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Introduction to Natural Language Understanding |

1.1

This chapie
some
ing re

ter fic.fcrihcs the field of natural language understanding and introduces
basic dlSlll}CliOﬂS. Section 1.1 discusses how natural language understand‘-
‘ scgrch fits into the study of language in general. Section 1.2 discusses some
applications of natural language understanding systems and considers what it
means for a system to understand language. Section 1.3 describes how you might
cva}uate. whether a system understands language. Section 1.4 introduces a few
b-aSlC distinctions that are made when studying language, and Section 1.5
dlscgsses how computational systems often realize these distinctions. Finally

Sectlon 1.6 discusses how natural language systems are generally organized, and‘
introduces the particular organization assumed throughout this book.

The Study of Language

Language is one of the fundamental aspects of human behavior and is a crucial

component of our lives. In written form it serves as a long-term record of knowl -

edge from one generation to the next. In spoken form it serves as our primary

means of coordinating our day-to-day behavior with others. This book describes

research about how language comprehension and production work. The goal of
this research is to create computational models of language in enough detail that

you could write computer programs to perform various tasks involving natural

language. The ultimate goal is to be able to specify models that approach human
performance in the linguistic tasks of reading, writing, hearing, and speaking.
This book, however, is not concerned with problems related to the specific
medium used, whether handwriting, keyboard input, or speech. Rather, it is con-
cerned with the processes of comprehending and using language once the words
are recognized. Computational models are useful both for scientific purposes—
for exploring the nature of linguistic communication—and for practical pur-
poses—for enabling effective human-machine communication.

Language is studied in several different academic disciplines. Each disci-
pline defines its own set of problems and has its own methods for addressing
them. The linguist, for instance, studies the structure of language itself, consider-
ing questions such as why certain combinations of words form sentences but
others do not, and why a sentence can have some meanings but not others. The
psycholinguist, on the other hand, studies the processes of human language pro-
duction and comprehension, considering questions such as how people identify
the appropriate structure of a sentence and when they decide on the appropriate
meaning for words. The philosopher considers how words can mean anything at
all and how they identify objects in the world. Philosophers also consider what it
means to have beliefs, goals, and intentions, and how these cognitive capabilities
relate to language. The goal of the computational linguist is to develop a compu-
tational theory of language, using the notions of algorithms and data structures
from computer science. Of course, to build a computational model, you must take
advantage of what is known from all the other disciplines. Figure 1.1 summarizes
these different approaches to studying language.
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2 CHAPTER 1

Discipline

Linguists

Typical Problems

How do words form phrases
and sentences? What constrains
the possible meanings for a
sentence?

Psycholinguists How do people identify the

structure of sentences? How are
word meanings identified? When
does understanding take place?

Philosophers What is meaning, and how do
words and sentences acquire it?
How do words identify objects
in the world?

Computational ~ How is the structure of sentences

Linguists identified? How can knowledge

and reasoning be modeled?
How can language be used to
accomplish specific tasks?

Tools

Intuitions about well-formedness
and meaning; mathematical models
of structure (for example, formal
language theory, model theoretic
semantics)

Experimental techniques based on
measuring human performance:
statistical analysis of observations

Natural language argumentation
using intuition about counter-
examples: mathematical modeis

(for example, logic and modei theory)

Algorithms, data structures;

formal models of representation
and reasoning; Al techniques
(search and representation methods)

Figure 1.1 The major disciplines studying language

As previously mentioned, there are two motivations for developing
computational models. The scientific motivation is to obtain a better understand-
ing of how language works. It recognizes that any one of the other traditional
disciplines does not have the tools to completel_y address the problem of how
language comprehension and production work. Even if you combine all the
approaches, a comprehensive theory would be too complex to be studied using
traditional methods. But we may be able to realize such complex theories as
computer programs and then test them by observing how well they perform. By
seeing where they fail, we can incrementally improve them. Computational
models may provide very specific predictions about human behavior that can
then be explored by the psycholinguist. By continuing in this process, we may
eventually acquire a deep understanding of how human language processing
occurs. To realize such a dream will take the combined efforts of linguists,
psycholinguists, philosophers, and computer scientists. This common goal has
motivated a new area of interdisciplinary research often called cognitive science.

The practical, or technological, motivation is that natural language proces-
sing capabilities would revolutionize the way computers are used. Since most of
human knowledge is recorded in linguistic form, computers that could understand
natural language could access all this information. In addition, natural language
interfaces to computers would allow complex systems to be accessible to
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1.2

BOX 1.1 Boxes and Optional Sections

This book uses several techniques to allow you to identify what material is central
and what is optional. In addition, optional material is sometimes classliﬁed as
advanced, indicating that you may need additional background not coveréd in thi;
book Fo fully appreciate the text. Boxes, like this one. always contain optional
maFenal. either providing more detail on a particular approach discussed in the
main tc;t or discussing additional issues that are related to the text. Sections and
subs;cnons may be marked as optional by means of an open dot (o) before the
heading. Optional sections provide more breadth and depth to chapters, but are not
necessary for under standing material in later chapters. Depending on your interests
and focus, you can choose among the optional sections to fill out the core material
presented in the regular sections. In addition, there are dependencies between the
chapters, so that entire chapters can be skipped if the material does not address
vour interests. The chapter dependencies are not marked explicitly in the text, but a
chart of dependencies is given in the preface.

everyone. Such systems would be considerably more flexible and intelligent than
is possible with current computer technology. For technological purposes it does
not matter if the model used reflects the way humans process language. It only
matters that it works.

This book takes a middle ground between the scientific and technological
goals. On the one hand, this reflects a belief that natural language is so complex
that an ad hoc approach without a well-specified underlying theory will not be
successful. Thus the technological goal cannot be realized without using sophis-
ticated underlying theories on the level of those being developed by linguists,
psycholinguists, and philosophers.'On the other hand, the present state of knowl-
edge about natural language processing is so preliminary that attempting to build
a cognitively correct model is not feasible. Rather, we are still attempting to
construct any model that appears to work. '

The goal of this book is to describe work that aims to produce linguistxcally
motivated computational models of language understanding and prgducuon that
can be shown to perform well in specific example domains. .Whlle the boqk
focuses on computational aspects of language processing. consxderablet space is
spent introducing the relevant background knowledge from the other disciplines
that motivates and justifies the computational approaches ta-ken.l It assumes only
a basic knowledge of programming, although the studen't with some backgrQund
in linguistics, artificial intelligence (Al), and logic will appreciate additional

subtleties in the development.

Applications of Natural Language Understanding
A good way to define natural language research is to consider the dnf.fcreg:
applications that researchers work on. As you consider these examples, 1t W1
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also be a good opportunity to consider what it would mean to say that a computer
system understands natural language. The applications can be divided into two
major classes: text-based applications and dialogue-based applications.
Text-based applications involve the processing of written text, such as
books, newspapers, reports, manuals, e-mail messages, and so on. These are all
reading-based tasks. Text-based natural language research is ongoing in appli-

cations such as

. finding appropriate documents on certain topics from a data-
base of texts (for example, finding relevant books in a library)

. extracting information from messages or articles on certain
topics (for example, building a database of all stock transac-
tions described in the news on a given day)

. translating documents from one language to another (for ex-
ample, producing automobile repair manuals in many different
languages)

. summarizing texts for certain purposes (for example, producing
a 3-page summary of a 1000-page government report)

Not all systems that perform such tasks must be using natural language
understanding techniques in the way we mean in this book. For example,
consider the task of finding newspaper articles on a certain topic in a large
database. Many techniques have been developed that classify documents by the
presence of certain keywords in the text. You can then retrieve articles on a
certain topic by looking for articles that contain the keywords associated with
that topic. Articles on law, for instance, might contain the words lawyer, court,
sue, affidavit, and so on, while articles on stock transactions might contain words
such as stocks. takeover, leveraged buyout, options, and so on. Such a system
could retrieve articles on any topic that has been predefined by a set of keywords.
Clearly, we would not say that this system is understanding the text; rather, it is
using a simple matching technique. While such techniques may produce useful
applications, they are inherently limited. It is very unlikely, for example, that
they could be extended to handle complex retrieval tasks that are easily expressed
in natural language, such as the query Find me all articles on leveraged buyouts
involving more than 100 million dollars that were attempted but failed during
1986 and 1990. To handle such queries, the system would have to be able to
extract enough information from each article in the database to determine
whether the article meets the criteria defined by the query; that is, it would have
to build a representation of the information in the articles and then use the
representation to do the retrievals. This identifies a crucial characteristic of an
understanding system: it must compute some representation of the information
that can be used for later inference,

Consider another example. Some machine translation systems have been
built that are based on pattern matching; that is, a sequence of words in one
language is associated with a sequence of ‘words in another language. The
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translation is accomplished by finding the best set of patterns that match the input
and producing the associated output in the other language.) This technique can
produce reasonable results in some cases but sometimes produces completely
wrong translations because of its inability to use an understanding of content to
disambiguate word senses and sentence meanings appropriately. In contrast,
other machine translation systems operate by producing a representation of the
meaning of each sentence in one language, and then producing a sentence in the
other language that realizes the same meaning. This latter approach, because it
involves the computation of a representation of meaning, is using natural
language understanding techniques.
One very attractive domain for text-based research is story understanding.

In this task the system processes a story and then must answer questions about it.
This is similar to the type of reading comprehension tests used in schools and
provides a very rich method for evaluating the depth of understanding the system
is able to achieve.

{’ ‘Dialogue-based applications involve human-machine communication. Most
naturally this involves spoken language, but it also includes interaction using
keyboards. Typical potential applications include

question-answering systems, where natural language is used to

query a database (for example, a query system to a personnel

database)

" automated customer service over the telephone (for example, to
perform banking transactions or order items from a catalogue)

. tutoring systems, where the machine interacts with a student
(for example, an automated mathematics tutoring system)

. spoken language control of a machine (for example. voice con-
trol of a VCR or computer)

. general cooperative problem-solving systems (for example, a

. System that helps a person plan and schedule fréight shipments) \:

\_~TSome of the problems faced by dialogue systems are quite different than in
text-based systems. First, the language used is very different, and the system
needs to participate actively in order to maintain a natural, smooth-flowing
dialogue. Dialogue requires the use of acknowledgments to verify that things are
understood, and an ability to both recognize and generate clarification sub-
dialogues when something is not clearly understood. Even with these differences,
however, the basic processing techniques are fundamentally the same.

It is important to distinguish the problems of speech recognition from the
problems of language understanding. A speech recognition system need not
involve any language understanding. For instance, voice-controlled computers
and VCRs are entering the market now, These do not involve natural language
understanding in any general way. Rather, the words recognized are used as
commands, much like the commands you send to a VCR using a remote control.
Speech recognition is concerned only with identifying the words spoken from a
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given speech signal. not with understanding how words are used to communicate.
To be an understanding system, the speech recognizer would need to feed its
input to a natural language understanding system, producing what is often called

a spokeq language understanding system.
With few exceptions, all the techniques discussed in this book are equally

relevant for text-based and dialogue-based language understanding, and apply
equally well whether the input is text, keyboard, or speech. The key characteristic
of any understanding system is that it represents the meaning of sentences in
some representation language that can be used later for further processing.

1.3 Evaluating Language Understanding Systems

As you can see, what counts as understanding might vary from application to
applicaton. If this is so, how can you tell if a system works? One obvious way to
evaluate a system is to run the program and see how well it performs the task it
was designed to do. If the program is meant to answer questions about a database
of facts. you might ask it questions to see how good it is at producing the correct
answers. If the system is designed to participate in simple conversations on a
certain topic, you might try conversing with it. This is called black box
evaluation because it evaluates system performance without looking inside to
see how it works. While ultimately this method of evaluation may be the best test
of a system’s capabilities, it is problematic in the early stages of research because
early evaluation results can be misleading. Sometimes the techniques that pro-
duce the best results in the short term will not lead to the best results in the long
term. For instance, if the overall performance of all known systems in a given
application is uniformly low, few conclusions can be drawn. The fact that one
system was correct 50 percent of the time while another was correct only 40
percent of the time says nothing about the long-term viability of either approach.
Only when the success rates become high, making a practical application feasi-
ble, can much significance be given to overall system performance measures.

An alternative method of evaluation is to identify various subcomponents
of a system and then evaluate each one with appropriate tests. This is called glass
box evaluation because you look inside at the structure of the system. The prob-
lem with glass box evaluation is that it requires some consensus on what the
various components of a natural language system should be. Achieving such a
consensus is an area of considerable activity at the present.,

Despite the difficulties, evaluations are of crucial importance to the field, as
very little can be concluded from examining a few examples that a particular
system can handle. If you cannot interact freely with the program yourself but
must depend on transcripts of others’ interactions, you can easily be mislead into
overestimating a program’s abilities. It is very hard for people not to attribute
much more intelligence to the program than is actually present. )

\Consider a concrete example—the ELIZA program that was developed in
the mid-1960s at MIT. This program must be one of the most popular Al
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User:

Men are all alike.
They're always bugging us

about something or other.
Well, my boyfriend made me come here.
He says I'm depressed much of the time.
IU's true, [ am unhappy.

I need some help; that much seems certain.

Perhaps I could learn to get along
with my mother.

My mother takes care of me.

My father.

You are like my father in some ways.

ELIZA:

In what way?

Can you think of a specific example?
Your boyfriend made you come here.
[ am sorry to hear you are depressed.
Do you think coming here will
help you not to be unhappy”’
What would it mean to you if you
got some help?

Tell me more about your family

Who else in your family takes care of you?
Your father.

What resemblance do you see?

Figure 1.2 A dialogue with ELIZA

programs of all time, and versions of it exist for most machines, including most
personal computers. ELIZA was never claimed to embody a theory of language
comprehension and production, but it serves as an excellent example as its
behavior initially seems impressive. The system plays the role of a therapist and,
to obtain the best results, the user should correspondingly play the role of a
patiem.}igure 1.2 presents a transcript of this system in operation. Given this
transcript, or even playing with the system yourself for a few minutes, ELIZA’s
performance certainly seems impressive.

Here is a simple description of how ELIZA works. There is a database of
particular words that are called keywords. For each keyword, the system stores
an integer, a pattern to match against the input, and a specification of the output.
The algorithm is as follows: Given a sentence S, find a keyword in S whose
pattern matches S. If there is more than one keyword, pick the one with the
highest integer value. Use the output specification that is associated with this
keyword to generate the next sentence. If there are no keywords, generate an
innocuous continuation statement, such as Tell me more or Go on.

Figure 1.3 shows a fragment of a database of keywords. In this database a
pattern consists of words and variables. The prefix ? before a letter indicates a
variable, which can match any sequence of words. For example, the pattern

?X are you ?Y )

would match the sentence Why are you looking at me?, where the variable 72X
matches Why and ?Y matches looking at me. The output specification may also
use the same variables. ){n this case, ELIZA inserts the words that match the
variables in the input into the output after making some minor changes in the
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s
r,—waﬂ Rank Pattern Outputs
alike 10 7X In what way?
What resemblance do you see?
ac 3 ?X are you 7Y Would you prefer it if I weren’t 7Y?
3 7X are 7Y What if they were not 7Y?
always 5 X Can you think of a specific example?
When?
Really, always?
what 2 X Why do you ask?
Does that interest you?

Figure 13 Sample data from ELIZA

pronouns (for example, replacing me with you). Thus, for the pattern above, if the
output specification is

Would you prefer it if I weren’t 7Y?

the rule would generate a response Would you prefer it if I weren’t looking at
you? When the database lists multple output specifications for a given pattern,
ELIZA selects a different one each time a keyword rule is used, thereby prevent-
ing unnatural repetition in the conversation. Using these rules, you can see how
ELIZA produced the first two exchanges in the conversation in Figure 1.2.
ELIZA generated the first response from the first output of the keyword alike and
the second response from the first output of the keyword always.

This description covers all of the essential points of the program. You will
probably agree that the program does not understand the conversation it is partici-
pating in. Rather, it is a collection of tricks: Why then does ELIZA appear to
function so well? There are several reasons. Perhaps the most important reason is
that, when people hear or read a sequence of words that they understand as a
sentence, they attribute meaning to the sentence and assume that the person (or
machine) that produced the sentence actually intended that meaning. People are
extremely good at distinguishing word meanings and interpreting sen(ences to fit
the context. Thus ELIZA appears to be intelligent because you use your own
intelligence to make sense of what it says. '

Other crucial characteristics of the conversational setting also aid in sus-
taining the illusion of intelligence. For instance, the system does not need any
world knowledge because it never has to make a claim, support an argument, or
answer a question. Rather, it simply asks a series of questions. Except in a
patient-therapist situation, this would be unacceptable. ELIZA evades all direct
questions by responding with another question, such as Why do you ask? There is
no way to force the program to say something concrete about any topic.
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1.4

B
/’
Even in such a restricted situation, however, it is relatively easy to b

demoristrate that the program does not understand. It sometimes produces com-
pletely off-the-wall responses. For instance, if you say Necessity is the mother o
invention, it might respond with Tell me more about your family, based on ifs
pattern for the word mother. In addition, since ELIZA has no knowledge abolit
the structure of language, it accepts gibberish just as readily as valid sentences. 1f
you enter Green the adzabak are the a ran four, ELIZA will respond with 2
something like What if they were not the a ran four? Also, as a conversation,
progresses, it becomes obvious that the program does not retain any of the
content in the conversation. It begins to ask questions that are inappropriate in
light of earlier exchanges, and its responses in general begin to show a lack of
focus. f course, if you are not able to play with the program and must depend
only on transcripts of conversations by others, you would have no way of
detecting these flaws, unless they are explicitly mentioned.

Suppose you need to build a natural language program for a certain
application in only six months. If you start to construct a general model of
language understanding, it will not be completed in that time frame and so will
perform miserably on the tests. An ELIZA-like system, however, could easily
produce behavior like that previously discussed with less than a few months of
programming and will appear to far outperform the other system in testing. The
differences will be especially marked if the test data only includes typical domain
interactions that are not designed to test the limits of the system. Thus, if we take
short-term performance as our only criteria of progress, everyone will build and

fine-tune ELIZA-style sy%tems. and the field will not progress past the limitations
of the simple approach.

-~

To avoid this problem, either we have to accept certain theoretical assump-
tions about the architecture of natural language systems and develop specific
evaluation measures for different components, or we have to discount overall

evaluation results until some reasonably high level of performance is obtained.
Only then will cross-system comparisons beg
term success in the field.

AITS Central Library
The Different Levels of Language A Accn No. “““““ | “ l“

A natural language system must use conside ,
of the language itself, including what the words are, how words combine to form
sentences, what the words mean, how word meanings contribute to sentence
meanings, and so on. However, we cannot completely account for linguistic
behavior without also taking into account another aspect of what makes humans
intelligent—their general world knowledge and their reasoning abilities. For
example, to answer questions or to participate in a conversation, a person not
only must know a lot about the structure of the language being used, but also
must know about the world in general and the conversational setting in particular
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senses of a word when understanding a sentence, a program must explicitly

consider them one by one. -
To represent meaning. we must have a more precise language. The tools to

do this come from mathematics and logic and involve the use of formally speci-
fied representation languages. Formal languages are specified from very simple
building blocks. The most fundamental is the notion of an atomic symbol, which
is distinguishable from any other atomic symbol simply based on how it is
writien. Useful representation languages have the following two properties:

» The representation must be precise and unambiguous. You
should be able to express every distinct reading of a sentence as
a distinct formula in the representation.

. The representation should capture the intuitive structure of the
natural language sentences that it represents. For example,
sentences that appear to be structurally similar should have
similar structural representations, and the meanings of two
sentences that are paraphrases of each other should be closely

related to each other.

Several different representations will be used that correspond to some of
the levels of analysis discussed in the last section. In particular, we will develop
formal languages for expressing syntactic structure, for context-independent
word and sentence meanings, and for expressing general world knowledge.

Syntax: Representing Sentence Structure

The syntactc structure of a sentence indicates the way that words in the sentence
are related to each other. This structure indicates how the words are grouped
together into phrases, what words modify what other words, and what words are
of central importance in the sentence. In addition, this structure may identify the
types of relationships that exist between phrases and can store other information
about the particular sentence structure that may be needed for later processing.

For example, consider the following sentences:

L. John sold the book to Mary.
2 The book was sold to Mary by John.

These sentences share certain structural properties. In each, the noun phrases are
John, Mary, and the book, and the act described is some selling action. In other
respects, these sentences are significantly different. For instance, even though
both sentences are always either true or false in the exact same situations, you
could only give sentence 1 as an answer to the question What did John do for
Mary? Sentence 2 is a much better continuation of a sentence beginning with the
phrase After it fell in the river, as sentences 3 and 4 show. Following the standard
convention in linguistics, this book will use an asterisk (*) before any example of

an ill-formed or questionable sentence.

I —
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sand like T
sand

Figure 1.4 Two structural representations of Rice flies like sand.

3. *After it fell in the river, John sold Mary the book.
4.  After it fell in the river, the book was sold to Mary by John.

Many other structural properties can be revealed by considering sentences
that are not well-formed. Sentence 5 is ill-formed because the subject and the
verb do not agree in number (the subject is singular and the verb is plural), while

6 is ill-formed because the verb put requires some modifier that describes where
John put the object.

S. *John are in the comer.
6.  *John put the book.

‘Making judgments on grammaticality is not a goal in natural language
understanding. In fact, a robust system should be able to understand ill-formed
sentences whenever possible. This might suggest that agreement checks can be
ignored, but this is not so. Agreement checks are essential for eliminating poten-
tial ambiguities. Consider sentences 7 and 8, which are identical except for the
number feature of the main verb, yet represent two quite distinct interpretations.

7. Flying planes are dangerous.
8. Flying planes is dangerous. |

If you did not check subject-verb agreement, these two sentences would be indis-
tinguishable and ambiguous. You could find similar examples for every syntactic
feature that this book introduces and uses.

Most syntactic representations of language are based on the notion of
context-free grammars, which represent sentence structure in terms of what
phrases are subparts of other phrases.' This information is often presented in a tree
form, such as the one shown in Figure 1.4, which shows two different structures
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for the sentence Rice flies like sand. In the first reading, the sentence is formed
from a noun phrase (NP) describing a type of fly, rice flies, and a verb phrase
(VP) that asserts that these flies like sand. In the second structure, the sentence is
formed from a noun phrase describing a type of substance, rice, and a verb phrase
stating that this substance flies like sand (say, if you throw it). The two structures
also give further details on the structure of the noun phrase and verb phrase and
identify the part of speech for each word. In particular, the word like is a verb (V)
in the first reading and a preposition (P) in the second.

The Logical Form

The structure of a sentence doesn't reflect its meaning, however. For example,
the NP the caich can have different meanings depending on whether the speaker
is talking about a baseball game or a fishing expedition. Both these inter-
pretations have the same syntactic structure, and the different meanings arise
from an ambiguity concerning the sense of the word catch. Once the correct
sense is identified. say the fishing sense, there still is a problem in determining
what fish are being referred to. The intended meaning of a sentence depends on
the situation in which the sentence is produced. Rather than combining all these
problems, this book will consider each one separatelyCThe division is between
context-independent meaning and context-dependent meaning. The fact that
caich may refer to a baseball move or the results of a fishing expedition is
knowledge about English and is independent of the situation in which the word is
used. On the other hand, the fact that a particular noun phrase the catch refers to
what Jack caught when fishing yesterday is contextually dependen}l The
representation of the context-independent meaning of a sentence is called its

logical form.

The logical form encodes possible word senses and identifies the semantic
relationships between the words and phrases. Many of these relationships are
often captured using an abstract set of semantic relationships between the verb
and its NPs. In particular, in both sentences 1 and 2 previously given, the action
described is a selling event, where John is the seller, the book is the object being
sold. and Mary is the buyer. These roles are instances of the abstract semantic
roles AGENT, THEME, and TO-POSS (for final possessor), respectively.

Once the semantic relationships are determined, some word senses may be
impossible and thus eliminated from consideration. Consider the sentence

9. Jack invited Mary to the Halloween ball.

The word ball, which by itself is ambiguous between the plaything that bounces
and the formal dance event, can only take the latter sense in sentence 9, because
the verb invite only makes sense with this interpretation. One of the key tasks in
semantic interpretation is to consider what combinations of the individual word
meanings can combine to create coherent sentence meanings. Exploiting such




Introduction to Natural L.anguage Understanding 15

interconnections between word meanings can greatly reduce the number of
possible word senses for each word in a given sentence.

The Final Meaning Representation

The final representation needed is a general knowledge representation (KR),
which the system uses to represent and reason about its application domain. This
is the language in which all the specific knowledge based on the application is
represented. The goal of contextual interpretation is to take a representation of
the structure of a sentence and its logical form, and to map this into some
expression in the KR that allows the system to perform the appropriate task in the
domain. In a question-answering application, a question might map to a database
query, int-a story-understanding application, a sentence might map into a set of
expressions that represent the situation that the sentence describes.

For the most part, we will assume that the first-order predicate calculus
(FOPC) is the final representation language because it is relatively well known,
well studied, and is precisely defined. While some inadequacies of FOPC will be

examined later, these inadequacies are not relevant for most of the issues to be
discussed.

1.6 The Organization of Natural Language Understanding Systems

This book is organized around the three levels of representation just discussed:
\ syntactic structure, logical form, and the final meaning representation. Separating
‘the problems in this way will allow you to study each problem in depth without
worrying about other complications. Actual systems are usually organized
slightly differently, however. In particular, Figure 1.5 shows the organization that
this book assumes.-

As you can see, there are interpretation processes that map from one repre -
sentation to the other. For instance, the process that maps a sentence to its
syntactic structure and logical form is called the parser. It uses knowledge about
word and word meanings (the lexicon) and a set of rules defining the legal struc-
tures (the grammar ) in order to assign a syntactic structure and a logical form to
an input sentean.An alternative organization could perform syntactic processing
first and then perform semantic interpretation on the resulting structures.
Combining the two, however, has considerable advantages because it leads to a
reduction in the number of possible interpretations, since every proposed inter-
pretation must simultaneously be syntactically and semantically well formed. For
example, consider the following two sentences:

10.  Visiting relatives can be trying.
I1.  Visiting museums can be trying.

These two sentences have identical syntactic structure, so both are syntactically
ambiguous. In sentence 10, the subject might be relatives who are visiting you or
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the event of you visiting relatives. Both of these alternatives are semantically
valid, and you would need to determine the appropriate sense by using the con-
textual mechanism. However, sentence 11 has only one possible semantic inter-
pretation, since museums are not objects that can visit other people; rather they
must be visited.|In a system with separate syntactic and semantic processing,
there would be two syntactic interpretations of sentence 11, one of which the
semantic interpreter would eliminate later. If syntactic and semantic processing
are combined, however, the system will be able to detect the semantic anomaly as
soon as it interprets the phrase visiting museums, and thus will never build the
incorrect syntactic structure in the first place. While the savings here seem small,
in a realistic application a reasonable sentence may have hundreds of possible
syntactic structures, many of which are semantically anomalous.

Continuing through Figure 1.5, the process that transforms the syntactic
structure and logical form into a final meaning representation is called contextual
processing. This process includes issues such as identifying the objects referred
to by noun phrases such as definite descriptions (for example, the man) and
pronouns, the analysis of the temporal aspects of the new information conveyed
by the sentence, the identification of the speaker’s intention (for example,
whether Can you lift that rock is a yes/no question or a request), as well as all the
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inferential processing required to interpret the sentence appropriately wiFhln the
application domain: It uses knowledge of the discourse context (deterl.nlnfad by
the sentences that preceded the current one) and knowledge of the application to
produce a final representation. _

The system would then perform whatever reasoning tasks are appx.'opnate
for the application. When this requires a response io the user, the meaning that
must be expressed is passed to the generation component of the system. It uses
knowledge of the discourse context, plus information on the grammar and
lexicon, to plan the form of an utterance, which then is mapped into words by a
realization process. Of course, if this were a spoken language application, the
words would not be the final input and output, but rather would be the output of a
speech recognizer and the input to a speech synthesizer, as appropriate. )

While this text focuses primarily on language understanding, notice that the
same levels of knowledge are also used for the generation task as well. For
instance, knowledge of syntactic structure is encoded in the grammar. This
grammar can be used either to identify the structure of a given sentence or to
realize a structure as a sequence of words. A grammar that supports both pro-
cesses is called a bidirectional grammar. While most researchers agree that
bidirectional grammars are the preferred model, in actual practice grammars are
often tailored for the understanding task or the generation task. This occurs
because different issues are important for each task, and generally any given
researcher focuses just on the problems related to their specific task. But even
when the actual grammars differ between understanding and generation, the
grammatical formalisms used remain the same. /1

Summary

This book describes computational theories of natural language understanding.
The principal characteristic of understanding systems is that they compute
representations of the meanings of sentences and use these representations in
reasoning tasks. Three principal levels of representation were introduced that
correspond to the three main subparts of this book. Syntactic processing is con-
cemed with the structural properties of sentences; semantic processing computes
a logical form that represents the context-independent meaning of the sentence;
and contextual processing connects language to the application domain.

Related Work and Further Readings

A good idea of work in the field can be obtained by reading two articles in
Shapiro (1992), under the headings “Computational Linguistics” and “Natural
Language Understanding.” There are also articles on specialized subareas such as
machine translation, natural language interfaces, natural language generation, and
so on. Longer surveys on certain areas are also available. Slocum (1985) gives a
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survey of machine translation, and Perrauli and Grosz (1986) give a survey of
natural language interfaces.

You can find a description of the ELIZA program that includes the tran-
seript of the dialogue in Figure 1.2 in Weizenbaum (1966). The basic technique
of using template matching was developed further in the PARRY system. as
described in the paper by Colby in Schank and Colby (1973). That same book
also contains descriptions of early natural language systems, including those by
Winograd and by Schank. Another important early system is the LUNAR system,
an overview of which can be found in Woods (1977). For another perspective on
the Al approach to natural language. refer to the introduction in Winograd
(1983).

Exercises for Chapter 1

1. (easv) Define a set of data rules for ELIZA that would generate the first
seven exchanges in the conversation in Figure 1.2.

2. (easv) Discover all of the possible meanings of the following sentences by
giving a paraphrase of each interpretation. For each sentence, identify
whether the different meanings arise from structural ambiguity. semantic
ambiguity, or pragmatic ambiguity.

Time flies like an arrow.
He drew one card.
Mr. Spock was charged with illegal alien recruitment.

He crushed the key to my heart.

R o

3. (easy) Classify these sentences along each of the following dimensions,
given that the person uttering the sentence is responding to a complaint that
the car is too cold: (i) syntactically correct or not: (ii) semantically correct
or not: (ii1) pragmatically correct or not.

a The heater are on.
b. The tires are brand new.
o] Too many windows eat the stew.

4.  (imediwm) Implement an ELIZA program that can use the rules that you
developed in Exercise | and run it for that dialogue. Without adding any
more rules, what does your program do on the next few utterances in the
conversation in Figure 1.27 How does the program do if you run it in a
different context—say, a casual conversation at a bar?
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20 PART I

As discussed in the introduction, this book divides the task of understanding
sentences into three stages. Part I of the book discusses the first stage, syntactic
processing. The goal of syntactic processing is to determine the structural
components of sentences. It determines, for instance, how a sentence is broken
down into phrases, how those phrases are broken down into sub-phrases, and so
on, all the way down to the actual structure of the words used. These structural
relationships are crucial for determining the meaning of sentences using the
techniques described in Parts II and I11.

There are two major issues discussed in Part 1. The first issue concerns the
formalism that is used to specify what sentences are possible in a language. This
mformation is specified by a set of rules called a grammar. We will be concerned
both with the general issue of what constitutes good formalisms for writing
grammars for natural languages, and with the specific issue of what grammatical
rules provide a good account of English syntax. The second issue concerns how
to determine the structure of a given sentence once you know the grammar for
the language. This process is called parsing. There are many different algorithms
for parsing. and this book will consider a sampling of the techniques that are
most influential in the field.

Chapter 2 provides a basic background to English syntax for the reader
who has not studied linguistics. It introduces the key concepts and distinctions
that are common to virtually all syntactic theories. Chapter 3 introduces several
formalisms that are in common use for specifying grammars and describes the
basic parsing algorithms in detail. Chapter 4 introduces the idea of features,
which extend the basic grammatical formalisms and allow many aspects of
natural languages to be captured concisely. Chapter 5 then describes some of the
more difficult aspects of natural languages, especially the treatment of questions,
relative clauses, and other forms of movement phenomena. It shows how the
feature systems can be extended so that they can handle these complex sentences.

Chapter 6 discusses issues relating to ambiguity resolution. Some techniques are
aimed at developing more efficient representations for storing multiple inter-
pretations, while others are aimed at using local information to choose between

alternative interpretations while the parsing is in progress. Finally, Chapter 7
discusses a relatively new area of research that uses statistical information
derived from analyzing large databases of sentences. This information can be
used to identify the most likely classes for ambiguous words and the most likely

structural analyses for structurally ambiguous sentences.
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This ch i i :
i fZl:t:;foS;‘ovll'ldes background material on the basic structure of English
se who have not taken any linguisti \ y
o i : ‘ 1 any linguistics courses. It review: i
tphe ;:S‘fa‘egOﬂdeS and identifies their most important subparts. Alon :ht: po,
ic word categories used in the book are introduced. W g MIE way all
structures discussed are those for English, much of what i ced. While the only
all other e what is said applies to near
linguisticf:arzpea'nlzfngufiges as well. The reader who has someplfackground :z
S w'?lmc y skim this chapter, as it does not address any computational
o thro ill probably want to use this chapter as a reference source as
or ugh the rest of the chapters in Part 1 s
S ~) 2 - e :
- b: Us?rl:lpl: :zicnnbﬁs 1ssues related to words and word classes. Section 2.2
phrases, which are then used in Secti ib
simple v : ) Section 2.3 to describe
" bi o ;l'b phrases. Section 2.4 cpns:ders complex noun phrases that include
i s sen.tcnces such as relative clauses. The remaining sections briefly
other types of phrases: adjective phrases in Section 2.5 and adverbial
phrases in Section 2.6.

Words

" At first glance the most basic unit of linguistic structure appears to be the word.
The word, though, is far from the fundamental element of study in inguistics; it
is already the result of a complex set of more primitive parts.( The study of
morphology concerns the construction of words from more basic components
corresponding roughly to meaning unils.) There are two basic ways that new
words are formed, traditionally classified as ‘inflectional forms and derivational
forms. Inflectional forms use a root form of a word and typically add a suffix so

that the word appears in the appropriate form given the sentence. Verbs are the

best examples of this in English?}Each verb has a basic form that then is typically
changed depending on the subjet and the tense of the sentence){For example, the
verb sigh will take suffixes such as -s, -ing, and -ed to create the verb forms
sighs, sighing, and sighed, respectiyely.)These new words are all verbs and share
the same basic meaning; Derivational morphology involves the derivation of new
words from other forms. The new words may be in completely different cate-
gories from their subparts. For example, the noun friend is made into the adjec-
tive friendly by adding the suffix -Iv. A more complex derivation would allow
you to derive the noun friendliness from the adjective form. There are many
interesting issues concerned wi

th how words are derived and how the choice of
word form is affected by the syntactic stru

cture of the sentence that constrains it.
Traditionally, linguists classify word

s into different categories based 0
their uses. Two related areas of evidence are used to divide words into categories.
The first area concerns the word’s contri

bution to the meaning of the phrase that
coniaifis it and the second area concerns the actual syntactic structures in which
the word may play a role. For example, you might posit the class noun as those
words that can be used to identify the

basic type of object, concept, or place
being discussed, and adjective as thos

e words that further qualify the object,
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green would be an adjective and hook a noun, as shown
n books. But things are not sO simple:
That green is lighter than the other, and

concept, or place. Thus
in the phrases the green book and gree

green might play the role of a noun, as In
book might play the role of a modifier. as in the book worm. In fact, most nouns

seem to be able to be used as a modifier in some situations. Perhaps the classes
should be combined, since they overlap a great deal. But other forms of evidence
exist. Consider what words could complete the sentence /t's so . ... You might
say It's so green, It's so hot, It's so true, and so on. Note that although book can
be a modifier in the book worm, you cannot say *lt's so book about anything.
Thus there are two classes of modifiers: adjective modifiers and noun modifiers.

