
It has been a long term dream of AI to develop systems that can emu-
late human levels of language understanding and reasoning, for example to an-
swer questions or to construct summaries. Recent foundational, methodological
and technological developments in Knowledge Representation (e.g. ontologies,
knowledge bases incorporating various forms of incompleteness or uncertainty),
Reasoning (e.g. data fusion-integration, argumentation, etc.), Natural Language
Processing (such as information extraction, relation detection) and formal prag-
matics (user models, intentions, etc.) make it possible to foresee the elaboration
of much more accurate, cooperative and robust systems dedicated to under-
standing, learning and answering questions from textual data, operating either
on open or closed domains. The time is right to start placing the pieces from all
these different areas to develop a unified system for Learning by Reading and
Automated Question Answering.

The goal of this workshop is to bring together researchers from different back-
grounds (AI, NLP, linguistics, HLT and pragmatics) to explore possibilities of
integrating the different techniques for building a system for Learning by Read-
ing. The workshop will be focused on models for intelligently analyzing data
and constructing data repositories.

This workshop starts with two papers dedicated to question answering: the
first one, by Bourse et al. deals with a model of explanation structure ap-
propriate for generating explanations in question-answering following standard
schemas as found in technical documents. The second paper, by Barker et ali.
shows improvement strategies for conjunctive queries, considering that errors in
individual query conjuncts multiply in conjunctive ones, often causing recall to
drop dramatically as queries add terms.

The next three papers are dedicated to learning from texts. The first paper, by
Garcia et ali. the authors propose to select four main types of linguistic features
and systematically evaluate their performance in semantic Relation Extraction.
The second paper, Popescu et ali. present an unsupervised and language inde-
pendent method of acquiring quasi-similar pairs which capture world knowledge.
One of the aims is to improve the quality of textual entailment. The last paper,
by Radinsky et ali., present a new methodology for modeling and predicting fu-
ture events through machine learning and data mining techniques from textual
data.

The next group of papers, by Doppa et ali. and Sorower et ali. present two
methods for learning rules from incomplete examples, via Observation models
and a Probabilistic Mention model.

This workshop ends by four papers that describe ongoing work of much in-
terest: M. Glass et al.: a bootstrapping method to extract relation information
from parallel corpora, Kim et al., present the use of information sources for
resolving the ambiguities captured in a packed representations, while Popescu
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et al. introduce a method for Textual Entailment strategies Using Chain Clar-
ifying Relationships. Finally, Samadi et al. present an approach for evaluating
Correctness of Propositions Using the Web.

This workshop is a series of several that merges here the FAM and the KRAQ
series. The number of papers submitted confirms the motivations for merging
visions that complement each other.

This workshop was co-organized by Rutu Mulkar-Mehta and Patrick Saint-
Dizier (co-chairs) and Eduard Hovy, Marie-Francine Moens, Bernardo Magnini,
and Chris Welty. We thank the reviewers who contributed to the success of this
workshop.
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An analysis of explanation structures for answering complex questions
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Abstract

In this paper, we introduce a study of explanations
as they appear in technical documents, in partic-
ular procedures where they are crucial. Identify-
ing how explanations are structured in such types
of productions is essential for example to be able
to produce explanations in question-answering sys-
tems. Our study is based on an extensive corpus
analysis. We introduce the notion of explanation
function, serving communication goals, and then
motivate and illustrate the introduction of explana-
tion schemes which are the language realizations of
the functions. We give some details about linguis-
tic patterns that allow for the identification of these
various schemes.

1 Introduction and Context
The main goal of our project is to elaborate relatively sim-
ple and direct explanation schemes, serving specific commu-
nicative goals, in order to offer more cooperative responses in
question-answering systems. Indeed, a number of questions
cannot be answered directly and therefore require some forms
of explanations so that the user understands the details and
the reasons of the information he gets, for example when the
answer is produced via the relaxation of some constraints in
the question. Our approach consists in identifying simple and
operational explanation schemes in texts where style is direct
and efficient, and then to transpose these results to question-
answering. For that purpose, we explore in this paper quite
a large diversity of procedural texts. Procedural texts arein-
deed very rich in explanation forms which are of much inter-
est for question-answering systems. We consider here a large
diversity of types of texts from gardening, DIY, health care,
to didactics.

Explanation and its relations to language and linguistics
is a relatively new but vast area of investigation in compu-
tational linguistic circles.From works in RST theory (Mann
and Thomson, 1988), let us cite efforts e.g. by (McKeown,
1985) and by a number of protagonists of the natural language
community in teh early 1990. Let us cite the It involves the
taking into account of a large number of linguistic aspects,
from syntax to pragmatics, but also typography. At the mo-
ment, explanation is essentially developed in various sectors

where didactics is involved, e.g. writing recommendations
for producing essays or technical documents or, in interactive
environments, systems such as helpdesks. Two decades ago,
explanations were used to produce natural language outputs
for experts systems, often from predefined templates. The
goal was to justify why a certain proof was carried out and
why a certain solution was proposed as a result of a query. In
the same range of ideas, and more generally, natural language
generation planning made some use of explanation structures
(e.g. McKeown, 1985). Our perspective in this analysis is
to be able to recognize and produce explanations in question-
answering situations where they are necessary (e.g. indirect
response to a query). The work presented here is the first
stage: analysing the structure of explanation from a language
and communication point of view. An interesting contribu-
tion (Zuckerman et al., 2000) shows how argumentation (an
aspect of explanation) can be organized within the framework
of natural language generation.

Interesting principles have emerged from these works
which have motivated the emergence of more foundational
research. For example, in ergonomy and cognitive science,
the ability for humans to integrate explanations about a task
described in a document or on an electronic device (possibly
via a guidance system) when they perform that task is inves-
tigated and measured in relation with the document proper-
ties (typography, pictures) (Lemari et al., 2008), (Biegerand
Glock, 1984). In linguistics, a lot of efforts have been de-
voted to the definition and the recognition of discourse frames
(Webber et al., 1990, 2004; Miltasaki et al., 2004; Saito et al.,
2006) and the linguistic characterization of rhetorical rela-
tions (Mann and Thompson, 1988, 1992; Longacre, 1982),
which are, for some of them, central to explanation (Ros-
ner and Stede, 1992; Van der Linden, 1993). However, we
now observe a proliferation of rhetorical relations with vari-
ous subtleties, which, for some of them, turn out to be quite
difficult to recognize from language marks since they involve
quite a lot of pragmatic considerations and domain knowl-
edge. Finally, explanation is a field which is investigated in
pragmatics (e.g. cooperative principles, dialogue principles)
(Pollock, 1974) and in philosophy (e.g. rationality and expla-
nation, phenomenology of explanation, causality, etc.) (Keil
and Wilson, 2000; Wright, 2004; Davidson, 1980).

Explanation is in general structured with the aim of reach-
ing a goal. This goal may be practical (e.g. how to reach



a certain location) or more interpersonal or epistemic (e.g.
convince someone to do something in a certain way, negoti-
ate with someone while providing explanations about one’s
point of view). Explanations are in fact often associated with
a kind of instructional style, explicit or implicit, which ranges
from injunctive to advice-like forms. Procedures of vari-
ous kinds (social recommendations, as well as do-it-yourself
(DIY), maintenance procedures, health care advice, didactic
texts) form an excellent source of corpus to observe how ex-
planations are constructed, linguistically realized and what
aims they target. Procedures are composed of a skeleton,
composed of a goal (possibly subgoals) and sequences of in-
structions designed to reach this goal. This skeleton is paired
with a very large number of forms of explanations meant to
guide, support, help, etc. the user. This is very useful to build
a corpus of explanations since the language is often simple
and direct and often the basis of How-to? questions or ad-
vice questions. In procedures, style is often straightforward
(DiEugenio and Webber, 1996), procedures being essentially
oriented towards action: there must be little space for infer-
ences. This kind of corpus is particularly well-adapted forour
investigation: it covers quite a large proportion of situations,
reproducible, e.g. in authoring tools, helpdesks or in natural
language generation systems.

Within the context of procedural texts, our main goal is to
identify a number of prototypical, widely used, explanation
schemes, their linguistic basis (e.g. prototypical language
marks or constructs, planning issues), and to categorize their
communicative goals. We aim at identifying the language and
pragmatic means, given a certain aim, which are used to help,
support, motivate or convince a reader. Then, we can apply
these schemes to produce explanations in question-answering
scenarios.

For that purpose, we consider a large variety of procedures,
from large public ones (cooking, DIY), to professional ones
(maintenance, health), with a large diversity of authors, target
readers and application domains. We have a corpus of about
8000 procedures from 24 different domains out of which we
have randomly extracted a development corpus of 1700 pro-
cedures dedicated to this study. The work was carried out for
French and English; for the sake of readability, all examples
are given here in English.

In this paper, we first present our corpus analysis strategy
and methodology, and then introduce the notion of explana-
tion function that specifies communicative goals of explana-
tions. Explanation functions are abstract constructs which are
realized in language via what we call explanation schemes.
These notions applied to explanations and the way they are or-
ganized are new - to the best of our knowledge - and constitute
our contribution, although they owe much to general consid-
erations of rhetorical relation theory. An important feature of
explanation is that schemes are transcategorial: they include
syntactic and lexical semantics factors, as well as typographic
(e.g. icons) and pragmatic factors. However, images, dia-
grams, and other multimedia devices are not considered here.
Finally, under investigation is the notion of proto-relation for
rhetorical relation with a wide scope such as elaboration, with
an approach similar to thematic protoroles, as defined by D.
Dowty.

2 Corpus Analysis and Annotation

In order to identify explanation functions and then in orderto
propose general explanation construction principles, we have
first carried out an annotation of a portion of our corpus. This
was realized by 3 Master students in linguistics on 74 differ-
ent texts from our development corpus (about 88 pages), with
the same training and annotation instructions.

Constructing a corpus in general is a very challenging task:
it is first necessary to identify the parameters we want to mea-
sure, while keeping the others constant. Then, the scope of
each parameter needs to be defined (which values they can
take) and the distribution we want to have (the percentage of
texts for each parameter value). The next step is the corpus
construction, and its validation w.r.t. these parameters.Our
parameters include taking into account the diversity of do-
mains, authors, type of style, target audience and difficulty of
procedure. The 74 selected texts allow us to make an indica-
tive analysis that gives useful research directions and helps to
confirm our working method. This small corpus of texts is
composed as follows, with the following parameters and dis-
tribution rates among their values:
Domain: cooking: 7, gardening: 9, DIY: 12, health care: 8,
didactics: 8, video game solutions: 5, social relations man-
agement: 9, beauty: 4, technology: 12.
Authors: teenagers: 15, professionals: 42, others: 17.
Target: large public: 47, students: 17, professionals: 10.
Style: poor: 25, standard: 39, high level: 10.
Difficulty of procedure: basic: 8, simple: 12, average: 24,
difficult: 30.

The second step is the annotation. This is a difficult
task: identifying and categorizing rhetorical relations is al-
most never straightforward. To help annotators, the task was
realized from the outputs of our<TextCoop> system, that
tags, with quite a good accuracy, instructions, goals, various
discourse markers, arguments (previously studied and imple-
mented), some manners, instruments, conditional expressions
and simple causal forms (Delpech and Saint-Dizier, 2008).
The tags have received a definition from previous works in
discourse analysis, and have been made more precise and
as unambiguous as possible considering the type of docu-
ment we are dealing with, which are objective and explicit
and which may follow authoring instructions. Two annotators
have been trained, and after an adaptation period, annotators
could do a homogeneous task. They annotated in parallel the
same set of texts, and reached a relatively good consensus of
86%, measured by a Kappa test, this is very high, but it must
be noted that procedural texts often follow authoring recom-
mendations which facilitates their understanding. Over the
74 texts, 1127 structures related to explanation have been an-
notated, a ratio of 15 annotations per text. Distribution over
texts ranges from 3 to 28 which often depend on the length of
the text but also on the domain and the target audience. We
kept in our analysis those annotations that occur at least 10
times over the whole set of texts, which corresponds to a fre-
quency of about 1%, which sounds minimal to us to be really
of interest. However, some non-frequent structures may be of
interest because they introduce interesting views on explana-
tion structures.



We basically consider the following tags, called here-
after Elementary Explanation Structures (EES), definitions
are given here informally, and they follow from commonly
admitted definitions that we have somewhat simplified con-
sidering the type of document used:

• elaboration and evaluation: elaboration (adds new in-
formation), illustration (provides related examples), re-
formulation (simply restates, does not add any informa-
tion), result (specifies the outcome of an action), contrast
(introduces a comparison by means of a major differ-
ence between two methods, objects or situations), anal-
ogy (form of comparison by image to help understand-
ing), encouragement, hint, evaluation (explains a user
what kind of result he should get or evaluates his perfor-
mances).

• arguments: warning, advice (very few threats or re-
wards, where the author is involved). These often have
the form of a causal expression, formally: do X ’be-
cause/otherwise’ Z, with quite a large variety of causal
marks (Fontan and Saint-Dizier, 2008).

• condition: It involves at least 2 structures: condition and
then - else, and the assumption structure, which is an hy-
pothetical statement. Condition is in general introduced
by ’if’ or ’when’.

• cause: It involves a statement and an ensuing situation as
defined in (Talmy, 2001). We limit annotations to trans-
sentential causal expressions, i.e. those operating over
instructions.

• concession: statement associated with a concession
statement (a general rule is given followed by an excep-
tion that could be admitted).

• goal expression: purpose, following (Talmy, 2001).

• frame: circumstance (of the realization of an action), and
some propositional attitudes such as: commitment, au-
thority.

Annotations can be embedded, leading to complex structures.
In our corpus, annotations are in XML with some attributes,
such as, e.g. the strength or weight of arguments, and meta-
annotations such as the certainty of the annotator. A given
structure may receive several annotations in case of ambi-
guity, overlap or multiple functions, this is expressed by the
symbol /.

An example, in readable form, borrowed from didactics,
is the following (most marks produced by our<TextCoop>
system are omitted, only EES are given):
[procedure [purpose Writing a paper: [advice Read light
sources, then thorough]]
[assumption/circumstance Assuming you’ve been given a
topic,] [circumstance When you conduct research], move
from light to thorough resources[purpose to make sure
you’re moving in the right direction].
Begin by doing searches on the Internet about your topic
[purpose to familiarize yourself with the basic issues;]
[temporal−sequence then] move to more thorough research
on the Academic Databases;
[temporal− sequence finally ], probe the depths of the issue

by burying yourself in the library.
[warning Make sure that despite beginning on the Internet,
you don’t simply end there.
[elaboration A research paper using only Internet sources
is a weak paper,[consequence which puts you at a
disadvantage...]]]
[contrast While the Internet should never be your only
source of information, it would be ridiculous not to utilize
its vast sources of information.]
[advice You should use the Internet to acquaint yourself with
the topic more before you dig into more academic texts.]]

From these pages of annotated texts, we can induce more
abstract regularities related to (1) the communicative goals
and (2) the ways these goals are realized. For example, be-
hind ’advice’ or ’purpose’ there is a communicative goal, de-
signed respectively to help the user via a suggestion and to
explain him the reasons of an action.

3 Explanation Functions
From our corpus investigations, and from our experience of
how procedures are written and used by technicians or ca-
sual users, we can propose a first, global classification of
quite a large number of ’conceptual’ functions that realize
the communicative goals mentioned above. These are called
explanation functions. To carry out this task, our strategy
was to identify and then categorize and structure the under-
lying communicative aims associated with our annotations or
groups of annotations, producing a second level of annota-
tions. Again, this is somewhat intuitive, but this was realized
as a collective task with the aim of reaching a consensus. We
present here the main categories and their organisation, which
seems to be quite stable. To go deeper into more specialized
explanation functions, we obviously need to carry out further
investigations, testing and refinements.

Within an operational context in a broad sense, explanation
functions can schematically be subdivided into two fields: the
motivations of doing something (’Why do action A?’ ) and
the way to make something (’How-to do A?’ ). This view
sets a more global analysis of action with the dichotomy in-
tentions or motivations on the one hand and realization and its
facets on the other, as can be found in Action Theory under a
more philosophical view.

To avoid any confusion with EES names or with any exist-
ing terms, our explanation functions, which are abstract con-
structs, possibly complex, are prefixed with E-. Let us now
introduce these functions. These remain so far abstract: their
language realizations are accounted by schemes, given in the
next section. Since we worked on French and English texts in
parallel, for the sake of readability, examples in English are
given here. Classification is stable over these two languages
(and probably over a large number of languages) and linguis-
tic realizations are often very similar.

The first subset, the motivations (’why do A?’) func-
tions, is composed of information providers: E-structure,E-
information and E-arguments. The functionE-structure en-
hances or makes more explicit the structure and the coher-
ence of the text. It is in a large part composed of low-level
goal and function expressions (push the white button [to open



the box]), indicating motivations and expected results. Goal
expressions have a low scope and appear in general at the end
of the statement, as confirmed by ergonomic studies. This
function also includes several forms of low level structures,
among which temporal structures realized by means of tem-
poral connectors, punctuation or typography. The aim of
theE-information function, which operates at the ideational
level, is to enhance, reinforce, weaken or contradict the be-
liefs of the reader, as anticipated by the author of the text,by
providing more specific information on some aspects of the
action at stake (Adding salt to your sauce is unnecessary be-
cause fish sauce is already salted). This very general function
may be subdivided into more accurate functions such as, e.g.
E-clarification (Poke the wire into the bottom of the flower
[(where the stem was)] as far as you can without it coming
out the other side) or E-precision(Hang the hanger in a dark
area and wait for the flowers to dry. [A full drying process
will take anywhere from 2 to 3 weeks.]), still to be investi-
gated.

The second subset of this group operates at the inter-
personal level, and aims at motivating the user to realize the
action at stake as required and as accurately as possible, via
some precautions or recommendations. This subset is formed
of the various types of arguments, as usually found in argu-
mentation classifications, the main ones we have identified
are:E-warnings (Carefully plug in the mother card vertically
otherwise you risk to damage its connectors) andE-advice
(We recommend professional products for your leathers, they
will offer a stronger protection while repairing some minor
damages), when there is no implication on the author’s part,
andE-threats (You must confirm your connection within 30
minutes otherwise we will cancel it) andE-rewards (We sug-
gest you to pay when you book your flight since a discount
coupon will be offered to you for your next purchase) oth-
erwise. These are designed to justify the importance of an
action and the necessity of doing it as required (warnings) or
to indicate the optional character of an action (advice) and
the benefits of doing it. Following several authors including
(Walton et al., 2008), arguments are composed of two parts:
the conclusion, which is the statement, and its support, which
is the reason of the following, e.g. the advice or the warning.
Besides the recognition of arguments, evaluating their illo-
cutionary or persuasion strength is of much interest. This is
realized in general via a series of marks, essentially adverbial,
denoting various levels of intensity.

The second subset, the way to realize an action, i.e. ’How-
to-do A?’ functions, contains several families. The first one
deals with functions related to controls on the user relatedto
his actions, while the second family is related to the control
of his interpretations. The third family is composed of help
functions. These are obviously central in interactive forms of
question-answering.

In the first family, control on user actions, we first have the
notion ofE-guidance. This function has quite fuzzy bound-
aries, it can just include temporal marks guiding the organiza-
tion of functions, but also manners, durations and instruments
which offer a number of details and ways to realize and coor-
dinate actions (Open the box: use a 2.5 inch key and a screw-
driver). These are deeply related to the argument structure of

the action verb of the instruction (but they are mainly adjuncts
or connectors). The next function,E-framing , indicates via a
statement (often starting a sentence or a paragraph) the con-
text of application of an instruction or of a group of instruc-
tions ([for X25-01 pumps]: disable first...); it often has the
form of a low level title or a frame. Next,E-expected-result
describes the target result, it is a means for the user to evalu-
ate his performance and to make sure he is on the right track
(at this stage, the sauce must be dark brown). Finally, E-
elaboration explains in more depth how to realize an action
(Hold the seedling by the stem with your palm facing the roots
of the plant, and turn the soda bottle upside down, [lightly
shaking the soil out and the plant with it]).

The second family is related to the control of the inter-
pretations made by the user. The goal is to make sure he
correctly understands the text. In this class fall relatively
well-known functions directly associated with rhetoricalre-
lations:E-definition (gives a definition of a certain concept:
The transmission in your car is a gearbox that transmits pow-
ers from the engine to the live axle), E-reformulation (says
the same thing with different words or constructions, thereis
no new informational contents),E-illustration (gives one or
more examples). Their goal is to ensure that the user correctly
understands the terms of the procedure.

The third family is composed of two functions which pro-
vide basic help to the user:E-encouragements(at this
stage, the most difficult operations have been realized), E-
evaluation (If the paste is really crunchy, then you are an
excellent cook you can move on to the next step).

These functions can be organized by groups leading to
forms of explanation plans, e.g. make sure the task is cor-
rectly understood (E-definition, E-reformulation) and then
warn about risks (E-warning). Planning explanations is the
ultimate goal of an author while taking into account the pro-
totypical profile of the readers.

4 Explanation Schemes
Explanation schemes introduce the level of language realiza-
tions for explanation functions. These schemes are relatively
simple and well-targeted so that they can be used efficiently
for producing explanations in question-answering systems.

These schemes are defined from the corpus by coupling
EES annotations with the identification of explanation func-
tions in these texts. Generalizing over schemes associated
with a given explanation function then allows us to introduce
a grammar for each explanation function. So far, the work is
entirely done manually. This probably allows a more accurate
linguistic analysis than using machine learning techniques.
This grammar is based on EES and constrained statements,
which form its pre-terminal elements, explanation functions
can appear as non-terminal symbols since they may enter into
schemes. There is no unique assignment: an explanation
scheme may occur in several explanation functions, as can be
seen in Walton et al., 2008 for argumentation schemes, with
a different perspective.

As an illustration, we give below a few schemes associated
with explanation functions (the * indicates multiple occur-
rences), these are given here in standard bracketed notation,



each bracketed term corresponds to an EES:
E-warning → [warning ] / [[warning ] [illustration ]*] /
[[warning ] [illustration ]* [elaboration ]* ], etc.
These schemes indicate that an E-warning is composed of
the following EES: either a warning alone, or a warning
followed by one or more illustrations, or a warning followed
by one or more illustrations and elaborations.
E-definition→ [[definition ] [illustration ]* ]
E-illustration→ [[circumstance ] [illustration ]* ]
E-expected-result → [[circumstance ] [statement
expr(+modal, +probability) ]]
This latter example requires a statement with a modal
expression such as ’should’ which introduces a probability.

Explanation functions can be complex compounds and
may include other explanation functions, e.g.:
E-warning→ [[warning ] E-illustration* E-elaboration* ]
which refers to an EES followed by two explanation func-
tions.

The identification of each EES is based on patterns, in-
duced by corpus analysis. These investigations were realized
for each EES separately, on a large corpus of text, besides
the 74 texts advocated above. For each EES, the task was
to identify and isolate common features, e.g. typical words
or classes of words (e.g. negative polarity nouns), morpho-
logical aspects, typographic marks, etc. From a global point
of view, we developed patterns or rules that account for the
structure of each EES (Saito et al., 2006; Miltasaki et al.,
2004). These patterns are coded within the framework of
<TextCoop> (Saint-Dizier, under submission), which is a
platform for discourse analysis based on logic programming
with constraints. More patterns and rules are presented in
(Bourse and Saint-Dizier, forthcoming 2011).

Since this is ongoing work, it is difficult at this stage to
analyse the predictive power of these schemas. Similarly, for
the time being they are essentially based on structural con-
siderations, but it is clear to us that communication aspects,
some domain as well as general knowledge factor influences
the structure of explanations. It is therefore too early to eval-
uate exactly how these schemas can be used in language gen-
eration, although this is our ultimate goal.

5 Conclusion

This paper presents the first stage of a two-level project. We
identified various explanation schemes supporting communi-
cation goals. The second stage of the project is, given an
answer to a question that needs elaborations, how to produce
such a response. It is not yet cleat to us how this can be done
from our schemas, since some form of planning and several
types of interactions with knowledge and communication as-
pects must be considered in the model. Nevertheless, this first
step seems to be relatively stable over a number of domains
and communication situations. It is suitable for explanation
recognition in a number of standard texts. It can also be con-
sider as providing some ’norms’ for producing explanations
in technical documents.

Most of these structures are now implemented in our
<TextCoop> platform (Saint-Dizier, under submission) and

are used for discourse structure processing.
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Abstract

A common strategy for Question Answering sys-
tems uses high quality ontologies or databases in
order to efficiently answer questions. Some ap-
proaches to build or enrich these databases rely on
machine learning classifiers for obtaining semanti-
cally related terms from unstructured text. These
classifiers are based on features that may contain
several kinds of linguistic knowledge: from ortho-
graphic or lexical information to more complex fea-
tures, including PoS-tags, syntactic dependencies
or semantic information. In this paper we select
four main types of linguistic features and systemat-
ically evaluate their performance in semantic Rela-
tion Extraction. Although the combination of some
types of linguistic features allows to improve the
f-score of the classifiers, we observed that adjust-
ing the positive/negative ratio of the training exam-
ples, we can build high quality classifiers with just
a single type of linguistic feature, based on generic
lexico-syntactic patterns. Experiments were carried
out with the Spanish version of Wikipedia.

1 Introduction
Recent approaches for Question Answering systems use
high quality ontologies or databases for answering questions.
Building these resources manually is time-consuming, so
the improvement of Information Extraction (IE) methods be-
comes a crucial task. In this sense, Relation Extraction (RE)
attempts to automatically obtain semantic information related
to named entities from unstructured text, which, in turn, isin-
corporated into machine readable databases and ontologies.
For instance, from the sentenceAmancio Ortega (born March
28, 1936) is a Spanish fashion entrepreneur, a system may
learn different properties about Amancio Ortega: his birth-
date, his nationality as well as his occupation.

Most of recent RE techniques employ machine learning al-
gorithms for extracting information. They arrange into a set
of linguistic features the contexts or sentences in which pairs
of related entities occur. These features are then used to train
a classifier. The starting point is a number of labeled train-
ing examples (e.g., relations “Amancio Ortega - fashion en-
trepreneur”, “Billie Holiday - singer”. . . ), as well as a corpus-

based strategy to search, identify and represent as features
those sentences (contexts) in which the training examples oc-
cur. These strategies may have different degrees of super-
vision, from manually constructed corpora to unsupervised
methods that do not need human intervention for revising the
sentences. Moreover, it must be pointed out that linguistic
features can be represented at different levels of generality,
according to different types of linguistic information. How-
ever, there are no much work on the importance of knowing
what linguistic knowledge is actually useful in order to in-
crease the performance of these systems.

In this article, our aim is to evaluate the impact of different
types of linguistic features in the RE task for Spanish. For
this purpose, a distant supervised learning system was built
and tested with different types of features: bags of lemmas
and PoS-tags, lexico-syntactic patterns and syntactic depen-
dencies. We evaluated three main aspects concerning extrac-
tion of semantic relations: First, we measured the impact of
linguistic information by training several classifiers that only
differ in the type of linguistic knowledge used to define their
features. Second, we analyzed the best feature combinations.
And third, we found the best ratio of positive and negative
examples according to each type of linguistic features.

Preliminary results show that, usually, the best perfor-
mance was achieved using just a single type of features based
on generic lexico-syntactic patterns, built by means of a
longest common stringalgorithm. However, the combina-
tion of some types of linguistic features allows to increase
recall without loosing precision. Furthermore, we also ob-
served that a deep analysis of the positive/negative ratio of
the training examples improves the f-score of the classifiers.

In Section 2 we show the related work. Section 3 explains
the method for obtaining the data used to build the classifiers.
In Section 4 we present the feature space as well as the dif-
ferent types of features used. Finally, Sections 5 and 6 show
the results and the future directions of our work.

2 Related Work
Since the work of Hearst[1992], many approaches have been
implemented in order to obtain patterns for extracting related
terms, such as Brin[1998] or Ravichandran and Hovy[2002].

In the recent years, works like Mann[2002], Fleischman
et al. [2003] or Agichtein [2005] use different features for
training machine learning classifiers with several algorithms.



