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ABSTRACT 

A new method of natural language processing, based on the theory of 

information is described. parsing of a sentence is accomplished not in a 

sequential manner, but in a fashion that begins by searching for the main 

verb of the sentence, then for the object, subject and perhaps for a 

prepositional phrase. As each new part of speech is located, the 

uncertainty of the sentence's meaning is reduced. When the uncertainty 

reaches zero, the parsing is complete, and the machine performs the task 

assigned by the input sentence. The process is modeled by a Harkov Chain, 

which can often be used for the internal representation of the sentence. 

All of this work is done for communication with an intelligent task 

oriented machine, but the theoretical basis for extending this to other, 

more complicated domains is also described. 

A description of a methodology for extending the theory, so that it 

can be used for the implementation of a machine that learns is also 

described in this paper. By using belief networks, the machine constructs 

additions to its basic Harkov Chain in order to handle new verbs and 

objects, which were not included in the original progranuning. Once 

implemented, the system will then treat the new word as if it had 

originally been programmed into the machine. 

Finally, several prototypes are described which have been written to 

validate the theory presented. The information theoretic system contained 

herein is compared to other techniques of natural language processing, and 

shown to have significant advantages. 
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1. INTRODUCTION 

In this chapter, we introduce the work represented by this 

dissertation. We look at the background of natural language processing 

(NLP) in the first section, state the problem we desire to solve in 

section 1.2, and detail the original contribution of this work in section 

1. 3. 

1.1 Background of Natural Language Processing 

Natural language processing (NLP) is a process of communicating with 

a computer based system using a natural language (such as English) as 

opposed to an artificial computer language (such as C). Parsing consists 

of taking the language input and converting it to an internal 

representation to be stored and processed by the machine. The traditional 

approach to parsing in natural language processing has relied on theories 

of linguistics. Within this general framework, specific techniques using 

the syntactic, semantiC, pragmatic, or a combination of these approaches 

have been used in an attempt to take a natural language input and generate 

some type of an internal machine representation from it [1,2,3,4,5,6,7]. 

These approache. have met with varying degrees of success over the years, 

and some systems have been built and are now in use [7,8,9]. 

NLP represents a very difficult problem to solve. Handling all of 

the possible varieties of sentences that could be input is difficult. Not 

just handling structure, but actually understanding the information 

presented is also difficult. Handling ungrammatical sentences is hard. 

Doing the analysis with a reasonable response time is hard. Handling 

complex sentence structures is difficult. Handling ambiguous sentences and 

inferring information from previous sentences or from world knowledge is 

hard. Perhaps the most difficult of all problems is to make the machine 
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respond as a human would to any possible in~ut [8]. 

There are many applications of NLP, some of which are: machine 

translation of documents from one language to another, reading of and the 

extraction of information from a document, text correction, communication 

with a computer, and communication with an intelligent task oriented 

machine, or robot [5,8,10]. 

In 1948, Claude Shannon first applied information theory to NLP 

[11]. His approach applied mainly to text generation, but his work led to 

an information processing era of NLP during the sixties and early 

seventies, where researchers tried to apply the techniques of keyword 

understanding, and simplification of the problem by using various 

simplified domains [12]. Unfortunately, none of the approaches really 

utilized the theory of information developed by Shannon, they only worked 

around the edges of his theory. The keyword approach basically tries to 

match input sentences to a preformed pattern in order to extract the 

information containing words. If the sentence did not fit the pattern, it 

could not be processed. As will be explained later, a search through the 

sentence for information bearing keywords based on keywords already found 

is a much better approach, and closer to Shannon's original ideas. It is 

a more general approach, and the approach presented in this dissertation. 

One of the aspects of natural language processing that needs to be 

considered in designing a system is the ability for the machine to learn. 

Most systems developed to this point rely on an expert, who programs in 

all of the machine knowledge necessary in order for the system to perform 

the assigned tasks. If the machine could be designed with the ability to 

learn, just from listening to input sentences, then it would be a much 

more valuable machine. 

Machine learning is generally defined as a system which improves its 

performance without being reprogrammed [13]. In other words, it can solve 
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a problem today, that it could not solve yesterday, and a human has not 

changed the program or the data stored. Some techniques used for machine 

learning include genetic learning, case based learning, and information 

theoretic learning. Methods are generally classified according to their 

underlying strategies, their representation of knowledge, and their 

operative domain [14]. In this dissertation, we introduce a method of 

learning which is knowledge intensive, uses a network as an operative 

domain, and employs instruction and analogy. It is based on the 

application of belief networks to the information theoretic approach to 

natural language processing, also developed in this dissertation. 

1.2 Problem statement 

The problem that we need to solve is: given a series of input 

sentences in English to a computer system, we desire the computer to 

understand the words presented and to perform the required task or store 

the appropriate information for future reference. We shall limit the task 

in several dimensions. First we shall consider only the limited problem 

domain of a person communicating with an intelligent task oriented 

machine, or robot, not intelligent communication in general. Second, we 

shall limit the input sentences to one at a time, and we shall not require 

the storing of any previous sentences. Thirdly, we shall at first limit 

the sentence itself to a simple sentence. Although the general approach 

applies to sentences with any subject, we shall concentrate on sentences 

where the subject is assumed to be the machine itself, which is typical of 

communication with a task oriented machine. 

In connection with the above task, we shall also make our machine a 

learning machine, which will then be capable of processing sentences, 

which contain at the most one unknown verb. 

We shall also, as we proceed, indicate partial solutions or at least 
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directions for extensions of this problem domain. We shall for example, 

indicate how the information theoretic approach can be used to analyze 

compound and complex sentences. We shall indicate how inference can be 

applied to analyze multiple sentences. We shall show how the machine's 

learning capabilities can be extended to sentences which contain an 

unknown object. 

1.3 contribution of the Work 

The contribution of the work that is unique is the application of 

information theory directly to the parsing of the sentence, allowing us to 

look at the individual words in an order designed to reduce the entropy to 

zero with the fewest number of words analyzed. By making the internal 

representation of the sentence be a Markov chain, we also by the use of 

belief networks, have designed a learning machine, unlike any presented in 

the past. We also then solve or indicate solutions to problems associated 

with other natural language processing systems, by making specific 

application of the information theoretic method to those problems. 

Chapter Two presents a review of several foundation principles which 

are necessary for understanding this information theoretic learning 

system. We then review other natural language processing techniques, 

information theory, and belief networks. None of the information in this 

chapter is original with this author. 

Chapter Three presents an information theoretic approach to natural 

language processing. We start with simple sentences, and apply the 

technique to analyze the verb, object and subject, in that order. We show 

how this reduces uncertainly in an optimal fashion, and how it can be 

represented as a Markov chain process. We then extend the basic idea to 

more complex sentences and cases. Virtually all of the material in this 

chapter as applied to this problem, is original with this author. 
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Chapter Four applies the concept of a belief network to the basic 

information theoretic machine of Chapter Three to make it a learning 

machine. We begin by adding Case structure to the simple machine 

introduced in chapter Three. We then show how to use a belief network to 

add links and states to the basic Markov chain diagram in order to make it 

understand sentences that it previously could not understand. We also 

provide an analysis of how to calculate link probabilities for the 

additions to the basic Markov chain diagram. Virtually all of this chapter 

is original work. Although the concept of belief networks is not original, 

its application to the information theoretic machine is original. 

The first part of chapter Five presents the details of two 

application programs which have been written to demonstrate the techniques 

developed in this dissertation. The first program, written in REX, 

demonstrates a simplified version of the machine from chapter Three. It 

was written early in the development of this project. An explanation of 

its operation and examples of its use are included in the chapter. This 

program was written by this author. 

The second program, written in C, is a more advanced prototype, 

which has limited learning capabilities. It was written by a senior in the 

Electrical and Computer Engineering Department at the University of 

Arizona, stephen Davies, as a senior project. Again, a description of the 

program and examples of its use are included. The original part of this 

chapter is the more simple application program, written in REX. 

The second half of chapter Five contains a comparison of the 

information theoretic approach with the more traditional linguistic 

approaches to natural language processing. We also compare this new 

approach to other probabilistic and statistical approaches, which have 

been made in the last several years. We then perform an analysis on the 

theoretical speed of this approach as compared with the speed of a 
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standard linguistic method, the Augmented Transition Network technique. 

The performance comparison calculations are original with this author, as 

is the comparison with linguistic and other probabilistic methods. 

Chapter Six then summarizes the work, makes some general and 

specific conclusions concerning the work, and looks forward to future work 

which can be undertaken on this subject. 

Appendix A contains calculations concerning the speed of this method 

versus the Augmented Transition Network method from traditional natural 

language processing. Appendix B contains a notational lexicon and a 

listing of abbreviations and other possibly unfamiliar terms used in this 

dissertation. 

We shall now in the next chapter study the foundation issues related 

to the work of this dissertation. 



15 

2. REVIEW OF POUNDATION PRINCIPLES 

In this chapter, we review concepts which form the foundation of the 

work presented in this dissertation. In order to understand the 

information theoretic approach to natural language processing, we must 

first review the natural language processing work which has been done in 

the past. We must also review the theory of information, which forms the 

basis for the parsing method described herein, and Bayesian belief 

networks, which form the basis for the parser's ability to learn. 

Section 2.1, which reviews natural language processing is broken 

down into four subsections. 2.1.1 reviews the syntactic approach to NLP, 

which is based on grammar. Subsection 2.1.2 covers the semantic approach, 

which is an approach based on the understanding of the ideas in the 

sentence. 2.1.3 covers other types of approaches which have been applied 

to solving this problem, and 2.1.4 reviews the probabilistic approaches to 

natural language processing. 

Section 2.2, which is on probability and information theory, has two 

subsections which cover the concepts of information and entropy, and a 

very basic introduction to Markov chains. section 2.3 is a brief 

introduction to Bayesian belief networks, including information on how to 

perform calculations of evidence propagation for chains, trees and causal 

poly trees. The reader interested in learning more about Bayesian belief 

networks should refer to the reference by Pearl. 

Virtually all of the material in this chapter is taken from the 

referenced sources. None is original with this author. 

2.1 Natural Language Processing 

Much of the work in natural language processing is based on theories 
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taken from work done in the area of linguistics [7]. While there is a deep 

history of linguistics, much of the modern theory is based on the work of 

Chomsky, done in the 1950's [15]. He thus laid the foundation for a great 

deal of the work done in natural language processing. His method is called 

the theory of Generative Linguistics, and is based on characterizing 

grammar by looking at the mental processes involved, and then tying those 

processes to the description of how languages work. Previous work had only 

looked at rules (prescriptive), relationships between languages 

(comparative), and single language structure (structural) [7]. 

While our approach to NLP is based on communication theory, Chomsky 

discouraged work based on this approach with a dismissal of anything 

taking a probabilistic approach to the solution of NLP in 1957. He said 

that since the distance between one word and another in a sentence could 

be made arbitrarily large, a finite state model could never handle all 

sentences [4]. While some early work was based on the theory of 

information, and produced some worthwhile results, the general approach 

was dropped ~n the 1970' s, although statistical information retrieval 

programs are still used today. 

Parsing a sentence, in this context, is the process of taking a 

natural language sentence and forming from it an internal representation 

of the words in the sentence. Consider the English language sentence, 

"Type the following list of words for me: bring, jump, farm, connect." We 

will use this example throughout the text to illustrate the various 

techniques. The major part of parsing consists of classification of the 

words in a sentence into parts of speech, and some arrangement into a 

structure which can somehow be stored in a memory. An oversimplified 

analogy would be diagramming sentences in the fashion that most of us 

learned in school. 

The basic attacks on the problems of NLP parsing can be broken down 
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into four areas. 1) A syntactic approach, which is based on looking at 

sentences from a grammatical point of view. This is not based so much on 

a formal grammar as much as on the ordering of words in a sentence[15,16]. 

2) The second approach is called the semantic approach. It is based on 

classification according to the meaning of the words in the sentence and 

how they fit together to make sense [17]. 3) The third approach, called 

pragmatic, is based on classification according to the context; in other 

words, are the ideas referred to in the sentence correct. 4) The fourth 

approach, called Unification Grammar is based on using the syntactic and 

semantic approaches, where unification refers to combining two feature 

structures which are not incompatible to form a new structure[18,19]. All 

of these approaches are based on looking at the words one at a time, in 

the same sequence aa they are encountered in the sentence. 

We know that sentences should be grammatical, that is, they should 

have a subject which is a noun or noun phrase, and a predicate, which is 

a verb or verb phrase perhaps followed by an object. These approaches seek 

to identify each word in the sentence as a noun, verb, adverb, etc. and 

also to identify which parts of the sentence go together. Sentences which 

are not grammatical are not handled well. 

2.1.1 Syntactic Approach 

To illustrate further, and gain a feel for each approach, let us 

look in more detail at examples of each. The earliest form of a syntactic 

approach was Pattern Matching [7,12]. Here, we look for patterns that we 

would expect, based on grammar and ordering of words. For example, one 

common form of sentence is article - noun - verb - object, ie. "The boy 

ran home." We would have a dictionary that classified words according to 

part of speech, and a list of patterns. We would compare the sentence with 

each pattern until we found a match. That match would then classify each 
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word in the sentence, and in effect provide the diagram of our sentence, 

or the internal representation of the sentence. 

In this case then, the internal representation, i.e. the manner in 

which knowledge is stored internally in the machine that is processing the 

information, would consist of a series of basic grammatical patterns, such 

as article - noun - verb - object, or noun - verb - article - noun -

preposition - article - noun, etc. The sentence "The boy ran home," would 

be stored in a manner corresponding to the grammatical pattern, article -

noun - verb -object, and there would be a set of rules in the machine for 

extracting information from a sentence with that particular pattern. 

To return to the syntactic approach called pattern matching, note 

that words can have more than a single classification, thus complicating 

the process. For example, the word jump would be classified as a verb in 

the sentence, "I can jump higher than you can." It would be a noun in the 

sentence, "The athlete will compete in the long jump." Notice also that 

can is a verb in the first sentence, but a noun in the sentence, "Please 

open the can of soup." This approach also used keyword searching, where 

some words in the sentence were ignored as long as the rest of the 

sentence fit the proper pattern. For our example sentence, * TYPE * WORDS 

* W1, W2, W3, ••• WN would be a pattern that would match. Here * 

represents words in the sentence that can be ignored. 

Another syntactic approach involves using Grammar Rules, ie. s = np 

+ vp, a sentence consists of a noun phrase followed by a verb phrase [15]. 

np = det + n, a noun phrase consists of a determiner (article) and a noun, 

etc. We once again go through the sentence in steps, matching the sentence 

to the rules, and then expanding using the secondary rules until each word 

in the sentence is classified. This may take many steps, depending upon 

the complexity of the sentence. Please refer to figure 2.1 for the 

representation of our example sentence using thld technique. In this 
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diagram, in addition to the terms already defined, v refers to verb, pp is 

prepositional phrase, prep is preposition and adj is adjective. 

A third approach involves using Transition Networks [20]. Referring 

to figure 2.2, we see a state transition diagram, which represents a 

Nqun l'hrasc 

" The urown fo~ " 

v erb l'hqsc 

" r an home' ' 

::tdj 

•·cru 1101111 

---\3~ 
jlllllll 

Figure 2.2 An Example of a Transition Diagram 

particular sentence structure. There are other diagrams which represent 

other sentence structures. We follow the branches of this diagram trying 

to find matches to our sentence. If we do not match, we try another 

diagram. Upon finally matching a particular diagram, we again have the 

words classified and an internal representation in the memory of our 

machine. Note that the link labeled "jump" means to skip the determiner 

link if the sentence begins with a noun. It allows the diagram to handle 
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another sentence type, beside determiner - adjective - noun - verb - noun. 

Refer to figure 2.3 for an analysis of our example sentence using 
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of words 
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jump 
farm 
connect 

Figure 2.3 Parsing of the Example Sentence Using a Transition Notwork 

this technique. All of these techniques require all possible sentence 

structures to be stored in the computer, as well as a lexicon which stores 

words, their possible parts of speech classifications, and meanings of the 

words in some form. 

2.1.2 Semantic Approach 

There are also several different methods of constructing parsers 

which are based on the semantic approach to natural language processing. 

Case Grammar is the first of these approaches [17,21]. It is postulated 

that there is a deep structure in language that relates nouns and case 

independent verba to the meaning of a sentence. Verbs are used to 

characterize the meaning of the sentence, and two sentences that have the 

same words, but in a different order, and mean the same thing, can be 

internally represented as the same. In addition to the syntactic 

representation, a modality is added to represent negation, tense, mood, 

and aspect. Associated with each verb is an agent - the instigator of the 

action, an instrumental - the thing used to perform the action, a locative 

- the location of the action, a dative - the recipient of the action, and 
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a neutral -the thing being acted on. 

Please refer to figure 2.4 for the application of Case theory to our 
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Figure 2.4 The Example sentence Represented in Case Grammar 

example sentence. In this diagram C1 through CS refer to the five cases 

associated with a sentence: agent, neutral, dative, instrumental and 

locative. K is the set of other words in the phrase associated with each 

case in the sentence, such as in C3 - for me. Me is the dative and for is 

the other word in tha phrase. The words in parenthesis are implied only, 

and have been added for clarity and the symbol ¢ means that the set is 

empty. We are starting to get closer to the meat of the problem here, and 

much Case theory can be applied to our probabilistic approach. 

Conceptual Dependency theory is closely related to Case Grammar 

[2,22,23]. Here again the internal representation of a sentence is based 

only on meaning, not on the order of the words in the sentence, or in this 
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case, even on the exact words used. The sentence is approached by looking 

for certain primitive verb types, ie. INGEST, PROPEL, GRASP, EXPEL, 

PTRANS, ATRANS, MTRANS, MOVE, MBUILD, SPEAK and ATTEND. Classification is 

done according to these hopefully all inclusive verb classes. Depending 

upon the general verb class (for example the verb eat would belong to the 

class - INGEST), other characteristics are searched for in the sentence. 

For example, for ATRANS, which represents a change in some abstract 

relationship between a physical object and an animate being, there must be 

an event, and the event must specify an actor, an object and a direction. 

In general the roles to be played include actor, action, object, 

direction, instrument and state. These "conceptualizations" can have 

tenses, which are similar to modalities in Case Grammar. Inferences are 

more easily handled in conceptual Dependency theory, since certain 

information is required for each sentence, and if it can not be found in 

the sentence, it must be inferred from previous information. Here, at 

least we know what information to look for. 

In the above description, most of the verb classes are obvious, such 

as INGEST, EXPEL, and SPEAK. ATRANS was described above. PTRANS refers to 

the physical transfer of an object from one location to another. MTRANS is 

the transfer of mental information from one agent to another. MBUILD is 

the construction of a thought by an agent, and ATTEND refers to the act of 

focusing attention of a sense organ toward an object. Refer to figure 2.5 

for an analysis of our example sentence using Conceptual Dependency. Here 

o stands for object and 0 refers to the direction. 

Another approach is called Semantic Grammar, and uses specific 

semantic classes instead of classification by part of speech [2,7]. For 

example, transportation is a class, sub-classes might be boats, planes, 

cars, trucks, buses, followed by boat-properties, plane-properties, etc. 

Here the number of elements in a class is smaller, but the sentences that 
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f'P"(you) ~ l\love ~ 0 - (Hands) 

(you)~ I'trans~ 0 - List ~ D Me 

Figure 2.5 The Example sentence Represented by Conceptual Dependency 

can be handled must fit into one of the programmed set of classes. 

2.1.3 Refinements and Other Approaches 

Refinements of these basic theories have been made. Transformational 

Grammar, Recursive Transition Networks (RTN) , and Augmented Transition 

Networks (ATN) are examples of refinements [2,7). Generally, these 

refinements allow the sentence not only to be structurally analyzed, but 

to have the meaning represented in the data structure as well. 

