NORTHWESTERN
UNIVERSITY

Electrical Engineering and Computer Science Department

Technical Report
NWU-EECS-09-17
July 30, 2009

A Pragmatic Approach to Computational Narrative Understanding

Emmett Tomai
Abstract

Narrative understanding is a hard problem for artificial intelligence that requires deep semantic understanding of
natural language and broad world knowledge. Early research in this area stalled due to the difficulty of knowledge
engineering and a trend the field towards robustness at the expense of depth. This work explores how a practical
integration of more recent resources and theories for natural language understanding can perform deep semantic
interpretation of narratives when guided by spegiiiagmatic constraints. It shows haegnitive modelsan

provide pragmatic context for narrative understanding in terms ofdeélied reasoning tasks, and how those tasks

can be used to guide interpretation and evaluate understantivig.work presentan implemented system, EA

NLU, which has been used to interpret narrative text input to cognitive modeling simulations. EA NLU integrates
existing largescale knowledge resources with a controlled grammar and a compositional semantic interpretation
process to generate highly expressive logical representations of sentences. Delayed disambiguation and
representations from dynamic logic are used to separate this compositional process frordaeurediscourse
interpretation process that is guided bygpnatic concerns and uses world knowledge. By isolating explicit points

of ambiguity and usindimited evidential abductignthis querydriven process can automatically identify the
disambiguation choices that entail relevant interpretations. This wawsshow this approach maintains
computational tractability without sacrificing expressive power. EA NLU is evaluated through a series of
experiments with two cognitive models, showing that it is capable of meeting the deep reasoning requirements those
mockls pose, and that the constraints provided by the models can effectively guide the interpretation process. By
enforcing consistent interpretation principles, EA NLU benefits the cognitive modeling experiments by reducing the
opportunities for tailoringhte input. This work also explores the use of a theorpaifrative functionsas a heuristic

guide to interpretation in EA NLU. In contrast to potentially global-ssécific queries, these narrative functions

can be inferred on a sentermgsentence bas providing incremental disambiguation. This method is evaluated by
interpreting a set of Aesopb6s fables, and showing that
of each fable.

Keywords: Pragmatics, aturallanguage understanding, knowledge representation, abduction,
narrative



NORTHWESTERN UNIVERSITY

A Pragmatic Approach to Computational Narrative Understanding

A DISSERTATION

SUBMITTED TO THE GRADUATE SCHOOL
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS

for the degree

DOCTOR OF PHILOSOPHY

Field of Computer Science

By

EmmettRussellTomai

EVANSTON, ILLINOIS

December 2009



© Copyright by EmmetRussellTomai 2009
All Rights Reserved



ABSTRACT
A Pragmatic Approach to Computational Narrative Understanding

EmmettRussellTomai

Narrative understanding is a hard problem for artificial intelligence that requires deep semantic

understanding of natural language and broad world knowledge. Early research in this area
stalled due to the difficulty of knowledge engineering and a tneride field towards robustness

at the expense of depth. This work explores how a practical integration of more recent resources
and theories for natural language understanding can perform deep semantic interpretation of
narratives when guided by specificagmatic constraints. It shows h@egnitive modelsan

provide pragmatic context for narrative understanding in terms ofdeéhed reasoning tasks,

and how those tasks can be used to guide interpretation and evaluate understanding.

This work presentan implemented system, EA NLU, which has been used to interpret narrative
text input to cognitive modeling simulations. EA NLU integrates existing 1acgée knowledge
resources with a controlled grammar and a compositional semantic interpretatioss pimce
generate highly expressive logical representations of sentences. Delayed disambiguation and
representations from dynamic logic are used to separate this compositional process from a query
driven discourse interpretation process that is guided byn@atic concerns and uses world
knowledge. By isolating explicit points of ambiguity and udingted evidential abductiqrthis
guerydriven process can automatically identify the disambiguation choices that entail relevant
interpretations. This work skwvs how this approach maintains computational tractability without
sacrificing expressive power. EA NLU is evaluated through a series of experiments with two

cognitive models, showing that it is capable of meeting the deep reasoning requirements those
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models pose, and that the constraints provided by the models can effectively guide the
interpretation process. By enforcing consistent interpretation principles, EA NLU benefits the

cognitive modeling experiments by reducing the opportunities for taildmmgput.

This work also explores the use of a theorynafrative functionsas a heuristic guide to
interpretation in EA NLU. In contrast to potentially global taglecific queries, these narrative
functions can be inferred on a sentebgesentence bas providing incremental disambiguation.
Thi s met hod i s evaluated by i nterpreting

interpretations are sufficient to capture the intended lesson of each fable.
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1. Introduction

Narrative is a fundamental form of human linguistic communication, where the narrator
describes a series of events in such a way that draws attention to the relationships between them.
The hearer is expected to infer a great deal more infamabout the story than is contained in

the explicit details provided. Early work in narrative understanding in the field of artificial
intelligence demonstrated the crucial role of world knowledge in this inferential process.
Charniakds modgl gaksanewe a(Bharnidk, 1672sduded that 6 s st
the interesting questions were not aboutgiven details in a story but all the things that could

be inferred from them. His work served to show specific knowledge required to answer such
guestions, giving a sense of the magnitude of the challenge. Work by Schank and his colleagues
at Yale in thdate 70s and early 8@€ullingford, 1978; DeJong, 1982; Schank & Ables®977;
Wilensky, 1978)proposed specific classes of knowledge structures and showed how they applied
to inferences about commonplace situations, causality, beliefs and intentions. This work was
influential, but the use of rich knowledge in language understanding largely ebsadpn the
research community due to concerns about the lack of robustness and scélahihigrt, 1994)

as well as the high knowledge engineering cost for applicable world knowledge.

