
[image: cover]


Foundations
of
Statistical
Natural
Language
Processing


Foundations
of
Statistical
Natural
Language
Processing

Christopher D. Manning

Hinrich Schütze

The MIT Press

Cambridge, Massachusetts

London, England


© 1999 Massachusetts Institute of Technology

Second printing with corrections 1999

Third printing 2000, fourth printing 2001

Fifth printing with corrections

All rights reserved. No part of this book may be reproduced in any form by any electronic or mechanical means (including photocopying, recording, or information storage and retrieval) without permission in writing from the publisher.

Typeset in 10/13 Lucida Bright by the authors using LATEX2ε.

Printed and bound in the United States of America.

Library of Congress Cataloging-in-Publication Information

Manning, Christopher D.

Foundations of statistical natural language processing / Christopher D.

Manning, Hinrich Schütze.

p. cm.

Includes bibliographical references (p.) and index.

ISBN 0-262-13360-1

ISBN 978-0-262-30379-8 (e-book)

1. Computational linguistics—Statistical methods. I. Schütze, Hinrich.

II. Title.

P98.5.S83M36 1999



	410’.285—dc21

	99-21137




	 

	CIP





10 9 8 7 6


Brief Contents

I Preliminaries

1   Introduction

2   Mathematical Foundations

3   Linguistic Essentials

4   Corpus-Based Work

II Words

5   Collocations

6   Statistical Inference: n-gram Models over Sparse Data

7   Word Sense Disambiguation

8   Lexical Acquisition

III Grammar

9   Markov Models

10   Part-of-Speech Tagging

11   Probabilistic Context Free Grammars

12   Probabilistic Parsing

IV Applications and Techniques

13   Statistical Alignment and Machine Translation

14   Clustering

15   Topics in Information Retrieval

16   Text Categorization


Contents

List of Tables

List of Figures

Table of Notations

Preface

Road Map

I Preliminaries

1   Introduction

1.1   Rationalist and Empiricist Approaches to Language

1.2   Scientific Content

1.2.1   Questions that linguistics should answer

1.2.2   Non-categorical phenomena in language

1.2.3   Language and cognition as probabilistic phenomena

1.3   The Ambiguity of Language: Why NLP Is Difficult

1.4   Dirty Hands

1.4.1   Lexical resources

1.4.2   Word counts

1.4.3   Zipf’s laws

1.4.4   Collocations

1.4.5   Concordances

1.5   Further Reading

1.6   Exercises

2   Mathematical Foundations

2.1   Elementary Probability Theory

2.1.1   Probability spaces

2.1.2   Conditional probability and independence

2.1.3   Bayes’ theorem

2.1.4   Random variables

2.1.5   Expectation and variance

2.1.6   Notation

2.1.7   Joint and conditional distributions

2.1.8   Determining P

2.1.9   Standard distributions

2.1.10  Bayesian statistics

2.1.11  Exercises

2.2   Essential Information Theory

2.2.1   Entropy

2.2.2   Joint entropy and conditional entropy

2.2.3   Mutual information

2.2.4   The noisy channel model

2.2.5   Relative entropy or Kullback-Leibler divergence

2.2.6   The relation to language: Cross entropy

2.2.7   The entropy of English

2.2.8   Perplexity

2.2.9   Exercises

2.3   Further Reading

3   Linguistic Essentials

3.1   Parts of Speech and Morphology

3.1.1   Nouns and pronouns

3.1.2   Words that accompany nouns: Determiners and adjectives

3.1.3   Verbs

3.1.4   Other parts of speech

3.2   Phrase Structure

3.2.1   Phrase structure grammars

3.2.2   Dependency: Arguments and adjuncts

3.2.3   X′ theory

3.2.4   Phrase structure ambiguity

3.3   Semantics and Pragmatics

3.4   Other Areas

3.5   Further Reading

3.6   Exercises

4   Corpus-Based Work

4.1   Getting Set Up

4.1.1   Computers

4.1.2   Corpora

4.1.3   Software

4.2   Looking at Text

4.2.1   Low-level formatting issues

4.2.2   Tokenization: What is a word?

4.2.3   Morphology

4.2.4   Sentences

4.3   Marked-up Data

4.3.1   Markup schemes

4.3.2   Grammatical tagging

4.4   Further Reading

4.5   Exercises

II Words

5   Collocations

5.1   Frequency

5.2   Mean and Variance

5.3   Hypothesis Testing

5.3.1   The t test

5.3.2   Hypothesis testing of differences

5.3.3   Pearson’s chi-square test

5.3.4   Likelihood ratios

5.4   Mutual Information

5.5   The Notion of Collocation

5.6   Further Reading

6   Statistical Inference: n-gram Models over Sparse Data

6.1   Bins: Forming Equivalence Classes

6.1.1   Reliability vs. discrimination

6.1.2   n-gram models

6.1.3   Building n-gram models

6.2   Statistical Estimators

6.2.1   Maximum Likelihood Estimation (MLE)

6.2.2   Laplace’s law, Lidstone’s law and the Jeffreys-Perks law

6.2.3   Held out estimation

6.2.4   Cross-validation (deleted estimation)

6.2.5   Good-Turing estimation

6.2.6   Briefly noted

6.3   Combining Estimators

6.3.1   Simple linear interpolation

6.3.2   Katz’s backing-off

6.3.3   General linear interpolation

6.3.4   Briefly noted

6.3.5   Language models for Austen

6.4   Conclusions

6.5   Further Reading

6.6   Exercises

7   Word Sense Disambiguation

7.1   Methodological Preliminaries

7.1.1   Supervised and unsupervised learning

7.1.2   Pseudowords