Consider again the case where adjectives can be used as nouns. as in the
green. Not all adjectives can be used in such a way. For example, the noun
phrase the hot can be used, given a context where there are hot and cold plates, in
a sentence such as The hot are on the table. But this refers to the hot plates: it
cannot refer to hotness in the way the phrase the green refers to green. With this
evidence you could subdivide adjectives into two subclasses—those that can also
be used to describe a concept or quality directly, and those that cannot. Alter-
natively, however, you can simply say that green is ambiguous between being an
adjective or a noun and, therefore, falls in both classes. Since green can behave
like any other noun, the second solution seems the most direct.

Using similar arguments, we can identify four main classes of words in
English that contribute to the meaning of sentences. These classes are nouns,
adjectives, verbs, and adverbs. Sentences are built out of phrases centered on
these four word classes. Of course. there are many other classes of words that are
necessary to form sentences, such as articles, pronouns, prepositions, particles,
quantifiers, conjunctions, and so on. But these classes are fixed in the sense that
new words in these classes are rarely introduced into the language. New nouns,
verbs, adjectives and adverbs, on the other hand, are regularly introduced into the
language as it evolves. As a result, these classes are called the open class words,
and the others are called the closed class words. )

\A word in any of the four open classes may be used to form the basis of a
phrase. This word is called the head of the phrase and indicates the type of thing,
activity, or quality that the phrase describes. For example, with noun phrases, the
head word indicates the general classes of objects being described. The phrases

the dog
the mangy dog
the mangy dog at the pound

are all noun phrases that describe an object in the class of dogs. The first
describes a member from the class of all dogs. the second an object from the
class of mangy dogs, and the third an object from the class of mangy dogs that
are at the pound. The word dog is the head of each of these phrases.
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F Noun Phrases Verb Phrases

The president of the compary looked up the chimney

His desire 10 succeed believed rhat the world was flat
Several challenges from the opposing rteam ate the pizza

Adjective Phrases Adverbial Phrases
rapidly like a bat

easy ro assemble
happy rhat he’d won the prize intermittently throughout the day
angry as a hippo inside the house

Figure 2.1 Examples of heads and complements

Similarly, the adjective phrases

hungry

very hungry

hungry as a horse
all describe the quality of hunger. In each case the word hungry is the head.

~ In some cases a phrase may consist of a single head. For example, the word

sand can be a noun phrase, hungry can be an adjective phrase, and walked can be
a verb phrase. In many other cases the head requires additional phrases following
it to express the desired meaning: For example, the verb put cannot form a verb
phrase in isolation; thus the following words do not form a meaningful sentence:

*Jack put.
To be meaningful, the verb pur must be followed by a noun phrase af)d a phrase
describing a location, as in the verb phrase put the dog in the house)The phrase
or set of phrases needed to complete the meaning of such a head 4s called tl?e
complement of the head. In the preceding phrase pu is the head and the dog in
the house is the complement. Heads of all the major classes may requirc‘ comple-
ments. Figure 2.1 gives some examples of phrases, with the pead indicated t?y
boldface and the complements by italics. In the remainder of this chapter, we will
look at these different tpes of phrases in more detail and see how they are

structured and how they contribute to the meaning of sentences.

2.2 The Elements of Simple Noun Phrases

LNoun phrases (NPs) are used to refer to things: objects, places, Cof‘cepts;leve:ts’
qualities, and so on. The simplest NP consists of a single pronoun: he, she, tt ecyé
you, me, it, I, a=d so on. Pronouns can refer to physical objects, as 1n the senien

It hid under the rug.
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to events, as in the sentence

Once 1 opened the door. I regretted i7 for months.

and to qualities. as in the sentence
He was so angry, but he didn’t show ir.

Pronouns do not take any modifiers except in rare forms, as in the sentence

He who hesitates is lost.

Another basic form of noun phrase consists of a name or proper noun,

such as John or Rochester. These nouns appear in capitalized form in carefully
written English. Names may also consist of multiple words, as in the New York
Times and Stratford-on-Avon.

Excluding pronouns and proper names, the head of a noun phrase is usually

a common noun. Nouns divide into two main classes:

count nouns —nouns that describe specific obje .ts or sets of objects.
mass nouns —nouns that describe composites or substances.

Count nouns acquired their name because they can be counted. There may be one
dog or many dogs, one book or several books. one crowd or several crowds. If a
single count noun is used to describe a whole class of objects, it must be in its
plural form. Thus you can say Dogs are friendly but not *Dog is friendly.

Mass nouns cannot be counted. There may be some water, some wheat, or
some sand. If you try to count with a mass noun, you change the meaning. For
example. some wheat refers to a portion of some quantity of wheat, whereas one
whear is a single type of wheat rather than a single grain of wheat. A mass noun
can be used to describe a whole class of material without using a plural form.
Thus you say Water is necessary for life, not *Waters are necessary for life.

In addition to a head, a noun phrase may contain specifiers and qualifiers
preceding the head. The qualifiers further describe the general class of objects
identified by the head, while the specifiers indicate how many such objects are
peing described. as well as how the objects being described relate to the speaker
and hearer. Specifiers are constructed out of ordinals (such as first and second),
cardinals (such as one and rwo), and determiners. Determiners can be sub-

divided into the following general classes:

articles —the words the, a, and an.

demonstratives—words such as this, that, these, and those.

possessives —noun phrases followed by the suffix ’s, such as John's
and the fat man'’s, as well as possessive pronouns, such as her,
my, and whose.

wh-determiners—words used in questions, such as which and wha.

quantifying determiners —words such as some, every, most, no,
any, both, and half.
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Number First Person Second Person Third Person

he (masculine)

singular I you she (ferminine)
it (neuter)
plural we you they
Figure 2.2 Pronoun system (as subject)
Number First Person Second Person Third Person
singular my your his, her. its
plural our your their

Figure 2.3 Pronoun system (possessives)

A simple noun phrase may have at most one determiner, one ordinal, and
one cardinal. It is possible to have all three, as in the first three contestants. An
exception to this rule exists with a few quantifying determiners such as many
few, several, and little. These words can be preceded by an article, yielding noun
phrases such as the few songs we knew. Using this evidence, you could
subcategorize the quantifying determiners into those that allow this and those that
don’t, but the present coarse categorization is fine for our purposes at this time.

The qualifiers in a noun phrase occur after the specifiers (if any) and before
the head. They consist of adjectives and nouns being used as modifiers. The
following are more precise definitions:

_adjectives—words that attribute qualities to objects yet do not refer
to the qualities themselves (for example, angry is an adjective
that attributes the quality of anger to something).

noun modifiers—mass or count nouns used to modify another noun,
as in the cook book or the ceiling paint can.

Before moving on to other structures, consider the different inflectional
forms that nouns take and how they are realized in English. Two forms of
nouns—the singular and plural forms—have already been mentioned. Pronouns
take forms based on person (first, second, and third) and gender (masculine,
feminine, and neuter). Each of these distinctions reflects a systematic analysis
that is almost wholly explicit in some languages, such as Latin, while implicit in
others. In French, for example, nouns are classified by their gender. In English
many of these distinctions are not explicitly marked except in a few cases. The
pronouns provide the best example of this. They distinguish number, person,
gender, and case (that is, whether they are used as possessive, subject, or object),
as shown in Figures 2.2 through 2.4. '
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Number First Person Second Person Third Person
) him
singular me you her
it
] plural us you them
Figure 2.4 Pronoun system (as object)
Example

Mood

declarative (or assertion)

The cat is sieeping.
Is the cat sleeping?

yes/no gquestion
wh-question What is sleeping? or Which cat is sleeping?
imperative (or command) Shoot the cat!
Figure 2.5 Basic moods of sentences
Form Examples Example Uses
base hit, cry, Hir the ball!
go, be I want to go.
simpie present hit, cries, The dog cries every day.
go, am I amn thirsty.
simpie past hit, cried, I was thirsty.
went, was I wenz to the store.
present participie hitting, crying, I'm going to the store.
going, being Being the last in line aggravates me.
past participle hit, cried, I've been there before.
gone, been The cake was gone.

23

Figure 2.6 The five verb forms

Verb Phrases and Simple Sentences

7 Neun j5.¢
While an NP is used to refer to things, a sentence (S) is used to assert, query, or

' command. You may assert that some sentence is true, ask whether a sentence is
true, or command someone to do something described in the sentence. The way a

¥nco.j

sentence is used is called its mood . Figure 2.5 shows four basic sentence moods.
/A simple declarative sentence consists of an NP, the subject, followed by a

verb bhrase (VP), the predicate. A simple VP may consist of some adverbial

modifiers followed by the head verb and its complements. Every verb must

appear in one of the five possible forms shown in Figure 2.6.
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Tense The Verb Sequence Example

simple present simple present He walks to the store.

simple past simple past He walked to the store.

simple future will + infinitive He will walk to the store

present perfect have in present He has waiked 1o the store.
+ past participle

future perfect will + have in infinitive [ will have walked to the store.
+ past participle

past perfect have in past [ had walked 1o the store.

(or pluperfect) + past participle

Figure 2.7 The basic tenses

Tense Structure Example
present progressive  be in present He is walking.
+ present participle
past progressive be in past He was walking.
+ present participle
future progressive will + be in infinitive He will be walking.
+ present participle
present perfect have in present He has been walking.
progressive + be in past participle
+ present participle
future perfect will + have in present He will have been walking.
progressive + be as past participle
+ present participle
past perfect have in past He had been walking.
progressive + be in past participle
+ present participle

Figure 2.8 The progressive tenses

’/\Verbs can be divided into several different classes: the auxiliary verbs,
such as be, do, and have; the modal verbs, such as will, can, and could; and the
main verbs, such as eat, ran, and believe. The auxiliary and modal verbs usually
take a verb phrase as a complement, which produces a sequence of verbs, each
the head of its own verb phrase. These sequences are used to form sentences with
different tenses.

The tense system identifies when the proposition described in the sentence
is said to be true. The tense system is complex; only the basic form}are outlined |
in Figure 2.7. In addmon(, verbs may be in the progressive tense \Correspondmg
to the tenses listed in Figure 2.7 are the progressive tenses shown in Figure 2.8.
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First Second Third
Singular 1 am you are he is

I walk you walk she walks

Plural we are you are they are

we walk you walk they walk

Figure 2.9 Person/number forms of verbs

Each progressive tense is formed by the normal tense construction of the verb be
followed by a present participle.

Verb groups also encode person and number information in the first word
in the verb group. The person and number must agree with the noun phrase that is
the subject of the verb phrase. Some verbs distinguish nearly all the possibilities,
but most verbs distinguish only the third person singular (by adding an -s suffix).
Some examples are shown in Figure 2.9.

Transitivity and Passives

The last verb in a verb sequence is called the main verb, and is drawn from the
open class of verbs. Depending on the verb, a wide variety of complement struc-
tures are allowed. For example, certain verbs may stand alone with no comple-
ment. These are called intransitive verbs and include examples such as laugh
(for example. Jack laughed) and run (for example, He will have been running).
Another common complement form requires a noun phrase to follow the verb.
These are cailed transitive verbs and include verbs such as find (for example,
Jack found a key). Notice that find cannot be intransitive (for example, *Jack
found is not a reasonable sentence), whereas laugh cannot be transitive (for
example. *Jack laughed a key is not a reasonable sentence). A verb like > run, on
the other hand, can be transitive or intransitive, but the meaning of the verb is
different in each case (for example, Jack ran vs. Jack ran the machine). )

Transitive verbs allow another form of verb group called the passive form,
which is constructed using a be auxiliary followed by the past participle. In the
passive form the noun phrase that would usually be in the object position is used
in the subject position, as can be seen by the examples in Figure 2.10. Note that
tense is still carried by the initial verb in the verb group. Also, even though the
first noun phrase semantically seems to be the object of the verb in passive
sentences, it is syntactically the subject. This can be seen by checking the
pronoun forms. For example, I was hit is correct, not *Me was hit. Furthermore,
the tense and number agreement is between the verb and the syntactic subject!
Thus you say / was hit by them, not *I were hit by them.

Some verbs allow two noun phrases to follow them in a sentence! for
example, Jack gave Sue a book or Jack found me a key.'In such sentences the
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Active Sentence Related Passive Sentence
Jack saw the ball. The ball was seen by Jack.

I will find the clue. The clue will be found by me
Jack hit me. [ was hit by Jack.

Figure 2.10  Active sentences with corresponding passive sentences

second NP corresponds to the object NP outlined earlier and is sometimes called
the direct object. The other NP is called the indirect object. Generally, such
sentences have an equivalent sentence where the indirect object appears with a
preposition, as in Jack gave a book to Sue or Jack found a key for me.

Particles

Some verb forms are constructed from a verb and an additional word called a
particle. Particles generally overlap with the class of prepositions considered in
the next section., Some examples are up, out, over, and in. With verbs such as
look, take, or put, you can construct many different verbs by combining the verb
with a particle (for example, look up, look out, look over, and so on). In some
sentences the difference between a particle and a preposition results in two
different readings for the same sentence. For example, look over the paper would
mean reading the paper, if you consider over a particle (the verb is look over).In
contrast, the same sentence would mean looking at something else behind or
above the paper, if you consider over a preposition (the verb is look).

You can make a sharp distinction between particles and prepositions when
the objggt of the verb is a pronoun. With a verb-particle sentence, the pronoun
must precede the particle, as in / looked it up. With the prepositional reading, the
pronoun follows the preposition, as in / looked up ir. Particles also may follow
the object NP. Thus you can say / gave up the game to Mary or I gave the game
up to Mary. This is not allowed with prepositions; for example, vou cannot say *I_
climbed the ladder up.

Clausal Complements

Many verbs allow clauses as complements. Clauses share most of the same prop-
erties of sentences and may have a subject, indicate tense, and occur in passivized
forms. One common clause form consists of a sentence form preceded by the
complementizer that, as in that Jack ate the pizza. This clause will be identified
by the expression S[that], indicating a special subclass of S structures. This
clause miimeir as the complement of the verb know. as in Sam knows that
Jack ate the pizza. The passive is possible, as in Sam knows that the pizza was
eaten by Jack.
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 Another clause type involves the infinitive form of the verb. The vP[inf]
clause is simply a VP starting in the infinitive form. as in the complement of the
verb wish in Jack wishes 1o eat the pizza. An infinitive sentence S[inf] form is
also possible where the subject is indicated by a for phrase, as in Jack wishes for
Sam to eat the pizza.
Another important class of clauses are sentences with complementizers that
are wh-words. such as who, what, where. why, whether, and how many. These
queston clauses. S{WH]. can be used as a complement of verbs such as know. as

in Sam knows whether we went to the party and The police know who committed
the crime.

Prepositional Phrase Complements

Many verbs require complements that involve a specific prepositional phrase
(PP). The verb give takes a complement consisting of an NP and a PP with the

preposition 7o, as in Jack gave the book to the library. No cther preposition can
be used. Consider

*Jack gave the book from the library. (OK only if from the library
modifies book.)

In contrast. a verb like pur can take any PP that describes a location, as in

Jack put the book in the box.
Jack put the book inside the box.
Jack put the book by the door.

To account for this, we allow complement specifications that indicate prepo-
sitional phrases with particular prepositions. Thus the verb give would have a
complement of the form NP+PP[to]. Similarly the verb decide would have a
complement form NP+PP|about], and the verb blame would have a complement
form NP+PP|on], as in Jack blamed the accident on the police.

Verbs such as put, which take any phrase that can describe a location
(complement NP+Location), are also common in English. While locations are
typically prepositional phrases, they also can be noun phrases, such as home, or
particles, such as back or here. A distinction can be made between phrases that
describe locations and phrases that describe a path of motion, although many
location phrases can be interpreted either way. The distinction can be made in
some cases. though. For instance, prepositional phrases beginning with o
generally indicate a path of motion. Thus they cannot be used with a verb such as
put that requires a location (for example, *I put the ball to the box). This
distinction will be explored further in Chapter 4.

Figure 2.11 summarizes many of the verb complement structures found in
English. A full list would contain over 40 different forms. Note that while the
examples typically use a different verb for each form, most verbs will allow
several different complement structures.
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Verb Complement Structure Example

laugh Empty (intransitive) Jack laughed.

find NP (transitive) Jack found a key.

give NP+NP (bitransitive) Jack gave Sue the paper

give NP+PP[to] Jack gave the book to the library
reside Location phrase Jack resides in Rochester

put NP+Location phrase Jack put the book inside.

speak PP[with]+PP[ah0ul] Jack spoke with Sue about the book.
try VP[to] Jack tried to apologize.

tell NP+VP[to] Jack told the man to 2o

wish Sto) Jack wished for the man to go.

keep VP[ing] Jack keeps hoping for the best.

catch NP+VP[ing] Jack caught Sam looking in his desk.
watch NP+VP[base] Jack watched Sam eat the pizza.
regret S(that) Jack regretted that he'd eaten the whole thing.
tell NP+S[that) Jack told Sue that he was sorry.
seem ADJP Jack seems unhappy in his new job.
think NP+ADJP Jack thinks Sue is happy in her job.
know S[WH]) Jack knows where the money is.

24

Figure 2.11 Some common verb complement structures in English

Noun Phrases Revisited

noun familiarity has the complement form PP]wilh]
computers. )

' Many nouns, such as desire, reluctance, and research, take an infinitive VP

form as a complement, as in the noun phrases his desire fo release the guinea pig,
a reluctance to open the ¢

ase again, and the doctor's research to find a cure for

cancer. These nouns, in fact, can also take the S[inf] form. as in my hope for
John 10 open the case again. -
‘Noun phrases can ahyo be built out of clause;\: which were introduced in the

last seetiop as the complements for verbs' For example, a thar clause (S(that]) can
be used as'the subject of a sentence, as in the sentenc® That George had the ring
was surprising.’Infinitive forms of verb phrases (VP[inf]) and sentences (S[inf])
can also function as noun phrases, as in the sentences To own g car would be




delightful and For us io complete a project on time would be unprecedemed. In
addition, the gerundive forms (VP[ing] and S[ing]) can also function as noun

s Giving up the game was unfortunate and John's

phrases. as in the sentence
giving up the game caused a riol.
Relative clauses involve sentence forms used as modifiers in noun phrases.
which,

These clauses arc often introduced by relative pronouns such as who,

that, and so on, as in

The man who gave Bill the money . ..

The rug that George gave 10 Ernest . ..

The man whom George gave the money to . ..
each of these relative clauses, the embedded sentence is the same structure as 2
is missing. If this missing NP is
the result is a complete sentence
ed by the relative clause. The

In
regular sentence excepl that one noun phrase

filled in with the NP that the sentence modifies,
that captures the same meaning as what was convey
missing NPs in the preceding three sentences occur in the subject position, in the
object position, and as object to a preposition, respectively. Deleting the relative
pronoun and filling in the missing NP in each produces the following:

The man gave Bill the money.
George gave the rug 0 Emest. %
George gave the money 0 the man.

es can be modified in the same ways as

As was true earlier, relative claus
regular sentences. In particular, passive forms of the preceding sentences would

be as follows:

Bill was given the money by the man.
The rug was given to Emest by George.
The money was given to the man by George.

Correspondingly, these sentences could have relative clauses in the passive

form as follows:

The man Bill was given the money by ...
The rug that was given 10 Ernest by George . . .
The man whom the money was given to by George ..

Notice that some relative clauses need not be introduced by a relative pronoun.
Often the relative pronoun can be omitted, producing what is called a base
relative clause, as in the NP the man George gave the money 10. Yet another
form deletes the relative pronoun and an auxiliary be form, creating a reduced
relative clause, as in the NP the man given the money, which means the same as

the NP the man who was given the money.
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2.5 Adjective Phrases

2.6

You have already seen simple adjective phrases (ADJPs) consisting of a single
adjectivé in several examples. More complex adjective phrases are also possible,
as adjectives may take many of the same complement forms that occur with
verbs. This includes specific prepositional phrases, as with the adjective pleased,
which takes the complement form PP[with] (for example, Jack was pleased with
the prize), or angry with the complement form PP[at] (for example, Jack was
angry at the committee). Angry also may take an S[that] complement form, as in
Jack was angry that he was left behind. Other adjectives take infinitive forms,
such as the adjective willing with the complement form VP[inf], as in Jack
seemed willing to lead the chorus. .

These more complex adjective phrases are most commonly found as the
complements of verbs such as be or seem, or following the head in a noun phrase.
They generally cannot be used as modifiers preceding the heads of noun phrases
(for example, consider *the angry at the committee man vs. the angry man vs. the
man angry at the committee ).

Adjecuve phrases may also take a degree modifier preceding the head, as in
the adjective phrase very angry or somewhat fond of Mary. More complex degree
modifications are possible, as in far too heavy and much more desperate. Finally,
certain constructs have degree modifiers that involve their own complement
forms, as in too stupid to come in out of the rain, so boring that everyone fell
asleep, and as slow as a dead horse.

Adverbial Phrases

You have already seen ‘adverbs in use in several constructs, such as indicators of
degree (for example, very, ra rather, too), and in location phrases “(for example,
here, everywhere). Other forms of adverbs indicate the manner in which
somethmg is done (for example, slowly, hesitantly), the time of something (for
example, now, yesterday), or the frequency of something (for example, fre-
quently, rarely, never).

\Adverbs may occur in several different positions in sentences: in the
sentence initial position (for example, Then, Jack will open the drawer), in the
verb sequence (for example, Jack then will open the drawer, Jack will then open
the drawer), and in the sentence final position (for example, Jack opened the
drawer then). The exact restrictions on what adverb can go where, however, is
quite idiosyncratic to the particular adverb.

In addition to these adverbs, adverbial modifiers can be constructed out of a
wide range of constructs, such as prepositional phrases indicating, among other
things, location (for example, in the box) or manner (for example, in great haste);
noun phrases indicating, among other things, frequency (for example, every day);
or clauses indicating, among other things, the time (for example, when the bomb
exploded). Such adverbial phrases, however, usually cannot occur except in the
sentence initial or sentence final position. For example, we can say Every day
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John opens his drawer or John opens his drawer every day, but not *John every
day opens his drawer. S

Sccause of the wide range of forms, it generally is more useful to consider
adverbial phrases (ADVPs) by function rather than syntactic form. Thus we can
consider manner, temporal, duration, location, degree, and frequency adverbial
phrgses each as its own form. We considered the location and degree forms
carlier, so here we will consider some of the others.

i Temporal adverbials occur in a wide range of forms: adverbial particles
(for example, now )_. ‘noun phrases (for example, today, yesterday), prepositional
phrases (for example, ar noon, during the fight), and clauses (for example, when
the clock struck noon, before the fight started). -

Frequency adverbials also can occur in a wide range of forms: particles (for
example. often), noun phrases (for example, every day), prepositional phrases
(for example, ar every party), and clauses (for cxample, every time that John
comes for a visit). ‘

Duration adverbials appear most commonly as prepositional phrases (for
example, for three hours, about 20 feer) and clauses (for example, until the moon
turns blue).

Manner adverbials occur in a wide range of forms, including particles (for
example, slowly), noun phrases (for example, rhis way), prepositional phrases
(for example, in great haste), and clauses (for example, by holding the embers at
the end of a stick).

In the analyses that follow, adverbials will most commonly occur as
modifiers of the action or state described in a sentence. As such, an issue arises as
o how to distinguish verb complements from adverbials. One distinction is that
adverbial phrases are always optional. Thus you should be able to delete the
adverbial and still have a sentence with approximately the same meaning
(mussing, obviously, the contribution of the adverbial). Consider the sentences

~

Jack put the box by the door. -~
Jack ate the pizza by the door. _~

In the first sentence the prepositional phrase is clearly a complement, since
deleting it to produce *Jack put the box results in a nonsensical utterance. On the
other hand, deleting the phrase from the second sentence has only a minor effect:
Jack ate the pizza is just a less general assertion about the same situation
described by Jack ate the pizza by the door. |

3 Summary

2

3
>
2

The major phrase structures of English have been introduced—namely, noun
phrases, sentences, prepositional phrases, adjective phrases, and adverbial
phrases. These will serve as the building blocks for the syntactic structures
introduced in the following chapters.




Linguistic Background: An Outline of English Syntax 37

Related Work and Further Readings

An excellent overview of English syntax is found in Baker (1989). The most
comprehensive sources are books that attempt to describe the entire structure of

English, such as Huddleston (1988). Quirk et al. (1972). and Leech and Svartvik
(1975).

Exercises for Chapter 2

L

(easy) The text described several different example tests for distinguishing
word classes. For example. nouns can occur in sentences of the form 7/ saw
the X, whereas adjectives can occur in sentences of the form /t's so X. Give
some additional tests to distinguish these forms and to distinguish between
count nouns and mass nouns. State whether each of the following words
can be used as an adjective. count noun. or mass noun. If the word is
ambiguous, give all its possible uses.

milk, house. liquid, green, group. concept. airborne

(easy) ldentify every major phrase (noun. verb, adjective. or adverbial
phrases) in the following sentences. For each. indicate the head of the

phrase and any complements of the head. Be sure to distinguish between
complements and optional modifiers.

The man played his fiddle in the street.
The people dissatisfied with the verdict left the courtroom.

(easy) A very useful test for determining the syntactic role of words and
phrases is the conjunction test. Conjunctions, such as and and or. tend to
join together two phrases of the same type. For instance, you can conjoin
nouns, as in the man and woman: noun phrases, as in the angry men and
the large dogs; and adjective phrases, as in the cow, angrv and confused,
broke the gate. In each of the following sentences, identify the type of
phrase being conjoined, and underline each phrase.

He was tired and hungrier than a herd of elephants.
We have never walked home or to the store from here.
The dog returned quickly and dropped the stick.

(easy) Explain in detail, using the terminology of this chapter, why each of
the following sentences is ill formed. In particular, state what rule (giv

enin
this chapter) has been violated.

a He barked the wrong tree up.

b.  She turned waters into wine.
Don’t take many all the cookies'
I feel floor today.

They all laughed the boy.

o oa e
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10.

(easv) Classify the following verbs as being intransitive, transitive, or
bitransitive (that 1s, it takes a two-NP complement). If the verb can be used
in more than one of these forms. give each possible classification. Give an
example sentence for each form to demonstrate your analysis.

a cny

b. sing

o] donate
d put

(easv) Using the verb to be, give example sentences that use the six basic
tenses listed in Figure 2.7 and the six progressive tenses listed in Figure
2.8.

(easv) Using the verb donate, give examples of the passive form for each
of the six basic tenses listed in Figure 2.7.

(easy) Classify the following verbs by specifying what different comple-
ment structures they allow. using the forms defined in Figure 2.11.

give, know, assume, insert

Give an example of an additional complement structure that is allowed by
one of these verbs but not listed in the figure.

(easy) Find five verbs not discussed in this chapter that take an indirect
object and, for each one. give a paraphrase of the same sentence using a
prepositional phrase instead of the indirect object. Try for as wide a range
as possible. Can you find one that cannot be paraphrased using either the
preposition 1o or for?

(medium) Wh-questions are questions that use a class of words that
includes what, where, who. when, whose, which, and how. For each of
these words, give the syntactic categories (for example, verb, noun, noun
group, adjective, quantifier, prepositional phrase, and so on) in which the
words can be used. Justify each classification with some examples that
demonstrate it. Use both positive and negative arguments as necessary
¢such as “it is one of these because . . .,” or “it can’t be one of these even
though it looks like it might, because . . .").
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3.1

To examine how the syntactic structure of a sentence can be computcd, you must
consider two things: the grammar, which is a formal spccxﬁca'uon. of the struc-
tures allowable in the language, and the parsing technique, which is the methqd
of analyzing a sentence to determine its structure according to the grammar. This
chapter examines different ways to specify simple grammars and considers some
fundamental parsing techniques. Chapter 4 then describes the n?ethods for con-
structing syntactic representations that are useful for later semantic interpretation.

The discussion begins by introducing a notation for descnbmg the structure
of natural language and describing some naive parsing techniques for that .
grammar. The second section describes some characteristics of a gpod grammar.
The third section then considers a simple parsing technique and introduces the
idea of parsing as a search process. The fourth section describes a method for
building efficient parsers using a structure called a chart. The fifth section then
describes an alternative representation of grammars based on transition networks.
The remaining sections deal with optional and advanced issues. Section 3.6
describes a top-down chart parser that combines the advantages of top-down and
bottom-up approaches. Section 3.7 introduces the notion of finite state trans-
ducers and discusses their use in morphological processing. Section 3.8 shows
how to encode context-free grammars as assertions in PROLOG, introducing the
notion of logic grammars.

Grammars and Sentence Structure

This section considers methods of describing the structure of sentences and
explores ways of characterizing all the legal structures in a language. The most
common way of representing how a sentence is broken into its major-subparts,
and how those subparts are broken up in turn, is as a tree! The tree representation
for the sentence John ate the cat is shown in Figure 3.1. This illustration can be
read as follows: The sentence (S) consists of an initial noun phrase (NP) and a
verb phrase (VP). The initial noun phrase is made of the simple NAME John.
The verb phrase is composed of a verb (V) ate and an NP, which consists of an

article (ART) the and a common noun (N) car. In list notation this same structure
could be represented as

(S (NP (NAME John))
(VP (V ate)

(NP (ART the)

(N cat))))

Since trees play such an important role throughout this book, some
terminology needs to be introduced, Trees are a special form of graph, which are
structures consisting of labeled nodes (for example, the nodes are labeled S, NP,
and so on in Figure 3.1) connected by links. They are called trees because they
resemble upside-down trees, and much of the terminology is derived from this
analogy with actual trees. The node at the top is called the root of the tree, while




42

CHAPTER 3

N\
N
/ mc/ ART/

NAME

John \ N

the cat
Figure 3.1 A tree representation of John ate the cat

. S > NPVP 5. NAME - John

2 VP -5 VNP 6. V — ate

3. NP —» NAME 7. ART — the

4. NP — ARTN 8 N — ca

Grammar 3.2 A simple grammar

the nodes at the bottom are called the leaves. We say a link points from a parent
node to 2 child node.\The node labeled S in Figure 3.1 is the parent node of the
nodes labeled NP and VP, and the node labeled NP is in turn the parent node of
the node labeled NAME. While every child node has a unique parent, a parent
may point to many child nodes. An ancestor of a node N is defined as N’s
parent, or the parent of its parent, and so on. A node is dominated by its ancestor
nodes. The root node dominates all other nodes in the tree.

To construct a tree structure for a sentence, you must know what structures
are legal for English. A set of rewrite rules describes what tree structures are
allowable. These rules say that a certain symbol may be expanded in the tree by a
sequence of other symbols. A set of rules that would allow the tree structure in
Figure 3.1 is shown as Grammar 3.2. Rule 1 says that an S may consist of an NP
followed by a2 VP. Rule 2 says that a VP may consist of a V followed by an NP.
Rules 3 and 4 say that an NP may consist of a NAME or may consist of an ART
followed by an N. Rules 5-8 define possible words for the categories, Grammars
consisting entirely of rules with a single symbol on the left-hand side, called the
mother, are called context-free grammars (CFGs). CFGs are a very important
class of grammars for two reasons: The formalism is powerful enough to describe
most of the structure in natural languages, yet it is restricted enough so that
efficient parsers can be built to analyze sentences. Symbols that cannot be further
decomposed in a grammar, namely the words in the preceding example, are
called terminal symbols. The other symbols, such as NP, VP, and S, are called
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nonterminal symbols. The grammatical symbols such as N and V that describe
word categories are called lexical symbols. Of course, many words will be listed
under multiple categories. For example, can would be listed under V and N.
Grammars have a special symbol called the start symbol. In this book, the
start symbol will always be S. A grammar is said to derive a sentence if there is a
sequence of rules that allow you to rewrite the start symbol into the sentence. For
instance, Grammar 3.2 derives the sentence John ate the cat. This can be seen by
showing the sequence of rewrites starting from the S symbol, as follows:

S

= NPVP (rewriting S)

= NAME VP (rewriting NP)

= John VP (rewriting NAME)
= John V NP (rewriting VP)

= John ate NP (rewriting V)

= John ate ART N (rewriting NP)

= John ate the N (rewriting ART)
= John ate the cat (rewriting N)

/ Two important processes are based on derivations. The first is sentence
gené’ration, which uses derivations to construct legal sentences. A simple gener-
ator could be implemented by randomly choosing rewrite rules, starting from the
S symbol, until you have a sequence of words. The preceding example shows that
the sentence John ate the cat can be generated from the grammar. The second
process based on derivations is parsing, which identifies the structure of sen-
tences given a grammar. There are two basic methods of searching. A top-down
strategy starts with the S symbol and then searches through different ways to
rewrite the symbols until the input sentence is generated. or until all possibilities
have been explored. The preceding example demonstrates that John ate the cat is
a legal sentence by showing the derivation that could be found by this process.

In a bottom-up strategy, you start with the words in the sentence and use
the rewrite rules backward to reduce the sequence of symbols until it consists
solely of S. The left-hand side of each rule is used to rewnte the symbol on the
right-hand side. A possible bottom-up parse of the sentence John ate the cat is

= NAME ate the cat (rewriting John)

= NAMEV the cat (rewriting ate)

= NAME V ART cat (rewriting the)

= NAME V ARTN (rewriting cat)

= NPV ARTN (rewriting NAME)
= NP VNP (rewriting ART N)
= NP VP (rewriting V NP)
= S (rewriting NP VP)

A tree representation, such as Figure 3.1, can be viewed as a record of the
CFG rules that account for the structure of the sentence. In other words, if you
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~— oulc something similar to the parse tree representation.
3
- 3.2 What Mak
S s 2 Takes a Good Grammar
i In construcung a grammar for a language. you are interested in generality. the
range of sentences the grammar analyzes correctly; selectivity, the range of non-

sentences it identifies as problematic: and understandability, the simplicity of
- the grammar itself.
—_—— In small grammars, such as those that describe only a few types of
sentences. one structural analysis of a sentence may appear as understandable as
"‘ another. and Iittle can be said as to why one is superior to the other. As you
attempt to extend a grammar to cover a wide range of sentences, however, you
»

o

often find that one analysis is casily extendable while the other requires complex

modification. The analysis that retains its simplicity and generality as it is
g, extended 1s more desirable.
3 Unfortunately, here you will be working mostly with small grammars and
g so will have only a few opportunities to evaluate an analysis as it is extended.
y ’ You can attempt to make your solutions generalizable, however, by keeping in
mind certain properties that any solution should have. In particular, pay close
- ’ attention to the way the sentence is divided into its subparts, called constituents.
Besides using your intuition, you can apply a few specific tests, discussed here.
\’ Anytime you decide that a group of words forms a particular constituent,
{ry 1o construct a new sentence that involves that group of words in a conjunction
gy ’ with another group of words classified as the same type of constituent. This is a
£00d test because for the most part only constituents of the same type can be
.y conjoined. The sentences in Figure 3.3, for example, are acceptable, but the
following sentences are not:
— J *I ate a hamburger and on the stove.
‘, *I ate a cold hot dog and well burned.
"% ’ *I ate the hot dog slowly and a hamburger.
? To summarize, if the proposed constituent doesn’t conjoin in some sentence with
f““"! a consutuent of the same clas§, it ls.probably incorrect.
| Another test involves inserting the proposed constituent into other sen-
— ’ tences that take the same category of constituent. For example, if you say that
John's hitting of Mary is an NP in John's hitting of Mary alarmed Sue, then it
should be usable as an NP in other sentences as well. In fact this is true—the NP
" 4 can be the object of a verb, as in / cannot explain John's hitting of Mary as well

as in the passive form of the initial sentence Sue was alarmed by John’s hitting of
Mary. Given this evidence, you can conclude that the proposed constituent

appears 1o behave just like other NPs.
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NP-NP: [ ate a hamburger and a hot dog.