The statistical revolution in natural language research shifted the focus almiosty towards

shallow, well defined phenomena such as parse trees, word sense disambiguation, entity
recognition and semantic role labeling. This has been successful in creating clear evaluations for
clear problems that focus the community and makenfeasurable progress. However, that
progress has been detached from the larger goal of language understanding, realizing the danger

of losing the forest for the trees. Not only are these tasks knowpengethey are generally
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disconnected from any mymatic context that might constrain or inform their processes. This
lack of context makes knowledge that much harder to apply to problems and can exacerbate the
perception that it cannot be done. In this environment, narrative understanding, witkl itsrnee

rich knowledge and deep semantics, has seen little attention.

In other fields such as linguistics, discourse psychology and philosophy there are a number of
broad theories of language uéksher & Lascarides, 2003; Gdgc 1975; Wilson & Sperber,
2004)and narrative understanditiGraesser, Singer, & Trabasso, 1994; Ryan, 1992; Trabasso,
Secco, & van den Broek, 198t)at stress the importance of world knowledge and pragmatic
context. However, they are either defined at such a high level that they provide little specific
formalism, or they present a welevdoped theoretical framework that has not been tested on
narratives beyond haratafted examples. Instead, they follow the vesitablished methodology

of demonstrating the capability to capture phenomena on example pairs of sentences considered
in isolation. This is an effective way to identify and begin to explore these phenomena, but there
have been few working efforts to move towards realizable computational models that address

real narratives.

| believe that it is important for the natural languagédfin artificial intelligence to expand our

view to encompass the entire task of language understanding. Human language competence is
just as dependent on deep semantics, pragmatics and world knowledge as it is on lexical
syntactic concerns. But whilke limits of shallow understanding are being thoroughly explored,

the impact of those highdevel factors is not. Likewise, in the heyday of deep understanding
research, the subtleties of lexisyintactic presentation (e.g. word choice, parallel suffaces,

repetition) were underappreciated. To bring them together | suggest that we place more value on
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research that addresses reasoning tasks that require world knowledge in a plausible, pragmatic
context with real linguistic artifacts. There have bseme such projects in the last few decades
in the field of | anguage un qJeAlentetah, 2007;d..F. Al |
Allenetal, 200) Hobbsd wor k on (Holebs, 1986k ncda | Wi d i eangsnkoysoi ss
on automating online helpNilensky et al., 2000)ntegrate world knowledge and pragmatic
concerns into language processing. In da@agthey point the field towards using the wealth of

shallow processing techniques for the actual goal of language understanding.

In this work, | apply this approach to the problem of narrative understanding. Rather than
creating input examples tailored particular phenomena, | address textual artifacts not created
for the purpose of this research. | study written stories in their entirety to avoid arbitrary
discourse segmentation anddkfined discourse context common in linguistic work. To provide

a welldefined context, | rely on taskiented models of narrative pragmatics. Understanding a
narrative in the most general sense is highly subjective and very difficult to model or evaluate.
However, there is no shortage of plausible, knowledde reasoning tasks, grounded in
narrative texts, which can be used to provide pragmatic context. This work demonstrates that it
is possible to bridge the gap from natural language to knowdeclyeeasoning tasks using
widely available resources and estalid approaches in a novel combination. | show that it can
accomplish novel, difficult inferential tasks over natural language narratives. Finally, | argue
that the research on the reasoning side is enhanced by grounding in language at the same time

thatthe research on the language side is enhanced by the context of the task.

1.1 Task-oriented models of narrative pragmatics
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In this dissertation | consider three models of novel reasoning tasks for narrative understanding.
Each reasoning task requires combgniexicalsyntactic processing with deep semantics and
world knowledge, and the model of each task defines a pragmatic account of understanding:
those factors found or inferred in the narrative that have an impact on the outcome of the

reasoning.

Two of these reasoning tasks are taken from researcbgnitive modeling The first involves

making judgments about the proper course of action in mdealgn tradeoff scenarios, while

the second involves assigning blame to agents in scenarios describmgntbkiement in a
negative outcome. Cognitive modeling is based on the hypothesis that cognitive processes can
be modeled as computation. Theses formal computational models of psychological theories
rigorously explore the details and assumptions ofehbgories and can be evaluated against
human performance. Many cognitive simulations are grounded in narrative texts, but due to the
lack of language understanding systems up to the task, those texts must be manually encoded by
experimenters in formal peesentations. This process is labdensive and error prone and

leads to the problem ddilorability, since the simulation authors (or people working closely with
them) do the encoding. Because they are based on psychological theories, thesee cognitiv
models give a very precise account of the factors in the text that impact reasoning. They also
inherit the context of those theories, including careful circumscription of prior knowledge and
pragmatic goals. This makes them a particularly attractimescbf reasoning tasks to be

integrated with language understanding.

