]
could also be measured, if the evaluation data took the form
of ranked lists rather than sets.

Precision is computed for two different scenarios: gen-
erated class labels that are not Wikipedia categories, and
generated class labels that are Wikipedia categories. The
first scenario corresponds to creating new Wikipedia cate-
gories and populating them from scratch with instances, in
Table 5. The accuracy of generated class labels is 0.707,
0.875 or 0.897, depending on whether generated class la-
bels are not checked for plausibility (run Rgn-w) or are
required to be original queries (run Rgn-wng) or extended
queries (run Rgn-wns). As expected, runs Ren-wneg and
Ren-wns have higher precision than run Rgn-w. More
interestingly, runs Rgn-wng and Rgn-wns have similar
precision. In other words, the increase in coverage brought
by run Rgn-wns relative to Ren-wnq, illustrated earlier
in Table 1, does not cause a drop in precision.

The second scenario for computing precision corresponds
to populating existing Wikipedia categories with additional
instances, in Table 6. The accuracy for generated class labels
is 0.827 (Regnw). Thus, around 8 out of every 10 newly
added instances to existing Wikipedia categories are correct.



Pairs of (Generated Class Label: Instance) |
Generated class labels are Wikipedia categories:
african-american rock singers: Gary U.S. Bonds);
canadian rock musicians: Martha Johnson (singer)g;
entertainment companies of japan: Inti Creates); (hip
hop double albums: Paid in Full (soundtrack)); (manu-
facturing companies of lebanon: Farra Design Centerg;
music publishing companies of germany: Kitty-Yo);
roman catholic schools in australia: Good Shepherd
Catholic College, Mount Isa); (syrian people of british
descent: Asma al-Assad)

Generated class labels are not Wikipedia categories:
(2007 wii games: Monster Trux: Arenas); (australian in-
die musicians: Calerway); (british colonial infantry reg-
iments: 10th Jats); (charter high schools in the united
states: George Walton Comprehensive High School);
(fantasy novel characters: Old Man Willow); (hip hop
female singers: Tamala Jones); (metal mining compa-
nies: Zhaojin Mining); (non-alcoholic mexican bever-
ages: ToniCol); (stealth xbox games : The Great Escape
(2003 video game))

Table 7: Sample of correct class labels generated for
various Wikipedia instances and not already avail-
able as Wikipedia categories for the respective in-
stances

Table 7 gives examples of correct extractions for both the
first scenario and the second scenario.

Discussion: Aggressively generating class labels in Rgn-w
increases the number of Wikipedia categories from Table 1
by a factor of 10. Whether their precision of 0.707 in Ta-
ble 5 is adequate depends on the application. Requiring
that generated class labels be queries results in the more
conservative runs Rgn-wng and Regn-wns. In particular,
the intersection of generated class labels with the expanded
set of queries proves particularly useful. It allows for gener-
ated categories to roughly double (more precisely, increase
by 82%) the number of Wikipedia categories in Table 1,
while retaining a precision score above 0.80 in Table 5.

The correctness of class labels is guaranteed in Table 6,
where the class labels are existing Wikipedia categories; but
not in Table 5. Nevertheless, the accuracy of runs Rgn-wnq
and Rgn-wns in Table 5 is higher than for Rgnw in Table 6.
Two factors contribute to this situation. First, requiring
the generated class labels to be original (Q) or expanded
(S) queries has positive impact on the actual correctness of
class labels generated in Rgn-wng and Rgn-wns. Second,
it may be more difficult to populate an existing class label
with additional instances beyond the more popular ones that
are already known, as in Rgnw; than it is to populate a new
class label with its instances from scratch, as in Ren-wng
and Rgn-wns-

Error Analysis: Several types of errors, causing incorrect
class labels to be generated for some instances, are more
frequently encountered in the experiments.

In the first type of errors, the input Wikipedia categories,
from which class labels are incorrectly generated, are them-
selves incorrect. Although Wikipedia data is manually cre-
ated and verified, the Wikipedia category network has errors
with respect to how it hierarchically organizes Wikipedia
categories. In some cases, the organization is not in fact hi-
erarchical [40]. In Wikipedia, the category “amtrak stations
in utah”is linked under “amtrak stations” “amtrak stations”
is linked under “railway stations by company”, and “railway
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stations by company” is linked under “railway companies”.
The first two links are proper hierarchical (subsumption, or
IsA) links, but the last link is not. In other cases, even
when links are hierarchical, they may still be incorrect due
to what one could refer to as OR-subsumption (as opposed
to AND-subsumption). To our knowledge, this phenomenon
has not been reported in previous work using or extend-
ing Wikipedia [40, 45, 52, 32]. The OR-subsumption phe-
nomenon counsists in more specific categories being linked
under a set of more general categories, where the rather un-
usual semantics seems to be that only one link or another,
but not all, hold simultaneously for any instance of the more
specific categories. Examples include the category “people of
the tudor period”. 1t is linked under “15th-century irish peo-
ple”, “15th-century english people” and “15th-century welsh
people”, among other categories. Clearly, the meaning of
these links is that an instance of “people of the tudor pe-
riod” can be an instance of “I15th-century irish people” or
“15th-century english people” or “15th-century welsh people”,
but not all of them simultaneously. Since OR-links are not
distinctly marked as such in Wikipedia, they are treated
similarly to other links. They cause the inclusion of incor-
rect input class labels like “15th-century irish people” for the
instance William Finch (merchant).