The selected features differ according to the linguistic infor-
mation they process (word, lemma, PoS-tag, orthographic
form, etc.). Other works[Bunescu and Mooney, 2005;
Suchaneket al., 2006; Nguyenet al., 2007] created statis-
tical models using the results of syntactic parsing. Despite
that some preliminary results of these researches show that
the use of deep linguistic knowledge is better for relation ex-
traction, Bunescu and Mooney[2005] warn of the importance
of knowing what of this linguistic information is actually use-
ful in order to increase the performance of an IE system.

In this sense, some works must be cited: Kamb-
hatla[2004], Zhouet al. [2005] and Jiang and Zhai[2007],
which evaluate the effectiveness of diverse lexical, syntac-
tic, and semantic information in RE, and Zhao and Grish-
man[2005] which use a more complex kernel-based strategy
to combine features of different linguistic levels. However,
their work differs from ours in a key point: the linguistic fea-
ture space is not the same, in particular they do not make use
of lexico-syntactic patterns. Moreover, our evaluation con-
cerns other languages than English as well as a deep analysis
of the impact of negative examples on the training data.

Finally, Wu and Weld[2010] presentwoe, an Open Infor-
mation Extraction method based on data obtained from the
semi-structured resources of Wikipedia.

3 Method Overview
In order to easily evaluate the performance of various types
of features, we first obtain an annotated corpora, used to build
the different classifiers. The method is the following:

A Wikipedia snapshot is converted into plain text, remov-
ing external links as well as formatting marks. Given a se-
mantic relation, for instanceOccupation, we get a large set of
related pairs from Wikipedia infoboxes: e.g., “John Lennon
- musician”, “John Lennon - composer”, “Fernando Pessoa -
poet” (with a precision of about 95%). We use these pairs to
select from the plain text of Wikipedia sentences that contain
both a named entity and an occupation, so no bootstrapping
is required. If the two terms match a known pair of the ini-
tial list, the example is annotated as positive. Otherwise,it is
annotated as negative.

Then, we use FreeLing[Padróet al., 2010] to lemmatize,
PoS-tag and recognize the proper names in the sentences.
Syntactic dependencies are identified with a robust, partial,
and rule-based parser[Gamallo and González, 2011].

The two target entities are replaced by bothX andY (stand-
ing for the first and the second entities of the pair, respec-
tively) and put labels to mark the left, middle, and right con-
texts. The middle context has a maximum size of 12 tokens,
while the other ones will not exceed 3 tokens. These window
size values were empirically set after having tested different
values in preliminary experiments.

All the process is performed without human revision, so it
may lead us to automatically annotatefalse positives(“Linus
Torvaldsdiscussed with asoftware engineerin Italy”, true)
or false negatives(“Fernando Pessoawas aliterary critic”,
false, since this attribute does not appear in the infobox). The
manual revision of the test set showed that this method has a
precision of about 80%. This issue will be addressed by using

Sentence:Amancio Ortega Gaona is a Spanish fashion
entrepreneur.

Structure:
pos token lemma tag head label
0 X X NP 1 subj
1 is be V 0 -
2 a a DI 5 spec
3 Spanish spanish ADJ 5 modif
4 fashion fashion N 5 modif
5 Y Y N 0 attr

Figure 1: Example of a sentence with its Linguistic Structure.

machine learning algorithms (e.g. SVM) that are tolerant to
noise by minimizing the effect of the false samples[Aslam
and Decatur, 1996].

4 Feature Space and Types of Features
Each selected, tagged, and parsed sentence represents alin-
guistic structurecontaining all the relevant information re-
quired by the relation extraction systems. A linguistic struc-
ture or parsed sentence can be conceived as a knowledge-rich
space incorporating several levels of linguistic information.
This space should be as complete as possible in the sense that
all features potentially useful for RE are included.

A linguistic structure contains the surrounding context of
the related entities:X stands for the named entity andY for
the occupation name. We include within a linguistic structure
the left context of the first entity, the middle context, and the
right context of the second entity. Left and right contexts
have a maximum size of 3 tokens (frompos-1 to -3 and +1
to +3). Middle context may contain 12 tokens (from 1 to
12). The window size was empirically set to 3 and 12 after
having tested different values in preliminary experiments. We
will distinguish experiments using all contexts (left, right, and
middle) from those considering only the middle one.

In Figure 1, columns 1, 2, 3, and 4 respectively stands
for position, token, lemma, and PoS-tag. This information
was obtained with the lemmatizer and PoS-tagger included in
FreeLing. Furthermore, the structure also contains the syntac-
tic dependencies identified by the parser. Column 5 identifies
the head position of the current token, while the label of the
dependency is shown by column 6. Since we use a partial
parser, not all possible word dependencies are identified. Our
structure was inspired by the output parsing format defined in
[Lin, 1998], adopted by learning tasks of CoNLL.

These linguistic structures are used to extract the differ-
ent types of linguistic features needed by our classifiers. We
use four main different types of linguistic features in order to
build the relation extraction systems:

Basic Patterns: The first type of feature uses all the explicit
information contained in the linguistic structures excepttwo
elements: dependency relations and some lemmas. We only
take into account lemmas of verbs, common nouns and prepo-
sitions. We have observed in preliminary experiments that the
performance of classifiers decreased when either these type



of lemmas were removed or all lemmas including grammat-
ical words (stop words), adjectives and proper names were
retained. It follows that verbs, common nouns, prepositions
are critical pieces of information to define the lexico-syntactic
contexts of the target terms. An example of basic patterns as-
sociated to the relation “Occupation” is the following:

Sentence: Amancio Ortega Gaona is a Spanish fashion
entrepreneur.

Polarity: Amancio Ortega GaonaOccupation en-
trepreneur, true.

Pattern: <X be V DI ADJ fashion N Y>

(where V means verb, DI indefinite article, ADJ adjective,
and N common noun). Let us note that basic lexico-syntactic
patterns require a huge training corpus, due to their lack of
flexibility. Small variations in punctuation, adjective orad-
verb modification, determiners, etc. will generate different
features. In this case, the problem of sparse data is crucial.

Pattern Generalization: To minimize the sparse data prob-
lem, we applied an algorithm based on similarity between ba-
sic patterns, generalizing them and therefore increasing the
coverage of the model. In order to generalize two patterns,
we check first if they are similar and then all those units that
they do not share are removed[M. Ruiz-Casado and E. Alfon-
seca and P. Castells, 2005]. The similarity, notedDice lcs,
between two patternsp1 andp2 is defined using the longest
common string and Dice metric as follows:

Dice lcs(p1, p2) =
2 ∗ lcs(p1, p2)

length(p1) + length(p2)
(1)

wherelcs(p1, p2) is the size of the longest common string be-
tween patternsp1 andp2, andlength(pi) represents the size
of patternpi. It means the similarity between two patterns is
a function of their longest common string and their lengths.

After computing the similarity between two patternsp1 and
p2, the longest common string is extracted if and only ifp2
is the most similar pattern ofp1 and the similarity score is
higher than a particular threshold (0.75 in our tests). The
longest common string of two patterns is considered as the
generalized pattern out of them.

Bags of Lemmas and Tags: Instead of using a set of entire
patterns as features, a common method that allows to increase
the coverage of the system is the use of smaller items, such
as lemmas with PoS-tags. In this case, the sentenceAmancio
Ortega Gaona is a Spanish fashion entrepreneurwould gen-
erate the following features (notice again that for some cat-
egories only the tag is retained):<be V>, <DI>, <ADJ>
and<fashionN>. The use of negative examples is probably
more important here, allowing the algorithm to learn which
lemmas are crucial for making a correct decision. These clas-
sifiers are then close to the baseline bag-of-words models.

Syntactic Dependencies: Dependency information is ob-
tained by the refered robust, multilingual, and rule-based

parser. The analysis of the parser is partial, but it provides
the most frequent dependencies between the target terms and
the units within the patterns. Here again only the lemmas of
verbs, common nouns, and prepositions are retained.

We consider a subset of all the syntactic dependencies de-
rived from the full linguistic structures. Given a sentence, two
types of dependencies are retained:

• dependencies between the two target terms (X or Y),

• dependencies between one of the two target terms and
one entity of the (left, middle, or right) context.

For instance, from the sentenceAmancio Ortega
Gaona is a Spanish fashion entrepreneur, the selected
dependencies would be the following:<subj;X;be V>,
<attr;beV;Y>, <spec;Y;DI>, <modif;Y;ADJ> and
<modif;Y;fashionN>.

Each feature is a triplet constituted by the dependency la-
bel, the head, and the dependent expression. Only dependen-
cies with at least one term (X or Y) was selected from the lin-
guistic structure. The selected information, thus, corresponds
to the local dependency context around the related terms.

Note that the analysis is very partial. In many cases, the
parser is not able to complete the dependency path between
the two terms. Rule-based grammars for other languages than
English are often not complete or they are not freely available.
Finally, labels of dependencies (e.g., modifier, specifier,sub-
ject, etc.) are also taken into account to define the features.

5 Experiments

We evaluated both the performance of the features individu-
ally as well as the best combinations of them. We also exam-
ined the effect of limited training input on the learning pro-
cess by incrementally adding examples to the training data.
Finally, we analyzed the impact of negative examples in the
training set.

The experiments were performed with WEKA[Witten and
Frank, 2002], using its implementation of the SMO algorithm
[Platt, 1999]. We made this choice because in preliminary
experiments (using Naive Bayes, Decision Tree as well as
SMO algorithms), SMO scored the best.

5.1 Initial Data

The training examples were obtained from the Spanish
Wikipedia (May 2010) with the method showed in Section 3.
We focused on examples of the relations “Occupation” (a
kind of is a relation) and “Birth Place”. We first selected
about50, 000 relation pairs for each relation from infoboxes.
Then, we identified near600, 000 sentences containing a
named entity and an occupation or a location, which were
automatically classified as positive or negative. Finally,we
randomly selected an initial set of2000 sentences (for each
relation) for training, 50% of them being positive examples.

For testing, we manually revised two randomly selected
sets of about700 and500 different sentences for “Occupa-
tion” and “Birth Place” relations, respectively.



Model Prec. Rec. f-score
pattern-all 100% 12.99% 23%
pattern-mid 98.04% 56.5% 71.68%
patterngen-mid 97.72% 72.6% 83.31%
bow-all 83.02% 62.15% 71.08%
bow-mid 88.28% 59.6% 71.16%
dep-all 86.62% 65.82% 74.8%
dep-mid 86.21% 35.31% 50.1%

Table 1: Precision, Recall and f-score of 7 classifiers trained
with 2000 sentences (“Occupation” relation).
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Figure 2: f-score vs training size of the 4 best combinations
of features (“Occupation” relation).

5.2 Results
Table 1 shows the results obtained with 7 types of linguistic
features, extracted from training set of2000 linguistic struc-
tures. The types of features are those explained in Section 4:

pattern-allandpattern-miduse the basic patterns extracted
from the linguistic structures as features. The former was
trained with all contexts (left, right, and middle), while the
latter was only trained with the middle context.

patterngen-miduses as features the generalized patterns
and the middle context.

bow-all andbow-midwere built with the bag of lemmas
and tags technique.

dep-allanddep-midare the dependency-based models de-
scribed in the previous section.

Precision is the number of correct positive decisions di-
vided by the number of positive decisions. Recall here refers
to the number of correct positive decisions divided by the to-
tal number of positive examples in the test set.

Table 1 let us observe that the best features are those based
on lexico-syntactic patterns withmid contexts:patterngen-
mid andpattern-mid, with f-score values between 71%-83%.
The score reached bypattern-all is much lower because of
very poor recall values. This is due to the fact that, in this
case, both left and right contexts tend to be too sparse. Table 1
also shows that features based on dependencies and on bags
of lemmas and tags achieve similar precision (83%-86%), and
that in these cases,all contexts scored better thanmid.

The results of these tests allow us to know the performance
of the individual types of features. The next experiment at-
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Figure 3: f-score vs ratio of positive-negative examples of
the best classifiers for each linguistic type trained with500
sentences (“Occupation” relation).

tempts to know the performance of several combinations of
individual features, as well as their learning curve.

When analyzing the differences between the models, we
both compute the Dice similarity coefficient and a simple
count statistic aimed to find whether the decisions taken by
two models are or not on the same instances. In general, a
high Dice coefficient may imply that there are few correct
decisions taken on different instances and, conversely, a low
Dice coefficient means that there are many correct decisions
taken on different instances. Only not very similar models
were combined since they are likely to be complementary.

The results of several combinations based on a similarity
analysis show that these classifiers may help to achieve a
trade-off between precision and recall. Figure 2 shows the f-
score curve of the four best combinations. Notice that the best
combinations scored better than the best individual feature
(patterngen-mid, which reached 83.31%), achieving values
of 88% with around1500 of training sentences. However, it
is important to note that the best f-score values are reached
without making use of the whole training set.

The initial set of2000 sentences, with which we performed
the previous experiments, had a 50%/50% ratio of positive
and negative examples. Our next experiment concerns the
evaluation of the positive/negative (P/N) ratio of the training
examples for each type of linguistic feature.

In order to know the best P/N distribution, we collected
several sets of sentences differing in the percentage of pos-
itive and negative examples they have. Note that this eval-
uation also deals with the amount of P/N instances, and not
only with its P/N ratio. So, in order to avoid this effect, we
performed two major experiments: (i) we collected nine sets
of 500 sentences differing in the P/N ratio: from 10%/90%
to 90%/10% and (ii) we did the same distributional partitions
from a larger corpus (sets of2000 sentences). Finally, we an-
alyzed how the learning process is influenced by the P/N ratio
as well as by the number of positive and negative examples.

Figures 3 and 4 show the f-score curve of the best classi-
fiers for each main type of features, depending the P/N ratio
of the training set. Classifiers from Figure 3 were trained
with nine partitions of500 sentences, while in Figure 4 the
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Figure 4: f-score vs ratio positive-negative examples of the
best classifiers for each linguistic type trained with2000 sen-
tences (“Occupation” relation).

Model Prec. Rec. f-score Diff.
pattern-all 100% 14.56% 25.42% +2.4
pattern-mid 95.23% 65.93% 77.92% +6.2
pat gen-mid 94.95% 82.69% 88.39% +5.1
bow-all 72.86% 95.87% 82.79% +11.7
bow-mid 82.33% 64.01% 72.02% +0.9
dep-all 77.89% 81.31% 79.56% +4.8
dep-mid 73.98% 60.16% 66.36% +16.3

Table 2: Precision, Recall and f-score of 7 classifiers trained
with 2000 sentences (“Occupation” relation). The posi-
tive/negative ratio was adjusted for each model.Diff. shows
the f-score difference with 50%/50% models.

training sets had2000 sentences. In most cases, the peak of
the f-score curve is reached with between 60% and 80% of
positive data (except for patterns-based features, whose per-
formance gradually improves with more positive examples).
This is true for the two tests (500 and2000 sentences), so we
can infer the best P/N ratio for each type of feature. Note
that the 20%/80% ratio in Figure 4 has the same number of
positive examples than the 90%/10% in Figure 3.

Pattern-based features need a large set of training data in
order to learn a enough set of patterns as well as their con-
fidence. However, Figures 3 and 4 show that these models
also need a low ratio of negative examples (its performance
becomes stable with about 80%/20%). By contrast,dep-all
(and alsodep-mid) achieves its best score with 70%/30%, as
it decreases with less negative data. Finally, features based
on bags of lemmas are more variable, and work better with,
at least, 20% of negative examples (but never with less than
50% of positive training data).

The results from the previous experiment provide us in-
formation to train new classifiers with the P/N ratio adjusted
to each type of feature. So, we built seven new classifiers
based on the same seven individual types of features de-
scribed above. We randomly selected seven sets of2000 sen-
tences, each one with a distribution of positive and negative
examples adjusted to the needs of each type of features, and
tested them on the700 manually revised examples.
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Figure 5: f-score vs training sentences of the best classi-
fiers for each linguistic feature (“Occupation” relation).Pos-
itive/negative ratio was adjusted for each classifier.

Model Prec. Rec. f-score
pattern-all 88.88% 13.55% 23.52%
pattern-mid 76.47% 44.06% 55.91%
pat gen-mid 88% 74.57% 80.73%
bow-all 42.6% 83.05% 56.32%
dep-all 49.36% 66.1% 56.52%

Table 3: Precision, Recall and f-score of 5 classifiers trained
with 2000 sentences (“Birth Place” relation). The posi-
tive/negative ratio was adjusted for each classifier.

Figure 5, shows the f-score of the best individual features
(for each one of the 4 main types) in different partitions. The
P/N ratio in the training set was adjusted for each classifier.
Note that the performance of all classifiers was improved
(namely due to the improvement in recall) from those ob-
tained with the 50%/50% P/N training corpus (4th column
in Tables 1 and 2). Furthermore, it can be observed that the
curve stabilizes when the training corpus is constituted by
about 1000 sentences. So, no more training corpus is required
to improve results.

Finally, Table 3 contains the results obtained from an on-
going test with “Birth Place” semantic relation. Unlike what
occurred with “Occupation”,bow models (and alsodep)
achieved lower precision values. However, results still follow
the general tendencies. Note that the generalization of lexico-
syntactic patterns also achieves high f-score values (80.73%)
in these experiments. With both semantic relations, the per-
formance of the best classifiers based on individual types of
features, built on the analysis of the best P/N ratios, is similar
than the best combinations.

6 Conclusions and Further Work
The experiments described in this article can help us to out-
line some ideas regarding the impact of the linguistic knowl-
edge on Relation Extraction for Spanish.

First, the adaptation of the positive/negative ratio in the
training set helps to improve the performance of the classi-
fiers. We observed that features based on patterns of PoS-



tags and (some) lemmas need a high percentage of positive
examples. Those based on bags of lemmas and syntactic de-
pendencies perform better with more than 50% of positive
examples, but they need at least 20% of negative data.

Second, the application of thelongest common stringover
the lemmatag patterns are good features to define models
with high precision and relatively good recall. Models built of
bags of lemmas and tags as well as dependency-based show
more variation in precision values. Concerning these depen-
dency models, we have to note that the use ofpartial parsing
may also involve variations in recall.

If the objective is to obtain a trade-off between precision
and recall, we can analyze the similarity between the results
of several types of features in order choose the best combina-
tions for a specific relation. However, if we attempt to rapidly
build new RE systems, the construction and generalization of
patterns with PoS-tags and lemmas is the best solution.

Further experiments will be focused on the construction of
new classifiers based on combinations of the best types of
features, each one with its positive/negative ratio adjusted.
Moreover, we are testing the impact of noisy data in the train-
ing phase, as well as the adaptation of our strategy for extract-
ing other semantic relations and text typologies.
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Abstract 

The experience from the Textual Entailment con-
tests has revealed that an important part of entail-
ment relationships requires extensive world know-
ledge, which is unlikely to be found in a repository, 
because this information is bound to specific con-
texts. In this paper we present an unsupervised and 
language independent method of acquiring quasi-
similar pairs which capture this particular type of 
knowledge. 

1 Introduction
1
 

Textual Entailment (TE) is the task of analyzing textual 

pairs, <T, H>, and to decide whether T entails H [Dagan, 

Glickman, & Magnini, 2006]. The entailment relationship 

between two pieces of text, T and H, is understood as the 

fact that most people reading H, after firstly reading T, 

would conclude that the information in H has already been 

transmitted in T.  The TE task is considered an important 

Natural Language task with a broad application scope: ques-

tion answering [Lin&Pantel 2001], information summariza-

tion [Hovy2003], document collection [Voorhes 2001], sen-

tence compression [Cohn&Lapata 2009], language genera-

tion [Deleger & Zweigenbaum, 2009]. 

 

In its most general form, there is no restriction on the form 

or on the semantic content of the <T, H> pair. In some cas-

es, deep semantic inferences are required by the entailment 

relationship. In fact, the experience accumulated in the TE 

contests [Giampiccolo 2008] has shown that the majority of 

the inferences is decidable only by using a significant 

amount of knowledge. In particular, the so-called “human 

understanding of lexical and world knowledge” [Clark et al. 

2007] plays a crucial role in the inference decision. In ex-

ample [1] 

(1T) L’ala Benzoni ha firmato col Milan. 

the wing Benzoni signed for Milan. 

(1H) Il giocatore Benzoni gioca per i rossoneri. 

the player Benzoni plays for rossoneri. 

                                                 
1 This work is partially supported by the BCROCE project 

1T entails 1H.  But the entailment relationship in the pair in 

(1) is not immediately obvious. An automatic system must 

somehow know that in Italian ala may refer to a particular 

type of player and that rossineri is the common nickname of 

the Milan football team. The essential information is that the 

elements of the pairs [ala, giocatore] and [Milan, rossoneri] 

are quasi-similar in the Italian football context. We call such 

pairs quasi-similar because their similarity is bound to a 

very specific domain. 

Example (1) is non limitative; similar entailment relation-

ships can be inferred only if specific information about how 

the world is seen in particular environments is available. In 

particular, an important part of this information is made up 

of knowledge regarding social roles, where a social role 

word is loosely defined as a word that is used to refer to a 

person, or a group of persons, by referring to an occupation, 

hobby, activity etc. These social roles are bound to a social 

context, and they are not universal. Nevertheless they are 

very frequent in normal communication and their proper 

understanding is essential for TE.  

 

The problem with this type of entailment is threefold. 

Firstly, the required information is not found in computa-

tional dictionaries like WorldNet, LDOCE, Roget’s thesau-

rus etc. Secondly, this information is language specific, and 

it is not part of a general ontology. Thirdly, the quasi-similar 

pairs are specific to a certain social context and period and 

so, they need to be learned continuously and independently 

from language to language.  

One way to solve this problem is to learn the quasi-similar 

pairs from a large corpus.  

 

In this paper we present an unsupervised, language indepen-

dent method of learning the world knowledge regarding the 

social roles needed in textual entailment. The method scans 

a large corpus, which has been previously annotated by a 

Named Entity Recognizer. Our system takes advantage of 

the fact that the same entity is mentioned using different 

social roles. By relying on the results of coreferencing cer-

tain entities with a very high accuracy, the social roles that 

are quasi similar are extracted. We accomplish this by using 

a shallow context analysis and a statistical method. 

Learning Quasi-Similar Pairs for Social Roles 
 

Octavian Popescu, Emanuele Pianta, Bernardo Magnini 
{popescu, pianta, magnini}@fbk.eu 



 

 We used the Adige500k corpus, a corpus made of pieces of 

news from a local Italian newspaper [Magnini et. al 2006]. 

Our method works best on news corpora because it brings 

three main advantages for our goal of acquiring social roles: 

1) the news industry is concerned with social roles 2) the 

pieces of news represent compact, independent information 

and 3) the journalistic style repels the repetition and it pre-

fers that the same entities be mentioned using different 

words. Nevertheless, our method would work on any cor-

pus.  

 

In Section 2 we review the relevant literature. In Section 3 

we present the details of learning the quasi-similar words 

denoting social professions. In Section 4 we present the re-

sults of evaluating the accuracy of the system. The Conclu-

sion and Further Research section concludes this paper. 

2 Related Work 

Some unsupervised methods of acquiring lexical knowledge 

for textual entailment have been developed in order to take 

advantage of the similarity of the syntactic context 

[Lin&Pantel 2001; Dagan et al. 2008]. These methods 

process the output of a parser. The dependency of a parser 

brings forward three main disadvantages: 1) parsing is a 

time consuming process, 2) parsers are not language inde-

pendent tools and many languages lack one, 3) the accuracy 

of the parser is an upper bound for the accuracy of the 

whole system. 

 

The bootstrapping methods have been used in textual en-

tailment in specialized corpora, like medical ones [Jacque-

min&Bourigault, 2003]. However, the relationships between 

words denoting social roles which are quasi synonyms, are 

very heterogeneous and there is no clear way in which the 

bootstrapping might be applied in these particular learning 

tasks. 

 

The vectorial model has also been employed for textual en-

tailment [Hovy et. al 2007; Szpektor et. al 2008].  The con-

texts are modeled as vectors and rules of entailment can be 

applied only in similar contexts, where similarity is com-

puted according to a similarity metrics. The similarity me-

trics can work on the dependency trees as well [Kouleykov 

et. al. 2005].  

 

One of the problems for the TE systems is the difficulty of 

creating contradiction samples. A contradictory pair is 

formed by two sentences that cannot possibly be true at the 

same time. To create a contradictory corpus is difficult, as 

the contradiction relationship seems to require a deeper 

analysis than the entailment relationship. Our method allows 

a natural extension which can be used to create both entail-

ment and contradiction examples involving social roles.  

 

The method of acquiring the quasi-similar pairs we present 

is instrumental in building a contradiction corpus. 

 

A method for finding synonyms has been applied in order to 

simplify the technical texts [Elhadad&Sutaria 2007]. The 

method does not allow the learning from corpus and it can 

paraphrase only the technical expressions containing words 

whose synonyms set is already known. 

 

Our method for the acquisition of quasi-similar pairs uses 

only shallow text processing. The context of interest is de-

termined in constant time around the entity of interest. 

3 Social Roles and News Local Coreference 

The Adige 500k consists of a collection of individual pieces 

of news that extend approximately over seven years. In Ta-

ble 1 we present a fragment from a piece of news. 

Italian English 

… Missione cinese per l' 

arcivescovo di Trento, 

Luigi Bressan. Il soggiorno 

in Cina di monsignor Bres-

san si inserisce in un ampio 

progetto di …. 

… Chinese Mission for the 

arcivescovo of Trento, 

Luigi Bressan. The travel 

of monsignor Bressan is 

part of a big project ….  

Table 1. Fragment of a Piece of News 

In this fragment of an ordinary piece of news there are two 

name mentions, Luigi Bressan and Bressan respectively. 

We present below a coreference technique of name men-

tions that is extremely accurate, over 99.7% accuracy. A 

side effect of coreferencing the name mentions is that we 

have direct access to the noun phrases that include the re-

spective name mentions. Some of these noun phrases carry 

the quasi-similar pairs of social roles. In Table 1 we see that 

arcivesco and monsignor are quasi-similar pairs. 

 

The method of finding the quasi-similar pairs is based on 

coreferencing the name mentions, finding the extended noun 

phrases and extracting potentially quasi-similar words, and 

filtering the potential candidates for obtaining the final qua-

si-similar pairs.  

 

The coreference and the filter modules implement a statistic 

approach. No additional data, except from the one already 

existing in the corpus itself is needed. By employing linear 

rules of stopping words, we recognize the noun phrases. 

Optionally, we can start with a set of words denoting social 

roles using SUMO [Niles 2003]. Taking advantage of the 

fact that SUMO is aligned to Wordnet, which is available in 

some European languages, like English, Italian, Portuguese, 

Rumanian, Spanish etc., [Pianta et. al. 2002] a part of the 

social roles can be available to start with. The processes of 

finding the quasi-similar pairs for these words and for all the 

others that are to be found in the corpus, is the same as 

above. 



In Section 3.1 we present the set of social role words we are 
interested in. Based on I-CAB [Pianta et. al. 2006], we 
present the distribution of these words in corpus. We also 
present here the method of pairing the social roles once the 
coreference has been established. In Section 3.3 we look at 
the pairs of quasi-similar social roles extracted.  

3.1 I-CAB  

From the Adige500k corpus a set consisting of all the news 

in two pairs of two consecutive days each has been manual-

ly annotated, creating the I-CAB corpus [Magnini et. al. 

2006].  

 

After the annotation of mentions of type PERSON, each men-

tion was additionally annotated in order to individuate the 

semantic information expressed by the mention regarding a 

specific entity. The process of deciding which phrases are 

relevant and at the same time, instrumental in the computa-

tional entailments, was iterative [Pianta et. altri 2006]. The 

following three attributes, Activity, Role, and Affiliation are 

not independent of each other. Activity refers to the actual 

activity performed by the person, while Role refers to the 

position they occupy. Each group of these three attributes is 

associated with a mention and all the information within a 

group has to be derived from the same mention. If different 

pieces of information derive from distinct mentions, we will 

have two separate groups. For instance, the three co-

referring mentions “the journalist of Radio Liberty”, “the 

redactor of breaking news”, and “a spare time astronomer” 

lead to three different groups of Activity, Role and Affilia-

tion. 

attribute Values 

FIRST_NAME Ralph, Greg  

MIDDLE_NAME J., W. 