The third reasoning task explores the notion ofnie@aningof a narrative. Taking the view that

narrative is an intentional communication, the narrator is assumed to have some Hiing ithée
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story which he or she believes is relevant to the audience. By social contract, the audience
expects to find one or more such relevant meanings in the narration. These meanings may or
may not be the same, and their similarity may be takeneameasure of the effectiveness of the
communication. To summarize the vast amounts of study on this topic, | will quote from the
notable narratol ogi st Prince who states, Aeur
summarize it and paraphrasénitcertain ways or to answer certain questions about its content; it
is also (and perhaps even more so) being able
(more or |l ess) gener al subject or utfosthits it 1 |
i poi (Ptinge, ®83)Prince goes on to describe the need to better understand the pragmatic
concerns thatleadtoinfenrig t hi s point, acknowledging that
and everything that seems to be pertinent to narrative and that we do not have very clear ideas
a b o (Printe, 1983) Some clarity about the pragmatic concerns of narrative can be gained
from Gricebds maxi ms, which a(®nce $978)and feointhe i nt en
work of Labov on how people tell personal stories. Labov suggests a functevaloftion
where thenarrator follows certain conventions to identify for the hearer the most significant
elements of the narratiykabov & Waletzky, 1966) In this work | explore the hypothesis that
an inferential task where the reader expects to infer elementasgdals, threats and outcomes
as well as contrasts, parallels and commentaries can serve as such an evaluative mechanism. By
performing this task, the reader heuristically disambiguates elements of the narrative and brings
attention to the likely meanisgoeing conveyed. | test the effectiveness of this by showing that

the system can match a set of fables to their morals.
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These tasks require an approach that accounts for deep semantics, world knowledge and
pragmatic goals to infer implicit content frommetsurface form of the input texts. To address this
challenge | propose a practical approach that makes necessary concessions to the complexity of

the problem without sacrificing those constraints.

1.2 Claims and contributions

The first contribution of thisidsertation is an implemented approach to language processing that
constructs deep, formal representations of narrative text which are suitable for pragmatically
driven, knowledge rich reasoning tasks. Specifically, these representations are 1) ira@ stand
logical form, 2) grounded in a larggeale ontology and 3) able to capture significant semantic
distinctions common in narrative text. The interpretation process is a novel integration of
existing techniques and resources that is guided by the piagmoaterns of the reasoning task.
Sentencdevel processing usesompositional framesemanticsto combine knowledge&ch
subcategorization framegFillmore, 2006) with a limited grammar and an optional user
intervention model. This efficiently generates highly expressive senrkevelerepresentations

that delay ambiguityesolution with explicichoice sets These representations are automatically
converted intadiscourse representation structurésamp & Reyle, 19930 support dynamic
discourse update and quedkiven reasoning at the discourse level. This allows task ptagma

to guide contextual interpretation, including disambiguation, usmited evidential abductian

| show that this approach is empirically viable despite relying on higiter predicate calculus

and abductive reasoning to gain expressive powdravé evaluated the implemented system,
Explanation Agent (EA) NLUWy showing that it is sufficient for three different reasoning tasks,

over five evaluations spanning four different sets of stories. This supports the claim that this
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approach to narrativenderstanding is broadly applicable and not tied to a particularly narrow

class of story or type of reasoning.

The second contribution of this dissertation is a theory of narrative pragmatics that defines a set

of reader expectations that can be used asuistic guide for understanding. | cast these
expectations as an inferential task that, unlike the more specific reasoning tasks | have studied,
allows abductive disambiguation to be done incrementally (i.e. sentence by sentence). | claim
that recogriing these expectations in this manner affords a sufficient understanding of some
norttrivial classes of meanings communicated in narratives. | have implemented this theory as a
pragmatic task for EA NLU and demonstrated a sufficient understanding ¢of a sef Aesop o

fables to identify the beshatch moral for each fable.

1.3 Organization

Due to the breadth of topics covered in this dissertation, each chapter contains a background and

a related work section.

Chapter 2 focuses on the practical EA NLU approauth immplementation. Background and
related work in platforms for knowledge&h reasoning and inferential language understanding
are given. This chapter provides evidence that the use of this system provides a consistent,

principled translation from natakrlanguage to formal representation.

Chapter 3 describes the use of EA NLU with two cognitive models, one for moral decision
making and one for the attribution of blame. Background and related work on the cognitive
models and other approaches to know&edch reasoning over text are given. Experiments with

moral dilemma scenarios, corporate program scenarios and Iranian folktales are presented. This
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chapter provides evidence that EA NLU and the practical language understanding approach are

sufficient b facilitate the use of natural language infautnovel reasoning tasks.