VP-VP: 1 will eat the hamburger and throw away the hot dog.

S-S: I ate a hamburger and John ate a hot dog.

PP-PP: 1 saw a hot dog in the bag and on the stove.

ADIJP-ADIJP: 1 ate a cold and well burned hot dog.

ADVP-ADVP: [ ate the hot dog slowly and very carefully.

N-N: I ate a hamburger and hot dog.

V-V: I will cook and burn a hamburger.

AUX-AUX: I can and will eat the hot dog.

ADJ-ADIJ: 1 ate the very cold and burned hot dog (that is, very cold and very burned).

Figure 3.3 Various forms of conjunctions

As another example of applying these principles, consider the two sen-
tences [ looked up John’s phone number and I looked up John's chimney. Should
these sentences have the identical structure? If so, you would presumably analvze
both as subject-verb-complement sentences with the complement in both cases
being a PP. That is, up John's phone number would be a PP.

When you try the conjunction test, you should become suspicious of this
analysis. Conjoining up John's phone number with another PP, as in */ looked up
John’s phone number and in his cupboards, is certainly bizarre. Note that /
looked up John’s chimney and in his cupboards is perfectly acceptable. Thus
apparently the analysis of up John's phone number as a PP is incorrect.

Further evidence against the PP analysis is that up John's phone number
does not seem usable as a PP in any sentences other than ones involving a few
verbs such as look or thought. Even with the verb look, an alternative sentence
such as *Up John's phone number, I looked is quite implausible compared to L'p
John’s chimney, I looked .

This type of test can be taken further by considering changing the PP in a
manner that usually is allowed. In particular, you should be able to replace the
NP John’s phone number by the pronoun it. But the resulting sentence, / looked
up it, could not be used with the same meaning as / looked up John's phone
number. In fact, the only way to use a pronoun and retain the original meaning is
to use / looked it up, corresponding to the form [ looked John's phone number up.

Thus a different analysis is needed for each of the two sentences. If up
John's phone number is not a PP, then two remaining analyses may be possible.
The VP could be the complex verb looked up followed by an NP, or it could con-
sist of three components: the V looked, a particle up, and an NP. Either of these
is a better solution. What types of tests might you do to decide between them?

As you develop a grammar, each constituent is used in more and more
different ways. As a result, you have a growing number of tests that can be per-
formed to see if a new analysis is reasonable or not. Sometimes the analysis of a
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BOX 3.1 Generative Capacity

Grammatical formalisms based on rewrite rules can be compared according to their
generative capacity, which is the range of languages that each formalism can
describe. This book is concerned with natural languages, but it turns out that no
natural language can be characterized precisely enough to define generative capac-
ity. Formal languages, however, allow a precise mathematical characterization.

Consider a formal language consisting of the symbols a, b, ¢, and d (think of
these as words). Then consider a language L1 that allows any sequence of letters in
alphabetical order. For example. abd, ad, bcd, b, and abcd are all legal sentences.
To describe this language, we can write a grammar in which the right-hand side of
every rule consists of one terminal symbol possibly followed by one nonterminal.
Such a grammar is called a regular grammar. For L1 the grammar would be

S — afl S —»d S1 —- d S3 > d
S -5bS2 S1 - bS2 S2 -5 ¢cS3
S = ¢S3 S1 - ¢S3 S2 - d

Consider another language, L2, that consists only of sentences that have a
seguence of a's followed by an equal number of b’s—that is, ab, aabb, aaabbb,
and so on. You cannot write a regular grammar that can generate L2 exactly. A
context-free grammar to generate L2, however, is simple:

S — ab S — aSb

Some languages cannot be generated by a CFG. One example is the language
that consists of a sequence of a’s, followed by the same number of b’s, followed by
the same number of ¢'s—that is, abe, aabbee, aaabbbece, and so on. Similarly, no
context-free grammar can generate the language that consists of any sequence of
letters repeated in the same order twice, such as abab, abcabc, acdabacdab, and so
on. There are more general grammatical systems that can generate such sequences,
however. One important class is the context-sensitive grammar, which consists of
rules of the form

aAf — oyf
where A is a symbol, a and B are (possibly empty) sequences of symbols, and  is
a nonempty sequence of symbols. Even more general are the type 0 grammars,
which allow arbitrary rewrite rules.

Work in formal language theory began with Chomsky (1956). Since the
languages generated by regular grammars are a subset of those generated by
context-free grammars, which in turn are a subset of those generated by context-
sensitive grammars, which in turn are a subset of those generated by type 0
languages, they form a hierarchy of languages (called the Chomsky Hierarchy ).

new form might force you to back up and modify the existing grammar. This
backward step is unavoidable given the current state of linguistic knowledge. The
important point to remember, though, is that when a new rule is proposed for a
grammar, you must carefully consider its interaction with existing rules.

‘e
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. S > NPVP 4. VP -V
2 NP — ARTN 5. VP - VNP
3. NP — ARTADIN

Grammar 34

3.}4& Top-Down Parser

. A parsing algorithm can be described as a procedure that searches through
various ways of combining grammatical rules to find a combination that gene-
rates a tree that could be the structure of the input sentence. To keep this initial
formulation simple, we will not explicitly construct the tree. Rather, the
algorithm will simply return a yes or no answer as to whether such a tree could
be built. In other words, the algorithm will say whether a certain sentence is
accepted by the grammar or not. This section considers a simple top-down pars -
ing method in some detail and then relates this to work in artificial intelligence
(AI) on search procedures.

A top-down parser starts with the S symbol and attempts to rewrite it into a
sequence of terminal symbols that matches the classes of the words in the input
sentence. The state of the parse at any given time can be represented as a list of
symbols that are the result of operations applied so far, called the symbol list.
For example, the parser starts in the state (S) and after applying the rule S — NP
VP the symbol list will be (NP VP). If it then applies the rule NP - ART N, the
symbol list will be (ART N VP), and so on.

The parser could continue in this fashion until the state consisted entirely of
terminal symbols, and then it could check the input sentence to see if it matched.
But this would be quite wasteful, for a mistake made early on (say, in choosing
the rule that rewrites S) is not discovered until much later. A better algorithm
checks the input as soon as it can. In addition, rather than having a separate rule
to indicate the possible syntactic categories for each word, a structure called the
lexicon is used to efficiently store the possible categories for each word. For now
the lexicon will be very simple. A very small lexicon for use in the examples is

cried: V
dogs: N,V
the: ART

With a lexicon specified, a grammar, such as that shown as Grammar 3.4, need
not contain any lexical rules. -

Given these changes, a state of the parse is now defined by a pair: a symbol
list similar to before and a number indicating the current position in the sentence.
Positions fall between the words, with 1 being the position before the first word.’
For example, here is a sentence with its positions indicated:
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1 The > dogs 3 cried 4
A typical parse state would be

((N VP) 2)

indicating that the parser needs to find an N followed by a VP, starting at position
two. New states are generated from old states depending on whether the first
symbol is a lexical symbol or not. If it is a lexical symbol, like N in the preceding
example, and if the next word can belong to that lexical category, then you can
update the state by removing the first symbol and updating the position counter.
In this case. since the word dogs is listed as an N in the lexicon, the next parser

state would be

((VP) 3)
which means it needs to find a VP starting at position 3. If the first symbol is a
nonterminal. like VP, then it is rewritten using a rulc from the grammar. For
example. using rule 4 in Grammar 3.4, the new state would be

(V) 3)
which means it needs to find a V starting at position 3. On the other hand, using
rule S. the new state would be

((V NP) 3)

A parsing algorithm that is guaranteed
systematically explore every possible new state.
calied backtracking. Using this approach, rather than generating a single new
state from the state ((VP) 3), you generate all possible new states. One of these is
picked to be the next state and the rest are saved as backup states. If you ever
reach a situation where the current state cannot lead to a solution, you simply
pick 2 new current state from the list of backup states. Here is the algorithm in 2

little more detail.

to find a parse if there is one must
One simple technique for this is

A Simple Top-Down Parsing Algorithm

The algorithm manipulates a list of possible states, called the possibilities list.
The first element of this list is the current state, which consists of a symbol list
and a word position in the sentence, and the remaining elements of the search
state are the backup states, each indicating an alternate symbol-list-word-

position pair. For example, the possibilities list
(((N) 2) (NAME) 1) ((ADJIN) 1))

indicates that the current state consists of the symbol list (N) at position 2, and
that there are two possible backup states: one consisting of the symbol list
(NAME) at position 1 and the other consisting of the symbol list (ADJ N) at

position 1.




Grammars and Parsing 49

Step Current State Backup States Comment
1. (Sn

initial position
2 (NPVP) 1)

rewriting S by rule |

3. ((ARTN VP) 1) rewriting NP by rules 2 & 3
((ART ADJN VP) 1)

4, (NVP)2) matching ART with the
((ART ADINVP) 1)

5. ((VP) 3) matching N with dogs
((ART ADIN VP) 1)

6. (V) 3) rewriting VP by rules 5-8
((VNP) 3)
((ART ADIN VP) 1)

7.

the parse succeeds as V is
matched to cried, ieaving

an empty grammatical symbol
list with an empty sentence

Figure 3.5 Top-down depth-first parse of | The 2 dogs 3 cried 4

( The algorithm starts with the initial state ((S) 1) and no backup states.

L Select the current state: Take the first state off the possibilities
list and call it C. If the possibilities list is empty, then the
algorithm fails (that 18, no successful parse is possible).

2.

If C consists of an empty symbol list and the word position is at

the end of the sentence, then the algorithm succeeds.

3. Otherwise, generate the next possible states.

3.1. If the first symbol on the symbol list of C is a lexical
symbol, and the next word in the sentence can be in that
class, then create a new state by removing the first
symbol from the symbol list and updating the word
position, and add it to the possibilities list.

3.2. Otherwise, if the first symbol on the symbol list of C is a
non-terminal, generate a new state for each rule in the

grammar that can rewrite that nonterminal symbol and
add them all to the possibilities list. )

Consider an example. Using Grammar 3 .4, Figure 3.5 shows a trace of the
algorithm on the sentence The dogs cried. First, the initial S symbol is rewritten
using rule 1 to produce a new current state of ((NP VP) 1) in step 2. The NP is
then rewritten in turn, but since there are two possible rules for NP in the
grammar, two possible states are generated: The new current state involves (ART
N VP) at position 1, whereas the backup state involves (ART ADJ N VP) at
position 1. In step 4 a word in category ART is found at position 1 of the
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sentence, and the new current state becomes (N VP). The backup state generated
in step 3 remains untouched. The parse continues in this fashion to step 5, where
two different rules can rewrite VP. The first rule generates the new current state,
while the other rule is pushed onto the stack of backup states. The parse
completes successfully in step 7, since the current state is empty and all the
words in the input sentence have been accounted for.

Consider the same algorithm and grammar operating on the sentence

1 The 7 old 3 man 4 cried 5

In this case assume that the word old is ambiguous between an ADJ and an N and
that the word man is ambiguous between an N and a V (as in the sentence The

sailors man the boats). Specifically. the lexicon is

the: ART

old: ADJ, N

man: N, V

cried: V

The parse proceeds as follows (see Figure 3.6). The initial S symbol is
rewritten by rule 1 to produce the new current state of (NP VP) 1). The NP is
rewritten in turn, giving the new state of ((ART N VP) 1) with a backup state of
((ART ADJ N VP) 1). The parse continues, finding the as an ART to produce the
state (N VP) 2) and then old as an N to obtain the state ((VP) 3). There are now
two ways to rewrite the VP, giving us a current state of ((V) 3) and the backup
states of ((V NP) 3) and ((ART ADJ N) 1) from before. The word man can be
parsed as a V, giving the state (( ) 4). Unfortunately, while the symbol list is
empty, the word position is not at the end of the sentence, so no new state can be
generated and a backup state must be used. In the next cycle, step 8, (V NP) 3) is
attempted. Again man is taken as a V and the new state ((NP) 4) generated. None
of the rewrites of NP yield a successful parse. Finally, in step 12, the last backup
state, (ART ADJ N VP) 1), is tried and leads to a successful parse.

Parsing as a Search Procedure

You can think of parsing as a special case of a search problem as defined in Al
In particular, the top-down parser in this section was described in terms of the
following generalized search procedure. The possibilities list is initially set to the
start state of the parse. Then you repeat the following steps until you have

success or failure:
1. Select the first state from the possibilities list (and remove it

from the list).
2. Generate the new states by trying every possible option from
the selected state (there may be none if we are on 2 bad path).

3. Add the states generated in step 2 to the possibilities list.
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Step Current State Backup States Comment
(&

L @S
2 (NP VP) 1) S rewritten to NP VP
3 ((ARTNVP) 1) NP rewritten producing
((ART ADJNVP) 1) two new states
4 (NVP)2) C
((ART ADINVP) 1)
- ((VP) 3) the backup state remains c
((ART ADIN VP) 1)
6 ((V)3) €
((VNP) 3)
((ART ADIN VP) 1) t
7. QL))
((VNP) 3) t
((ARTADINVP) 1)
8. ((VNP)3) the first backup is chosen
((ARTADIJINVP) 1) C
9. ((NP) 4)
((ART ADJ N VP) 1) C
10. ((ART N) 4) looking for ART at 4 fails
((ART ADIJ N) 4) ‘
((ARTADIN VP) 1)
11. ((ART ADJ N) 4) fails again C
((ART ADIN VP) 1)
12. ((ARTADINVP) 1) now exploring backup state ‘
saved in step 3
13. ((ADJ N VP) 2) P
14. (NVP)3)
15. (VvpP)4) {
16. (WM 4)
((VNP)4)
17. (©)5)

success!

Figure 3.6 A top-down parse of | The , old 3 man 4 cried

For a depth-first strategy, the possibilities list is a stack. In other words,
step 1 always takes the first element off the list, and step 3 always puts the new
states on the front of the list, yielding a last-in first-out (LIFO) strategy.

In contrast, in a breadth-first strategy the possibilities list is manipulated

as a queue. Step 3 adds the new positions onto the end of the list, rather than the
beginning, yielding a first-in first-out (FIFO) strategy.
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L @S 1

2 ((NPVP)1) 2

/\

3 (ARTNVP)1) 3 12 ((ARTADJINVP)1) 4
l
4 (NVP)2) 5 13 ((ADINVP)2) 6
|
5 (VP)3) 7 14 (NVP)3) 8
/
6 (N3 9 hpm 10 15 ((vP)4) 11

7 WO 12 9 ((NP)4) 13 / \
/ \ 16 ((V)4) 14 (VNP)4) 15

10 ((ARTN)4) 16 \
11 ((ARTADIN)4) 17 17 ()5 18
success!

Figure 3.7 Search tree for two parse strategies (depth-first strategy on left; breadth-first on right)

We can compare these search strategies using a tree format, as in Figure
3.7. which shows the entire space of parser states for the last example. Each node
in the tree represents a parser state, and the sons of a node are the possible moves
from that state. The number beside each node records when the node was
selected to be processed by the algorithm. On the left side is the order produced
by the depth-first strategy, and on the right side is the order produced by the
breadth-first strategy. Remember, the sentence being parsed is

1 The 7 old 3 man 4 cried 5

The main difference between depth-first and breadth-first searches in this
simple example is the order in which the two possible interpretations of the first
NP are examined. With the depth-first strategy, one interpretation is considered
and expanded until it fails; only then is the second one considered. With the
breadth-first strategy, both interpretations are considered alternately, each being
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expanded one step at a time. In this:example, both depth-first and breadth-first
searches found the solution but searched the space in a different order; A depth-
first search often moves quickly to a solution but in other cases may spend con-
siderable time pursuing futile paths. The breadth-first strategy explores each
possible solution to a certain depth before moving on. In this particular example ‘
the depth-first strategy found the solution in one less step than the breadth-ﬁrst.’/:
(The state in the bottom right-hand side of Figure 3.7 was not explored by the
depth-first parse.)

In certain cases it is possible to put these simple search strategies into an
infinite loop. For example, consider a left-recursive rule that could be a first
account of the possessive in English (as in the NP the man’s coat):

NP5 NP 's N

[ With a naive depth-first strategy, a state starting with the nonterminal NP would
be rewritten to a new state beginning with NP 's N. But this state also begins with
an NP that could be rewritten in the same way. Unless an explicit check were
incorporated into the parser, it would rewrite NPs forever! The breadth-first
strategy does better with left-recursive rules, as it tries all other ways to rewrite
the original NP before coming fo the newly generated state with the new NP. But
with an ungrammatical sentence it would not terminate because it would rewrite
the NP forever while searching for a solution. For this reason. many systems
prohibit left-recursive rules from the grammar.

Many parsers built today use the depth-first strategy because it tends to

ol o .
minimize the number of backup states needed and thus uses less memory and

requires less bookkeeping.

R
}.4/ A Bottom-Up Chart Parser

The main difference between top-down and bottom-up parsers is the way the
grammar rules are used. For example, consider the rule

NP —» ART ADJN

In a top-down system you use the rule to find an NP by looking for the sequence
ART ADIJ N. In a bottom-up parser you use the rule to take a sequence ART ADJ
N that you have found and identify it as an NP. The basic operation in botiom-up
parsing then is to take a sequence of symbols and match it to the right-hand side
of the rules. You could build a bottom-up parser simply by formulating this
matching process as a search process. The state would simply consist of a symbol
list, starting with the words in the sentence. Successor states could be generated
by exploring all possible ways to

rewrite a word by its possible lexical categories
replace a sequence of symbols that matches the right-hand side
of a grammar rule by its left-hand side symbol \
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1. S > NPVP
2 NP — ARTADJN
3. NP — ARTN

4 NP — ADIN

5. VP - AUXVP
6. VP - VNP

Grammar 3.8 A simple context-free grammar
v
Unfortunately, such a simple implementation would be prohibitively expensive,
as the parser would tend to try the same matches again and again, thus dupli-
cating much of its work unnecessarily. To avoid this problem, a data structure
called a chart is introduced that allows the parser to store the partial results of the
matching it has done so far so that the work need not be reduplicated. )
Matches are always considered from the point of view of one constituent,
called the key. To find rules that match a string involving the key, look for rules
that start with the key, or for rules that have already been started by earlier keys
and require the present key either to complete the rule or to extend the rule. For

instance, consider Grammar 3.8.
Assume you are parsing a sentence that starts with an ART. With this ART

as the key, rules 2 and 3 are matched because they start with ART. To record this
for analyzing the next.key, you need to record that rules 2 and 3 could be
continued at the point after the ART. You denote this fact by writing the rule
with a dot (o), indicating what has been seen so far. Thus you record

2. NP - ART°ADIN
3. NP - ART°N
If the next input key is an ADJ, then rule 4 may be started, and the modi-

fied rule 2” may be extended to give

2. NP - ARTADJ°N

The chart maintains the record of all the constituents derived from the
sentence so far in the parse. It also maintains the record of rules that have
matched partially but are not complete. These are called the active arcs] For
example, after seeing an initial ART followed by an ADJ in the preceding
example, you would have the chart shown in Figure 3.9. You should interpret this
figure as follows. There are two completed constituents on the chart: ART1 from
position 1 to 2 and ADJ1 from position 2 to 3. There are four active arcs indi-
cating possible constituents. These are indicated by the arrows and are interpreted
as follows (from top to bottom). There is a potential NP starting at position 1,
which needs an ADJ starting at position 2. There is another potential NP starting
at position 1, which needs an N starting at position 2. There is a potential NP
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ARTI ADIJI

NP — ART ° ADJ N >
NP — ART> N >

NP - ADJ° N

=
NP — ART ADJ o N >

Figure 3.9 The chart after seeing an ADJ in position 2

To add a constituent C from position p; to p;:
| Insert C into the chart from position p; to p;.

2 For any active arc of the form X — X, ... ° C ... X, from position pg to p;,
add a new active arc X — X ... C ° ... X, from position pg 10 p;.

3 For any active arc of the form X — X ... X, ° C from position p to py,
then add a new constituent of type X from pg to p; to the agenda.

Figure 3.10 The arc extension algorithm

starting at position 2 with an ADJ, which needs an N starting at position 3.
Finally, there is a potential NP starting at position 1 with an ART and then an
ADJ, which needs an N starting at position 3.

The basic operation of a chart-based parser involves combining an active
arc with a completed constituent. The result is either a new completed constituent
or a new active arc that is an extension of the original active arc. New completed
constituents are maintained on a list called the agenda until they themselves are
added to the chart. This process is defined more precisely by the arc extension
algorithm shown in Figure 3.10. Given this algorithm, the bottom-up chart
parsing algorithm is specified in Figure 3.11.

As with the top-down parsers, you may use a depth-first or breadth-first
search strategy, depending on whether the agenda is implemented as a stack or a
queue. Also, for a full breadth-first strategy, you would need to read in the entire
input and add the interpretations of the words onto the agenda before starting the
algorithm. Let us assume a depth-first search strategy for the following example.

Consider using the algorithm on the sentence The large can can hold the
water using Grammar 3.8 with the following lexicon:
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i

Do until there 15 no mput left:

1. U the agenda is empty, look up the interpretations for the next word in the

input and add them to the agenda.
2 :elfoc: \oonsu'tuem from the agenda (let’s call it constituent C from position
] 2

For each rule in the grammar of form X — C X, ... X, add an active arc of
form X — < CX, ... X, from position p top,.

Add C 1o the chart using the arc extension algorithm above.

Figure 3.11 A bottom-up chart parsing algorithm

the: ART
large: ADJ]
can. N, AUX,V
hold: N,V
water: N,V

To best understand the example, draw the chart as it is extended at each
step of the algorithm. The agenda is initially empty, so the word the is read and a
constituent ART1 placed on the agenda.

Entering ART1: (the from 1 to 2)
Adds active arc NP - ART ° ADJ N from | to 2
Adds active arc NP —» ART ° N from 1 to 2

Both these active arcs were added by step 3 of the parsing algorithm and were
derived from rules 2 and 3 in the grammar, respectively. Next the word large is
read and a constituent ADJ1 is created.

Entering ADJ1: (large from 2 to 3)
Adds arc NP - ADJ°Nfrom2to3
Adds arc NP - ART ADJ° N from1to3

The first arc was added in step 3 of the algorithm. The second arc added here is
an extension of the first active arc that was added when ART1 was added to the
chart using the arc extension algorithm (step 4).

The chart at this point has already been shown in Figure 3.9. Notice that
active zrcs are never removed from the chart. For example, when the arc NP —
ART = ADIJ N from 1 to 2 was extended, producing the arc from 1 to 3, both arcs
remained on the chart. This is necessary because the arcs could be used again in a
different way by another interpretation.

For the next word, can, three constituents, N1, AUXI, and V1 are created
for its three interpretations.
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NP2 (rule 4)
NP1 (rule 2)
ART1 ADIJI N1
AUX1
Vi
1 the 2 large 3 can 4
NP—-)ARTOADJN)
NP-—)ARTONﬁ)
NP — ADJ o N S
NP — ART ADJ oN — >
S— NPoVP >
S— NPo°VP L.
VP - AUX-o> VP .
VP — Vo NP e

TTTIIIRRRRRRRE,

Figure 3.12 After parsing the large can

Entering N1: (can from 3 to 4)

No active arcs are added in step 2, but two are completed in step 4 by the arc
extension algorithm, producing two NPs that are added to the agenda: The first,
an NP from 1 to 4, is constructed from rule 2, while the second, an NP from 2 to
4, is constructed from rule 4. These NPs are now at the top of the agenda.

Entering NP1: an NP (the large can from 1 to 4)
Adding activearc S —» NP° VP from 1 to 4
Entering NP2: an NP (large can from 2 to 4)
Addingarc S —» NP° VP from 2 to 4
Entering AUX1: (can from 3 to 4)
Adding arc VP —» AUX ° VP from 3 to 4
Entering V1: (can from 3 to 4)
Adding arc VP - V ° NP from 3 to 4

The chart is shown in Figure 3.12, which illustrates all the completed constituents
(NP2, NP1, ARTI1, ADIJ1, N1, AUX1, V1) and all the uncompleted active arcs
entered so far. The next word is can again, and N2, AUX2, and V2 are created.
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NP2 (rule 4)
NP1 (rule 2)
NI N2
Vi V2 V3
ARTI ADJI AUXI AUX2 N3
1 the 2 large 3 can 4 can 5 hold 6
S — NPo VP 8
S— NP<VP -
VP — AUXe VPE
VP — Vo NP;
VP ——)AU’Xo!S
VP - Vo NP;

VP — VoNP;

Figure 3.13 The chart after adding hold, omitting arcs generated for the first NP

Entering N2: (can from 4 to 5, the second can)
Adds no active arcs

Entering AUX2: (can from 4 to 5)
Adds arc VP —» AUXc° VP from4to5

Entering V2: (can from 4 to 5)
Adds arc VP —» Ve NPfrom4to5

The next word is hold, and N3 and V3 are created.

Entering N3: (hold from 5 to 6)
Adds no active arcs

Entering V3: (hold from 5 to 6)
Adds arc VP — V ° NP from 5 to 6

The chart in Figure 3.13 shows all the completed constituents built so far,
together with all the active arcs, except for those used in the first NP.

Entering ART2: (the from 6 to 7)
Adding arc NP — ART ¢ ADJ N from 6 to 7
Adding arc NP — ART ¢ N from 6 to 7
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1

NP2 (rule 4)
NP1 (rule 2)
NI N2 NP3 (rule 3)
Vi V2 V3 va
ARTI ADJ1 AUXI AUX2 N3 ART2 N4

the 2 large 3 can 4 can 5 hold 6 the 7 water 8

S— NP oVP

=
S— NP o VP )

VP - AUX o VP
—_—

VP - AUX 2 VP /
—_—

&

D

(o}
R
1}

1
Figure 3.14 The chart after all the NPs are found, omitting all but the crucial active arci“ e,

Entering N4: (water from 7 to 8) ~
No active arcs added in step 3 s
An NP, NP3, from 6 to 8 is pushed onto the agenda, by completing
arc NP - ART ° N from 6 to 7
Entering NP3: (the water from 6 to 8)
A VP, VP1, from 5 to 8 is pushed onto the agenda, by completing
VP - V°NPfrom51t06
AddsarcS — NP° VP from 6 to 8

The chart at this stage is shown in Figure 3.14, but only the active arcs to be used
in the remainder of the parse are shown.

Entering VP1: (hold the water from 5 to 8)
A VP, VP2, from 4 to 8 is pushed onto the agenda, by completing
VP - AUX° VPfrom4to5
Entering VP2: (can hold the water from 4 to 8)
An §, S1, is added from 1 to 8, by completing
arcS —» NP° VP from 1 to 4
A VP, VP3, is added from 3 to 8, by completing
arc VP - AUX ° VP from3to 4
An §, 82, is added from 2 to 8, by completing
arcS —» NP° VP from2to 4

Since you have derived an S covering the entire sentence, you can stop
successfully. If you wanted to find all possible interpretations for the sentence,

\‘,l‘
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S1 (rule 1 with NP1 and VP2)
S2 (rule 1 with NP2 and VP2)
VP3 (rule 5 with AUX and VP2)

NP2 (ruie 4) VP2 (rule 5)
NP1 (rule 2) VPI (rule 6)
N1 N2 NP3 (rule 3)
Vi V2 V3 V4
ARTI ADIJI1 AUXI1 AUX2 N3 ART2 N4
5 hold 6 the 7 water

the 2 large 3 can 4 can

Figure 3.15 The final chart

you would continue parsing until the agenda became empty. The chart would
then contain as many S structures covering the entire set of positions as there
were different structural interpretations. In addition, this representation of the
entre set of structures would be more efficient than a list of interpretations,
because the different S structures might share common subparts represented in

the chart only once. Figure 3.15 shows the final chart.

Efficiency Considerations
Chart-based parsers can be considerably more efficient than parsers that rely only
on z search because the same constituent is never constructed more than once.
For instance, a pure top-down or bottom-up search strategy could require up to
C™ operations to parse a sentence of length n, where C is a constant that depends
on the specific algorithm you use. Even if C is very small, this exponential
complexity rapidly makes the algorithm unusable. A chart-based parser, on the
other hand, in the worst case would build every possible constituent between
every possible pair of positions. This allows us to show that it has a worst-case
complexity of K*n3, where n is the length of the sentence and K is a constant
depending on the algorithm. Of course, a chart parser involves more work in each
step, so K will be larger than C. To contrast the two approaches, assume that C is

10 and that K is z hundred times worse, 1000. Given a sentence of 12 words, the
brute force search might take 1012 operations (that is, 1,000,000,000,000),

whereas the char parser would take 1000 * 123 (that is, 1,728,000). Under these
assumptions, the chart parser would be up to 500,000 times faster than the brute

‘orce search on some examples!
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Transition Network Grammars

So far we have examined only one formalism for representing grammars, namely
context-free rewrite rules. Here we consider another formalism that is useful ina
wide range of applications. It is based on the notion of a transition network
consisting of nodes and labeled arcs. One of the nodes is specified as the initial
state, or start state. Consider the network named NP in Grammar 3.16, with the
initial state labeled NP and each arc labeled with a word category. Starting at the
initial state, you can traverse an arc if the current word in the sentence is in the
category on the arc. If the arc is followed, the current word is updated to the next
word. A phrase is a legal NP if there is a path from the node NP to a pop arc (an
arc labeled pop) that accounts for every word in the phrase. This network recog-
nizes the same set of sentences as the following context-free grammar:

NP — ART NP1
NP1 — ADJ NP1
NPl - N

Consider parsing the NP a purple cow with this network. Starting at the
node NP, you can follow the arc labeled art, since the current word is an article—
namely, a. From node NP1 you can follow the arc labeled adj using the adjective
purple, and finally, again from NP1, you can follow the arc labeled noun using
the noun cow. Since you have reached a pop arc, a purple cow is a legal NP.

Simple transition networks are often called finite state machines (FSMs).
Finite state machines are equivalent in expressive power to regular grammars
(see Box 3.2), and thus are not powerful enough to describe all languages that
can be described by a CFG. To get the descriptive power of CFGs, you need a
notion of recursion in the network grammar. A recursive transition network
(RTN) is like a simple transition network, except that it allows arc labels to refer
to other networks as well as word categories. Thus, given the NP network in
Grammar 3.16, a network for simple English sentences can be expressed as
shown in Grammar 3.17. Uppercase labels refer to networks. The arc from S to
S1 can be followed only if the NP network can be successfully traversed to a pop
arc. Although not shown in this example, RTNs allow true recursion—that is, a
network might have an arc labeled with its own name.

Consider finding a path through the S network for the sentence The purple
cow ate the grass. Starting at node S, to follow the arc labeled NP, you need to
traverse the NP network. Starting at node NP, traverse the network as before for
the input the purple cow. Following the pop arc in the NP network, return to the
S network and traverse the arc to node S1. From node S1 you follow the arc
labeled verb using the word aze. Finally, the arc labeled NP can be followed if
you can traverse the NP network again. This time the remaining input consists of
the words the grass. You follow the arc labeled art and then the arc labeled noun
in the NP network; then take the pop arc from node NP2 and then another pop
from node S3. Since you have traversed the network and used all the words in the
sentence, The purple cow ate the grass is accepted as a legal sentence.
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NP:

adj
Grammar 3.16
NP verb NP PR\

HOEROIROERO,

Grammar 3.17
Arc Tvpe Example How Used
CAT noun succeeds only if current word is of the named category
WRD of succeeds only if current word is identical to the label
PUSH NP succeeds only if named network can be successfully traversed
JUMP jump always succeeds
POP pop succeeds and signals the successful end of the network

Figure 3.18 The arc labels for RTNs

In practice, RTN systems incorporate some additional arc types that are
useful but not formally necessary. Figure 3.18 summarizes the arc types, together
with the notation that will be used in this book to indicate these arc types.
According to this terminology, arcs that are labeled with networks are called
push arcs, and arcs labeled with word categories are called cat arcs. In addition,

an arc that can always be followed is called a jump arc.

Top-Down Parsing with Recursive Transition Networks

An algorithm for parsing with- RTNs can be developed along the same lines as
the algorithms for parsing CFGs. The state of the parse at any moment can be
represented by the following:

current position —a pointer to the next word to be parsed.

current node—the node at which you are located in the network.

return points—a stack of nodes in other networks where you will
continue if you pop from the current network.

I 5§ —
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Grammar 3.19

First, consider an algorithm for searching an RTN that assumes that if you can
follow an arc, it will be the correct one in the final parse. Say you are in the
middle of a parse and know the three pieces of information just cited. You can
leave the current node and traverse an arc in the following cases:

Case 1:

Case 2:

Case 3:

Case 4:

If arc names word category and next word in sentence is in
that category,
Then (1) update current position to start at the next word;
(2) update current node to the destination of the arc.
If arc is a push arc to a network N,
Then (1) add the destination of the arc onto return points;
(2) update current node to the starting node in
network N.
If arc is a pop arc and return points list is not empty,
Then (1) remove first return point and make it current node.
If arc is a pop arc, return points list is empty and there are no
words left,
Then (1) parse completes successfully.

Grammar 3.19 shows a network grammar. The numbers on the arcs simply
indicate the order in which arcs will be tried when more than one arc leaves a

node.

PP T e N
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J‘\T 5
}ﬁ"" 3 Current Current Return  Arc to be
Step Node Position Points Followed Comments
-
v } j (S. 1. NIL) S/1 initial position
2 (NP. 1 (S1) NP/1 followed push arc to NP net-

3 3 ) work. to return ultimately to S1
_ v 3. (NP1. 2 (S1)) NP1/1 followed arc NP/1 (the)
-k, o 4 (NP1, 3 (S1)) NP1/2 followed arc NP1/1 (old)

/ S (NPZ. 4, (S1)) NP2/2 followed arc NP1/2 (man) since
| NP1/1 is not applicable
6 (S1. 4, NIL) S1/1 the pop arc gets us back to S1
' (82, 5. NIL) S1 followed arc S2/1 (cried)

parse succeeds on pop arc from S2

Figure 3.20 A trace of a top-down parse

1 The 7 old 3 man 4 cried 5

Figure 3.20 demonstrates that the grammar accepts the sentence

following the pop arc from the S network in step 7.