The second type of errors consists in merging input cat-
egories that are individually correct, but produce incorrect
generated class labels for various reasons. In some cases,
the input class labels refer to incompatible properties that
do not make much sense in combination. For example, the
instance Hub Pernoll is listed in Wikipedia under the cat-
egories “portland beavers players” and “aberdeen grays play-
ers”. Similarly, the instance Kirk Douglas is listed under
“cecil b. demille award golden globe winners” and “academy
award winners”. But it is incorrect to generate the class la-
bels “aberdeen harbor grays portland beavers players” or “ce-
cil b. demille award academy award winners”. Note that the
same class labels could be judged as more useful, or at least
more readable, if conjunctions were added (e.g., “aberdeen
harbor grays and portland beavers players”). In other cases,
incorrect infixes may be selected, as in merging “elemen-
tary schools in british columbia” and “high schools in british
columbia”into “elementary high schools in british columbia”.

5. RELATED WORK

In a confirmation of their key role in any attempt at rep-
resenting, organizing and serving world knowledge, class la-
bels and/or their instances are the backbone of knowledge
resources. The application of our method to Wikipedia is
transitively beneficial to other resources derived from it, in-
cluding DBpedia [4], Yago [45, 20] and Freebase [5].

The acquisition of open-domain classes, instances and re-
lations has attracted much attention [26, 1, 17, 22, 52, 18,
29]. In previous methods for extracting sets of instances as-
sociated with class labels [3, 50, 25], the sets of instances
and/or class labels are organized as flat sets or hierarchi-
cally, relative to inferred hierarchies [24] or manual hierar-
chies such as WordNet [44] or the category network within
Wikipedia [51, 39]. Semi-structured text from Web doc-
uments is a complementary resource to unstructured text,
for the purpose of extracting relations in general [7], and
class labels and their instances in particular [47, 9]. Com-
paratively, our method does not require any separate col-
lections of Web documents, whether unstructured or semi-



Method: Constraints on Extracted Class Labels |
Class labels are confined to a restricted vocabulary:
[46]: Existing class labels, such as Wikipedia cate-
gories, of some other instance(s)

44]: Elements of WordNet synonym sets

28]: Wikipedia categories

Class labels are not confined to a restricted vocabulary:
[63]: Contiguous phrases in text documents; match a
Hearst[19] pattern with their instances

[24]: Contiguous phrases in text documents; match
a doubly-anchored Hearst[19] pattern with their in-
stances

[35]: Contiguous phrases in text documents; occur in
the proximity of their instances

Table 8: Constraints satisfied by class labels ex-
tracted by a sample of extraction methods

structured, as a necessary data source from which class la-
bels and their instances are extracted. Instead, our method
simply merges class labels already available for an instance,
into new class labels of that instance.

The vocabulary of class labels potentially assigned to an
instance by previous methods may be restricted or unre-
stricted. In the case of a restricted vocabulary, the vocab-
ulary of class labels is confined to a closed set provided
manually as input [50, 8]. The set is often derived from
Wikipedia or similar resources [45, 46, 28]. New pairs of
a class label and an instance are extracted by expanding
the sets of instances associated with each class label [48, 50,
34, 55], with additional related instances; or by propagating
class labels from an instance to its related instances over a
graph [46]. Relatedness is often estimated via distributional
similarities [34, 25]. For a class label to be newly assigned
to an instance, the class label must already be present in
the input data for some other instance. In contrast, our
method often generates class labels not present in the input
data for any of the instances. In the case of an unrestricted
vocabulary, the vocabulary of class labels is acquired itself
along with the instances [35, 44, 3, 48, 24, 15]. The ex-
tracted class labels take the simpler syntactic form of head
nouns preceded by modifiers, e.g., cities, european cities [13];
artists, strong acids [35]; outdoor activities, prestigious pri-
vate schools [48]; methaterians, aquatic birds [24]. Part of
the reason is that class labels and other phrases that are rel-
atively complex nouns are known to be difficult to detect and
pick out precisely from surrounding text [12]. In contrast,
the class labels extracted in our method exhibit greater syn-
tactic variation, including but not limited to head nouns
preceded by modifiers. Some of the practical constraints ex-
hibited by class labels extracted with various methods are
summarized in Table 8. To our knowledge, none of the pre-
vious methods assigns new class labels to existing instances
with existing class labels, where the new class labels are
not already existing class labels of some other instances.
Furthermore, previous methods do not produce class labels
as specific as, e.g., “10th-century serbian executed reigning
monarchs”, “1883 ships built in the san francisco bay area’,
“packaging companies listed on the zagreb stock exchange”
and others generated by our method.