Chapter 4 describdsnited evidential abductioas a genergburpose reasoning mechanism for
combining the linguistic disambiguation task with general task models. Backgrounelaed r

work on abductive reasoning and its prior application to language understanding are given. An
experiment using abduction to automatically disambiguate the moral decision scenarios is
presented. This chapter provides evidence that limited eviabtaction is sufficient for the

disambiguation task and does not scale poorly with key complexity factors.

Chapter 5 describes a theory of narrative pragmatics that is used as a guide to incremental
abduction in a much more general understanding taskkdgsound and related work in narrative

theory and computational story understanding are given. An experiment using this theory to
identify appropriate morals for a set of Aes
evidence that narrative pragneat can capture a facet of understanding the meaning of a story,

and that the EA NLU system is capable of supporting such an investigation.

Chapter 6 summarizes the claims of this dissertation and discusses some future directions.
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2. Practical language undestanding in EA NLU

This chapter describes my practically motivated approach to language understanding and its
implementation in EA NLU. The constraints and goals of this approach are informed by the

challenge of facilitating natural language input to klemigerich reasoning tasks. In particular,

| focus on cognitive models which provide a clear task and a detailed account of understanding
necessary for that task. Cognitive modeling experiments provide a novel venue for natural

language work.

The foremos requirement for a semantic translation system seeking to support cognitive
modeling experiments is sufficiersemantic breadth A highlevel definition of semantic
breadth is what the system can understand: the number of distinct scenarios, expregseal in
language, which can be translated by the system into distinct formal representations suitable for
inference. However, this requires considerably more specification to be a useful implementation
goal, and cognitive models provide that. For amgmgmodel there are sets of input stimuli, and
within those sets there are salient similarities and differences that are hypothesized to result in
predictable variations in reasoning and/or response. For example, in the moral decision making
scenarios dicussed in detail in the next chapter, each scenario contains a choice to intervene or
not that is presented to the reader. One salient difference between the scenarios is the
agent/patient roles of the proposed intervention action. A translation sigsteseful for this

model only if its representations capture the presence of the choice and the different role
assignments expressed in the different scenarios. Thus semantic breadth can be stated as a
specific measure of the coverage of a translatioteByswvith respect to multiple cognitive

models. To cover a model, the system must be able to translate the salient aspects of stimuli for
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that model. Further, the reasoning environment for the representations must be sufficient to

implement that particutacognitive model.

The requirement of high semantic breadth raises a number of challenges for computational NLU.
First, it requires rich, largecale world knowledge that grounds types and relations in a
consistent reasoning framework. The system must lsame notion, for example, of how a
fight is different than a hug and how causing is different than intending. This can be worked out
in terms of particular models, which is a useful approach, but it must answer the question of how
it will scale to unkiown models. Second, it requires higher logical expressiveness than standard
first-order logic (FOL) provides. Extensive work in the logic of language demonstrates that FOL
is insufficient for capturing the range of ideas that can be communicated ialnanguage cf.
(Boolos, 1984) Third, the expressiveness of the resprgation language is moot if the

interpretation process cannot translate that range of ideas.

The state of the art of natural language understanding is such that there must be limitations in
any implemented system. The challenges of facilitating natanguage input to cognitive
modeling experiments eliminate the very common strategy of limiting semantic breadth by
working in a limited domain, working with a fixed corpus or reducing the expressiveness of the
formal representations. This work suppohts tlaim that a novel integration of knowleduzeh
subcategorization framegg-illmore, 2006) compositional frame semantjosxplicit choice sets
discourse representation structures (DR®amp & Reyle, 1993)and querydriven back
chaining are together an effective approach to natural language understanding for cognitive

modeling. | catribute a detailed, practical approach to knowledge language understanding,
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and an implemented systefxplanation Agent (EA) NLWoth to test that claim and as a tool

for cognitive modeling experiments.

In this chapter | will describe thenplementation of this approach. | start with an overview of

how this approach addresses the challenges | have described. | then discuss other research that
this work builds on, followed by the details of the implementation. Specifically, how
compositimal frame semantics for senterlegel interpretation combined with quedyiven

proof of discoursdevel facts implement this approach in the EA NLU interpretation process.
Finally, | contrast related approaches and conclude with a general discussiuatiBn against

specific cognitive models is found in chapter 3.

2.1 Practical language understanding

The challenge of supporting knowledgeh reasoning tasks across an unrestricted number of
domains requires larggcale world knowledge. A great deal efearch has investigated how far
computational systems can get without such knowledge (due to the difficulty of constructing it).
Here | take the view that such knowledge must be obtained, and that current, practical, large
scale knowledge resources candifectively used. This implementation uses a knowledge base
consisting of the contents of ResearchCyc plus our own extensions, together around 2 million
facts at present. This provides not only world knowledge and adasde ontology, but also
extersive, formal links between lexical terms and logical forms that are grounded in the ontology
and axiomatized for reasoning. All this knowledge is expressed using the CycL language. CycL
is a generapurpose higher order predicate calculus, allowing isipport a wide range of
complex conceptual forms. In particular, it supports numerical and logical quantification, modal

operators, higheorder relations and the use of microtheories as logical contexts. More details
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on ResearchCyc and CycL are givensection2.2.1 These resources address the need for
large scale knowledge, connected to language in an expressive environment. However they raise
threeadditional concerns: how to translate complex linguistic constructs using already complex
semantic translations for terms, how to apply the world knowledge to the interpretation process

and how to control the complexity of the process.