After a basic approach is decided upon, the researcher must decide 

on a particular parsing method. This refers to the process in which the 

words are analyzed in order to decide how each word fits into the internal 

representation of the sentence. Two approaches are top-down, where a set 

of rules is known ahead of time, and the words are fit to rules, and 

bottom-up, where the words are analyzed first and then categorized and 

stored into the structure dictated by the rules. A third approach combines 

these two approaches. One of the most important of these methods is called 

an Active Chart Parser. An algorithmic approach is taken as the sentence 

is analyzed. Alternative choices can be handled in parallel, or 

backtracking can be used, ie. if a path fails to match, you go back and 

try the next best alternative. Chart Parsing also involves storing 
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structures as you go through the sentence, so that when you backtrack, if 

you encounter the structure again, it does not need to be re-analyzed, 

because you remember it. 

Recently, a resurgence in interest in the probabilistic approach to 

Natural Language Processing has taken place. The next section of this work 

surveys the various approaches and in Chapter Five we compare them with 

the method presented in this dissertation. 

2.1.4 Probabilistic and Statistical Approaches 

In the past two to three years, there has been a resurgence of 

interest in probabilistic approaches to natural language processing. In 

this section, we outline the various approaches. Many of the papers on 

this topic came from a workshop and a symposium sponsored by the American 

Association for Artificial Intelligence (AAAI) in 1992. No other programs 

like this occurred in 1993, and few journal articles have been published 

at this point. In Chapter Five, we shall compare these approaches to the 

approach taken in this dissertation. Note, however, at this time, that 

none of these approaches use the same technique as the method developed in 

this paper. This is presented for information only. 

There are a number of approaches tied to using large corpora, i.e. 

articles, reports, books, etc. whose length may range from several hundred 

thousand to several millions of words. The use of these large corpora fall 

into eight basic categories: 

1. They are used to instantiate (assign probability numbers to) models 

of NLP. In other words, the researchers gather information about 

statistics of words occurring with other words, or words occurring 

independently of other words from a training corpus, and then use the fact 

that these statistical values approximate the actual probability numbers 

that they need for their models [24,25,26J. 
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2. The statistics gathered from large corpora are used for ambiguity 

resolution in standard grammars [27]. Here, for example, if a word was 

used in a sentence which could have several interpretations or senses, 

probabilities could be used to determine which sense to use in the 

parsing. 

3. Large corpora may be used for training part of speech taggers. 

Corpora may be raw, tagged, or parsed. Raw is totally unmodified, tagged 

means that each word has attached to it, its part of speech classification 

based on its use in the sentence in which it occurs [28]. 

4. Corpora are used as undergeneration fixers. After a standard parser 

has operated on a set of sentences, there may be several sentences which 

were not able to be parsed. These are then parsed using the probabilistic 

parsing method [29]. 

5. Probably the largest use of corpora related statistical methods is 

for information retrieval. This is a driving force, funded by the 

government. The idea is to analyze articles, books, messages, etc. to 

determine the facts present in the article about a particular subject 

[30]. 

6. Large corpora are used for gathering statistical information to 

provide correct translations for phrases such as senior citizen. A direct 

translation word tor word to the French would render this phrase as 

"citoyen ageea." However, senior citizen is a phrase which more 

appropriately is translated as "personnes agees." statistics help to 

provide the correct translation [31]. 

7. Large corpora are used to find hyponyms, that is words which are 

elements of a common set. For example, consider the set of words 

identified by "injuries." Members of this set may include bruise, wound, 

broken bone, etc. Each members of the set is a hyponym of injuries [32]. 

There are also statistical methods which are used to determine for 
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example, noun similarities. A particular verb which can be found to occur 

in large corpora is checked to see which nouns and objects occur with it. 

A metric is used to determine the similarity between the nouns which have 

been used as subjects or objects of that verb [33]. 

8. From the statistics of large corpora, a method of parsing using 

standard language rules is used where which rule to use next is determined 

by the probabilities associated with each rule, based on the previously 

parsed sentences and words. Here, the probabilities are simply used as an 

aid in determining how to proceed with the parse [29]. 

2.2 Probability and Information Theory 

It is assumed that the reader is familiar with the basic concepts of 

probability theory. We shall, however, touch lightly on a few points of 

information theory and Markov chains. 

Claude Shannon is the father of modern information theory [11]. His 

initial work was published in 1948 in the Bell System Technical Journal. 

Although the 'workhas mainly been applied to electronic communication 

systems, language is also a communication system, and information is 

exchanged in conversation. Words are used instead of voltage levels, but 

the concepts are exactly the same. Shannon recognized this in his initial 

paper, and did 80me very early work on language generation using the 

concepts that he developed. A portion of the early work in NLP was tied to 

the theory that Shannon developed, but the approach has generally been 

ignored until the last two or three years. We shall show that the work he 

did, however, is still valuable and in fact is central to the parsing 

method presented in this dissertation. 

2.2.1 Information and Entropy 

Although much of the mathematical detail is complex and heavily 



27 

dependent on a knowledge of probability, there is an intuitively 

understandable side to information theory as it will be used in this work. 

The basic formula that is necessary for our purposes is 

H(xly) '" H(X) - I(X;Y). (1) 

Here, X and Yare a collection of outcomes in the probability space. In 

general, for our purposes, Y is a subset of X. H(X) is a measure of the 

average uncertainty caused by the fact that there are a number of possible 

values that X can take on, and we are not sure which one X will have. H(X) 

is also called the entropy, and is computed as 

H(X) =-L p (x) 1092 [p (x) ] 
x 

where the logarithm is to the base two if the units of uncertainty are 

bits. I(X;Y) is the average mutual information between the ensembles X and 

Y, and is computed as 

I(X;Y1=LLp(x,Y)109 p(x,y) 
X y 2 p(x)p(y) 

H(xly) is the average uncertainty remaining in X after the recognition of 

the outcomes associated with Y. Equation (1) says that the average 

uncertainty H(X) of a set of outcomes X, can be reduced by the amount of 

information gained from knowing of the occurrence of the set of outcomes 

Y. In simple terms, the uncertainty of the system is reduced by the amount 

of information that we find out about the system. Eventually it needs to 

go to zero, that is after we know everything about the system, it is 

completely determined [34]. 

For example, consider the following problem. suppose you have three 

coins, two of which are normal and one which weighs either more or less 

than the normal amount. Find the light or heavy coin in the fewest number 

of weighings, using a balance type scale. Suppose we initially weigh coins 
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one and two on the balance. If they balance then coin three is either 

light or heavy. Now weigh coins 1 and 3. If three goes up on the balance, 

it is light. If it goes down, it is heavy. If initially, coin two went up, 

then either two is light or one is heavy. Next weigh one and three. If 

they balance then two is light. If one goes down, then one is heavy. 

Similarly, suppose that in the initial weighing, coin two went down. 

Either one is light or two heavy. weigh one and three to find out. If they 

balance two is heavy. If one goes up, one is light. 

As shown in figure 2.6, X is the set {lheavy, llight, 2 heavy , 

p=1/3 
1=1.585 

H(XIY) = 1.000 

3 light 
H(XIYZ)=O 

7\ 
3 

3 heavy 
H(XIYZ)=O 

H(X) =2.585 

x 

p=1/3 
1=1.585 
2 goes up 

H(XIY) = 1.000 

p=1/2 
1=1.00 

2 light 
H(XIYZ)=O 

x 

1 heavy 
H(XIYZ)=O 

Figure 2.6 The Coin Weighing Problem 

2 

3 

p=1/3 
1=1.585 
2 goes down 

H(XIY) = 1.000 

p=1/2 
1=1.00 

2 heavy 
H(XIYZ)=O 

x 

1 light 
H(XIYZ)=O 

3 

2light, 3heavy, 3light}. Y is the set of three possible outcomes of the 

first weighing {balance, 2 up, 2 down}, and Z is the two possible outcomes 

of each of the second weighings. Assuming equal probability of occurrence 

for each outcome, 
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6 
H(X) =-~ ~ logz ( ~ ) =2.585 

~=1 

For the first weighing, assuming a 1/3 probability for each of the three 

outcomes, I(X;Y) = -logz 1/3 = 1.585. Hence our uncertainty is reduced to 

H(Xly) = 2.585 - 1.585 = 1.000 

For the second weighing there are only two possibilities, so the 

probability of each is 1/2. I(Y;Z) = -logz 1/2 = 1.000. After the second 

weighing the uncertainty is reduced to 

H(XlyZ) = 1.000 - 1.000 = a 

The uncertainty equal to zero implies that we now know all the information 

about this system. For the parsing method of the next chapter, we shall 

not use these equations to make actual calculations. They have been 

provided solely for motivation and to help understand the general process 

described in this dissertation. 

2.2.2 Markov Chains 

There is one other concept we need, to be able to exploit 

information theory to understand a natural language input; the Markov 

chain model of a process. 

There are three basic quantities in the definition of a Markov 

chain: a finite set S whose elements, called states, will be assumed to be 

numbered in a definite manner, a probability distribution, p = [p(i)] 

i E S, over S, which is a vector whose components are called initial 

probabilities, and a stochastic matrix Q= [p(jli)] i,j E S, whose entries 

are called transition probabilities, that is each p(jli) represents the 

probability of a transition from state i to state j. Therefore 

p(i)~O, iES 

~p(i) = 1 
.A. 

(2) 

(3 ) 
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P(jli) ~ 0, i,j E S (4) 

~P(jli) ~ 1 (5) 
J 

where (2) - (5) follow from the axioms of probability. A sequence of s-

valued random variables Xn is said to be a homogeneous finite Markov chain 

with state space S, initial distribution p and transition matrix Q if and 

only if P(Xo ~ i) = p(i), i e Sand 

where n is a time index, i.e. n is assumed to be incremented by 1 every 

time a fixed interval of time passes. If in addition to the above equation 

(6) we also have 

then (7) defines the quality of homogeneity [35]. For a process 

characterized in this manner, for each unit of time, the system goes ~o a 

new state. The particular new state arrived at is dependent upon the 

probabilities between the states, and thus is a random process. The Markov 

property is characterized by the assumption that the probability of 

entering a state depends only on the previous state. Homogeneity means 

that the transition matrix does not change its values as the process goes 

from state to state. 

A state j leads to a state k, if there exists an element p(klj) > o. 
Two states j and k communicate if they lead to each other. If for a state 

j, p(jlj) =1, then j is said to be an absorbing state. For an absorbing 

state j, we have 

p(klj) = 0 for all k ~ j. 

For example (in figure 2.7), assume that the process starts out in 

state number one On the diagram ie., the initial probability distribution 

is 
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Figure 2.7 The Markov Chain Diagram for the Coin Weighing Problem 
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p(l) • 1, p(j) = 0 for all j ~ 1. 

There is a certain probability p(2/1) = 1/3, that as n is incremented, the 

system will go to state two, and a probability p(3/1) = 1/3 that the 

system will go to state three. Similarly in state two, there is a 

probability P(5/2) = 1/2 that it will go to state five, and probability 

p(6/2) = 1/2 that it will go to state six, etc. The probabilities of 

leaving any particular state must sum to one. Eventually it reaches a 

final state called an absorbing state. Nodes 5,6 7,8,9, and 10 are all 

absorbing states in figure 2.7 [36]. The Markov chain model shown in 

figure 2.7 corresponds to the previous coin weighing example, where the 

probability distribution and stochastic matrix are also shown. This model 

can be applied in this situation if we view the outcomes of the various 

weighings over time as a random process. 

In the next chapter, we will apply information theory, and this 

model of a Markov process, to find another approach to the solution of the 

problem of natural language processing. X will be the set of outcomes 

associated with the possible information bearing words which can occur in 

a sentence. Y will be a single word in the sentence, the verb, which when 

discovered reduces the initial uncertainty. Z will be another information 

bearing word, the object, which also reduces the uncertainty, and so 

forth. The proc... will be modeled by a Markov chain, and the internal 

representation of the knowledge contained in the sentence will be in the 

form of a Markov chain diagram. The actual machine which parses the 

sentences, however, will be deterministic in nature, since the next state 

will always be completely determined by the input word. 

2.3 Bayesian Belief Networks 

Systems generally can be modeled by a set of variables whose values 

represent the state of the system at any time. These variables are often 



33 

connected by equations, which model the relationship between one variable 

and another. In systems representing real world events, the equations and 

the values of the variables are often not known. In addition the 

relationships may not be causally determined but probabilistic in nature. 

In such situations, we can represent the relationships between variables 

and the values of the variables themselves in terms of probabilities. If 

we have a complete probabilistic representation of the variables and their 

relationships in a domain, and we then assign values to the input 

variables (the observables), we can then calculate the probable state of 

the system. If the number of variables is large, this may represent a 

numerically difficult task, since we have many joint probabilities to 

evaluate. 

By using a network to represent this information, it is easily seen 

which variables to calculate, in which order, to reduce the number of 

calculations necessary to completely characterize the system. The network 

representation used here is called a Bayesian belief network, and its 

properties are explained in the following section [37]. Note that we shall 

abbreviate the term Bayesian belief networks to simply belief networks for 

the remainder of this dissertation. 

Consider the following simple example in order to better understand 

the concept of belief networks. Suppose while you are at work, you receive 

a phone call from one of your neighbors, indicating that on the way home, 

as she drove by your house, she noticed that a window was broken. You 

immediately wonder about the possibility of a burglary, and need to make 

an assessment as to whether or not to call the police and rush home. The 

probabilistic output for this example is X ~ {Did a burglary occur?}, with 

possible values yes or no. The input (observables or evidences) is I = 
{Did you receive a phone call from the neighbor indicating a broken 

window?}, again with values yes or no. 
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There are intermediate variables in this system, such as Y s {Were 

children playing in the yard?}, U = {Was the window actually broken?}, V 

s {Was the neighbor wearing her glasses?}, etc., and all of the variables 

have some effect on the outcome. It would be difficult to model this 

example using a set of equations, since we have almost no idea of the 

exact relationships between the variables. Also, we do not have exact 

information on the values to be assigned to allot the variables, i.e., we 

forgot to ask the neighbor if she had her glasses on, so what is the value 

of V? 

Also, the information is hierarchical. For example, there is a 

relationship between the variable V and the outcome X. If the neighbor did 

not have her glasses on, the window may not actually have been broken, and 

thus a burglary probably did not occur. In addition, there is probably no 

relationship between Y and V. A deterministic approach to this system 

seems doomed! On the other hand, we can hardly help but think about the 

probabilities involved. What is the probability that the neighbor had her 

glasse8 on? Given that she did have her glasse8 on, what is the 

probability that the window was actually broken? Given that the window was 

broken, what is the probability that a burglary occurred? This system and 

many other systems can easily be modeled by a beliet network. Please see 

figure 2.8, tor the belief network corresponding to this simple example. 

2.3.1 Beliet Network Structure and Assumptions 

We view the belief network not only as a storage device for the 

factual knowledge of the domain, but also as a computational architecture 

for reasoning about that knowledge. Accordingly, the nodes represent the 

variables of the system, and the links between the nodes represent the 

mechanisms which direct and propel the flow of data between the variables, 

i.e. the links represent the unknown equations which relate the variables 



35 

Ball hI! window (:0 0 Burglary 

J\/ 
Children playing C..:..) 8 Window broken 

6 w ... ", ....... 

6 " ..... " 
Figure 2.8 Belief Network for the Broken Window 

to each other. For the specific problem encountered in this dissertation, 

we shall refer to a network where the nodes are hypotheses, arranged in a 

hierarchial order, with the links representing the relationship of cause 

and effect. 

Please refer to figure 2.9 for a more general example of a belief 

network. We assume that each node has a processor, which calculates and 

stores the probability values for that particular variable, as well as the 

values on the links entering each node. We assume that the links are open 



36 

at all times for communicating information throughout the network. This 

distributed computation paradigm 1) uses subtask decomposition to reduce 

complexity, 2) allows the intermediate steps to be given an intuitively 

meaningful interpretation, 3) allows the computations to be performed in 

any order, and 4) makes it easy to formulate the task in object oriented 

programming languages. 

2.3.2 Chains 

We shall start off by considering tree-structured causal networks, 

i.e. those in which each node except the top or root node has exactly one 

incoming link. We shall further simplify at first to consider a chain, 

that is a tree-structured causal network, where each node except the 

bottom or leaf node has exactly one outgoing link. Each node represents a 

variable, which can take on n mutually exclusive values. Variables shall 

be represented by capital letters, and the values assigned to the 

variables by lowercase letters. For the simple example of the burglary, X 

= {Did a burglary occur?} has two values only, so X = x, where x may be 

yes or no. 

Each link shall be quantified by a fixed probability matrix M, in 

which the (x,y) entry is given by 

and represents: given the probability that X has value x, what is the 

probability that y = y. Each link will be assigned a direction, from cause 

to effect, or from condition to consequence. Note that this is different 

from many expert systems, which point from evidence to hypothesis. Thus 

variables which represent causes shall point to variables which represent 

effects. For our example, if p(UIV) = .9, and p(v) = .9, then p(u) = .81, 

indicating that the high probability that the neighbor had her glasses on 
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makes the probability that a burglary occurred also be high. The links 

determine the effect that one probability has on another in the system. 

A function can operate on a variable. For example we shall use a 

function called BEL(x) to operate on the variable X. BEL(x) will have a 

value assigned to each possible value of X, thus BEL(x) can be considered 

as a vector, with two components 

BEL(x) = (1,2), 

where BEL(x) = (.9,.1) represents the BEL function applied to the values 

yes and no, i.e. yes has a probability associated with it of .9, no .1. 

The probabilities on the links are generally assumed to be 

constants, but the probabilities on the nodes are variables. We shall 

label them as BEL(x) ~ p(xle), where e is an evidence entered into the 

system which has an effect upon the value of the variable X. The product 

f(x)g(x) of two functions will denote term by term multiplication, e.g., 

(1,2,3)(3,2,1) a (3,4,3). 

Inner products and matrix products will be denoted by a dot, e.g., 

f(x).g(X) • (1,2,3).(3,2,1) • 3+4+3 • 10. 

a will represent a normalizing constant, and ~ an arbitrary constant, so 

that 

a(1,1,3) = (0.2,0.2,0.6). 

For the case of a chain, 

BEL(x) = p(xle) = p(x,e)/p(e), and p(x,e) = p(elx)p(x) 
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If we define the likelihood vector A(X) = p(elx), and a = l/p(e), then 

BEL(x) = ap(x)A(X). 

This says that the probability of a variable X given that some evidence e 

has been put into the system is equal to the prior probability of X, i.e. 

before the evidence was introduced, times the likelihood vector times the 

normalizer a. In other words, the probability of a node variable X has 

been modified due to the introduction somewhere in the system of some 

evidence e. A represents propagation through the network of the evidence 

in the direction of effect to cause. Given two nodes, X which represents 

cause, and Y which represents effect, A is propagated according to the 

formula 

from node Y to node X. This process is repeated, from node to node, until 

the evidence is propagated from the node it is introduced at to all nodes 

in the system. We also define a vector which propagates probabilities in 

the opposite direction (cause to effect) throughout the network called ~, 

where 

~(X) = p(xle). 

This modifies BEL(x), such that now, 

BEL(x) = aA(x)~(X) 

and 
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1t (X) =1t (u) eMx1u 

as before where node X is now also connected to node U. Please see figure 

2.10. Thus we have evidence being introduced in various parts of the 

pi 

Figure 2.10 A Chain Belief Network 

network, and being propagated either in the forward or reverse direction 

through the network, until all nodes in the network take on new values of 

belief caused by the evidence. The separation between causal and 

evidential support, represented by the ~'s and rr's prevents feedback and 

circular reasoning. 