A number of previous studies specifically address the ex-
pansion of instances and/or their class labels available within
knowledge resources. Examples include the filtering and re-
organization of existing class labels, and the expansion of
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their sets of instances in the case of Wikipedia [40], Word-
Net [44] or both [45, 39], as well as Freebase [46]. For ex-
ample, [44] links new instances acquired from unstructured
text to existing WordNet concepts, whereas [46] propagates
existing class labels among semantically-related Freebase in-
stances. None of these studies acquire previously-unseen
class labels. For example, class labels that are newly propa-
gated to an instance in [46] must have been present verbatim
in the input data for some other instance. The acquisition
of fine-grained class labels and their instances is related to
typed search [11] or entity search [2] where class labels sub-
mitted as queries may be answered by instances available for
the class labels. It is also related to answering list queries
(“what is the list of drought-tolerant plants from venezuela”).

The extraction method in [31] analyzes Wikipedia cate-
gories, with the goal of turning implicit relations that they
may encode into explicit ones. Among other extracted re-
lations, [31] may extract relations of the same type as in
this paper, namely IsA relations between a Wikipedia in-
stance and a class label (more precisely, a Wikipedia cat-
egory) not already available for the respective instance in
Wikipedia. There are several differences between the two
methods. First, the vocabulary of class labels in [31] is
restricted to the categories already available in Wikipedia,
whereas our method generates class labels that sometimes
are, but usually are not already available in Wikipedia. Sec-
ond, categories added to an instance in [31] are more general
than the source categories from which they are inferred. For
example, the category “albums”is inferred for the instance
Kind of Blue, based on the availability of the parent cate-
gory “miles davis albums” and its own parent category “al-
bums by artist” in Wikipedia. In comparison, our method
merges pairs of existing categories into generated class labels
that are more specific than existing categories. Third, the
method in [31] is tailored and applies only to Wikipedia, as
it makes specific assumptions about the edges in the cate-
gory network within Wikipedia. In comparison, our method
is equally applicable to class labels from sources other than
Wikipedia. Concretely, it applies to any sources that as-
sociate multiple class labels to various instances. It does
require such sources to satisfy a few constraints. At least
some of their class labels must be complex nouns rather than
simple nouns (e.g., “software companies” rather than “com-
panies”), such that they can be merged with one another.
Furthermore, enough of their instances must be associated
with multiple class labels rather than with only one, such
that pairs of such class labels can be formed and considered
for merging. If the class labels of some source are not or-
ganized hierarchically, then our method still applies to that
source, but does not attempt to merge class labels that re-
cursively generalize other class labels in the hierarchy.

An opposite approach to generating fine-grained class la-
bels from existing class labels might be to first reduce ex-
isting class labels to non-overlapping, “atomic” class labels.
Such atomic class labels would later be potentially mixed
and merged, in response to user queries asking for fine-
grained class labels. However, such an approach would incur
prohibitive latency associated to inferring new class labels
from existing ones on the fly. It would also merely com-
pute a list of ranked candidate instances in response to a
fine-grained class label, rather than explicitly asserting that
certain instances do in fact apply to a certain fine-grained
class label. In fact, to our knowledge, none of the previ-



ous extraction methods attempts to reduce extracted class
labels to atomic class labels either. Instead, they may, and
often strive to, extract lexically overlapping class labels, such
as “software companies”, “german companies”, “german soft-

ware companies” for the same instance.

6. CONCLUSION

A common strategy for scaling up the acquisition of open-
domain knowledge is to take advantage of larger input data
sources. This paper proposes an alternative strategy: taking
advantage of knowledge that was already extracted, to in-
fer additional knowledge. Disparate pieces of evidence (i.e.,
input class labels) are merged together into finer-grained
assertions (generated class labels) than what could be po-
tentially extracted from even large text collections. Current
work explores the connection between class labels of an in-
stance, on one hand, and relations and properties of an in-
stance, on the other hand; the generation of iteratively more
specific class labels, by applying the algorithm from Figure 1
in multiple iterations; and more accurately identifying pairs
of input class labels that are not compatible and therefore
would generate incorrect class labels.
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