In this example the parse succeeded because the first arc that succeeded

was ultimately the correct one in every case. However, with a sentence like The
green faded, where green can be an adjective or a noun, this algorithm would fail

by showing the sequence of parse states that can be generated by the algorithm.

In the trace, each arc is identified by the name of the node that it leaves plus the
number identifier. Thus arc S/ is the arc labeled 1 leaving the S node. If you
start at node S. the only possible arc to follow is the push arc NP. As specified in
_.case 2 of the algorithm, the new parse state is computed by setting the current
node to NP and putting node S1 on the return points list. From node NP, arc NP/1
is followed and, as specified in case 1 of the algorithm, the input is checked for a
word in category art. Since this check succeeds, the arc is followed and the
current position is updated (step 3). The parse continues in this manner to step 5,
when a pop arc is followed, causing the current node to be reset to S1 (that is, the
NP zrc succeeded). The parse succeeds after finding a verb in step 6 and

 because it would initially classify green as an adjective and then not find a noun
following. To be able to recover from such failures, we save all possible backup
states as we go along, just as we did with the CFG top-down parsing algorithm.

Consider this technique in operation on the following sentence:

1 One 7 saw 3 the 4 man 5

The parser initially attempts to parse the sentence as beginning with the NP one
saw, but after failing 1o find a verb, it backtracks and finds a successful parse

starting with the NP one. The trace of the parse is shown in Figure 3.21, where at
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Step Current State Arc to be Followed Backup States

(S, 1,NIL) S/1 NIL

2, (NP, 1,(S1)) NP/2 (& NP/3 for backup) NIL

3, (NP1, 2, (S1)) NP1/2 (NP2, 2, (S1))
4. (NP2, 3, (S1)) NP2/1 (NP2, 2,(S1))
5. (S1,3,NIL) no arc can be followed (NP2, 2,(S1))
6. (NP2, 2, (S1)) NP2/1 NIL

s (S1, 2, NIL) SI/1 NIL

8. (S2, 3. NIL) S22 NIL

9. (NP, 3, (S2)) NP/1 NIL
10. (NP1, 4, (S2)) NPi1/2 NIL
1L (NP2, 5, (82)) NP2/1 NIL
12. (S2, 5,NIL) S1 NIL
13. parse succeeds NIL

o 3.6

Figure 321 A top-down RTN parse with backtracking

each stage the current parse state is shown in the form of a triple (current node,
current position, return points), together with possible states for backtracking.
The figure also shows the arcs used to generate the new state and backup states.

This trace behaves identically to the previous example except in two
places. In step 2, two arcs leaving node NP could accept the word one. Arc NP/2
classifies one as a number and produces the next current state. Arc NP/3
classifies it as a pronoun and produces a backup state. This backup state is
actually used later in step 6 when it is found that none of the arcs leaving node S1
can accept the input word the.

Of course, in general, many more backup states are generated than in this
simple example. In these cases there will be a list of possible backup states.
Depending on how this list is organized, you can produce different orderings on
when the states are examined.

An RTN parser can be constructed to use a chart-like structure to gain the
advantages of chart parsing. In RTN systems, the chart is often called the well-
formed substring table (WFST). Each time a pop is followed, the constituent is
placed on the WFST, and every time a push is found, the WEFST is checked
before the subnetwork is invoked. If the chart contains constituent(s) of the type
being pushed for, these are used and the subnetwork is not reinvoked. An RTN
using a WEST has the same complexity as the chart parser described in the last
section: K*n3, where n is the length of the sentence.

Top-Down Chart Parsing

So far, you have seen a simple top-down method and a bottom-up chart-basgd
method for parsing context-free grammars. Each of the approaches has its advan-
tages and disadvantages. In this section a new parsing method is presented that
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actually captures the advantages of both. But first. consider the pluses and

minuses of the approaches.
Top-down methods have the advantage of being highly predictive. A word

might be ambiguous 1n isolation. but if some of those possible categories cannot
be used 1n a legal sentence. then these categories may never even be considered.
For example. consider Grammar 3.8 in a top-down parse of the sentence The can
holds the waier. where can may be an AUX. V. or N, as before.

The top-down parser would rewrite (S) to (NP VP) and then rewrite the NP
to produce three possibilities, (ART ADJ N VP). (ART N VP), and (ADJ N VP).
Taking the first, the parser checks if the first word, the, can be an ART, and then
if the next word. can. can be an ADJ. which fails. Trying the next possibility, the
parser checks the again, and then checks if can can be an N, which succeeds. The
interpretations of can as an auxiliary and a main verb are never considered
because no syntactic tree generated by the grammar would ever predict an AUX
or V in this position. In contrast. the bottom-up parser would have considered all
three interpretations of can from the starti—that is, all three would be added to the
chart and would combine with active arcs. Given this argument, the top-down
approach seems more efficient.

On the other hand. consider the top-down parser in the example above
needed to check that the word rhe was an ART twice, once for each rule. This
reduplication of effort is very common in pure top-down approaches and

hecomes a serious problem. and large constituents may be rebuilt again and again
er only checks

as they are used in different rules. In contrast, the bottom-up pars
the input once. and only builds each constituent exactly once. SO by this argu-
ment. the bottom-up approach appears more efficient.

You can gain the advantages of both by combining the methods. A small
variation in the bottom-up chart algorithm yields 2 technique that is predictive
like the top-down approaches yet avoids any reduplication of work as in the
bottom-up approaches.

As before, the algorithm is driven by an agenda of completed constituents
and the arc extension algorithm, which combines active arcs with constituents
when they are added to the chart. While both use the technique of extending arcs
with constituents, the difference is in how new arcs are generated from the
grammar. In the bottom-up approach, new active arcs are generated whenever a
completed constituent is added that could be the first constituent of the right-hand
side of a rule. With the top-down approach, new active arcs are generated
whenever a new active arc is added to the chart, as described in the top-down arc
introduction algorithm shown in Figure 3.22. The parsing algorithm is then easily
stated, as is also shown in Figure 3.22.

Consider this new algorithm operating with the same grammar on the same
sentence as in Section 3.4, namely The large can can hold the water. In the
initialization stage, an arc labeled S — ° NP VP is added. Then, active arcs for
each rule that can derive an NP are added: NP — ° ART ADJ N, NP — ¢ ARTN,
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Top-Down Arc Introduction Algorithm
Toaddanarc§ > C, ..° G ..C, ending at position j, do the following:

For each rule in the grammar of form Ci =X ... Xy, recursively add the new arc
G —°X, .. Xy from position j to j.

Top-Down Chart Parsing Algorithm

Initialization: For every rule in the grammar of form S — X | ... X, add an arc
labeled S — ° X, ... X, using the arc introduction algorithm.

Parsing: Do until there is no input left:

1. If the agenda is empty, look up the interpretations of the next word and add
them to the agenda.

2 Select a constituent from the agenda (call it constituent C).
3. Using the arc extension algorithm, combine C with every active arc on the
chart. Any new constituents are added to the agenda.

4. For any active arcs created in step 3, add them to the chart using the top-down
arc introduction algorithm.

Figure 3.22 The top-down arc introduction and chart parsing algorithms

S—>°NP VP

NP - °ADJN

NP — ° ARTN

NP — ° ART ADJ N

Figure 3.23 The initial chart

and NP — ° ADJ N are all added from position 1 to 1. Thus the initialized chart is
as shown in Figure 3.23. The trace of the parse is as follows:

Entering ART1 (the) from 1 to 2
Two arcs can be extended by the arc extension algorithm
NP — ART © N from 1 to 2
NP — ART ° ADJ N from 1 to 2
Entering ADJ1 (large) from 2 to 3
One arc can be extended
NP — ART ADJ © N from 1 to 3
Entering AUX1 (can) from 3 to 4
No activity, constituent is ignored
Entering V1 (can) from 3 to 4
No activity, constituent is ignored
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NP1 (rule 2)
ARTI ADJI1 NI
1 the 2 large 3 can 4

NP — ART °l:
NP—*ART"A[_Q:JN

NP — ART ADJ°N

>
S — NP °VP
=
S-S °NPVP
NP — °ADJ N
NP — ° ARTN VP — ° AUX VP
NP — ° ART ADI N VP — °V NP

Figure 324 The chart after building the first NP

Entering N1 (can) from 3 to 4
One arc extended and completed yielding
NP1 from 1 to 4 (the large can)
Entering NP1 from 1 to 4
One arc can be extended
S5 NP°VPfromlto4
Using the top-down rule (step 4), new active arcs are added for VP
VP — ° AUX VP from 4 to 4
VP — ° VNP from4 to 4

At this stage, the chart is as shown in Figure 3.24. Compare this with
Figure 3.10. It contains fewer completed constituents since only those that are
allowed by the top-down filtering have been constructed.

The algorithm continues, adding the three interpretations of can as an
AUX. V. and N. The AUX reading extends the VP — © AUX VP arc at position 4
and adds active arcs for a new VP starting at position 5. The V reading extends
the VP — © V NP arc and adds active arcs for an NP starting at position 5.The N
reading does not extend any arc and so is ignored. After the two readings of hold
(as an N and V) are added, the chart is as shown in Figure 3.25. Again, compare
with the corresponding chart for the bottom-up parser in Figure 3.13. The rest of
the sentence is parsed similarly, and the final chart is shown in Figure 3.26. In
comparing this to the final chart produced by the bottom-up parser (Figure 3.15),
you see that the number of constituents generated has dropped from 21 to 13.
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NPI (rule 2) V2
ARTI ADJj1 NI AUX2 V3
the 2 large 3 can 4  can 5 hold 6
° VP -5 AUX°VP VP - V°NP
S -5 NP° VP o,
VP - V°NP
—_—_—

VP —° AUX VP
VP —»°V NP

# /

VP - ° AUX VP NP - ART ADI N
VP — °V NP NP - ? ARTN

NP — ° ART ADJ N NP - ° ADJN

NP —- “ ARTN

NP — ° ADJ N

Figure 3.25 The chart after adding hold. omitting arcs generated for the first NP

S1 (rule 1 with NP1 and VP2)

VP2 (rule 5 with AUX?2 and VP1)

VPI (rule 6 with V3 and NP2)

NP1 (rule 2)

S

NP2 (rule 3)

ARTI ADJ1 N1 AUX2 V3 ART2 M

the 2 large 3 can 4 can 5 hold 6 the 7 water 8

Figure 3.26 The final chart for the top-down filtering algorithm

While it is not a big difference here with such a simple grammar, the difference
can be dramatic with a sizable grammar.

It turns out in the worst-case analysis that the top-down chart parser is not
more efficient that the pure bottom-up chart parser. Both have a worst-case
complexity of K*n3 for a sentence of length n. In practice, however, the top-
down method is considerably more efficient for any reasonable grammar.
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BOX 3.2 Generative Capacity of Transition Networks

Transition network systems can be classified by the types of languages they can
describe. In fact, you can draw correspondences between various network systems
and rewrite-rule systems. For instance, simple transition networks (that is, finite
state machines) with no push arcs are expressively equivalent to regular
grammars—that is, every language that can be described by a simple transition
network can be described by a regular grammar, and vice versa. An FSM for the
first language described in Box 3.1 is

m ) d
G O O X
jump Jump jump
Recursive transition networks, on the other hand, are expressively equivalent to
context-free grammars. Thus an RTN can be converted into a CFG and vice versa.

A recursive transition network for the language consisting of a number of a’s
followed by an equal number of b’s is

a b pop
@/'_\ ~ @/—\
z S j &

o 3.7 Finite State Models and Morphological Processing

Although in simple examples and small systems you can list all the words
allowed by the system, large vocabulary systems face a serious problem in repre-
senting the lexicon. Not only are there a large number of words, but each word
may combine with affixes to produce additional related words. One way to
address this problem is to preprocess the input sentence into a sequence of mor-
phemes. A word may consist of single morpheme, but often a word consists of a
root form plus an affix. For instance, the word eaten consists of the root form eat
and the suffix -en, which indicates the past participle form. Without any pre-
processing, a lexicon would have to list all the forms of eat, including eats,
eating, ate, and eaten. With preprocessing, there would be one morpheme eat
that may combine with suffixes such as -ing, -s, and -en, and one entry for the
irregular form ate. Thus the lexicon would only need to store two entries (eat and
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Figure 3.27 A simple FST for the forms of happy

rd happiest breaks down into the root form
a separate eniry in the lexicon.
le. the word seed cannot be
d The lexicon would have

se the wo

ate) rather than four. Likewi
d thus does not need

happy and the suffix -est, an
Of course, not all forms are allowed; for examp

decomposed into a root form se (or see) and a suffix -e

to encode what forms aré allowed with each root.
s is based on finite state transducers

One of the most popular model
(FST's), which are like finite state machines except that they produce an output
led with a pair of symbols. For example,

given an input. An arc in an FST is labe
an arc labeled i:y could only be followed if the current input is the letter 7 and the
output is the letter y. FSTs can be used to concisely represent the lexicon and to

transform the surface form of words into a sequence of morphemes. Figure 3.27
shows a simple FST that defines the forms of the word Ahappy and its derived
forms. It transforms the word happier into the sequence happy +er and happiest

into the sequence happy +est.
Arcs labeled by a single letter have that letter as both the input and the

output. Nodes that are double circles indicate success states, that 1s, acceptable
words. Consider processing the input word happier starting from state 1. The
upper network accepts the first four letters, happ, and copies them to the output.
From state S you could accept a y and have a complete word, or you could jump
to state 6 to consider affixes. (The dashed link, indicating a jump, is not formally
necessary but is useful for showing the break between the processing of the root
form and the processing of the suffix.) For the word happier, you must jump to
state 6. The next letter must be an i, which is transformed into a y. This is
follov\./ed by a transition that uses no input (the empty symbol €) and outputs a
plus sign. From state 8, the input must be an ¢, and the‘ou.tput is also e. This must
pe 'foll.owed by an r to get to state 10, which is encoded as a double circle
gls%catlng a possible end of word (that is, a success state for the FST). Thus this
=t }?:;ists the appropriate forms and outputs the desired sequence of
The enti i
- wordzn:\:; tlre:r:z;:)n mCi:nhbe epcoded as an .I-TST that encodes all the legal
them into morphemic sequences. The FSTs for the
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Figure 3.28 A fragment of an FST defining some nouns (singular and plural)

different suffixes need only be defined once, and all root forms that allow that
suffix can point to the same node. Words that share a common prefix (such as
torch. toss, and 10) also can share the same nodes, greatly reducing the size of the
network. The FST in Figure 3.28 accepts the following words, which all start
with 7: tie (state 4), ries (10). trap (7), traps (10), try (11), tries (15), to (16), torch
(19). torches (15), toss (21), and tosses (15). In addition, it outputs the appro-
priate sequence of morphemes.

Note that you may pass through acceptable states along the way when
processing a word. For instance, with the input zoss you would pass through state
15. indicating that 7o is a word. This analysis is not useful, however, because if 20
was accepted then the letters ss would not be accounted for.

Using such an FST, an input sentence can be processed into a sequence of
morphemes. Occasionally, a word will be ambiguous and have multiple different
decompositions into morphemes. This is rare enough, however, that we will
ignore this minor complication throughout the book.

Grammars and Logic Programming
Another popular method of building a parser for CFGs is to encode the rules of

the grammar directly in a logic programming language such as PROLOG. It turns
out that the standard PROLOG interpretation algorithm uses exactly the same
search strategy as the depth-first top-down parsing algorithm, so all that is needed
is a way to reformulate context-free grammar rules as clauses in PROLOG.

Consider the following CFG rule:
S - NPVP
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This rule can be reformulated as an axiom that says, “A sequence of words
is a legal S if it begins with a legal NP that is followed by a legal VP.” If you
number each word in a sentence by its position, you can restate this rule as:
“There is an S between position pl and p3, if there is a position p2 such that there
is an NP between pl and p2 and a VP between p2 and p3.” In PROLOG this
would be the following axiom, where variables are indicated as atoms with an
initial capitalized letter:

s(P1, P3) — np(P1, P2), vp(P2, P3)

To set up the process, add axioms listing the words in the sentence by their
position. For example, the sentence John ate the cat is described by

word(john, 1, 2)
word(ate, 2, 3)
word(the, 3, 4)
word(cat, 4, 5)

The lexicon is defined by a set of predicates such as the following:

isart(the)
isname(john)
isverb(ate)
isnoun(cat)

Ambiguous words would produce multiple assertions—one for each syntactic
category to which they beiong.

For each syntactic category, you can define a predicate that is true only if
the word between the two specified positions is of that category, as follows:

n(l, O) := word(Word, |, O), isnoun(Word)
art(l, O) := word(Word, I, O), isart(Word)

v(l, O) = word(Word, i, O), isverb(Word)
name(l, O) :— word(Word, |, O), isname(Word)

Using the axioms in Figure 3.29, you can prove that John ate the cat is a
legal sentence by proving (1, 5), as in Figure 3.30. In Figure 3.30, when there is
a possibility of confusing different variables that have the same name, a prime (")
is appended to the variable name to make it unique. This proof trace is in the
same format as the trace for the top-down CFG parser, as follows. The state of
the proof at any time is the list of subgoals yet to be proven. Since the word
positions are included in the goal description, no separate position column need
be traced. The backup states are also lists of subgoals, maintained automatically
by a system like PROLOG to implement backtracking. A typical trace of a Pf°°f
in such a system shows only the current state at any time.

Because the standard PROLOG search strategy is the same as the depth- ﬁrst
top-down paring strategy, a parser built from PROLOG will have the same com-
putational complexity, CP, that is, the number of steps can be exponential in the
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s(P1, P3) — np(P1, P2), vp(P2, P3)
np(P1, P3) = art(P1, P2), n(P2, P3)

P
o -

3. np(P1, P3) = name(P1, P3)

4  pp(P1, P3) = p(P1, P2), np(P2, P3)
5. vp(P1,P2) - v(P1, P2)

6. vp(P1, P3) = v(P1, P2), np(P2, P3)
7. vp(P1, P3) = v(P1, P2), pp(P2, P3)

Figure 329 A PROLOG-based representation of Grammar 3.4

Step Current State Backup States Comments

1.

-~
-—

-

N

0 o

10.

11.

s(1, 5)
np(1, P2) vp(P2, 5)
art(1, P2) n(P2", P2) vyp(P2, 5) name(1, P2) vp(P2, 5) fails as no ART at

position 1
name(1, P2) vp(P2, 5)
vp(2, 5) name(1, 2) proven
v(2, 5) v(2, P2) np(P2, 5) fails as no verb spans
v(2, P2) pp(P2, 5) positions 2 to 5
v(2, P2) np(P2, 5) v(2, P2) pp(P2, 5)
np(3, 5) v(2, P2) pp(P2, 5) v(2, 3) proven
art(3, P2) n(P2, 5) name(3, 5)
v(2, P2) pp(P2, 5)
n(4, 5) name(3, 5) art(3, 4) proven
v(2, P2) pp(P2, 5)
\ proof succeeds name(3, 5) n(4, 5) proven

v(2, P2) pp(P2, 5)

Figure 330 A trace of a PROLOG-based parse of John ate the cat

length of the input. Even with this worst-case analysis, PROLOG -based grammars
can be quite efficient in practice. It is also possible to insert chart-like
mechanisms to improve the efficiency of a grammar, although then the simple
correspondence between context-free rules and PROLOG rules is lost. Some of
these issues will be discussed in the next chapter.

It is worthwhile to try some simple grammars written in PROLOG to better
understand top-down, depth-first search. By turning on the tracing facility, you
can obtain a trace similar in content to that shown in Figure 3.30.
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Summary

The two basic grammatical formalisms are context-free grammars (CFGs) and
recursive transition networks (RTNs). A variety of parsing algorithms can be
used for each. For instance, a simple top-down backtracking algorithm can be
used for both formalisms and, in fact, the same algorithm can be used in the
standard logic-programming-based grammars as well. The most efficient parsers
use a chart-like structure to record every constituent built during a parse. By
reusing this information later in the search, considerable work can be saved.

Related Work and Further Readings

There is a vast literature on syntactic formalisms and parsing algorithms. The
notion of context-free grammars was introduced by Chomsky (1956) and has
been studied extensively since in linguistics and in computer science. Some of
this work will be discussed in detail later, as it is more relevant to the material in
the following chapters.

Most of the parsing algorithms were developed in the mid-1960s in com-
puter science, usually with the goal of analyzing programming languages rather
than natural language. A classic reference for work in this area is Aho, Sethi, and
Ullman (1986), or Aho and Ullman (1972), if the former is not available. The
notion of a chart is described in Kay (1973; 1980) and has been adapted by many
parsing systems since. The bottom-up chart parser described in this chapter is
similar to the left-corner parsing algorithm in Aho and Ullman (1972). while the
top-down chart parser is similar to that described by Earley (1970) and hence
called the Earley algorithm.

Transition network grammars and parsers are described in Woods (1970;
1973) and parsers based on logic programming are described and compared with
transition network systems in Pereira and Warren (1980). Winograd (1983)
discusses most of the approaches described here from a slightly different per-
spective, which could be useful if a specific technique is difficult to understand.
Gazdar and Mellish (1989a; 1989b) give detailed descriptions of implementations
of parsers in LISP and in PROLOG. In addition, descriptions of transition network
parsers can be found in many introductory Al texts, such as Rich and Knight
(1992), Winston (1992), and Charniak and McDermott (1985). These books also
contain descriptions of the search techniques underlying many of the parsing
algorithms. Norvig (1992) is an excellent source on Al programming techniques.

The best sources for work on computational morphology are two books:
Sproat (1992) and Ritchie et al. (1992). Much of the recent work on finite state
models has been based on the KIMMO system (Koskenniemi, 1983). Rather than
requiring the construction of a huge network, KIMMO uses a set of FSTs which
are run in parallel; that is, all of them must simultaneously accept the input and
agree on the output. Typically, these FSTs are expressed using an abstract
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langu_age that allows general morphological rules to be expressed concisely. A
compiler can then be used to generate the appropriate networks for the system.

Finite state models are useful for a wide range of processing tasks besides

morphologw analysis. Blank (1989), for instance, is developing a grammar for
Enghgh using only finite state methods. Finite state grammars are also used
extensively in speech recognition systems.

Exercises for Chapter 3

A

(easv)

a Express the following tree in the list notation in Section 3.1.
NP VP
ART HEAD A" NP PP

/ \ /

ART HEAD P

the dog chased a toad in the park

b.  Is there a tree structure that could not be expressed as a list structure?
How about a list structure that could not be expressed as a tree?

(easy) Given the CFG in Grammar 3.4, define an appropriate lexicon and
show a trace in the format of Figure 3.5 of a top-down CFG parse of the
sentence The man walked the old dog.

(easy) Given the RTN in Grammar 3.19 and a lexicon in which green can
be an adjective or a noun, show a trace in the format of Figure 3.21 of a
top-down RTN parse of the sentence The green faded.

(easy) Given the PROLOG-based grammar defined in Figure 3.29, show a
trace in the format of Figure 3.30 of the proof that the following is a legal
sentence: The cat ate John.

(medium) Map the following context-free grammar into an equivalent
recursive transition network that uses only three networks—an S, NP, and
PP network. Make your networks as small as possible.
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S - NPVP NP2 — ADIJ NP2
VP - V NP2 -» NP3 PREPS
VP - VNP NP3 — N

VP - VPP PREPS — PP

NP — ART NP2 PREPS — PP PREPS
NP — NP2 PP -» NP

NP2 - N

(medium) Given the CFG in Exercise 5 and the following lexicon, con-
struct a trace of a pure top-down parse and a pure bottom-up parse of the
sentence The herons fly in groups. Make your traces as clear as possible,
select the rules in the order given in Exercise 5, and indicate all parts of the
search. The lexicon entries for each word are

the: ART
herons: N
fly: NV ADJ
in: P

groups: NV

(medium) Consider the following grammar:

S —- ADISN

S - N

ADJS — ADIJS ADJ
ADJS — ADJ

Lexicon: ADIJ: red, N: house

a

What happens to the top-down depth-first parser operating on this
grammar trying to parse the input red red? In particular, state
whether the parser succeeds, fails, or never stops.

How about a top-down breadth-first parser operating on the same
input red red?

How about a top-down breadth-first parser operating on the input red
house?

How about a bottom-up depth-first parser on red house?

For the cases where the parser fails to stop, give a grammar that is
equivalent to the one shown in this exercise and that is parsed
correctly. (Correct behavior includes failing on unacceptable phrases
as well as succeeding on acceptable ones.)

With the new grammar in part (e), do all the preceding parsers now
operate correctly on the two phrases red red and red house?
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10.

(medium) Consider the following CFG:

S - NPV
S = NPAUXV
NP — ARTN ,

Trace one of the chart parsers in processing the sentence
{ The 7 man 3 is 4 laughing s
with the lexicon entries:

the: ART

man: N

is: AUX

laughing: V
Show every step of the parse, giving the parse stack, and drawing the chart
each time a nonterminal constituent is added to the chart.

(medium) Consider the following CFG that generates sequences of letters:

2> axc
> bxc
—-bxd
- bxe
-3 CXe€
- fx

- g

a  If you had to write a parser for this grammar, would it be better to use
a pure top-down or a pure bottom-up approach? Why?

P L B 7 7 N}

b.  Trace the parser of your choice operating on the input bffge.

(medium) Consider the following CFG and RTN:

adj PP
art noun pop
/\\@ ‘
prep NP pop

(=) (= 1=
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11.

b.

C.

NP — ART NPI
NPl -» ADJ N PPS
PPS — PP

PPS — PP PPS

PP —» PNP

State two ways in which the languages described by these two gram-
mars differ. For each, give a sample sentence that is recognized by
one grammar but not the other and that demonstrates the difference.

Write a new CFG equivalent to the RTN shown here.

Write a new RTN equivalent to the CFG shown here.

(hard) Consider the following sentences:

List A List B

L Joe is reading the book. i. *Joe has reading the book.
ii. Joe had won a letter. i#. *Joe had win.

ii.  Joe has to win. iii. *Joe winning.

iv.  Joe will have the letter. iv. *Joe will had the letter.

v. - The letter in the book was read. v. *The book was win by Joe.

Vi.

Vil .

a

The letter must have been in vi. *Joe will can be mad.
the book by Joe.
The man could have had one.  vii. *The man can have having one.

Write a context-free grammar that accepts all the sentences in list A
while rejecting the sentences in list B. You may find it useful to make
reference to the grammatical forms of verbs discussed in Chapter 2.

Implement one of the chart-based parsing strategies and, using the
grammar specified in part (a), demonstrate that your parser correctly
accepts all the sentences in A and rejects those in B. You should
maintain enough information in each entry on the chart so that you
can reconstruct the parse tree for each possible interpretation. Make

sure your method of recording the structure is well documented and
clearly demonstrated.

List three (distinct) grammatical forms that would not be recognized
by a parser implementing the grammar in part (a). Provide an
example of your own for each of these grammatical forms.

r

-
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Context-free grammars provide the basis for most of the comp_utational parsing
mechanisms developed to date, but as they have been descnbeq so far, they
would be very inconvenient for capturing natural lgnguages. This chapt.er de-
scribes an extension to the basic context-free mechanism that defines constituents
by a set of features. This extension allows aspects .of qa@ral language such as
agreement and subcategorization to be handled in an intuitive and concise way.
Section 4.1 introduces the notion of feature sysierns and the generalization
of context-free grammars to allow features. Section 4.2 then descr?bes some
useful feature systems for English that are typical of those in use in various
grammars. Section 4.3 explores some issues in defining the lexicon and §hows
how using features makes the task considerably simpler. Section 4.4 descnb.es a
sample context-free grammar using features and introduces some conventions
that simplify the process. Section 4.5 describes how to extend a chart parser to
handle a grammar with features. The remaining sections, which are optional,
describe how features are used in other grammatical formalisms and explore
some more advanced material. Section 4.6 introduces augmented transition
networks, which are a generalization of recursive transition networks with
features, and Section 4.7 describes definite clause grammars based on PROLOG.
Section 4.8 describes generalized feature systems and unification grammars.

eature Systems and Augmented Grammars

In natural languages there are often agreement restrictions between words and
phrases. For example, the NP a men is not correct English because the article a
indicates a single object while the noun men indicates a plural object; the noun
phrase does not satisfy the number agreement restriction of English. There are
many other forms of agreement, including subject-verb agreement, gender agree -
ment for pronouns, restrictions between the head of a phrase and the form of its
complement, and so on. To handle such phenomena conveniently, the grammati -
cal formalism is extended to allow constituents to have features. For example,
we might define a feature NUMBER that may take a value of either s (for sin-
gular) or p (for plural), and we then might write an augmented CFG rule such as

NP — ART N only when NUMBER | agrees with NUMBER »

This rule says that a legal noun phrase consists of an article followed by a noun,
but only when the number feature of the first word agrees with the number
feature of the second. This one rule is equivalent to two CFG rules that would use
different terminal symbols for encoding singular and plural forms of all noun
phrases, such as

NP-SING — ART-SING N-SING
NP-PLURAL — ART-PLURAL N-PLURAL

While the two approaches seem similar in ease-of-use in this one example,
consider that all rules in the grammar that use an NP on the right-hand side would
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now need to be duplicated to include a rule for NP-SING and a rule for NP-
PLURAL, effectively doubling the size of the grammar. And handling additional
features, such as person agreement. would double the size of the grammar again
and again. Using features, the size of the augmented grammar remains the same
as the original one yet accounts for agreement constraints.

To accomplish this. a constituent is defined as a feature structure—a
mapping from features to values that defines the relevant properties of the
constituent. In the examples in this book, feature names in formulas will be
written in bold face. For example, a feature structure for a constituent ART1 that
represents a particular use of the word a might be written as follows:

ARTI: (CAT ART
ROOT a
NUMBER 5s)

This says it is a constituent in the category ART that has as its root the word a
and is singuiar. Usually an abbreviation is used that gives the CAT value more
prominence and provides an intuitive tie back to simple context-free grammars.
In this abbreviated form, constituent ART1 would be written as

ART1: (ART ROOT a NUMBER s)

Feature structures can be used to represent larger constituents as well. To do this,
feature structures themselves can occur as values. Special features based on the
integers—1. 2. 3, and so on—will stand for the first subconstituent, second
subconstituent, and so on, as needed. With this, the representation of the NP

constituent for the phrase a fish could be

NPI1: (NP NUMBER s
1 (ART ROOTa
NUMBER s)
2 (N ROOT fish
NUMBER j5))

Note that this can also be viewed as a representation of a parse tree shown in
Figure 4.1, where the subconstituent features 1 and 2 correspond to the sub-

constituent links in the tree.
The rules in an augmented grammar are stated in terms of feature structures

rather than simple categories. Variables are allowed as feature values so that a
rule can apply to a wide range of situations. For example, a rule for simple noun
phrases would be as follows:

(NP NUMBER 7n) — (ART NUMBER "n) (N NUMBER "n)

This says that an NP constituent can consist of two subconstituents, the
first being an ART and the second being an N, in which the NUMBER feature in
all three constituents is identical. According to this rule, constituent NP1 given
previously is a legal constituent. On the other hand, the constituent
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NUMBER

NP
N
ART N
WOT V( YOT
a

fish

NUMBER NUMBER

S S

Figure 4.1 Viewing a feature structure as an extended parse tree

*(NP 1 (ART NUMBER js)
2 (NNUMBER s))

is not allowed by this rule because there is no NUMBER feature in the NP, and
the constituent

*(NP NUMBER s
1 (ART NUMBER 5s)
2 (N NUMBER p))

is not allowed because the NUMBER feature of the N constituent is not identical
to the other two NUMBER features.

Variables are also useful in specifying ambiguity in a constituent. For
instance, the word fish is ambiguous between a singular and a plural reading.
Thus the word might have two entries in the lexicon that differ only by the value
of the NUMBER feature. Alternatively, we could define a single entry that uses a
variable as the value of the NUMBER feature, that is,

(N ROOT fish NUMBER “7n)

This works because any value of the NUMBER feature 1s allowed for the word
fish. In many cases, however, not just any value would work, but a range of
values is possible. To handle these cases, we introduce constrained variables,
which are variables that can only take a value out of a specified list. For example,
the variable ?n{s p} would be a variable that can take the value s or the value p.
Typically, when we write such variables, we will drop the variable name alto-

gether and just list the possible values. Given this, the word fish might be
represented by the constituent

(N ROOT fish NUMBER ”n{s p})
or more simply as

(N ROOT fish NUMBER (s p})

"~ Mm &, NN
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BOX 4.1 Formalizing Feature Structures

Thgre 1S an active area of research in the formal properties of feature structures.
This work views a feature system as a formal logic. A feature structure is defined

as a partial funcuon from features to feature values. For example, the feature
structure

ART!. (CAT ART
ROOT a
NUMBER 5s)

is treated as an abbreviation of the following statement in FOPC:
ARTI(CAT)= ART A ARTI (ROOT) = a A ARTI (NUMBER) = s

Feature structures with disjunctive values map to disjunctions. The structure

THE1: (CAT ART
ROOT the
NUMBER (s p))

would be represented as

THEI(CAT) = ART A THEI (ROOT) = the
A(THEI(NUMBER)=s v THEI(NUMBER) =p)

Given this, agreement between feature values ca}be defined as equality equations.

4.2

There is an interesting issue of whether an augmented context-free
grammar can describe languages that cannot be described by a simple context-
free grammar. The answer depends on the constraints on what can be a feature
value. If the set of feature values is finite, then it would always be possible to
create new constituent categories for every combination of features. Thus it is
expressively equivalent to a context-free grammar. If the set of feature values is
unconstrained, however, then such grammars have arbitrary computational
power. In practice, even when the set of values is not explicitly restricted, this
power is not used, and the standard parsing algorithms can be used on grammars
that include features.

Some Basic Feature Systems for English

This section describes some basic feature systems that are commonly used in
grammars of English and develops the particular set of features used throughout
this book. Specifically, it considers number and person agreement, verb form
features, and features required to handle subcategorization constraints. You
should read this to become familiar with the features in general and then refer
back to it later when you need a detailed specification of a particular feature.
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Person and Number Features

In the previous section, you saw the number system in English: Words may be
classified as to whether they can describe a single object or multiple objects.
While number agreement restrictions occur in several different places in English,
they are most importantly found in subject-verb agreement. But subjects and
verbs must also agree on another dimension, namely with respect to the person.
The possible values of this dimension are

First Person (1): The noun phrase refers to the speaker, or a group of
people including the speaker (for example, I, we, you, and I).

Second Person (2): The noun phrase refers to the listener, or a group
including the listener but not including the speaker (for
example, you, all of you).

Third Person (3): The noun phrase refers to one or more objects, not
including the speaker or hearer.

Since number and person features always co-occur, it is convenient to
combine the two into a single feature, AGR, that has six possible values: first
person singular (1s), second person singular (2s), third person singular (3s), and
first, second and third person plural (1p, 2p. and 3p, respectively). For example,
an instance of the word is can agree only with a third person singular subject, so
its AGR feature would be 3s. An instance of the word are, however, may agree
with second person singular or any of the plural forms, so its AGR feature would
be a variable ranging over the values {2s lp 2p 3p}.