To summarize, each node in the network is a processor, which is 

responsible for receiving as input the rr of its parent and the ~ of its 

child. It computes a new rr and sends it on to its child and a new ~ and 

sends it on to its parent. The processor takes the ~ of its child and the 

new value of rr and uses that to compute the BEL (x) for the node, where 

BEL(x) = Q~(x)rr(x) 
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1t (X) =1t (u) eMx1u 

For our use in Chapter Four, we shall initially only be concerned about 

propagation from effect to cause, so from here on, we shall present the 

calculations only for A. 

2.3.3 Tree Networks 

Please refer to figure 2.11. We now consider the case of a tree 

/I~ 
C0 (:.. (3 

/~':d' (3 Q) 
Figure 2.11 A Tree Belief Network 

network, where a node may have several children and one parent. Each node 

must combine the effects of A messages from several children. The 

derivation is similar to the chain analysis. We present the results only. 

To formalize the method, we list the following two step procedure: 

step 1 Belief Updating: When node X is activated to update its parameters, 

it inspects the A messages from its children. Using this input, it updates 

its belief measure to 

BEL (x) = QA (x) , 

where 

The A for a node is the product of the A'S from the children. 
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Step 2 - Bottom-up Propagation: Using the ~ messages received, node X 

computes a new message, which is sent to its parent U. 

The ~ sent to the parent is equal to the product of the ~, s of the 

children times the link matrix to the parent. 

2.3.4 Causal Poly trees 

To finish, we present the results for a causal poly tree, where a 

node may have multiple children and multiple parents. 

Step 1 - Belief Updating: When node X is activated, it inspects the ~ 

messages communicated by its children. Using this input, it updates its 

belief measure to: 

where 

BEL (x) = Q~(x) 

A (x) =0 Ayj (x) 
J 

The A for a node is the product of the ~'s from the children. 

Step 2: Bottom- up Propagation: using the messages received, node X 

computes new A messages to be sent to its parents. For example, the new 

message that X sends to its parent i is computed by 



Ax(ui) =L}. (x)p(xlui) 
x 
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The new ~ is the product of the ~'s of the children times the link matrix 

to each specific parent ui. 

Four different kinds of special nodes require special attention: 

1. Anticipatory node - a leaf node that has not been instantiated. 

For such variables, BEL should be equal to ~, and we should set 

11'= ( 1, 1, ••• , 1) • 

2. Evidence node - a variable with instantiated value. If the j th 

value of X is observed to be true, we set ~(x)= 

(0, ••• ,0,1,0, ••• ,0) with 1 at the j th position. 

3. Dummy node - a node Y representing virtual or judgmental 

evidence, i.e. evidence not directly observed. 

4. Root node - the top node of the belief diagram. The boundary 

condition for the root node is established by setting ~ equal to 

the prior probability of the root variable. 

We will now return in the next chapter to the topic of natural 

language processing, and introduce a new method of NLP, which parses 

according to the information content of the sentence. This unique 

application of information theory will provide benefits to parsing, which 

are not available using other methods of NLP. 
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3. AN INFORMATION THEORETIC APPROACH TO NLP 

This chapter presents a theory of natural language processing, based 

not on linguistics methods, like most of the other approaches, but based 

on the theory of information, and on Markov processes. Section 3.1 

contains the basic theory, which assumes a simplified domain, that is 

simple sentences applied to communication with an intelligent task 

oriented machine. Subsection 3.1.1 presents the basic method, 3.1. 2 

explains the application of the theory of information, and presents a 

simple internal representation of knowledge in the machine. 3.1.3 shows 

how the method can be represented by a Markov process, and 3.1.4 gives a 

procedure for showing how the subject of the sentence can be assumed to be 

the intelligent machine itself. 

Section 3.2 shows how to apply the method to compound and complex 

sentences, and suggests how the method can be modified to deal with other 

domains, besides interaction with a task oriented intelligent machine. 

Subsection 3.2.1 discusses the three basic kinds of sentences; passive, 

active and interrogative, and how the method can be used with each case. 

3.2.2 presents information on actions taken by the machine, and which 

states of the Markov diagram these actions occur in. 3.2.3 addresses the 

subject of compound sentences, and 3.2.4 looks at inference. Subsection 

3.2.5 discusses compound clauses and ambiguous words. Section 3.3 looks at 

a more complex internal representation based on Case Grammar. Except for 

the material on Case inference, the contents of this chapter are 

completely original with this author. 

3.1 Theoretical Approach to Simplified Domain 

What we would like to do here is to parse a natural language 



44 

sentence (English, in this case), such that we form an internal machine 

representation of the information present in the sentence. English is at 

least thirty percent redundant, that is, about one third of the words 

actually provide no information, so we would expect that we can ignore 

some of the words [ll]. Also, we will simplify the domain such that we 

assume communication with an intelligent task oriented machine, and we 

will assume simple sentences with a single verb. This section presents the 

results of our theory, based on these assumptions. 

3.1.1 Simplified Domain - Simple Sentences with a Single Verb 

A schematic diagram of the general process is shown in figure 3.1. 

(iu tu Nt"l SCII(tIlCI 

Y., No 

Y., No 

Figure 3.1 A Diagram of the Overall Approach 

The basic idea will be to first find the main verb in the sentence, 

because the verbs in task oriented communications contain more information 
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than any other speech components. The machine will match the verb with a 

list of verbs in its data base. Associated with each verb is a set of 

possible subjects and objects. The machine will match the objects and 

subjects in the sentence with those in the data base. Upon completion of 

the matching process, the machine will perform the actions required by the 

verb, objects and subjects found in the sentence. Again, this is a 

simplified version which has been chosen to show the concepts for a 

limited domain problem. It will be expanded later in the dissertation and 

even further as the research work continues. 

To explain the method in more detail, consider the following example 

sentence, which might be expected to be input to an intelligent task 

oriented machine: "I want you to please add the numbers 5, 7 and 10." Let 

X be the set of all the possible words in a sentence which contain 

information. We will keep track of the sequence in which these words 

occur, for there is information here, but let us ignore that sequence for 

the present. Initially, there is uncertainty caused by the fact that 

there are many words, and we do not know which words will be in this 

particular sentence. A numerical value for this uncertainty could be 

obtained, but for general English sentences the calculation would be 

difficult, and it is not necessary for us to have this number to introduce 

the approach. 

We can however, estimate the uncertainty for the case of an 

intelligent task oriented machine, with a limited number of verbs and 

objects. More importantly, we use the concept of entropy reduction to show 

that our parsing method requires an average amount of computation which is 

smaller than for other approaches. 

Please refer to figure 3.2 

understood by an example machine. 

for a 

Also 

list of 

shown 

verbs and objects 

are the associated 

probabilities for the occurrence of each verb, i.e. ADD(0.3) indicates 
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that ADD will occur thirty percent of the time on the average, and 

probabilities associated with each object. Here, for example, the 

probability that light occurs with the verb put is given by light(0.3), 

which indicates that prob(lightlput) ~ 0.3. As can also be seen from the 

diagram, H(X) = 5.81 for this system. Individual mutual informations are 

shown underlined in the figure. 

What we would like to do is to reduce the uncertainty by taking 

essentially a series of measurements. In order to take the fewest number 

of measurements, we would like to maximize the information gained by each 

measurement. Let Y be a single word which is contained in the sentence. 

For a machine which haa been created to perform actions, the single word 

which provides the maximum amount of information is the verb. The main 

verb is the highest information containing word pertaining to actions in 

any sentence. 

There are a limited number of verbs in the English language. Each 

has a probability of occurrence associated with it. The first measurement 

or question then is, "What is the verb in this sentence?" Let us assume to 

start that the sentence only has one verb, and we will relax this 

assumption later. For our example sentence, the verb actually found is 

"ADD." Here Y - {ADD, PUT, STOP, ••. ,DIVIDE} - {Yl'YZ'Y3, ••• yg}, and Y = Yl. 

We form a list of verbs, ordered with the highest probability of 

occurrence at the top of the list. We would either locate the verb in the 

sentence using a dictionary of classifications and then index to our list, 

or we would search the sentence for the occurrence of one of the verbs in 

our list, starting at the top of the list. Since the list is ordered with 

highest probability words first, the search process is optimized if we use 

the second method. For the example system shown, with nine choices for 

verbs, if all verbs could occur with equal probabilities, the average 

number of comparisons would be 5. However, for the nonuniform 
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probabilities shown, the averages number of comparisons is only 3.07. A 

random (perhaps alphabetical) verb list could result in an even higher 

number. 

3.1.2 Reduction of Uncertainty and Internal Representation 

If Y denotes the verb and X denotes the possible information bearing 

words in the sentence, finding Y reduces the uncertainty in X, by an 

amount I(X;Y). Associated with a particular verb are usually a limited 

number of objects and subjects, certainly much smaller than the set of all 

subjects and object in the language dictionary. Thus this reduction in 

uncertainty would be larger than we might expect at first. For the example 

sentence, and the sample system of figure 3.2, the reduction in 

uncertainty after finding the verb is 2.72. 

Associated with each verb, is a set of objects, each with a 

probability of occurrence. For example, for the verb "tell", the object 

"story" might have a fairly high probability, while the object "ball" 

would have a probability close to zero. We leave ball out of our list, but 

include such objects as story, joke, lie as well as other words such as 

about. We now search the sentence for the occurrence of one of these 

objects, whose encounter reduces the uncertainty in the sentence again. 

For our example sentence, there is a multiple set of objects, z15 = 5, z17 

= 7, and zl10 = lO}. The uncertainty is reduced to zero after all of these 

objects have been located. It is instructive to note at this time that for 

our method, actual entropy calculations are not made, and in fact are not 

necessary, nor is entropy going to zero used as a process terminator. The 

important point to be made is that we would like the entropy to be reduced 

to zero with the fewest number of measurements, and our method does that; 

the other methods of NLP do not. 

In general, this process would be repeated for the subject of the 
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sentence, and the subjects with the highest probability of occurrence 

would be considered first. Again the uncertainty is reduced after the 

match is found. To reach this point it may be necessary to look at word 

order, for example to determine whether the sentence is a statement or a 

question. There may be multiple subjects, objects or modifiers. If there 

are two verbs, it may be necessary to partition the sentence into two 

parts, searching for "and," "or," 

the partition is. 

"." , or another separator to define where 

Further generalization may also be attempted, using the word 

categories in Roget's Thesaurus. Verbs which were in the same category, 

propulsion for example, which includes such verbs as propel, throw, fling, 

cast, pitch, toas etc., might have many of the same objects and subjectG. 

We do not consider the more complex issues or generalizations in this part 

of the dissertation, nor do we apply them directly to communication with 

a task oriented intelligent machine. We do however consider these and 

related issues in section 3.2 of this work. 

As explained later, we consider that the subject is assumed to be 

the machine, for communication with an intelligent task oriented robot. 

The basic information content of each sentence, then, is contained in the 

verb, subject, object, and maybe a few modifiers, and this needs to be 

stored as the internal representation of the information contained in the 

sentence. A more complicated internal representation such as that used for 

Conceptual Dependency theory could be applied, as it characterizes what 

things to look for in the general case for each verb category. In fact, 

almost any internal representation could be applied to this information 

theory approach. 

Note that this process is not a sequential word search, in the 

manner in which it is usually done in NLP. We do not analyze all of the 

words in a sentence. We do not attempt to check syntax. An ungrammatical 
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sentence can still be analyzed and its information extracted to perform 

desirable tasks. The search has been significantly improved to reduce 

computation time, since we only examine information bearing words. Much of 

this is reminiscent of the way a human considers a sentence and the way 

that a human learns. The process builds upon the fairly successful limited 

domain keyword matching machines of the early seventies, by generalizing 

the process they used. This parsing process can be used with any of the 

advanced techniques which have been developed to enhance inference (Case 

/Conceptual Dependency),or to store world knowledge (CYC project) [38,39]. 

3.1.3 The Method is Represented by a Markov Process 

The procedure as described above is a Markov process and can be 

modeled by a finite homogeneous Markov chain. (Please refer to figure 

3.3). The actual language processor, as mentioned in Chapter Two, is 

~ y,(p(y,!x)) 

,,,~~1/~1•11 .~ 
X y 1 

Figure 3.3 A Partial Markov Chain of State X, and the Following Verbs 

deterministic. We will define state x as the initial state of the diagram. 

The probability of starting in this state is one. The machine searches the 

sentence for one of the verbs in its list. There is a probability 

associated with each verb. Upon finding the verb, the machine moves to its 

next state, which is dependent upon the verb found. 

In the formulas that follow, I(x;y) represents individual 
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information between two states, while I(X;Y) represents the average 

information between the previous state and all states that directly follow 

that state. Please see figure 3.4. Here the individual information is 

Figure 3.4 The Difference Between Individual and Average Information 

calculated between states x and Yl' x and YZ' and x and Y3 using the 

probabilities between those states, i.e. p(YIIX) = 1/2, therefore I(XiYl) 

= -logz 1/2 = 1.0. I(X;Y), which refers to the average information between 

state x and all of the following states is I(X;Y) = (1/2)01 + (1/4)02 + 

(1/4) 02 = 1.5. It should be noted that these entropy and probability 

calculations are presented for purposes of motivation and example, they 

are not actually used by the parser. 

A capital H represents entropy or uncertainty, which is also an 

average. In figure 2.6 for example, H(X) = 2.585 as has been previously 

explained. State x represents the ensemble of possible sentences, which 

are of course sequences of words. State Yj (figure 3.3) represents the 

ensemble of possible verbs, and Zji (figure 3.5) represents the ensemble 

of possible objects. The sum of all the probabilities leading from state 

x must be equal to 1, so 

The initial uncertainty is H(l) 
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Figure 3.5 A Markov Chain Diagram for a Verb and its Objects 

The individual self information gained in going from state x to a 

particular state Yj can be obtained from: 

I(x;yj) = -logz P(Yjlx> 

by definition of self information. The average information at state y is 

found from 

( 8) 

(8) is just the average taken over all of the states Yj• The uncertainty 

at a particular state Yj is 

H(X) - I(x;yj) 

where I(xlyj) is the self information of x given the occurrence of Yj· The 

average uncertainty over all the y states is obtained from 

H(X,Y) = H(X) - I(X;Y) (9) 

Equation (9) is interpreted then as saying that the uncertainty is reduced 

by the amount of information gained by finding out which verb is in the 

sentence. 

Upon arriving in the new state, there are then a few next states 

associated with possible objects that occur with that verb. (Please refer 

to figure 3.5). Again each object has a probability p(zJ 1 IYJ) associated 

with it. Again, 



p(ZjdYj) + p(zjzIYj) + p(Zj3IYj) + ••• + = 1 

I(Yj;Zji) = -logz p(zJiIYj) 

I(Y;Z) .. ~ ~ p(Yjlx) .p(zjiIYj)· (I(Yj;Zji» 
" 4 

H(xlyz) = H(Xly) - I(Y;Z), (10) 

S3 

where the formulas follow in the same order as before. For example, 

equation (10) shows that continuing in the Markov chain diagram from state 

Y to z, the remaining average uncertainty is reduced by I(Y;Z). 

Next a subject is searched for and the machine moves to one of a 

set of possible subjects associated with each verb and object. For most of 

the work of this dissertation, we assume that the subject is the task 

oriented intelligent robot that we are communicating with, however we 

present the results in general. 

The foregoing process goes on depending upon the information needed 

in each case to reduce the uncertainty of the simplest equivalent 

sentence to zero. A final or absorbing state is reached when this happens. 

Note that the probability of entering a state depends only upon the 

previous state. Referring to figure 3.4, for example, this condition not 

being met would imply that a state like state Y2 would have an input from 

an additional state besides state x. It might corne from state YI' or a 

state occurring prior to state x or a state after state Y3. The rules of 

this parsing method which prevent such an occurrence are i) There is a 

separate path of states in the model which occurs for each possible 

sentence (based on information bearing words only) and a separate state 

for each information bearing word, and ii) each information bearing word 

only needs to be parsed once; there is no returning to previous states. 

Also, the probabilities do not change as a function of time. This is 

because the statistical relationship between words in a language and 

indeed the probability of occurrence of any single word is relatively 

constant over the short term. These do change over the long term and may 
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be different in different parts of any particular country, however the 

application of the model is still valid, since we do not depend upon the 

actual probability values to do the parsing, only on a relative ranking of 

which words are more likely to occur in any given circumstance. Even if it 

is not homogeneous, the model is still applicable. These properties are 

consistent with the definition of a homogeneous finite Markov chain. 

Again the probabilities on the Markov diagrams are not actually used 

in the parser. The verbs, objects and subjects are simply arranged in 

order, with the words with the highest probability of usage being listed 

first. 

3.1.4 The Machine is Assumed to be the subject 

Let us here digress to show how a subject can under certain 

conditions be assumed to be the machine. A partial set of rules which will 

handle the majority of cases for communicating with an intelligent task 

oriented machine follows. 

A) When no noun precedes the first verb in the sentence, the 

assumption is that the machine is the subject as in , "Type file4 for me." 

8) certain standard phrases preceding the occurrence of the first 

verb also signal that the subject is the machine, such as "I want you to," 

or "Please." 

For this dissertation, we always assume that the machine is the 

subject of the sentence. For natural language processing in general, a set 

of rules similar to the above, but more complete could be used to 

determine whether the subject could be assumed to be the machine itself or 

not, for any particular sentence. These conditions would need to be 

checked for prior to the search for a subject in state z of the Markov 

chain diagram by parsing the sentence for the particular words listed 

above. If the above condition are not met, the machine would search for a 
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subject other than itself by looking for a word from the list of possible 

subjects for that particular verb as explained previously. 

For the example we have used previously, "Type the following list of 

words for me: bring, jump, farm, connect," the recognized verb is "type." 

By rule A above, the subject is assumed to be the machine. For this case, 

the possible objects might be "list" or "word," as in "Type the following 

list: farm, boy, and girl", or "Type the following word: boy." List has a 

higher probability of occurrence. If list is the object, it would be 

followed by a colon, then a list of words. Therefore, to save time, the 

first thing to look for is a colon. If a colon is found the machine next 

takes the words following the colon and separated by commas, and print 

them. It stops when it reaches a period and does not print the next to the 

last word if it is "and." In this case, the object of the sentence is also 

ignored, as it contributes only redundant information. 

If a colon was not found it searches for "word" or "words" and 

follows the same procedure as for a colon after "words," as in "Type the 

words, boy, girl, box." If "words" was not found it looks for the words 

after "type" and again follows the same procedure, ie "Type boy, girl, and 

box." If none of these elements were found, it responds by "Please repeat 

your request, followed by a list of words to type." The machine may ignore 

all other words in the sentence. 

Notice that although each of the previous methods handled this 

sentence to some extent, they all had difficulty handling the list of 

items to be typed, since this is not a grammatical structure and they all 

had to analyze each word in the sentence, which takes a lot of computer 

time. In the presented approach, a maximum of four words needed to be 

analyzed, and the analysis consisted simply of searching for the correct 

words, not classifying them as parts of speech, and attempting to find 

their complex relationships to other words in the sentence. For any 
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sentence, the computation time for this method would be less than for 

other methods, because of the nature of the operations performed, the 

probabilistic searching, and the smaller number of operations. 

3.2 Handling Compound and More Complex sentences 

In this section we extend the results from section 3.1 to handle 

more complicated sentences. Some of the work in this section could be 

applied to natural language processing in general, but the basic intent is 

to apply this information to more complicated sentences which could occur 

in communication with an intelligent task oriented machine. We first look 

at complications caused by considering passive, active or interrogative 

sentences. None of the results of this section have been implemented at 

this point. All of these complications are left for future work. 