To aid in controlliy complexity, | use a limited English grammar. In contrast with this
approach, most recent explorations of automatic interpretation have focused on maximizing
syntactic breadth The domain of surface forms is greatly expanded, but at the cost of using
impoverished internal forms. That is, a limited number of internal forms can be expressed in a
wide variety of ways. Having multiple ways to say the same thing makes an NL system easier to
use (i.e. increase habitability, cf. Haas & Hendrix, 1980), butgthed here is to maximize
semantic breadth and the current state of the art does make this a trade off. In this approach, I
use a grammar which supports at least one surface form for each internal form that it is capable
of generating. Additional surfaderms are often supported due to the compositional nature of
the grammar, but only for user convenience. Again, it is not the number of surface forms that
can be parsed that matters here, but the number of surface forms that can be parsed and

interpretedas distinct semantic forms suitable for further reasoning.

The semantic interpretation process in this approach is divided into two levels. Compositional
frame semantics are used at the sentéawed and quendriven backchaining is used at the
discouselevel. For each new sentence in a discourse, compositional semantics provide a fast,
efficient way to build complex semantic representations from knowdadhesubcategorization

frames. Because compositional semantics factors out context in the sibompof each
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syntactic constituent, it is able to handle nested constructs without becoming computationally
intractable. Ambiguities are generated but maintained in packed representations for later
disambiguation. The resulting forms from this compositare transformed into DRS which
allow the logical form of each sentence to incrementally update a logical form for the discourse
as a whole. This update process is based on glemn backchaining, where a particular
reasoning task queries for fa¢tssupport its reasoning. This gengpalpose reasoning allows
pragmatic context and world knowledge to guide and constrain the disteveseterpretation.
However, deduction in high@rder reasoning is unsatisfiable, and the complexity of tloisgsis
is dependent on the axioms of the reasoning task. By separating this process from the sentence
level composition, this approach mitigates that cost rather than placing constraints on the types

of reasoning allowed.

2.2 Background

2.2.1 Cyc

The Cyc projec{Lenat & Gupta, 1990has worked for over twenty yeaosilding a knowledge

base formalizing a broad selection of comma@ense background knowledgeOne of the
primary goals of this projecsito provideknowledgethat issuitable formultiple reasoning and
problemsolving tasksacross many domainslt is based on the idea that systems limited to
specialpurpose domain knowledgehile effective in many tasks, are limited by brittleness and
difficulty extending to unforeseen problems. In contrast, Cyc aspires to broad coverage that will

ultimately support unforeseduture knowledge repssentation and reasoning tasks.



29
The ResearchCyc KB, available to the research community, currently contanesthan5
million assertions (facts and rulg€§urtis et al., 2009) This knowledge is represented in CycL,
a higherorder logical language based predicate calculusCycL has a number of higherder
features, including quantification over predicates, functions, and sentences, and the ability for
predicates to take predicates \&dues, including themselves in some caf®amachandran,
Reagan, &Goolsbey, 2005) Higherorder predicates are used for logical relations @nd, or,
implieg, quantification (e.g. forAll, thereExisty and modality (e.gwillBe, possiblg. Every
assertion in CycL occurs in the context ofmécrotheory allowing for the representation of
competing theories and claims. Microtheories can generalize from one another providing for

inheritance among contexts.

Much of the power of Cyc comes from a laigmale ontology.Collectionswithin the ontology
represent a kindr type of thing whose instances share a certain set of properties. The
generalization relatiogenlsis used to relate collections to one another while the membership
relation isa relates them to instances (which may also be collections). Constraints (such as
argument types for a predicate) and general axioms within the knowledge base are expressed in
terms of this ontology to increase their effective power. Predicates themse\aganized in a

similar fashion with the relatiogenlPredsin order to support inheritance of constraints and
axiomatization. Creating knowledge within the framework of this ontology both increases

consistency and multiplies effort.

2211 Events and rolesn Cyc
The knowledge in Cyc heavily uses Davidsonian representations of €entdson, 2001)

Reified events belong to collections of such events, which generalize to the collaaitiand
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through that to the collectio8ituation Other features of the event are expressed using binary
role relationpredicates. For examplée representation of an event where a cake is eaten would
contain the assertions:

(1) (isa eat1234 EatingEvent)
(2) (isa cakel234 Cake)
(3) (consumedObiject eB23A cakd 2349

whereEatingEventand Cakeare collections an€3) is a role relation between the eating event

and the object being eaten.