Verb-Form Features and Verb Subcategorization

Another very important feature system in English involves the form of the verb.
This feature is used in many situations, such as the analysis of auxiliaries and
generally in the subcategorization restrictions of many head words. As described
in Chapter 2, there are five basic forms of verbs. The feature system for verb
forms will be slightly more complicated in order to conveniently capture certain

phenomena. In particular, we will use the following feature values for the feature
VFORM:

base—base form (for example, go, be, say, decide)

pres—simple present tense (for example, go, goes, am, is, say, savs,
decide)

past—simple past tense (for example, went, was, said, decided)

fin—finite (that is, a tensed form, equivalent to {pres past})

ing—present participle (for example, going, being, saying, deciding)

pastprt—opast participle (for example, gone, been, said, decided)

inf—a special feature value that is used for infinitive forms with the
word o
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Value Example Verb Example

_none laugh Jack laughed.

_np find Jack found a key.

_np_np give Jack gave Sue the paper.

_vpuinf want Jack wants to fly.

_np_.vp:inf tell Jack told the man to go.

_vping keep Jack keeps hoping for the best.
_np_vp:ing catch Jack caught Sam looking at his desk.
_np_vp:base watch Jack watched Sam look at his desk.

Figure 4.2 The SUBCAT values for NP/VP combinations

To handle the interactions between words and their complements, an addi-
tional feature, SUBCAT, is used. Chapter 2 described some common verb sub-
categorization possibilities. Each one will correspond to a different value of the
SUBCAT feature. Figure 4.2 shows some SUBCAT values for complements
consisting of combinations of NPs and VPs. To help you remember the meaning
of the feature values, they are formed by listing the main category of each part of
the complement. If the category is restricted by a feature value, then the feature
value follows the constituent separated by a colon. Thus the value _np_vp:inf
will be used to indicate a complement that consists of an NP followed by a VP
with VFORM value inf. Of course, this naming is just a convention to help the
reader; you could give these values any arbitrary name, since their significance is
determined solely by the grammar rules that involve the feature. For instance, the
rule for verbs with a SUBCAT value of _np_vp:inf would be

(VP) - (V SUBCAT _np_vp:inf)

(NP)
(VP VFORM inf)

This says that a VP can consist of a V with SUBCAT value _np_vp:inf, followed
by an NP, followed by a VP with VFORM value inf. Clearly, this rule could be
rewritten using any other unique symbol instead of _np_vp:inf, as long as the
lexicon is changed to use this new value.

Many verbs have complement structures that require a prepositional phrase
with a particular preposition, or one that plays a particular role. For example, the
verb give allows a complement consisting of an NP followed by a PP using the
preposition fo, as in Jack gave the money to the bank. Other verbs, such as put,
require a prepositional phrase that describes a location, using prepositions such as
in, inside, on, and by. To express this within the feature system, we introduce a
feature PFORM on prepositional phrases. A prepositional phrase with a PFORM
value such as TO must have the preposition fo as its head, and so on. A preposi-
tional phrase with a PFORM value LOC must describe a location. Another useful
PFORM value is MOT, used with verbs such as walk, which may take a
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Value Example Prepositions Example

TO to I gave it to the bank.
LOC in, on, by, inside, on top of I put it on the desk.
MOT to, from, along, ... I walked to the store.

Figure 43 Some values of the PFORM feature for prepositional phrases

Value Example Verb Example

_np_pp:to give Jack gave the key to the man.

_pp:loc be Jack is at the store.

_np_pp:loc put Jack put the box in the corner.

_pp:mot g0 Jack went to the store.

_np_pp:mot take Jack took the hat to the party.

—adjp be, seem Jack is happy.

_np_adjp keep Jack kept the dinner hot.

_s:that believe Jack believed that the world was flat.
_s:for hope Jack hoped for the man to win the prize.

Figure 44 Additional SUBCAT values

prepositional phrase that describes some aspect of a path, as in We walked to the
store. Prepositions that can create such phrases include to, from, and along. The
LOC and MOT values might seem hard to distinguish, as certain prepositions
might describe either a location or a path, but they are distinct. For example,
while Jack put the box {in on by] the corner is fine, *Jack put the box {to from
along) the corner is ill-formed. Figure 4.3 summarizes the PFORM feature.

This feature can be used to restrict the complement forms for various verbs.
Using the naming convention discussed previously, the SUBCAT value of a verb

such as put would be _np_pp:loc, and the appropriate rule in the grammar would
be

(VP) - (V SUBCAT _np_pp:loc)
(NP)
(PP PFORM LOC)

For embedded sentences, a complementizer is often needed and must be
subcategorized for. Thus a COMP feature with possible values for, that, and no-
comp will be useful. For example, the verb tell can subcategorize for an S that
has the complementizer that. Thus one SUBCAT value of tell will be _s:that.
Similarly, the verb wish subcategorizes for an S with the complementizer for, as
in We wished for the rain to stop. Thus one value of the SUBCAT feature for
wish is _s:for. Figure 4.4 lists some of these additional SUBCAT values and
examples for a variety of verbs. In this section, all the examples with the
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4.3

SUBCAT feature have involved verbs, but nouns, prepositions, and adjectives

may also use the SUBCAT feature and subcategorize for their complements in
the same way.

Binary Features

Certain features are binary in that a constituent either has or doesn’t have the
featgre. In our formalization a binary feature is simply a feature whose value is
fvest.ncted to be either + or —. For example, the INV feature is a binary feature that
md:cgles whether or not an S structure has an inverted subject (as in a yes/no
question). The S structure for the sentence Jack laughed will have an INV
value — whereas the S structure for the sentence Did Jack laugh? will have the
INV value +. Often, the value is used as a prefix, and we would say that a
structure has the feature +INV or —INV. Other binary features will be introduced
as necessary throughout the development of the grammars.

The Default Value for Features

It will be useful on many occasions to allow a default value for features. Any-
ume a constituent is constructed that could have a feature, but a value is not
specified, the feature takes the default value of —. This is especially useful for
binary features but is used for nonbinary features as well; this usually ensures
that any later agreement check on the feature will fail. The default value is
inserted when the constituent is first constructed.

‘Morphological Analysis and the Lexicon

Before you can specify a grammar, you must define the lexicon. This section
explores some issues in lexicon design and the need for a morphological analysis
component.

The lexicon must contain information about all the different words that can
be used, including all the relevant feature value restrictions. When a word is
ambiguous, it may be described by multiple entries in the lexicon, one for each
different use.

Because words tend to follow regular morphological patterns, however,
many forms of words need not be explicitly included in the lexicon. Most English
verbs, for example, use the-same set of suffixes to indicate different forms: -s is
added for third person singular present tense, -ed for past tense, -ing for the
present participle, and so on. Without any morphological analysis, the lexicon
would have to contain every one of these forms. For the verb want this would
require six entries, for want (both in base and present form), wants, wanting, and
wanted (both in past and past participle form).

In contrast, by using the methods described in Section 3.7 to strip suffixes
there needs to be only one entry for want. The idea is to store the base form of the
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verb in the lexicon and use context-free rules to combine verbs with suffixes to
derive the other entries. Consider the following rule for present tense verbs:

(V ROOT 7r SUBCAT ?s VFORM pres AGR 3s) —
(V ROOT 7r SUBCAT 7s VFORM base) (+S)

where +S is a new lexical category that contains only the suffix morpheme -s.
This rule, coupled with the lexicon entry

want: (V ROOT want
SUBCAT {_np _vp:inf _np_vp:inf}
VFORM base)

would produce the following constituent given the input string want -s

want: (V. ROOT want
SUBCAT {_np _vp:inf _np_vp:inf)
VFORM pres
AGR 3s)

Another rule would generate the constituents for the present tense form not
in third person singular, which for most verbs is identical to the root form:

(V ROOT 7r SUBCAT ?s VFORM pres AGR {1s 2s 1p 2p 3p}) —
(V ROOT 7r SUBCAT ?s VFORM base)

But this rule needs to be modified in order to avoid generating erroneous
interpretations. Currently, it can transform any base form verb into a present
tense form, which is clearly wrong for some irregular verbs. For instance, the
base form be cannot be used as a present form (for example, *We be at the store).
To cover these cases, a feature is introduced to identify irregular forms.
Specifically, verbs with the binary feature +IRREG-PRES have irregular present
tense forms. Now the rule above can be stated correctly:

(V ROOT ?r SUBCAT ?s VFORM pres AGR {1s 2s 1p 2p 3p}) —
(V ROOT ?r SUBCAT ?s VFORM base IRREG-PRES -)

Because of the default mechanism, the IRREG-PRES feature need only be
specified on the irregular verbs. The regular verbs default to —, as desired. Similar
binary features would be needed to flag irregular past forms (IRREG-PAST, such
as saw), and to distinguish -en past participles from -ed past participles (EN-
PASTPRT). These features restrict the application of the standard lexical rules,
and the irregular forms are added explicitly to the lexicon. Grammar 4.5 gives a
set of rules for deriving different verb and noun forms using these features. ~

Given a large set of features, the task of writing lexical entries appears very
difficult. Most frameworks allow some meéchanisms that help alleviate these
problems. The first technique—allowing default values for features—has already
been mentioned. With this capability, if an entry takes a default value for a given
feature, then it need not be explicitly stated. Another commonly used technique is
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Present Tense
1. (V ROOT ?r SUBCAT ?s VFORM pres AGR 3s) —
(V ROOT ?r SUBCAT ?s VFORM base IRREG-PRES -) +S
2 (V ROOT 2 SUBCAT ?s VFORM pres AGR {15 2s ip 2p 3p)) —
(V ROOT ?r SUBCAT ?s VFORM base IRREG-PRES -)

Past Tense
3 (V ROOT % SUBCAT ?s VFORM past AGR {1s 2s 3s Ip 2p 3p)) —
(V ROOT ?7r SUBCAT ?s VFORM base IRREG-PAST -) +ED
4 (V ROOT ?r SUBCAT ?s VFORM pastpit) —
(V ROOT ?r SUBCAT ?s VFORM base EN-PASTPRT -) +ED
s (V ROOT 7 SUBCAT % VFORM pastpri) —
(V ROOT ?r SUBCAT ?s VFORM base EN-PASTPRT +) +EN

Present Participle
6 (V ROOT ?r SUBCAT ?s VFORM ing) —
(V ROOT ?r SUBCAT ?s VFORM base) +ING

Plural Nouns
7. (N ROOT 7r AGR 3p) —=
(N ROOT r AGR 3s IRREG-PL -) +S

Grammar 4.5 Some lexical rules for common suffixes on verbs and nouns

to allow the lexicon writing to define clusters of features, and then indicate a
cluster with a single symbol rather than listing them all. Later, additional
technigues will be discussed that allow the inheritance of features in a feature
hierarchy.

Figure 4.6 contains a smail lexicon. It contains many of the words to be
used in the examples that follow. It contains three entries for the word saw—as a
noun, as a regular verb, and as the irregular past tense form of the verb see—as

illustrated in the sentences

The saw was broken.
Jack wanted me to saw the board in half.

I saw Jack eat the pizza.

With an algorithm for stripping the suffixes and regularizing the spelling,
as described in Section 3.7, the derived entries can be generated using any of the
basic parsing zlgorithms on Grammar 4.5. With the lexicon in Figure 4.6 and
Grammar 4.5, correct constituents for the following words can be derived: been,
being, cries, cried, crying, dogs, saws (two interpretations), sawed, sawing, seen,
seeing, seeds, wants, wanting, and wanted. For example, the word cries would be
transformed into the sequence cry +s, and then rule 1 would produce the present
tense entry from the base form in the lexicon.
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a (CAT ART saw: (CATN
ROOT Al ROOT SAWI
AGR 3s) AGR 3s)

be: (CATV saw: (CATV
ROOT BEI ROOT SAW2
VFORM base VFORM base
IRREG-PRES + , SUBCAT _np)
IRREG-PAST + saw: (CATV
SUBCAT (_adjp _np}) ‘ ROOT SEEI

cry: (CAT V VFORM past
ROOT CRY SUBCAT _np)
VFORM base see:. (CATV
SUBCAT _none) ROOT SEEI

dog: (CAT N VFORM base
ROOT DOGI SUBCAT _np
AGR 3s) IRREG-PAST +

fish: (CAT N EN-PASTPRT +)
ROOT FISHI seed: (CATN
AGR (3s3p} ROOT SEEDI
IRREG-PL +) AGR 3s)

happy: (CAT ADIJ the: (CAT ART
SUBCAT _vp:inf) ROOT THEI

he: (CAT PRO AGR ({3s3p})
ROOT HEI to: (CAT TO)
AGR 3s) want: (CAT V

is: (CATV ROOT WANT]I
ROOT BEI VFORM base
VFORM pres SUBCAT {_np _vp:inf _np_vp:nf})
SUBCAT {_adjp _np} was: (CATV
AGR 3s) ROOT BEI

Jack: (CAT NAME VFORM past
AGR 3s) AGR (1s 3s}

man: (CAT NI SUBCAT ({_adjp _np})
ROOT MANI were: (CATV
AGR 3s) ROOT BE

men: (CATN VFORM past
ROOT MANI AGR (2s 1p 2p 3p}
AGR 3p) SUBCAT ({_adjp _np})

Figure 4.6 A lexicon

Often a word will have multiple interpretations that use different entries
and different lexical rules. The word saws, for instance, transformed into the se-
quence saw +s, can be a plural noun (via rule 7 and the first entry for saw), or the
third person present form of the verb saw (via rule 1 and the second entry for
saw). Note that rule 1 cannot apply to the third entry, as its VFORM is not base.
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deriva-(l;lgi Qsu::.;e-hss f)f thﬁj}ppr(\:!th depends on being able to prohibit erroneous
e 5, ¢ asan:f yzing sca{ as the past tense of the verb see. This analysis
never be considered if the FST that strips suffixes is correctly designed.
S;:iccxf ically. the word see will not allow a transition to the states that allow the
;cal suffix. But cven if this were produced for some reason, the IRREG-PAST
ue +in the entry for see would prohibit rule 3 from applying.

A Simple Grammar Using Features

This sec s a si < i
dhnl.suuqn presents a simple grammar using the feature systems and lexicon
eveloped in the earlier sections. It will handle sentences such as the following:

The man cries.

The men cry.

The man saw the dogs.

He wants the dog.

He wants to be happy.

He wants the man to see the dog.
He 1s happy 1o be a dog.

It does not find the following acceptable:

*The men cries.

*The man cry.

*The man saw to be happy.

*He wants.

*He wants the man saw the dog.

Before developing the grammar, some additional conventions are intro-
duced that will be very useful throughout the book. It is very cumbersome to
write grammatical rules that include all the necessary features. But there are
certain regularities in the use of features that can be exploited to simplify the
process of writing rules. For instance, many feature values are unique to a feature
(for example, the value inf can only appear in the VFORM feature, and
_np_vp:inf can only appear in the SUBCAT feature). Because of this, we can
omil the feature name without introducing any ambiguity. Unique feature values
will be listed using square parentheses. Thus (VP SUBCAT inf) will be
abbreviated as VP[inf]. Since binary features do not have unique values, a special
convention is introduced for them. For a binary feature B, the constituent C[+B]
indicates the constituent (C B +).

Many features are constrained so that the value on the mother must be
identical 1o the value on its head subconstituent. These are called head features.
For instance. in all VP rules the VFORM and AGR values are the same in the VP

and the head verb, as in the rule /
/
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BOX 4.2 Systemic Grammar

An important influence on the development of cr)m-putational featurg-based
systems was systemic grammar (Halliday, 1985). This theorg emphasizes the
functional role of linguistic constructs as they affect communication. The grammar
is organized as a set of choices about discourse function that determine the
structure of the sentence. The choices are organized into hierarchical structures
called systems. For example, the mood system would capture ali the choices that
affect the mood of the sentence. Part of this structure looks as follows:

bound
declarative

o relative
indicative

yes/no

major interrogative —J

3 : wh
imperative

This structure indicates that once certain choices are made, others become
relevant. For instance, if you decide that a sentence is in the declarative mecod, then
the choice between bound and relative becomes relevant. The choice between
yes/no and wh, on the other hand, is not relevant to a declarative sentence.

Systemic grammar was used in Winograd (1973), and Winograd (1983)
contains a good discussion of the formalism. In recent years it has mainly been
used in natural language generation systems because it provides a good formalism
for organizing the choices that need to be made while planning a sentence (for
example, see Mann and Mathiesson ( 1985) and Patten (1988)).

(

(VP VFORM ?v AGR ?a) —
(V VFORM ?v AGR %a SUBCAT _np_vp:inf)
(NP)
(VP VFORM inf)

If the head features can be declared separately from the rules, the system can
automatically add these features to the rules as needed. With VFORM and AGR
declared as head features, the previous VP rule can be abbreviated as

VP - (VSUBCAT _np_vp:inf) NP (VP VFORM inf)

The head constituent in a rule will be indicated in italics. Combining all the

abbreviation conventions, the rule could be further simplified to

VP - V[ _np_vp:inf] NP VP[inf)
N Va N AR

A simple grammar'susihg these conventions is shown as Grammar 4.7.
Except for rules 1 and 2, which must enforce number agreement, all the rest of
the feature constraints can be Captured using the conventions that have been
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‘_ Consider why each of the ill-formed sentences introduced at the beginning
of this section are not accepted by Grammar 4.7. Both *The men cries and *The
man (‘r__\‘ are not acceptable because the number agreement restriction on rule 1 is
no_l satisfied: The NP constituent for the men has the AGR value 3p, while the VP
cries has the AGR value 3s. Thus rule 1 cannot apply. Similarly, the man cry is
not accepied by the grammar since rthe man has AGR 3s and thc'VP cry has as its
AGR \'alu‘e a vaniable ranging over {1s 2s 1p 2p 3p}. The phrase *the man saw o
be happv is not accepted because the verb saw has a SUBCAT value _np. Thus
only' rgle S could be used to build a VP. But rule 5 requires an NP complement,
and it 1s not possible for the words 7o be happy to be a legal NP.

The phrase He wanis is not accepted since the verb wants has a SUBCAT
value ranging over {_np _vp:inf _np_vp:inf}, and thus only rules 5, 6, and 7
could apply to build a VP. But all these rules require a nonempty complement of
some kind. The phrase *He wants the man saw the dog is not accepted for similar
reasons. but this requires a little more analysis. Again, rules 5, 6, and 7 are
possible with the verb wants. Rules 5 and 6 will not work, but rule 7 looks close,
as it requires an NP and a VP[inf]. The phrase the man gives us the required NP,
but saw the dog fails to be a VP[inf]. In particular, saw the man is a legal VP, but
its VFORM feature will be past, not inf.

Parsing with Features

The parsing algorithms developed in Chapter 3 for context-free grammars can be
extended to handle augmented context-free grammars. This involves generalizing
the algorithm for matching rules to constituents. For instance, the chart-parsing
algorithms developed in Chapter 3 all used an operation for extending active arcs
with 2 new constituent. A constituent X could extend an arc of the form

- €l..Cls X..Cn
1o produce a new arc of the form
€€l ..CiX». ... (n

A similar operation can be used for grammars with features, but the parser
may have to instantiate variables in the original arc before it can be extended by
X: The key to defining this matching operation precisely is to remember the
definition of grammar rules with features. A rule such as

1. (NP AGR ?7a) — < (ART AGR ?2) (N AGR 7a)

says that an NP can be constructed eut of an ART and an N if all three agree on
the AGR feature. It does not place any restrictions on any other features that the
NP. ART, or N may have. Thus, when matching constituents against this rule, the
only thing that matters is the AGR feature. All other features in the constituent

can be ignored. For instance, consider exte@c 1 with the constituent
2. (ART ROOT A AGR 3s)
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To make arc 1 applicable, the variable ?a must be instantiated to 3s, producing

3. (NP AGR 3s) - o (ART AGR 3s) (N AGR 3s)

This arc can now be extended because every feature in the rule is in constituent 2:
4. (NP AGR 3s) - (ART AGR 3s) - (N AGR 3s)

Now, consider extending this arc with the constituent for the word dog:

5. (NROOT DOGI AGR 3s)

This can be done because the AGR features agree. This completes the arc
6. (NP AGR 3s) - (ART AGR 3s) (N AGR 3s) o

This means the parser has found a constituent of the form (NP AGR 3s).
This algorithm can be specified more precisely as follows: Given an arc A,

where the constituent following the dot is called NEXT, and a new constituent X,
which is being used to extend the arc,

a Find an instantiation of the variables such that all the features

specified in NEXT are found in X

b. Create a new arc A', which is a copy of A except for the
instantiations of the variables determined in step (a).

-3 Update A’ as usual in a chart parser.

will be (ART AGR ?a). In step a, NEXT is matched against X, and you find that
?a must be instantiat

ed to 3s. In step b, a new copy of A is made, which is shown
as arc 3. In step c, the arc is updated to produce the new arc shown as arc 4.

When constrained variables, such as ?a{3s 3p}, are involved, the matching
proceeds in the same manner, but the variable binding must be one of the listed
values. If a variable is used in a constituent, then one of its possible values must
match the requirement in the rule. If both the rule and the constituent contain
variables, the result is a variable ranging over the intersection of their allowed

» consider extending arc 1 with the constituent (ART ROOT
the AGR ?v({3s 3p}), that is, the word the. To apply, the variable ?a would have
to be instantiated to ?v{3s 3p}, producing the rule

(NP AGR ?v(3s 3p}) - (ART AGR 2{3s3p})o (N AGR Mv{3s 3p})

This arc could be extended by (N ROOT dog AGR 3s), because ?v{3s 3p} could
be instantiated by the value 3s. The resulting arc would be identical to arc 6, The
entry in the chart for rhe is not changed by this operation. It still has the value
v{3s 3p}. The AGR feature is restricted to 3s only in the arc.

Another extension is useful for recording the structure of the parse.

Subconstituent features (1, 2, and so on, depending on which subconstituent is

being added) are automatically inserted by the parser each time an arc is
extended. The values of these features name subconstituents already in the chart.
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S1 CATS
AGR 3s
VFORM pres
INV-
1 NPI
2 VP3
VP3 CAT VP
VFORM pres
AGR 3s
1 V1
2 VP2
VP2 CAT VP
VFORM inf
1 TO!
2 VPI
NP1 CAT NP VP1 CAT VP
AGR 3s VFORM base
1 PROI 1 V2
PRQO! CAT PRO V1 CATV TO!1 CAT TO v2 CATV
AGR 3s ROOT want ROOT cry
VFORM pres VFORM base
AGR 3s SUBCAT _none
SUBCAT
{_np,_vp:inf,
_np_vp:inf}
He wants to cry

N——

With this treatment, and assuming that the chart already contains two consti-
tuents, ART1 and N1, for the words the and dog, the constituent added to the

chart for the phrase the dog would be

Figure 4.10 The chart for He wants io cry.

(NP AGR 3s
1 ARTI
2 N1)

where ART1 = (ART ROOT the AGR (3s 3p}) and N1 = (N ROOT dog AGR
{3s}). Note that the AGR feature of ART1 was not changed. Thus it could be
used with other interpretations that require the value 3p if they are possible. Any
of the chart-parsing algorithms described in Chapter 3 can now be used with an
augmented grammar by using these extensions to extend arcs and build consti-
tuents. Consider an example. Figure 4.10 contains the final chart produced from
parsing the sentence He wanis to cry using Grammar 4.8. The rest of this section
considers how some of the nonterminal symbols were constructed for the chart.
Constituent NP1 was constructed by rule 3, repeated here for convenience:
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3. (NP AGR ?a) - (PRO AGR 7a)

To match the constituent PRO1, the variable
the new constituent built is

NPI1: (CAT NP
AGR 3s
1 PROI)

Next consider constructing constituent VP1 using rule 4, namely

4. (VP AGR ?7a VFORM ?7v) — (V SUBCAT _none AGR 7a VFORM 7v)

72 must be instantiated to 3s. Thus

For the right-hand side to match constituent V2, the variable ?v must be
instantiated to base. The AGR feature of V2 is not defined, so it defaults to —
The new constituent is

VP1: (CAT VP
AGR -
VFORM base
1 V2)

Generally, default values are not shown in the chart. In a sismilar way,
constituent VP2 is built from TO1 and VP1 using rule 9, VP3 is built from V1
and/y/PZ using rule 6, and S1 is built from NP1 and VP3 using rule 1.

/ F
) 4y Augmented Transition Networks

=" Features can also be added to a recursive transition network to produce an aug-
mented transition network (ATN). Features in an ATN are traditionally called
registers. Constituent structures are created by allowing each network to have a
; set of registers. Each time a new network is pushed, a new set of registers is
created. As the network is traversed, these registers are set to values by actions
associated with each arc. When the network is popped, the registers are assem-
bled to form a constituent structure, with the CAT slot being the network name.
Grammar 4.11 is a simple NP network. The actions are listed in the table
below the network. ATNs use a special mechanism to extract the result of
following an arc. When a lexical arc, such as arc 1, is followed, the constituent
built from the word in the input is put into a special variable named *. The action

DET := *
then assigns this constituent to the DET register. The second action on this arc,
AGR = AGR«

assigns the AGR register of the network to the value of the AGR register of the
new word (the constituent in *).

Agreement checks are specified in the tests. A test is an expression that
succeeds if it returns a nonempty value and fails if it returns the empty set or nil.
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name
Arc TSt
1 none
2 AGR N AGR,
3 none

cacuca

Actions

DET = *

AGR = AGR.
" HEAD = *

AGR = AGR N AGR.
NAME = *

AGR = AGR.,

Grammar 4.11 A simple NP network

NP v
OO0
Arc Test
N none
) AGR SUBJ N AGR .
6 none

P

NP pop
e

Actions
SUBJ = *

MAIN-V =
AGR = AGRgyp N AGR,

OBJ = *

Grammar 4.12 A simple S network

If 2 test fails. its arc is not traversed. The test on arc 2 indicates that the arc can be
followed only if the AGR feature of the network has a non-null intersection with
the AGR register of the new word (the noun constituent in ¥).

Features on push arcs are treated similarly. The constituent built by
traversing the NP network is returned as the value *. Thus in Grammar 4.12, the

action on the arc from S to S1,

SUBJ = *

would assign the constituent returned by the NP network to the register SUBJ.
The test on arc 2 will succeed only if the AGR register of the constituent in the
SUBJ register has a non-null intersection with the AGR register of the new
constituent (the verb). This test enforces subject-verb agreement.
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Trace of S Network
Step Node Position  Arc Followed Registers Set
1. S | arc 4 succeeds SUBJ « (NP DET the
(for recursive call HEAD dog
see trace below) AGR 3s)
S Si 3 arc 5 (checks if )MAIN-V — saw s
3pm 3p) 96N 65057 AGR «3p 3
6. S2 4 arc 6 (for recursive OBJ « (NP NAME Jack
call trace, see below) AGR 3s)
9. S3 5 pop arc succeeds returns
(S SUBJ (NP DET the
HEAD dog
AGR 3s)
MAIN-V saw
AGR 3p S
OBJ (NP NAME Jack
AGR 3s))
Trace of First NP Call: Arc 4
Step Node Position  Arc Followed Registers Set
2 NP 1 | DET « the
AGR « (35 3p)
3. NP1 2 2 (checks if HEAD « dog
{3s3p} m 3p)
35
4, NP2 3 pop returns (NP DET the
HEAD dog
AGR 3s)
Trace of Second NP Call: Arc 6
Step  Node Position  Arc Followed Registers Set
7. NP 4 3 NAME « John
AGR « 3s
8 NP2 5 pop returns (NP NAME John
AGR 3s)

Figure 4.13 Trace tests and actions used with | The ; dog 3 saw 4 Jack 5

With the lexicon in Section 4.3, the ATN accepts the following sentences:

The dog cried.
The dogs saw Jack.
Jack saw the dogs.

Consider an example. A trace of a parse of the sentence The dog saw Jack is
shown in Figure 4.13. It indicates the current node in the network, the current
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NP

OO MOBOWO

jump jump
Arc Test Actions
S/1 SUBJ = *
MOOD = DECL
SV1 AGRgup) M AGR. MAIN-V =%
S3/1 SUBCAT pqamn-v M OBJ) =*
{_np _np_np] SUBCAT := SUBCAT mamn.v M {_0p _np_np}
S3n SUBCAT pamn.y M _none SUBCAT :=_none
S4/1 SUBCAT pqan-v M _0p_Np 10BJ := OBJ
OBJ =%
s/ @@ ——— MODS = Append(MODS, *)

Grammar 4.14 AnS network for assertions

the arc that is followed from the node, and the register
formed for the successful parse. It starts in the S
o the NP network from the call on arc 4. The
ement as it accepts the word sequence The
dog. It constructs a noun phrase with the AGR feature plural. When the pop arc
is followed. it completes arc 4 in the S network. The NP is assigned to the SUBJ
register and then checked for agreement with the verb when arc 3 is followed.

The NP Jack is accepted in another call to the NP network. |
)

word position,
manipulations that are pe
network but moves immediately t
NP network checks for number agre

An ATN Grammar for Simple Declarative Sentences

Here is 2 more comprehensive example of the use of an ATN to describe some
declarative sentences. The allowed sentence structure is an initial NP followed by
a main verb. which may then be followed by a maximum of two NPs and many
PPs, depending on the verb. Using the feature system extensively, you can create
a grammar that accepts any of the preceding complement forms, leaving the
actual verb-complement agreement to the feature restrictions. Grammar 4.14
shows the S network. Arcs are numbered using the conventions discussed in
Chapter 3. For instance, the arc S3/1 is the arc labeled 1 leaving node S3. The NP
network in Grammar 4.15 allpws simple names, bare plural nouns, pronouns, and
a simple sequence of a determiner followed by an adjective and a head noun.
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adj PP
art 1 n i pop
1 NP1 2 2

Arc Test Actions
NP/1 e DET =*
NP2 P PRO =*
NP/3 AGR. N 3p HEAD = *
AGR = AGR,
NP/4 — NAME =*
NP2/1 mpe— ADJS := Append(ADJS, ¥
NP2/2 AGR N AGR. HEAD = *
AGR = AGR N AGR,
NP3/1 — MODS = Append(MODS, %

Grammar 4.15 The NP network

Allowable noun complements include an optional number of prepositional
phrases. The prepositional phrase network in Grammar 4.16 is straightforward.
Examples of parsing sentences with this grammar are left for the exercises.

Presetting Registers

One further extension to the feature-manipulation facilities in ATNs involves the
ability to preset registers in a network as that network is being called, much like
parameter passing in a programming language. This facility, called the SENDR
action in the original ATN systems, is useful to pass information to the network
that aids in analyzing the new constituent.

Consider the class of verbs, inéluding want and pray, that accept comple-
ments using the infinitive forms of verbs, which are introduced by the word to.
According to the classification in Section 4.2, this includes the following:
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Arc Test Action
PP/1 e P.=*
PP1/1 e POBJ =*
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Grammar 4.16 The PP network

_vpinf Mary wants o have a party.
_np_vp:inf Mary wants John to have a party.

In the context-free grammar developed earlier, such complements were treated as
VPs with the VFORM value inf. To capture this same analysis in an ATN, you
would need to be able to call a network corresponding to VPs but preset the
VFORM register in that network to inf. Another common analysis of these
constructs is to view the complements as a special form of sentence with an
understood subject. In the first case it is Mary who would be the understood
subject (that is, the host), while in the other case it is John. To capture this
analysis, many ATN grammars preset the SUBJ register in the new S network
when it is called.

Definite Clause Grammars

You can augment 2 logic grammar by adding extra arguments to each predicate
to encode features. As a very simple example, you could modify the PROLOG
rules to enforce number agreement by adding an extra argument for the number
on every predicate for which the number feature is relevant. Thus you would
have rules such as those shown in Grammar 4.17.

Consider parsing the noun phrase the dog cried, which would be captured
by the assertions

word(the, 1, 2) -
word(dog, 2, 3) -—

With these axioms, when the word the is parsed by rule 2 in Grammar 4.17, the
number feature for the word is returned. You can see this in the following trace

of the simple pro~f of
np(1; Number, 3)
Using rule 1, you have the following subgoals:




Features and Augmented Grammars 107

np(P1, Number, P3) :-art(P1, Number, P2), n(2, Number, P3)
art(l, Number, O) :— word(Word, |, O), isart(Word, Number)
isart(a, 3s) -~

isart(the, 3s) -—

isart(the, 3p) -

n(l, Number, O) :— word(Word, I, O), isnoun(Word, Number)
isnoun(dog, 3s) :~

isnoun(dogs, 3p) :—

PNAYLA LN~

Grammar 4.17

L. s(P1, Number, s(Np, Vp), P3) -

np(P1, Number, Np, P2), vp(P2, Number, Vp, P3)
2 np(P1, Number, np(Art, N), P3) -

art(P1, Number1, Art, P2), n(P2, Number2, N, P3)
% vp(P1, Number, vp(Verb), P2) :—

v(P1, Verb, P2)
4. art(l, Number, art(Word), O) :—

word(Word, |, O), isart(Word, Number)
S n(l, Number, n(Word), O) :—

word(Word, |, O), isnoun(Word, Number)
6. v(l, Number, v(Word), O) :—

word(Word, |, O), isverb(Word, Number)

Grammar 4.18

art(1, Number, P2)
n(P2, Number, 3)

The first subgoal succeeds by using rule 2 and proving
word(the, 1, 2) isart(the, 3s)
which binds the variables in rule 2 as follows:

Number « 3s
P2 « 2

Thus, the second subgoal now is
n(2, 3s, 3)

Using rule 6, this reduces to the subgoals word(Word, 2, 3) and isnoun(Word,
3s), which are established by the input and rule 7, respectively, with Word
bound to dog. Thus the parse succeeds and the number agreement was enforced.

The grammar can also be extended to record the structure of the parse by
adding another argument to the rules. For example, to construct a parse tree, you
could use the rules.shown in Grammar 4.18. These rules would allow you to
prove the following on the sentence The dog cried:
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?he feature type and the value simultaneously. For example, a plural noun phrase

in the third person with gender female would be of the grammatical type
NP[{PL.3.F]

‘ Since the number of feature values is finite, the grammar is formally
equ“'iiknl 10 a context-free grammar with a symbol for every combination of
Categ_ones and features. One of the important contributions of GPSG, however, is
the nch structure it imposes on the propagation of features. Rather than using
CXpl'lClt feature equation rules, GPSG relies on general principles of feature prop-
agation that apply to all rules in the grammar. A good example of such a general
principle is the head feature convention, which states that all the head features
on the parent constituent must be identical to its head constituent. Another
general principle enforces agreement restrictions between constituents. Some of
d‘1e conventions introduced in this chapter to reduce the number of feature equa-
tions that must be defined by hand for each rule are motivated by these theo-
retical claims. An excellent survey of GPSG and LFG is found in Sells (1985).

The ATN framework described here is drawn from the work described in
Woods (1970; 1973) and Kaplan (1973). A good survey of ATNs is Bates (1978).
Logic programming approaches to natural language parsing originated in the
carly 1970s with work by Colmerauer (1978). This approach is perhaps best
described in a paper by Pereira and Warren (1980) and in Pereira and Shieber
(1987). Other interesting developments can be found in McCord (1980) and
Pereira (1981). A good recent example is Alshawi (1992).