3.2.1 Passive, Active and Interrogative sentences 

Let us· now consider some complications which can arise in the 

processing of sentences. For example, for the verb "hit," possible 

subjects might be boy, girl, car, bat, etc. liThe boy hit the ball" or "the 

ball was hit by the girl," or "the car hit the wall" could all be easily 

handled by this method as explained. However, consider now the sentences, 

"The ball hit the boy" or "The boy was hit by the ball" or "Was the boy 

hit by the ball?" These sentences add more complication because "boy," 

which is on the list of possible subjects may be an object or at least the 

recipient of an action rather than the perpetrator, and "ball" may be the 

subject or perpetrator of the action. In general, sentences have the form 

subject - verb - object. One exception is for example, " There is no 

objection," where objection is the subject. "There" is never a subject. 

Very few other exceptions exist. 
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The f~9sive voice and interrogative forms of sentences still have 

the structure subject - verb - object or auxiliary - subject - verb -

object, however for our purposes, we will modify that definition. In the 

internal representation, we will change all sentences to active voice. For 

this example, we will store 

subject - ball 

verb - hit 

object - boy 

for either the active, passive, or interrogative forms. We will attach a 

flag to the internal representation to indicate a question. 

The passive voice is identified by was, am, shall be, will be, etc. 

preceding the main verb. The interrogative has a question mark at the end, 

or words such as is, was, did, etc. as the first word in the sentence. 

Thus once the voice or form of the sentence is determined, the area of the 

sentence to search for the subject and object is determined. We note that 

for the case of a task oriented machine, the subject is almost always the 

machine. Figure 3.6 shows the modifications to the original flow chart 

that are required to implement the complication of considering active, 

passive or interrogative sentences. The diagram takes the place of find 

object and find sentence in figure 3.1. The effect will be not only the 

ability to handle more complex sentences, but a restriction of the search 

space for object. and sentences in the active voice sentences. 

It should be noted that these additional extensions have no 

substantial effect on the original Markov chain of "find verb," "find 

object," or "find subject," they simply tell the machine where in the 

sentence to search for the object and subject. 

3.2.2 States, Actions and Markov Structures 

Each state in the Markov chain diagram may induce some action by the 
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yes no 

go to next sentence 

Figure 3.6 Modifications to Figure 3.1 Based on Passive or Interrogative 

machine. In particular, the final state, where the essential sentence has 

been identified, will always induce an action. The action may be to answer 

the question, perform the required task, or store some information in 

memory. Upon completion of the action, the machine moves back to the 

initial state to wait for the next sentence. 

There are many common structures in the information content of a 

sentence. Many verbs are similar in meaning, and will have the same 

subjects and objects associated with them. Nouns also have synonyms. We 

suggest that a fairly limited number of Markov structures can be used to 

model the vast majority of English sentences, although the words searched 

for in a particular structure might change, depending upon the verb. A 

modified version of a thesaurus in the knowledge base of the machine would 

greatly simplify the number of structures that have to be stored to 
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analyze the different types of sentences. Also,· once the sentence is 

parsed, a sequence of the particular words found in the sentence being 

analyzed can be used as the internal representation of the information in 

the sentence. For many sentences this would amount to storing verb -

object - subject, and is the information that would be used to reason 

about a particular subject in order to reach a conclusion. 

3.2.3 Compound Sentences 

We will next look at a few more complicated sentences, and show how 

they are understood using this approach. In general it is necessary to 

first use some combination of rule based techniques to break the 

complicated sentence into simpler parts, and then apply the probabilistic 

parsing approach to each part. Consider the sentence, "Please tell me the 

story of George Washington, and type it out on the printer for me." As 

with all compound sentences, coordinate conjunctions such as "and," "or," 

"nor" or a semicolon separate the independent clauses. As a first step in 

analyzing sentences, the machine searches for one of these conjunctions 

with a recognizable verb before and after it. The sentence is then 

automatically partitioned into two sentences, "Please tell me the story of 

George Washington," and "Type it out on the printer for me." 

Figure 3.7 shows schematically the described method. Once the 

(machine) 

~Q,;....--..,-O 
~ \J 

V~ype 
""" (machine) 

~8 -0 
Figure 3.7 Partitioning of a Sentence Prior to parsing 
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sentence is partitioned, the machine processes the two sentences in order 

using the information theory approach. For this example, "Please tell me 

the story of George Washington is processed first, as shown in the figure. 

The challenging part about the second sentence is in interpreting "it." 

There has been previous work on this topic, which could be applied here 

[40]. Also, using inference from Case Grammar, it is relatively easy to 

recognize that in this case, "it" referred to "story George Washington." 

We could also simply apply the generic rule that for a compound sentence 

with "it" in the second clause as the object, we automatically refer to 

the first clause and use the same object as the object of the second 

clause. The second sentence, "Type story George Washington" is then 

processed as shown in figure 3.7. 

3.2.4 Inference 

Since we have raised the issue of inference, let us briefly detour 

to discuss some aspects of one of the solutions to the problem of 

inference in natural language processing. We illustrate the use of 

inference from Case Grammar. Recall that for Case Grammar, particular 

verbs are characterized by defining the agent, or instigator of the 

action, the instrumental, or thing used to perform the action, the 

locative, or location of the action, the dative, or recipient of the 

action, and the neutral or the thing being acted on. As shown in our 

previous example, for the verb "put," the cases are 

agent - optional 

instrumental - optional 

locative - required 

dative - not allowed 

neutral - required 

Consider the following sentence, "Put the book back." Here the cases are 



agent - the machine 

instrumental - robot arm 

locative - back 

neutral - book 
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Back is not sufficient information to know what to do with the book. This 

flags a process that searches previous sentences in this particular 

discourse in order to decide what back is. In this case, there must have 

been a previous process or command which contained something like "Take 

the book from the shelf." In terms of cases for "take" 

agent - the machine 

instrumental - robot arm 

locative - shelf 

neutral - book 

Here the locative for take is shelf, indicating that the book was removed 

from the shelf. The locative for take is then assigned to the locative for 

put. Therefore, the locative for put is now shelf. Hence the given 

instruction commands the machine to put the book on the shelf. Thus in 

general, the verbs in a category similar to take, such as remove, pick up, 

etc. might have to be searched for in the immediately preceding discourse. 

This is easily done using a thesaurus. 

For purposes of inference take and put are linked together so that 

if put were used in a sentence and one of the cases was unclear, take or 

a synonym is then searched for in the previous sentences of the discourse. 

3.2.5 Compound Clauses and Ambiguous Words 

Now, consider even more complicated classes of sentences, such as 

"The long jump and the mile run are two events in the olympics." The 

complications presented by such a sentence include: (i) The "and" here 

separates two subjects rather than two independent clauses, and (ii) 
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"Jump," "run," and "are" represent three possible verbs, two of which are 

separated by "and." To handle these more complex situations, the following 

rules which are implemented during the partitioning, prior to use of 

probabilistic parsing, are used. These are general rules - not particular 

to any given choice of verbs. Also there are a finite number of cases to 

consider, thus although this fairly extensive list may omit a few relevant 

cases, never-the-less a rule-based approach such as the following is 

possible. 

1) If no separators are in the sentence, choose as a verb the word 

which can not be classified as anything but a verb. In the sentence, "Give 

rna the can of beans," "give" is only a verb; "can" is either a verb or a 

noun; therefore, choose give as the verb. 

2) If there are no separators and there are two or more words which 

can be verbs or some other part of speech, then look for a determiner to 

identity the nouns and choose the other word as the verb. For example, 

"Jump over the can." Here, because of the presence of "the," "can" is 

identified as a noun, therefore "jump" must be the verb. 

3) If there is a single separator, two or more words which can be 

verbs or some other classification and one which can only be a verb, and 

the separator is between the two words which can be verba or something 

else, then choose the word which can only be a verb as the verb and the 

other two represent a complex clause. This applies to the sentence, "The 

long jump and the mile run are two events from the olympics" from our 

previous example. 

4) If rule three does not clearly provide an answer, look for a 

determiner within one or two words and in front of the possible verbs to 

eliminate candidates for the actual verb. 

5) If there are two or more separators and no ambiguity in verb 

classification, then locate all of the verbs in the sentence in 
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relationship to the separators. 

a) If there is a separator between every verb, then the 

sentence is compound only, with two or more predicate phrases. Separate it 

as in the simple case into single sentences. For example, in "Type A and 

read file1 and tell me a story," the three verbs are type, read, and tell 

and are to be broken into three separate sentences. 

b) If the number of verbs minus the number of separators is 

greater than one, commas should be classified as separators if they are 

between the verbs, and then we proceed as in step 5b. For example, "Type 

A, read file1, and tell me a story." 

c) If there are less verbS than separators, then some of the 

separators are associated with multiple subjects or objects; for example, 

"I want you to read file1 and please type A, B, and C." Here one "and" 

which separates the two verbs is associated with the verb phrases and the 

other "and" can be ignored. For the example "I want you to type A, Band 

C, and please read file1," where two "ands" separate the verbs, the "and" 

closest to and in front of the second verb would be the separator and the 

other "ands" would be ignored for this part of the parsing. 

6) If there are two or more separators and some words are ambiguous, 

the approach would be to first determine which verbs are verbs only and to 

try to identify the others as nouns by the presence of determiners, and 

then to follow rules 5 a, b, and c as applicable. 

Figure 3.8 shows a flow diagram of these rules which replace the 

block "partition sentence" in the simplified block diagram of figure 3.1. 

These additions are necessary to allow the use of more difficult compound 

sentences, and the ability to properly classify words that can either be 

a verb or some other part of speech. Again, these preprocessing operations 

are performed prior to entering the Markov chain function application." 

There are other important issues that arise in connection with 
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Figure 3.8 Modification of Figure 3.1 for More Complex Cases 
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natural lang~age processing which have not been covered in detail in this 

chapter. For example, focus refers to limiting the breadth of the sentence 

analysis such that words need only be considered in the context of the 

present conversation. Much of this is incorporated into the method 

presented here. By limiting the objects and subjects searched for, for a 

particular verb aa described in this dissertation, we focus automatically. 

We can focus more by limiting the verbs to be searched for or the set of 

objects associated with a particular verb. This is done using the same 

focusing techniques used in other methods of natural language processing. 

3.3 A More Complex Internal Representation 

The simplified internal representation presented previously can be 
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used for some potential applications of this approach. The described 

probabilistic approach can however use other internal representations 

which already exist and are in use in other systems. Let us for example, 

consider Case Grammar, which we will use later in this dissertation as an 

internal representation. We have already mentioned that associated with 

each verb in the sentence is the agent, the neutral, the dative, the 

instrumental, and the locative. Consider the sentence "The boy put the 

ball on the bookcase." In parsing this sentence using the probabilistic 

~pproach, we identify the verb ~put," the subject "boy," and the object 

"ball." The required cases for put are 

agent - optional 

instrumental - optional 

locative - required 

dative - not allowed 

neutral - required. 

The agent is always the subject for the active voice. For the passive 

voice or interrogative form, we always implicitly change to active voice 

as explained previously. Therefore, the agent is immediately identified as 

boy. The neutral similarly is the object, in this case "ball." Unless 

otherwise indicated by the sentence structure, the instrumental for put 

with an human subject may be assumed to be arm and hand. Figure 3.9 shows 

fz::\ boy ~ 

. /~~F"""'U 

Figure 3.9 A Partial Markov Chain Diagram Explaining Use of Instrumental 
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part of a potential Markov model for this example. State 4 in the figure 

is always reached only for the verb put and the subject boy. Therefore, 

the first choice is always instrumental = hand/arm. Similarly for state 6, 

the first choice would be instrumental = robot arm such as in the sentence 

"The machine put the book on the shelf." While in state 4 or beyond, other 

indicator words such as "by" could be searched for to handle sentences 

like, "The boy put the marble on the table by spitting it out of his 

mouth," where the instrumental ~ mouth, but this is almost nonexistent if 

the domain is restricted to a conversation with a task oriented machine. 

The locative is identified in state 4 or after by first searching for 

words such as on, in, under, around, behind, etc., then storing that word 

and the phrase associated with it. For this case instrumental ~ on the 

bookcase. 

A simple internal representation for this sentence is 

m(l) = subject = boy 

m(2) = verb = put 

m(3) =.object ~ ball 

m(4) = question ~ 0 for no, 1 for yes, 

which is adequate for many sentences in interaction with a task oriented 

machine. An alternate representation in Case Grammar is 

m(l) a verb. put 

m(2) a agent. boy 

m(3) • instrumental. hand/arm 

m(4) a locative • on the bookcase 

m(5) = dative. N/A 

m(6) = neutral = ball 

m(7) = question = 0 or 1. 

In either case, these items can be stored in, for example, a matrix which 

is associated with each sentence, and constitutes the formal internal 
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representation of the sentence. Again, the simplified flow diagram 

presented earlier is modified as indicated in figure 3.10 to handle the 

'--_-y-_--l 10 more part.lions? 

Figure 3.10 Modification of Figure 3.1 to Allow Use of Case Representation 

implementation of an internal representation based on Case Grammar. The 

diagram shows how the assignment of the various cases takes place for the 

verb put. The diagram is inserted into the original simpli~ied diagram 

between the boxes "find subject" and "perform action." A Case Grammar 

representation ia probably more useful since it more fully allows the use 

of inference a. explained previously. Note that the form of this diagram 

changes for different verbs. This one is for put. Other verbs require 

possibly different case assignments. This internal representation 

assignment is made in the final Markov state prior to the performance of 

any required action. 

In this chapter, we have outlined the basics of the information 
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theoretic approach to natural language processing, and indicated that this 

method can be modeled by a Markov process. This basic task oriented 

intelligent robot can handle simple sentences, with one verb, and no 

unknown verbs or objects. We have extended the basic analysis to handle 

more complex sentences, even though we have not implemented the actual 

machinery to perform these more complex tasks. This new machine, if 

implemented, could be a more intelligent task oriented robot, or possibly 

be the foundation for an even more general natural language processing 

system. We now, in the next chapter, indicate how we can modify the basic 

machine to allow it to learn how to handle an unknown verb or object in an 

input sentence, that is, we will make it a learning machine. 
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4. UTILIZATION OF BELIEF NETWORKS FOR A LEARNING SYSTEM 

The system described in Chapter Three of this dissertation has been 

modified to provide a system which is capable of learning. If we input to 

the system a new word used in a command sentence, we would like the system 

then to adapt itself to deal with the new word in this sentence and in any 

subsequent sentences. For this model, this amounts to adding new links and 

states to the Markov chain already in the system. We shall describe in 

this chapter how the system, using belief networks, adds these new states, 

links, and the probabilities associated with the links. Most of the work 

in this chapter is dedicated to the introduction of a new verb to the 

system, which adds an entirely new tree to the basic Markov chain. 

In section 4.1, we shall state basic assumptions and describe 

modifications which need to be made to the internal representation, in 

order to get the information theoretic model of Chapter Three into a 

condition where we can apply a learning mechanism. In subsection 4.1.1 we 

present three cases which can occur with the introduction of a new verb 

into the system, and in subsection 4.1.2, we demonstrate how to add Case 

structure to the information theoretic machinery of Chapter Three. 

In section 4.2, we present belief networks which govern the addition 

of links and states to the basic Markov chain model in order to correctly 

handle the introduction of new words to the system. In subsection 4.2.1, 

we explain the use of the belief network for adding a new verb to the 

system and in 4.2.2, we do the same for the introduction of a new object. 

In section 4.3, we give a method for calculating the link 

probabilities which correspond to the new links and states which have been 

added to the Markov chain model. Subsection 4.3.1 presents the results for 

the verb links in the Markov chain, and subsection 4.3.2 does the same for 

the object links. Subsection 4.3.3 presents other potential methods for 
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calculating the link probabilities, based on work by other researchers. 

Finally, in section 4. 4, we present sample calculations for the 

example that we use throughout the chapter. Except for the section which 

reviews alternate probability assignment methods, the work presented in 

this chapter is virtually all original with this author. 

4.1 Introduction and Application to the Information 

Theoretic System 

Assume an information theoretic system with n verbs and m objects as 

described in Chapter Three. Figure 4.1 shows the Markov chain diagram for 

Figure 4.1 Markov Chain Diagrams of Verbs and Objects 

the system from Chapter Three. Assume that a sentence is now input, where 

the verb is unknown to the system, but all other words in the sentence are 

already familiar to the system, i.e. the system can assign part of speech 

labels to them. For simplicity, we also assume that there are no 

ambiguities in word classification, that the sentence is not compound or 

complex, and that the subject is the machine. Before describing the 

learning method, we must first show that the input sentences with the new 

verb can be broken down into three basic cases, and we must modify the 

internal representation used in the machine of Chapter Three. 
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4.l.l Three Basic cases 

There are only three possible cases that can occur with the 

introduction of a new verb to the system, which are: l) The user in 

addition to entering the new sentence, also enters a definition, in terms 

of words the system understands, for the new word. 2) The user enters the 

sentence only, however the other words in the sentence along with the 

system knowledge is enough to infer the meaning of the new word. 3) the 

user enters the sentence only, and the meaning can not be inferred by the 

system. 

For case 3, the system must recognize that there is not enough 

information and then formulate a question to ask the user. Although this 

i8 not a trivial problem, once the question is answered, case 3 reduces to 

case 1. Case 1, again while not trivial would seem to be relatively easy 

to deal with. Case 2 represents the most difficult problem. In this 

chapter, we shall demonstrate how all three cases can be dealt with using 

a belief network. 

As an· example, consider the following three sentences, all 

containing the unfamiliar word, "zrfxle." 

Case 1: I am going to introduce a new word, zrfxle. It means to cut with 

a knife. 

Case 2: I want you to zrfxle the bread with the knife. 

Case 3: I want you to zrfxle the bread. 

Ca.e 1 can easily be handled by the system. It simply creates a new 

Markov chain for the verb zrfxle, patterned after the Markov chain for the 

verb cut, which i8 already in the system. The new chain contains all of 

the object8 associated with cut, which also use a knife as an implement. 

Case 3 does not contain enough information to infer what zrfxle means. All 

the system knows is that it is a verb which operates on the object bread. 

The system needs to ask the user for a definition of zrfxle. 
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Case 2, however, gives the system some clues about the definition of 

zrfxle. We not only know that zrfxle operates on bread as an object, we 

also know that it uses as a implement, the noun knife. This sentence 

contains more information than sentence 3, and we shall show how to 

quantify the evidence present such that the system can make a decision as 

to whether to take a guess as to the meaning of the word, or to ask for 

more information. This is essentially what a human does under similar 

circumstances. 

4.1.2 The Addition of Case Structure to the Internal Representation of 

the Basic Markov Machine 

Before we can begin the explanation of the belief network, we must 

modify the simple internal representation introduced in Chapter Three by 

adding Case structure to it, also as outlined previously. This amounts to 

finding the preposition which always introduces the Case structure, after 

locating the verb, object and subject of the sentence. Recall that the 

agent and neutral cases represent the instigator of the action and the 

thing being acted upon respectively, that the instrumental is the thing 

used to perform the action, the locative is the location of the action, 

and the dative is the recipient of the action. Thus the agent represents 

the subject of the sentence and the neutral is the object. The three cases 

which must then be searched for are the instrumental, locative and dative. 

For any particular verb, each of these three cases is either required, 

optional or not allowed. 

Finding the preposition amounts more to postprocessing than it does 

to traversing another state in the Markov chain. The information to be 

searched for is relatively independent of the particular object, but very 

dependent on the verb. Also, while the action to be taken depends entirely 

upon the final state of the Markov chain diagram, the search for the Case 
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structure is the same no matter which object' is in the sentence. Thus we 

do not include it as another state in the Markov chain diagram, but rather 

as processing to be completed after the verb, object and subject are 

located. This information is attached to the Markov chains when they are 

first entered into the system. 