LAST_NAME McCarthy, Newton 

NICKNAME Spider, Enigmista 

TITLE Prof., Mr. 

GENDER F, M 

ACTIVITY 

AFFILIATION 

ROLE 

author, doctor  

The New York Times 

manager, president 

PROVENANCE South American 

FAMILY_RELATION father, cousin 

AGE_CATEGORY boy, girl 

HONORARY the world champion 2000 

Table 2. Ontological Attribute Description 

The social roles are very well represented in the I-CAB, and 

because this corpus represents a random, sufficiently large 

sample of the Adige500k, we can assume that the percen-

tages are similar in the whole corpus. In Table 3 we present 

these figures. 

attribute #mentions different 

ACTIVITY 973 (13%) 322 

AFFILIATION 566 (7%) 389 

attribute #mentions different 

ROLE 531 (7%) 211 

HONORARY 69 (2%) 63 

MISCELLANEA 278 (3%) 270 

Table 3.  Distribution of the Attributes in Corpus 

3.2 Local Coreference  

The Adige 500k is divided into pieces of news and within 

each of them the mentions containing personal names has 

been individuated.  The task of clustering the personal name 

mentions according to the entity they refer to is a complex 

one. However, it has been shown that restricting the corefe-

rence at the news level, the one entity per document hypo-

thesis is valid [Popescu&Magnini 2007]. With an accuracy 

of over 99% the same name refers to only one person within 

a piece of news. The names are considered with their va-

riants, because a person could be mentioned using just the 

first or last name, or using just abbreviations.  

 

In order to make all the possible coreferences within a 

piece of news we implemented a system of finding the best 

match for a name variant.  For each name a list of possible 

candidates is computed; for example for a first name a list of 

possible last names is computed. Let us suppose that the 

candidate list has cardinality bigger than two and that we 

search for a completion for a first name. The list of candi-

dates contains the last_name - labeled name mentions. We 

consider for each first_name (l) and last name (L), the prob-

ability of joint occurrence, and the probability of common 

occurrence in a name (l_L). These numbers have been cal-

culated with respect to each topic (t) independently.   The 

probabilistic equation which involves these variables is: 

the_most_probable_completion(l) =  

       = argmax (L,t) = argmax p(l, L, l_L, t) =  

       = p(t) p(L|t) p(l | L, t)p(l_L | l, L, t)                      (1)                   

The equation expresses the decomposition of the joint 

probability into a product of conditional probabilities. In 

order to compute the total probability, we can compute sepa-

rately each factor in (1) .  

 P(t), is an independent constant, which does not 

count in the computation of (1). 

 P(L | t), the probability that a last_name is in that 

piece of news, shows the connection between a topic 

and a last_name and may be computed in two ways:  

o  by letting it  take values in {60/100, 

29/100, 10/100, 1/100} corresponding to 

“very frequent”, “frequent”, “little frequent” 

and “no clue” respectively. 

o  By using the Bayes theorem, and keeping 

in mind that p[t] does not count, we have 

p(L | t) = p(t | L) p(L) p(t), which represents 

the probability that a certain last_name is in 

the newspapers, may be computed as a ratio. 

The probability p(t | L) is normalized as 

above. 



 P(l | L, t)  is the probability that a certain person is 

referred to by first_name in a piece of news. If noth-

ing is known, we consider it 1/2. Otherwise, if there 

is any corpus based evidence available, we compute 

a yes/no function, considering whether it is more 

probable for that person to be called by first_name, 

and, consequently,  a quantity is added/subtracted 

from 1/2. 

 P(l_L | l, L, t) is the probability that a person’s name 

is  made out of first_name and a last_name. We ap-

proximate it as {80/100, 20/100, 0} considering the 

probability that the_last name is indeed a last_name. 

The “0” value means that we have unmatched ab-

breviations. 
All the above probabilities have been calculated over the 
whole document collection.  
 
The number of local coreferenced name mentions is large in 
the Adige500k corpus, over 200,000,. Most of these corefe-
rences are between name mentions with the same value con-
sidered as strings. However, more than 12% of the total 
number of coreferences is ambiguous. The accurate resolu-
tion for these cases is essential for the extraction quasi-
similar pairs.   

3.3 Social Roles   

By corefering the mentions denoting person within each 

piece of news we are also able to extract pairs of quasi-

similar social roles.  From Table 3 we know that we may 

expect that roughly one in third name mentions appears in a 

context where a word, or a phrase, denoting a social role is 

present. In order to maintain a good level of accuracy we 

considered only a limited number of all the possible con-

texts. We focused on the immediate context surrounding a 

name mention, considering the full noun phrases, which 

include the name mentions. The extent of full noun phrases 

is found by applying a simple stop word heuristics. The 

most successful simple heuristics seems to be the one 

guided by PoS and fixed phrases format. 

In Figure 1 we plot the distribution of the social role pairs 

inside the news according to the person they refer to.  
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Figure 1. Social Roles per News 

The social roles are found usually in front of name men-

tions, but in some cases they may follow them.  The num-

bers are plotted in Figure 2, where the left bar indicates the 

preceding social roles. 
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Figure 2. Social Roles Preceding/Following 

In Table 4 we present the most social roles, together with 

their English translation present in Adige5ook. The figures 

indicate how many social role words have been found by 

our extraction procedure, and they do not indicate the occur-

rences in the whole corpus. 

Social Roles occurrences 

presidente [president] 78,907 

assessore [counselor] 48,429 

don [don] 23,902 

consigliere [advisor] 19,470 

direttore [principal] 19,044 

professore[teacher] 16, 950 

avvocato [lawyer] 16,127 

dottore [doctor] 15,766 

segretario [assistant] 13,370 

ministro [minister of state] 13,332 

Table 4. Most frequent Social Roles 

The social roles associated with coreferenced name men-

tions form pairs naturally. The pairs at this stage represent 

only candidate quasi-similar pairs. A quasi-similar pair has 

to guarantee that the elements are not associated by chance, 

or by mistake. 

4 Quasi-Similar Pairs 

The local coreference module extracts pairs of social roles 

found by coreferencing. In Table 5 we present an example 

of the candidate pairs. For each pair we record both the fre-

quency of the respective pair and also the number of differ-

ent pieces of news where the respective pair has been men-

tioned. 

Candidate Pairs #Occ #News 
albergatore assessore  5 3 
allenatore commissario-tecnico 42 38 
allenatore carabiniere  1 1 
allenatore guida  2 2 

Table 5. Candidates Pairs 

We extract 78,118 pairs of candidates. The variance with 

respect to frequency and distribution in the corpus is big. In 

Figure 4 we present their distribution in the pieces of news. 



Most of the pairs, almost 60%, appear only once and for the 

sake of having a better picture we do not plot them. 
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Figure 4. Candidate Pair Distribution 

Not all these pairs are considered valid quasi-similar roles. 

We run a procedure that ensures that most of the cases 

representing the simple co-occurrences or mistakes are fil-

tered out.  

In Figure 5 we present the architecture of the system. Op-

tionally one can start from the set of social roles present in 

SUMO. The figures we have reported in this section are 

without the SUMO initial set, because we want to analyze 

the performances of the system in the absence of any exte-

rior resource.  

There are two main conditions that the quasi-similar pairs 

must obey:  

 each pair must have been observed with different 

persons 

 the number of  occurrences is above a predefined 

threshold for each pair.   

We experimented only with few values, mostly because we 

were primarily interested in high accurate results. We 

choose two different set of constraints and consequently we 

obtained two different sets of quasi-similar pairs, say SET1 

and SET2 . 

 

 

 

In order to evaluate the accuracy of the two sets we random-

ly choose a sample from each set, making sure that there are 

no duplicates. The cardinality of the sample for each set was 

the same, 125, even though the two sets had different cardi-

nalities. The only criterion in choosing the sample size was 

statistics. We put together all the sample pairs and we ran-

domly made a new two set sample, TSET1 and TSET2, each 

new set containing pairs from both SET1 and SET2. To 

these sets we add a sample of 75 pairs. Eventually each 

TSET set contained 200 pairs from both SET1 and SET2, 

with 75 pairs being common. The set TSET1 was assigned 

to a first human tester and the set TSET2 was assigned to a 

second human tester. In this way both human testers looked 

at pairs from SET1 as well as from SET2. The 75 pairs 

which TSET1 and TSET2 have in common, allow us to 

measure the inter-tester agreement. 

The results are presented in Table 6. 

Filtering Condition #Quasi-Similar Pair Accuracy 

SET 1 8, 256 92% 

SET 2 6, 230 97% 

Table 6. Quasi-Similar Accuracy 

 

The inter-tester agreement was very high, they agreed in 71 

cases, which makes an 96% agreement. The null hypothesis 

that their accuracy varies with more than 5% can be re-

jected. In these conditions we can consider the results in 

Table 6 statistically significant. 

 

In a separate experiment we considered only the social roles 

present in SUMO. We notice that it makes no difference in 

the final accuracy; therefore knowing already the social role 

words makes no difference in the end. However, with less 

restrictive filtering conditions it may turn out that it actually 

does.  

 

 

 

 

SUMO 

Social Role

Multilanguage

WordNet

Within News

Coreference

Extended NP

Extraction

Extract Candidates

Filtering pairs
Quasi Similar

Social Role

News Corpus - Adige 500K
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5 Conclusion and Further Work 

We have presented a solution for learning quasi-similar 

pairs of words denoting social roles in specific contexts 

from a corpus. These pairs play an important role in textual 

entailment and in all related tasks because they represent 

specific information related to human knowledge which is 

not readily available in computable form. 

The method we present is language independent, it requires 

only light computational tools and is very fast. The accuracy 

of the system is quite good. 

In an independent evaluation experiment we concluded that 

the accuracy is between 92 and 97% percent depending on 

the restrictiveness of the filtering conditions. 

The analysis carried on in the last section shows that the 

actual number of quasi-similar pairs is actually much bigger 

than the one we eventually considered after the filtering 

conditions. We believe that there are ways to design a filter-

ing module which is more permissive without jeopardizing 

the accuracy. Our future research is oriented in this direc-

tion. Given the fact that quasi-similarity is a one to one rela-

tionship, it is possible to make a contradiction corpus for 

textual entailment, where all the counter examples are made 

by words that are not in a quasi-similar relationship. We 

intend to exploit this idea in the future. 
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Abstract
Relation extraction is the task of finding entities in
text connected by semantic relations. Bootstrap-
ping approaches to relation extraction have gained
considerable attention in recent years. These ap-
proaches are built with an underlying assumption,
that when a pair of words is known to be related
in a specific way, sentences containing those words
are likely to express that relationship. Therefore,
sentences containing the pair of words may be used
as training data for the relation extractor. We test
this assumption for various relations drawn from
two domains, using parallel and non-parallel cor-
pora. We find that the assumption holds with sub-
stantially greater probability for parallel corpora.

1 Background and Related Work
Due to the enormous variety of expression in natural lan-
guage, semantic structures can surface in many ways. Find-
ing each of these ways manually, either by annotating or con-
structing interpretation rules by hand is impractical. One goal
of DARPA’s Machine Reading Project is to minimize this hu-
man effort when moving to new domains. Semi-supervised
bootstrapping methods in relation extraction are a natural
choice because of their ability to benefit from a small amount
of manual effort and a large, unannotated corpus.

Algorithm 1 gives a general outline of relation extraction
bootstrapping. This algorithm bootstraps a single relation,
although in some cases it may be beneficial to bootstrap mul-
tiple relations together [Carlson et al., 2009]. It begins with
a corpus, C, and a seed set of related pairs of instances, R,
for example {(Cavaliers, 109), (Suns, 91)...} for the team-
Score relation. Alternatively, we may obtain seeds from a
high precision (but low recall) relation extractor, in which
case we first run the relation extractor over the corpus to ob-
tain R. The first step of the bootstrapping loop is to label all
occurrences of the pairs from R in C. Then an extractor is
trained to identify the labeled sentences as examples of the
target relation. The process repeats with the trained extractor
providing an expanded set R.

In a seminal work, Hearst [1992] demonstrated a means of
finding hyponyms from text using an initial set of simple syn-
tactic patterns and a semi-automatically discovered set of ad-

Algorithm 1 A general relation bootstrapping algorithm
BOOTSTRAP(R,C)
1 E ← ∅
2 repeat O ← LABELOCCURRENCES(R,C)
3 E ← TRAINEXTRACTOR(O)
4 Rorig ← R
5 R ← RUNEXTRACTOR(E,C)
6 until R = Rorig

7 return E

ditional syntactic patterns. Many researchers have also used
parallel (or comparable) corpora to find paraphrases [Barzi-
lay and Lee, 2003]. Shinyama et al. [2002] used parallel
news stories to extract dependency paths with similar mean-
ings based on shared named entity fillers. A related idea,
distant supervision [Mintz et al., 2009], uses a database of
known facts to label a separate corpus of natural language.

Algorithm 1 relies on the implicit assumption that when
we encounter a sentence containing a pair of words known
to be in a specific semantic relation, that sentence is likely
to express that relation. This assumption has been at least
partially validated by the success of the NLP bootstrapping
methods that depend on it. In this work, we will measure the
degree to which it holds for various relations in parallel and
non-parallel corpora.

2 Automatically Constructed Parallel
Corpora

The Machine Reading Project motivated relation extraction
on two domains: National Football League (NFL) and Intel-
ligence Community (IC). The relations in the NFL ontology
were general enough to apply to any team sport, so we will
often refer to this as the Sports domain.

The abundance of news articles reporting on the same event
makes parallel or comparable newswire corpora an attractive
resource. Dolan et al. built an aligned corpus [2004], useful
in paraphrase acquisition research, from news articles.

We built a large parallel corpus for both the Sports domain
and the IC domain from clustered newswire. We used Google
News1 to locate and cluster articles describing the same story.

1http://news.google.com/



Each document cluster covers a single news story, often a sin-
gle event such as a game or terrorist attack. By searching
Google News with domain relevant keywords, a set of results
similar to Figure 1 is retrieved. By following the link to “all
285 articles” a set of documents all describing the same event
can be gathered. Because both the relevance to the cluster and
the quality (pagerank) of the articles decline with the number
of search results retrieved, we limited the number of articles
to the top ranked one third, or at most 100.

Figure 1: Example of a Google News article cluster

Each corpus is approximately half a gigabyte of text, gath-
ered over about four months. On each day the corpus gather-
ing software downloaded the clusters for the top ranked sto-
ries for each search term. The sports corpus was constructed
by querying for news articles with the keywords: “NFL”,
“NBA”, “NCAA football”, and “MLB”. The IC corpus was
constructed from the keywords: “intelligence community”,
“conflict region”, “Al Qaeda”, “Taliban”, “foreign election”,
and “insurgent”. The sports corpus contains 145,000 docu-
ments across 3861 clusters, with an average of 37.5 docu-
ments per cluster. The IC corpus is similar, with 130,000
documents, 3114 clusters and 41.5 documents per cluster.

The news articles were automatically cleaned of the boiler-
plate typical of web articles and stripped of all HTML. The re-
sulting text documents were segmented into sentences using
Stanford’s [Klein and Manning, 2003] sentence segmenter.

Because of the way the corpus was gathered, we know only
that the documents inside each cluster were considered to be
about the same story by Google News. We do not know that
documents in other clusters are not about the same story. Of-
ten, multiple consecutive days will have articles about the
same event. Given our architecture, these would appear in
different clusters.

3 Experimental Setup
To determine the potential value of a parallel corpus for
bootstrapping relation extractors, the experiment measures
how consistently a relation holds between two seed instances
within related news stories and across unrelated stories. Table
1 shows the five relations from each domain we considered.
The gloss is an English explanation of the relation, where x
and y are the two related entities. The search pattern is a
snippet of text we used to locate sentences in the corpus con-
taining entities in the relationship of interest.

Using the search patterns we first gathered sentences that
potentially expressed the relation. From these we manually
located sentences that actually expressed the target relation
and located the words that were related. We refer to the pairs

of words in these sentences as the seed instances. These pairs
would be the initial set R in algorithm 1.

Because all sentences in which the seed instances are
syntactically related will be labeled as occurrences of the
target relation in the next bootstrapping step, it is essen-
tial that the instances be suitably specific. If the seed in-
stances are overly general, such as (group, he) for isLedBy,
the LABELOCCURRENCES process will have low preci-
sion. If the seed instances are too specific, such as
(The surging Los Angeles Lakers,Monday′s game) for
teamInGame, very few sentences will be labeled as occur-
rences of the relation. To balance these considerations, we
adopted the following seed instance selection strategy. First,
no pronouns were accepted. For teams, either the name or
city was acceptable. For people, a last name or descriptive
general noun like “defendant” was accepted. For organiza-
tions referred to by name, only the most descriptive portion
of the name was retained, for example “Harvard” for “Har-
vard University”.

To simulate the LABELOCCURRENCES function in algo-
rithm 1, a simple extractor randomly selected additional sen-
tences in the corpus that contained a pair of seed instances.
For each seed instance pair, it selected ten sentences to eval-
uate the precision of LABELOCCURRENCES within a single
document cluster, called the “inside cluster” sentences. Since
there might not be a single document cluster that had ten
occurrences of a seed instance pair, inside cluster sentences
were added when there were at least two within a single clus-
ter: the extractor continued randomly adding all matching
sentences from suitable clusters until the number of sentences
minus the number of document clusters they were drawn from
equaled or exceeded ten. We also selected another ten sen-
tences spread across document clusters to test the precision of
LABELOCCURRENCES without document clustering, called
the “outside cluster” sentences.

We required the sentences found in this way to have a close
syntactic relationship between the two seed instances. We
measured this by parsing the sentences and rejecting any sen-
tence where the words were separated by a dependency path
of length greater than five.

4 Evaluation
To evaluate the precision of the LABELOCCURRENCES func-
tion, with and without document clustering, we used workers
on Amazon’s Mechanical Turk2 service. Other researchers
[Snow et al., 2008] have shown that for some simple tasks
in natural language processing, including textual entailment,
Mechanical Turk non-experts can provide annotations with
the same level of quality as expert-built gold standards.

For each relation a gloss was written with its meaning ex-
pressed in plain English (see Table 1). The found sentences,
along with the filled gloss for the relation’s meaning were the
Human Intelligence Tests (HITs). Each HIT (the labeled oc-
currence) was given to three workers, to test agreement. The
workers were asked to mark the sentence-summary pair as
correct or incorrect (and if incorrect, select a reason why).

2http://mturk.com



Relation Gloss Search Pattern
NFL (Sports) Relations

gameDate The game referred to as ’x’ was played on y “ on ”
gameWinner The team, x, won the game referred to as ’y’ “ won ”
gameLoser The team, x, lost the game referred to as ’y’ “ lost ”
teamInGame The team, x, played in the game referred to as ’y’ “ between ”
teamScore The team, x, scored y points “ scored ”

Intelligence Community Relations
eventLocationGPE The event, x, took place in y “ in ”
hasCitizenship The person, x, is a citizen of y “ citizen of ”
injuringHumanAgent The group, x, was responsible for the attack, y “ claimed responsibility ”
isLedBy The organization, x, is led by y “ headed by ”

Table 1: Relations for filler extraction

We provided example sentence-summary pairs to illustrate
the three different types of incorrect summaries.
• Determine if the sentence states or strongly implies the

partial summary.
• If the sentence does not actually state (or strongly im-

ply) the relationship, it is incorrect, even if you know
the partial summary is true.

• If it is incorrect, consider why it is not correct.
– Is a word in bold not of the type stated?
∗ Sentence: John won an award in New York.
∗ Summary: The team, New York, won the game

referred to as won.
∗ Explanation: “New York” does not refer to a

team and “won” does not refer to a game.
– Is there no direct relationship between the words?
∗ Sentence: Kobe Bryant of the Los Angeles Lak-

ers will play in the All-Star Game.
∗ Summary: The team, Lakers, played in the

game referred to as play.
∗ Explanation: There is only an indirect relation-

ship between the Lakers and the playing event.
– Is the relationship between the words different from

the summary?
∗ Sentence: President Obama spoke at Harvard

today.
∗ Summary: The person, Obama, attended the

school, Harvard.
∗ Explanation: The sentence says that Obama

spoke at Harvard, not attended
• Tense (past, present, future) is unimportant.

5 Results
The Fleiss’ Kappa for Mechanical Turk worker agreement
across all relations was 0.333 indicating “Fair agreement”
[Landis and Koch, 1977]. The gameWinner and gameLoser
relations had low precision (< 20%) and low agreement
(< 0.1) for both the inside and outside cluster sentences. We
exclude these relations from further analysis.

Mechanical Turk workers were unanimous in about half of
the HITs. For the others, we reviewed a sample of 25 HITs.
Of those, we agreed with the majority of workers 19 times.
In cases where workers disagreed, they often had legitimate
reasons for their disagreements. Consider the sentence below

along with the gloss of the hypothesized relation.

Sistan-Baluchistan province a major transit route
for narcotics has been hit by a string of attacks and
kidnappings, that authorities blame on Jundollah.

The group, Jundollah, was responsible for the attack, attack
Answers correct 1 incorrect 2

The workers were instructed to mark the partial summary
correct if it was stated or “strongly implied” by the sentence.
Whether the blame of authorities is enough to strongly imply
responsibility is obviously a subjective matter.

5.1 Effect of Parallel Corpus
To measure the inside cluster precision for a relation, we lo-
cated all sentence-summary pairs where the workers unan-
imously agreed the partial summary was correct. Then we
tallied the majority opinion - whether correct or incorrect -
on every other sentence-summary pair from the same cluster.
To measure outside cluster precision we simply gathered the
majority opinion for every outside cluster sentence. Precision
is then correct/(correct + incorrect). The ratio reported in
Figure 2 is the outside cluster precision divided by the inside
cluster precision.

The difference between the inside and outside cluster pre-
cision is significant, even adjusting for multiple testing, for
all relations but the last three: injuringHumanAgent, isLedBy,
and teamInGame.

6 Conclusions
Figure 2 shows the importance of using a parallel corpus for
at least some relations. Overall the inside cluster precision
was 0.70 and the outside cluster precision was 0.39, suggest-
ing a parallel corpus may lead to an error rate reduction of
50% in LABELOCCURRENCES. The effect varied consider-
ably based on relation.

We expected a minimal impact for the gameDate,
teamInGame and injuringHumanAgent relations and a sub-
stantial impact for the others. We reasoned that when the
typical instance pairs for these relations are present together
in a sentence it is rare that they are related in anyway except
the target relation. Although we were unable to test some
relations effectively, with the exceptions of gameDate and
isLedBy our hypothesis was validated.



Figure 2: Impact of a parallel corpus on instance relationship precision

The dramatic drop from inside cluster to outside cluster
precision for the hasCitizenship relation can be explained by
the fact that, not coincidentally, a citizen of a nation is typi-
cally related to that nation in many ways. For teamScore, we
see that within a cluster (usually about a single game) if the
relationship holds between a team and a score in one sentence
in that cluster, it is very likely to hold between all other syn-
tactically related occurrences of those same instances. How-
ever, outside the cluster it is less than 50% likely that the re-
lation holds. Often the score will actually be the other team’s
score.

For many cases the assumption of a single relation between
seed instance pairs does not hold generally, but is reliable
within a cluster of documents on a single story. Bootstrap-
ping approaches to relation extraction can take advantage of
this result by using parallel corpora for relations that can ben-
efit.
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Abstract 

We are experimenting with a task that involves 
evaluating conjunctive queries over subject-
property-object graphs that are generated from the 
results of processing text. Given the fact that NLP 
results are imperfect, errors in individual query 
conjuncts multiply, often causing recall to drop 
dramatically as queries add terms. To address this, 
we present a hypothesis generation technique based 
on identifying missing graph edges representing 
type or other binary relations that were not ex-
tracted from the source text, and show that with 
suitable hypothesis validation techniques drawn 
from the literature and the Watson Q/A system, we 
significantly improve recall of conjunctive queries 
while still improving F-measure.  

Topics 
Query Analysis; Bridging knowledge gaps in NLP 

1 Introduction 

As information extraction-based question answering sys-
tems are presented with more complex queries, low recall 
becomes the dominating factor in performance. In particu-
lar, for queries that are a conjunction of terms, the overall 
recall can be severely degraded by poor term recall. In the 
worst case, query recall can be zero even for non-zero term 
recall if the variable bindings over individual terms do not 
overlap. For example, consider the conjunctive query to find 
Jordanian citizens who are members of Hezbollah: 
citizenOf(?P, Jordan)  

hasMember(Hezbollah, ?P) 

Even if the recall of each term is non-zero, their bindings for 
the variable ?P must overlap in order for the query recall to 
be non-zero. 

In this paper we describe a system that uses solutions to 
subsets of a conjunctive query as candidate solutions to the 
full query, then attempts to confirm the candidate solutions 
using various kinds of inference and external resources. 

1.1 Query Answering Scenario 

Our query answering task is the current evaluation scenario 
for DARPA’s Machine Reading program. We are given an 
ontology of types (unary predicates) and binary relations, a 
target corpus of 1000 documents and 50 questions. The 
questions are a conjunction of terms from the ontology with 
some arguments variable and some already bound. 

For example, consider the query asking to find all terror-
ist groups that were agents of bombings in Lebanon on Oc-
tober 23, 1983: 
Select ?T where 

TerroristOrganization(?T)  Bombing(?B)    

mediatingAgent(?B,?T)   

eventLocation(?B,Lebanon)   

eventDate(?B,1983-10-23). 

The query answering system must find all bindings for the 
variable ?T that satisfy the conjunctive query and also report 
where in the target corpus the answers are found. In prac-
tice, this means finding spans of text (“provenance”) ex-
pressing the relations in the query. 

Our system consists of two main parts: an “NLP stack” 
and a Query Answering module. The NLP Stack contains 
parsers, coreference resolution modules and entity and rela-
tion extractors trained on the ontology and text in the do-
main. Its main component is a state-of-the-art information 
extraction system developed at IBM primarily for the ACE 
evaluation, and adapted to the specific ontology of this task 
[Florian et al,, 2004]. The NLP Stack is run over the target 
corpus to produce an “extraction graph”, which includes 
entities and relations between them, as well as pointers to 
their mentions in the text. The graph also associates confi-
dence measures on extracted entities and relations. 

2 Observations on a Dry Run 

Prior to the official evaluation task, we were given a “dry 
run” evaluation with an almost identical ontology, a differ-
ent corpus of 1,000 documents and 50 different questions. 
Since our information extraction component was not yet 
trained on the domain, we used a simple bootstrapping ex-
tractor [Glass et al., 2009] in the NLP stack. Although the 



dry run task was intended primarily to shake out bugs in the 
process, and although our NLP Stack was much more primi-
tive than we knew it would ultimately be, our system’s per-
formance was nonetheless cause for concern. We were able 
to produce answers to only eight of the 50 dry run queries. 
For queries with multiple relations we provided no correct 
answers at all. For queries consisting of one relation and 
type restrictions, we scored an F1 of .27. This result sug-
gested that we couldn’t even begin to consider how to im-
prove precision until we found a way to improve recall. 

2.1 Query Term Ablation Experiments 

In light of the poor dry run results, we decided to investigate 
individual query conjuncts to see if improving the NLP 
Stack’s recall on certain problematic types or relations 
would improve QA recall. We found that although there 
were only a small number of types and relations with zero 
extractions, there were still many questions for which we 
were producing no answers even when the individual query 
terms all had recall well above zero. 

To investigate the source of errors, we re-ran QA ablating 
various conjunct types and combinations and found (unsur-
prisingly) that the weakened queries produced more answers 
(Table 1). Overall, with various combinations of up to two 
ablations we doubled the number of queries for which we 
could produce answers to 16 (no single row in Table 1 adds 
all eight new queries). Note that producing an answer to a 
query does not mean it is a correct one; we did, however, 
observe correct answers among the relaxed query result sets. 

Relaxing queries by deleting terms gives the potential to 
improve recall, but changes the semantics of the queries (in 
some cases, rendering them vacuous). Our goal, then, was to 
find a way to take advantage of term-based query relaxation 
to increase recall, without changing query semantics and 
without ruining precision. 