The discussion of unification grammars is based loosely on work by Kay
(1982) and the PATR-II system (Shieber, 1984; 1986). There is a considerable
amount of active research in this area. An excellent survey of the area is found in
Shieber (1986). There is also a growing body of work on formalizing different

forms of feature structures. Good examples are Rounds (1988), Shieber (1992),
and Johnson (1991).

Exercises for Chapter 4

L (easy) Using Grammar 4.7, draw the complete charts resulting from
parsing the two sentences The man cries and He wants to be happy, whose
final analyses are shown in Figure 4.9. You may use any parsing algorithm
you want, but make sure that you state which one you are using and that the
final chart contains every completed constituent built during the parse.

2 (medium ) Define the minimal set of lexicon entries for the following verbs

so that, using the morphological analysis algorithm, all standard forms of
the verb are recognized and no illegal forms are inadvertently produced.
Discuss any problems that arise and assumptions you make, and suggest
modifications to the algorithms presented here if needed.
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Base Present Forms Past Past-Participle Present-Participle

g0 g0, goes went gone goir_xg
sing sing, sings sang sung singing
bid bid, bids bid bidden bidding

(medium) Extend the lexicon in Figure 4.6 and Grammar 4.7 so that the
following two sentences are accepted:

He was sad to see the dog cry.
He saw the man saw the wood with the saw.

Justify your new rules by showing that they correctly handle a range of
similar cases. Either implement and test your extended grammar using the
supplied parser, or draw out the full chart that would be constructed for
each sentence by a top-down chart parser.

(medium)

a Write a grammar with features that will successfully allow the
following phrases as noun phrases:

three o’clock quarter after eight
ten minutes to six seven thirty-five
half past four

but will not permit the following:

half to eight three twenty o’clock
ten forty-five after six

Specify the feature manipulations necessary so that once the parse is
completed, two features, HOUR and MINUTES, are set in the NP

constituent. If this requires an extension to the feature mechanism,
carefully describe the extension yOou assume.

b.  Choose two other forms of grammatical phrases accepted by the
grammar. Find an acceptable phrase not accepted by your grammar.
If any nongrammatical phrases are allowed, give one example.

(medium) English pronouns distinguish case. Thus 7 can be used as a sub-
ject, and me can be used as an object. Similarly, there is a difference

made for the pronoun you. Specify an augmented context-free grammar
and lexicon for simple subject-verb-object sentences that allows only
appropriate pronouns in the subject and object positions and does number
agreement between the subject and verb. Thus it should accept [ hit him,
but not me love you. Your grammar should account for all the pronouns
mentioned in this question, but it need have only one verb entry and need
cover no other noun phrases but pronouns.
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6. (medium) Consider the following simple ATN:
NP v NP pop

ORORORO
1
2

Pop
ant n who S
2 2

name

a  Specify some words by category and give four structurally different
sentences accepted by this network.

b.  Specify an augmentation for this network in the notation defined in
this chapter so that sentences with the main verb give are allowed®
only if the subject is animate, and sentences with the main verb be
may take either an animate or inanimate subject. Show a lexicon
containing a few words that can be used to demonstrate the network’s
selectivity.

7.  (medium) Using the following unification grammar, draw the DAGs for
the two NP structures as they are when they are first constructed by the
parser, and then give the DAG for the complete sentence (which will

include all subconstituents of S as well) The fish is a large one. You may
assume the lexicon in Figure 4.6, but define lexical entries for any words

not covered there.
. S->NPVP INV =-
VFORM = pres
AGR = AGR| = AGR)
2. NP- ARTN AGR = AGR; = AGR;
3. NP—- ARTADIN AGR = AGR; = AGR3
4, VP> VNP VFORM = VFORM |
AGR = AGR| = AGR;
ROOT =BEl
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UNIT-III GrammarsforNaturalLanguage

Grammars for Natural Language, Movement Phenomenon in Language, Handling
questions in Context Free Grammars, Hold Mechanisms in ATNs, Gap Threading, Human
Preferences in Parsing, Shift Reduce Parsers, Deterministic Parsers.

3.1 MovementPhenomenainLanguage

Many sentence structures appear to be simple variants of other sentence structures. In
some cases, simple words or phrases appear to be locally reordered; sentences are identical
except that a phrase apparently is moved from its expected position in a basic sentence. This
section explores techniques for exploiting these generalities to cover questions in English.

S[-inv] S{—inv]

N &

VP {pres, —pass] VP [past, +pass}

I /N 7\

Jack AUX[+modal] VP {[base, —passgap) the d’og AUX[be} VP (pastprt, +passgap]
can Y [_np, base] NP was V [_np, pastprt)
see thcldog seen

Figure 54 An active and a passive form sentence

Asastartingexample,considerthestructureofyes/noquestionsandhowtheyrelatetotheir assertional
counterpart. In particular, consider the following examples:



Jack is giving Sue a back rub.

He will run in the marathon next year.

Is Jack giving Sue a back rub?

Will he run in the marathon next year?

As you can readily see, yes/no questions appear identical in structure to their assertional
counterparts except that the subject NPs and first auxiliaries have swapped positions. If there is
no auxiliary in the assertional sentence, an auxiliary of root "do", in the appropriate tense, is
used:

John went to the store. Henry goes to school every day.

Did John go to the store? Does Henry go to school every day?

Taking a term from linguistics, this rearranging of the subject and the auxiliary is called subject-

aux inversion.

On the other hand, if you are interested in how it is done, you might ask one of the following
questions:

How will the fat man put the book in the corner?

In what way will the fat man put the book in the corner?

If you are interested in other aspects, you might ask one of these questions:

What will the fat man angrily put in the corner?

Where will the fat man angrily put the book?

In what corner will the fat man angrily put the book?

What will the fat man angrily put the book in?

Each question has the same form as the original assertion, except that the part being questioned
is removed and replaced by a wh-phrase at the beginning of the sentence. In addition, except
when the part being queried is the subject NP, the subject and the auxiliary are apparently
inverted, as in yes/no questions. This similarity with yes/no questions even holds for sentences
without auxiliaries. In both cases, a "do" auxiliary is inserted:

I found a bookcase.

Did I find a bookcase?

What did I find?

The term movement arose in transformational grammar (TG). TG posited two distinct levels of
structural representation: surface structure, which corresponds to the actual sentence structure,
and deep structure. A CFG generates the deep structure, and a set of transformations map the
deep structure to the surface structure.

For example, the deep structure of "Will the cat scratch John?" would be:




NEi VP
AlRT N Al!JX v N|P2
The cat will scraich John

The yes/no question is then generated from this deep structure by a transformation expressed
schematically as follows

subj-aux inversion

S
/ \ transformation / rd \

NPy AUX NPy VP,

NP2

//\
/\ /\

ART

L T

Will the cat scratch John




3.2 Handling Questions in Context-Free Grammars

The main goal is to extend a context-free grammar minimally so that it can handle questions.
We want to reuse as much of the original grammar as possible. For yes/no questions, this is
easily done. We can extend following Grammar with one rule that allows an auxiliary before the
first NP and handles most examples:

S[—inv] —» (NP AGR ?a) (VP [{pres past}} AGR ’a)
NP - (ART AGR ?a) (NAGR ?a)
NP — PRO

VP — W _none]

VP — V[_np] NP

VP — W _vp:inf] VP[inf]

VP — W _np_vp:inf] NP VP{inf]
VP — W _adjp] ADJP

VP{inf] — 7O VP[base]

ADIP — ADJ

11. ADIJP — ADJ[_vp:inf] VP{inf]
Head featres for S, VP: YFORM, AGR
Head features for NP: AGR

= B AT N O L

—

Grammar 4.7 A simple grammar in abbreviated form

S [+inv] -> (AUXAGR ?a SUBCAT ?v) (NP AGR ?a) (VP VFORM ?v)

This enforces subject-verb agreement between the AUX and the subject NP, and ensures that the
VP has the right VFORM to follow the AUX. This one rule is all that is needed to handle yes/no
questions, and all of the original grammar tor assertions can be used directly for yes/no
questions.

An algorithm for automatically adding GAP features to a grammar is shown in Figure 5.5. Note
that it does not modify any rule that explicitly sets the GAP feature already, allowing the
grammar designer to introduce rules that do not follow the conventions encoded in the algorithm.
In particular, the rule for subject-aux inversion cannot allow the gap to propagate to the subject
NP.

Foreachrule Y — X ... H; ... X, with head constituent H;

1. If the rule specifies a GAP feature in some constituent already, then skip.
2 If the head H; is not a lexical category, then add a2 GAP feature 1o the head and the
mother, and ~GAP to the other subconstituents, producing a rule of form:

(Y GAP ?g) — (X; GAP -)...(H; GAP %) ... (X, GAP -)
3. If the head H, is a lexical category, then for each nonlexical subconstituent Xj,
add a rule of the form:

(Y GAP %) -> (X; GAP-)...(X; GAP ) ... (X, GAP -)

Figure 5.5 An algorithm for adding GAP features to a grammar

4




Using this procedure, a new grammar can be created that handles gaps. All that is left to do is
analyze where the fillers for the gaps come from. In wh questions, the fillers are typically NPs or
PPs at the start of the sentence and are identified by a new feature WH that identifies a class of
phrases that can introduce questions. The WH feature is signaled by words such as who, what,
when, where, why, and how (as in how many and how carefully). These words fall into several
different grammatical categories, as can be seen by considering what type of phrases they
replace. In particular, who, whom, and what can appear as pronouns and can be used to specify
simple NPs:

Who ate the pizza?

What did you put the book in?

The words "what" and "which" may appear as determiners in noun phrases, as in

What book did he steal?

Words such as "where" and "when" appear as prepositional phrases:

Where did you put the book?

The word "how" acts as an adverbial modifier to adjective and adverbial phrases:

How quickly did he run?

Finally, the word "whose" acts as a possessive pronoun:

Whose book did you find?

A simple NP and PP grammar handling wh-words

(NP POSS ?p WH ?w) — (PRO POSS ’p WH ?w)

(NP WH 7w} — (DET WH 7w AGR 7a) (CNP AGR ’a)
CNP > N "

CNP — ADI N

DET — ART

(DET WH ?w) — (NP[+POSS] WH ?a)

(DET WH ?w) — (QDET WH w)

(PP WH ?w) — P (NP WH ?w)

(PP WH ?w) — (PP-WRD WH ?w)

W 0N A ok W N e

Head feature for NP, DET and CNP: AGR
Head feature for PP: PFORM

Grammar 5.7 A simple NP and PP grammar handling wh-words




3.3 Hold Mechanisms in ATNs

Another technique for handling movement was first developed with the ATN framework.
A data structure called the hold list maintains the constituents that are to be moved. Unlike GAP
features, more than one constituent may be on the hold list at a single time. Constituents are
added to the hold list by a new action on arcs, the hold action, which takes a constituent and
places it on the hold list.

The hold action can store a constituent currently in a register (for example, the action
HOLD SUBIJ holds the constituent that is in the SUBJ register). To ensure that a held constituent
is always used to fill a gap, an ATN system does not allow a pop arc to succeed from a network
until any constituent held by an action on an arc in that network has been used. That is, the held
constituent must have been used to fill a gap in the current constituent or in one of its
subconstituents.

Finally, you need a mechanism to detect and fill gaps. A new arc called VIR (for virtual)
that takes a constituent name as an argument can be followed if a constituent of the named
category is present on the hold list. If the arc is followed successfully, the constituent is removed
from the hold list and returned as the value of the arc in the identical form that a PUSH arc

returns a constituent.
Cve Dt
— 2 verb
aumx
m’( §VIR NP NP
1 1 2 I
.o EE .@ .@ verb 2 .@ @
, aux arx pop

NV e

CGaed

Arc ‘Fest Actions
541 INV :=—
SUBJ = *
5872 WH. " [QR]} WH = WH =
HOLD *
573 VYFORM . M {past pres} INVY =+
AUX ==
WH-5/1 SUBJ = *
WH-S/2 SUBJ :=*
WH-S/3 VFORM , — {past pres] AUX ==
VP/1 AGRgygy AGR ., MAIN-V = *
VFORM, M {past pres}
VP72 AGRgppy ™ AGR. AUX ==
VYFORM .,  (past pres}
S-INV/E AGR pux M AGR., SURJ = *
VP-AUX/t SUBCAT ,gx  FORM, MAIN-V = *
VCOMP/1 SUBCAT papne.v M _np OBJ =*
VCOMP/2 SUBCAT pamn-v MY _np OBJ = *
VCOMP/3 SUBCAT MAIN-V T __nane

Granunar 5.14  An S petwork for questions and relative clauses




The network is organized so that all +INV sentences go through node S-INV, while all -INV
sentences go through node VP. All wh-questions and relative clauses go through node WH-S and
then are redirected back into the standard network based on whether or not the sentence is
inverted. The initial NP is put on the hold list when arc Sf2 is followed. For noninverted
questions, such as Who ate the pizza?, and for relative clauses in the NP of form the man who ate
the pizza, the held NP is immediately used by the VIR arc WH-S/2. For other relative clauses, as
in the NP the man who we saw, arc WH-S/1 is used to accept the subject in the relative clause,
and the held NP is used later on arc VCOMP/2. For inverted questions, such as Who do I see?,
arc WH-S/3 is followed to accept the auxiliary, and the held NP must be used later.

This network only accepts verbs with SUBCAT values _none and _np but could easily be
extended to handle other verb complements. When extended, there would be a much wider range
of locations where the held NP might be used. Figure 5.15 shows a trace of the sentence "The
man who we saw cried". In parsing the relative clause, the relative pronoun who is held in step 5
and used by a VIR arc in step 8.

Note that this ATN would not accept *Who did the man see the boy?, as the held constituent who
is not used by any VIR arc; thus the pop arc from the S network cannot be taken. Similarly, *The
man who the boy cried ate the pie is unacceptable, as the relative pronoun is not used by a VIR
arc in the S network that analyzes the relative clause.

3.4 Gap Threading

A third method for handling gaps combines aspects of both the GAP feature approach and the
hold list approach. This technique is usually called gap threading. It is often used in logic
grammars, where two extra argument positions are added to each predicate—one argument for a
list of fillers that might be used in the current constituent, and one for the resulting list of fillers
that were not used after the constituent is parsed. Thus the predicate
s (position-in, position-out, fillers-in, fillers-out)

is true only if there is a legal S constituent between position-in and position-out of the input. If a
gap was used to build the 5, its filler will be present in fillers-in, but not in fillers-out. For
example, an S constituent with an NP gap would correspond to the predicate s(In, Out, (NP], nil).
In cases where there are no gaps in a constituent, the fillers-in and fillers-out will be identical.

Consider an example dealing with relative clauses. The rules required are shown in Grammar
5.16. The various feature restrictions that would be needed to enforce agreement and
subcategorization are not shown so as to keep the example simple.




A logical Grammar for GAP threading:

1. s{in, Out, Fillersin, FillersOut) :— np{in, In1, Fillersin, Fillers1),
vp(in1, Out, Fillers1, FillersQut)

vp(ln, Out, Fillersin, FillersOut) =~ v(in, in1)
vp(ln, Out, Fillersin, FillersOut) :— v(in, In1), np(in1, Oui, Fillersin, FillersOut)
np(in, Out, Fillers, Fillers) := art(in, In1), cnp(int, Out)
np(in, Out, Fillers, Fillers) :— pro(in, Out)
cnp(in, Out) :(— n(ln, In1), np-comp(In1, Qut)
np-comp(In, In} :~
(This covers the case where there is no NP complement.)
8. np-comp(In, Out) :— rel-intro(ln, in1, Filler),
s(in1, Out, (Filler nif), nil)
{Here we hold the Rel-Intro constituent, and must use it in the following S.)
9. rel-intro{in, Out, INP)) :— relpro(in, Out)
(where relpro accepts any pronoun with WH feature R)
10. np(in, In, [NP | Fillers], Fillers) :—
(This rule builds an empty np from a filler.)

Noopwn

Grammar 5.16 A logic grammar using gap threading

To see these rules in use, consider the parse of the sentence The man who we saw cried in Figure
5.17. The relative clause is analyzed starting with step 7. Using rule 9, the word who is
recognized as a relative pronoun, and the variable Filler is bound to the list [NP]. This filler is
then passed into the embedded S (step 9), to the NP (step 10), and then on to the VP (step 12),
since it is not used in the NP. From there it is passed to the NP predicate in step 14, which uses
the filler according to rule 10. Note that no other NP rule could have applied at this point,
because the filler must be used since the FillersOut variable is nil. Only rules that consume the
filler can apply. Once this gap is used, the entire NP from positions 1 to 6 has been found and the
rest of the parse is straightforward.
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The rmorese that the car ate

Figure 5.18 A parse tree in extraposition grammar




3.5 Human Preferences in Parsing

Generally the people will know simple rules to parse sentences. The Psycholinguists have
conducted many investigations into parsing using a variety of techniques. These studies have
revealed some general principles concerning how people resolve ambiguity.

{.1 S— NP VP 1.4 NP - ARTN
2 VB - VNPPP L.5 NP — NP PP
1.3 VP — VNP 1.6 PP - PNP

Grammar 6.1 A simple CFG
/ S\ / S\
the man v NP PP the lnan v NP

kept the dog in the house kept PP

the dog in the house

Figure 6.2 The interpretation on the left is preferred by the minimal attachment principle

The most basic result from these studies is that people do not give equal weight to all possible
syntactic interpretations. This can be illustrated by sentences that are temporarily ambiguous, which
cause a conscious feeling of having pursued the wrong analysis, as in the sentence "The raft floated
down the river sank". When you read the word "sank"” you realize that the interpretation you have
constructed so far for the sentence is not correct. In the literature, such sentences are often called
"garden-path'' sentences, based on the expression about leading someone down a garden path. Here
are a few of the general principles that appear to predict when garden paths will arise.

Minimal Attachment

The most general principle is called the minimal attachment principle, which states that there is a
preference for the syntactic analysis that creates the least number of nodes in the parse tree. Thus,
given Grammar 6.1, the sentence "The man kept the dog in the house” would be interpreted with the
PP "in the house" modifying the verb rather than the NP "the dog”. These two interpretations are




shown in Figure 6.2. The interpretation with the PP attached to the VP is derived using rules 1.1, 1.2,
and 1.6 and three applications of rule 1.4 for the NPs. The parse tree has a total of 14 nodes. The
interpretation with the PP attached to the NP is derived using rules 1.1, 1.3, 1.5, and 1.6 and three
applications of rule 1.4, producing a total of 15 nodes in the parse tree. Thus this principle predicts
that the first interpretation is preferred, which probably agrees with your intuition.

This principle appears to be so strong that it can cause certain sentences to be almost impossible to
parse correctly. One example is the sentence

We painted all the walls with cracks.

which, against all common sense, is often read as meaning that cracks were painted onto the walls, or
that cracks were somehow used as an instrument to paint the walls. Both these anomalous readings
arise from the PP being attached to the VP (paint) rather than the NP (the walls). Another classic
example is the sentence

The horse raced past the barn fell.

which has a reasonable interpretation corresponding to the meaning of the sentence "The horse that
was raced past the barn fell”. In the initial sentence, however, creating a reduced relative clause
when the word "raced” is encountered introduces many more nodes than the simple analysis where
"raced" is the main verb of the sentence. Of course, this second interpretation renders the sentence
unanalyzable when the wordfell is encountered.

Right Association

The second principle is called right association or late closure. This principle states that, all other
things being equal, new constituents tend to be interpreted as being part of the current constituent
under construction (rather than part of some constituent higher in the parse tree). Thus, given the
sentence

George said that Henry left in his car.

the preferred interpretation is that Henry left in the car rather than that George spoke in the car. Both
interpretations are, of course, syntactically acceptable analyses. The two interpretations are shown in
Figure 6.3. The former attaches the PP to the VP immediately preceding it, whereas the latter
attaches the PP to the VP higher in the tree. Thus the right association principle prefers the former.
Similarly, the preferred interpretation for the sentence "I thought it would rain yesterday" is that
yesterday was when it was thought to rain, rather than the time of the thinking.

Lexical Preferences

In certain cases the two preceding principles seem to conflict with each other. In the sentence
"The man kept the dog in the house", the principle of right association appears to favor the
interpretation in which the PP modifies the dog, while the minimal attachment principle appears
to favor the PP modifying the VP. You might suggest that minimal attachment takes priority over
right association in such cases; however, the relationship appears to be more complex than that.
Consider the sentences

1. I wanted the dog in the house.

2. I kept the dog in the house.

3. I put the dog in the house.
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Figure 6.3 Two interpretations of George said that Henry left in his car.

The PP "in the house" in sentence I seems most likely to be modifying "dog" (al though the other
interpretation is possible, as in the sense "I wanted the dog to be in the house"). In sentence 2, the
PP seems most likely to be modifying the VP (although modifying the NP is possible, as in "/
kept the dog that was in the house"). Finally, in sentence 3, the PP is definitely attached to the
VP, and no alternative reading is possible.

These examples demonstrate that lexical items, in this case the verb used, can influence parsing
preferences. In many cases, the lexical preferences will override the preferences based on the
general principles. For example, if a verb subcategorizes for a prepositional phrase, then some
PP must be attached to the VP. Other PP5 might also be identified as having a strong preference
for attachment within the VP. If neither of these cases holds, the PP will be attached according to
the general principles.

Thus, for the preceding verbs, "want" has no preference for any PPs, whereas "keep” might

" "

prefer PPs with prepositions "in", "on", or "by" to be attached to the VP. Finally, the verb "put”

”n "

requires (subcategorizes for) a PP beginning with "in", "on", "by", and so on, which must be
attached to the VP.

2.1 S—- NPVP 23 VP - AUX VNP
2.2 NP —- ARTN 24 VP 5 VNP

Grammar 6.4 A simple grammar with an AUX/V ambiguity




3.6 Shift Reduce Parsers

The Shift Reduce parsers are used to improve the efficiency of parsers in NLP. The uncertainty
is passed forward through the parse to the point where the input eliminates all but one of the
possibilities. The efficiency of the technique described in this section arises from the fact that all
the possibilities are considered in advance, and the information is stored in a table that controls
the parser, resulting in parsing algorithms that can be much faster than described thus far.

These techniques were developed for use with unambiguous context-free grammars - grammars
for which there is at most one interpretation for any given sentence. While this constraint is
reasonable for programming languages, it is clear that there is no unambiguous grammar for
natural language. But these techniques can be extended in various ways to make them applicable
to natural language parsing.

Specifying the Parser State

Consider using this approach on the small grammar in Grammar 6.4. The technique involves
predetermining all possible parser states and determining the transitions from one state to another. A
parser state is defined as the complete set of dotted rules (that is, the labels on the active arcs in a
chart parser) applicable at that position in the parse. It is complete in the sense that if a state contains
arule of the formY -> ... 0 X ..., where X is a nonterminal, then all rules for X are also contained in

the state. For instance, the initial state of the parser would include the rule
S->o0NP VP

as well as all the rules for NP, which in Grammar 6.4 is only
NP -> 0 ARTN

Thus the initial state, SO, could be summarized as follows:

Initial State SO: S -> o NP VP

NP -> 0 ARTN

In other words, the parser starts in a state where it is looking for an NP to start building an S and
looking for an ART to build the NP. What states could follow this initial state? To calculate this,
consider advancing the dot over a terminal or a nonterminal and deriving a new state. If you pick the
symbol

ART, the resulting state is

State S1: NP -> ART o N

If you pick the symbol NP, the rule is

S->NPo VP

in the new state. Now if you expand out the VP to find all its possible starting symbols, you get the
following:

State S2: S-> NP o VP

VP -> 0 AUX VNP

VP ->0 VNP

Now, expanding SI, if you have the input N, you get a state consisting of a completed rule:
State S1': NP -> ART N o

Expanding 52, a V would result in the state

State S3: VP -> V o NP

NP -> 0 ARTN

An AUX from S2 would result in the state




State S4: VP -> AUX 0o V NP

and a VP from 52 would result in the state

State S2': S -> NP VP o

Continuing from state 53 with an ART, you find yourself in state Si again, as you would also if you
expand from SO with an ART. Continuing from S3

with an NP, on the other hand, yields the new state

State S3': VP -> VNP o

Continuing from S4 with a V yields
State S5: VP -> AUX V o NP
NP -> 0 ARTN

Figure 6.5 A transition graph derived from Grammar 6.1

and continuing from S5 with an ART would produce state S1 again. Finally, continuing from S5 with
an NP would produce the state

State S5': VP -> AUX VNP o

Now that this process is completed, you can derive a transition graph that can be used to control the

parsing of sentences, as is shown in Figure 6.5.




A Shift-Reduce Parser

These states can be used to control a parser that maintains two stacks: the parse stack, which
contains parse states (that is, the nodes in Figure 6.5) and grammar symbols; and the input stack,
which contains the input and some grammar symbols. At any time the parser operates using the
information specified for the top state on the parse stack. The states are interpreted as follows. The
states that consist of a single rule with the dot at the far right-hand side, such as S2',

S->NP VPo

indicate that the parser should rewrite the top symbols on the parse stack according to this rule. This
is called a reduce action. The newly derived symbol (S in this case) is pushed onto the top of the
input stack.

Any other state not containing any completed rules is interpreted by the transition diagram. If the top
input symbol matches an arc, then it and the new state (at the end of the arc) are pushed onto the
parse stack. This is called the shift action. Using this interpretation of states you can construct a
table, called the oracle, that tells the parser what to do in every situation. The oracle for Grammar 6.4
is shown in Figure 6.6. For each state and possible input, it specifies the action and the next state.
Reduce actions can be applied regardless of the next input, and the accept action only is possible
when the input stack is empty (that is, the next symbol is the empty symbol e). The parsing algorithm
for using an oracle is specified in Figure 6.7.

Consider parsing "The man ate the carrot”. The initial state of the parser is

Parse Stack Input Stack

(S0) (The man ate the carrot)
Looking up the entry in the table in Figure 6.6 for state SO for the input ART (the category of the
word the), you see a shift action and a move to state S1:

Parse Stack Input Stack
(S1 ART S0) (man ate the carrot)
Looking up the entry for state S1 for the input N, you see a shift action and a move to state S1:
Parse Stack Input Stack
(S1' N S1 ART S0) (ate the carrot)

Looking up the entry for state Si’, you then reduce by rule 2.2, which removes the Si,, N, 51, and
ART from the parse stack and adds NP to the input stack:

Parse Stack Input Stack
(S0) (NP ate the carrot)
Again, consulting the table for state SO with input NP, you now do a shift and move to state S2:
Parse Stack Input Stack
(S2 NP S0) (ate the carrot)

Next, the three remaining words all cause shifts and a move to a new state, ending up with the parse
state:

Parse Stack Input Stack

(SI'NS1ARTS3VS2NPS0) ()
The reduce action by rule 2.2 specified in state S1' pops the N and ART from the stack (thereby
popping S1 and S1' as well), producing the state:
Parse Stack Input Stack

(S3V S2 NP S0) (NP)
You are now back at state S3, with an NP in the input, and after a shift to state S3', you reduce by
rule 2.4, producing:

Parse Stack Input Stack




This algorithm uses the following information:

»  Action(S, W)—a function that maps a state and an input constituent to one of
the values shift, reduce i, or accept

»  GoTo(S, W)—a function that maps a state and an input constifuent 10 a new state
»  aparse stack of form (S, G, ... S; C; Sg), where S; are parse states and C; are

constituents
*  aninput stack of form (W, ... W), where W, is a constituent symbol or word

The parser operates by continually executing the following steps until success or failure:
L. If Action(S,, W)= Shift, and GoTo(S,, W,;)=S, thenremove W, from the
input stack and push it on the parse stack, and then push S onto the parse stack.
resuiting in the following stacks:
parse stack: (S W, 8, C, ... 5, C| 5y)
input stack: (W5 ... W)
2 IfAction(S,, W ;)= Reduce i and grammar rule i has n constituents on its righi-
hand side, then remove 2n elements from the parse stack, and push the lefi-hand
side of rule i onto the input stack, For example, if rule i were NP — ART N,
then the new state would be
parse stack: (8,5, Cy2... 83 C; Sp)
input stack: (NP Wy .. W)
3. IfAction(S,, W)= Accept, then the parser has succeeded.
4. If Action(S,, W) is not defined, then the parser has failed.

Figure 6.7 The parsing algorithm for a shift-reduce parser




State Top Input Symbeol Action GoTo

S0 ART Shift SI
S0 NP Shift 52
S0 S Shift S0
S0’ £ Succeed R
St N Shift Sr

S cemmmmanan Reduce by rule 2.2 oo
S2 Vv Shift S3
S2 AUX ~ Shift S4
S2 VP Shift Sz
S i Reduce by rule 2.1 (o
S3 ART Shift Sl
S3 NP Shift §3'
83 0 e Reduce by rule 2.4 e
4 v Shift S5
S5 ART Shift S1
S5 NP Shift S5’
. R Reduce by rule 2.3 ases

Figure 6.6 The oracle for Grammar 6.4

3.7 Deterministic Parsers.
A deterministic parser can be built that depends entirely on matching parse states to direct its

operation. Instead of allowing only shift and reduce actions, however, a richer set of actions is
allowed that operates on an input stack called the buffer. (The cat ate the fish).

The Parse Stack The Buffer

Top — (S SUBJ (NP DET the
HEAD cat)) | @ the fish

Figure 6.8 A situation during a parse

Rather than shifting constituents onto the parse stack to be later consumed by a reduce action, the
parser builds constituents incrementally by attaching buffer elements into their parent
constituent, an operation similar to feature assignment. Rather than shifting an NP onto the stack
to be used later in a reduction S -> NP VP, an S constituent is created on the parse stack and the
NP is attached to it. Specifically, this parser has the following operations:




e Create a new node on the parse stack (to push the symbol onto the stack)
e Attach an input constituent to the top node on the parse stack
e Drop the top node in the parse stack into the buffer

The drop action allows a completed constituent to be reexamined by the parser, which will then
assign it a role in a higher constituent still on the parse stack. This technique makes the limited
lookahead technique surprisingly powerful.

To get a feeling for these operations, consider the situation in Figure 6.8, which might occur in
parsing the sentence "The cat ate the fish". Assume that the first NP has been parsed and
assigned to the SUBJ feature of the S constituent on the parse stack. The operations introduced
earlier can be used to complete the analysis. Note that the actual mechanism for deciding what
operations to do has not yet been discussed, but the effect of the operations is shown here to
provide intuition about the data structure. The operation

Attach to MAIN-V
would remove the lexical entry for ate from the buffer and assign it to the MAIN-V feature in the
S on the parse stack. Next the operation

Create NP
would push an empty NP constituent onto the parse stack, creating the situation in Figure 6.9. Next

the two operations
Attach to DET

Attach to HEAD
would successfully build the NP from the lexical entries for "the” and "fish". The input buffer would
now be empty.

The Parse Stack The Buffer
Top — (NP)

the Sfish

(S SUBJ (NP DET the
HEAD cat)
MATIN-V ate)

Figure 6.9 After creating an NP

The Parse Stack The Buffer

Top — (S SUBJ (NP DET the (NP DET the _
HEAD cat) HEAD fish)
MAIN-V ate)

Figure 6.10 After the drop action

The operation

Drop

pops the NP from the parse stack and pushes it back onto the buffer, creating the situation in Figure
6.10.




UNIT-4

Requirements for representation Semantics and Pragmatics

Semantics and pragmatics are two fields that study meaning, but they do so from different
perspectives. The requirements for representation in both disciplines are crucial for
understanding how meaning is conveyed in language. Here's a breakdown of these
requirements:

1. Semantics

Semantics is the study of the meaning of words, phrases, and sentences in isolation, often
focusing on the inherent, abstract meaning. Representation in semantics typically requires:

a. Truth-Conditions

e Truth-conditional semantics focuses on how the meaning of a sentence can be
understood in terms of the conditions under which it would be true or false. This
approach uses formal logic to represent the meaning of sentences.

o Propositional content: A sentence has a certain propositional content (what it
asserts), and its meaning can often be understood by determining whether this content
corresponds to a fact in the world.

b. Compositionality

o The principle of compositionality is essential, which asserts that the meaning of a
complex expression (like a sentence) is determined by the meanings of its parts and
how they are combined.

e This includes rules for combining meanings of words (lexical meaning) and syntactic
structures (sentence structure).

c. Sense and Reference
o Sense refers to the mental concept or meaning associated with a word, while
reference refers to the actual object or entity in the world that the word refers to. For
example, "the morning star" and "the evening star" have the same reference (Venus)
but different senses.
d. Ambiguity
e A good semantic representation accounts for the ambiguity of words and sentences,
distinguishing between multiple meanings that a word or phrase might have based on
context.

e. Types of Meaning

o Lexical meaning: Representing the meaning of individual words (e.g., using a
dictionary or formal semantic system).



o Compositional meaning: How larger expressions (phrases and sentences) derive
their meaning from individual word meanings and grammatical structure.

2. Pragmatics

Pragmatics is concerned with meaning in context—how speakers use language in real
situations, taking into account social and conversational factors.

Representation in pragmatics requires:

a. Context

o Contextual information is central to pragmatics, including physical context (the
environment), linguistic context (what was said before or after), and social context
(speaker-listener roles, shared knowledge, etc.).

o Deictic expressions (e.g., "here," "there," "I," "you") rely on context to determine
their reference.

b. Speaker Intentions

e The meaning of an utterance often involves understanding the speaker's intentions,
which may not always align with the literal meaning of the words. For example,
saying "Can you pass the salt?" is usually a request rather than a question about the
listener's ability.

o Speech acts (e.g., promising, requesting, asserting) are an important concept in
pragmatics, and a good representation system should account for different types of
acts and their contexts.

c. Implicature

o Implicatures are meanings that are implied but not directly stated. For example, if
someone says, "I’m hungry," they may be indirectly requesting food.

d. Presupposition

o Presuppositions are background assumptions that must hold for a sentence to make
sense. For example, the sentence "John stopped smoking" presupposes that John used
to smoke.

o Representing presupposition involves tracking assumptions that are taken for granted
by the speaker and listener.

e. Politeness and Social Norms

e Pragmatics also includes understanding politeness strategies and social norms in
communication, which often guide how people modify their speech acts (e.g., using
indirect language to soften requests or to show respect).



f. Discourse Structure
e The way sentences and utterances are related in a larger discourse context also plays a

key role in pragmatics. This includes how speakers manage topics, reference, and
coherence in conversation.

First-Order Logic IN NLP

First-Order Logic (FOL) plays a significant role in Natural Language Processing (NLP),
as it provides a formal framework for representing knowledge, reasoning, and meaning
within language. FOL is a powerful tool for modeling linguistic structures and inferring new
information from existing knowledge. Here's an overview of how First-Order Logic is used
in various aspects of NLP:

1. Representation of Knowledge in NLP

FOL is widely used in NLP to represent structured knowledge and relationships between
entities. It provides a formal system to encode facts and rules about the world. This
knowledge can be used for tasks like question answering, information extraction, and
natural language understanding.

a. Entities and Predicates:

In FOL, information is represented as predicates (which express relations) and constants
(which represent objects). In the context of NLP:

¢ A predicate might represent a relationship between objects, such as
Loves(John,Mary)\text{Loves}(John, Mary)Loves(John,Mary), which means "John loves
Mary."
e Constants represent specific objects or individuals (e.g., "John" or "Mary").
For example, the sentence "John is a student" could be represented as:
Student(John)\text{Student}(John)Student(John)

b. Complex Representations:

FOL can be used to represent complex sentences with multiple entities and relationships. For
example, the sentence "John gave Mary a book" could be represented as:

Gave(John,Mary,Book)\text{Gave}{John, Mary, \text{Book})Gave(John,Mary,Book)

This formalizes the relationship between the giver (John), the receiver (Mary), and the object
(Book).