Please refer to figure 4.2 for an example based on the verb put. For 

~ .. 

book /--! .. ~::"..". /" ,/' ". . ............. :::: .... . 
fx\_~~~~~~) ..... ~/~~fs\ 
~\..J \J ,-~~V 

~
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:.' under .... ···•·· by &'.,. 'b~';i~e 

Figure 4.2 Adding Case Structure to the Markov Chain Diagram 

this verb, the locative is required, the instrumental is optional, and the 

dative is not allowed. For example, the sentence, "Put the book on the 

table," uses "on the table" as the locative prepositional phrase. "Put the 

book on the table with the robot arm," adds the instrumental phrase, "with 

the robot arm." Each case has particular prepositions which occur with it 

that indicate if the case is present in the sentence. For locative, the 

prepositions are on, in, under, beside, etc. Instrumental uses with or by. 

Dative is indicated by to. The noun following the preposition indicates 

with what implement the action is performed for the instrumental case, 

where to put the object for the locative case or to whom to give the 

object for the dative case. This is all information which is necessary for 

the intelligent machine to have to perform its tas~, and is also necessary 

for use with the belief network to implement the learning process. Thus we 

shall add this Case structure to our internal representation for this 
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section on learning. 

It should be added that a sentence may be input with an implied 

case, for example, "cut the bread." The logic in the last state of the 

Markov chain must then make an assumption to carry out the task, because 

the necessary words do not occur explicitly in the sentence. 

4.2 The Formation of Links in the Markov Model 

In this section, we will explain the belief networks which have been 

designed in order to add links and states to the Markov chain already in 

our machine, so that the machine can handle the introduction of new words 

into the command input language. W. shall restrict ourselves to the 

introduction of new verbs and new objects. 

4.2.1 The Formation of Links and States for a New Verb 

We now consider the situation previously introduced, of a sentence 

being input with a single word, a verb, which is not recognized by the 

system. The system will first begin to build a new Markov chain for the 

new verb, by adding a link from the initial state of the machine to a 

state which is reached when it encounters the new verb, which we shall 

call verby. Please refer to figure 4.3. The next structures to be added 

are the links to the objects in the system which will be used with this 

new verb. Certainly, one link needs to be added for the object which 

occurs in the input sentence. By definition, this object should be linked 

to the new verb. 

We then hypothesize links to all of the other m-l objects in the 

system. This would produce a large number of possible links, however, and 

would cause the system to grow too quickly, unless we limit the objects to 

ones that will actually be used with the new verb. We will therefore first 

eliminate as many objects as possible by the absence of evidence. We shall 
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Figure 4.3 The New Verb and Hypothesized Objects 
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only consider objects as candidates which occur with verbs that are either 

synonyms or partial synonyms of verby. Each object which occurs with one 

of these synonyms thus becomes a candidate for inclusion with verby, and 

we form a separate hypothesis that the object is linked to verby in the 

Markov chain. The belief network will then process the evidence associated 

with each object to determine whether the hypothesis is true. 

We return to the verb zrfxle, which means to cut with a knife, to 

give motivation for the use of the belief network which we have derived 

and present in this section. In order to make the presentation clearer, we 

shall replace zrfxle with a real verb, carve. 

Assume a system with verbs and objects as shown in figures 4.4a and 

b. Figure 4.5 shows two of the Markov chains present in this system. The 

input sentence is HI want you to carve the bread with a knife." As 

explained in more detail later in this section, there are three evidences 

which we must look at. 1). By checking a thesaurus,.2). comparing the Case 

structure for the verbs listed in figure 4.4 with the Case structure for 

the input sentence, and 3). looking at function subroutines for the ve~bs 



Verbs 

j YJ p(yJ) 
1 add 0.2 

2 subtract 0.18 

3 print 0.09 

4 tell 0.06 

5 teach 0.05 

6 spell 0.05 

7 cut 0.05 

8 put 0.05 

9 look 0.04 

10 give 0.04 

11 throw 0.04 

12 turn O.OJ 
lJ turn on O.OJ 
14 turn off 0.02 

15 translate 0.02 
16 open 0.02 
17 run 0.02 

18 set 0.01 

Figure 4.4a A Verb List 

Assume the following Markov Chains: 

o sandwich 

Objects 

thermostat 
vacuum 
door 
light 
ball 
book 
chair 
computer 
shelf 
knife 
block 
John 
shoe 
words 
numbers 
files 
story 
joke 
paper 
it 
bread 
sandwich 
cards 
apple 

Figure 4.4b An Object List 

8 vacuum 

ball 

e sandwich 

Figure 4.5 Two Markov Chains for the Example System 
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in figure 4.4 that use a knife, we can determine that cut is a synonym for 
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carve. Therefore, all 5 objects associated with cut now are hypothesized 

to be associated with carve. Next, we examine all of the function 

subroutines associated with the objects attached to cut, to see which ones 

use a knife. Those which do are assigned a higher evidence than those 

which do not. In this case, bread, sandwich and apple all require the use 

of a knife, while it and cards do not. A threshold is set which eliminates 

cards and it from consideration. The links are then formed to bread, 

sandwich and apple. The higher evidence and the threshold are determined 

empirically by a trained informant. 

Figure 4.6 is the belief network which is used for combining the 

S1 

[ 
p2 
q2 

o 
Thosaurus Same Caso Structuro 

Figure 4.6 Belief Network for Adding a New Verb 

ObIs uso 
sarno function 

Same Function 

evidences for determining synonyms and objects to be attached to the new 

verb. We remind the reader that belief networks take a probabilistic 

approach to deciding whether or not a hypothesis is true, based on 
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available evidence. Here the hypothesis is whether or not to form a link 

in the Markov chain between a verb and an object. The evidences are 

linguistic in nature and are explained next. An example which shows the 

details of the evidence calculations is at the end of this chapter. 

The three bottom nodes of figure 4.6 represent evidences which are 

used to determine whether the new verb, verby, which we shall now relabel 

as Yo, is a synonym or partial synonym of the other verbs in the system, 

which we shall label, Yl' Yz, ••• Yn. Yo is compared separately using this 

network with each old verb to see if it is a synonym. Only for verbs which 

are synonyms or partial synonyms, is the second part of the diagram able 

to form links, which are generated by the top nodes in the network. Note 

that after the learning process is completed, and the new verb has been 

added to the system, it is again relabeled by the system, which reorders 

all of the verba in order of decreasing probability of use. 

For the first evidence, a general electronic thesaurus which is 

located on the system hard disc is consulted. synonyms for the new verb 

are identified and compared with all old verbs in the system. Since the 

thesaurus lists partial synonyms as well as full synonyms, and there is no 

way to differentiate between them, we can not assign a very high 

probability to the belief diagram link between thesaurus and synonym. 

Instead a moderate probability, p2, as determined by an informant, is 

assigned to the link. 

For the second evidence, the Case structure stored for each old verb 

is compared to the Case structure in the input sentence for the new verb. 

Again, the Case structure is indicated by the presence of prepositions, 

such as "with", or "by", for instrumental, "to" for dative and "on, in, 

under, beside," etc. for locative. Here again a probability, p3, as 

determined empirically by a trained informant is assigned to the link 

between same Case structure and synonym. In general p3 < p2, since many 
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verbs which are not synonyms will have the same Case structure. 

Evidence three is based on the sentence with Yo containing an 

instrumental which refers to an implement which is also being used in the 

function subroutines associated with the last state of the Markov chain 

diagram for the other verbs in the system. For example, "carve the bread 

with a knife," references a knife. Other verbs in the system which use a 

knife in a function subroutine are cut, put, look, give and throw. Only 

cut uses knife as an implement however, since knife is simply an object in 

all of the other Markov chain verbs. 

Stored in the machine are Markov chain diagrams for each verb. The 

diagram for cut has already been presented in figure 4.5. As indicated 

previously, a cutting function is performed by function subroutines called 

from the states associated with bread, sandwich and apple. Therefore, we 

should add an evidence associated with the use of knife as an instrumental 

in the sentence, and as an implement in the function subroutines. In 

general If this match is made, then the new verb and this particular old 

verb are more likely to be synonyms, thus an additional evidence is 

propagated from same function to synonym with a link probability p4, again 

assigned by an informant. 

The three evidences from the lower nodes of the network are then 

combined into a single belief that yO is a synonym to Yj' one of the old 

verbs in the system. If strong enough, i.e. larger than a threshold pS, 

empirically determined, this evidence is then propagated to the next part 

of the network, which determines whether or not to form links on the 

Markov chain to the objects which were previously associated with yj. These 

previous associations are indicated on the diagram by the states, Zjl - yj' 

Zj2 - yj' ••• , Zji - yj. Each state has a probability assigned to it, which 

is the probability computed in previous steps from this same belief 

network, or as initially assigned for verbs which were entered into the 
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system when it was first set up. 

These evidences are propagated on to the hypothesis nodes, but are 

tempered by the strength of the evidence that Yo is a synonym of yj. This 

is represented on the diagram by the min p q probability matrix. Here, in 

a departure from standard belief networks, the strength of the link is 

determined by the minimum of the two probabilities from the states that 

feed the hypothesis node. Refer to figure 4.7. An explanation of how this 

Figure 
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works follows. Essentially, if the probability that Yo and Yj are synonyms 

is larger than about 0.9, the probability that Zji is attached to Yj is fed 

through unchanged to the hypothesis node. If the synonym probability is 

smaller than 0.9, this then lowers the probability that is fed through. 

Even if the probability that the two verbs are synonyms is high, if Zji and 

Yj have a weak link, this weakness is propagated to the hypothesis node. 
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Finally, for those verbs which have already been shown to use the 

instrumental in the input sentence as an implement in a function, some of 

the objects associated with that old verb use the function and some do 

not. For example, for the old verb cut, the objects bread, sandwich and 

apple use the implement knife in a function, while the objects cards and 

it do not. For those objects which use the noun in a function, additional 

evidence is added at the hypothesis node to strengthen the hypothesis that 

that object is linked to the new verb. These objects are, after all, more 

likely to be attached to the new verb than the objects which do not use 

that implement in a function subroutine. 

This same procedure is followed for all of the old verbs in the 

system. Any object that haa evidence larger than a threshold p1, again 

assigned empirically by a trained observer, is assumed to be linked to the 

new verb, while objects with evidence less than p1 are rejected. If the 

same object occurs with more than one of the old verbs, it is linked if 

any of the evidences associated with it are larger than the threshold. 

Procedures for calculating the Markov probabilities associated with each 

of these links, that is the probability that an object will occur in a 

sentence with this verb, are introduced in a later section of this 

dissertation. 

When the object is linked to the new verb, any Case structure 

attached to the object in the old verb Markov chain is automatically 

linked to the new verb Markov chain •. The assumption here is that if the 

two verba are synonyms, then they will have the same Case structure. 

Returning to the three cases introduced at the beginning of this 

section, this procedure solves the problem for case two. If all of the old 

verbs in the system have been compared and no objects have been linked, 

other than the original one which occurred in the input sentence, it means 

that we still have no clues as to the meaning of tha new verb. At this 
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point, the system needs to ask a question, "What is the definition of the 

verb, Yo?" This identifies case three and reduces it to case one. For the 

example of carve, the definition, "carve means to cut with a knife," 

immediately identifies cut as a synonym of carve, and the objects 

belonging to cut which use a knife will automatically be attached to carve 

by the belief network. This amounts to skipping the lower part of the 

network which identifies synonyms, and processing only the upper part, 

which attaches the objects. 

4.2.2 The Formation of Links and States for a New Object 

We now assume that the word which is unknown is an object. It may 

already be in the system, but not in connection with the verb that is in 

the input sentence, or it may not be in the system at all. For the first 

case, a link to the object is simply added to the Markov diagram of the 

verb that it is being used with, which we will call Yk. For the second 

case, we can do the same thing as a beginning step. However, since the 

object is new to the system, it may also be referenced by other verbs in 

the system later, and we should be able to infer its use by at least part 

of the verbs now. 

Refer to figure 4.8 for a belief network which has been created for 

the addition of an object to the system. The lower four states and links 

of the network are similar to the network for adding a new verb. In this 

case, they compare the verb that the new object has appeared with (Yk) to 

all of the other verbs in the system (Yj)' one at a time, for similarities. 

A similarity evidence is computed based on exactly the same criteria as 

used in the new verb belief network, when we were attempting to find 

synonyms. The only difference is that any probability that the two verbs 

are similar is fed through to the rest of the network; there is no 

threshold in this case. 
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The upper node in the network is the hypothesis node, which 

represents the question, is this object attached to Yj? The other piece of 

evidence, besides the similarity evidence, which feeds this node is 

computed as follows: First find out the number of objects which are common 

to the verbs, Yk and Yj. Next, divide this number by either the total 

number of objects associated with Yk or the total number of objects 

associated with YJ' whichever is larger. This number then is between a and 

1, and represents an additional evidence that the object should be linked 

to Yj. These two evidences are combined and if above a certain threshold, 

p6, chosen empirically by an informant, the link is formed. This procedure 

is then repeated for the rest of the verbs in the system. The calculations 

can certainly be done in a time sharing mode as the system continues to 

communicate with and perform tasks for the human user. 
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As an example, consider the sentence, "Put the rock on the table." 

Rock is immediately added to the verb put. Suppose that the first other 

verb to evaluate is cut. As indicated in figure 4.5, cut has five objects 

associated with it, four of which are also attached to put. Suppose put 

has twelve objects altogether. The evidence to be used in this situation 

is 4/12 or 0.333, a fairly small number indicating a low probability that 

the rock can be cut. On the other hand, a verb such as place has a large 

proportion of its objects in common with put, and thus generates a larger 

evidence that rock should also be linked to place. Here, the Case 

structure already assigned to the verb is simply used for the new object 

also. 

4.3 Probability Assignments in the Markov Model 

We shall now consider the assignment of probabilities to the links 

of the new verbs or objects added to the overall Markov chain diagram for 

the system. Please refer to figure 4.9. Consider a Markov chain with n 

verbs Yl' Y2' ••• , Yn. Each verb YJ has mj objects associated with it, and 

probabilities, all known, as indicated in the figure. Some of the objects, 

Zji' associated with one verb are also associated with one or more other 

verbs in the system. We now need to consider the two cases, first the 

calculation of the probabilities for adding a new verb, and then the 

calculations for adding objects to the new verb or for adding a new object 

to the system. 

4.3.1 Probability Calculations for Adding a New Verb 

Now, assume a new verb, Yo, has been introduced into the system, 

following the use of the belief network from subsection 4.2.1, with 

objects zOl' z02' •••• We need to assign the probabilities p(yo), p(zollyo), 

p(Zo2Iyo), ••• whose links have been formed by the belief network. 
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Figure 4.9 Markov Chain Diagram of a System 

A subset of the n verbs are synonyms of Yo' We assume r, r ~ 1, 

synonyms, and renumber the verbs Yl' yz, .•. ,Yr' each with evidence el' ez, 

.•• ,er , where ej represents the evidence from the belief network that Yj 

is a synonym of Yo, which evidence has been stored in the main memory of 

the machine for future use. We shall then calculate p(Yo) as the weighted 

average of P(Yl)' p(yz), •.• P(Yr)' thus: 

p(Yo) = e1P(Yl) +e2P(Y2) + ••• +ekP(Yr ) 
e1 +ez+ .•• +er 

where p(Yo) is already normalized. After the probability p(Yo) is 

calculated, Yo is inserted into the verb list at the proper place, and thus 

renumbered such that the probabilities are again arranged according to 

magnitude. 
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4.3.2 Probability Calculations for Adding New Objects 

We shall first consider the case of the set of objects associated 

with a new verb Yo, which using the belief network for adding a new verb, 

has also added objects zOl' z02' ••.. Each object zOl' z02, ••• also occurs 

with one or more of the old synonym verbs in the overall Markov chain. The 

probabilities p(zollyo), p(Z02Iyo), ••• can also be computed as weighted 

averages of the conditional probabilities associated with the occurrence 

of each object of Yo, with the synonyms Y1, Y2, ••• Yr' As few as zero or 

as many as mo of the objects of Yo may occur with each of the synonym verbs 

Y1, Y2' ••• , Yr' In order to simplify the notation, we reorder the objects 

associated with each verb. Please see figure 4.10. If object zOl occurs 

k lynonyr:'11 

~lkl 

r-------~,~ ,~ lkm~ 
~ :- plaoma obJecllJ • 0 

~lkm~.n 

In2 

Figure 4.10 Reordered Markov Chain Diagram of a System 

with any verb, we label it zsl' where the verb referred to is verb Ys' If 

the object zOl does not occur with a verb Ys' we set the corresponding 
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probability p(Zsllys) = 0, and extend the number of objects by one to ms + 

1. We repeat for all other objects associated with Yo. Under these 

conditions, 

etc 

where the e's here represent the evidence gathered from the belief network 

and stored in memory that object Zji is attached to verb yj. Also if a 

particular probability p( Zjd Yj) = 0, then the corresponding eji = o. 

Simplifying, 

for i = 1,2,3, ••• ,mo 

Once all of the q's have been calculated, they should be normalized; 

therefore the sum 

where 

mo 
:E P (zoilyo) =1 
~=1 
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After the calculations are made, the objects whose probabilities 

equal zero are eliminated, thus returning to the original representation, 

which has been renumbered. At this point, the verb list and all associated 

object lists are permanently rearranged in order of decreasing 

probabilities. 

Finally, we address the case of a new object being introduced to the 

system, rather than a new verb with assigned objects. The above method can 

not be used for calculating Markov chain probabilities, since initially, 

we have no idea about its use statistics, since the object either has riot 

been in the system before, or at least not attached to this particular 

verb. In this case, the recommended approach is to assign a random value 

between 0 and the highest object probability for the particular verb that 

it is attached to. 

4.3.3 Other Approaches to probability Assignments 

While the probability assignments for this dissertation have been 

made using weighted averages or smoothing, there are other techniques 

which have been used for similar tasks by other authors. We do a brief 

review and comparison at this time. 

By far, the most prevalent approach to assigning probability values 

is to look at statistics from a corpora. Of the papers in a recent 

conference on probabilistic approaches to NLP, more than one third of them 

assigned values in this manner [41,42). This amounts to counting the 

number of times a particular entity occurs, dividing the total number of 

trials, and setting that number equal to the probability. 

Another approach is to use a trained informant, who guesses at the 

values to use as the probability measures [28). A third approach uses a 

method similar to neural network back propagation to calculate the 
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probability numbers. The authors describe a belief network which consists 

of ordinary states and hidden states. An error expression is computed for 

the ordinary states which takes the difference between the SEL(A), that is 

the probability that A has some value a, for a node and T, the probability 

entered by an informant. They then calculate the partial derivatives of 
, 

t~e error expression with respect to the probabilities, and perform 

gradient descent. For the hidden states they estimate the partial 

derivatives and perform a recursive update procedure to calculate the 

final values [431. 

Several authors use the Viterbi, or Saum-Welch (Inside-Outside) 

algorithms to assign probabilities (29,441. These algorithms essentially 

simulate the computation of all possible probability numbers and choose 

the minimum probability by a least distance approach. They calculate all 

numbers at each node, but only save the n lowest weight numbers, before 

going on to the next node. This method avoids the exhaustive calculations 

of all of the numbers. 

Finally, some authors used the same approach as we do, the weighted 

average or smoothing technique [44,45,461. None of the other techniques 

seems reasonable for the task at hand. We can not use the statistical 

approach because we want our network to learn quickly; we do not want to 

search a corpora for statistics each time a new word is introduced. We 

also do not want to have to consult an informant every time the machine 

needs to learn something new. Finally, the Saum-Welch algorithm simply was 

designed for a different type of probability calculation, unrelated to the 

problem we are faced with here. The weighted average approach thus appears 

best suited for this task. 

It should be emphasized that these probabilities are assigned 

initially, but they could be modifying as the system ages. The machine can 

certainly keep track of user statistics as it progresses, and modify the 
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machine probabilities periodically so that it matches the user 

preferences. If over the long term the user prefers to use the verb "move" 

for example, over the other verbs, it should be assigned a higher 

probability than the other verbs based on its frequency of use. It is 

conceivable also, that separate probabilities could be used for different 

users, although it is probably more practical to simply make the time 

period that the probabilities are calculated over be long, such that an 

individual user could not unduly influence the system. 