2.2.1.2 Subcategorization frames and frame semantics in Cyc

ResearchCyc includes linguistic knowledge relating surface forms in natural lentgutngmal

logic forms using concepts in the ontology. The concept of a word belongs to the collection
LexicaWword and by convention i s fTehpr'Wwos ardt eah paesa dietc
it Thus the Engl i sh woept@ar-TheVWordd exica knowéegge e s e n t
about this word is represented in terms of this concept. For example, valid parts of speech are

expressed using the predicatsFormsawvhich relates dexicalWordto aSpeechParas in:
(4) (posForms CaTheWord CountNoun)

Semantic knowledge in Cyc is based extensivedenotationsand subcategorization frames
Denotations map directly from lexical terms to concepts within the Cyc ontology. They are

stored as assertions of the form:

(5) (denotation <LexicalWord> <SpeechParisense> <concept>)
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where thesensenumber is unused and thenceptis any concept in the knowledge base. In our

example, the word Acaro can be used to denote

(6) (denotation CaiTheWord CountNoun O Automobile)

Subcategorization frames in Cyc follow Fill mo
and map from a term to a logical form. Subcategorization of a word selects for the syntactic
roles that it expects. A transitive verb, for instance, expectsply # a subject and an object.
Subcategorization frame types and the roles they expect are related in Cyc through the predicate
subcatFrameKeyworddn the case of a transitive verb expecting a noun phrase complement, the

assertion is:

(7) (subcatFrameKeyerds TransitiveNPFrame :OBJECT)

Frame semantics suggest that for a given use of a term, a semantic frame can be constructed that
expresses a logical representation of that usage in terms of syntacticholesxample, in the

sentence:

(8) I ate the sandwich

the verb fAated is being used transitively to
particular actor who consumed a particular object. There is an :ACTION role filled by the
reified event, a : SUBJECT r ol eolefilled by thelenthyy t h e

ithe sandwicho. The semantic frame for t his

(9) (and(isa :ACTION EatingEvent)
(performedBy :ACTION :SUBJECT)
(consumedObject :ACTION :OBJECT)))
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Subcategorization frames in Cyc are asserted ysiegjcates of the typ@emTransPredThese
specialize on &peechParand express the relation betweebhexical\WWord a subcategorization

frame type and a semantic frame. The assertions are of the form:

(10) (<semTransPred> <Lexicallord> <sense> ¥ramelype> <semantic frame>)

where sense is ignored and the particdamTransPreds connected to &peechParby an

assertion of the form:

(11) (semTransPredForPOS <SpeechPart> <SemTransPred>)

Thus the relevant assertions for the example subcategorization frareatiEmc8) are:

(12) (semTransPredForPOS Verb verbSemTrans)

(13) (verbSemTrans EatheWord 0 TransitiveNPFrame
(and(isa :ACTION EatingEvent)

(performedByACTION :SUBJECT)

(consumedObject :ACTION :OBJECT)))
2.2.2 COMLEX
The COMLEX syntax projediGrishman, Macleod, & Wolff, 1993) r eat ed a f@dAmoder at
coverageo | exicon to be shared with the auto
Linguistic Data Consortium. COMLEX is a straightforward dictionary with entries for
English words, phrases and punctuation. Each entry connects a lexical term to a set of lexical
syntactic features, each having a label and one or more valuesoottieature in every entry

maps the term to #éase form, and multiple forms of the same word (e.g. tenses, plurals,

superlatives) each have a unique entry. Lexical categorydpapeech), agreement and verb
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form are other important features in the lexicon. The focus of the COMLEX lexicon is on
providing detailed syntactic specifications in the form of feature classes that can be used to
constrain parsing through subcategorization. For example, an adverb may haeeliffieature
pre-adj indicating that it may be placed prior to an adjectiveé thai t mo dverfd regsr y( ). .g .
Similarly, verbs are subcategorized as to whether they can accept a direct object noun phrase,
prepositional phrase, infinitive complement and so forth. Because these constraints are explicitly
assigned to each form each term, COMLEX provides a very powerful, highly detailed level of
syntactic control. EA NLU uses COMLEX version 3.1, consisting of roughly 86000 dictionary

entries. For additional details, see the reference médiaaleod, Grishman, & Meyers, 1998)

2.2.3 EA NLU

The EA NLU system was originally developed Kuehne, 20040 explore understanding
descriptions of physical phenomena in natural language text. He demonstrated that common
descriptions of such phenomenafeefively mapped to a frarfieased representation of
Qualitative Process Theorf§Forbus, 1984) Kuehne i ntteogropachae garsésl | en 6
(J. F. Allen, 1994)with the COMLEX lexicon(Grishman et al., 1993nd subcategorization

frames from Cyc. He also developed fQaalitative Reasoning Group Controlled English
(QRGCE) grammar used by the parser. The use tifn#ged-syntax language to factor out

parsing difficulties was nspi red by both @yberd st alK2002Rndpr oj e c
Boei n grolled lamguage workP. Clark, Harrison, Jenkinghompson, & Wojcik, 2005)

Like these simplified languages, QRTE restricts grammar but does rafpriori restrict the
vocabulary. This enables most extensions to be made by adding vocabulary rather than changing

the grammar. That version of QRGE had limited support for general syntax. Because the
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focus of the work was on identifying specific syntactic patterns, the grammar needed only to
support those enumerated patterns and thecenstituents that comprised them. Further, since
those sulronsttuents only needed to compose into the known patterns, they could largely be
nonrecursive, greatly reducing the possible combinations and the associated complexity. A later
effort extended the grammar to support a set of question forms using the sdrokstrategy,

with the same limitations.