3 Query-Driven Hypothesis Generation 

3.1 Generating Hypotheses 

Our solution was to relax queries by removing query terms, 
find solutions to the remaining set of terms and use those 
solutions to ground the relaxed queries for further analysis. 
In a sense we are looking for missing links in a graph that, if 
added, would result in a new query solution. The variable 
bindings for the relaxed query results give us a place to start 
(see Figure 1).  

Each solution to a query Q is a single binding over the set 
of variables V shared among N query terms. We relax Q by 
removing a query term, leaving a relaxed query Q' having 
some subset of variables V' shared among the remaining N-1 
terms. The solutions to Q' provide bindings over V'. We use 
those bindings to ground all of the original N query terms in 
Q. These terms of Q grounded using the bindings from solu-
tions to Q' are hypotheses to be tested. Of course, N-1 of the 
hypotheses are already satisfied by the extractions, but since 
extractions are potentially noisy, we subject them to hypo-
thesis testing, too. 

Each set of N query terms is a hypothesis set: if the hypo-
theses in a hypothesis set can be proven, the hypothesis set 
constitutes a new solution to Q. If no solutions to subqueries 
of size N-1 are found, we consider subqueries of size N-2, 
and so on down to subqueries of size N/2. (In practice we 
rarely go lower than N-2: the number of hypotheses begins 
to explode, and they are rarely related enough to be useful). 

For example, consider again the query from section 1 ask-
ing to find all terrorist groups that were agents of bombings 
in Lebanon on October 23, 1983: 
Select ?T where 

1. TerroristOrganization(?T)   

2. Bombing(?B)    

3. mediatingAgent(?B,?T)   

4. eventLocation(?B,Lebanon)   

5. eventDate(?B,1983-10-23). 

The system would consider five relaxations at level 1, cor-
responding to the subqueries of length four resulting from 
ablating each term in turn: 

terms ablated queries with answers total answers 

no ablations 8 266 

count terms 8 266 
datespec 8 266 

all date terms 9 272 
event locations 9 862 

entity types 9 1168 
count+datespec 8 266 

count+alldate 9 272 
count+evloc 11 2506 
count+type 9 1168 

datespec+evloc 11 870 
datespec+type 9 1168 
alldate+evloc 12 1000 
alldate+type 10 1240 

evloc+type 11 13715 

Table 1. Number of answerable queries and number 

of answers when ablating categories of query terms. 

Figure 1. Hypotheses are formed from links that, if 

added to a graph, would provide new query solutions. 



1. find all bombings in Lebanon on 1983-10-23 with agents 
(hypothesize that the agents are terrorist organizations) 

2. find all events in Lebanon on 1983-10-23 by terrorist orgs 
(hypothesize that the events are bombings) 

3. find all bombings in Lebanon on 1983-10-23  
(all known terrorist orgs are hypothetical agents) 

4. find all bombings by terrorist orgs on 1983-10-23 
(hypothesize that the bombings were in Lebanon) 

5. find all bombings by terrorist organizations in Lebanon 
(hypothesize that the bombings were on 1983-10-23) 

If no solutions for any of the five subqueries are found, the 
system will attempt to generate hypotheses for the twenty 
subqueries of length three, and so on. 

Two specific cases in hypothesis generation are worth de-
scribing in more detail. First, it is often the case that a varia-
ble appears in exactly two terms in a query: a type term and 
a relation term (for example, variable ?T above). Removing 
the type term produces a subquery in which the correspond-
ing argument of the relation term is more weakly con-
strained. Relaxation 1 above illustrates this case: find all 
bombings in Lebanon on 1983-10-23 by any agent, not just 
terrorist organizations. The solutions to the relaxed sub-
query provides a list of candidate bindings of the variable 
?T consisting of all agents of appropriate bombings. The 
resulting hypotheses are that those agents are of type Ter-
roristOrganization. But removing the relation term 
produces a much weaker subquery, that of relaxation 3. 
Since ?T is a singleton variable in the subquery, all in-
stances of type TerroristOrganization are candidate 
agents of the bombing. Such subqueries typically produce a 
large number of “shot-in-the-dark” hypotheses, which some-
times require careful handling during hypothesis checking 
(see section 4). 

The second special case is when subquery solutions do 
not bind a variable. This occurs for subqueries of length N-k 
for any variables that appear k (or fewer) times in the origi-
nal query. For example, if the above query produced no so-
lutions to subqueries of length N-1, the system would con-
sider subqueries of length N-2. At this level, we would pro-
duce a subquery where both terms in which ?T appears are 
removed. That is, we would produce a subquery in which ?T 
does not appear. Solutions to the subquery would provide 
candidate bindings for ?B, which would generate media-
tingAgent hypotheses in which the first argument is 
bound, but the second is variable. For now, we filter out 
hypotheses with unbound arguments, though our hypothesis 
checking architecture could certainly admit checkers capa-
ble of dealing with partially bound hypotheses. 

3.2 Query Optimization 

The one-argument type terms and two-argument binary re-
lation terms making up conjunctive queries are drawn from 
a given, domain-specific ontology. The queries in the evalu-
ation are not optimized. Since our approach finds all solu-
tions from the extraction graph over all query subsets of a 
given length, optimizing the query is important. 

Solutions to subqueries are variable bindings from ex-
tracted facts (the direct result of running the NLP stack on a 

fixed corpus of 1000 documents) and inferred facts that re-
sult from the application of a small, arbitrary rule base that 
allows taxonomic reasoning as well as some domain know-
ledge (see section 4.2). Prior to hypothesis generation, we 
cache the number of extracted and inferred groundings of 
each type and relation term. When a query is posed, we first 
sort the query terms from least frequent to most frequent. 
Physically reordering the query terms not only optimizes the 
query, but guarantees that all subqueries considered in hypo-
thesis generation are also optimized. 

Another advantage to optimizing the queries in this way 
is that subqueries that generate too many solutions can 
simply be truncated by removing the last (most productive) 
term(s). In practice, this doesn’t usually change the seman-
tics of the query, since the most productive terms are usually 
type terms constraining the arguments of relation terms. The 
arguments of relation terms are usually already constrained 
by the ontology. Truncation does reduce the number of hy-
potheses generated for a subquery, but the lost hypotheses 
are seldom useful (for example, find all instances of Person 
and hypothesize that they were born in Japan). 

4 Hypothesis Checking 

4.1 Architecture 

Each hypothesis set contains hypotheses in the form of 
ground relation and type terms, which, if supported, provide 
a new answer to the original query. All hypotheses are 
passed to a stack of hypothesis checkers. Each hypothesis 
checker reports its confidence that the hypothesis holds and 
gives a pointer to a span of text in the target corpus that 
supports the hypothesis (the provenance). In the current 
architecture, hypothesis checkers may also choose whether 
to allow a hypothesis to flow through to the next checker. 

A significant property of the architecture is that an indi-
vidual hypothesis checker can be any arbitrary module ca-
pable of reporting support for a hypothesis with confidence 
and provenance, including external IR systems, IE systems, 
knowledge bases, reasoners or even independent question 
answering systems. 

4.2 Hypothesis Checkers 

Extraction Graph 
The original extraction graph is itself just one of the hypo-
thesis checkers in our stack. By default, this means that the 
hypotheses corresponding to the N-1 terms not ablated are 
guaranteed to be supported, with the original extraction con-
fidence and provenance. By including these terms as hypo-
theses and rechecking them, our system could adjust their 
confidence using other hypothesis checkers and even reject 
them if their confidence is low. Other extraction graphs 
could also be plugged in as checkers (extraction graphs over 
other corpora, or even a new extraction graph over the same 
corpus with different NLP stack configurations). 

Knowledge Base 
A second hypothesis checker is a knowledge base allowing 
taxonomic inference as well as more complex rules. 



For our evaluation, the knowledge base contains mostly 
rules derived directly from the supplied domain ontology. It 
also contains a small number of general, domain-
independent rules (such as family relationships) and some 
geographic knowledge. 

Rules derived directly from the ontology include simple 
superclass-subclass rules (Bombing(?x) → Attack(?x)), 
simple relation-subrelation rules (hasSon(?x,?y) → 
hasChild(?x,?y) and simple relation inverse rules 
(hasChild(?x,?y) → hasParent(?y,?x)). We also 
derived about 40 more complex rules automatically from the 
ontology, based on specialization of the domain or range of 
subrelations (hasSubGroup(?x,?y)  HumanOrgani-

zation(?x) → hasSubOrganization(?x,?y)). 
Finally, the knowledge base contains some domain-

independent rules from the Component Library [Barker et 
al., 2001] such as spatial and family relationships 
(hasChild(?x,?y)  hasGender(?y,male) → 
hasSon(?x,?y)) as well as geographic subregion and de-
monym rules from WordNet [Miller, 1990].1 

Using the knowledge base as a hypothesis checker allows 
us to confirm, for example, the hypothesis 
eventLocation(?B,Lebanon) 

when the extraction graph contains  
eventLocation(?B,Beirut).  

Since all the rules are deductive, we made the confidence in 
the inferred consequent simply the product of the confi-
dences of the antecedents with no further penalty. We have 
also begun to experiment with abductive application of rules 
with a heavier confidence penalty. 

Watson 
Whereas the extraction graph and knowledge base can 
check both relation hypotheses and type hypotheses, check-
ers may provide support for only one or the other. 

Watson [Ferrucci et al., 2010] is an open domain question 
answering system that has successfully beaten the best hu-
man contestants on America’s most popular quiz show Jeo-
pardy!. It takes a question expressed in English, generates 
candidate answers by searching through its corpora includ-
ing a variety of encyclopedias, dictionaries, news articles, 
etc. The candidates are then scored by a large number of 
different scoring algorithms, such as TyCor (see below), and 
passage matching. The scores for each candidate are com-
bined into a single confidence to indicate the estimated like-
lihood of that candidate being correct.  

In order to use Watson in our checker stack, we had to 
generate English glosses of the hypotheses in the form that 
Watson expects. Returning to our running example, assume 
that there are solutions to subquery 3: the NLP stack was 
able to extract instances of bombings in Lebanon on 1983-
10-23, binding ?B one or more times, but was unable to ex-
tract any mediatingAgent relations for those bombings. 
The hypotheses will be ground instances of mediatingA-

                                                
1 We experimented with more complete georgraphic resources 

such as geonames.org, which we found to be overproductive. 
WordNet’s incomplete, common-sensical coverage seemed to hit 
the right sweet spot of granularity for our application. 

gent(?B,?T) for all bindings of ?B extracted and all in-
stances of ?T satisfying TerroristOrganization(?T) – 
that is, all of the instances of TerroristOrganization 
extracted. We generate English glosses of each hypothe-
sized grounding of mediatingAgent. For example, if the 
bindings for ?T included Hamas, Hezbollah and Islamic 
Jihad, we would generate the following Watson question: 
What terrorist organization was responsible 

for the October 23 1983 bombing in Lebanon?  

and these candidate answers: Hamas, Hezbollah, 
Islamic Jihad.  Watson generates confidences for each 
of these answers based on all of its resources. Since answers 
to questions in our evaluation must come from the target 
corpus, we restricted Watson to finding supporting passages 
from that corpus only. 

TyCor Type Checking 
TyCor is a component in Watson for determining whether a 
candidate answer is of a particular type, loosely based on the 
notion of type coercion [Pustejovsky, 1995].  

TyCor takes a candidate answer string and a lexical an-
swer type (LAT) string, and generates a score indicating 
whether the candidate answer string can be an instance of 
the LAT string using a four step process. First, it maps the 
candidate answer string to an instance in some source of 
typing information (see below). Second, it extracts the type 
of the candidate answer instance. Third, it maps the given 
LAT string to a type in the same source, and finally, it 
checks to see if the candidate answer’s type matches the 
LAT’s. TyCor outputs a confidence between 0-1 that the 
candidate answer is an instance of the LAT; a confidence of 
1 indicates certainty, 0 indicates no evidence was found (but 
does not indicate that the instance is not of the type). TyCor 
uses and combines results from a variety of sources such as 
Yago [Suchanek et al., 2007], Wikipedia categories, Word-
Net [Miller, 1990], VerbNet [Kipper-Schuler, 2005], corpus 
aggregate statistics, etc.  These sources are not mutually 
aligned, rather the candidate and LAT mappings are imple-
mented independently for each, and the reliability of each 
source for the task is learned through large amounts of train-
ing data. The version of TyCor used for this experiment had 
been trained for the Jeopardy QA task. 

To use TyCor, we convert type hypotheses to pairs of 
strings corresponding to the binding of the variable in the 
type term and the type itself. For example, the hypothesis 
Bombing(E781), where E781 is an entity extracted from 
the corpus, would generate the TyCor pair: (“violent explo-
sions”, “bombing”), where “violent explosions” is the men-
tion text for E781. TyCor would return a confidence value 
between 0 and 1 corresponding to its evidence that “violent 
explosions” could be an instance of “bombing”. 

Semantic Path Checking 
One final hypothesis checker we implemented, but did not 
use, is based on relation expansion through semantic paths. 
This simple idea is based on the observation that the levels 
of granularity of the extraction graph and questions often 
differ, and that many relations admit semantics-preserving 
“transfers-through” transformations [Lenat and Guha, 1990; 



Yeh et al., 2004]. Examples of transfers-through rules in-
clude transitivity rules and part ascension rules. 

Although the paths are already strongly constrained by 
the domain and range constraints of relations, the know-
ledge extracted from the document and the depth limit of 
search, we have not yet done adequate testing to risk turning 
on such a permissive checker in the formal evaluation. 

4.3 Accepting Support for Hypotheses 

Each hypothesis checker provides its measure of confidence 
that a hypothesis holds, making it possible to learn thre-
sholds for accepting or rejecting hypothesis support. Since 
we have only very recently received gold standard answers 
for our question sets, we have not yet set up the training to 
find good confidence thresholds. For the current evaluation, 
we universally accept support from the extraction graph and 
knowledge base inferences over extractions. We set Watson 
and TyCor confidence thresholds at 0.2 and 0.5 by inspect-
ing results of the system on the dry run corpus and question 
set, without looking at the final evaluation corpus or queries. 

5 Query Answering 

5.1 Generating Answer Graphs 

The query answering machinery expects input in the form of 
an RDF extraction graph. For hypotheses supported above 
threshold, we generate RDF statements that are added to the 
extraction graph for the target corpus, making hypothesized 
statements identical in form to those extracted by the NLP 
stack for the target corpus. For supported type hypotheses, 
we generate RDF type triples and confidence triples. For 
supported relation hypotheses, we generate relation triples, 
confidence triples and several provenance triples (for the 
provenance string, beginning and ending offsets and the 
document ID within the corpus). 

In the case of hypotheses generated from subqueries of 
length N-1, each RDF graph addition will result in a new 
answer to the original query. For hypotheses generated from 
subqueries of length N-2 or shorter, hypothesis additions 
may combine to produce new query answers, but this is not 
guaranteed. 

5.2 Results 

Extending the knowledge in the extraction graph with sup-
ported hypotheses may produce answers to original queries 
that had no solutions, or produce more answers to queries 
that did. This obviously does not mean an increase in Re-
call, as the hypotheses, even if supported, might be incor-
rect. Even correct hypotheses may combine with extraction 
errors and produce new incorrect answers to queries. 

We looked first at whether our hypothesis-based exten-
sion produces answers for queries that originally had none. 
The numbers of queries with answers on the official evalua-
tion appear in Table 2. The different rows correspond to 
different thresholds on Watson’s confidence. For the final 
evaluation, we set the confidence threshold at 0.20, based on 
inspection of answer correctness on the dry run questions 
and corpus (see section 2). 

Of course, increasing the number of answers produced does 
more harm than good if the answers are incorrect. To meas-
ure correctness, we ran the final evaluation questions on a 
baseline graph (no extensions from hypotheses) and on a 
hypothesis-extended graph. The results are in Table 3. The 
first pair of rows (“Total”) show the number of answers for 
both baseline (B) and hypothesis-extended (H) graphs, fol-
lowed by the number of True Positive (correct) answers, the 
number of False Positives (incorrect), the number of False 
Negatives (answers in the gold standard missed by our sys-
tem), Precision, Recall and F-Measure. The next four pairs 
of rows divide the question set into different “Use Cases”. 
These are categories of questions involving different combi-
nations of relations from the ontology, UC3 involves rela-
tions between people, UC4 between people, organizations, 
and GPEs, and UC5&6 involve events, their participants, 
locations and times. In all cases, the hypothesis-extended 
graph produced significantly more answers, as designed. 
The increase in precision overall (and in UC3&4) shows 
that the increase in correct answers (TP) was more signifi-
cant than the increase in incorrect answers (FP). The two 
use cases where precision dropped still saw a significant 
enough increase in recall to result in an increase in 
F-measure. In all cases, the hypothesis-extended graph pro-
duced a dramatic increase in F-measure. (The least dramatic 
increase was in UC6, which had the highest baseline F-
measure). 

6 Related Work 

Modifying queries to control precision and/or recall is an 
old and well-explored idea. The area of Query Expansion 

graph additions queries with answers extra answers 

no hypotheses 15 -- 

Watson@0.01 35 ~3700 
Watson@0.05 31 ~1900 
Watson@0.10 30 ~1100 
Watson@0.20 30 ~650 

Table 2. Number of answerable queries and number 
of extra answers with hypotheses added 

  Ans TP FP FN P R F1 

Total 
B 139 35 104 507 .25 .06 .10 
H 517 182 335 369 .35 .33 .34 

UC3 
B 100 13 87 312 .13 .04 .06 
H 369 107 262 218 .29 .33 .31 

UC4 
B 28 11 17 154 .39 .07 .11 
H 125 56 69 109 .45 .34 .39 

UC5 
B 3 3 0 23 1.0 .12 .21 
H 11 9 2 26 .82 .26 .39 

UC6 
B 8 8 0 18 1.0 .31 .47 
H 12 10 2 16 .83 .38 .53 

Table 3. Answer correctness for baseline system (B) vs. 
hypothesis-based QA (H). UC3-6 refer to question cate-

gories (Use Cases) in the final evaluation scenario. 



[Efthimiadis, 1996] investigates adding2 terms to queries as 
either conjuncts (often to improve precision by disambiguat-
ing original query terms) or disjuncts (to improve recall by 
complementing original query terms with related terms). 
Terms to add may be found through corpus analysis (for 
example, finding terms that co-occur with query terms), 
through relevance feedback or through existing semantic 
resources such as thesauri or ontologies.  

Ontology-based Query Relaxation [Hurtado et al., 2008] 
seeks to improve recall not by deleting query terms, but by 
“relaxing” them through generalization in a taxonomy of 
relations and types. For example, an original query to find 
all people married to actors could be relaxed via superrela-
tions (all people related to actors) or via supertypes (all 
people married to entertainers) or both. In our system, the 
Knowledge Base hypothesis checker allows more specific 
relations and types to satisfy hypotheses based on taxonom-
ic rules from the ontology. It could easily reverse those rules 
to allow evidence of more general relations and types to 
support hypotheses. 

In Query Approximation [Stuckenschmidt and van Har-
melen, 2002], a complex, conjunctive query is evaluated by 
starting with a simpler query (typically a single conjunct) 
and successively adding query terms. At each step, the set of 
solutions includes the solutions to the original, complex 
query, along with (successively fewer) false positives. The 
goal is to produce these approximate solutions quickly, 
while converging on exact solutions given more time. 

7 Conclusions 

A traditional view of NLP is as a layer below that of know-
ledge representation from which information flows strictly 
upwards.  In this view, NLP components must therefore 
make their best guess, without any knowledge of the specif-
ic task at hand. In this paper, we have presented an approach 
that improves on this traditional view, by allowing the 
knowledge layer to “go back” to the NLP layer and ask for 
more targeted information about certain missing information 
that will help it complete its task. 
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Abstract

This paper presents Machine Reading architecture
based on packed representation. We also discuss
several information sources useful for resolving the
ambiguities captured in the packed representation.

1 Introduction
Building a machine reading system requires combining mul-
tiple steps such as parsing, word sense disambiguation, se-
mantic relation assignment, and knowledge integration. One
approach to combining these steps is the pipeline architec-
ture, in which the steps are serially connected and each one
passes only a single output to the next one. Because of its
simplicity, this architecture has been commonly used.

The pipeline architecture, however, has one significant
problem – aggressive pruning. A component is often forced
to make a decision even in the absence of sufficient evidence,
which could be available downstream in the pipeline or could
even be found by reading subsequent texts. Furthermore,
once errors are made by components upstream, subsequent
components may compound these errors.

Our approach to this problem is to allow the system to
maintain multiple candidate interpretations, thus avoiding
premature pruning. The system then chooses the overall
best interpretation later when sufficient evidence accumu-
lates. This approach should improve the accuracy of semantic
interpretation by allowing the system to resolve ambiguities
with more evidence.

A key challenge in this approach is managing the combi-
natorial explosion of candidate interpretations. The number
of candidates is often too great to be simply enumerated. To
address this challenge, we previously developed a represen-
tation scheme, packed representation, which can represent a
myriad of candidates succinctly. Using the packed represen-
tation, the system can maintain multiple candidates efficiently
without suffering from the effects of combinatorial explosion.

Based on this architectural framework, this paper discusses
several types of information that could be useful for resolv-
ing the ambiguities captured in the packed representation,
including redundancy across multiple sentences [Kim et al.,
2010], a semantically annotated corpus [Kim et al., 2011] and
a knowledge base automatically constructed from texts .

Figure 2: Packed representation

This paper is organized as follows. We present our pro-
posed architecture which is based on the packed representa-
tion, and then discuss information sources useful for disam-
biguating the packed representation (Section 2). Then, we
present our current work on automatically building a lexical
knowledge base (Section 3).

2 Architecture
Fig. 1 (on the next page) shows the architecture of our pro-
posed system. The system reads a corpus of texts, extracts
the contents, and then builds an inference-capable knowledge
base.

The system uses the pipeline architecture for assembling
the components but, unlike the traditional approach, which
maintains only a single interpretation, our architecture main-
tains multiple candidates using the packed representation.
Then, the reasoner infers the best overall semantic represen-
tation at the last step among many candidates. The reasoner
also exploits several evidence sources that may provide use-
ful information for choosing correct interpretations from the
packed representation.

2.1 Packed Representation
In this section, we explain our packed representation intro-
duced in [Kim et al., 2011]. Fig. 2 shows an example of a
packed representation for the interpretation of sentence S1:
“The man saw the boy with his glasses”. The packed rep-
resentation consists of two parts, the base representation and
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Figure 1: The architecture of our system: it maintains multiple candidate interpretations using the packed representation.

the constraints. The base representation is a graphical rep-
resentation with two types of semantic information – word
senses (in the nodes) and semantic relations between pairs of
words (in the edges). A variable is introduced to represent
an ambiguous interpretation. For example, the variable T1
represents the fact that the system has not yet committed to a
specific word sense for glasses.

Constraints are of two types: ambiguity constraints and re-
lationship constraints. Ambiguity constraints enumerate the
possible candidates for each variable; relationship constraints
describe the relationship among the candidates. We first ex-
plain the ambiguity constraints.

Parse Ambiguity
This constraint describes parsing ambiguities. For example,
(PARSEXOR with (p1 .6) (p2 .4)) describes the ambiguity of
attaching the with prepositional phrase. p1 denotes the attach-
ment to saw (with score .6) and p2 denotes the attachment to
boy (with score .4) 1.

Word Sense Ambiguity
This constraint describes ambiguities when assigning a word
sense. For example, (TYPEXOR T1 (glasses#n#1 2 .6)
(glass#n#1 .4)) represents that the word sense for glasses can
be glasses#n#1 (with the score .6) or glass#n#1(with the score
.4), but not both.

Semantic Relation Ambiguity
This constraint describes ambiguities in assigning a semantic
relation. For example, (RELXOR R1 (instrument) (object)
(null)) represents the fact that there are three candidates for
the semantic relation between saw and glasses: instrument,
object, and null (no relation). This example does not include
numerical scores but instead uses a DRV constraint (see be-
low) to describe how the scores can be calculated from the
other constraints.

Co-reference Ambiguity
This constraint describes ambiguities when assigning a co-
reference link. For example, (COREF his-7 (man-2 .7) (boy-
5 .3)) represents that his may refer to man (with score .7) or
boy (with score .3) .

In addition to representing ambiguities, a packed represen-
tation can also represent the relationships among them.

1p1 and p2 indicate a set of dependency triples, {(saw-3
prep with glasses-8)} and {(boy-5 prep with glasses-8)}, respec-
tively.

2<lemma>#<part-of-speech>#<sense number>

Dependency in Parsing
This constraint describes the dependency between two parse
fragments. For example, (PARSEDEP p1 p3) represents that
the triples denoted by p1 depend on the ones denoted by p3.
Therefore, if any dependency triple in p3 turns out to be false,
the triples in p1 should be discarded, too.

Derivation
This constraint describes how the candidates and their scores
are derived from the interpretations made upstream. For ex-
ample, the DRV constraint in fig. 2 says that the candidates
and their scores for R1 are derived based on the decision be-
tween p1 and p2 (the first PARSEXOR constraint) and the
assignment in T1. Each row describes the scores of the candi-
date relations when the upstream components make a differ-
ent choice. For example, the first row shows that the scores of
instrument, agent and null in R1 are .6, .4 and 0 respectively
when p1 is chosen and T1 is glasses#n#1.

Similar to belief maintenance systems, these constraints
enable the system to adjust each candidate’s confidence score
in response to changes to other variables.

2.2 Reasoner
Given a packed representation, the reasoner infers the most
probable interpretations based on the evidence sources. One
inference engine that we have used is Alchemy 3. In Ap-
pendix A, we show how we convert a packed representation
into Alchemy statements.

2.3 Evidence Sources
Several types of information could be useful for resolving the
ambiguities in the packed representation.

Annotated Corpus
An annotated corpus provides useful statistics about can-
didate interpretations and the relationship among multiple
candidates. We previously evaluated one annotated corpus,
OntoNotes( [Hovy et al., 2006]) [Kim et al., 2011]. In our
work, we counted the frequency of candidate interpretations
(candidate word senses and semantic relations) in OntoNotes
for a similar context and then used the count to adjust the
ranking of the candidates in the packed representation. To
evaluate our approach, we compared two systems, our sys-
tem, which applied OntoNotes to the packed representation,
and the pipeline system, which used OntoNotes but selected
only a single output at each step. See [Kim et al., 2011] for
the positive evaluation result that shows OntoNotes is useful
for disambiguating the packed representation.

3http://alchemy.cs.washinton.edu



Hand-built Knowledge Bases
Hand-built knowledge bases such as Cyc and Linked Data
could be useful. The advantage of using these resources is
that their representational quality is good. [Yeh et al., 2006]
used a hand-built knowledge base to help interpret sentences.
Similar to our approach, their system maintained multiple
candidate interpretations and then selected the one most sup-
ported by the knowledge base. Unlike our approach, they
used a beam rather than a packed representation. Their ex-
perimental result was encouraging, showing that a hand-built
knowledge base could be useful for ambiguity resolution.

Automatically-built Knowledge Bases
Constructing hand-built knowledge bases requires expertise
and is time-consuming. To address this problem, several au-
tomated approaches attempt to extract information, such as
scripts [Chambers and Jurafsky, 2008], causal/temporal infor-
mation [Chklovski and Pantel, 2004], and syntactic relation-
ship among the words [Fan et al., 2010]. Unlike hand-built
knowledge bases, however, the quality is not as high and they
have not been thoroughly evaluated in the context of machine
reading.

We evaluated one knowledge resource in this category
called Prismatic [Fan et al., 2010], a large-scale resource that
stores parse fragments (e.g., (eat prep with fork)) along with
their frequency in given corpora. For each candidate inter-
pretation in the packed representation, we assigned its confi-
dence score using the frequency data from Prismatic. Then,
we inferred the most probable semantic representation based
on those confidence scores. [Kim, 2011 Forthcoming] ex-
plains the method and our evaluation in detail. The evalua-
tion result shows that our initial method to use Prismatic is
partially effective – with Prismatic, accuracy of word sense
disambiguation drops, while accuracy of semantic relation as-
signment increases.