2. Reasoning and Inference in NLP
FOL is also crucial for logical reasoning in NLP. It can be used to infer new facts or deduce
conclusions based on existing knowledge, which is essential for tasks like question

answering, dialogue systems, and commonsense reasoning.

a. Deductive Reasoning:

FOL enables deductive reasoning, where new facts can be inferred from a set of premises.
For example, given:

1. Human(John)\text{Human}(John)Human(John)
2. Mortal(x)>Human(x)\text{Mortal}(x) \rightarrow \text{Human}(x)Mortal(x)->Human(x)

We can deduce:
Mortal(John)\text{Mortal}{John)Mortal(John)

This type of reasoning is crucial for systems that need to answer questions or make inferences
based on a knowledge base.

b. Backward and Forward Chaining:

In reasoning tasks, forward chaining involves starting from known facts and applying rules
to infer new facts. Backward chaining works by starting from a goal and working backward
to see if the goal can be satisfied by the available facts and rules.

For instance, in a question-answering system, given a query like "Is John mortal?", the

system can reason backward using FOL to check whether the fact "John is a human" implies
that "John is mortal."

3. Question Answering and Information Retrieval

FOL is widely used in question answering and information retrieval tasks because it
allows systems to match the user's query against a structured knowledge base.

a. Formalizing Queries:
A question like "Who is John's teacher?" can be formalized as:
3Ix(Teacher(x,John))\exists x (\text{Teacher}(x, John))3ax(Teacher(x,John))

The system can then search a knowledge base to find entities xxx that satisfy this query,
using existential quantifiers to express the idea of "someone."

b. Answer Extraction:

FOL can help extract relevant answers by matching queries to the appropriate relationships in
a knowledge graph or database. For example, a system can look for entries that satisfy the



predicate Teacher(x,John)\text{ Teacher}(x, John)Teacher(x,John), returning the teacher's
name.

4. Natural Language Understanding (NLU)

In Natural Language Understanding, FOL can be used to interpret sentences in terms of
formal structures that capture their semantic meaning. By translating sentences into FOL,
systems can understand and manipulate the relationships between entities in a sentence.
For example, the sentence "Alice and Bob are friends" can be represented as:

Friend(Alice,Bob)\text{Friend}(Alice, Bob)Friend(Alice,Bob)

This formalization allows the system to reason about relationships between different entities.

5. Semantic Parsing

Semantic parsing is the task of converting natural language into a formal representation that
can be reasoned about. FOL is often used as the target formalism for parsing because of its
expressiveness and formal structure.

a. Parsing Sentences into FOL:

A semantic parser takes a sentence and produces a formal representation in FOL. For
example, the sentence "John gave Mary a book" might be parsed into:

Gave(John,Mary,Book)\text{Gave}(John, Mary, \text{Book})Gave(John,Mary,Book)

This parsing process requires sophisticated techniques such as dependency parsing, entity
recognition, and understanding syntactic structures to map natural language to FOL.

b. Disambiguation:
FOL helps disambiguate meaning by providing clear formal definitions of relations. For

example, the word "bank" could be ambiguous (river bank vs. financial institution), but by
representing the context through logical relations, we can resolve this ambiguity.

6. Commonsense Reasoning

Commonsense reasoning involves drawing conclusions from knowledge that humans
typically understand without explicit teaching. FOL is often used to formalize commonsense
knowledge and enable systems to reason about everyday situations.

Example of Commonsense Knowledge:

The sentence "Humans need food to survive" could be represented as:

Need(Human(x),Food)\text{Need}(Human(x), \text{Food})Need(Human(x),Food)

This allows a system to infer that if a person is a human, they need food.



7. Knowledge Representation and Ontologies

FOL is fundamental in ontologies and knowledge graphs, where entities are connected by
relationships. These structures are widely used in NLP for tasks like entity recognition,
relationship extraction, and semantic search.

Example:

Consider a knowledge graph where nodes represent entities and edges represent relationships.
FOL can be used to formalize these relationships, such as:

e IsAuthor(John,Book1)\text{IsAuthor}(John, \text{Book1})IsAuthor(John,Book1)
e Published(Book1,2020)\text{Published}(\text{Book1}, \text{2020})Published(Book1,2020)

This allows a system to reason about authorship, publication dates, and other related
concepts.

8. Limitations of FOL in NLP

While First-Order Logic is powerful, it has some limitations in the context of natural
language:

e Ambiguity: FOL cannot inherently resolve ambiguous or context-dependent meanings in
language.

e Contextual Reasoning: FOL can struggle with reasoning about world knowledge that is not
explicitly encoded (e.g., idiomatic expressions, humor, or cultural knowledge).

e Scalability: Handling large-scale knowledge bases with FOL can be computationally
expensive.

Description Logics — Syntax-Driven Semantic analysis

Description Logics (DLs) are a family of formal knowledge representation languages used to
represent structured knowledge and support reasoning. They are particularly useful in
semantic analysis for representing the meaning of sentences and concepts in a way that can
be interpreted by machines.

In the context of syntax-driven semantic analysis, Description Logics provide a formal
framework for analyzing the meaning of sentences based on their syntactic structure. This
allows for efficient reasoning about the relationships between concepts, entities, and their
properties.

Key Concepts of Description Logics

1. Concepts (Classes):
o These are the basic building blocks of description logics, representing sets of objects
or entities. For example, the concept Human can represent the set of all humans.
o Atomic concepts: These are the simplest concepts, which do not have any internal
structure. E.g., Person, Car, Animal.



o Complex concepts: These are constructed using atomic concepts and logical
operators. For example:

= Intersection: HumannMortal\text{Human} \cap
\text{Mortal}HumannMortal represents the set of humans who are mortal.

=  Union: HumanURobot\text{Human}\cup \text{Robot}HumanURobot
represents humans or robots.

= Complement: -Human\neg \text{Human}-Human represents everything
that is not human.

2. Roles (Relations):

o These represent relationships between entities. For example, a teacher might have a
role of teaching a student.

o Arole connects two concepts, such as the role hasChild might connect the concept
Person with the concept Person.

3. Individuals (Objects):

o These are specific objects or instances of concepts. For example, John and Mary

could be individuals of the Person concept.
4. Axioms and TBoxes:

o TBoxes (Terminological Boxes) define the relationships between concepts. They
consist of concept inclusion axioms (e.g., HumanSMortal\text{Human}\subseteq
\text{Mortal}HumanESMortal), defining a hierarchy of concepts.

o RBoxes define relationships between roles, such as transitivity (e.g.,
hasChild(x,y)AhasChild(y,z)>hasChild(x,z)\text{hasChild}(x, y) \land
\text{hasChild}(y, z) \rightarrow \text{hasChild}(x,
z)hasChild(x,y)AhasChild(y,z)->hasChild(x,z)).

5. ABox:

o ABoxes (Assertional Boxes) provide instances of the concepts and roles,
representing facts about individual entities. For example,
hasChild(John,Mary)\text{hasChild}{John, Mary)hasChild(John,Mary) asserts that
John has Mary as a child.

Syntax-Driven Semantic Analysis with Description Logics

Syntax-driven semantic analysis involves analyzing the syntactic structure of a sentence
and using that structure to derive a corresponding semantic representation. In this case,
Description Logics can be used to map syntactic elements of a sentence into formal
representations that describe the meaning of the sentence.

1. Mapping Syntactic Structures to DL Representations:

The first step in syntax-driven semantic analysis is identifying the syntactic structure of a
sentence, typically using a syntactic parser. For example, consider the sentence: "John is a
human."

e Syntactic Structure:
o Subject: John (individual)
o Predicate: is (copula, linking subject and predicate)
o Object: human (concept)
e Description Logic Representation:
o Concept: Human(John)\text{Human}(John)Human(John)
o Thisrepresents that John is an instance of the concept Human.



More complex sentences can also be analyzed similarly. For example, "John is a teacher of
Mary" would involve a role (or relation) in addition to the concept. The sentence would be
represented as:

¢ Role: Teaches(John,Mary)\text{Teaches}(John, Mary)Teaches(John,Mary)
e This indicates that John has the role of teaching Mary.

2. Constructing Semantics from Syntax:

The process of translating syntax into semantic structures is largely governed by the
grammar rules and logical operators that are used in Description Logics. For example, a
sentence with a subject, verb, and object (such as "John teaches Mary") would result in a
concept-role assertion:

Teaches(John,Mary)\text{Teaches}(John, Mary)Teaches(John,Mary)

This formalizes the idea that John teaches Mary using a role (or relation) and individuals
(John and Mary).

More complex sentences, such as those involving adjectives, conjunctions, or negations,
would require more sophisticated translation rules that combine concepts, roles, and logical
connectives. For example:

e "Johnis a teacher and Mary is a student"” would result in:
Teacher(John)AStudent(Mary)\text{Teacher}(John) \land
\text{Student}(Mary)Teacher(John)AStudent(Mary)

¢ "Johnis not a teacher" would be represented as: -Teacher(John)\neg
\text{Teacher}(John)-Teacher(John)

3. Reasoning with Description Logics:

After a sentence is converted into Description Logic representations, reasoning can be
performed over the knowledge base. For example:

e (Classification: You can infer that an individual belongs to a certain class based on its
attributes. For instance, if you know that John is a Human and Humans are mortal, you can
infer that John is mortal.

e Consistency Checking: Ensure that no contradictory information exists. For example, if you
have both Human(John)\text{Human}{John)Human(John) and -Human(John)\neg
\text{Human}(John)-Human(John), the knowledge base would be inconsistent.

e Subsumption: Check whether one concept is more general than another (e.g., whether
Human\text{Human}Human subsumes Mammal\text{Mammal}Mammal).

4. Example of Syntax-Driven Semantic Analysis in DL:
Let's take the sentence ''Alice is a doctor of medicine'':
e Syntactic Structure:

o Subject: Alice (individual)
o Predicate: is (copula)



o Obiject: doctor (concept) of medicine (role or relation)
e DL Representation:
o DoctorOfMedicine(Alice)\text{DoctorOfMedicine}(Alice)DoctorOfMedicine(Alice)
o This represents the relationship between Alice and the concept DoctorOfMedicine,
capturing both the individual and the concept.

Advantages of Description Logics for Syntax-Driven Semantic Analysis:

e Formal Representation: DLs provide a formal and structured way to represent meanings,
which helps in managing ambiguity and ensuring consistency.

e Reasoning: Once the sentence is represented in a logical form, DLs allow for reasoning about
the relationships between concepts, entities, and facts.

e Scalability: DLs are used in large-scale knowledge representation systems, such as
ontologies (e.g., OWL - Web Ontology Language), and can handle complex relationships.

¢ Inference: DL-based reasoning allows for inferring new facts from existing knowledge, which
is useful in applications like question answering and semantic search.

Applications in NLP:

1. Semantic Parsing: Translating sentences into a formal logic representation (e.g., Description
Logics) to enable understanding and reasoning.

2. Ontology-based Reasoning: Leveraging DL to reason over domain-specific ontologies, such
as medical or legal knowledge.

3. Information Retrieval: Using DL to structure documents or queries in a way that allows for
more precise retrieval based on semantic understanding.

4. Question Answering: Using DLs to map questions to formal representations and reason
about the best answers based on a knowledge base.

Semantic attachments — Word Senses

Semantic attachment refers to the process of linking words or phrases to their meanings or
senses in a specific context. In natural language processing (NLP), this concept is crucial for
word sense disambiguation (WSD), which aims to determine which meaning (sense) of a
word is intended in a given context. Word senses are different meanings that a word can
have, depending on how it is used in a sentence or discourse.

1. Word Senses: Definition

A word sense refers to one of the distinct meanings that a word can have. Many words are
polysemous, meaning they have multiple senses or meanings depending on the context in
which they appear. For example, the word "'bank'' can refer to a financial institution or the
side of a river.

Examples of polysemous words:

e Bank:
o Financial institution: "l need to go to the bank to withdraw money."
o Riverbank: "The boat is on the river bank."

e Bat:
o Animal: "A bat flew across the sky."



o Sports equipment: "He hit the ball with a bat."

2. Semantic Attachments in Word Sense Disambiguation (WSD)

The task of Word Sense Disambiguation (WSD) is to assign the correct word sense to a
given word in a sentence based on its context. For example, the word '"bank'' has to be
identified as either the financial institution or the riverbank based on surrounding words.
Semantic attachment refers to how these senses are mapped to the word in its specific usage.

In NLP, semantic attachment is often handled by:
e Contextual clues: Words around the target word help determine its correct sense.
e Knowledge bases and dictionaries: External resources, such as WordNet, provide
predefined senses of words and help in attaching the correct sense to a word based on
context.

e Machine learning models: These models, including deep learning, can learn to distinguish
between different word senses by analyzing large corpora and identifying patterns.

3. WordNet and Semantic Attachments

One of the most widely used lexical databases for word senses is WordNet. WordNet
provides a rich structure of word senses and their relationships. Each word is connected to its
various senses (synsets), and these senses are linked to other senses by relationships such as
synonymy, antonymy, hyponymy, and meronymy.

Example:

Consider the word ""bank"'. In WordNet, "bank" would have multiple senses, each
corresponding to a different meaning, and could be linked as follows:

e Sense 1: Afinancial institution (synonym: depository financial institution)
e Sense 2: The side of a river (synonym: riverbank, shore)

These senses are linked by specific semantic relations (e.g., hyponymy for riverbank as a
type of bank).

Semantic attachment involves selecting the correct sense from these options based on the
surrounding context.

4. Techniques for Word Sense Disambiguation (WSD)

Several techniques can be used to disambiguate word senses and attach the appropriate
meaning in context:

a. Supervised Learning Approaches

Supervised learning models require a labeled dataset where each instance (word in a context)
has a known sense. The model learns to predict the correct sense based on features such as:

e Contextual words: Nearby words help identify the sense.



e POS tagging: The part of speech of the word can provide clues about its sense.
e Word embeddings: Pretrained word vectors (e.g., Word2Vec, GloVe) capture semantic
relationships between words.

b. Unsupervised Learning Approaches

In an unsupervised setting, models attempt to disambiguate senses without labeled data by
clustering similar contexts or using dictionary-based methods:

e Dictionary-based methods: Use external lexical resources (e.g., WordNet) to find the most
likely sense based on context.

e Clustering methods: Cluster occurrences of a word into groups corresponding to its different
senses.

¢. Knowledge-based Approaches

Knowledge-based methods make use of external resources like WordNet, Wikipedia, or
domain-specific ontologies. These approaches typically involve:

e Graph-based methods: Construct a graph of word senses and use graph traversal techniques
to find the most appropriate sense.

e Lesk Algorithm: This algorithm uses dictionary definitions to find overlaps in the definitions
of senses and the surrounding context, selecting the sense with the most overlap.

d. Deep Learning Approaches

Recent advancements in NLP have led to the use of deep learning models for word sense
disambiguation. These models, particularly transformers like BERT (Bidirectional Encoder
Representations from Transformers), can process context effectively and choose the correct
sense based on rich contextual understanding:

o BERT-based models: Fine-tuning transformer models like BERT for WSD has become a
popular approach. BERT’s contextualized embeddings can be used to predict the sense of
polysemous words based on their usage in a given sentence.

5. Challenges in Semantic Attachment and WSD
There are several challenges in semantic attachment, especially for WSD tasks:

e Ambiguity: Words with many senses (e.g., "bank," "set," "bark") can be difficult to
disambiguate, especially in cases where the context is insufficient.

¢ Polysemy and contextual variations: A single word may change meaning depending on the
syntactic or discourse context, making it difficult to decide which sense is intended.

o Lack of sufficient labeled data: In supervised learning, labeled data is often limited,
especially for rare word senses or domain-specific contexts.



6. Applications of Word Sense Disambiguation and Semantic Attachments

e Machine Translation: Accurate word sense disambiguation improves the quality of machine
translation by ensuring that words are translated according to their intended meaning in
context.

e Information Retrieval: WSD helps improve the retrieval of relevant documents by
understanding the context in which search terms are used.

e Question Answering: For systems that answer questions, correctly disambiguating the
senses of words in the question helps provide more accurate answers.

e Text Summarization: WSD is important for ensuring that the meaning of the summarized
text is faithful to the original document.

7. Example of Semantic Attachment Using Word Senses
Let’s take an example sentence and see how semantic attachment works in a context:
Sentence: "She went to the bank to cash a check."

e Context: The surrounding words ("cash a check") suggest that the word "bank" refers to a
financial institution, not a riverbank.
¢ Word Sense Disambiguation: Based on this context, the system would attach the sense of
"bank" as a financial institution from WordNet.
¢ Semantic Representation:
o Sense 1: Bank = Financial institution.
o Semantic attachment: The word "bank" in this context is understood as a financial
institution that handles financial transactions.

In contrast, in a sentence like: '"The boat was tied to the bank."

e The surrounding context ("boat" and "tied") indicates that the word "bank" refers to the
side of the river rather than a financial institution.

Relations between Senses

The relations between word senses are important in understanding how different meanings
of a word relate to each other and how they can be distinguished or connected in a lexical
resource. These relations help both humans and machines make sense of polysemous words
(words with multiple meanings) and improve tasks like Word Sense Disambiguation
(WSD), semantic analysis, and information retrieval.

1. Semantic Relations between Word Senses

When a word has multiple senses, these senses are not completely isolated; they often share
certain semantic features or are linked through various relationships. Some of the most
common relations between word senses are:



a. Synonymy

e Definition: Synonymy refers to the relationship between different senses of a word that
have similar or identical meanings.
e Example: The two senses of the word "bank":
o Financial institution (e.g., "l deposited money at the bank.")
o Financial institution specializing in loans (e.g., "She works for a loan bank.")

These senses share a common core meaning of a financial institution, even though their
specific focus may differ.

b. Antonymy

o Definition: Antonymy refers to a relationship where the senses of two words are opposites
of each other. This can apply to different senses of a single word when one sense implies the
opposite of another.

e Example:

o Forthe word "hot":
* One sense can refer to a high temperature (e.g., "The coffee is hot").
* Another sense can refer to a spiciness or pungency (e.g., "The curry is hot").

The first sense of "hot" is opposite to "cold," and the second sense of "hot" is opposite to
"mild."

c. Hyponymy / Hypernymy

e Definition: Hyponymy and hypernymy refer to hierarchical relationships between
senses. A hyponym is a more specific sense of a word, while a hypernym is a more
general or broader sense.

o Example:

o Bank as a financial institution is a hyponym of the more general sense of business
(hypernym).
o Bank (side of a river) can be a hyponym of geographical feature (hypernym).

Here, "business" is a broader category that includes many specific types of businesses,
like banks, while riverbank is a specific kind of geographical feature.

d. Meronymy

o Definition: Meronymy describes a part-whole relationship, where one sense refers to a part
of a larger entity.
e Example: For the word "wheel":
o Wheel as a part of a car or a vehicle is a meronym of the vehicle.
o Inthis case, "wheel" refers to a part (a component) of a larger whole, the vehicle.

e. Co-hyponymy

e Definition: Co-hyponymy refers to the relationship between two senses that belong to the
same hypernym but are distinct from each other. Both senses are at the same level in a
hierarchy.

¢ Example: Consider the senses of "dog" and "cat":



o Both are co-hyponyms of "animal".
o These senses share a common hypernym ("animal") but refer to distinct specific
entities.

f. Polysemy (Multiple meanings within the same word)

e Definition: Polysemy refers to the phenomenon where a single word has multiple meanings
that are related by some common feature. Polysemy is different from homonymy, where
multiple meanings are unrelated.

e Example:

o The word "head" canrefer to:
*= The top or front part of the body (e.g., "He touched his head").
» The leader of a group (e.g., "She is the head of the department").

The different senses of "head" share a conceptual connection (position or leadership), even
though they refer to distinct concepts.

2. Linguistic Structures That Capture Relations Between Senses

In formal lexicons, such as WordNet, relations between word senses are often explicitly
defined using structural representations like synsets (sets of synonymous senses), semantic
networks, or ontologies. These resources organize word senses into a graph or hierarchy,
where relationships like synonymy, antonymy, hyponymy, and others can be easily
navigated.

a. WordNet

e Synsets: Each word sense in WordNet belongs to a synset (a set of synonyms). For example,
"bank" as a financial institution and "bank" as a riverbank are different synsets.
¢ Relations: WordNet defines several relations between synsets:
o Hyponym/Hypernym: A specific sense of "bank" as a financial institution is a
hyponym of the more general concept of "institution."
o Meronymy: A "wheel" can be a meronym of a "car."
o Antonymy: Some senses have antonyms, e.g., "hot" vs. "cold."

These relations help in mapping the different senses of a word in a more structured and
interpretable way.

b. Semantic Networks and Ontologies

¢ Semantic Networks: These are representations of concepts connected by semantic relations
(e.g., synsets, hyponymy, etc.). Each concept is a node, and relations (e.g., is—a, part-of) are
edges between them.

e Ontologies: These are more formalized structures used to represent knowledge in a specific
domain, such as medical ontologies or biological ontologies, that define relationships
between terms (including word senses) in a precise manner.



3. Contextual Relations

e Contextual Disambiguation: Often, the relation between word senses can be inferred
through contextual clues. For instance, a sentence may provide hints about which sense of a
word is being used, thereby enabling disambiguation.

o For example, if the word "bark" is used in a sentence like "The bark of the tree was
rough," we infer that the sense of "bark" as tree covering is meant.

In contrast, in a sentence like "The dog started to bark loudly," the sense of "bark" as the
sound a dog makes is inferred.

4. Applications of Relations Between Senses

Understanding and modeling the relations between word senses is crucial for several NLP
applications:

a. Word Sense Disambiguation (WSD)

e By identifying relations between different senses of a word, algorithms can better determine
the intended sense in context. For example, knowledge of hyponymy or synonymy
relationships can help narrow down the correct sense.

b. Information Retrieval

e Knowing the relationships between senses allows for more accurate search results. For
example, recognizing that "bank" (financial institution) and "bank" (riverbank) are different
senses ensures that search engines can retrieve contextually relevant documents.

c. Machine Translation

e In machine translation, understanding word sense relations is key to ensuring that words are
translated correctly based on their sense in the source language. Misinterpreting the sense
of a polysemous word can lead to incorrect translations.

d. Textual Inference and Question Answering
e Systems that perform textual entailment or question answering rely on identifying the

correct sense of words to generate accurate answers. Knowing the relations between senses
helps the system determine the right meaning in context.

Thematic Roles

Thematic roles (also known as theta roles or semantic roles) refer to the specific functions
that arguments (such as subjects, objects, or adjuncts) of a verb play in a sentence. These
roles describe the relationship between the verb and its arguments in terms of their semantic
meaning—what type of entity or concept each argument represents in the event or situation
described by the verb.

Thematic roles help explain the underlying structure of sentences and the interactions
between participants in an action or event. In Natural Language Processing (NLP),



identifying thematic roles is crucial for understanding sentence meaning, syntactic parsing,
and tasks like machine translation, question answering, and text generation.

1. Common Thematic Roles
Here are some common thematic roles and their typical interpretations:
a. Agent

o Definition: The Agent is typically the entity that performs or initiates the action or event
described by the verb. The Agent is usually the subject of the sentence.
e Example:
o "The cat chased the mouse."
= Here, the cat is the Agent because it performs the action of chasing.

b. Patient

e Definition: The Patient is the entity that undergoes the action or is affected by it. The
Patient is usually the object of the sentence.
e Example:
o "The cat chased the mouse."
= The mouse is the Patient because it is affected by the action of chasing.

c. Experiencer

o Definition: The Experiencer is an entity that experiences an event, emotion, or perception.
The Experiencer is often associated with mental or psychological states.
¢ Example:
o "She felt a sudden joy."
= She is the Experiencer because she is the one who experiences the emotion
of joy.

d. Theme

o Definition: The Theme is the entity that is involved in or affected by the event or action but
doesn't necessarily change as a result of it. In some analyses, the Theme is treated similarly
to the Patient, though the Theme often denotes something less affected or changed by the
action.

e Example:

o "The man placed the book on the table."
= The book is the Theme because it is the entity that is moved, but not
necessarily affected or changed.

e. Goal

o Definition: The Goal refers to the destination or end point of an action, where the action or
movement is directed. It can be a physical or abstract location.
e Example:
o "She sent the letter to John."
= John is the Goal because he is the recipient of the letter.



f. Source

o Definition: The Source refers to the starting point of an action or movement, often
indicating the origin of something.
e Example:
o "She took the book from the shelf."
» The shelf is the Source because it is the origin of the book in this action.

g. Instrument

e Definition: The Instrument is the entity used to carry out an action or event, typically
referring to the object used by the Agent.
e Example:
o "He wrote the letter with a pen."
* The pen is the Instrument because it is used by the Agent (he) to perform
the action of writing.

h. Beneficiary (or Benefactor)

e Definition: The Beneficiary is the entity that benefits from an action, often receiving
something good or advantageous. This is typically an indirect object.
e Example:
o "She baked a cake for her mother."
= Hermother is the Beneficiary because she benefits from the action of the
baking.

i. Experiencer of a state

o Definition: The Experiencer of a state is a type of Experiencer role, but it refers to an entity
experiencing a more static or continuous state rather than an event.
e Example:
o "Heisin a state of shock."
= Heisthe Experiencer of the state because he is experiencing the shock,
which is a state.

j- Locative

o Definition: The Locative refers to the location of the action or event, indicating where
something takes place.
e Example:
o "The dog is sleeping under the tree."
*» Thetree is the Locative because it is the location where the dog is sleeping.

k. Time

e Definition: The Time role refers to when an action or event occurs.
e Example:
o "He arrived yesterday."
*= Yesterday is the Time because it indicates when the action of arriving took
place.



2. Thematic Role Assignment in Syntax and Semantics

Thematic roles are closely linked to syntax (the structure of sentences) and semantics (the
meaning of sentences). The assignment of thematic roles depends on both the verb and its
syntactic structure. Here’s how thematic roles are assigned:

a. Argument Structure

e Every verb has an argument structure that defines the number and types of arguments it
can take. These arguments are assigned thematic roles. For example, the verb "give"
typically takes three arguments:

o Agent (the giver),
o Theme (the object given),
o Goal (the recipient).

Example:

o "She gave the book to John."
= She is the Agent,
= The book is the Theme,
= John is the Goal.

b. Subcategorization Frames

e The verb's subcategorization frame specifies how many arguments (and of what types) it
requires. For example:
o Averb like "sleep" requires one argument (the Experiencer), while "give" requires
three arguments.

c. Grammatical Relations and Thematic Roles

¢ In many languages, the syntactic position (subject, object, etc.) of a noun phrase correlates

with its thematic role. For instance:
o In English, the subject of a verb often takes the Agent role (e.g., "She runs"), while
the direct object typically takes the Patient role (e.g., "She eats the cake").

3. Thematic Roles in Syntax and Semantics: Case Studies

a. Active vs. Passive Voice

e Thematic roles can be preserved even when the syntactic structure of a sentence changes.
For example:
o Active: "The cat (Agent) chased the mouse (Patient)."
o Passive: "The mouse (Patient) was chased by the cat (Agent)."

Even though the word order changes, the thematic roles (Agent and Patient) remain the
same.



b. Psych Verbs

e Some verbs, known as psychological verbs (e.g., "fear," "like," "hate"), assign the
Experiencer role to the subject, rather than the object, which can be unusual in many

languages:
o "She fears snakes." (Here, she is the Experiencer of the emotion, and snakes is the
Theme.)

This creates interesting complexities in thematic role assignment, especially in languages
with more flexible word orders.

4. Applications of Thematic Roles

Understanding and identifying thematic roles is essential for various NLP tasks:

a. Syntactic Parsing

e Thematic roles help in syntactic parsing by providing information about the relationships
between words and their arguments. Knowing the roles of noun phrases helps in correctly
parsing sentence structures and understanding how constituents fit together.

b. Machine Translation

¢ In machine translation, correctly assigning thematic roles allows for the accurate mapping of
sentence meaning from one language to another. Since different languages might have
different syntactic structures, maintaining the correct thematic roles ensures that the
meaning is preserved.

¢. Question Answering

¢ In question answering, identifying the thematic roles of sentence constituents is crucial for
understanding the query and providing the correct response. For example, "Who wrote the
book?" requires identifying the Agent (the one who performs the action) of the verb
"wrote."

d. Information Retrieval

¢ In information retrieval, understanding thematic roles helps in retrieving relevant
documents that match the specific roles described in a query. For example, a query like
"Who built the Eiffel Tower?" requires recognizing that the answer is an Agent performing
the action of "building."

selectional restrictions — Word Sense Disambiguation

Selectional restrictions and Word Sense Disambiguation (WSD) are closely related
concepts in semantic analysis. Understanding how selectional restrictions work is essential
for the task of word sense disambiguation, which aims to determine the correct meaning of a
word in context.



1. Selectional Restrictions

Selectional restrictions are constraints that a word or verb imposes on its arguments (such as
noun phrases or noun clauses) based on their semantic features. These restrictions define the
types of entities or concepts that can appear in specific syntactic positions (such as subject,
object, etc.) when used with a particular verb. In simpler terms, selectional restrictions are
semantic preferences that a word (typically a verb) has for its arguments.

For example:

e The verb "eat" typically requires its object to be something that can be eaten, such as food.
o Correct: "She ate an apple."
o Incorrect: "She ate a car." (This would violate the selectional restriction of the verb
"eat," which expects an edible object.)

Selectional restrictions help ensure that sentences are semantically valid and meaningful.
They prevent the occurrence of ill-formed or nonsensical combinations of words that don't
make sense together, according to their meanings.

2. Selectional Restrictions and Word Sense Disambiguation (WSD)

Word Sense Disambiguation (WSD) is the process of determining the correct sense (or
meaning) of a word when it has multiple possible meanings, based on the context in which
the word appears. Selectional restrictions are a crucial part of this process because they
provide clues about the correct sense of a word in a given context.

For instance, the word "'bank'' can have multiple senses:

e Afinancial institution (e.g., "l deposited money in the bank.")
e The side of ariver (e.g., "He sat on the bank of the river.")

Each of these senses of the word "bank" is associated with different selectional restrictions:

e Bank (financial institution): The verb "deposit" requires an object that is money or a
financial asset, not a physical location like a riverbank.

e Bank (side of ariver): The verb "sit" requires a location, and thus a physical place, such as a
riverbank.

In this case, the selectional restrictions help narrow down the meaning of ""bank"' in
context. If the sentence mentions money or finance, it’s likely referring to the financial
institution sense. If it mentions water or nature, the meaning is likely the side of a river.

3. How Selectional Restrictions Aid Word Sense Disambiguation

o Contextual Clues: Selectional restrictions provide contextual clues that help
disambiguate word meanings. The arguments (or noun phrases) associated with a verb
often constrain the possible meanings of ambiguous words. For example:

o The sentence "The bank gave him a loan" uses the verb "gave" with an argument
"loan". The selectional restriction on the verb "give" requires its object to be
something that can be given or transferred (typically a tangible object or a service).



This suggests that "bank" is likely referring to a financial institution, not the side of
a river.

e Argument Semantics: Each verb or noun sense has specific semantic expectations
for the types of arguments it can take. For instance:

o "Eat" expects an edible object (e.g., food), so if a sentence says, "He ate the paper,"
it would raise a flag that the word "ate" might be used in a metaphorical or non-
literal sense.

o "Kill" expects its subject to be an Agent (something capable of causing death), and
its object to be a Patient (something that can be killed). Thus, in the sentence "The
lion killed the rabbit," the verb "kill" will likely take on its usual meaning of causing
death.

e Collocations and Co-occurrences: Some verbs and nouns tend to frequently appear
together in specific contexts, forming collocations. These common word pairings
often reflect selectional restrictions. For example:

o "Strong tea" and "heavy rain" are typical collocations in English, and this can guide
disambiguation. If the word "strong" appears in a sentence like "strong storm," the
semantic relationship with "storm" helps us disambiguate whether "strong" refers
to force (e.g., strong wind) or intensity (e.g., strong flavor).

4. Examples of Selectional Restrictions in WSD

e "Fly'": The verb "fly" can be used with various arguments, but it has selectional
restrictions:
o "Fly" canrefer to the motion of an aircraft or a movement of an insect.
o Correct: "The airplane flew over the city." (Here, airplane fits the verb's requirement
of a vehicle capable of flying.)
o Correct: "The fly buzzed around the room." (Here, fly refers to an insect, which fits
the selectional restrictions of the verb.)
o Incorrect: "The insect flew over the room." (In this case, insect is ambiguous; it could
fit, but the selectional restriction favors fly in the context of movement.)
o "Run'": The verb "run" can have different senses, such as running a race or operating
machinery. Each sense has different selectional restrictions:
o "Run arace": This requires an Agent (a person or entity that participates in the race)
and a Goal (the finish line or the race itself).
o "Run a machine": This requires a Goal that is a machine and possibly an Agent who
operates it.

S. Applications of Selectional Restrictions in NLP

e Word Sense Disambiguation (WSD): By using selectional restrictions, WSD
systems can disambiguate word meanings based on the semantic types of arguments
that a word requires. For example, if a verb requires a human Agent and the noun
phrase it takes is a person's name, it may help disambiguate which sense of the verb
is being used.

e Text Understanding and Information Retrieval: Selectional restrictions are useful
for understanding the semantic compatibility of words in search queries or
documents. By ensuring that words combine in semantically valid ways, systems can
improve the quality of search results and document retrieval.

¢ Machine Translation: Selectional restrictions help ensure that translated words are
used in semantically valid contexts in the target language. For instance, if a verb in



the source language requires a location as an argument, the translated verb in the
target language should take a corresponding location noun.

o Natural Language Generation: In generating sentences, it’s crucial that the words
chosen for specific syntactic positions adhere to their selectional restrictions. This
ensures that the generated sentence is semantically appropriate.

WSD using Supervised

Word Sense Disambiguation (WSD) using Supervised Learning is a method of
disambiguating words that have multiple meanings (senses) by training a model on annotated
data, where the correct sense of each ambiguous word in context is already labeled.
Supervised learning for WSD is one of the most effective techniques, especially in the
context of machine learning and Natural Language Processing (NLP).

1. Overview of Supervised WSD

In supervised WSD, a machine learning algorithm is trained on a labeled corpus where each
instance (sentence or word context) is annotated with the correct sense of the ambiguous
word. The goal is for the model to learn the relationship between the features of the word's
context (such as surrounding words, syntactic structure, etc.) and the possible senses of the
word, so it can predict the correct sense for new, unseen instances.

2. Steps in Supervised WSD

a. Corpus Preparation and Sense Inventory

o Labeled Data: The first step in supervised learning is to have a labeled corpus. Each
instance (sentence or context) must be annotated with the correct sense of the
ambiguous word. For example, for the word ""bank", there could be two labels: one
for the financial institution sense and another for the riverbank sense.