4.4 Sample Calculations 

Finally, to end this section, we present a numerical example to 

illustrate the use of the belief network for learning. Consider the 

example we have carried throughout this section; one verb already in the 

system is cut; attached to it are objects: bread, apple, sandwich, cards 

and it. Bread, apple and sandwich have function subroutines which use as 

an implement a knife. The Case structure for cut is: instrumental -

optional, locative - not allowed, dative - not allowed. We assume that the 

thesaurus does not contain an entry which indicates that cut and carve are 

synonyms. The following sentence is then input to the machine: "Carve the 

bread with the knife." 

The sentence is first analyzed by the Markov chain parser. The verb 

is searched for and not found. The machine goes into an error mode and 

analyzes the sentence. First it looks for objects that are already in the 

system. Bread is found as an object, as is knife. Next it searches for 

prepositions which indicate Case structure. With is found, which indicates 

instrumental case, and knife is then identified as the noun connected to 

the instrumental. Bread is assumed to be the object. The determiners are 

eliminated. The only word left is carve, which is then assumed to be the 

verb. The system then invokes the belief diagram of figure 4.6. 
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Please refer to Chapter Two and to Pearl [37] with reference to the 

following calculations. Note also that evidence propagation is in the 

upward or lambda direction only. For our use at this time, the belief 

network has no loops, and evidences are introduced simultaneously at the 

lower nodes of the network and propagate up only. Everything is self 

consistent at the end of the first pass, and additional evidences are not 

introduced later to this same network. 

For this example, we assume that there is no information in the 

thesaurus about cut and carve being synonyms; therefore, the evidence at 

that node is 0.5, that is, there ia as much chance of carve being a 

synonym as there is that it is not a synonym. We also assume that the 

parser has concluded that the same Case structure evidence and same 

function evidence are satisfied, hence the probabilities assigned to these 

evidences are equal to one. We have assumed nominal values for the various 

thresholds and probabilities p1 through pS as shown in figure 4.11, which 

also presents the initial evidence values assigned to the network, and the 

other link probabilities beside p2, p3, and p4. These are assignments by 

the author, that appear to be reasonable values. Figures 4.12 through 4.15 

show the propagation of the evidences through the network, and are 

explained in the following paragraphs. 

Figure 4.12 shows the state of the network after the initial 

evidences at the bottom nodes of the network have propagated up to the 

synonym node. The lambdas are simply multiplied together as explained in 

Chapter Two. The belief at this node is calculated to be 0.7, which is 

larger than the threshold pS, which had been assigned a value of 0.67. 

Therefore, the two verbs cut and carve are assumed to be synonyms, and 

additional evidence is allowed to propagate up the network. 

Figure 4.13 shows the next step. The evidences which linked the 

objects of cut, to cut are allowed to enter the system now, and combine 
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Figure 4.13 Belief Network Showing Intermediate Values of BEL(X) 

with the eviqence that cut is a synonym of carve. The lambdas again are 

Simply multiplied together, and again a belief is calculated at these 

intermediate nodes 2, 3 ,4 and 5. The belief is 0.95 for all of these 

nodes, a reasonably high value. Note also here that the link probabilities 

for propagation to the final nodes of the diagram are now calculated. 

Referring to figure 4.7, it can be seen that the link probabilities are 

all equal to 0.7, which is low, because of the low probability that cut 

and carve are synonyms. 

Figure 4.14 now shows the propagation of the evidences to the top 

nodes; here again, the lambdas from the lower nodes are multiplied 

together, and a belief is computed for each hypothesis node by normalizing 

the lambdas. Also at this point, the evidence from the node labeled apple, 

sandwich use knife is introduced. Note that the belief that sandwich and 
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apple are attached to carve is 0.95, while the belief that it and cards 

are attached is only 0.68. Since the threshold, p5 has been chosen to be 

0.8, the hypothesis is confirmed for the nodes representing apple and 

sandwich, but not confirmed for the other two nodes. 

Figure 4.15 shows the final state of the network, with all of the 

belief. shown explicitly. If additional evidence were introduced now, it 

would again simply propagate up the network, changing the belief values to 

their new updated values. The final state of the network, then indicates 

that sandwich, bread and apple receive object links to carve, while cards 

and it do not. 

The Markov chain probabilities are easily calculated in this case, 

since there is only one synonym. The probability of carve being the verb 

would be identical to the probability of cut. In the formula, since r = 1, 
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P(Yo) ~ P(Yl)' The probabilities of objects apple, sandwich and bread would 

have the same values as they did as objects of cut, but they would be 

normalized, such that their sum was one, that is 

p(zOll 0)= p(zll 1) 
y p(z11 yl) +p(z12 y2) +p(z13 y3) 

and so forth, again with r a 1, and i ~ 1, 2, 3 in the formulas. The verb 

list and associated object list are now reordered in order of decreasing 

probabilities. 

The machine we have introduced in this chapter has all of the 

capabilities of the simple parser introduced in Chapter Three, but it also 

can learn new verbs and objects. We could apply this learning capability 

to the more complicated machine from the second part of Chapter Three, but 

that is beyond the scope of this dissertation. 
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We have now finished the theoretical design and analysis portion of 

this work. What remains is to present the results of the prototype design 

and testing, and to compare this new probabilistic method with the other 

natural language processing techniques. We present this information in the 

next chapter. 
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5. EXPERIMENTAL RESULTS AND COMPARISON WITH OTHER METHODS 

Experimental results based on the construction of two prototypes and 

comparisons between the information theoretic method of this work and 

other more standard natural language processing techniques are made in 

this chapter. Section 5.1 on experimental results presents an early 

prototype in subsection 5.1.1, and a more advanced prototype in subsection 

5.1.2. Section 5.2 contains comparisons with linguistic methods of NLP in 

subsection 5.2.1, and with other probabilistic methods in subsection 

5.2.2. 

Subsection 5.1.1 represents original work completed by the author. 

5.1.2 represents work done by a senior student in the Electrical and 

computer Engineering Department, Stephen Davies, working under the 

direction of Michael M. Marefat and the authox'. Other than the work by 

Stephen Davies, the work in this chapter is original with this author. 

5.1 Prototype Development and Experimental Results 

In this section, we present the description and some results from 

the construction and testing of two prototypes. The first was built and 

programmed early in the design process, and simulates the basic 

information theoretic method as described in Chapter Three of this work. 

The second prototype, constructed near the end of the research phase of 

this dissertation, is more efficient in the approach, and also simulates 

part of the learning process from Chapter Four. Neither of these 

prototypes uses the more advanced material on grammar from Chapter Three; 

this material is intended to be used at some point in the future, for a 

machine that goes beyond the present state of the task oriented 

intelligent robot. 
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5.1.1 An Early Prototype Utilizing REX 

A limited prototype system to illustrate the utility of this 

approach has been developed in AREX, an Amiga version of the IBM language 

REX, on an Amiga 3000 computer. AREX has been optimized to do sentence 

parsing in the traditional way, that is separating the words of the 

sentence into a variable, one word at a time. AREX also has the capability 

of adding to its own program as the program is being executed, which is 

very useful for studying learning processes. 

The prototype program recognizes the following verbs: 

STOP - end the program 

SAY - speak the words that follow or say a random sentence 

ADD - add the string of numbers in the sentence 

SUBTRACT - subtract the two numbers given in the right order 

PRINT - print the files listed, on the printer 

TELL - tell a story, a joke, or give facts about a particular 

subject 

TEACH - tell facts about a particular subject 

SPELL - spell a word 

In addition the computer recognizes a few commands. 

GOODBYE, BYE - go into standby mode 

COMPUTER - come out of standby mode 

For example, asking the following questions would give the following 

responses: 

I WANT YOU TO PLEASE ADD THE NUMBERS 5, 7, AND 10. 

"The answer is 22." 

ADD 3, 6, AND 9. 

"The answer is 18." 

PLEASE ADD 2, 3, 7, 4, 5. 
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"The answer is 21." 

In this case the computer identifies ADD, then looks for objects whose 

state or quality is number, and adds however many there are following ADD. 

It ignores, much like a human would, any other words in the sentence. 

"Subtract the number 7 from 9," and "I want you to please subtract 

9 - 7" both produce the response, "The answer is 2." 

"Print the following files, filel, ••• , fileN," causes the named 

files to be printed on the printer. "Print filel, ••• fileN" works the 

same way. 

"Tell me about George Washington" causes the computer to go to a 

data file and output a short story about the first president of the United 

States. "Teach me about ••• " behaves the same as "Tell." 

"Spell the following words, wordl, word2, ••• , wordN" causes the 

computer to spell the required words. Currently the system has a voice 

module and all output is by the spoken word. Eventually, voice recognition 

can be added, with usefulness for such tasks as "spell occurrence." 

Figure 5.1 shows the modified Markov chain diagrams of the verbs 

ADD, SUBTRACT, SPELL and SAY as developed in this prototype system. They 

have been modified for compactness of representation by combining states 

and routing the final state back to the initial state. consider the 

diagram for ADD. In state 1 the machine looks for the verb. The verb "add" 

causes the machine to go to state 2. The objects here are the numbers to 

be added, or the actual word "number" followed by a list of numbers. 

Therefore in state 2, if the object "number" is found, the machine remains 

in state 2 and goes on to the next information bearing word. The main 

action performed in state 2 is to look for numbers and add them in a 

buffer. In the current implementation of "add," the subject is always 

assumed to be the machine, so a subject is not searched for. After the 

numbers are all found the machine searches for a period, indicating the 
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end of the sentence. Subsequently, the machine announces the answer in the 

buffer and returns to state 1 to await the next sentence. 

Let us consider the different previous examples for ADD and see what 

the machine does for each one. "I want you to please add the numbers 5, 7 

and 10." The machine starts in state 1, searching for the verb. Each word 

in the sentence is compared sequentially to a list of verbs stored in the 

data base. "Add" is the first (and only) match to the machine's list of 

verbs. The machine goes on to state 2 and continues parsing the sentence, 

starting with the word after "add", which is "the." It is now trying to 

match words in its object list, words with a specific classification of 

noun-number. "The" and "number" do not match the list so they are ignored. 

When parsing "5", the machine finds it in the object list, with a 

classification of noun-number. The machine then adds the value of the word 
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5, which is five, to a buffer which had been previously initialized to O. 

"And" again has no match, so it is ignored, but 7 and 10' as numbers are 

added to the buffer. At the end of the sentence when the period is 

encountered, the machine goes to state 3 and the sum 22 is announced. 

"Add 3, 6, and 9," and "Please add 2,3,7,4,5" are treated in exactly 

the same way. The information containing words are add,3,6,9 and 

add,2,3,7,4,5. All other words are ignored. 

SUBTRACT, SPELL, and SAY work in a similar manner, but are a little 

more complex. SUBTRACT must allow for "subtract 3 from 5" or "Subtract 6 

minus 2." SPELL must allow for "Spell word" or "Spell the" or "Spell the 

word automobile", or "Spell Auto." SAY allows for "Say something" or "Say 

anything" as well as "Say hello." "Say something" causes a predetermined 

phrase to be spoken. 

It would be trivial to add other functions similar to those 

mentioned above, such as: 

multiply, divide, average, combine, count, square, type, increase, 

substitute, look (add a camera), and touch, rotate, grasp, move ( add a 

robot arm) and many others. These will require no new concepts to be 

developed for the prototype. 

5.1.2 A More Complex Learning Prototype Utilizing C. 

A more complex prototype, written in C, and incorporating a portion 

of the belief network learning mechanism, has been programmed as a senior 

project by a student, Stephen Davies. An explanation of the program, and 

experimental results, follows. Detailed program listings are available 

from the author, and will eventually be published by Mr. Davies as a 

senior project report. 

This program has been written to simulate the operation of an 

intelligent task oriented machine, or robot. None of the hardware usually 
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associated with such a machine (sensors, motion control, end effectors, 

etc.) has been implemented, only the software. The program is structured 

in the fashion outlined below. 

After the sentence or command has been input, the system: 

1) Strips punctuation from the sentence by comparing each 

character in the sentence with a list of punctuation characters, and 

eliminating each character that appears on the list. 

2) Breaks the input line into words, by searching for blanks to 

find out where the words begin and end, and then fills an array, one word 

per element. 

3) Marks the verbs, utilizing a hash table, which is a table of 

verbs that the system recognizes, ordered alphabetically. Each word in the 

sentence is analyzed letter by letter, until either a match is found or 

the last letter of the word is encountered with no match. The table is 

entered by taking the ASCII coded numerical value of the letter, and using 

that to jump to the correct position, thus decreasing the processing time. 

4) Marke the objects, utilizing a similar hash table containing 

the objects. 

5) Marks the prepositions, utilizing a similar hash table 

containing the prepositions. 

6) Marke the determiners, again utilizing a hash table containing 

the determiners. 

The program then searches through a structure, called the TASK 

structure, to match the verb in the sentence with the known verbs in the 

system. If a match is found, the system searches through a list of objects 

associated with the input verb, and matches the object with the object in 

the sentence and finally it searches through a list of prepositions 

associated with the verb. The subject is assumed to be the machine itself. 

Figure 5.2 is a diagram of the task structure. Associated with each 
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Next .... 

verb and object are one or two probabilities, and a few attributes. The 

probabilities refer to the Markov chain and belief network probabilities 

associated with the verb and the object respectively as explained in 

Chapter Four, the probability that the verb is likely to be found in a 

sentence, and the probability that the object is linked to the verb. The 

verb probability can be updated depending upon its usage statistics. 

After these sentence elements have been located, the program calls 

an execute task subroutine, which simulates the execution of a robot task 

by printing out the primitive subtasks which when executed in sequence 

would perform the actual robot task. Figure 5.3 contains a listing of the 

present verbs and objects which the machine can recognize. Note the list 

of attributes associated with each verb or object in the system. Referring 

to the figure, the letters in the second column are defined as follows: L 

- locative, D - dative, I - instrumental, A - arm related, C - camera 

related, T - text, M - math, V - voice, X - ignore, r - required, 0 -

optional, and n - not allowed. 

If all of the words in the sentence but one have been marked, and 



table 
floor 
book 
bo I iefs 
man 
woman 
person 
thermostat 
vacul.ll1 
door 
light 
ball 
chair 
cOlI'IQuter 
shelf 
kni fe 
saw 
block 
John 
shoe 
words 
m.mbers 
fIles 
story 
joke 
paper 
it 
bread 
sandwich 
cards 
apple 
one 
two 
three 
four 
five 
six 
seven 
eight 
nine 
ten 
eleven 
twelve 
thirteen 
fourteen 
fifteen 
sixteen 
seventeen 
eIghteen 
nineteen 
twenty 
thirty 
fourty 
fIfty 
s lXt y 
seventy 
eIghty 
nInety 
hundred 
thousand 

L 
L 
L 
T 
o o o 
L 
L 
L 
L 
LI 
L o 
L 
I 
I 
LI o 
LI 
TV 
H 
LT 
TV 
TV 
LIT 
LIOTHV 
LI 
LI 
LI 
LI 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 
H 

put 
set 
get 
place 
1 ift 
spin 
turn 
stop 
~alt 
quit 
exi~ 
divIde 
add 
subtract 
mInus 
addition 
+ 
mult ip Iy 
times 
look 
show 
throw 
open 
run 
give 
write 
te II 
speak 
say 
translate 
teach 
spe II 
cut 
print 

rL 
rL 
rL 
rL 
rLoI 
rL 
rL 
rO 
rO 
rO 
rO 
rO 
rH 
rH 
rH 
rH 
rH 
rH 
rM 
rM 
rL 
rL 
rL 
rL 
rL 
rO 
rT 
rV 
rY 
rY 
rY 
rV 
rY 
rI 
rT 
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ArmIn t,grasp,lift,move,release 
ArmIn t,grasp,lift,move,release 
ArmIn t,grasp,lift,move,release 
ArmIn t,grasp,lift,move,release 
ArmIn t,grasp,lift 
ArmIn t,grasp,lift,turn 
ArmIn t,grasp,lift,turn 
exi t 
exit 
exit 
exl t 
exi~ 
divIde 
add 
sub 
sub 
add 
add 
fruit 
mutt 
Camlnit ,move, focus 
Camlnlt,move,search, focus 
Armlnit,grasp,lift,throw 
ArmIni~,grasg,lift,release 
L89sInl t,sprlnt.stop 
A~lnit,grasp,llft,move,release 
prInt 
SpkrIntt,spoak 
Spkrlnit,speak 
SpkrInit,speak 
SpkrInit,speak 
SpkrInit,speak 
SpkrInit,speak 
ArmInit,clamp,cut,release 
print 

to rD 
from rO 
on rL 
onto rA 
under rL 
over rL 
beneath rL 
with r I 
us Ing rI 
by rI 
between rL 
in rL 
bes ide rL 
the rX 
a rX 
this rX 
that rX 
some rX 
many rX 
one rX 
red rX 
blue rX 
and rX 
howevor rX 
a I though rX 
green rX 
yellow rX 
purple rX 
orange rX 
silver rX 
black rX 
whIte rX 

Figure 5.3 List of Words for the Learning Parser 
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none are recognized as verbs, the system enters a learning mode. Under 

these conditions it follows a simplified version of the belief network 

introduced in Chapter Four, to build a Markov chain network for the new 

verb. It checks for synonyms, by looking at a specially constructed on

line thesaurus, containing only a few sample entries, and assumes a 

probability of 0.9, if there is a match. 

It then checks Case structure and similar function evidences by 

comparing the case and other attributes such as C, V, etc. as defined 

above, of the input verb to the case and attributes of the stored verbs. 

It calculates a probability of the two verbs being synonyms using the 

percentage of matching attributes. If either this or the thesaurus 

probability is larger than 0.9, it assumes that the two verbs are 

synonyms. It adds objects to the new verb, by attaching old objects with 

the same attributes as the new verb. The next time this new verb is used 

in a sentence, it is then treated as an old verb, that is the system does 

not enter the learning mode, but executes the new verb as if it were an 

old verb. 

Figures 5.4 through 5.6 illustrate the machine output after each of 

a few command inputs. Figure 5.4 illustrates what occurs for inputs using 

the verbs, add, open, look and tell. Figure 5.5 shows what happens when a 

new verb, in this case, carve is input to the system. The command is 

"carve the bread with the knife." Note that the system goes into the 

learning mode, recognizes carve as a synonym of cut, and adds carve to the 

list of verbs with objects bread, apple, etc. If the command is then 

repeated, no learning mode is necessary, the verb is already in the 

system, and the bread is carved. Note that if additional sentences using 

other objects such as shoe or apple are input, the machine executes those 

cutting tasks without additional learning. 