Redundant Sentences
We previously showed that redundancy across multiple sen-
tences was an useful information source[Kim et al., 2010].
Redundant sentences express the same meaning and there-
fore their meaning representation should be similar. Based
on this observation, our approach selects the semantic repre-
sentations that occur most frequently across multiple packed
representations generated from redundant sentences.

[Kim et al., 2010] shows that redundancy is useful infor-
mation for resolving ambiguities in packed representation..

Neighboring Sentences
Consecutive sentences are typically coherently organized to
deliver information efficiently. Coherence, therefore, could
be a useful information source for interpreting consecutive
sentences. For example, a co-reference chain might help to
disambiguate the sense of words that are connected through
the chain, because they should all share the same sense.

Ultimately, we envision a system that can adjust the rank-
ing of the candidate interpretations while reading through the
subsequent sentences and exploiting inter-sentential coher-
ence. A key component in this system would be one that
can measure the degree of coherence among multiple mean-
ing representations.

Figure 3: Knowledge representation about rushing: a person
performs rushing (wordnet sense : v#6) to score a touchdown.

3 Building a Lexical Knowledge Base from
Texts

We are currently developing an algorithm for building a lexi-
cal knowledge base from texts. This knowledge base will be
used as another evidence source by our system. Fig. 3 shows
an example of a knowledge structure that the algorithm pro-
duces. The lexical knowledge is semantically represented us-
ing the word senses and the semantic relations.

We present the algorithm step-by-step using an example of
learning a lexical item, rush (in a football game).

Step 1. Gather sentences containing the target lexeme
The example sentences containing “rush” are :

S1. William Floyd rushed for three touchdowns, moving
the 49ers one victory from the Super Bowl.

S2. San Diego’s Natrone Means rushed 24 times for 139
yards, including a 24-yard touchdown run in the third quarter.

Step 2. Extract the parse fragments around the lexeme
This step extracts the context around the lexeme in the parse
trees of the sentences. In our example, we define the context
as the dependency triples whose dependency label is one of
subject, object, or preposition and contains the target lexeme.

Step 3. Produce the packed representation
The parse fragments produced by step 2 are converted into
packed representations. The named instances in the represen-
tations are replaced by their semantic types.

3. Combine the packed representations
These packed representations represent parts of the same se-
mantic knowledge about the target lexeme. Therefore, if same
semantic representations appear redundantly across multiple
packed representations, we hypothesize that they tend to be
correct. This observation is similar to the one used in [Kim
et al., 2010] which combines redundant sentences.

Similar to the method in [Kim et al., 2010], this step com-
bines the redundant interpretations across multiple packed



representations to increase their confidence scores. For ex-
ample, assuming that T1 in S1 has a candidate type, MOVE,
and that R1 has a candidate semantic relation, object, the
confidence scores of MOVE and object in (rush[Move] ob-
ject Person) would be increased because the triple appears
in both representations. After all packed representations are
combined into a single representation, the overall best repre-
sentation is extracted. Figure 3 shows the result of this step.

4 Conclusion
We presented an architecture based on packed representation
to address the aggressive pruning of the pipeline architecture.
We also presented several types of information sources that
could be useful for resolving ambiguities in the packed rep-
resentation. Finally, we presented an algorithm for automati-
cally building a lexical knowledge base from texts.

A Translation to Alchemy
This appendix describes the translation of our packed repre-
sentation to the Alchemy statements.

PARSEXOR(p1, p2, ..., pn)
If φ 4 is included in PARSEXOR,

pi →!(p1 ∧ ...pi−1 ∧ pi+1... ∧ pn). for all i ∈ 1, .., n

Otherwise,

pi ↔!(p1 ∧ ...pi−1 ∧ pi+1... ∧ pn). for all i ∈ 1, .., n

pi is a binary variable that takes 1 (if the corresponding de-
pendency triples are true) or 0 (otherwise). If φ is included in
PARSEXOR, pi cannot be confirmed even though the others
are found to be false. If φ is not included, the above statement
expresses a mutually exclusive relationship among pis: pi is
true if and only if the other variables are false.

1 sent → pi if the corresponding dependency triples
appear in the top-scored parse

.3 sent → pj otherwise

The above statements express the preference for the top-
scored candidate parse a priori. 1 and .3 are the weights. If
there is no evidence to override this preference, the system
will choose the dependency triples from the top-scored parse.
sent is a predicate defined as evidence.

TYPEXOR(wi, (t1 s1), (t2 s2) , ... , (tn sn))

ws wi(< variable >!)
log si sent → ws wi(ti) for all i ∈ 1, .., n

ws wi(tj) represents that tj is the sense of the word wi.
The first rule (defined in the header) asserts that there should
be only one sense for wi. The second rule specifies the weight
(log si) for each candidate sense.

4φ indicates the empty set. PARSEXOR(p1, p2, ..., φ) means
that if pi is correct, the others are wrong, but does not mean that if
all but pi are incorrect, pi is correct. See [Kim et al., 2011].

RELXOR(wi wj (r1 s1), (r2 s2) , ... , (rn sn))

rel wi wj(< variable >!)
log si sent → rel wi wj(ri) for all i ∈ 1, .., n

rel wi wj(rk) represents that rk is a semantic relation
connecting wi and wj .

PARSEDEP(p1, p2)

p1 → p2.

This rule states that if p2 is false, p1 should be false.

DRV(R1, (p1, t11, t12, (r11 s11), ..., (r1m s1m)), ..., (pn, tn1,
tn2, (rn1 sn1), ..., (rnm snm)))

log sij pi ∧ ws w1(ti1) ∧ ws w2(ti2) → rel w1 w2(rij)
for all i ∈ {1, .., n} \ {NIL}

pa ∨ ... ∨ pz ↔!rel w1 w2(NIL).

The first rule directly represents the derivation relationship
except for the NIL candidate. It represents that if pi, ti1 and
ti2 are true, rij is a correct semantic relation with the weight
log sij . In the second rule, pa, ..., pz denote a parse fragment
containing a dependency triple connecting w1 and w2. The
rule says that any of pa, ..., pz is true if and only if a semantic
relation exists between w1 and w2.
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Abstract

We study the problem of learning general rules
from concrete facts extracted from natural data
sources such as the newspaper stories and med-
ical histories. Natural data sources present two
challenges to automated learning, namely,radi-
cal incompletenessand systematic bias. In pre-
vious work we proposed an approach that com-
bines simultaneous learning of multiple predictive
rules with differential scoring of evidence based on
implicit observation models to address the above
problems. In this paper, we further evaluate our
approach empirically on natural datasets based on
both textual and non-textual sources. We present
a theoretical analysis that elucidates our approach
and explains the empirical results.1

1 Introduction
Learning common sense knowledge in the form of rules by
reading from natural texts has long been a dream of AI
[Guha and Lenat, 1990]. This problem presents an oppor-
tunity to exploit the long strides of research progress made
in natural language processing and machine learning in re-
cent years[Nahm and Mooney, 2000; Carlsonet al., 2010;
Schoenmackerset al., 2010].

Unfortunately there are two major obstacles to fully realiz-
ing the dream of robust learning of general rules from natural
sources. First, natural data sources such as texts and medi-
cal histories areradically incomplete— only a tiny fraction
of all true facts are ever mentioned. More importantly, nat-
ural sources aresystematically biasedin what is mentioned.
In particular, news stories emphasize newsworthiness, which
correlates with rarity or novelty, sometimes referred as “the
man bites dog phenomenon.” For example, consider the fol-
lowing sentence in a real news story:

“Ahmed Said Khadr, an Egyptian-born Canadian, was
killed last October in Pakistan.”

Presumably, the phrase “Egyptian-born” was considered
important by the reporter because it violates the expectation

1This material is based upon work supported by the Defense Ad-
vanced Research Projects Agency (DARPA) and the Air Force Re-
search Laboratory (AFRL) under Contract No. FA8750-09-C-0179.

that most Canadians are born in Canada. The birth place
would most likely have been omitted if it was Canada.

In previous work, learning from incomplete examples or
partial assignments has been studied under noise-free settings
in the probably approximately correct learning framework.
The goal is to learn an approximation of a function that has
a small error with respect to the training distribution fromin-
completely described examples. It has been shown that the
sample complexity of finite hypothesis spaces remains the
same under incomplete examples as under complete exam-
ples[Khardon and Roth, 1999]. Further, when the hypothesis
space obeys certain conditions such as “shallow monotonic-
ity,” the problem of learning from incomplete examples poly-
nomially reduces to that of learning from complete examples
[Michael, 2009]. In fact, the same learning algorithm can be
used after the missing data is completed in a way that guar-
antees consistency with the target function. This approachis
validated on an extensive study of sentence completion tasks
on a natural dataset[Michael and Valiant, 2008].

Our approach to learning from incomplete examples ex-
tends the above work in multiple directions. First, we learn
multiple rules for several predicates simultaneously and use
the rules to complete the missing data to improve learn-
ing. We call this approach “multiple predicate bootstrapping
(MPB)” [Doppaet al., 2010]. Second, we adopt the above
approaches to noisy observations and systematic bias.

Our main solution to deal with systematic bias is to dif-
ferentially score the evidence for rules based on a presumed
model of observation. In the “missing at random” (MAR)
model[Little and Rubin, 1987; Jaeger, 2006], data is omitted
based only on information that is already mentioned. In this
case, conservative scoring of evidence, where rules are only
evaluated when all relevant data is present, gives an unbiased
estimate of the rule correctness. In thenovelty mention model,
a special case of “missing not at random” (MNAR) model
and illustrated by the above Egyptian-born Canadian exam-
ple, data is mentioned with a higher probability if it cannot
be inferred from the remaining data. We show that under this
model, aggressive scoring of rules, where we count evidence
against a rule only if it contradicts the rule regardless of how
the missing information transpires, gives a better approxima-
tion to the accuracy of the rule. Our empirical results compare
favorably to baselines such as EM and Structural EM and are
consistent with the theoretical predictions.



2 Multiple-Predicate Bootstrapping

Algorithm 1 Multiple-Predicate Bootstrapping (MPB)
Input: DI = Incomplete training examples,M = Implicit
mention model,τ = support threshold,θ = confidence
threshold
Output: set of learned rulesR
1: repeat
2: LEARN RULES: R = φ
3: for each hypothesized ruler do
4: compute supportτr and confidenceθr of the ruler

usingDI and implicit mention modelM
5: if τr > τ andθr > θ then R = R∪ {r}
6: end for
7: IMPUTE M ISSING DATA :
8: for each missing factfm ∈ DI do
9: Predictfm using the most-confident applicable rule

r ∈ R
10: if fm is predictedthen DI = DI − {fm}
11: end for
12: until convergence
13: return the set of learned rulesR

Our algorithmic approach, called “Multiple-Predicate
Bootstrapping,” (MPB) is inspired by several lines of work
including co-training[Blum and Mitchell, 1998], multitask
learning[Caruana, 1997], coupled semi-supervised learning
[Carlsonet al., 2010], and self-training[Yarowsky, 1995]. It
simultaneously learns a set of rules for each predicate in the
domain given other predicates and then applies the learned
rules to impute missing facts in the data. This is repeated un-
til no new fact can be added. Following the data mining liter-
ature, we evaluate each rule using two measures: support and
confidence. The support of a rule is measured by the number
of examples that satisfy the body of the rule. The higher the
support, the more statistical evidence we have on the predic-
tive accuracy of the rule. In order to use a rule to impute facts,
we require its support to be greater than asupport threshold.
We measure the confidence of a rule as the ratio of the number
of records that satisfy both body and head of the rule to the
number that satisfy the body, which estimates the conditional
probability of the head of the rule given its body.

We use a relational data mining algorithm called FARMER
[Nijssen and Kok, 2003] for learning rules. FARMER sys-
tematically searches the space of possible rules up to a fixed
depthd (candidate rules) whose support and confidence ex-
ceed the given thresholds using depth first search. Its advan-
tages over other rule learning systems such as FOIL are that
a) it can learn redundant rules, which is useful with incom-
plete data; and b) it has the flexibility to vary the depth for
search efficiency. Given multiple learned rules that are ap-
plicable to a given instance, we use the “most confident” one
to make predictions. The overall algorithm is summarized in
Algorithm 1.

Implicit Mention Models. We address the problem of sys-
tematic bias by adapting the scoring function for the hypoth-
esized rules according to a presumedimplicit mention model.

Figure 1: Bayes nets for data generation using (a) Random
Mention Model (b) Novelty Mention Model.A ⇒ B is a
rule,M is a random variable that represents the fact that B is
mentioned,B′ indicates the observed value ofB and random
variableV denotes the violation of rule.

We now discuss two specific mention models and two meth-
ods for scoring evidence for rules.

Random Mention Model (RMM):This is equivalent to the
Missing At Random (MAR) statistical model. In this model,
it is assumed that facts are mentioned based on other known
facts but not based on missing facts. For example, a doctor
might omit a test if some other tests come out negative. A
Bayesian network that illustrates this case is shown in Fig-
ure 1(a).B′ is equal toB if M is true.

Novelty Mention Model (NMM):In this model, facts that
are not entailed by the previously mentioned facts and prior
knowledge are more likely to be mentioned. This is a special
case of Missing Not At Random (MNAR) statistical model,
since whether a fact is missing depends on the value of the
fact itself as illustrated in Figure 1(b). In the novelty mention
model, consider aα-general rule (i.e., a rule with confidence
≥ α) A ⇒ B, B will be mentioned with higher probability
when the rule is violated, i.e.,P (M |V ) > P (M |¬V ). Note
that for rules that are notα-general, the facts entailed by these
rules will not be missing because they are not consideredα-
general predictable due to the lack of generality of the rules.
This model more closely captures the citizenship-birth place
example, since whether or not the birth place of a person is
mentioned depends on the birth place and other mentioned
facts of the person such as the citizenship.

Inspired by the two types of mention models, we propose
two different ways of scoring rules. We use the following
notation to define our rule scoring functions. Each literal may
be either true, false or unknown. We writen(A = t, B =
f, C = u) to be the count of examples where A is true, B is
false and C is unknown. For brevity we writeA for A = t.
TheSupport of a ruleA ⇒ B is defined as the number of
examples in whichA is known to be true i.e.,n(A), for both
conservative and aggressive scoring.

In conservative scoring, evidence is counted in favor of a
rule only when all facts relevant to determining the truth value
of the rule are actually known. The confidence of the rule in
this case is defined as follows:

pc(A ⇒ B) =
n(A,B)

n(A,B 6= u)
(1)

In aggressive scoring, a fact is counted as evidence for a



rule if the rule’s premise is satisfied and the conclusion is not
contradicted. The confidence of a rule is defined as follows:

pa(A ⇒ B) =
n(A,B) + n(A,B = u)

n(A)
(2)

For example, consider the text “Khadr, a Canadian citi-
zen, was killed in Pakistan”. For conservative scoring, it
is counted as neither supporting nor contradicting the rule
citizen(X,Y) ⇒ bornIn(X,Y), as we are not told
thatbornIn(Khadr,Canada). In contrast, it is counted
as supporting the rulecitizen(Y) ⇒ bornIn(Y) for
aggressive scoring because, addingbornIn(Canada) sup-
ports the rule without contradicting the available evidence.

3 Analysis of Implicit Mention Models
This section analyzes aggressive and conservative scoringof
data generated using different mention models.

Consider a ruleA ⇒ B. Figure 1 shows the Bayes nets
that explains the data generation process in the random and
novelty mention models. LetS be the support set of the rule
A ⇒ B, i.e., the set of examples where A is true. Letp(r) be
the true confidence of the ruler, i.e., the conditional probabil-
ity of B given A. Let p̂c(r) andp̂a(r) denote the conservative
and aggressive estimates of confidence of the ruler.
Theorem 1. If the data is generated by the random men-
tion model then̂pc(r) is an unbiased estimate and̂pa(r) is
an overestimate of the true confidence of rulep(r).

Proof. Conservative scoring estimates the confidence of the
rule from only a subset ofS whereB is not missing.

p̂c(r) =
|S| p(r)P (M |A)

|S|P (M |A)
= p(r) (3)

Therefore,̂pc is a unbiased estimate of the true confidence.
Aggressive scoring deterministically imputes the missing

value ofB such that it satisfies the hypothesized rule.

p̂a(r) =
|S| p(r)P (M |A) + |S| (1− P (M |A))

|S|

= p(r)P (M |A) + (1− P (M |A)) (4)

= p(r) + (1− P (M |A)) (1− p(r))

≥ p(r)

Therefore,p̂a(r) overestimates the confidence of the rule.
The bias of̂pa(r) increases with decreasedP (M |A).

Theorem 2. If the data is generated by the random mention
model, then the true ranking order of rules is preserved with
both conservative and aggressive scoring.

Proof. It is enough to show that the ordering is preserved for
any two rulesr1 andr2 that predict the value of the same vari-
able. Without loss of generality, letp(r1) > p(r2). From (3),
p̂c(r1) > p̂c(r2). Therefore, order is preserved with conser-
vative scoring.

p(r1) > p(r2)

⇒ p(r1)P (M |A) + (1− P (M |A))

> p(r2)P (M |A) + (1− P (M |A))

⇒ p̂a(r1) > p̂a(r2) (From (4) )

Thus, aggressive scoring also preserves the ordering.

Theorem 3. If the data is generated by the novelty mention
model, then̂pc(r) is an underestimate and̂pa(r) is an over-
estimate of true confidence of the rulep(r).

Proof. In what followsV stands for a random variable that
represents a violation of a confident rule in predictingB. If V
is true, according to the novelty model,B has a higher prob-
ability of being mentioned. HenceP (M |V ) > P (M |¬V ).

p̂c(r) =
|S| p(r)P (M |¬V )

|S| p(r)P (M |¬V ) + |S| (1− p(r))P (M |V )

=
p(r)P (M |¬V )

p(r)P (M |¬V ) + (1− p(r))P (M |V )

To compare this withp(r), we estimate the odds:

p̂c(r)

1− p̂c(r)

=
p(r)P (M |¬V )

(1− p(r))P (M |V )

= true odds×
P (M |¬V )

P (M |V )

< true odds

Since in the novelty mention modelP (M |¬V ) <
P (M |V ), p̂c(r) underestimatesp(r) and significantly so if
P (M |¬V ) << P (M |V ).

It is easy to show that for aggressive scoring, we have:

p̂a(r) =
|S| p(r) + |S| (1− p(r)) (1− P (M |V ))

|S|

= p(r) + (1− p(r)) (1− P (M |V )) (5)

≥ p(r)

Therefore, similar to the random mention model,p̂a(r) over-
estimates the true confidence of the rulep(r). However,
when the novelty mention model is strongly at play, i.e.,
P (M |V ) ≈ 1, it provides a good estimate ofp(r).

Theorem 4. If the data is generated by the novelty mention
model, then the true ranking order of the rules is preserved
with aggressive scoring.

Proof. We first show that the ordering is preserved for any
α-general rulesr1 andr2 wherep(r1) > p(r2).

p(r1) > p(r2)

⇒ p(r1)P (M |V ) > p(r2)P (M |V )

⇒ p(r1)P (M |V ) + (1− P (M |V ))

> p(r2)P (M |V ) + (1− P (M |V ))

⇒ p̂a(r1) > p̂a(r2) (From (5) )

We then compare anα-general ruler1 with a rule r2 that
is notα-general. Forr1, p̂a(r1) ≥ p(r1) over-estimates the
confidence based on Theorem 3. Forr2, because no data is
missing, p̂a(r2) = p(r2) is an unbiased estimate ofp(r2).
p̂a(r1) ≥ p(r1) > p(r2) = p̂a(r2). Thus,r1 will be cor-
rectly ranked higher thanr2 by aggressive scoring. Finally
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consider two rules that are both notα-general, because there
is no missing data, aggressive scoring provides unbiased esti-
mate of the confidences and preserves their rank order.

It is interesting to note that while conservative scoring pre-
serves the ranking order ofα-general rules, it can potentially
reverse the order of anα-general rule with a rule that is not
α-general. This is because conservative scoring correctly es-
timates the confidence of rules that are notα-general but un-
derestimates the confidence of theα-general rules.

4 Experimental Results
In this section, we describe our experimental results with both
synthetic and natural datasets and carefully analyze them.

Synthetic Experiments. To test our analysis of implicit
mention models, we perform experiments on synthetic data
generated using different missing mechanisms, i.e., RMM
and NMM. We use the UCI databaseSPECT Heart, which
describes diagnosing of Single Proton Emission Computed
Tomography (SPECT) images2. This database contains 267
examples with 23 binary features extracted from the SPECT
image sets (patients). A 70% / 30% split of the data is cre-
ated for training and testing respectively. We generate two
different synthetic versions based on RMM and NMM miss-
ing mechanisms (see Figure 1). We first learn a set of de-
terministic rules from the training data, and then retain those
that have a confidence of 80% or more. These rules are then
used to create training and testing data with varying levels
of missingness. For NMM, if some rule is violated, then the
consequent is always mentioned. If no rule is violated, then
the consequent is omitted based on the missingness level. We
evaluate the learning algorithms on the test data generatedby
the same mention model that generates its training data. Ex-
periments are performed with different levels of missingness
in both training and testing data and we report the accuracies
(averaged over all attributes) with which the missing data is
predicted correctly w.r.t the gold standard data. The averaged

2http://archive.ics.uci.edu/ml/datasets/SPECT+Heart

results over 10 different versions of the generated data are
reported (see Table 1 and Table 2).
Baselines: We compare the results of our Multiple-Predicate
Bootstrapping (MPB) approach using the relational data min-
ing algorithm FARMER[Nijssen and Kok, 2003] with Struc-
tural EM (SEM)[Friedman, 1998] and EM implemented us-
ing Markov Logic Networks(MLNs). Structural EM learns
both structure and parameters of the Bayes net from incom-
plete data, and then the learned Bayes net is used to make
predictions on the test dataset. To run EM, we initialize an
MLN with high support rules learned from incomplete data
and learn its weights generatively[Richardson and Domin-
gos, 2006].
Analysis of Results: For the RMM data, both conservative
and aggressive scoring perform equally well (see Figure 2(a)),
which was expected based on Theorem 2. Since the ranking
order of rules is the same in both scoring methods, they make
the same prediction by picking the same rule that is appli-
cable. SEM performs better than both conservative and ag-
gressive when missingness in training data is small, i.e., 0.2
and 0.4 (see�’s in Figure 2(b)), but conservative/aggressive
scoring significantly outperforms SEM when missingness in
training data is large, i.e., 0.6 and 0.8 (see♦’s in Figure 2(b)).
Performance of all the algorithms decreases as the percentage
of missingness in training data increases.

For the NMM data, aggressive scoring significantly out-
performs conservative scoring (see Figure 3(a)) which is con-
sistent with our analysis in Theorem 4. Since the novelty
mention model was strongly at play, i.e.,P (M |V ) ≈ 1, ag-
gressive scoring provides a very good estimate of the true
confidence of the rules, resulting in excellent performance.
Aggressive scoring significantly outperforms SEM when the
missingness in data is tolerable, i.e., 0.2, 0.4 and 0.6. How-
ever, all algorithms including SEM perform poorly with ex-
ceedingly high missingness, i.e., 0.8. Note that, althoughour
analysis of implicit mention models is for the simple case
where only the head of the rule can be missing, our synthetic
data were generated for a more difficult problem where the
body of the rule could be missing as well.

Experiments with Real data. We also performed experi-
ments on two real world domains: 1. NFL data, 2. Birthplace-
Citizenship data. We used data extracted by BBN’s infor-
mation extraction system on a LDC (Linguistic Data Con-
sortium) training corpus of 110 NFL sports articles and 248
news stories related to the topics of people, organizationsand
relationships respectively.

For the NFL domain, the following predicates were
provided for each game with natural interpretations:
gameWinner, gameLoser, homeTeam, awayTeam,
gameTeamScore, andteamInGame. A test set of 100 ex-
amples was used, to evaluate the performance of the learned
rules based on the accuracy of predicting the missing facts
w.r.t the ground truth. We observed that most of the input ex-
tractions are noisy and inconsistent, that makes the problem
of rule learning even harder. These inconsistent examples are
due to co-reference errors, e.g., the extractor may not realize
that two mentions of the same team in a football article are in
fact the same. We want to use this insight while scoring each
rule. To address this we learned integrity constraints froma
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Table 1: Accuracy results of synthetic experiments with Random Mention Model (RMM) data
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Figure 2: Accuracy for Random Mention Model (RMM) data : (a) Conservative vs. Aggressive (b) Conservative vs. SEM

small number of complete examples, and applied the learned
integrity constraints to generate consistent versions of the in-
consistent examples (e.g., by deleting a literal) in all possible
ways. Finally, we scored the rules against these ‘corrected’
examples with a lower weightγ(< 1). The prediction accu-
racy of the learned rules is reported as a function of number
of clean examples (see Figure 4). The results of this approach
are compared with Structural EM (SEM) and EM algorithm
using Markov Logic Networks (MLNs) initialized with the
highest support rules learned from incomplete data. We then
perform generative weight learning of MLNs via EM. We use
Lazy MCSAT to do MAP inference for predicting the miss-
ing facts in the test set. For both SEM and EM, we use the
ground-truth (instead of the learned) integrity constraints to
correct the noisy examples and hence, there is only one point
for each of them in Figure 4.

Analysis of Results: As we can see in Figure 4, both conser-
vative and aggressive scoring significantly outperform both
SEM and EM. Since the NFL domain is deterministic, i.e.,
∀ r, p(r) = 1, and similar to RMM data, both conservative
and aggressive scoring perform equally. We observed that
once we learn the true integrity constraints from the clean ex-
amples, conservative scoring exactly learns the ground truth
rules and aggressive scoring learns a few other spurious rules
as well. However, the ground-truth rules are ranked higher
than the spurious rules based on the estimated confidences
and therefore, the spurious rules do not degrade the perfor-
mance. Similar to the results on the synthetic data, SEM does
not perform very well when the data is radically incomplete.

Birthplace-Citizenship data: Manual analysis of this train-
ing corpus revealed that the birth place of some person is

only mentioned 23 times in the 248 documents. Moreover,
in 14 of the 23 mentions, the information violates the de-
fault rule citizen(Y) ⇒ bornIn(Y). Since the data
matches the assumption of aggressive scoring, it is expected
to learn the correct rule. However, our extracted data was
highly noisy and inaccurate. More specifically, the extracted
data had 479 examples which mentioned only the citizenship
of a person, 4 examples where both birth place and citizenship
were mentioned out of which only 1 example violated the de-
fault rule. Therefore, confidence of the rulecitizen(Y)
⇒ bornIn(Y)was0.75 based on conservative scoring and
0.9967 based on aggressive scoring. Since we used a confi-
dence threshold of0.8 for all our experiments, only aggres-
sive scoring learned the correct rule. We also did this exper-
iment with EM using MLNs and found that its performance
was similar to conservative scoring.

5 Conclusions and Future Work
We motivated and studied the problem of learning from natu-
ral data sources which presents the dual challenges of radical
incompleteness and systematic bias. Our solutions to these
problems consist of bootstrapping from learning of multiple
relations and scoring the rules or hypotheses differently based
on an assumed mention model. Our experimental results val-
idate the usefulness of differential scoring of rules and show
that our approach can outperform other state-of-the-art meth-
ods such as Structural EM and EM. Our theoretical analy-
sis gives insights into why our approach works, and point to
some future directions. One of the open questions is the anal-
ysis of multiple-predicate bootstrapping and the conditions
under which it works. Another avenue of future research is
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Figure 3: Accuracy for Novelty Mention Model data: (a) Aggressive vs. Conservative (b) SEM vs. Aggressive

the use of explicit mention models and their use in learning
from radically incomplete and biased examples. Exploration
of the relationship of this work to the statistical models of
missing data is another fruitful direction.
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Abstract
The Textual Entailment task requires a system to
decide whether the information contained in a tex-
tual fragment (T) can be inferred from another text
(H). Potentially, both fragments are ambiguous as
each word may have different senses. In meaning-
ful sentences only certain combinations of senses
are legitimated, constraining the valid inferences
that could be drawn. In this paper, we present
a method to face TE by first reducing both texts
to unambiguous intermediate forms, representing
a unique combination of senses. The initial infor-
mation is captured into particular types of relations
between the phrases composing T and H respec-
tively. We call these relationships Chain Clarifying
Relationships (CCR). Entailment is decided by ob-
serving that i) the relation corresponding to T is the
same or generalizes the relation in H; ii) the lexical
items considered in the respective relations match.