2.3 Compositional frame semantics

This practical language understanding approach uses two layers of complementary interpretation
processing. At the sentenlmel, compositional frame semantics are used in orderaicem
computational complexity more predictable and less explosive. Arbitrarily complex logical
forms are allowed in the semantics, but based on an actual set of usable semantic frames rather
than a theoretical set. Additional control comes from limitihg syntactic forms via the
simplified grammar. The guiding principle for the sentelesel processing is that ambiguous
semantic distinctions must be preserved but do not need to be resolved. This enables the use of a
compositional approach where thensmtics of any phrase is dependent only on the semantics of

its constituent parts. This limits sources of combinatorial explosion to a set edefiakd

interactions that | return to at the end of this section.

2.3.1 Parsing architecture
Like the previous vexri o n EA NL U u sup shartiphrsed. ir.0ABen, 1394 nitho m
the COMLEX lexicon(Grishman et al., 1993nd the QRA&CE simplified English grammar.

Text input is processed one sentence at a time and converted to a sequence ofisgindotg,
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COMLEX symbols for punctuation (e.g. punomma, punguestioamark). Each symbol is
looked up in the lexicon, which returns either a null symbol or one or more nested list structures
containing a set of lexical features. Those features meprasparticular lexicatyntactic sense
of the term. The result of the lookup is used to create one or more leaf constituents based on
lexical category. In the case of a null resultuaknowntype constituent is created. Each leaf
constituent is asgned a randomly generatétscourse variablevhich is the reification of the
conceptual contribution of that constituent. The leaf constituents are added to the chart and arcs
are created or extended based on the grammar rules. The result of this isrooessr more

parse trees consisting of a root constituent and it€saobtituents.

2.3.2 Qualitative Reasoning Group Controlled English(QRG-CE)

The QRGCE grammar is a limited subset of American English based on the earlier work of
(Kuehne, 2004) In this work | have recreated the general syntax from scratch to make it
considerably broader in application to nakatext. The grammar composes noun phrases, verb
phrases, prepositional phrases (PP), adjective phrases (ADJP) and adverb phrases (ADVP) in a
manner similar to AlH Alendd94)or etiret similan dffortgJurafskyma r

& Martin, 2009) Support for punctuation, senteregel phrase¢SLP) (including inversions

for questions and passive voice), and coordinating conjunctions are likewise straightforward. |
will not go into great detail on these parts of the grammar. It is worth noting that the verb phrase
support includes auxiliaryupport for all tenses and aspects, and that coordinating conjunctions
are supported between NP, VP, ADJP, ADVP and SLP constituents. Thievedpatterns for
physical processes and quest i onaddadte this nawng f

grammar The entire QRECE grammar is available in Appendix A.

r
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The syntactic extensions to QRGE made in this work are fairly standard and well understood,
as are the basic semantic compositionshe contribution of this work is in using these
techniques withhighly expressive, knowledgéch semantic frames to support higleeder

compositions commonly found in narrative text.

2.3.3 Retrieving semantic knowledge

The semantic interpretation of a constituent in the parser is containedsantfeature slot of

that @nstituent. This slot is filled for new leaf constituents by retrieving semantic knowledge, in

the form of denotations and subcategorization frames, as explained in 22tib8 from the
knowledge base. The retrieval is based on the root form of the lexical term combined with the
lexical category, both provided by COMLEX. The root form is converted to d_€xicalWord

concept by creating a symbol made of th®@ ot f ofTlhheWbt Do fAiappended t
COMLEX lexical category is mapped to a set of GmeechPartoncepts by retrieving facts

from the knowledge base of the form:

(14) (synonymousExternalConcept <SpeechPart> COMLEX31Lexicon <lexcat>)

For theLexicdWord and eaclSpeechParterived for a leaf constituent, a set of zero or more
denoted concepts and semantic frames are retrieved. The denoted concepts are used to generate
additional semantic frames. In the general case, the denoting term is beirig espress that

an entity belongs to a collection. In this case the denotation of, for example, the d&erdept

results in the semantic frame:

(15) (isa :NOUN Bank)
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Other cases arise because denotations in ResearchCyc are not limited to collectionss There
considerably more ambiguity in the denotation of a relation or function. Following from the

principle of preserving ambiguity, these denotations result in the ambiguous semantic frames:

(16) (denotesRelatictunderspecified :NOUN <Relation>)

(17) (denotesFunatinrUnderspecified :NOUN <FunctieDenotational>)

Leaf constituents may also be generated by recognition of proper names and common phrases.
Proper names in EA NLU are implemented as a simple dictionary mapping words or phrases to

Cyc concepts. These aretrieved in much the same way as denotation facts, but the resulting
constituent uses the retrieved concept as both the semantics and the discourse variable. Thus the
phrase fAJohn Adamso results I n dohnAdamssan i t ueni

individual concept representing the second president of the United States.