Figure 5.6 shows an additional example, using the verb look, which 



VER8--:add EFFECTIVE VERB-->add 

for C~ject5[ none] 
E':: eC:LI t[? 'r cOI':;k pro OCI?!SS i ng add 

Please enter another command: open the door 

VERB-->open EFFECTIVE VERB-->ArmInit,grasp,lift,release 

for objects[ door] 
e::ec:lolt(~Tr.:I!:;k processi ng ArmIni t 
e~ecut8T~5k processing grasp 
e:: eC:LI tp.T.,,!:.k pn:Jce'5si ng Ii f t 
~xecuteTa5k processing release 

Please enter another command: look at the ball 

VERB-->look EFFECTIVE VERB-->CamInit,move,focus 

for objects[ ball ] 
executeTamk processing CamInit 
(?:: (~cl.lteTa~;k proce~;5i ng move 
~~:: I?C:LI tl? T,:I!!; I:: pr'ocessi ng f OCLIS 

Please enter another command: tell me a ~;tory 

VERB-->tell EFFECTIVE VERB--}Spkrlnit,speak 

for objects[ story] 
executeTask processing SpkrInit 
executeTask processing speak 

Figure 5.4 Example Output for the Learning Parser 
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PJ.t;.'a'.:;!? en\:£"r another command: carve the br"ead with the krll fi2 

..• Searching for new verb 
5 of 6 input words are known 
r-'I·'clb i,\b 1 f~ i npLtt verb "carve" 
Thes prob - CO.50~ 0.50] 
Cas~ prq~ = CO.50~ 0.50] 
Fl.lnc: pr'cJb = [U.90~ 0.10] ver"b: carve synonym: C:Li!: 
The overall normali=ed probability: 0.900, 0.100 
inserted c:arve into VTable 

Please en\:er another command: carve the bread with the kniFe 

VERB--)carve EFFECTIVE VERB-->Armlnit,clamp,cut,release 

fer objectsC bread knife] 
e:: eC:Lttf?Task processi ng ArmIni t 
eN£~CLtteT'lsl: processing cl c:\mp 
I~\:: eC:LtteT,:\sk processi ng cut 
eNecuteTask processing release 

Please enter another command: carve the shoe with the knife 

VER8-->carve EFFECTIVE VERB-->Armlnit,clamp,cut~release 

f 01'" i:Jb j £~c: t:~; [ shoe knife] 
I;):: E~r.:Lt te f,:I!:i k prcJI:I?s':; i ng Arm! nit 
eNecuteTask processing clamp 
e:: ecuteT asl:: processi ng cut 
f?:: eCLlt8Task processi ng reI ease 

Please enter another command: carve the apple with the ~nl~e 

\/ERB'--:>C:'lr"VI? EFFECTIVE VERB-->{.'rm Ini t ~ cl .. ,mp, CLlt ~ r"el e.:lS£? 

for objectsC apple knife] 
executeTask processing Armlnit 
e::F.)cuteT,:\s/.:: procl?s '5i ng ci amp 
e:: l?CI.l t €!T .1S k prclcHssi n 9 Cll t 
I?:: r.-!CI.t t E' r,:I '5 I:: pr'ocess i ng reI ease 

Figure 5.5 Example Output for the Learning Parser for the Verb Carve 



Pl~aG~ enter a command: look at the apple with the camera 

VER8--: loo~ EFFECTIVE VERB-->Camlnit,move,focLts 

for objecl:s[ camera] 
e:: (~'C:lt t (~T,:\sk procl?ssi ng Cam I nit 
(~)a"Ct.t tE~T d~;k proc(~ssi ng move 
e:: ec: LI t h~ T",sk prL1t:I?SS i ng f OCll S 
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PI (~dSe r~r1I:""t- another command: 
••• ::;€~r.:w(:tl.i n9 fCJr new verb 

see the apple with the camera 

5 CJf 6 input words are known 
P"'"(:Jb ab 1 ei nplt t VI?r b "sel?" 
Thes prab - [0.50, 0.50] 
Case ~rob = [u.50~ 0.50] 
FLlnc prub = [0.70, 0.30] verb: see 
The over~11 normalized probability: 0.700, 

synonym: look 
(1.300 

Figure 5.6 Example Output for the Learning Parser for the Verb See 

is already in the system. The sentence, look at the apple with the camera 

causes the camera to be initialized, moved to look at the apple and 

focused. The sentence, see the apple with the camera, causes the verb see 

to be recognized as a synonym of look as shown. 

The senior project here programmed showed that the method works, and 
..... -.... 

has great potential for further use in the future. Although time 

limitations precluded furt~er" development for now, "this initial work 

certainly has provided proof of principle for tqe information theoretic 

machine and the learning ~achine described in Chapters Three and Four. 

5.2 Comparison With other Methods 

We shall now briefly compare the information theoretic method of 

this work with both linguistic methods and other probabilistic methods 

which have been reported in the literature. It should be mentioned that 

some of the results in the area of natural language processing represent 

proprietary information, and written information is not readily available. 
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5.2.1 Comparison with Linguistic Approaches 

Chapter Two of this work contains a description of the syntactic, 

semantic, and pragmatic methods of natural language processing, and in 

addition information concerning probabilistic approaches to NLP. This 

section outlines some of the advantages and disadvantages of these methods 

as compared to the probabilistic approach of this dissertation. 

Figure 5.7 contains a table with a list of natural language methods 

as column headings and a list of advantages as row headings. A number 

... lIy und.r.tood 

Ignor •• 
r.dundant worda 

ungr.mm.tlc.1 
•• nt.no •• 

, .. t proc ... lng 

non •• qu.ntl.1 

Int.grabl. with 
c •••• conc.ptu.1 
d.p.nd.ncy •• tc 

I •• rnlng 

w." d.v.lop.d 

In'orm.tlon p.tt.rn gr.mm.r tr.n.ltlon oonc.ptu.1 •• m.ntlc prob.blll.tlc 
th.or.tlc matching rul.. n.twork 0... d.p.nd.noy n.twork per.lng 

5 5 1 2 1 1 1 1 

5 4 0 0 0 0 0 0 

5 3 0 0 0 0 0 0 

5 4 2 2 2 2 2 2 

5 0 0 0 0 0 0 0 

5 0 5 0 5 5 5 5 

5 0 0 0 0 0 0 0 

1 3 5 5 5 5 5 1 

Figure 5.7 The Advantages of Various NLP Methods 

between a and 5 in the matrix indicates the relative advantage that the 

specified method has, where 0 indicates no advantage at all and 5 is best. 

These ratings are based on quantitative comparisons where possible, but 

many of the actual numbers used are based on the subjective judgement of 

the author. 
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As mentioned in Chapter Two, Pattern Matching, Grammar Rules and 

Transition Networks are syntactic methods; Case, Conceptual Dependency, 

and Semantic Networks are semantic methods. Information Retrieval and 

Probabilistic Parsing are probabilistic methods. The ratings for 

Information Retrieval are the same as for Pattern Matching, and hence are 

included in that column; Probabilistic Parsing ratings are given in the 

last column of the table. combination approaches and Unification Grammar, 

are not given, but the ratings for these methods are similar to the other 

linguistics methods in the table. Explanation for the qualities shown in 

the table and the ratings, are given in the following paragraphs. 

As mentioned in the introduction to this dissertation, this 

information theoretic approach has strong ties to the keyword matching 

technique of natural language processing. As such it shares some of the 

advantages of that method; it is a simple concept which is intuitively 

easy to understand. I have given it a rating of five in this category, 

which is the first in the table, since the basic processing is simply, 

look for the verb, look for the object, and assume the machine is the 

subject. 

Grammar Rules, Case, Conceptual Dependency, Semantic Networks, and 

probabilistic parsing each earn a rating of 1. They consist of cryptic 

formulas, combined in a fashion which appears complex to the average 

person. Transition Networks gets a 2, because the proceSSing of the 

formulas is easier to understand than for the other methods. To be fair, 

Case, conceptual Dependency, and Semantic Networks have traditionally been 

applied to the Grammar Rule approach, but could easily be applied to our 

method as well, so their ratings could go up. 

The information theoretic approach processes the important elements 

of the sentence, which elements are the information bearing words. It 

ignores all of the other elements of the sentence, which contain no 



111 

information, hence it receives a rating of 5 on the advantage of ignoring 

redundant words. Pattern Matching gets a 4, since it also ignores some 

redundant words, but can not handle all of the possible patterns of words 

which might be in a sentence, only those whose patterns which are stored 

in the parser. All of the other methods must process all of the words in 

the sentence, hence they receive a 0 in this category. 

Since it is not tied specifically to the grammar, the method of this 

dissertation can analyze ungrammatical sentences as easily as grammatical 

ones, provided that the sentence contains enough structure, so that 

understanding is possible. For example, consider the following sentence, 

"I like you print file called 'directory'." From an information point of 

view, the key words are print directory. All of the other words can be 

ignored; they contain no information. The grammar is almost not important. 

Pattern Matching can handle ungrammatical sentences, in the sense 

that the ignored words can be anything, thus they may make the sentence 

ungrammatical; however, the patterns stored in the machine are based on 

the rules of grammar, thus the set of ungrammatical sentences that pattern 

matching can handle is limited, so it receives a 3. None of the other 

methods can successfully handle ungrammatical sentences, hence they all 

receive zeroes in this category. 

If discourse or sentence analysis is done based on information 

content, the analysis can be done more quickly, because only 'words with 

high information content are analyzed; in fact the highest information 

containing words are analyzed first, followed by words with lower 

information content. Words with low or zero information content are 

ignored. This provides a sizable benefit, since English sentences contain 

at least one third redundant words. This approach concentrates on what is 

really important in a conversation, the flow of information from one 

entity to another. Unless one of the entities is an English teacher, being 
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grammatical is not important, so that techniques which use grammar as a 

basis are less efficient, and also less robust. 

Again, the information theoretic method receives a 5 in this 

category, since theoretically, it should analyze sentences faster than any 

other method. As shown by the scale example in Chapter Two, considering 

information and entropy allows an analysis to be performed with the fewest 

number of measurements in every case. The other methods are less 

efficient, but the author does not have access to exact numbers to compare 

the processing speeds of all of the other methods with this one. However, 

in Appendix A, we do a performance analysis for the information theoretic 

method versus the Augmented Transition Network method. 

This analysis demonstrates that the information theoretic method is 

faster, and perhaps up to an order of magnitude faster than the ATN 

method, and by analogy faster than the other methods reviewed in this 

section. Therefore, we give the other methods a subjective rating of 2, 

and do not try to distinguish between their relative speeds. Pattern 

Matching receives a somewhat higher rating of 4, since there is no 

backtracking involved, only matching with preformed patterns, but again 

this rating is subjective. 

The nonsequential word order aspect of this technique allows a more 

flexible approach to sentence analysis. Other techniques are tied to 

sequential word order input. They live or die based on word order. Perhaps 

even for other methods of discourse analysis, the approach of storing all 

of the words in the sentence, and then going back to analyze them in 

whatever order in convenient, would be a more efficient approach. It would 

seem that this could avoid at least some backtracking, which is inherent 

in other methods. At any rate, all of the other methods receive a 0 in 

this category, since they are all sequential methods • 
• 

This information theoretic approach in entirely integrable with much 
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of the previous work which has been done in 'natural language processing. 

Thus as we have shown in previous chapters, work in Case and inference, 

are almost directly applicable to this method. Similarly, Conceptual 

Dependency and Semantic Networks can certainly be applied to our method as 

well, they do not have to be applied only to grammar rules. Similarly, any 

of the general work that has been done in focus, pronoun resolution, or 

ambiguity can be applied to any method, including the one discussed in 

this dissertation. 

Case, Conceptual Dependency, and Semantic Networks have not been 

applied to either pattern matching or Transition Networks, hence, these 

two categories receive a zero on these points, while the others all have 

fives, since they have been applied. 

Finally, but maybe most importantly, this information theoretic 

approach makes learning seem almost easy. It consists simply of adding 

links and states to the Markov chain. The belief network technique 

integrates naturally into the methodology. It allows the machine to make 

human like judgements in analyzing new information, and integrating it 

into the machine's logical structure. Whatever judgements a human would 

make in the same situation can be represented by a belief diagram. This 

should prove especially valuable for use with an intelligent task oriented 

machine. None of the other methods contain a structure which can be added 

upon aa this one can be, for learning purposes. Additionally, as far as 

this author is aware, learning has not been applied to any of the other 

methods; therefore they all receive zeroes in this category. 

The only problem with the method is tied to the fact that the 

linguistic approaches are reasonably well developed at this point. They 

solve many of the problems of natural language processing, and may hold 

the potential of solving, with time, many of the remaining problems. Since 

this method is in its infancy, it may not be readily accepted by the 
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research community, therefore it receives low marks, along with the other 

probabilistic methods, in the last category in the table. We rate it a 1, 

while the more established methods receive fives, with Pattern Matching 

getting a 3, since information retrieval is still not widely accepted by 

the linguistic branch of natural language processing. 

5.2.2 Comparison With Other Probabilistic and Statistical Approaches 

In the past two to three years, there has been a resurgence of 

interest in probabilistic approaches to natural language processing. In 

this section, we compare the various approaches to the method presented in 

this dissertation. 

Of the methods reviewed in Chapter Two, two of them, information 

retrieval and hyponym identification, ie. finding words that are elements 

of a common set, have a relationship to the method presented in this 

dissertation. Information retrieval depends upon finding certain 

information bearing key words, so that the sentence information can be 

extracted. Our method is a generalization, which extracts information from 

all information bearing words in the sentence, using a word order which 

maximizes the efficiency of the word search. The statistical approach of 

hyponym identification looks at probabilities of particular subjects or 

objects based on the verb in the sentence. This is similar in concept to 

the basic approach of the method outlined in this dissertation, although 

the author is using the statistical information for different purposes 

than we are. 

They are several researchers using Markov chain models in their 

approach [47,48,49]. The one which appears to be closest to ours uses a 

recursive Markov chain as a parsing method. The words are taken in the 

order that they occur in the sentence and are fit to the Markov chain. The 

recursive part of the process is used in the sense of RTN's, which is 
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basically a way of getting around the fact that the words which occur next 

to each other in the sentence do not necessarily go into adjacent states 

in the Markov chain. 

Another paper describes the use of the hidden Markov model for 

classifying words in a corpora with part of speech (PaS) tags. The 

probability of observing any pas tag is dependent on the tag of the 

previous word. Thus it can be modeled by a Markov process. The final 

method uses a hidden Markov chain to resolve morphological ambiguities. 

Morphological analysis refers to splitting up words into smaller 

components such as prefixes, suffixes, word terminations and roots. Again, 

once a particular component is found, there are a limited number of other 

components which can then occur. These last two methods again use the 

technique described in this dissertation to solve other problems. 

Another article describes the use of link grammar [44). This paper 

suggests the use of a Markov chain model without being tied down by the 

sequential aspect of the input sentence. Each word in the sentence has a 

set of disjuncts or usages associated with it. The disjuncts represent 

essentially a connected set of part of speech labels which are attached to 

a word which occurs somewhere to the right of the given word, and to a 

word which occurs somewhere to the left of the given word, and to the 

given word itself. A parse of a sentence is determined by selecting a 

disjunct for each word in the sentence, which forms two links - one to the 

right and one to the left, such that all the words in the sentence are 

linked, and all of the part of speech labels are consistent. 

Although all of the reports use methods based on information theory, 

probability theory, Markov chains, or belief networks, none take the same 

approach to parsing a sentence as we do. One additional article does 

however point to some of the problems of parsing which are also addressed 

by our new probabilistic method. I reviewed the "Artificial Intelligence" 
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special volume on natural Language processing for relevant articles. One 

called "Innovations in text interpretations" described an information 

retrieval system that the authors have been working on for ten years [50]. 

Some quotes from the article follow: "People do not read text left to 

right; they skim for particular pieces of information, look back for other 

parts, and look ahead to get the gist of what is to come." "Three aspects 

of pre-processing seem to have particular promise for the quality and 

efficiency of later processing. These three are tagging, template 

activation and segmentation. We sometimes refer to the application of 

these techniques as text skimming because the results reflect the human

like capability to read selectively, often throwing away information that 

the program would be quite capable of producing." 

These ideas suggest the approach of this dissertation, looking at 

the information content of a sentence, not going word for word left to 

right and also segmenting blocks of information prior to actual processing 

by the parser. They represent, essentially, ideas developed in parallel 

with this a~thor' s, but have been suggested for implementation in a 

information retrieval form, not in an information theoretic form. 

In this chapter, we have presented the results of the construction 

of two prototypes, and performed comparisons between the information 

theoretic method and other methods from the literature. In the final 

chapter of this dissertation, we summarize the elements and contributions 

of this work, and make important conclusions concerning it and the future 

of natural language processing for intelligent task oriented machines 

using this approach. 
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6. SUMMARY AND CONCLUSIONS 

This chapter summarizes the work which has been presented and the 

calculations reached in the previous five chapters of this dissertation. 

section 6.1 is the summary, section 6.2 presents the conclusions of this 

author, and 6.3 details some suggestions for future work. 

6.1 Summary of Work 

We have described in this dissertation a method of natural language 

processing, based not on syntax or even semantics, but on information 

content. We parse not entirely sequentially, but based on a Markov chain 

model of the information in a sentence. We look for a verb first, 

indicating the main action, statement or question. Next objects and 

subjects that go with that particular verb are determined in order to get 

the information we need. With each step, the uncertainty associated with 

the information content of the sentence is reduced. When the uncertainty 

is reduced to zero, the appropriate indicated action(s) are performed. The 

method has been applied to simple sentences, such as might be encountered 

in communicating with an intelligent task oriented machine, but has also 

been extended to show its use with more complex sentence structures. 

The approach allows the machine to add to its knowledge data base, 

and also to add to its list of known verbs, objects, and subjects as 

required. Hence the approach enables the machine to gain information and 

enhance its knowledge over a long period of time, rather than just being 

programmed occasionally. The machine is in fact capable of learning new 

information based on its input command sentences. The learning approach 

uses the concept of a belief network to perform the steps actually 

associated with the learning. It allows the introduction into the system 
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of either new verbs or new objects, with no effort on the part of the 

user, other than possibly to explain the meaning of a new word in terms of 

old words that the system already understands. 

A prototype system has been constructed and successfully tested, and 

the method that the system utilizes has been found to compare favorably 

with other natural language processing methods. 

Specifically, Chapter One introduced the concept of natural language 

processing. We looked at some background, in terms of some of the history 

of the linguistic approach, as well as mentioning Shannon's original work 

on text generation. The difficult problems associated with the field were 

introduced as was a short list of areas of application. We mentioned the 

concept of machine learning and provided a definition. We stated the 

problem, which is: given a series of sentences in English which represent 

input to a computer system, we desire the computer to understand the words 

presented and to perform the required task or store the appropriate 

information for future reference. We stated the simplifications used in 

the method, and then provided a preview of the topics to be covered in the 

remaining chapters of this work. 

Chapter Two was a review of foundation principles used in this 

dissertation: natural language processing, information theory and Markov 

chains, and belief networks. For the linguistic approach to natural 

language processing, we first looked at the general approaches, which are 

syntactic, semantic, pragmatic and unification. We indicated that Pattern 

Matching, Grammar Rules and Transition Networks are generally classified 

as syntactic methods. We investigated Case Grammar, Conceptual Dependency 

and Semantic Grammar, which are semantic methods, and detailed some 

refinements of these basic methods, such as Recursive Transition Networks 

and Augmented Transition Networks. 

We next reviewed important basic concepts from the theory of 
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information. We defined mutual information and entropy, and presented the 

equation which represents the relationship between them, which says that 

the entropy of an unknown situation is reduced for each piece of 

information that we acquire about the problem. When the entropy equals 

zero, we have solved the problem; we now know everything there is to know 

about that particular situation. We then presented a simple problem to 

illustrate the use of information theory. We extended our knowledge by 

defining Markov chains, which consist of a set of states, connected by 

links, with probabilities assigned to each link. We said that the 

probability of entering a particular next state only depends upon the 

previous state. 

Finally, we carefully defined the parameters of a belief network. We 

said such a network was used to describe a probabilistic system, but we 

did not use it to infer effect from cause as is the usual case in 

probability, but to infer cause from effect. We presented an example to 

clarify the concept, and provided some basic definitions and calculations. 

To finish, we enumerated the rules for propagating evidences throughout 

the network, in the upward direction only. As this was a review chapter, 

none of the information in this chapter was original with this author. 

Chapter Three presented the information theoretic approach to 

natural language processing. We first simplified the domain to simple 

active sentences with a single verb. First we find the verb in the 

sentence, from a list of the verbs that the system understands. Next we 

locate the object, from a list of objects associated with the particular 

verb found in step one. Next we locate the subject, or in most cases 

assume the subject to be the machine itself. All of these searches are 

performed using a list of words which is ordered probabilistically, which 

increases the speed of the search. The entire process fits the model of a 

Markov chain, reducing uncertainty with each new piece of information, 
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until the entropy goes to zero, and the intelligent machine now knows the 

task to be performed. The internal representation of the sentence then 

becomes basically the Markov chain diagram for the input sentence. This 

simple parser was implemented by the machine of subsection 5.1.1. 