1 Credits
The work described in the paper has been partially supported
both by the Livememories project, and by the BCROCE
project.

2 Introduction
Textual Entailment (TE) is a directional relation between a
pair of text fragments, namely a text (T) and a hypothesis (H).
The relation (T⇒H) holds whenever the truth of T follows
from H. Defined as a task for automatic systems [Dagan and
Glickman, 2004], TE requires to decide whether the informa-
tion contained in H could be inferred from the information in
T. The TE task aims at capturing major semantic inference
needs in many Natural Language Processing applications, as
question answering, summarization and document collection.

A broad scope of possible inferences is considered [Dagan
et al., 2009], including pairs with a high language variabil-
ity (i.e. the same meaning is expressed by different words),
and world knowledge. Being able to correctly detect the en-
tailment relation for such pairs is difficult because a direct
comparison between T and H at a string level is irrelevant.
Furthermore, any sentence is potentially ambiguous, also due

to words polysemy. A pair cannot be correctly judged as en-
tailment without selecting a particular reading for T and H
respectively [Androutsopoulos and Malakasiotis, 2010].
For instance:

(1T) A man was seen near the French bank.
(1H) A man was seen near a building.

(2T) A vessel anchored near the French bank.
(2H) A ship stationed near the French territory.

Example (1) is a correct entailment pair only if bank is inter-
preted as referring to a building, but there is nothing in (1T)
that imposes this reading. On the other hand, also pair (2) is
a valid example of entailment, but in (2T) there is a strong
coercion that forces the reading of bank as territory. Also,
the reading of vessel as ship and anchored as stationed is en-
forced. Therefore the relationship between the constituents
of (2T) is such that any of them is disambiguated, and a
unique reading is possible. The only legitimate combination
of senses for the individual words imposes that 2T⇒2H.
A reading (i.e. the interpretation of a sentence according to
word senses) represents a class of sentences. For instance,
from (3.1) to (3.3) the reading is the same, see means watch;
from (3.4) to (3.6) the meaning of see is become aware of.

(3.1) I see the drawings of the new generation.
(3.2) I see the pictures of John.
(3.3) I see the photos with John.
(3.4) I see the problem of the new generation.
(3.5) I see that there are issues with the pictures of John.
(3.6) I see what the photos of John mean.

For instance, in (3.1) the lexical features associated with
drawings disambiguate see, imposing the watch sense for
it. On the other hand, the lexical features associated with
see disambiguate drawings, imposing the sense illustration
for it, and not the sense, let’s say, draining. The relation-
ship between these constituents is such that each one con-
tributes in a chain like relationship to the disambiguation of
the others. We call this relationship a Chain Clarifying Rela-
tionship (CCR). In a CCR each constituent is disambiguated,
and only one combination of individual senses is possible. A
CCR may characterize many contexts because it is expressed



in terms of a pattern containing lexical features. Examples
(3.1)-(3.3) and examples (3.4)-(3.6) have the same CCR re-
spectively. More specifically, we present a CCR as a pattern
of generalized features that captures the relationship that al-
lows the disambiguation of each constituent. Such pattern,
called Sense Discriminative (SD) pattern, may characterize
different contexts (i.e. textual fragments). If a context has
the property that its components obey a CCR, then a unique
reading is associated with the respective context. In this case,
the corresponding SD pattern entails the respective context.
In this paper, we propose a method to detect the entailment
relation between two contexts by i) associating a CCR, and
consequently a SD pattern, to each of them, and ii) comparing
the SD patterns to verify if there is a lexical match between
the two contexts.

The paper is organized as follows. Section 3 reviews the
relevant literature. Section 4 presents the processing steps
from contexts to entailment relations via CCRs and SD pat-
terns. Section 5 describes the results of a preliminary ex-
periment we carried out to estimate the availability of data
required by this approach. The paper concludes with Conclu-
sion and Further work section.

3 Related Work
With respect to verb behaviour, selectional restrictions have
been studied in word sense disambiguation [Resnik, 1997],
[McCarthy et al., 2001], [Briscoe, 2001].

[Lin et al., 2001] transposed the distributional hypothesis
from words to dependency trees, introducing the Extended
Distributional Hypothesis. It states that paths in dependency
trees have similar meanings if they tend to connect similar
sets of words. In other words, two paths have high similarity
if there is a large number of common features. However, not
every feature is equally important, so it may be misleading.
In [Kouylekov and Magnini, 2005] similarity metrics work
on dependency trees. Contexts that are superficially different
(e.g. active vs. passive) may have the same dependency tree
and therefore can be compared.

The vectorial model has been employed for TE [Szpektor
et al., 2008]. Contexts are modelled as vectors and entailment
rules can be applied only in similar contexts, where similarity
is computed according to a similarity metric.

In [Mirkin et al., 2009] textual units bigger than words are
considered. The phrases that have not been seen in the train-
ing set are transformed into patterns that have already been
seen. Their approach works on pairs with a high word similar-
ity, while it is not directly applicable on the cases considered
in this paper, namely contexts with little string similarity.
In [Pantel et al., 2007] the context is represented as patterns,
and rules that determine when such patterns can be used are
induced. A problem of this approach is that the contexts are
practically infinite. Possible solutions are i) to use a forest
structure that allows multiple dependency trees to be pro-
cessed as a single graph [Bar-Haim et al., 2009]; ii) to gener-
alize over such patterns, as in the approach we present here.

The CCR method we propose is complementary to many
of these approaches.

4 CCRs in Textual Entailment
Consider the examples below:

(4.1) He drove the girl to her father / the church.
(4.2) He drove the girl to craziness / to despair.

Using a sense repository, such as WordNet, we can assign a
sense to any of the words in both (4.1) and (4.2). In (4.1)
the word drive has the sense drive#3, i.e. cause someone or
something to move by driving and in (4.2) it has the sense
drive#5, i.e. to compel or force or urge relentlessly or ex-
ert coercive pressure on. By comparing (4.1) and (4.2) and
by consulting an ontology, we can identify a particular fea-
ture which characterizes the prepositional complements and
which is responsible for the sense of drive in these sentences.
The relationship between this feature and the sense of drive
holds only in the common context of (4.1) and (4.2), i.e. the
prepositional complement.

To each CCR corresponds a SD pattern that generalizes
over all the contexts that present the same grammatical
structure and that are composed by words having the same
lexical features. To exemplify what a SD pattern looks like,
we re-write the examples (3) and (4) in the format of CCRs:

(3.1)-(3.3)
SD= (subj=[Human] verb=see#1 obj=[ILLUSTRATION])

(3.4)-(3.6)
SD= (subj=[Human] verb=see#3 obj=[PROBLEM])

(4.1)
SD= (subj=[Human] verb=drive#3 obj=[HUMAN] prep=to

objP=[LOCATION]

(4.2)
SD= (subj=* verb=drive#5 obj=[HUMAN] prep=to

objP=[EMOTIONAL STATE])

The use of * shows that there is actually no restriction on the
lexical feature for that slot.1

Each CCR is associated uniquely with the inference its SD
pattern represents. This property follows from the fact that
in a CCR each word determines uniquely the sense of the
other and there is only one way to understand the respective
phrase. All the CCR contexts that have the same SD pattern
entail the same sentence, namely exactly the sentence the SD
represents. In example (5) we present a few sentences for
which the same CCR holds and consequently, all the pairs
[5.*T,5H] are valid entailments because 5H is the SD pattern
corresponding to this particular CCR.

(5.1T) I drive him to school.
(5.2T) He drives his assistant to his home.
(5.3T) He drove her mother to the mall.
(5H) A human drives a human to a location.

1There is no need to use * in the form of SD patterns, it has been
used here for clarity reasons.



The sense of drive in (5) is drive#3. Changing the sense of
the verb will change the CCR, which implies that another
SD pattern is considered, and therefore that the initial
entailment fails. Also, a prepositional complement with a
different feature leads to a different CCR and consequently
the initial entailment fails. The CCR property ensures the
compositionality. A CCR entails the statements regarding
the features of its components. For example:

(3.2T) I see the picture of John.
(3.2.1H) There is a human.
(3.2.2H) There is a human who sees#1.
(3.2.3H) There is an illustration.

(5.1T) I drive him to school.
(5.1.1H) There is a human.
(5.1.2H) There is a human who drives#3.
(5.1.3H) There is a location.

Entailment holds in the pairs [3.2T, 3.2.*H] and [5.1T,
5.1.*H]. The CCR property ensures that it is not possible that
[3.2T] entails [3.2.2H], but does not entail [3.2.3H].

Since the SD pattern corresponding to a CCR uses fea-
tures, instead of the actual words in the CCR, the lexical
equality is not a constraint. Replacing the words in a CCR
with different words that have the same lexical features
does not affect the SD pattern. Therefore, the entailment
relation is maintained in the pairs in which H is a sentence
reproducing the SD pattern itself (see Example 6).

(6T) I stared at a picture of Mary.
(6H) A human sees an illustration.

The pair [6T, 6H] is a valid entailment because 6H is the SD
pattern corresponding to the CCR expressed in 6T. From a
practical point of view we are interested in pairs of sentences
which are different lexical instantiations of the same SD
pattern, like Example 7.

(7T) I see a picture of John.
(7H) I stare at a picture of John.

(8T) I stare at a picture of John.
(8H) I see a picture of John.

In the pair [7T, 7H] entailment holds, but in the pair [8T, 8H]
it does not. The directionality of the entailment is given by
the relations between the words considered in the SD pattern.
The sentences in (7) and in (8) have the same SD pattern, and
for this reason it is possible to compare them directly. Since
lexically, stare is a hyponym of see, it means that entailment
holds in Example 8, but not in Example 7. The relation of
entailment is observed between two sentences i) which have
the same SD pattern, and ii) when in H all the words in the
CCR generalize the corresponding words in T. Predictably,
if not all the words in H generalize the corresponding words
of T there is no entailment. Indeed, for example, neither in
[9.1, 9.2], nor in [9.3, 9.4] entailment holds. On the contrary,
there is entailment in [9.4, 9.3] because each of the words in

(9.3) generalizes the words which are on the same positions
in the SD pattern in (9.4).

(9.1) A mammal sees a picture of corn.
(9.2) John sees a picture of a cereal.
(9.3) A mammal sees a picture of a cereal.
(9.4) John sees a picture of corn.

If a sentence is not a CCR, then there are at least two possible
readings. An ambiguous sentence has at least two different
SD patterns which are partially overlapping. In this case, the
entailment relation is non decidable.

(10T) I watched John’s puppet.
(10.1H) I saw John’s puppet.
(10.2H) I guarded John’s puppet.

The words in (10T) are not in a CCR, and, consequently the
sentence is ambiguous. As there is no SD pattern associ-
ated with (10T) there cannot be an entailment relationship
between [10T, 10.1H] or [10T, 10.2H].

We conclude this section summing up the connection be-
tween the CCRs and SD patterns, and the entailment relation:
• In a non ambiguous sentence the words are in CCR.
• A SD pattern represents a class of CCRs.
• A unique entailment is associated with a sentence for

which a CCR holds. The sentence entails the SD pattern.
• Two sentences are in an entailment relationship iff:

– they have the same SD pattern;
– the sentence that is entailed (i.e. H) contains words

which generalize the lexical features of the SD pat-
tern of T.

5 Finding CCRs and Acquiring SD Patterns
The main issue to evaluate the feasibility of the proposed ap-
proach is to understand whether there are enough examples
in available corpora, for allowing the correct extraction of the
CCRs. In this Section we describe the preliminary experi-
ment we carried out to test the availability of data needed for
CCR construction. Since usually verbs are highly ambiguous,
and enter into a large number of syntactic combinations, they
are good candidates for our experiment.

In particular, we focused on a set of 30 verbs. Table 1
shows the results we obtained for a sample of them (column
1), namely those with the highest frequency in Semcor2 (col-
umn 2, # occurrences). As the first step of our experiment,
the part of context surrounding the target verb which is likely
to form a CCR is manually identified. Then, as a second
step, these contexts are generalized according to an ontology
(SUMO). The most general form attained without having am-
biguities is the final form of the pattern, i.e. the SD pattern.

While carrying out the first step, we decided to add some
more examples for each verb, to obtain a complete list of
CCRs. The underlying reason comes from the fact that the

2A subset of the English Brown corpus, sense-tagged according
to Princeton WordNet 1.6. [Landes et al., 1998]



verb #occ #add #pat #min #max
begin 188 3 24 2 4
call 108 10 26 1 5
come 317 30 21 1 4
find 254 20 26 0 3
go 229 20 22 1 6
keep 166 20 14 0 4
leave 167 10 21 2 5
live 124 10 11 1 3
move 118 30 24 2 6
play 121 40 29 0 6
see 445 30 21 2 6
serve 112 10 14 1 3
use 291 40 21 2 5
work 120 30 24 1 6

Table 1: SD patterns in SemCor using SUMO

method we propose requires the identification of the minimal
differences between two CCRs. These additional examples
have the role of speeding up the process of SD patterns ac-
quirement, and they are constructed basing on the sentences
found in the corpus. Usually only one word is modified, i.e. it
is replaced by a word with different lexical traits, which leads
to a change in the meaning of the verb. If the corpus was
well balanced with respect to the list of all verb senses, then
the addition of new examples would not have been necessary.
However, it seems that the best way to learn the discrimina-
tive patterns is to do it step by step, from simpler examples
towards more complex ones (i.e. examples where the relevant
information is fragmented by phrases that are less important
in relation to sense changing). The number of additional ex-
amples for each verb (Table 1, column 3) has been empiri-
cally chosen: our estimation is that at least 2 or 3 examples
for each sense are required to accurately identify a CCR.

Column 4, Table 1 lists the number of SD patterns ob-
tained for each verb in the generalization process. The last
two columns refer to the minimal and the maximal numbers
of patterns extracted for each sense of the verb. Number 0
as minimum means that it was not possible to find different
patterns for at least two senses of a verb.

6 Conclusion and future work
The paper presents a method to address the TE task by first
reducing the textual fragments of a pair to unambiguous inter-
mediate forms, representing a unique combination of senses.
We introduced the notion of Chain Clarifying Relationships
(CCR), as relations between the phrases in T and H that allow
for the disambiguation of the constituents in the sentences,
and for which only one combination of individual senses is
possible. Such CCRs are represented as Sense Discrimina-
tive patterns (SD), i.e. classes of generalized contexts whose
form is shared by pairs where entailment holds. A small scale
experiment of acquisition of SD patterns has been carried out
obtaining promising results, that suggests that a large scale
acquisition of SD patterns is feasible. As for future work, we
plan to focus on two directions: i) automatizing the CCRs
discovery process, and ii) the application of this method to a
large corpus of TE pairs (e.g. RTE data sets).
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Abstract

We consider the problem of learning rules from natu-
ral language text sources. These sources, such as news
articles, journal articles, and web texts, are created by
a writer to communicate information to a reader, where
the writer and reader share substantial domain knowl-
edge. Consequently, the texts tend to be concise and
mention the minimum information necessary for the
reader to draw the correct conclusions. We study the
problem of learning domain knowledge from such con-
cise texts, which is an instance of the general problem of
learning in the presence of missing data. However, un-
like standard approaches to missing data, in this setting
we know that facts are more likely to be missing from
the text in cases where the reader can infer them from
the facts that are mentioned combined with the domain
knowledge. Hence, we can explicitly model this “miss-
ingness” process and invert it via probabilistic inference
to learn the underlying domain knowledge. This paper
introduces an explicit probabilistic mention model that
models the probability of facts being mentioned in the
text based on what other facts have already been men-
tioned and domain knowledge in the form of Horn clause
rules. Learning must simultaneously search the space of
rules and learn the parameters of the mention model. We
accomplish this via an application of Expectation Max-
imization within a Markov Logic framework. An ex-
perimental evaluation on synthetic and natural text data
shows that the method can successfully learn accurate
rules and apply them to new texts to make correct infer-
ences.

1 Introduction
The immense volume of textual information available on the
web provides an important opportunity and challenge for AI:
Can we develop methods that can learn domain knowledge
by reading natural texts such as news articles, journal arti-
cles, and web pages. We would like to acquire at least two
kinds of domain knowledge: concrete facts and general rules.
Concrete facts can be extracted as logical relations or as tu-
ples to populate a data base. Systems such as Whirl [Cohen,
2000], TextRunner [Etzioni et al., 2008], and NELL [Carlson

et al., 2010a] learn extraction patterns that can be applied to
text to extract instances of relations.

General rules can be acquired in two ways. First, they may
be stated explicitly in the text—particularly in tutorial texts.
Second, they can be acquired by generalizing from the ex-
tracted concrete facts. In this paper, we focus on the latter
setting: Given an incomplete data base of literals extracted
from natural language texts, we seek to learn a set of proba-
bilistic Horn clauses that capture general rules.

The problem of learning rules from extracted texts has been
studied previously [Nahm and Mooney, 2000; Carlson et al.,
2010b; Schoenmackers et al., 2010]. These systems rely on
finding documents in which all of the facts participating in a
rule are mentioned. If enough such documents can be found,
then standard rule learning algorithms can be applied. A
drawback of this approach is that it is difficult to learn rules
unless there are many documents that provide such complete
training examples. The central hypothesis of our work is that
by explicitly modeling the process by which facts are men-
tioned, we can learn rules from sets of documents that are
smaller and less complete.

To illustrate the challenges, consider the following sen-
tence that discusses a National Football League (NFL) game:

“Given the commanding lead of Kansas city on the road,
Denver Broncos’ 14-10 victory surprised many”

This mentions that Kansas City is the away team and that
the Denver Broncos won the game, but does not mention that
Kansas City lost the game or that the Denver Broncos was
the home team. Of course these facts can be inferred from
domain knowledge rules such as the rule that “if one team is
the winner, the other is the loser (and vice versa)” and the
rule “if one team is the home team, the other is the away team
(and vice versa)”.

In our previous work [Doppa et al., 2010], we employed an
“implicit mention model” that did not explicitly represent the
way in which mentions arise. Instead, it simply modified the
way candidate rules were scored. The current paper builds
on that work to show how an explicit mention model can be
learned and applied.

2 Technical Approach
Consider a writer and a reader who share domain knowl-
edge K. The writer wishes to efficiently communi-
cate the conjunction of two (true) formulas F ∧ G.



Let READERWILLINFER(G,F,K) denote the fact that the
reader, when told F , will infer that G is true by applying the
domain knowledge K. Then it suffices for the writer to men-
tion only F and notG. We can express this as the general rule
schema:
MENTION(F ) ∧ READERWILLINFER(G,F,K) ∧ G ⇒

¬MENTION(G).

Similarly, if the writer wishes to communicate the formula
F ∧ ¬G, which is an exception to the general rule that F ⇒
G, then the writer must explicitly mention that G is not true:
MENTION(F ) ∧ READERWILLINFER(G,F,K) ∧ ¬G ⇒

MENTION(¬G).
In this paper, we consider only the first case. In addition,
rather than explicitly modeling the reader’s inference process,
we instantiate the rule schema for each domain knowledge
rule under the assumption that the reader’s reasoning process
can perform simple Horn clause chaining. Hence, given the
rule P ⇒ Q, we define the mention rule

MENTION(P ) ⇒ ¬MENTION(Q).

To represent and reason with the domain knowledge,
the mention rules, and the observed mentions, we employ
Markov Logic. There are four kinds of rules in our knowl-
edge base (see Figure 1):
• Fact-to-Fact Rules. These are the unknown domain

knowledge rules that we seek to learn. We prefix each lit-
eral with FACT and write the rules in the form

FACT HOMETEAM(g, t2) ∧
FACT TEAMINGAME(g, t1) ∧
FACT TEAMINGAME(g, t2) ⇒ FACT AWAYTEAM(g, t1).

TEAMINGAME(g, t) states that team twas one of the teams
playing in game g. HOMETEAM(g, t) states that team t
was the home team in game g. Similarly, AWAYTEAM(g, t)
indicates that twas the away team in game g. (We apply the
unique names constraint that variables with unique names
must refer to distinct objects; hence t1 6= t2 is assumed
implicitly.)

• Fact-to-Mention Rules. These express the belief that if
something is true, it is likely to be mentioned. These rules
are probabilistic, and during learning they are assigned
weights that reflect the baseline probability that any par-
ticular literal will be mentioned.

FACT HOMETEAM(g, t) ⇒ MENTION HOMETEAM(g, t).

• Mention-to-Fact Rules. These express the belief that the
writer is not lying, so anything that is mentioned is true:

MENTION HOMETEAM(g, t) ⇒ FACT HOMETEAM(g, t).

Weights for these rules are not learned. Instead, the rules
are assumed to hold with probability 1 (i.e., have infinite
weight).

• Mention-to-Mention Rules. These rules instantiate the
general mention rule schemas described above.

MENTION HOMETEAM(g, t2) ∧
MENTION TEAMINGAME(g, t1) ∧
MENTION TEAMINGAME(g, t2) ⇒

¬ MENTION AWAYTEAM(g, t1).

Observed Mentions
Mention_TeamInGame ݃1, ݎ݁ݒ݊݁ܦ

Mention_TeamInGame ݃1, ݕݐ݅ܥݏܽݏ݊ܽܭ
Mention_GameAwayTeam ݃1, ݕݐ݅ܥݏܽݏ݊ܽܭ

Inferred Facts
Fact_TeamInGame ݃1, ݎ݁ݒ݊݁ܦ

Fact_TeamInGame ݃1, ݕݐ݅ܥݏܽݏ݊ܽܭ
Fact_GameAwayTeam ݃1, ݕݐ݅ܥݏܽݏ݊ܽܭ
Fact_GameHomeTeam ݃1, ݎ݁ݒ݊݁ܦ

Fact ⇒ Fact Rules
wଵ: Fact_TeamInGame ݃, 1ݐ ∧ Fact_TeamInGame ݃, 2ݐ

∧ Fact_GameAwayTeam ݃, 1ݐ ⇒ Fact_GameHomeTeamሺ݃, 2ሻݐ

Fact ⇒Mention Rules
wଶ: 	Fact_GameAwayTeam ݃, 1ݐ

⇒ Mention_GameAwayTeamሺ݃, 2ሻݐ

Mention ⇒ Fact Rules
wଷ: 	Mention_GameAwayTeam ݃, 1ݐ

⇒ Fact_GameAwayTeamሺ݃, 2ሻݐ

Mention ⇒Mention Rules
wସ: 	Mention_TeamInGame ݃, 1ݐ ∧ Mention_TeamInGame ݃, 2ݐ

∧ Mention_GameAwayTeam ݃, 1ݐ ⇒ ൓Mention_GameHomeTeamሺ݃, 2ሻݐ

Knowledge Base

Figure 1: Markov Logic Model

In Markov Logic, each of these rules is assigned a (learned)
weight which can be viewed as a cost of violating the rule.
The probability of a world ω is proportional to

exp

∑
j

wjI[Rule j is satisfied by ω]

 ,

where j iterates over all groundings of the Markov logic rules
in world ω and I[φ] is 1 if φ is true and 0 otherwise.

An advantage of Markov Logic is that it allows us to define
a probabilistic model even when there are contradictions and
cycles in the logical rules. Hence, we can include both a rule
that says “if the home team is mentioned, then the away team
is not mentioned” and a rule that says “if the away team is
mentioned, then the home team is not mentioned”. We can
also include rules that say “the home team is mentioned” and
“the away team is mentioned”. Obviously a possible world
ω cannot satisfy all of these rules. The relative weights on
these rules determine the probability that particular literals
are actually mentioned.

Learning. We seek to learn both the rules and their
weights. We proceed by first learning the fact-to-fact rules
and then automatically generating the other rules (especially
the mention-to-mention rules) from the general rule schema
described above. Then we apply EM to learn the weights on
all of the rules. This can have the effect of removing unnec-
essary rules by driving their weights to zero.

Learning Fact-to-Fact Rules. For each predicate, we gen-
erate a set of candidate Horn clauses with that predicate as
the head. We consider all conjunctions of literals involving
other predicates (i.e., we do not allow recursive rules) up to a
fixed maximum length. Each candidate rule is scored on the
training documents for support (number of training examples
that satisfy the body) and confidence (the conditional proba-
bility that the head is true given that the body is satisfied). We
discard all rules that do not achieve minimum support σ and
then keep the top τ most confident rules. The values of σ and
τ are determined via cross-validation within the training set.
The selected rules are then entered into the knowledge base.



From each rule, we also derive a mention-to-mention rule that
says if all of the literals in the body have been mentioned, then
the head will not be mentioned. For each predicate, we also
generate fact-to-mention and mention-to-fact rules.

Learning Weights. The goal of weight learning is to max-
imize the likelihood of the observed mentions (in the training
set) by adjusting the weights of the rules. Because our train-
ing data only consists of mentions and no facts, the facts are
latent (hidden variables), and we must apply the EM algo-
rithm to learn the weights. Each game can be summarized
by four literals: HOMETEAM(g, t1), AWAYTEAM(g, t2),
GAMEWINNER(g, t3), and GAMELOSER(g, t4). For pur-
poses of weight learning, we must consider these four
literals together, so we introduce an auxiliary predicate
GTUPLE(g, t1, t2, t3, t4) and introduce the hard rule
GTUPLE(g, t1, t2, t3, t4) ≡

HOMETEAM(g, t1) ∧ AWAYTEAM(g, t2) ∧
GAMEWINNER(g, t3) ∧ GAMELOSER(g, t4).

Given two teams, there are 16 possible instantiations of
this literal in each game. Let us index them from 0
to 15 corresponding to GTUPLE(g,A,A,A,A) through
GTUPLE(g,B,B,B,B).

We employ the Markov Logic system Alchemy [Kok et
al., 2007] for learning and inference. In the E step, we
apply the lazy MCSAT inference algorithm to estimate the
marginal probability of each of the 16 possible instantia-
tions of GTUPLE. In the M step, we then treat these pos-
sible instantiations as weighted evidence and apply gener-
ative learning to find the weight values that maximize the
pseudo-likelihood of the weighted evidence. To introduce
weighted evidence into Alchemy, we apply the following
“dummy evidence trick”. Specifically, suppose we wish
to introduce the evidence GTUPLE(g1, A,B,A,B) (config-
uration 5) with probability p5, for teams A and B. We
define an evidence literal GEVIDENCE(g1, A,B,A,B) in
Alchemy’s database file, and then add to the “mln” file a rule
GEVIDENCE(g1, A,B,A,B) ≡ GTUPLE(g1, A,B,A,B)
with a weight of

w5 = log p5 −
1

K

K∑
k=1

log pk,

where pk is the marginal probability of configuration k.
To avoid an explosion of instantiations during inference in
Alchemy, we arbitrarily rename the teams in all of the games
to be the constants A and B. This is a hand-coded form of
lifted inference.

EM is iterated to convergence, which only requires a few
iterations. Algorithm 1 summarizes the pseudo-code of the
algorithm.

Treating Missing Mentions as Missing At Random: An
alternative to the explicit mention model described above
is to assume that the writer choose which facts to mention
(or omit) at random according to some unknown probability.
When data are missing-at-random (MAR), it is possible to
obtain unbiased estimates of the true distribution via impu-
tation using EM. We implemented this approach as follows.
we apply the same method of learning rules (requiring mini-
mum support σ and then taking the τ most confident rules).

Algorithm 1 Learn Explicit Mention Model
Input: DI =Incomplete training examples
τ = number of rules per head
σ = minimum support per rule
Output:M = Explicit mention model

1: LEARN MENTION MODEL:
2: exhaustively learn rules for each head
3: discard rules with less than σ support
4: select the τ most confident rulesR for each head
5: R′ :=R
6: for each rule (factP => factQ) ∈ R do
7: R′ :=R′ ∪ {mentionP ⇒ ¬mentionQ}
8: end for
9: for every factP ∈ R do

10: add factP ⇒ mentionP toR′

11: add mentionP ⇒ factP toR′

12: end for
13: repeat
14: E-Step: apply inference to predict weighted facts F
15: define complete weighted data DC := DI ∪ F
16: M-Step: learn weights for rules inR′ using data DC

17: until convergence
18: return the set of weighted rulesR′

Each learned rule has the general form MENTION A ⇒
MENTION B. The collection of rules is treated as a model
of the joint distribution over the mentions (or, more precisely,
over the possible groundings of GTUPLE). Generative weight
learning in then applied to learn the weights on these rules.
The marginal probabilities of GTUPLE are computed using
the rule weights.