+ Sense Inventory: A sense inventory is a predefined list of possible senses for an
ambiguous word. This can be sourced from a lexical resource like WordNet, which
provides a large collection of word senses.

b. Feature Extraction

e The next step is to extract features that represent the context of the ambiguous word. The
features serve as input to the machine learning model. Features can be:

o Lexical Features: These include the surrounding words (context) of the ambiguous
word. For example, the words around "bank" in the sentence "l went to the bank"
could give clues about whether the sense refers to a financial institution or the side
of a river.

o Part-of-Speech (POS) Tags: The syntactic category of surrounding words, such as
whether the word is a noun, verb, etc.

o Syntactic Structure: Information about sentence structure, such as dependencies
between words (e.g., subject-verb-object relationships).

o Word N-grams: Sequences of adjacent words (or character n—grams) that provide
local context.

o Collocations: Pairs or groups of words that frequently appear together, providing
contextual clues for sense identification.



c¢. Training the Model

e Once the features are extracted, a supervised learning algorithm is trained on the labeled
data. Common algorithms used for WSD include:

o Decision Trees: A tree—based model where internal nodes represent decisions based
on features (e.g., whether a surrounding word is "river" or "finance").

o Naive Bayes Classifier: A probabilistic model that assumes independence between
features and calculates the probability of each sense based on the features.

o Support Vector Machines (SVM): A classifier that aims to find a hyperplane that
best separates the different classes (senses) based on the features.

o Random Forests: An ensemble method that combines multiple decision trees to
improve performance.

o Neural Networks: Deep learning models that can learn complex patterns in the data,
including context-dependent senses of words.

d. Sense Prediction
e After the model is trained, it is used to predict the sense of an ambiguous word in unlabeled

data (new, unseen sentences). The model takes the context of the word as input and
predicts the most likely sense based on what it learned during training.

3. Evaluation of Supervised WSD
The effectiveness of a supervised WSD model is typically evaluated using several metrics:

e Accuracy: The percentage of correctly disambiguated instances.
e Precision, Recall, F1-score: These metrics measure the performance on a per-sense or

overall basis.
o Precision: The proportion of correct predictions out of all predictions for a given
sense.

o Recall: The proportion of correct predictions out of all actual occurrences of a given
sense in the data.

o Fl-score: The harmonic mean of precision and recall, giving a single metric to
evaluate the model.

4. Advantages of Supervised WSD

e High Accuracy: Supervised learning tends to perform very well when trained on a large, well-
annotated corpus. Given enough training data, supervised models can learn complex
patterns and perform high—-quality disambiguation.

e Customization: The model can be tailored to specific domains or tasks. For example, training
a model on a specialized corpus (like medical texts) can improve disambiguation in that
domain.

e Scalability: Supervised learning can be extended to handle many words with multiple
senses, as long as annotated data is available for training.

5. Challenges of Supervised WSD

e Annotation Cost: Labeling data is time-consuming and expensive, especially for large
corpora. The quality of the labeled data directly impacts the performance of the model.



e Domain Dependence: A model trained on one domain (e.g., news articles) may not perform
well on another domain (e.g., legal or medical texts), as the contextual features differ across
domains.

e Sense Granularity: In some cases, sense inventories like WordNet may have a very fine-
grained distinction between senses, which can make disambiguation more challenging. For
example, the word "run" has multiple senses, each representing slightly different meanings,
and distinguishing between them can be difficult.

6. Example of Supervised WSD
Suppose we want to disambiguate the word '"bark"', which has at least two senses:

1. The sound a dog makes.
2. The outer covering of a tree.

Given the sentence: '"The dog started to bark loudly."

e The model might extract features like:
o Surrounding words: "dog", "started", "loudly"
o Part-of-speech tags: "dog" (noun), "bark" (verb), "loudly" (adverb)

o Collocations: "dog bark", "started to bark"

The classifier, trained on a corpus with labeled examples of both senses, would likely predict
the '""dog'' sense because the surrounding words provide strong clues.

In contrast, in the sentence: ''The bark of the tree was rough."

e The model would extract features like:
o Surrounding words: "bark", "tree", "rough"
o Part-of-speech tags: "bark" (noun), "tree" (noun), "rough" (adjective)
o Collocations: "tree bark", "rough bark"

Here, the classifier would predict the ''tree bark'' sense based on the context.

7. Applications of Supervised WSD
Supervised WSD has broad applications in NLP:

e Machine Translation: Accurate disambiguation ensures that the correct translation of a
word is used in a sentence.

¢ Information Retrieval: By disambiguating words in queries, WSD can improve search
accuracy by retrieving more relevant documents.

e Sentiment Analysis: Disambiguating words like "good" (positive) or "bad" (negative) in
context helps improve sentiment classification.

e Text Summarization: Correct sense identification helps summarize the key topics of a
document by understanding the specific meanings of words in context.




Dictionary & Thesaurus

Dictionaries and thesauruses are both crucial tools for understanding and using language,
but they serve different purposes in language learning, writing, and analysis. Here's an
overview of each:

1. Dictionary

A dictionary is a reference book or database that provides the meanings, pronunciations, and
other details of words in a language. It typically includes:

o Definitions: A dictionary offers the meanings of words, often organized by their usage in
different contexts.

e Pronunciation: Many dictionaries provide a phonetic transcription or an audio feature to
guide pronunciation.

e Partof Speech: The dictionary will indicate whether a word is a noun, verb, adjective, etc.

e  Word Origin (Etymology): The history of the word, showing its roots, and how it evolved.

e Examples: Example sentences that show how the word is used in context.

e Synonyms and Antonyms: Some dictionaries list synonyms (words with similar meanings)
and antonyms (words with opposite meanings), though this is not the primary focus.

¢ Inflected Forms: Variations of the word (e.g., plural forms, tenses).

Types of Dictionaries:

e General Dictionaries: These are used for everyday language, like the Oxford English
Dictionary (OED) or Merriam-Webster.

e Specialized Dictionaries: These focus on specific areas, such as medical dictionaries, legal
dictionaries, or technical dictionaries.

e Bilingual Dictionaries: These provide translations of words between two languages.

e Online Dictionaries: Many dictionaries now offer online platforms with audio features,
usage notes, and more dynamic content.

Example:

e Word: "Run"

o Definition: (verb) To move swiftly on foot.
Part of Speech: Verb
Pronunciation: /ran/
Example: "l run every morning to stay fit."
Synonyms: Jog, sprint, race.
Antonyms: Walk, stroll.

O O O O O

2. Thesaurus

A thesaurus is a reference tool that lists words grouped by their meanings, helping users find
synonyms and antonyms for any given word. The thesaurus does not typically provide
detailed definitions, but instead, it focuses on alternative words that share similar meanings or
the opposite meaning.



Key Features of a Thesaurus:

e Synonyms: A thesaurus provides a list of words that are similar or equivalent in meaning to
the word in question. This helps find alternatives to avoid repetition or to find a word that
fits the tone of the writing better.

¢ Antonyms: Many thesauruses include antonyms—words with opposite meanings.

e Grouping by Meaning: Words are often grouped by particular senses or meanings, allowing
users to find the most appropriate synonym based on context.

e Usage Notes: Some modern thesauruses include notes on nuances in meaning, helping users
select the most appropriate synonym.

Types of Thesauruses:

e Traditional Thesauruses: These are usually in book form and focus on listing synonyms and
antonyms for a particular word. One example is Roget's Thesaurus.

e Online Thesauruses: Platforms like Thesaurus.com or the thesaurus section in Merriam-
Webster Online allow users to search and discover a broader range of synonyms and
antonyms.

Example:

e Word: "Happy"
o Synonyms: Joyful, delighted, content, pleased, cheerful.
o Antonyms: Sad, unhappy, sorrowful, melancholy, miserable.

3. Differences Between a Dictionary and a Thesaurus

Feature Dictionary Thesaurus

. . Provides definitions, pronunciations, and  Lists synonyms and antonyms of
Primary Function

word usage. words.
Definition Offers detailed definitions and Focuses on listing words with similar
explanations of words. meanings or opposites.
Contextual Provides usage examples, part of speech, Focuses on alternative words
Information and etymology. without extensive definitions.

"Run" (verb) means to move swiftly on

Examples of Use
oot.

Synonyms for "run": sprint, jog, race.

Use when you need to understand whata Use when you need to find a

User's Need "
word means or how it’s used. synonym or an antonym for a word.

4. How They Complement Each Other
While both dictionaries and thesauruses are essential tools, they serve complementary roles:

e When to Use a Dictionary: If you're unsure about the meaning of a word, its
pronunciation, or how to use it in context, a dictionary is your best choice. It



explains the word in detail and helps you understand its full range of meanings and
grammatical properties.

¢ When to Use a Thesaurus: If you're looking for alternative words to express the
same or opposite idea, a thesaurus is ideal. It helps expand your vocabulary, avoid
repetition, or refine the tone and style of your writing.

For example, if you're writing an essay and want to avoid repeating the word "happy", a
thesaurus helps you find synonyms like ''content' or "cheerful". However, if you are
unsure whether the word ""happy'' works in the context you're writing about, you'd first
consult a dictionary.

S. Applications in NLP
In Natural Language Processing (NLP), both dictionaries and thesauruses play key roles:

e Dictionaries: Used for defining words in tokenization, stemming, and lemmatization tasks,
where the system needs to understand the correct form and meaning of words.

e Thesauruses: Used for semantic analysis, paraphrasing, and synonym generation in tasks like
text summarization, machine translation, and text generation.

In some advanced NLP tasks like Word Sense Disambiguation (WSD), systems may

consult both a dictionary (for precise meanings) and a thesaurus (for context-based
synonyms) to help make sense of ambiguous words.

Bootstrapping methods — Word Similarity using Thesaurus

Bootstrapping methods for word similarity using a thesaurus refer to techniques where an
initial set of data or knowledge is used to iteratively improve or expand the understanding of
word similarity, typically for tasks like Word Sense Disambiguation (WSD), semantic
similarity, or word clustering. These methods leverage external resources like a thesaurus
to enhance the model’s ability to assess word similarity in an unsupervised manner.

1. Bootstrapping in Natural Language Processing (NLP)

Bootstrapping is a semi-supervised machine learning technique that iteratively refines its
predictions by starting with a small set of labeled data or seeds and progressively expanding
this data based on the results of previous iterations. In the context of word similarity,
bootstrapping methods aim to enhance word similarity models by using a thesaurus to create
or expand sets of similar words over multiple iterations.

2. Word Similarity using a Thesaurus

A thesaurus is an ideal resource for bootstrapping word similarity because it contains lists of
synonyms and antonyms, which provide useful clues about the relationships between words.
Bootstrapping methods can exploit thesaurus entries to iteratively refine the word similarity
measure by gradually expanding the set of similar words or concepts.

Here’s how bootstrapping methods can work in conjunction with a thesaurus for word
similarity:



3. Bootstrapping Process for Word Similarity
Step 1: Initial Seed Set

Start with a small set of word pairs that are known to be similar. These pairs can be manually
selected or based on some initial heuristic or external knowledge (like WordNet or a
thesaurus).

For example:
e Seed Set: (“happy”, “joyful”), (“fast”, “quick”), (“cold”, “chilly”)
Step 2: Use Thesaurus for Expanding Word Similarity

The initial set is then expanded by looking up the words in a thesaurus or other lexical
resources. In this case, the thesaurus provides synonyms for each seed word, forming a new
set of candidate words.

For example, for the word “happy,” the thesaurus might suggest synonyms like “content,”
“cheerful,” “elated,” and “joyful.”

Step 3: Scoring Word Pairs

Using a similarity measure (e.g., cosine similarity or Jaccard similarity) based on the words’
distribution in a large corpus or their relationships in the thesaurus, the system scores how
similar candidate words are to each other. Words with high similarity scores are considered
semantically close.

For example, "happy" and "joyful" might score highly on a similarity measure, while "happy"
and "sad" might score low.

Step 4: Iterative Expansion

Using the words identified as similar in the previous iteration, the model iteratively expands
the set of similar words:

o  First Iteration: Expand “happy” to include “content,” “cheerful,” etc.
e Second Iteration: Expand “content” to include other synonyms such as “satisfied,”

“pleased,” etc.

As each new word is added, the list of similar words grows, and the model gets a more
refined understanding of word similarity.

Step 5: Refinement and Stopping Criteria

The process repeats until no new similar words can be found or until a predefined number of
iterations is reached. At each step, the model should refine its list of similar words by



eliminating noise or irrelevant words. If using a thesaurus, irrelevant synonyms or words that
are too dissimilar to the seed words are filtered out based on their similarity scores.

4. Applications of Bootstrapping for Word Similarity

Bootstrapping methods for word similarity using a thesaurus have several applications in
NLP:

a. Word Sense Disambiguation (WSD)

Bootstrapping methods can help disambiguate words by leveraging their synonyms and
related words in a thesaurus. If a word appears in a context with other words similar to one of
its senses, bootstrapping can identify the correct sense.

For example, the word "'bank'' can refer to a financial institution or the side of a river. If a
thesaurus provides synonyms like "finance" or "investment" for the financial sense, and
"river" or "shore" for the geographical sense, bootstrapping can help resolve the correct sense
based on surrounding words.

b. Semantic Similarity and Clustering

Bootstrapping helps build clusters of semantically similar words. By iterating through
synonym relations in a thesaurus, a set of words that are contextually similar can be identified
and grouped together, which is useful in tasks like:

e Document similarity: Identifying documents with similar topics by comparing word usage.
e Search and information retrieval: Improving search results by considering semantically
similar words, not just exact matches.

c. Knowledge Extraction

Bootstrapping methods help expand semantic knowledge by extracting sets of semantically
related words, which can then be used to improve other NLP tasks, such as:

e Question answering: By expanding a question’s terms to include synonyms or related
concepts from a thesaurus.

e Text generation: By generating varied vocabulary through synonym replacement, which
enhances the diversity of generated text.

5. Example of Bootstrapping for Word Similarity using a Thesaurus

Let’s walk through an example of using a thesaurus for bootstrapping word similarity:

Initial Seed Set:

e ("dog", "puppy")
e ("cat", "kitten")



First Iteration:
e  From the thesaurus, find synonyms for "dog": "puppy," "hound," "canine."
e Find synonyms for "cat": "kitten," "feline," "tabby."

e Now, expand the seed set: ("dog", "puppy"”, "hound", "canine"), ("cat", "kitten", "feline",
"tabby").

Second Iteration:

e For"puppy", the thesaurus provides "dog," "young," "pup."

e For "kitten", the thesaurus gives "cat," "young," "kittenish."

e Expand the list further: ("dog", "puppy", "hound", "canine", "pup"), ("cat", "kitten", "feline",
"tabby", "kittenish").

Iterative Refinement:

e Asthe process continues, words that are irrelevant or too distant (e.g., "car" for "cat") are
filtered out, and only the most semantically related words remain.

Final List:

e Arefined, expanded set of synonyms for "dog" might include: "dog, canine,"
Ilhound’ll Ilpup.ll

e For"cat", you might end up with: "cat," "kitten," "feline," "tabby."

puppy,

6. Advantages of Bootstrapping with a Thesaurus

e Unsupervised: Bootstrapping methods do not require labeled data, which is advantageous
when labeled datasets are unavailable.

e Scalable: The approach can be applied to any corpus of text without needing significant pre-
processing or manual annotation.

e Refinement: The iterative process helps improve the quality of the word similarity model
over time.

e Utilizes Rich Resources: A thesaurus offers a rich source of lexical relationships, providing
useful knowledge for word similarity tasks.

7. Challenges

e Noise: The thesaurus may contain irrelevant or less accurate synonyms, and bootstrapping
methods need to filter these out.

e Context Sensitivity: Word similarity is often context-dependent, and a thesaurus doesn’t
always capture subtle contextual nuances. For example, "bark" (dog sound) and "bark" (tree
part) might both be listed as synonyms under "bark," but they are dissimilar in many
contexts.

e Thesaurus Limitations: A thesaurus may not capture all semantic relationships, especially for
complex or domain-specific terms.



Distributional methods

Distributional methods in Natural Language Processing (NLP) refer to techniques that use
the statistical patterns of word usage in large corpora to analyze and represent the meanings
of words. The underlying assumption is based on the distributional hypothesis, which
suggests that words that occur in similar contexts tend to have similar meanings.

In other words, distributional methods analyze how words are used and co-occur in different
linguistic contexts (e.g., sentences, documents, or surrounding words), allowing the system to
infer semantic relationships and word meanings from these patterns of usage.

1. The Distributional Hypothesis

The distributional hypothesis, coined by linguists like Zellig Harris in the 1950s, posits that
"words that are used and occur in similar contexts tend to have similar meanings." In
practice, this hypothesis is the foundation of many modern NLP techniques such as word
embeddings, clustering, and co-occurrence matrices.

For example:

e Words like "dog" and "cat" are often found in similar contexts (e.g., "The [animal] is cute,"
"The [animal] is furry").

e Similarly, words like "run" and "sprint" tend to appear in similar contexts related to
movement or speed.

2. Types of Distributional Methods
a. Co-occurrence-based Methods

Co-occurrence-based methods involve analyzing how often pairs of words appear together
within a fixed window or context. The assumption is that if two words co-occur frequently in
similar contexts, they are semantically related.

Common techniques for co-occurrence analysis include:

e Co-occurrence Matrix: A matrix where the rows represent words, and the columns
represent the context words (e.g., words that appear within a certain window around
the target word). The value in each cell is the frequency with which a target word and
context word co-occur.

¢ Pointwise Mutual Information (PMI): A measure of association between two
words. It calculates how much more likely the two words are to co-occur than would
be expected by chance. Higher PMI values suggest stronger relationships between
words.

w_2)KP(w_1)P(w_2)}PMI(w1,w2)=logP(w1)P(w2)P(wl,w2)



where P(w1l,w2)P(w_1, w_2)P(w1,w2) is the probability of the words wlw_1w1 and
w2w_2w?2 co-occurring, and P(w1)P(w_1)P(w1) and P(w2)P(w_2)P(w2) are the
probabilities of the individual words.

b. Word Embeddings

Word embeddings are continuous vector representations of words that capture their semantic
properties based on their distribution in large corpora. These vectors are learned through
neural networks and encode relationships between words such that semantically similar
words are closer in vector space.

e  Word2Vec: One of the most well-known methods for learning word embeddings. It
uses either the Continuous Bag of Words (CBOW) model or the Skip-gram model
to predict a target word from its surrounding context or vice versa.

¢ GloVe (Global Vectors for Word Representation): A model that learns word
embeddings by factoring a word co-occurrence matrix, aiming to preserve the global
statistical properties of the corpus while learning the representations.

o FastText: An extension of Word2 Vec that represents words as bags of character n-
grams, which helps capture subword information and improve performance for
morphologically rich languages.

e BERT (Bidirectional Encoder Representations from Transformers): A
transformer-based model that learns contextual word embeddings, where the
embedding of a word is dependent on the words around it, making it more powerful
than static embeddings like Word2 Vec.

c. Latent Semantic Analysis (LSA)

Latent Semantic Analysis is a technique for extracting and representing the meaning of words
or documents by analyzing a term-document matrix. It uses Singular Value Decomposition
(SVD) to reduce the dimensionality of the matrix and uncover latent relationships between
words and documents.

In LSA:

o Aterm-document matrix is constructed where each row represents a term (word), and each
column represents a document, with the entries being the frequency of the term in the
document.

e SVDis then used to decompose this matrix into a set of concept vectors that capture the
underlying semantic structure of the corpus.

d. Latent Dirichlet Allocation (LDA)
LDA is a probabilistic model used to discover topics in a collection of documents. While not
directly focused on word similarity, LDA can help identify word distributions related to

specific topics, which are useful for understanding word meanings in context. It models
documents as mixtures of topics and topics as mixtures of words.

3. Applications of Distributional Methods



e Word Similarity and Word Sense Disambiguation: By identifying words that occur
in similar contexts, distributional methods can measure the degree of semantic
similarity between words, which is useful for tasks like Word Sense Disambiguation
(WSD). For example, "bank" in the context of "money" is distinct from "bank" in the
context of "river."

o Information Retrieval: Distributional methods are used to improve the accuracy of
search engines by helping them identify documents that are relevant to a query based
on the distribution of terms rather than exact keyword matches.

o Text Classification and Clustering: Words that share similar distributions are
grouped together, aiding in text classification (e.g., categorizing documents) and
clustering (grouping similar documents).

e Question Answering: By understanding word relationships through distributional
methods, question-answering systems can provide more accurate responses based on
context, even if they don't have exact keyword matches.

e Machine Translation: Distributional methods help improve machine translation by
mapping semantically similar words in different languages based on their usage
patterns in parallel corpora.

4. Advantages of Distributional Methods

e Scalability: These methods can be applied to very large corpora and are effective in
capturing subtle semantic relationships without requiring deep linguistic knowledge.

o Context Sensitivity: Especially in models like BERT, where word meaning is
dependent on the surrounding words, distributional methods can adapt to different
contexts.

o Flexibility: Distributional approaches work across different languages and domains,
as they rely on observed patterns in the data rather than pre-defined rules.

5. Challenges and Limitations

o Data Dependency: Distributional methods require large corpora to be effective. If the
data is sparse, the representations may fail to capture the full range of word meanings.

e Context Ambiguity: While methods like Word2Vec and BERT capture context,
more complex relationships (e.g., sarcasm, idioms, or figurative language) are still
challenging to model.

o Polysemy: Words with multiple meanings can pose problems. For example, "bat"
could mean an animal or a piece of sports equipment, and distributional methods
might not always disambiguate such cases without additional context.

e Lack of Knowledge Representation: These methods focus on statistical associations
between words and may not explicitly represent deeper linguistic structures like
syntax or ontologies.



Compositional semantics

Compositional semantics is a subfield of semantics in linguistics and natural language
processing (NLP) that focuses on how the meaning of larger linguistic units (e.g., phrases,
sentences) can be derived from the meanings of their parts (e.g., words). This approach is
based on the principle of compositionality, which states that the meaning of a sentence is
determined by the meanings of its individual components and how they are syntactically
combined.

In other words, compositional semantics seeks to explain how word meanings combine
according to syntactic rules to form the meanings of phrases and sentences.

1. Principle of Compositionality

The principle of compositionality was first introduced by the philosopher Gottlob Frege
and can be summarized as:

e The meaning of a complex expression is a function of the meanings of its parts and the
rules used to combine them.

This principle plays a crucial role in both linguistics and NLP because it allows us to
understand how meaning scales from individual words to entire sentences or paragraphs.

For example, in the sentence "The cat sleeps on the mat":

e The meaning of the word "cat" refers to a small domesticated mammal.

e The word "sleeps" refers to the action of resting in a state of sleep.

e "onthe mat" indicates the location of the action.

e The overall meaning of the sentence is the combination of these individual meanings in the
given syntactic structure.

2. Types of Compositional Semantics

There are different approaches to modeling compositional semantics, ranging from formal
logical systems to statistical and neural models. Some of the most important approaches
include:

a. Truth-Conditional Semantics

Truth-conditional semantics, developed by philosophers like Donald Davidson and Richard
Montague, focuses on how sentences can be interpreted in terms of their truth conditions—
what would make a sentence true or false in the real world.

e For example, the sentence "The cat sleeps on the mat" has a truth condition that can be
expressed as "There exists a cat, and it is sleeping on the mat." This condition tells us under
what circumstances the sentence would be true.



In formal logic, sentences are often translated into propositional logic or predicate logic to
specify their truth conditions. These truth conditions reflect the ways in which parts of the
sentence contribute to its overall meaning.

b. Compositional Distributional Semantics

Distributional semantics, as mentioned earlier, models word meaning based on patterns of
word co-occurrence. In compositional distributional semantics, the meaning of a phrase or
sentence is derived from the meanings of its individual words using vector space models (like
word embeddings).

o For example, the meaning of "cat on mat" might be derived from the vectors representing
"cat", "on", and "mat", using some combination function (e.g., addition or averaging).

This approach focuses on vector semantics and often uses methods like compositional
neural networks to model how word vectors combine to form phrase-level or sentence-level
representations.

c. Montague Grammar

Montague grammar, introduced by Richard Montague, is a formal system that applies
predicate logic and combinatory categorial grammar (CCG) to model the compositional
nature of meaning in natural language. In Montague's view, natural languages can be treated
as formal languages, with meanings assigned in a compositional manner according to specific
syntactic rules.

For example, Montague's grammar uses lambda calculus to model the meaning of complex
expressions. In this framework, the meaning of a sentence is represented as a function from
possible worlds (or contexts) to truth values (true or false).

d. Combinatory Categorial Grammar (CCG)

CCQG is a type of syntactic theory that works well for compositional semantics, particularly
in NLP. In CCQG, syntactic categories (such as noun or verb) are combined using specific
combinatory rules to yield the meanings of larger structures. CCG is particularly effective for
tasks like parsing and semantic interpretation because it explicitly defines how the
meaning of words combines.

e In CCG, word meanings are often represented as functions that take arguments (such as
noun phrases or verb phrases) and return new meanings. These functions are applied
through combinatory rules that determine how words and phrases interact.

For instance:
e The verb "sleep" in the sentence "The cat sleeps"” can be represented as a function that

takes an argument (the subject, "the cat") and returns a proposition about whether the
subject is sleeping.



3. Compositional Semantics in NLP

In NLP, compositional semantics is crucial for understanding how machine learning models
can handle complex linguistic structures. NLP models often need to interpret and generate
meaningful representations of sentences, which requires understanding how words combine
in a compositional way. Several techniques are used to model compositional semantics in
NLP:

a. Word Embeddings and Sentence Embeddings

One approach is to combine individual word embeddings (like Word2Vec, GloVe, or
FastText) to form sentence-level or document-level embeddings. This is typically done using
methods like:

e Vector addition: Summing up the word vectors of all words in the sentence.
e Averaging: Taking the average of word vectors.
e Concatenation: Concatenating the word vectors to form a larger vector.

These methods allow for the capture of semantic meaning at the sentence level, but they may
struggle with capturing syntactic structure and subtle compositional interactions between
words.

b. Neural Networks and Deep Learning

More advanced methods use neural networks to model the compositionality of meaning.
Techniques like Recurrent Neural Networks (RNNs), Long Short-Term Memory
(LSTM) networks, and Transformer-based models (e.g., BERT, GPT-3) are capable of
learning complex dependencies and compositional relationships between words in a sentence.

e For example, transformer models use attention mechanisms to dynamically weight the
importance of each word in relation to others, capturing more nuanced syntactic and
semantic relationships.

c. Dependency Parsing

Dependency parsing is an important technique in compositional semantics, where the
syntactic structure of a sentence is analyzed in terms of word dependencies. It helps
determine how different parts of a sentence are related and how their meanings combine.

e Forinstance, in the sentence "The cat sleeps on the mat," dependency parsing identifies the
subject "the cat", the verb "sleeps", and the prepositional phrase "on the mat", which helps
determine the syntactic roles and semantic relationships.

d. Compositionality and Contextualization

While early compositional models treated word meanings as fixed vectors, more recent
approaches, especially with models like BERT and GPT, emphasize contextualized word
representations. These models dynamically adjust the meaning of words based on their
context within a sentence, reflecting the compositional nature of meaning.



For instance, the word ""bat' in the sentence "The bat flew across the sky" has a different

meaning from "The bat hit the ball" because its meaning is influenced by the surrounding
words.

4. Challenges in Compositional Semantics

o Idioms and Non-literal Meanings: Expressions like "'kick the bucket' (meaning
"to die") do not follow the typical rules of compositionality, making them difficult to
handle with purely compositional approaches.

o Polysemy: Words with multiple meanings (like ""bank"', which can mean both a
financial institution and the side of a river) require careful disambiguation based on
context, complicating the compositional process.

o Complex Syntax: Some syntactic constructions, such as nested clauses or relative
clauses, pose challenges in accurately modeling how the meanings of words and
phrases combine.

5. Applications of Compositional Semantics

e Machine Translation: Accurate translation requires an understanding of how words combine
to form complex meanings in different languages.

e Text Summarization: Compositional semantics is crucial in determining the key points in a
text and generating concise summaries.

e Question Answering: Systems need to comprehend how the meaning of a question
combines with the meaning of a document to generate relevant answers.

e Sentiment Analysis: Understanding how the meanings of individual words combine is key to
determining the sentiment expressed in a sentence (e.g., "l love this movie!" vs. "I hate this
movie!").



UNITV

Machine Translation

Survey: Introduction, Problems of Machine Translation, Is Machine Translation Possible, Brief
History, Possible Approaches, Current Status. Anusaraka or Language Accessor: Background, Cutting

the Gordian Knot, The Problem, Structure of Anusaraka System, User Interface, Linguistic Area

1. Introduction to Machine Translation
Definition

Machine Translation (MT) is the automatic conversion of text or speech from one natural language
to another using computational algorithms.

It aims to preserve the meaning and context of the original message while producing grammatically
correct sentences in the target language.

Itis an important area of Natural Language Processing (NLP) that enables cross-language
communication.

Need for Machine Translation
» Helps overcome language barriers in communication.
e Useful in education, administration, and multilingual systems.
e Reduces manual translation time and effort.
« Promotes digital access to regional and international languages.
Process
MT generally follows three steps:
1. Analysis: Understands grammar and meaning of the source text.
2. Transfer: Maps structure to the target language format.
3. Generation: Produces final sentence in the target language.

Flow:
Source = Analysis = Transfer = Generation - Target

Approaches

1. Rule-Based (RBMT): Grammar rules + dictionaries (Anusaraka).

2. Statistical (SMT): Learns from bilingual data (IBM Models).

3. Neural (NMT): Deep learning-based, fluent output (Google NMT).
4. Hybrid: Combines rules and neural/statistical learning.
Applications

» Google Translate, Microsoft Translator

e Indian systems: Sampark, Anusaraka, AnglaBharti



Conclusion

MT enables multilingual communication and content translation.
With neural and hybrid techniques, it continues to become more accurate and context-aware.

2. Problems of Machine Translation
Introduction

MT faces many challenges due to differences in grammar, vocabulary, and context between
languages.
Languages are complex and influenced by culture and context, making full automation difficult.

Main Problems
1. Ambiguity:
o Lexical: Same word has multiple meanings (bank = river/finance).
o Syntactic: “| saw the man with the telescope.”
2. Word Order Differences:
o English uses SVO, while Indian languages follow SOV.
3. Idioms and Phrases:
o Literal translations distort meaning (kick the bucket # ﬁ?@ranﬁnntm
4. Morphological Complexity:
o Indian languages have many inflections, tenses, and gender agreements.
5. Context Understanding:
o Machines lack human-level world knowledge.
6. Resource Limitation:
o Many Indian languages lack bilingual corpora or dictionaries.

Example

English: “He broke the news.” - Literal Hindi: ‘333 333 333333” (wrong)
Correct: “3333 333 333”7

Conclusion

MT struggles with ambiguity and culture-based meaning.
Modern neural and hybrid approaches are reducing these problems but perfect translation is still a
challenge.

3. Is Machine Translation Possible?

Introduction



The question of whether MT can fully replace human translators is ongoing.
While perfect translation is difficult, partial success has been achieved through improved models and
large datasets.

Reasons It Is Possible

« Languages share universal structures and grammar rules.

e Large bilingual corpora help statistical and neural systems learn patterns.

« Indian languages are structurally similar, aiding rule-based systems.

Reasons It Is Difficult

« Human language involves culture, tone, and idioms that machines struggle with.
e Meaning can depend on emotion and context beyond grammar.

e Perfect fluency and creativity are hard for machines.

Present Status

« Systemslike Google Translate, Anusaraka, and Sampark work effectively for common
sentences.

»  Post-editing by humans is still needed for accuracy.
Conclusion

Machine Translation is partially possible — it works well for factual or structured content, but human
translators remain essential for complex and literary tasks.

4. Brief History of Machine Translation

Early Period (1950s—1960s)

« Rule-Based Systems were developed after the Georgetown experiment (1954).
e Systems used dictionaries and grammar rules for simple translations.

Middle Period (1970s—-1990s)

- Transfer and Interlingua Approaches: Focused on creating intermediate language
representations.

e Projects like SYSTRAN and METEO translated government and weather reports.

« Statistical MT (SMT) emerged in the 1990s — IBM models used probability-based learning.
Modern Period (2000—Present)

* Hybrid Systems: Combined rules with data-driven methods.

« Neural MT (NMT): Introduced deep learning models (RNN, Transformer).

e Examples: Google NMT, DeeplL, Facebook M2M.

Indian Contributions



e Anusaraka, AnglaBharti, Mantra, and Sampark were developed for Indian languages.
Conclusion

MT has evolved from grammar-based to neural models.
Each phase improved accuracy, and modern systems achieve human-like fluency in many contexts.

5. Possible Approaches to Machine Translation
1. Rule-Based Machine Translation (RBMT)
e Uses grammar rules and bilingual dictionaries.

« Involves three phases: Analysis = Transfer - Generation.

Best suited for resource-poor languages.

e Example: Anusaraka, SYSTRAN.

N

. Statistical Machine Translation (SMT)
« Based on probabilities learned from bilingual corpora.

e Formula:

P(E | F):—(—MP FPfFI)D

e Example: IBM models, phrase-based SMT systems.

3. Neural Machine Translation (NMT)

e Uses deep learning to understand context and semantics.
»  Produces fluent, context-aware translations.

e Example: Google NMT, DeeplL.

D

. Hybrid MT
- Combines rules, statistics, and neural learning for better results.
Conclusion

Each approach improved upon the previous one — RBMT is rule-focused, SMT data-driven, NMT
context-driven — and hybrid models now provide the best balance.

6. Current Status of Machine Translation

Global Scenario

e Neural MT (NMT) dominates due to its ability to learn meaning and context.
» Used in platforms like Google Translate, Deepl, and Amazon Translate.

Indian Scenario



e Projects like TDIL and Bhashini promote multilingual access.

« Systems such as Anusaraka, AnglaBharti, Sampark, and Mantra are widely used.
Challenges

e Many Indian languages lack large bilingual datasets.

« Handling code-mixed (Hindi-English) sentences remains difficult.

« Dialect and script variations complicate translation accuracy.

Trends

*  Focus on cross-lingual models and domain-specific adaptation.

« Integration with voice and speech recognition systems.

Conclusion

MT has moved from basic rule-based models to sophisticated neural systems.
In India, continuous research ensures inclusive translation for all major and regional languages.

7. Anusaraka or Language Accessor
Introduction

Anusaraka is a rule-based translation system developed at IT Kanpur and IIT Hyderabad under Dr.
Amba Kulkarni.
It focuses on meaning preservation rather than grammatical fluency.

Linguistic Framework

- Based on Paninian Grammar, which uses karaka (thematic roles) such as karta (doer),
karma (object), sampradan (receiver).

« Suitable for Indian languages due to structural similarity.
System Structure

Source Text

N

Morphological Analyzer

N

Syntactic + Semantic Parser

N2

Intermediate Representation

N2

Transfer Module



N2
Target Generator
J

Output (Meaning Preserved)

Design Principles

Faithfulness over Fluency: Prioritizes accurate meaning.

Modular Architecture: Reusable components.

Transparency: Readers can interpret meaning easily.

Reusability: Works for many language pairs.

Example

Hindi: Ram ne phal khaya = Telugu: Raam phalamu tinnadu (meaning preserved).

Conclusion

Anusaraka is a successful Indian MT model based on linguistic theory.
It bridges regional languages by providing accurate, meaning-based translation.
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