Common phrases are stored in several ways in the knowledge ResearchCyc includes four
predicates for specifying multvord phrase semantics. Examples of the four types of

expressions are:

A8)( mul ti WordString (-TheWodiCseuntNduriBoilingRointg 6) Poi nt

A9)( mul ti WordSemTr ans (ThdWerd CoarttNoiinb oi | i ngo) Poi
GenitiveFrame (boilingPoint :POSSESSOR :NOUN))

(20) (compoundString Pay h e Wor d ( T h e L iPayingWitliCarseicy)) Ver b

(21) (compoundSemTrans Radyh e Wor d ( ThelLi st HfAcasho) Verb
IntransitiveFrame (and (isa :ACTION PayingWithCurrency)
(payer :ACTION :SUBJECT)))
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The multiword predicates correspond to cases where the swoltil phras should inherit the
|l exical features of the |l ast word in the phra
compoundpredicates are used for phrases that inherit from the first word, in the examples the
word Apayo. T h i stiliza thi$ kmowkedge fordiffesept $otms af the ghrases,

hY ~ . |

for example Aboiling pointo vs. Aboi I ng poir
these two types of predicates, there is 4B&ing version and theSemTransversion. These
correspond to denoting a single concepwjlingPoint in the first example, and providing a

semantic translation framgoilingPoint :POSSESSOR :NOUM)the second example.

The semantic frames retrieved from all these sources combinerro the set of possible

semantics for a leaf constituent.

234 Lambda-composition and quantification

The Allen parser supports lambdalculus composition of semantic features through role
binding and replacement. Grammar rules specify feature constraint®-corsstituents as well

as the resulting features on the composed constituent. EA NLU utilizes{exntattic features

to constrain the parsing process and enforce the simplified grammar. The grammar rules take the

form:

(22) (<constituent> <name> <sufronstituent 1>¢ < sconstituent n>)

For example, a basic rule for creating a sentéewel phrase (SLP) from a noun phrase (NP)

and a verb phrase (VP) has the form:
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(23) ((slp (var ?varvp) (agr ?a) (:SUBJECT ?varnp) (sem (and ?semnp ?semvp)))

-slp->np-vp-
(np (var ?varnp) (agr ?a) (sem ?semnp))
(head (vp (var ?varvp) (agr ?a) (sem ?semvp))))

The name of the rule islp->np-vp-. The SLP constituent inherits the variable oflieadsub
constituent, in this case the VP. The agreement feature of the VP andddéhstituents must

match and is inherited by the SLP. The semantic feature of the composed constituent is specified
as the conjunction of the semantic features of thecsabtituents. Simple conjunction is the

most basic form of semantic composition used in Q&R In this example, the variable of the

NP subconstituent has been bound to the semantic role feature :SUBJECT. As part of the
semantic composition process, rideywords are replaced with any such bound role features.

Thus, if the semantic feature for the VP sdnstituent, with discourse varialdat1234s:

(24) (and (isa eat1234 EatingEvent) (performedBy eat1234 :SUBJECT))

and the semantic feature for the NB-sonstituent, with discourse varialflien1234 is:

(25) (isa him1234 Person)

then the semantics of the composed constituent, with discourse vaaabR34inherited from

the VP subconstituent and :SUBJECT featurien1234 will be:

(26) (and (isa eat1234 Eatirityent) (performedBy eat1234 him1324) (isa him1234 Person))

Frame semantics provide a broad foundation of rich semantic forms that can be constructed from
language. Events and role relations alone represent a considerable semantic breadth. However,

the ral breadth of natural language begins to come out in the composition of such events,
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relations and other assertions into complex forms. As a controlled languageCBR&n be
viewed as a specification of a set of such compositions. These compositiaghsbenu
independent of the content of the frames being composed: a frame describing a particular event
is valid regardless of where in the composition it falls. This requirement maximizes the semantic

breadth the system can achieve.

2.3.5 Logical and numerical quantification

One of the significant challenges for semantic interpretation is proper quantification of the
entities being described. Frame semantics supports quantification is two ways. First, the
semantic role slots in the frame specify knowledge abgpéected entities. This assumes that

the entities being referenced will be created and quantified by the compositional process,
independent of the particular frames being invoked. Second, because the frames allow any valid
logical expression, explicit guntification can be included in the translation. Frantkpendent
existential quantification takes place at the composition of NP and VP constituents «€BRG

The discourse variable for the noun or verb head in the phrase is existentially quawngfiéteo
composed semantics. The specification for the semantic feature of the composed constituent

looks like (for a simple NP):

(27) (thereExists ?varnoun ?semnoun)

Thus, a NP such as Athe banko takes the noun

(28) (isa :NOUN Bak)

and composes the NP constituent semantic translation:
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(29) (thereExists bank1234 (isa bank1234 Bank))

When multiple, quantified subonstituents are composed, it is necessary to resolve scoping of
the quantifiers. In the simplest case of a conjunctiormaftiple existentially quantified
expressions, the quantified variables taken together are scoped over the conjunction of quantified
facts. To repeat the above example in expressionwith quantification, if the semantic feature

for the VP subconstitient, with discourse variabat1234|s:

(30) (thereExists eat1234
(and (isa eat1234 EatingEvent) (performedBy eat1234 :SUBJECT)))

and the semantic feature for the NP-sabstituent, with discourse varialfian1234 is:

(31) (ther