3 Experimental Evaluation
We evaluated our mention model approach on a synthetic data
set to understand its behavior as we varied the amount of
missing data. Then we compared its performance to the MAR
approach on actual extractions from news stories about NFL
football games.

Synthetic Data Experiment. The goal of this experiment
was to evaluate the ability of our method to learn accurate
rules from data that match the assumptions of the algorithm.
We also sought to understand how performance varied as a
function of the amount of information omitted from the text.

The synthetic data were generated using a database
of NFL games (from 1998 and 2000-2005) down-
loaded from www.databasefootball.com.
These data were then encoded using the follow-
ing predicates: TEAMINGAME(Game, Team),
GAMEWINNER(Game, Team),
GAMELOSER(Game, Team), HOMETEAM(Game, Team),
AWAYTEAM(Game, Team), and
TEAMGAMESCORE(Game, Team, Score), and treated
as the ground truth. Note that these predicates
can be divided into two correlated sets: WL =
{GAMEWINNER, GAMELOSER, TEAMGAMESCORE}
and HA = {HOMETEAM, AWAYTEAM}.

From this ground truth, we generate a set of mentions for



Table 1: Synthetic Data Properties

q 0.17 0.33 0.50 0.67 0.83 0.97
Mentioned
literals(%) 91.38 80.74 68.72 63.51 51.70 42.13

Complete
records(%) 61.70 30.64 8.51 5.53 0.43 0.00

Table 2: Probabilistic Mention Model Performance on Syn-
thetic Data. Each cell indicates the fraction of complete
records inferred.

Test q
Training q 0.17 0.33 0.50 0.67 0.83 0.97

0.17 1.00 1.00 1.00 1.00 1.00 1.00
0.33 1.00 0.99 0.97 0.96 0.90 0.85
0.50 1.00 0.99 0.98 0.97 0.93 0.87
0.67 1.00 0.98 0.92 0.92 0.81 0.66
0.83 0.99 0.98 0.72 0.71 0.61 0.54
0.97 0.91 0.81 0.72 0.68 0.56 0.41

each game as follows. One literal is chosen uniformly at ran-
dom from each of WL and HA and mentioned. Then each
of the remaining literals is mentioned with probability 1− q,
where q is a parameter that we varied in the experiments. Ta-
ble 1 shows the average percentage of literals mentioned in
each generated “news story” and the percentage of generated
“news stories” that mentioned all literals. Note that the sto-
ries generated in this way reflect the actual statistics of game
scores and outcomes.

Synthetic Experiments. For each q, we generated 5 dif-
ferent datasets, each containing 235 games. For each value
of q, we ran the algorithm five times. In each iteration, one
dataset was used for training, another for validation, and the
remaining 3 for testing. The training and validation datasets
shared the same value of q. The resulting learned rules were
evaluated on the test sets for all of the different values of q.
The validation set is employed to determine the thresholds τ
and σ during rule learning and to decide when to terminate
EM.

Table 2 reports the proportion of complete game records
(i.e., all four literals) that were correctly inferred, averaged
over the five runs. Note that any facts mentioned in the gen-
erated articles are automatically correctly inferred, so if no
inference was performed at all, the results would match the
second row of Table 1. Notice that when trained on data with
low missingness (e.g. q = 0.17), the algorithm was able to
learn rules that predict well over articles with much higher
levels of missing values. This is because q = 0.17 means that
only 8.62% of the literals are missing in the training dataset,
which results in 61.70% complete records. These are suffi-
cient to allow learning highly-accurate rules. However, as the
proportion of missing literals in training data increases, the al-
gorithm starts learning incorrect rules, so performance drops.
In particular, when q = 0.97, the training documents contain
no complete records (Table 1). Nonetheless, the learned rules

Table 3: Fraction of Literals Correctly Predicted for q = 0.97

Test q
Training q 0.17 0.33 0.50 0.67 0.83 0.97

0.97 0.98 0.95 0.93 0.92 0.89 0.85

are still able to completely and correctly reconstruct 41% of
the games!

The rules learned under such high levels of missingness are
not totally correct. Here is an example of one learned rule (for
q = 0.97):

FACT HOMETEAM(g, t1) ∧ FACT TEAMINGAME(g, t1) ⇒
FACT GAMEWINNER(g, t1).

This rule says that the home team always wins. When appro-
priately weighted in Markov Logic, this is a reasonable rule
even though it is not perfectly correct (nor was it a rule that
we applied during the synthetic data generation process).

In addition to measuring the fraction of entire games cor-
rectly inferred, we can obtain a more fine-grained assessment
by measuring the fraction of individual literals correctly in-
ferred. Table 3 shows this for the q = 0.97 training scenario.
We can see that even when the test articles have q = 0.97
(which means only 42.13% of literals are mentioned), the
learned rules are able to correctly infer 85% of the literals. By
comparison, if the literals had been predicted independently
at random, only 6.25% would be correctly predicted.

Experiments with Real Data: BBN provided the output
of their extractor applied to two corpora of articles describ-
ing NFL games. The first corpus of articles is known as
BBN training. We will refer to it as D1. The second cor-
pus is known as BBN robustness. The articles in the sec-
ond corpus were subjected to more thorough analysis, so the
extractions are more complete. However, both D2 and (es-
pecially) D1 contain many errors including games involving
more than two teams or where one team achieved multiple
scores. These errors result primarily from coreference fail-
ures.

To address these problems, we decided to take each ex-
tracted game and apply a set of integrity constraints. The in-
tegrity constraints are learned from 5 complete game records.
Examples of the learned constraints include “Every game has
exactly two teams” and “Every game has exactly one win-
ner.” Each BBN-extracted game is then converted into mul-
tiple games by deleting literals in all possible ways until all
of the integrity constraints are satisfied. Finally, duplicate
records are removed. After this processing, D1 contains 203
games and D2 contains 56 games. Table 4 summarizes the
missingness of these game records.

The data from these repaired games is provided as train-
ing data to our algorithm. To measure the performance of the
learned rules, we constructed a synthetic test set by taking
100 games from the downloaded NFL database and creating
games in which various patterns of missingness were exhib-
ited. Specifically, none of the test games mentioned both the
home and away team or both the winning and losing team. In
20% of the test games, neither the home nor the away team
was mentioned, whereas all test games mentioned exactly one



Table 4: Statistics on BBN-extracted and repaired games.
“miss” means “missing”.

Home/Away Winner/Loser
miss miss miss miss miss miss
both one none both one none

D1 85.7 11.3 3.0 14.8 49.2 36.0
D2 17.9 58.9 23.2 17.9 57.1 25.0

Test 20.0 80.0 0.0 0.0 100.0 0.0

Table 5: Observed percentage of cases where exactly one lit-
eral is mentioned and the percentage predicted if the literals
were missing at random

Home/Away Winner/Loser
observed predicted observed predicted

D1 11.3 13.2 49.2 47.1
D2 58.9 49.9 57.1 49.8

of either the winner or the loser (see Table 4).
It is interesting to ask whether these data are consis-

tent with the explicit mention model versus the missing-at-
random model. Let us suppose that under MAR, the proba-
bility that a fact will be mentioned is p. Then the probability
that both literals in a rule (e.g., home/away or winner/loser)
will be mentioned is p2, the probability that both will be miss-
ing is (1 − p)2, and the probability that exactly one will be
mentioned is 2p(1− p). We can fit the best value for p to the
observed missingness rates to minimize the KL divergence
between the predicted and observed distributions. If the ex-
plicit mention model is correct, then the MAR fit will un-
derestimate the fraction of cases where exactly one literal is
missing. Table 5 shows the results. For D1, the MAR model
gives a fairly good fit to the observed missingness rates. How-
ever, for D2, it is clear that the MAR model seriously under-
estimates the probability that exactly one literal will be men-
tioned. Qualitatively, we believe that much of the missingness
in D1 is due to extraction failures, whereas the missingness in
D2 corresponds better to the assumptions of our probabilistic
mention model.

We applied both our explicit mention model and the MAR
model to these data sets. We measured performance rela-
tive to the performance that could be attained by a system

Table 6: Test set performance of our explicit mention model
compared to the missing-at-random approach. Performance
is measured as the number of games that are completely and
correctly reconstructed by the learned models as a percentage
of the number of games that can be completely reconstructed
by the correct model.

Training Explicit Missing at
Dataset Mention Model Random Model
D1 10.0 25.6
D2 100.0 6.0

that knows the correct rules. The results are summarized in
Table 6. When trained on D1, the MAR method performs
much better than our method, although both methods perform
poorly. The challenge for both methods is that there are very
few articles that provide complete training examples of the
rules. When trained on D2, our method achieves perfect per-
formance, whereas the MAR method only reconstructs 6% of
the reconstructable games. This reflects the extreme difficulty
of the test set, where none of the articles mentions all literals
involved in any rule.

4 Conclusion
This paper has shown how to apply Markov Logic to repre-
sent a probabilistic model of the relationship between the true
facts of a situation (such as an NFL game) and the proposi-
tions that are mentioned in an article about the situation. Ex-
periments on synthetic data showed that the method is able to
correctly reconstruct complete records even when neither the
training data nor the test data contain complete records. On
real data, the method achieves excellent performance when
trained on the D2 dataset, whereas a method that treats facts
as mentioned-at-random gives very poor performance. On
dataset D1, performance was poor for both methods. This
may reflect a fundamental lack of information sufficient to
permit rule discovery, or it may reflect a weakness in our rule
learning algorithm. It would be interesting to explore a mod-
ification of our algorithm in which candidate rules are scored
within the Markov Logic mention model rather than relying
on a separate rule-learning phase. This might permit the dis-
covery of rules without observing any cases where both the
head and the body are mentioned in a single document.
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Abstract
In this work, we contribute a method that takes advantage
of the powerful corpus of the Web data to automatically
evaluate the truth of propositions that are stated as multi-
argument instantiated predicates, e.g., City In Country
(Beijing,China). Our approach, OpenEval, automatically
converts a given instantiated predicate into a Web search
query, then extracts a corresponding set of features from
the web pages returned. Initially, OpenEval trains a clas-
sifier on a list of predicates by using a set of seed positive
examples for each predicate. Each such set furthermore
provides negative examples for the other predicates. To
evaluate a new query, OpenEval again converts the query
into a corresponding set of features extracted from the
Web. The extracted features are then used as input to the
learned classifier. The classifier output is used to calcu-
late the correctness probability of the input predicate. We
experimentally show that OpenEval is significantly supe-
rior to the previous related techniques, in particular the
Pointwise Mutual Information (PMI) and Never-Ending
Language Learner (NELL).

1 Introduction
“Is yogurt healthy?”, “Is zero a number?”, “Is pumpkin a fruit?”,
these are a few examples of the most popular questions that have
been searched in Google.1 These questions can be converted to
propositions that require assessment of their correct value. In gen-
eral, evaluating correctness of a proposition is of interest to informa-
tion processing applications, such as automated Question Answer-
ing (QA). Most of the questions and their candidate answers can be
converted to a proposition that requires assessment. For example
the question “where is Beijing located?” and the corresponding an-
swer “China” can be converted to a proposition “Beijing is located
in China”. It has been shown that the accuracy of a QA system can
be improved by using automated answer validation techniques [4]
that assess the correctness of the answers found by the QA system.

Evaluating correctness of a proposition can also be used in Infor-
mation Extraction (IE) systems to assess the probability that infor-
mation is extracted correctly [3]. IE systems such as KnowItAll [3],
TextRunner [2] and NELL [1] extract a large set of facts from their
input text corpus. Etzioni et al. showed [3] that the accuracy of
IE systems can be improved by validating the correctness of the ex-
tracted facts. In particular, they used search engine hit counts to

1Similar popular questions can be obtained by entering words,
such as “Is” or “Does” in Google, and seeing Google’s suggestions.

assign the probability of correctness to the facts that are extracted
by their KnowItAll system.

This paper presents OpenEval, a new IE approach that is able to
learn how to evaluate correctness of a proposition. OpenEval uses
multi-argument predicates such as City In Country(Beijing,China)
[‘Is Beijing a city in China?’] to represent the extracted information.
A predicate such as p(x1, ..., xn) defines a relationship between en-
tities (x1, ..., xn). We call (x1, ..., xn) an instance of predicate p.
As part of training, OpenEval is provided a set of predicates P (e.g.,
City(x), City In Country(x,y)) and a few seed examples for each
predicate p ∈ P (e.g., Los Angeles and New York for predicate City).
For each predicate p ∈ P and ip, an instance of p, OpenEval first
automatically converts ip into a Web search query and then extracts
the corresponding set of features from the Webpages returned by the
search engine. Each of the extracted features consists of a single
word or a combination of a set of words (e.g., located-in). The ex-
tracted features are then used to train a classifier (e.g., SVM). The
goal of the classifier is to classify each set of the input features to
one of the predicates in P .

To validate correctness of an input predicate instance, OpenEval
converts the input predicate instance to a search query and extracts a
corresponding set of features from the Web. The extracted features
are then used as input to the learned classifier. The classifier output
is used to calculate the correctness probability of the input predicate.

The baseline for our work is the Pointwise Mutual Informa-
tion (PMI) technique, that has been widely used in IE [5; 6;
3], and Never-Ending Language Learner(NELL) [1]. We train
OpenEval on a set of mutually exclusive predicates that are chosen
randomly from 400 predicates in NELL’s ontology. We experimen-
tally show that OpenEval improves F1 measure on the test data at
least by a factor of two compared to PMI and NELL techniques.

2 Related Work
Researchers have worked on the problem of evaluating correctness
of a proposition from both information extraction and question an-
swering points of view. Turney [6] presented an unsupervised tech-
nique that uses search engine hit counts to measure the similarity of
pairs of words. They also used the PMI technique to measure se-
mantic similarity between two words. Other researchers have used
PMI to validate information extraction [5] or to validate a candi-
date answer in a question answering system [4]. Soderland et al. [5]
showed different methods of using PMI which can be used to assign
a correctness probability to the extracted facts.

The performance of all the above techniques depends on the ac-
curacy of the search engine hit counts. However, the search engine
hit counts are only a crude estimate of the number of matching doc-
uments and it has been shown that hit count estimates are not accu-
rate [7]. However, our approach uses the content of the webpages



————————————————————————
New York is a vibrant and eclectic place. There is an in-
credibly diverse range of things to see and do- but there
are a few attractions like no other. No visit to New York

City is complete without visiting the Empire State Building, the
Statue of Liberty and the Ellis Island Immigration Museum.
Ellis Island is where it all began. You will receive a free ferry
ride to the Island and the Statue of Liberty with the New York

Pass.
——————————————————————————–

Figure 1: An example of the text that is found for predicate
City Attraction(Statue of Liberty, New York).

that are returned by the search engines for the evaluation and does
not rely on the search hit counts.

NELL (Never-Ending Language Learning) [1] is a semi-super-
vised learning that has been developed as part of the Read the Web
(RTW) project at Carnegie Mellon University. It extracts structured
information from the unstructured web pages. The input of NELL
is an initial ontology (e.g. hundreds of predicates with one or two
arguments) and 10 to 15 seed examples for each predicate that is de-
fined in its ontology. Given this input, NELL extracts new instances
of predicates from a collection of 500 million webpages. Given an
instance of predicate p, we can simply validate it by checking if the
input instance is in the NELL’s Knowledge Base (KB). In our exper-
imental result, we compare result of OpenEval to NELL.

3 OpenEval
OpenEval considers a set P of predicates p with optional associated
keywords Kp for each p, and instantiation ip for each predicate.
For example, for p = City, values of ip are New York and Beijing,
and for p = City Country, values of ip are (New York, USA) and
(Beijing, China). OpenEval evaluates the correctness of a combined
tuple t = 〈p, ip〉, using the keywords Kp, if any.

We describe next in detail the components of OpenEval.
Throughout the presentation, we exemplify with a set of predicates
P ={City Attraction, Country Currency} and a set of correspond-
ing instantiations as two subsets of seed examples of attractions of
cities and currencies of varied countries. We further use a set of key-
words Kca ={popular, unique} for City Attraction, and Kcc = ∅
(empty set) for Country Currency.

3.1 Feature Extractor
The input to the feature extractor is the tuple t = 〈p, ip,Kp, N〉,
where p ∈ P is the input predicate, ip is an instance of predicate
p, Kp ∈ K is a set of optional keywords, and N is the number of
webpages that the feature extractor should extract feature from. The
output of the feature extractor is a set of bag-of-features, denoted by
Bip . Each b ∈ Bip is a bag-of-features that is extracted for the input
instance ip. Each feature is a single word or a combination of a set
of words (e.g., located-in). A bag-of-features contains a set of fea-
tures (there may be multiple instances of a feature) that are extracted
by the feature extractor. For example, {must-See, maps, nearby-
restaurants, Admission, tickets, prices, entry} is part of one of the
bag-of-features that is extracted for the predicate City Attraction. In
our explanation, Bip indicates a set of bag-of-features that are ex-
tracted for instance ip ∈ Ip.

Algorithm 1 shows the feature extraction procedure. Given the
input tuple t =< p, ip,Kp, N >, the feature extractor first builds
the query Q (Lines 3-4). The query Q is built from the name of the
predicate p, arguments of the input instance ip, and the keywords
Kp. For example, suppose that (Statue of Liberty , New York) is
given as an instance of the predicate City Attraction. The query Q

Algorithm 1 Feature Extractor
Input: t =< p, ip,Kp, N >←Input Tuple
1: Function: FeatureExtractor (T =< p, ip,Kp, N >)
2: Bip ← φ //Bip is the set of all the bag-of-features for ip
3: pArgs← Arguments of ip separated by space
4: Q← “p pArgs Kp //Q is the search query
5: W ← Get the first N results of Google for query Q
6: BWi ← φ //BWi is the list of all the bag-of-features that are

extracted from webpage Wi

7: for all Webpages Wi ∈W do
8: for all occurrences pj of pArgs in Wi do
9: T̄j ← extract text around pArgs

10: b← all the words and bigrams in T̄j

11: Add b to BWi

12: end for
13: Merge all the bag-of-features in BWi and add to Bip

14: end for
15: return Bip

would then be {“Statue of Liberty” “New York” popular unique}.
The feature extractor then searches the queryQ in Google and down-
loads the first N webpages (Line 5). For each webpage Wi that is
found by Google, the feature extractor searches the content of Wi

and extracts all the features in Wi. The feature extractor finds all
the positions pj in Wi whose words in pArgs appear “close” to
each other (Line 8). “Close” means we allow words in pArgs to
appear in any arbitrary order and up to a maximum of 10 words can
be in between, before, and after them. For each position pj , con-
sider T̄j as the text that occurs around pArgs. The bag-of-features
b is then built from all the words and bigrams in T̄j . All the stop
words and also the bigrams that contain two stop words are deleted
from b. All the bag-of-features b that are found in webpage Wi are
added to BWi (Line 11). Figure 3.1 shows an example of the text
that is found in one of the returned webpages for query Q. The ar-
guments of the predicate City Attraction are shown in bold. Only in
two places a maximum of 10 words occur between words in pArgs.
The underlined text shows the value of T̄j for each occurrence of
words in pArgs. The feature extractor returns two bag-of-features
in this case: b1 ={attractions, few-attractions, attractions-like, visit,
No-visit, visit-to, ... }, and b2 ={receive, receive-a, free, a-free, free-
berry, berry, ...}.

The final step of the algorithm is to build the set of bag-of-features
Bip from each element of BWi (Lines 13). To do this, all the fea-
tures that are extracted from the same webpage Wi, are merged to a
single bag-of-features. In this case, only one single bag-of-features
is built for eachWi ∈W . The extracted bag-of-features contains all
the words that appear around words in pArgs at different positions
of the webpage Wi. For example, b1 and b2 are merged to a single
bag-of-features: v ={attractions, few-attractions, attractions-like,
visit, No-visit, visit-to, receive, receive-a, free, a-free, free-berry,
berry, ...}.

3.2 Training Data Constructor

The role of the training data constructor is to build a set of training
data that are later used to train a classifier. The algorithm takes the
tuple T =< P, I,K,N > as an input. For each predicate p ∈ P
and each instance ip ∈ Ip, the feature extractor is called by given the
tuple < p, ip,Kp, N > as its input. The feature extractor extracts
and returns a set of bag-of-features Bip that are extracted for ip.
Each of the bag-of-features b ∈ Bip is used as one of the training
examples. The label for b is the same as the name of predicate p.



3.3 Classifier
The next step is to train a classifier on a set of bag-of-featuresB that
is built by the training data constructor. First, each of the bag-of-
features b ∈ B is transformed into a feature vector f , where each
element corresponds to the frequency of a distinct feature in b. The
dimension of the vector is equal to the total number of distinct fea-
tures (i.e., words and bigrams) that exist in B. The label for the
feature vector f is the same as the label of the input bag-of-features
b. We train a classifier such as SVM to classify the constructed fea-
ture vectors to different classes. Each class represents a predicate
p ∈ P .

The trained classifier is later used in the evaluation part of
OpenEval to classify the input bag-of-features bip to one of the pred-
icates p ∈ P . In this case, bip is first transformed to a feature vector
and then is given to the trained classifier. The classifier classifies the
input feature vector to one of the predicates p ∈ P .

3.4 Evaluator
The input of the evaluator is a tuple t =< p, ip,Kp, N >, where p
is a predicate p ∈ P , ip is a candidate instance of predicate p that the
evaluator is required to make an assessment,Kp is a set of keywords
for predicate p, and N is the number of webpages that evaluator
should process. The input keywords Kp should be the same as the
set of keywords that are used in the training. The evaluator first calls
the feature extractor to extract a set of bag-of-features for the input
tuple t. The feature extractor returns Bip which contains a set of
bag-of-features related to the predicate ip. For each bip ∈ Bip , the
trained classifier is then called to classify bip to one of the predicates
in P .

The correctness probability of the input predicate instance ip is
calculated by dividing the number of times that b ∈ Bip is classified
as p to the size of Bip . For example, suppose that City Attraction
and (Statue of Liberty, New York) are given as p and ip. Also suppose
that feature extractor extracts features from 8 webpages (i.e., N =
8). In this case, Bip contains the maximum of eight bag-of-features,
each of which is a set of features that are extracted from the same
website. Each b ∈ Bip is given to the classifier that is trained in the
classification part. The classifier classifies b to one of the predicates
p ∈ P . The correctness probability is obtained by the number
of times that b is classified as City Attraction divided by the total
number of bag-of-features in Bip (maximum is eight).

To decide if ip is an instance of predicate p, one can check if the
correctness probability that is found by the evaluator is greater than
a predefined threshold. Given a set of seed examples as an input,
the process of choosing a threshold Trp for each predicate p is as
follows. First, for each predicate p ∈ P , the seed examples are
split into two sets, T1 and T2. OpenEval is then trained using all
the seed examples in T1. Now in order to set the value of Trp, we
calculate the F1 score for all integers between 0 and 100 using the
seed examples in set T2, and the integer which achieves the best F1
score is assigned to Trp.

4 Experimental Evaluation
4.1 Setup
OpenEval is tested on two sets of predicates, one set contains pred-
icates with one argument (i.e., categories) and the other contains
predicates with two arguments (i.e., relations) that are chosen ran-
domly from 400 predicates of NELL’s knowledge base. 2 Our ap-
proach is general and can be used for predicates with any number
of arguments. However to be able to compare our results with other

2The predicates are chosen randomly under the condition that
they should be mutually exclusive.

related work, we have tested OpenEval only on the predicates with
one and two arguments. Table 1 lists all of the categories in the
leftmost column, and Table 2 lists all the relations in the leftmost
column. For each predicate, 15-25 positive seed examples are pro-
vided as an input to the OpenEval. OpenEval is trained and tested
separately on each set of the predicates with one and two arguments.
We have used Support Vector Machines (SVM) as the classification
technique in OpenEval.

To evaluate OpenEval, 30 random positive instances are chosen
for each of the input predicates from Wikipedia.org. Wikipedia
contains a set of webpages that have listed instances of different
categories and relations (e.g., http://en.wikipedia.org/
wiki/List_of_academic_disciplines). Each positive
test example for one of the predicates is considered as a negative
test example for the other predicates since all the predicates are mu-
tually exclusive.

We have compared our technique to both NELL and PMI using
standard performance metrics of precision, recall, and F1. NELL
extracts instances of categories and relations that are defined in its
ontology from a large Web corpus that contains 500 million web-
pages (the ClueWeb09 corpus) [1]. Given an instance ip of predicate
p, we can simply use NELL to check if ip is an instance of p. This
can be done by checking if ip exists in the NELL’s Knowledge Base
(KB) as an instance of predicate p. We have used NELL’s KB that
is built from 196 iterations. Another baseline for our comparison is
PMI technique. Given a predicate p and a predicate instance ip, the
PMI score is calculated as described in [6]. The thresholds for both
PMI and OpenEval techniques are calculated using the the same
technique that is explained in Section 3.4.

4.2 Experimental Results
Tables 1 and 2 show the Precision (Pr), Recall (Re) and F1 score
(F1) of PMI, NELL, and OpenEval for predicates with one argument
(i.e., categories) and predicates with two arguments (i.e., relations).
The predicates are randomly chosen from NELL’s ontology. The
experiments are obtained when OpenEval uses 56 webpages (i.e.,
N = 56) for the training and 8 webpages (i.e., N = 8) for the
evaluation. The first column shows the predicates that are used in
the experiments. Across all the predicates, we can see that OpenEval
has achieved the best average F1 score (48% for categories and 45%
for relations).

Comparing the result of NELL and OpenEval, it can be seen that
performance of both NELL and OpenEval are almost the same for
the categories. NELL and OpenEval have achieved average F1 score
of 43% and 48% while the F1 score of PMI is 13%. NELL’s accu-
racy for relations is significantly less compared to categories. Carl-
son et al. [1] have also stated that NELL’s performance is signifi-
cantly better for categories compared to relations. Comparing the
average F1 score of OpenEval, NELL, and PMI on relations, it can
be seen that accuracy of OpenEval is about 2.5 times higher than
both NELL and PMI.

5 Conclusion
This paper introduced OpenEval, a novel information extraction ap-
proach that is able to automatically evaluate correctness of a pred-
icate instance. OpenEval can be used to validate information that
extracted by IE systems or to validate a candidate answer that is ex-
tracted by a QA system. We described two main components of
OpenEval in detail: learning and evaluation, and experimentally
showed that OpenEval massively outperforms the PMI technique.
We also compared the result of our system to NELL’s KB. Com-
parison of the average F1 score of NELL and OpenEval shows that
OpenEval outperforms NELL on predicates with two arguments at
least by a factor of six. Both NELL and OpenEval have achieved



Predicate PMI NELL OpenEval
Name Pr(%) Re(%) F1(%) Pr(%) Re(%) F1(%) Pr(%) Re(%) F1(%)
Academic Field 14 37 21 100 20 33 26 47 33
Animal 5 100 9 100 77 87 22 57 32
Board Game 5 100 9 86 20 32 49 60 54
Emotion 12 70 20 97 93 95 19 67 29
Furniture 8 13 10 100 60 75 38 50 43
Geometric Shape 5 100 9 100 17 29 63 50 56
Sports Equipment 31 13 19 100 5 9 43 20 27
Ethnic Group 10 13 12 100 17 29 23 73 35
ML Algorithm 14 13 14 100 30 46 33 33 33
Religion 5 100 9 100 27 42 66 46 54
Protein 100 13 24 93 47 62 85 77 81
Programming Language 5 100 9 100 5 9 16 57 25
Musician 71 17 27 100 13 24 61 73 67
Scientist 5 100 9 100 5 9 29 63 40
Park 5 100 9 100 27 42 36 67 47
Mountain 5 100 9 100 47 64 53 60 56
Food 5 100 9 100 7 13 62 77 69
Film Festival 5 100 9 100 40 57 69 97 81
Building Material 12 17 14 100 5 9 33 50 39
Disease 67 7 12 100 50 67 50 60 55
Model 5 100 9 100 50 67 57 67 62
Average 19 63 13 99 31 43 44 60 48

Table 1: The performance (F1, precision, recall) of PMI, NELL, and OpenEval techniques for predicates with one argument.