In the second part of this chapter, we developed a rule based 

inference engine, which we superimposed on the basic information theoretic 

parser previously developed. The specific areas covered by the ruled based 

system are described next. We first investigated more complex sentences. 

We showed how to differentiate between active, passive and interrogative 

sentences, and where to search for objects and subjects in each case. We 

presented a continuing example, used with linguistic methods, and 

demonstrated how the information theoretic approach would handle it. We 

looked at compound sentences, compound clauses in sentences and ambiguous 

phrases, and presented rules and procedures for handling these 

complications. We finished the chapter by presenting a method for using 

Case structure as the internal representation of the input sentence, when 

we were interested in inference. Although we described modifications which 

could be made to the simple machine of the first part of Chapter Three, 

this machine was not built in any form. This chapter was entirely original 

with this author. 

Chapters Four took belief networks and applied them to the 

information theoretic machine of Chapter Three, in order to provide a 

basis for learning. We made a basic assumption, namely that the input 

sentence would contain only a single unknown word, the verb of the 

sentence. We postulated three cases; the user would input a sentence and 

the definition of the new verb, the user would input a sentence and the 

machine could infer the definition of the new verb, or the user would 

input a sentence and the machine could not infer the definition of the new 

verb, due to a lack of information. In the latter case, the machine 
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requests more information, as in case one. 

We defined and explained a belief network which would compare the 

new verb to all of the old verbs in the system, using evidences gained 

from three sources, a thesaurus, Case structure and function subroutines, 

to determine which verbs were synonyms or partial synonyms to the new 

verb. The upper portion of the belief network would then calculate the 

probabilities that particular objects attached to the old synonym verbs 

would also be attached to the new verb. By building a Markov chain network 

using the new verb and some of the old objects, we would then cause the 

machine to learn; it would now be capable of handling sentences containing 

the new verb without entering the learning mode again. 

We defined a belief network to handle the introduction of a sentence 

with an unknown object next. The belief network was similar to the new 

verb network, but was simplified in that it only had to determine whether 

the new object was to be attached to any of the old verbs. We now looked 

at calculating probability values for the link probabilities on the Markov 

chain for the new verbs and their associated objects. We used a weighted 

average calculation to obtain these results. We finished the chapter by 

performing an in depth calculation to demonstrate the use of the belief 

network for introducing a new verb into the system. The parser as 

described in this chapter was implemented by the machine of subsection 

5.1.2. This chapter was also entirely original with this author. 

The first part of Chapter Five, which was on results and 

comparisons, described two prototypes which have been created to 

demonstrate the usefulness of the information theoretic approach. The 

first prototype was written early in the investigation of the methodology, 

using AREX, an Amiga version of the IBM language REX, which is a language 

that has been optimized for word parsing of a sentence. It allowed simple 

commands such as ADD and SUBTRACT, and documented the speed and ease with 
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which a sentence could be parsed using this method. 

The second program described in Chapter Five, written by Stephen 

Davies in C, was a more complex prototype, which not only illustrated the 

use of the information theoretic approach, but also demonstrated the 

usefulness of the belief network for the learning process, and could 

easily provide the vehicle for further prototyping of this learning 

machine. It understood the ADD and SUBTRACT commands of the first 

prototype as well as more complicated commands, such as PLACE and LOOK, 

and was programmed to use a TASK structure, as explained in Chapter Five. 

It had the ability to learn, and several examples illustrating that 

ability were given. 

The second part of Chapter Five started out by comparing the 

information theoretic approach with the linguistic methods defined 

earlier, the syntactic, semantic and pragmatic approaches. It enumerated 

some major advantages of the information theoretic approach, namely the 

ability to handle ungrammatical sentences, to parse quickly, to not be 

dependent on following word order in a sentence, and to be able to learn, 

It contained a chart, which compared advantages of all of the major 

methods of natural language processing in relationship to this method, and 

demonstrated this method to be superior in many instances. 

This chapter also contained a comparison of recent probabilistic and 

statistical methods applied to natural language processing, and their 

relationship to this information theoretic approach. The most important of 

these methods in relationship to this work are the large corpora methods, 

Markov chain methods and Link Grammar. The chapter contained a reference 

to Appendix A, which presented the results of a theoretical comparison of 

the speed of the information theoretic approach versus the Augmented 

Transition Network approach, which indicated that the information 

theoretic approach is faster. The original program using REX, from the 
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first part of the chapter, as well as everything from the second half, 

except the review of other probabilistic methods, represented original 

work by this author. 

6.2 Conclusions 

Chapter Three demonstrates that this new method can indeed be 

applied to natural language processing, either for simple or complex 

sentences. Previously developed enhancements to natural language 

processing, such as work done in inference or pronoun ambiguity can be 

directly applied to this method. Since the analysis method presented works 

with ungrammatical sentences and does not involve analyzing every word in 

the sentence, or any backtracking, it is inherently more efficient than 

other methods. 

Chapter Four shows that the method is easily and naturally extended 

to include machine learning. When the system learns, it simply adds more 

Markov chains to its data base, similar in overall concept to the way that 

the brain adds neural connections as a human learns. The belief network 

reasoning also naturally fits this process, again making it learn in a 

similar fashion to human learning. The system looks probabilistically at 

the knowledge it already has, in determining how to incorporate its new 

knowledge into its data base. While much work remains, the potential is 

that this machine, over the course of several years of learning could 

begin to approach the level of understanding of at least a child, and 

possibly beyond. Other methods of natural language processing do not seem 

to lend themselves so easily and naturally to being converted to a 

learning system. 

Chapter Five demonstrates that application programs can be written 

with a minimum amount of code, which show that the method actually 

functions in an acceptable manner. These early prototypes are quite 
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powerful, in that they process the sentence in real time, and are actually 

capable of learning. The methods used to process the information are 

natural and easily understood. This should allow the method to be used by 

a wide variety of researchers, in continuing the march for a natural 

language understanding machine. 

The comparison part of Chapter Five demonstrates that the method 

introduced in this dissertation is a new approach, which while related to 

previous methods has indeed not been implemented before. The implication 

of the performance comparison is that the method has the potential of 

processing sentence data much more quickly than programs based on previous 

methods. 

Important overall advantages of this approach are that it allows us 

to parse quickly and efficiently, and to also handle ungrammatical 

sentences as easily as grammatical ones. These advantages together with 

the nature of the domain and interaction characteristics make the approach 

particularly suitable for applications involving commanding and 

interacting with a task oriented intelligent machine. No other system 

currently available seems to have the same potential for becoming truly a 

learning machine, capable of performing tasks tomorrow that it could not 

perform today, with no additional programming by the user. 

6.3 Suggestions for Future Work 

Many applications of NLP could benefit from taking an approach 

similar to the one presented here. Translation is one example. Once we 

have extracted the basic information content of a sentence, it ought to be 

possible to translate it into another language, not word for word, but 

based on the meaning. Certainly, the concept of an intelligent robot could 

benefit. The task oriented machine could start out fairly dumb, knowing 

only a few commands, but it could gain more information as it experiences 
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new interactions. All of the work on the CYC project could be applied in 

the data base of a machine programmed using these concepts. Currently, a 

number of companies are working together to analyze English documents for 

statistical information [4]. This information could certainly be exploited 

by a task oriented machine based on the discussed principles. 

Much work lies ahead in generalizing the approach. It must be 

recognized that there is much information that must be stored in an 

intelligent machine to make it viable, as indeed is the case with the 

human machinery. The next step in this project is to develop the theory, 

using a belief network, that will allow the proper procedures to be 

carried out to perform the required task after a new verb has been added 

to the system. 

Next, we must add the capability to add a new subject to the Markov 

chain. Eventually, we should be able to handle more than one unknown word 

in a sentence, although we can not expect to go too far in this regard; 

even a human is not capable of processing more than a few unknown word in 

a sentence. 

Another future project involves enhancing the machine understanding 

capabilities through combining the information gathered from natural 

language as well as other sensory information including machine vision and 

tactile sensing. such a paradigm supports the notion that true 

intelligence is attained through intelligent integration of information 

from disparate senses. Voice recognition, voice and music output, 

television input and pattern recognition could be added to such a system 

to enhance its human type interaction and experience. These possibilities 

hold great potential for advancement. 

There are some limitations to the use of this parsing method. The 

method works best with limited domain type problems, particularly those 

involving giving commands to or interacting with a task oriented 
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intelligent machine which must perform under real time constraint demands. 

It is believed that the approach may also be useful for solving more 

complex problems as well. We believe that concentrating on the information 

content in a sentence, rather that the grammar or even meaning may 

ultimately prove to be the best approach. 

In conclusion, it may be said that this dissertation has introduced 

a method of natural language processing which holds the potential for 

completely changing the direction the field has taken for the last twenty 

years, especially in the domain of interaction with an intelligent task 

oriented machine. It is the author's firm hope that the ideas presented 

herein will aid other researchers in helping to solve this most difficult 

problem. 
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APPENDIX A 

In this appendix, we make a theoretical comparison of the number of 

computations in this information theoretic method versus the number of 

computations in a typical linguistic method, in this case an Augmented 

Transition Network (ATN) technique. We shall base the computation 

calculations on the average number of comparisons done in each method, 

which is the computation which is performed most often for each technique. 

We shall assume the simplified domain of interaction with an intelligent 

task oriented machine, which this work has been focused on. 

The problem here is too large to find an exact solution for any 

realistic system, and would require extensive simulation; therefore, we 

take the following approach. We shall first perform somo general 

calculations, then we shall apply these calculations to the example of 

figure 5.3, which shows the verbs, nouns, prepositions, etc. in our second 

prototype system. 

Consider first the information theoretic approach. We shall assume 

that the average number of words in a sentence equals L. The first event 

that occurs is that each word in the sentence is compared to a list of 

verbs understood by the machine. This event ends when a match is made with 

a word in the sentence anj a verb in the list. We shall assume N verbs in 

the system. The average number of comparisons if each verb had the same 

probability would be: 

Cl ~ L·.5·N. 

However, as we demonstrated for a simple example in Chapter Three, the 

number of comparisons is less than this if the list is ordered such that 

the verbs with the highest probability of occurrence are first. We will 

assume that the number of comparisons is 60 percent of the average as 

calculated in the previous example in Chapter Three. We start with the 
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first verb in the list, and compare this verb with each word in the 

sentence. Therefore, 

C1 .. L·. 3·N 

Next, the system searches for an object. Assume M objects associated 

with the verb, where M is in general smaller than the total number of 

nouns in the system. The object will occur to the left of the verb for a 

command or active sentence, or to the right of the verb for a question or 

passive sentence. We shall assume commands, questions or active sentences 

only, where the question is determined by a question mark at the end of 

the sentence. Again we assume a 60 percent reduction due to the 

probabilistic ordering of the objects. The number of comparisons in this 

case is then: 

C2 a 1 + .S·L·.3·M - 1 + .1S·L·M 

For many cases (we shall assume 0.5), the parsing is completed. In 

general, however, it may next be necessary to find a preposition and the 

noun following it. We shall assume P prepositions, where again P is less 

than the total number of prepositions, due to the fact that not all cases 

are associated with any particular verb. The prepositional phrase is 

typically 3 or 4 words long and the preposition occurs in the last quarter 

of the sentence for a command. Therefore the number of comparisons for 

prepositions is: 

C3 ... 12S·L·P, 

and the number of comparisons for the noun in the prepositional phrase is: 

C4 .. (4/2) = 2, 

Here, the noun is simply identified, there is no comparison to a list of 

nouns in the machine. The total number of comparisons on the average is 

then: 

C ... S(Cl + C2) + .S(Cl + C2 + C3 + C4) 

C ... S(.3LN + 1 + .1SLM) + .S(.3LN + 1 + .1SLM + .12SLP + 2) 
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C = 2 + .3LN + .15LM + .0625LP. 

Let us now consider the ATN parsing method. Figures A.1 and A.2 show 

a general ATN diagram {511. While this is a recursive diagram, with 

feedback, we shall assume to begin that it is only traversed once in a 

given parse. This is a minimum assumption. There are 8 different labels 

associated with each arc in the diagram. Each label has a number of 

comparisons which are performed. For example, the CAT label checks the 

word being pointed to for membership in a particular category of words, 

such as preposition or noun or verb. We shall consider this as P or R or 

N comparisons. The TST and JUMP test the condition specified on the arc; 

we shall consider this as 1 comparison. pop is 0 comparisons, PUSH, WRD, 

and VIR will be considered as 1 comparison, while the number of 

comparisons associated with MEM depends on the length of the list of 

elements on the arc. 

There are 10 levels of states associated with the first half of the 

diagram, which searches the verb phrase in the sentence, and 11 levels of 

states associated with the second half of the diagram, which looks at the 

noun phrase. For the verb phrase section, a sentence traverses a minimum 

of 4 levels and a maximum of 10. The average is then 7 levels. For the 

noun phrase section, the minimum is 2 and the maximum is 11. The average 

is 6.5. Figure A.3 shows each level and the total number of comparisons 

associated with each level; the number of elements in various categories 

of word type8 are also shown in the diagram. 

For simplicity, each word type that contains a reasonably small 

number of elements has been approximated a8 Q. Also shown in figure A.3 is 

the total number of comparisons associated with each level. We then 

compute the average number of comparisons at each level as the total 

number of comparisons on that level divided by 2. The average number of 

comparisons for each half of the diagram is then computed by taking the 
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Level 1 3 JUMP 3+1+P+K+2 Level 1 5 CAT Q+Q+Q+Q+P+2+3+2 
1 WRD Avg .. 2 JUMP Avg = 
2 CAT 3+P/2+K/2 2 HEM 3.5+2Q+P/2 
2 PUSH 2 WRD 

1 PUSH 

Level 2 3 CAT 1+1+N+2+3+1 Level 2 3 CAT Q+K+Q+1+3+3 
2 JUMP Avg = 1 JUMP Avg = 
3 PUSH 4+N/2 3 PUSH 3.5+Q+K/2 
1 WRD 3 VIR 

Level 3 1 CAT N+1 Level 3 1 PUSH 1+1+1 
1 WRD Avg .. 1 JUMP Avg .. 

• 5+N/2 1 WRD 1.5 

Level 4 2 CAT Q+Q+2+1+1 Level 4 2 PUSH 2+1+1 
2 JUMP Avg .. 1 VIR Avg .. 
1 WRD 2+Q 1 JUMP 2 
1 PUSH 

Level 5 2 CAT N+K+2+2 Level 5 2 JUMP 2 
2 PUSH Avg .. Avg .. 
2 JUMP 2+N/2+K/2 1 

Level 6 5 PUSH 5+1+K+P+1 Level 6 5 CAT K+R+N+K+N+2 
1 JUMP Avg .. 2 PUSH Avg -
2 CAT 3.5+K/2+P/2 1+K+N+R/2 
1 VIR 

Level 7 4 PUSH 4+P+1 Level 7 9 CAT Q+R+R+N+K+Q+R+S+K+2+1+1 
1 CAT Avg .. 2 PUSH Avg -
1 JUMP 2.5+P/2 1 JUMP 2+Q+3R/2+N/2+K+S/2 

1 WRD 

Level 8 2 WRD 2+l+3+K+1+2 Level 8 6 PUSH 6+1+1 
1 VIR Avg :II 1 JUMP Avg :z 

3 PUSH 4.5+K/2 1 TST 4 noun = R 
1 CAT adj :II S 
1 JUMP poss :II Q 
1 MEH-2 prep .. P 

adv :II K 
Level 9 2 WRD 2+Jt+1+2+3 Level 9 1 PUSH 1+1 verb .. N 

1 CAT Avg .. 1 JUMP Avg :z conj :z Q 
1 PUSH 4+K/2 1 neg :II Q 
2 VIR det .. Q 
1 HEM-l npr .. Q 

Level 10 1 CAT Q+1+1 Level 10 1 PUSH 1+2+Q 
1 WRD Avg .. 2 WRD Avg .. 
1 PUSH 1+Q/2 1 CAT 1. 5+Q/2 

Level 11 2 CAT K+Q+1+1 
1 HEM-1 Avg .. 
1 WRD 1+K/2+Q/2 

First half of diagram Second half of diagram 
Figure A.3 - Calculation of the Number of Comparisons For the ATN Method 
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average of the individual level averages. We then multiply each final 

average by the average number of levels and sum the two averages to get 

the final result. 

o = 7/10 (27+3P/2+5K/2+3N/2+2Q) + 6.5/11 (22+5Q+P/2+3K+3N/2+2R+S/2) 

o = 31.9 + 1.35P +3.52K +1.94N + 4.35Q + 1.18R + .3S 

Now, consider the system of figure 5.3. We shall assume an average 

sentence length (L) of 10 words. From this figure, we can see that the 

various integer unknowns from the previous derivation take on the 

following specific values. 

Number of verbs ... N ... 35 

Number of objects per verb (average) ... M ... 15 

Number of prepositions ... P ... 14 

Number of nouns ... R ... 60 

Number of adjectives ~ S ... 11 

Number of adverbs = K ~ 10 

All other parts of speech = Q ... 3, 

where, the number of adverbs in a system this size was estimated to be 10, 

the number of all other parts of speech, such as determiners, 

conjunctions, etc. was estimated to be 3 each, and the number of objects 

per verb was computed by averaging the number of objects attached to each 

verb in the machine, a list not shown on this diagram, but available from 

the author in the program listing. 

Using these numbers, 

C ... 138 

o .. 241 

While this ignores other operations besides comparisons, it is evident 

that 0 is larger than C, even assuming only one pass through the ATN 

network. For larger systems, the difference would be proportionately 

greater, since R, the number of nouns in the system would grow faster than 
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H, the number of objects per verb. 

We have no information on how many times the ATN network is 

traversed, only reports that parsing typically takes on the order of 

seconds. Since the ATN approach depends on backtracking through the 

sentence, however, it would not be out of line to assume at least several 

traverses of the network. The estimation here is conservative, but it is 

clear that the information theoretic method is always faster than the ATN 

method, and quite probably at least an order of magnitude faster. Typical 

parsing times for our network are much less than 1 second. 
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APPENDIX B 

This appendix contains a notational lexicon and a list of terms and 
abbreviations used in this dissertation. 

entropy H(X) conditional entropy H(Xly) 
individual information I(x;y) average information I(X;Y) 
probabilities pI, p(x) conditional probabilities p(Xly) 

joint probabilities p(x,y) 
belief BEL (X) 
link probability matrix 

lambda or pi A(X) 
ensemble of sentences 

verbs 
objects 

specific verb Yl 
specific object Zu 
general verb y j 
general object Zji 
arithmetic operations 
sums or (products) 

lI'(x) 

{X} 
{Y} 
{Z} 

+ 

individual sentences x 
individual verbs y 
individual objects Z 

/ 

10 10 

E ...... !: ....... O.········n 
~ ~=1 ~ ~=1 

logarithm log logarithm to base 2 10g2 
for states in the Markov diagrams - X, Y, Z etc. except for a 
specific example use 1,2,3, ••• 
for states in the belief diagrams - A,B,C etc. 
for Markov diagrams word (probability) ie. add(.2) 

entropy underlined 
states Xn+1 

NLP Natural Language Processing 
s sentence 
v verb 
pp prepositional phrase 
prep preposition 
adj adjective 
adv adverb 
RTN Recursive Transition Networks 
ATN Augmented Transition Networks 
AAAI Association for Artificial Intelligence 
CYC A project to store world knowledge 
AREX REX a computer language 
belief network Bayesian Belief Network 
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