Predicate PMI NELL OpenEval
Name Pr(%) Re(%) F1(%) Pr(%) Re(%) F1(%) Pr(%) Re(%) F1(%)
Language of Country 31 13 19 100 33 50 29 53 38
Musician Plays Instrument 7 80 13 100 3 6 39 30 34
Company’s Office In City 6 93 11 0 0 0 13 13 13
Country Currency 21 23 22 0 0 0 70 70 70
Team Plays Sport 10 83 17 100 40 57 32 73 44
Company Produces Product 8 53 15 0 0 0 30 50 38
Sport Uses Equipment 9 66 16 0 0 0 46 45 46
Airport In City 6 100 12 100 16 28 71 48 58
Politician US Holds Office 6 100 11 0 0 0 33 40 36
Park In City 6 93 12 66 7 13 63 40 49
Stadium Located In City 6 80 11 100 10 18 38 57 45
Museum In City 6 100 12 100 3 6 75 50 60
Aquarium In City 7 83 13 0 0 0 45 43 44
Person Born In City 7 77 12 0 0 0 45 17 24
Team Plays In League 8 93 15 100 100 100 54 47 50
Body part Contains Body part 7 90 12 0 0 0 58 47 52
Drug Has Side Effect 6 100 11 100 13 23 64 53 58
Average 9 78 14 51 13 18 47 46 45

Table 2: The performance (F1, precision, recall) of PMI, NELL, and OpenEval techniques for predicates with two arguments.

almost the same results on predicates with one argument. OpenEval
is a general technique, easy to implement, and has relatively low
training time.
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Abstract

We present a new methodology for modeling
and predicting future events through machine
learning and data mining techniques from tex-
tual data. Modeled events span across varied
domains including politics, economy and soci-
ety. The model employs human-style predic-
tion techniques such as causality inference, gen-
eralization and projection based on past expe-
rience. For this purpose, we use news archives
that date back 150 years as a vast source of text
representing “past-experiences” and inference
patterns. Empirical evaluation on real news ar-
ticles shows that the ability of our algorithm to
predict future events is similar to that of hu-
mans.

1 Introduction
Predicting events in politics, economics, society, etc.
is an intriguing task that is usually performed by hu-
man experts possessing extensive domain-specific and
common-sense knowledge. Much of the causal knowl-
edge that helps humans understand the world is found
in texts, that expresses people’s beliefs. Understand-
ing causality and the ability to predict are fundamental
capabilities of intelligent behavior and are essential for
decision making and other human common-sense reason-
ing, such as question-answering.

Psychological studies [Kahneman and Tversky, 1973]
provide evidence that humans are good at certain types
of event predictions – especially as they base on their
lifetime knowledge about how the world behaves. They
posses wide common-sense knowledge about how the
world is now, how it was before, what happens after
an action, and which event causes another.

Can we endow a machine with such rich capabilities to
allow it to predict events? Specifically, can we obtain all
this expertise which humans are exposed to throughout
their lifetime experience? The World Wide Web encap-
sulates much of our humans knowledge. It treasures in-
formation about historical events through news archives
and encyclopedias. It has dynamic updates about cur-
rent events through online news papers updating every

minute. On top of all the past and current human his-
tory, the web has many common sense ontologies that
can be utilized to extract causality patterns and gener-
alize events. This knowledge can serve as the basis for
performing true human-like prediction – with the abil-
ity to learn, understand language, possess intuitions and
general world knowledge.

Although some works dealt with entity and relation
extraction [Carlson et al., 2010], including causal extrac-
tion specifically [Chan and Lam, 2005], and temporal
information extraction [Ling and Weld, 2010] from the
web, to the best of our knowledge, none have dealt with
causality prediction. Other related works deal with in-
formation overflow – a somehow related work is [Shahaf
and Guestrin, 2010] which, given two news articles, pro-
vides a coherent small number of news items that con-
nects them. In our work we receive an event and predict
its effect.

Time and time again we can draw parallels from what
is happening today, to historical examples in the past.
And although it is impossible for history to repeat itself
exactly, there are indeed recurring themes and patterns,
in the historical time line of mankind. Therefore, finding
similar occurrences in the past, and observing what they
caused, might give us great insight on the present. In-
terestingly, psychological studies ([Kahneman and Tver-
sky, 1973]) show that people also predict by similarity.
We present a new methodology for predicting events us-
ing a learning algorithm, which given an event repre-
sented in natural language, predicts a future event it can
cause. We first introduce a method for event representa-
tion inspired by Kim’s (1993) property exemplification
of events theory and Schank’s (1972) conceptual depen-
dency theory. We then present a prediction algorithm,
that uses world knowledge to generalize the events it
was trained on in the past. During prediction, when
presented with a never-seen-before event, it matches the
event to a similar generalized or specific event in the past.
It then projects the present event to a predicted future
event, using a cause-effect clause pattern it learnt during
training. For example, given a present event “elections
in Tehran”, and a matched past causality of “elections in
Baghdad” caused “protests in Iraq”, the algorithm will
output “protests in Iran” rather than the naive output



of “protests in Iraq”.
For training the algorithm, we have created a graph of

300 millions fact nodes connected by more than one bil-
lion edges. Temporal data expressing causality was ob-
tained mainly from the New-York-Times archives (dat-
ing back to 1851). We applied semantic natural lan-
guage modeling techniques on the textual data, creating
a structured representation of the knowledge.

We present an empirical framework for evaluating the
performance of the algorithms. Given a set of events
extracted from the 2010 news, humans were asked to
indicate what they believe would happen as a result of
these events. Given the human predictions and the algo-
rithm predictions of those events, we asked an additional
group to conclude which predictions seemed more logi-
cal. The results suggest that the ability of the algorithm
to predict future events is at least as good as the human
ability to predict.

To gain some intuition about the type of predictions
the algorithm issues we present here two examples. The
algorithm, given the event “Magnitude 6.5 earthquake
rocks the Solomon Islands”, predicted that “Tsunami-
warning will be issued in the Pacific Ocean”. It learnt
this based on past examples it was trained on, one of
which was “Tsunami warning issued for Indian-Ocean”
after “7.6 earthquake strikes island near India”. The
predictive template inferred by the algorithm was: if an
earthquake occurs next to an Island, a tsunami warning
will be issued for its nearest ocean. An additional ex-
ample of a prediction issued by the algorithm, is given
the event “Cocaine found at Kennedy Space Center”,
it outputted the following predictions: “few people will
be arrested”, as the past event “police found cocaine in
lab” caused the event “2 people arrested”. As can be
seen from the examples, not all of the predicted events
will really take place in reality. However, most people
will agree that they do seem logical.

The main contributions of this paper are threefold:
First, we present a method of modeling events and con-
struct the world’s largest causality graph, using novel
causality mining techniques and data sources. Second,
we present a novel method for prediction of general fu-
ture events using their patterns in the past. Finally, we
present a new architecture design for mining events, and
a testing methodology for evaluating news prediction al-
gorithms, and evaluate our algorithms.

2 Problem Definition
In this section we discuss the event-causality inference
problem.

2.1 Event Representation
One of the theories to discuss how an event should be
represented is Kim’s Property Exemplification of Events
theory [Kim, 1993]. Kim’s discussion starts with the as-
sumption of the availability of a set of entities O. These
entities represent physical and abstract objects in the
real world: people, instances, and types. Our repre-
sentation of events complies with this theory, which, in

broad strokes, states that events are structured and de-
fined by a triplet [O,P, t]: (1) An object or several ob-
jects (Oi ⊆ O); (2) a relation or property (P ⊆ O ×O),
and (3) a time interval (t).

Kim’s theory provides a hight-level view on events.
To enhance the structure representation of an event we
turn to Conceptual Dependency (CD) [Schank, 1972]
theory. Inspired by this this theory, we further structure
the event to have roles in addition to the property rela-
tion. Each event will be composed of a temporal action
or state that the event’s objects exhibit (P ), the actor
that conducted the action, the object on which the action
was performed, the instrument the action was conducted
with, and the location of the event. Formally, it is rep-
resented as an ordered set e = 〈P,O1, . . . , O4, t〉, where
P is the action, Oi ⊆ 2O and t is a time-stamp . For
example, the event “The U.S army destroyed a ware-
house in Iraq with explosives”, which occurred on Oc-
tober 2004, is modeled as: Destroy (Action); U.S Army
(Actor); warehouse (Object); explosives (Instrument);
Iraq (Location); October 2004(Time).

2.2 Learning Problem Definition

We treat causality inference as a learning problem. Let
Ev be the set of events as described above. The goal
concept is a set of ordered-pairs of events that share a
causality relation among them: Gc = {〈ei, ej〉|ei, ej ∈
Ev}, where ei is an event causing ej . Given training
examples T ⊆ Gc, the algorithm produces a predictor
h : Ev → Ev based on these examples. The predictor
can then be applied on a new event ei ∈ Ev to output
an element in the goal concept 〈ei, ej〉 ∈ Gc.

2.3 Generalizations

The goal of learning is to generalize the training exam-
ples supplied, in order to be able to handle never seen
new examples. The learning examples are composed of
events, which in turn are composed of two main com-
ponents – the objects and the properties that they hold
at the time of the event. In this section we present how
both components of the event can be generalized.

Generalizing Objects

A common practice is to map an object o ∈ O to a
concept c ∈ C. To allow generalization of the objects
we assume the availability of a concept graph over those
concepts. Formally, we assume a concept graph GO =
(V,E), where V ⊆ 2O. We also assume a labeling on the
edges that represents the relation between the objects.

Generalizing Properties

In order to generalize the actions in the events we adopt
the Conceptual Dependency (CD) paradigm of actions
groups [Schank, 1972]. In this theory, Schank discusses
how to map each action to 11 classes of actions, such
as: move, PTrans, speak, Mbuild etc. This enables us to
classify the event property P to higher action classes.



2.4 Hypothesis Space

We define an event Gen(e) = e′ = 〈P ′, O′1, . . . , O′4, t〉 to
be a generalization of an event e = 〈P,O1, . . . , O4, t〉, if
there exists a path in the graph Go between Oi to O′i
and if P ′ and P belong to the same class of actions.
The hypothesis space is the set of all possible predictors
h : Ev → Ev. The hypothesis in our learning scheme is a
generalized pair of events: 〈Gen(ei), Gen(ej)〉, ei ∈ Ev.

3 The Prediction Algorithm
In this section we present a learning algorithm that
learns how to generalize from past events in order to
produce a predictor h, that given a present event can
predict its effect. The solution builds on the case-based
reasoning (CBR) framework [Aamodt and Plaza, 1994].
Given training examples and a new instance, this frame-
work is described by 4 main stages: retrieving stored
training examples most similar to the new instance (re-
trieving), combining the matched training instance with
the new instance to produce a new solution(reusing), up-
dating the stored instances (revising), and finally adding
the new instance to the stored examples (retaining). In
this work we implement the first two stages.

Retrieving Stage In order to define the similarity
of two events, we first define the Events Edit Dis-
tance de. Let ei = 〈P i, Oi1, . . . , Oi4, ti〉 and ej =

〈P j , Oj1, . . . , O
j
4, t

j〉 be two events. Let Guo and Gup be
the undirected versions of the objects graph Go and the
action graph Gp respectively 1. We define de(ei, ej) =

distGu
p
(P i, P j)+

∑
k distGu

o
(Oik, O

j
k), where, distG is the

length of the shortest path among all paths in G.
Given a new event ei, the algorithm retrieves the

top most similar events S = {〈e, em〉 ∈ T} by de.
Those matched events are then generalized: Gen(S) =
{〈e1, e2〉|∃e, em ∈ Ev : 〈e, em〉 ∈ S, e1 ∈ Gen(e), e2 ∈
Gen(em)}. We define specificity weight of an event to
be ξ(e) = |{〈e, ej〉 ∈ S

⋃
Gen(S)|e, ej ∈ Ev}|, rep-

resenting the variance in the effects of the event e,
and a support score ϑ(〈e′i, e′j〉) = |{〈ei, ej〉 ∈ S|e′i ∈
Gen(ei), e

′
j ∈ Gen(ej)}, which indicates how many

supportive evidence in the examples we have for this
event pair or generalized event pair. The final sim-
ilarity measurement of two events is: Sim(ei, ej) =
maxem,〈ei,em〉∈Gen(S)ϑ(ei,em)·de(ei,ej)

ξ(ei)
. In principal, we pre-

fer matched events or generalized events which had many
examples in the training (support) and cause little spe-
cific events (i.e. were not generalized too much). We
apply the described distance on the cause events in
S
⋃
Gen(S), retrieving the top most similar events.

Reusing Stage Predicting the effects of the matched
events directly has some drawbacks. Assume an event
ei=”Earthquake hits Haiti“ occurred today, and during
retrieving, it was matched to the pair 〈“Earthquake hits

1
The actions are grouped into classes, but we treat it as a 2-level graph.

Turkey” , ”Red Cross help sent to Ankara“〉. Obviously,
predicting that Red Cross help will be sent to Ankara be-
cause of an earthquake in Haiti is not logical. We would
like to be able to generalize the past cause and effect
pair and learn a predicate clause that connects them, e.g.
for ”Earthquake hits [Country Name]“ yield ”Red Cross
help sent to [Capital of Country]“. During the reusing
stage, such a clause will be applied to the present event
ei producing its effect with regard to ei. In our example,
the logical predicate clause would be CapitalOf, as Cap-
italOf(Turkey)= Ankara. When applied on the current
event ei: CapitalOf(Haiti) = Port-au-Prince, the output
will now be ”Red Cross help sent to Port-au-Prince”.
Notice that the application of the clauses can only be
applied on certain types of objects – in our case, coun-
tries. The clauses can be of any length, e.g., 〈“suspect ar-
rested in Brooklyn”, “Bloomberg declares emergency”〉
produces the clause Mayor(BoroughOf(x)), as Brooklyn
is a borough of New York, whose mayor is Bloomberg.

We will now show how to learn such clauses, and how
they should be applied. Recall that the graph GO is an
edge-labeled graph, where each edge is a triplet 〈v1, v2, l〉,
where l is a predicate (e.g. “CapitalOf”). The learning
procedure is divided to 3 main steps: First, finding an
undirected path pi of length at most k in GO between
the objects of the cause event to the effect event; Second,
constructing a clause using the labels of the path pi as
the predicates. We call this the predicate projection of
size k , pred = l1, . . . , lk from an event ei to an event
ej . Finally, the projection is applied to the new event
e = 〈P i, O1, . . . , O4, t〉 by finding an undirected path in
GO from Oi with the labels of pred. The projection
results are all the objects in the vertex reached. For-
mally, pred can be applied if ∃V0 : O ⊆ V0,∃V1 . . . Vk :
(V0, V1, l1), . . . (Vk−1, Vk, lk) ∈ Edges(GuO). The projec-
tion results are all the objects o ∈ Vk.

4 Mining Causality

In the previous section we present a high-level algorithm
that requires training examples T , knowledge about en-
tities GO, and events’ action classes P . One of the main
challenges of this work was to build a scalable system to
obtain those requirements.

We present a system that mines news sources to ex-
tract events, constructs their canonical semantic model,
and builds a causality graph on top of those events. The
system crawled, for more than 4 months, several dynamic
information sources, the main one being the New-York-
Times archives (which on part of the data optical char-
acter recognition (OCR) was performed), gathering data
of more than 150 years (1851− 2009).

For generalization of the objects, the system auto-
matically reads web content and extracts world knowl-
edge. The knowledge was mined from structured and
semi-structured publicly available information reposi-
tory. The causality graph building was distributed over
20 machines, using a Map-Reduce framework. This pro-
cess efficiently unites different sources, extracts events,



and disambiguates entities. The resulting causality
graph is composed of over 300 million entity nodes, one
billion static edges and over 7 million causality edges.

On top of the causality graph, a search and indexing
infrastructure was built to enable search over millions
of documents. This highly scalable index allows a fast
walk on the graph of events, enabling efficient inference
capabilities during the reusing phase of the algorithm.

4.1 World knowledge mining

The entity graph Go is composed of concepts
from Wikipedia, ConceptNet[Liu and Singh, 2004],
WordNet[Miller, 1995], Yago[Suchanek et al., 2007], and
OpenCyc. The concepts are interlinked using Linked-
Data cloud (e.g., DBpedia). The billion labeled edges of
the graph Go are the predicates of those ontologies.

4.2 Causality events mining and extraction

Our supervised learning algorithm requires many learn-
ing examples to be able to generalize well. As the
amount of temporal data is extremely large, spanning
over millions of articles, the goal of getting human anno-
tated examples becomes impossible. We therefore pro-
vide an automatic procedure to extract labeled examples
for learning causality from dynamic content. Specifically
in this work, we used the New-York-Times archives for
the years 1851 − 2009, WikiNews and BBC – over 13
million articles in total.

The system mines unstructured natural language text,
found in the dynamic web content, and searches for
causal grammatical patterns. We construct those pat-
terns using causality connectors [Wolff et al., 2002;
Levin and Hovav, 1994]. The connectors are divided
to three groups: causal connectives (e.g. because, af-
ter), causal prepositions (e.g. due to, because of) and
periphrastic causative verbs (e.g. cause, lead to). We
constructed a set of rules for extracting a causality
pair. Each rule is structured as: 〈Pattern, Constraint,
Priority〉, where Pattern is a regular expression contain-
ing a causality connector, Constraint is a syntactic con-
straint on the sentence on which the pattern can be ap-
plied, and Priority is the priority of the rule if several
rules can be matched. For example, for the causality
connector “after”, the pattern “After [sentence1], [sen-
tence2]” is used, with the constraint that [sentence1] can-
not start with a number. This pattern can match the
sentence “after Afghan vote, complaints of fraud surface”
but will not match the sentence “after 10 years in lans-
ing, state lawmaker Tom George returns”. An additional
pattern example is “[sentence1] as [sentence2]” with the
constraint of [sentence2] having a verb. Using the con-
straint, the pattern can match the sentence “Nokia to
cut jobs as it tries to catch up to rivals” is matched, but
not the sentence “civil rights photographer unmasked as
informer”. The result of a rule application is a pair of
sentences – one tagged as a cause, and one tagged as an
effect.

Given an extracted natural-language sentence, repre-
senting an event (either during learning or prediction),

the following procedure transforms it into a structured
event:

1. Root forms of inflected words are extracted us-
ing a morphological analyzer derived from WordNet
[Miller, 1995] stemmer. For example, in the article
title from 10/02/2010: “U.S. attacks kill 17 mil-
itants in Pakistan”, the words “attacks”, “killed”
and “militants” are transformed to “attack”, “kill”
and “militant” respectively.

2. Part-Of-Speech tagging ([Marneffe et al., 2006]) is
performed, and the verb is identified. The class of
the verb is identified using the VerbNet vocabulary
[Hoa Trang Dang and Rosenzweig, 1998], e.g., kill
belongs to P =murder class.

3. A syntactic template matching the verb is applied to
extract the semantic relations and thus the roles of
the words. Those templates are based on VerbNet,
which supplies for each verb class a set of syntac-
tic templates. These templates match the syntax
to the thematic roles of the entities in the sentence.
We match the templates even if they are not contin-
uous in the sentence tree. This allows the match of
a sentence even where there is an auxiliary verb be-
tween the subject and the main transitive verb. In
our example, the template is “NP1 V NP2” which
transforms NP1 to “Agent”, and NP2 to “Patient”.
Therefore, we match U.S. attacks to be the Actor,
and the militant to be the Patient . If no template
can be matched, the sentence is transformed into
a typed-dependency graph of grammatical relations
[Marneffe et al., 2006]. In the example, U.S. attacks
is identified as the subject of the sentence (candi-
date for Actor), militants as the object (candidate
for Patient), and Pakistan as the preposition (can-
didate for Location or Instrument, based on heuris-
tics, e.g., locations lexicons). Using this analysis,
we identify that the Location is Pakistan.

4. Each word in Oi is mapped to a Wikipedia-based
concept. If a word matches more than one concept,
we perform disambiguation by computing the cosine
similarity between the body of the news article and
the body of the Wikipedia article associated with
the concept: e.g., U.S was matched to several con-
cepts, such as: United States, University of Salford,
and Us (Brother Ali album). The most similar by
content was United States Wikipedia concept.

5. The time of the event t is the time of the publication
of the article in the news, e.g., t =10/02/2010.

In our example, the final result is the event e = 〈Murder-
Class, United States Of America, Militant, NULL ,Pak-
istan, 10/02/2010〉 .

In many cases additional heuristics were needed in or-
der to deal with the briefness in news language, e.g:

1. Missing Context – In “McDonald’s recalls glasses
due to Cadmium traces”, the extracted event “Cad-
mium traces” needs additional context – “Cadmium
traces [in McDonald’s glasses]”. Heuristically, if an



object is missing, the first sentence ([sentence1])
subject is used.

2. Missing entities and verbs – the text “22 dead”
should be structured to the event “22 [people] [are]
dead”. Heuristically, if a number appears as the
subject, the word people is added and used as the
subject, and “be” is added as the verb.

3. Anaphora resolution – the text “boy hangs him-
self after he sees reports of Hussein’s execution” is
modeled as “[boy1] sees reports of Hussein’s execu-
tion” causes “[boy1] hangs [boy1]” [Lappin and Le-
ass, 1994].

4. Negation – the text “Matsui is still playing de-
spite his struggles” should be modeled as: “[Matsui]
struggles” causes the event “Matsui is [not] play-
ing”. Modeling preventive connectors (e.g., despite)
requires negation of the modeled event.

5 Empirical Evaluation
A variety of experiments were conducted to test the per-
formance and behavior of our algorithm.

5.1 Methodology
We implemented the algorithms described above and
evaluated their performance. The prediction algorithm
was trained using news articles from the period 1851 −
2009. The web resources snapshots mentioned in Sec-
tion 4 dated until 2009. The evaluation is performed on
separate data – Wikinews articles from the year 2010.
We refer to this data as the test data. The evaluation
procedure is divided to the following steps:

1. Event identification – our algorithm assumes that
the input to the predictor h is an event. To find
news titles that represent an event, we randomly
sample n headlines from the test data. For each
headline a human is requested to decide whether the
headline is an event which can cause other events.
We denote the set of headlines labeled as event as
E. We again randomly sample k titles from E. We
denote this group as C.

2. Algorithm event prediction – we run our algorithm
on each event title ci ∈ C. The algorithm performs
event extraction from the headline, and produces an
event eai with the highest score of being caused by
the event represented by ci. The result of this stage
are the pairs: {(ci, eai )|ci ∈ C}.

3. Human event prediction – we present a human with
an event title ci ∈ C, asking what this event might
cause. We denote the human result as ehi . The hu-
man is requested to provide the answer in a struc-
tured manner (as our algorithm produces). The re-
sult of this stage are the pairs: {(ci, ehi )|ci ∈ C}.

4. Human evaluation of the results – Present m people
with a triplet (ci, e

h
i , e

a
i ). We ask to evaluate the

precision of the pair: (ci, e
h
i ) and the precision of

(ci, e
a
i ), on a scale of 0-4 (0 is a highly impossible

prediction and 4 is a highly possible prediction).

[0-1) [1-2) [2-3) [3-4] Average Average

Ranking Accuracy

Algorithm 0 2 19 29 3.08 77%
Humans 0 3 24 23 2.86 72%

Table 1: The histogram of the rankings of the users for both
human and algorithm predictions.

Human evaluation was conducted using Amazon Me-
chanical Turk, an emerging utility for performing user
study evaluations, which was shown to be very precise
for certain tasks [Kittur et al., 2008]. During the evalu-
ation, tasks are created by routing a question to random
users and obtaining their answers.

5.2 Results

We performed the above mentioned experiments, with
the values n = 1500, k = 50,m = 10. The algorithm
average prediction precision was 3.08/4 (3 is a “possible
prediction”), and the human prediction average preci-
sion was 2.86/4. For each event, we average the results
of the m rankers, producing an averaged score for the al-
gorithm performance on the event, and an averaged score
for the human prediction (see Table 1). We performed
a paired t-test on the k paired scores. The advantage of
the algorithm over the humans was found to be statis-
tically significant with p < 0.05. We can conclude now
that the ability of the algorithm to predict future events
is at least as good as the human ability to predict.

We now present qualitative analysis of the results to
have a better understanding of the algorithm strength
and weaknesses. Given the event “Louisiana flood” the
algorithm predicted that [number] people will flee. The
prediction was based on the following past news arti-
cles: Residents of Florida flee storm and Hiltons; 150000
flee as hurricane nears north Carolina coast; a million
flee as huge storm hits Texas coast; Thousands in Texas
flee hurricane Ike; thousands flee as storm whips coast
of Florida; at least 1000 flee flooding in Florida. The
past events were generalized to the causality pair of
“[Weather hazards] at [States of the Southern United
States]” cause “[number] of people to flee”. During the
prediction, the event “Louisiana flood” (which did not
occur in the training examples) was found most similar
to the above generalized causality pair.

As another example, given the event “6.1 magnitude
aftershock earthquake hits Haiti”, it outputted the fol-
lowing predictions: “[number] people will be dead”,
“[number] people will be missing”, “[number] magnitude
aftershock earthquake will strike island near Haiti” and
“earthquake will turn to United States Virgin Islands”.
While the first 3 predictions seem very reasonable, the
fourth one is problematic. The rule the system learnt in
this case is – natural disasters that hit countries next to
a shore tend to affect near by countries. In our case it
predicted that the earthquake will affect United States
Virgin Islands, which are geographically close to Haiti.
However, the prediction “earthquake will turn to United
States Virgin Islands” is not very realistic as an earth-



Event Human-predicted event Algorithm-
predicted event

Al-Qaida demands
hostage exchange

Al-Qaida exchanges hostage A country will
refuse the de-
mand

Volcano erupts in
Democratic Republic
of Congo

Scientists in Republic of
Congo investigate lava beds

Thousands of
people flee from
Congo

7.0 magnitude earth-
quake strikes Haitian
coast

Tsunami in Haiti affects
coast

Tsunami-warning
is issued

2 Palestinians report-
edly shot dead by Is-
raeli troops

Israeli citizens protest
against Palestinian leaders

War will be
waged

Professor of Tehran
University killed in
bombing

Tehran students remember
slain professor in memorial
service

Professor funeral
will be held

Alleged drug kingpin
arrested in Mexico

Mafia kills people with guns
in town

Kingpin will be
sent to prison

UK bans Islamist
group

Islamist group would adopt
another name in the UK

Group will grow

China overtakes
Germany as world’s
biggest exporter

German officials suspend
tariffs

Wheat price will
fall

Table 2: Human and algorithm predictions for events.

quake cannot change its course. It was created based on
a match with a past example of a tornado hitting a coun-
try on a coast. The reason for that is the sparsity of the
training. Both are natural disasters, and there were no
negative examples or enough positive examples to sup-
port this distinction. However, we still find this example
interesting, as it issues a prediction using spatial locality
(United States Virgin Islands are [near] Haiti). Another
example of the same problem is the prediction: 〈 light-
ning kills 5 people, lightening will be arrested〉, which
was predicted based on training examples in which peo-
ple who killed other people got arrested.

Additional 8 examples out of the 50 in the test and
their predictions can be seen in Table 2.

6 Conclusions

We presented a method for representing events based
on previous philosophical contribution. We introduced
a novel case-based reasoning algorithm for predicting
causality relations between events. Our prediction al-
gorithm uses an extensive knowledge base which was au-
tomatically constructed using information mined from
large amount of text. We presented the data mining and
natural language techniques to transform the raw data of
over 150 years of history archives into a structured rep-
resentation of events, using a mined web-based object
hierarchy and action classes. Our experimental evalua-
tion showed that the predictions of the algorithm are at
least as good as those of humans.

We believe that our work is one of the first to harness
the vast amount of information available on the web to
perform prediction that is general purpose, knowledge
based, and human like.
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