7.1.3   Upper and lower bounds on performance

7.2   Supervised Disambiguation

7.2.1   Bayesian classification

7.2.2   An information-theoretic approach

7.3   Dictionary-Based Disambiguation

7.3.1   Disambiguation based on sense definitions

7.3.2   Thesaurus-based disambiguation

7.3.3   Disambiguation based on translations in a second-language corpus

7.3.4   One sense per discourse, one sense per collocation

7.4   Unsupervised Disambiguation

7.5   What Is a Word Sense?

7.6   Further Reading

7.7   Exercises

8   Lexical Acquisition

8.1   Evaluation Measures

8.2   Verb Subcategorization

8.3   Attachment Ambiguity

8.3.1   Hindle and Rooth (1993)

8.3.2   General remarks on PP attachment

8.4   Selectional Preferences

8.5   Semantic Similarity

8.5.1   Vector space measures

8.5.2   Probabilistic measures

8.6   The Role of Lexical Acquisition in Statistical NLP

8.7   Further Reading

III Grammar

9   Markov Models

9.1   Markov Models

9.2   Hidden Markov Models

9.2.1   Why use HMMs?

9.2.2   General form of an HMM

9.3   The Three Fundamental Questions for HMMs

9.3.1   Finding the probability of an observation

9.3.2   Finding the best state sequence

9.3.3   The third problem: Parameter estimation

9.4   HMMs: Implementation, Properties, and Variants

9.4.1   Implementation

9.4.2   Variants

9.4.3   Multiple input observations

9.4.4   Initialization of parameter values

9.5   Further Reading

10 Part-of-Speech Tagging

10.1   The Information Sources in Tagging

10.2   Markov Model Taggers

10.2.1   The probabilistic model

10.2.2   The Viterbi algorithm

10.2.3   Variations

10.3   Hidden Markov Model Taggers

10.3.1  Applying HMMs to POS tagging

10.3.2   The effect of initialization on HMM training

10.4   Transformation-Based Learning of Tags

10.4.1   Transformations

10.4.2   The learning algorithm

10.4.3   Relation to other models

10.4.4   Automata

10.4.5   Summary

10.5   Other Methods, Other Languages

10.5.1   Other approaches to tagging

10.5.2   Languages other than English

10.6   Tagging Accuracy and Uses of Taggers

10.6.1   Tagging accuracy

10.6.2   Applications of tagging

10.7   Further Reading

10.8   Exercises

11 Probabilistic Context Free Grammars

11.1   Some Features of PCFGs

11.2   Questions for PCFGs

11.3   The Probability of a String

11.3.1   Using inside probabilities

11.3.2   Using outside probabilities

11.3.3   Finding the most likely parse for a sentence

11.3.4   Training a PCFG

11.4   Problems with the Inside-Outside Algorithm

11.5   Further Reading

11.6   Exercises

12 Probabilistic Parsing

12.1   Some Concepts

12.1.1   Parsing for disambiguation

12.1.2   Treebanks

12.1.3   Parsing models vs. language models

12.1.4   Weakening the independence assumptions of PCFGs

12.1.5   Tree probabilities and derivational probabilities

12.1.6   There’s more than one way to do it

12.1.7   Phrase structure grammars and dependency grammars

12.1.8   Evaluation

12.1.9   Equivalent models

12.1.10 Building parsers: Search methods

12.1.11 Use of the geometric mean

12.2   Some Approaches

12.2.1   Non-lexicalized treebank grammars

12.2.2   Lexicalized models using derivational histories

12.2.3   Dependency-based models

12.2.4   Discussion

12.3   Further Reading

12.4   Exercises

IV Applications and Techniques

13 Statistical Alignment and Machine Translation

13.1   Text Alignment

13.1.1   Aligning sentences and paragraphs

13.1.2   Length-based methods

13.1.3   Offset alignment by signal processing techniques

13.1.4   Lexical methods of sentence alignment

13.1.5   Summary

13.1.6   Exercises

13.2   Word Alignment

13.3   Statistical Machine Translation

13.4   Further Reading

14 Clustering

14.1   Hierarchical Clustering

14.1.1   Single-link and complete-link clustering

14.1.2   Group-average agglomerative clustering

14.1.3   An application: Improving a language model

14.1.4   Top-down clustering

14.2   Non-Hierarchical Clustering

14.2.1   K-means

14.2.2   The EM algorithm

14.3   Further Reading

14.4   Exercises

15 Topics in Information Retrieval

15.1   Some Background on Information Retrieval

15.1.1   Common design features of IR systems

15.1.2   Evaluation measures

15.1.3   The probability ranking principle (PRP)

15.2   The Vector Space Model

15.2.1   Vector similarity

15.2.2   Term weighting

15.3   Term Distribution Models

15.3.1   The Poisson distribution

15.3.2   The two-Poisson model

15.3.3   The K mixture

15.3.4   Inverse document frequency

15.3.5   Residual inverse document frequency

15.3.6   Usage of term distribution models

15.4   Latent Semantic Indexing

15.4.1   Least-squares methods

15.4.2   Singular Value Decomposition

15.4.3   Latent Semantic Indexing in IR

15.5   Discourse Segmentation

15.5.1   TextTiling

15.6   Further Reading

15.7   Exercises

16 Text Categorization

16.1   Decision Trees

16.2   Maximum Entropy Modeling

16.2.1   Generalized iterative scaling

16.2.2   Application to text categorization

16.3   Perceptrons

16.4   k Nearest Neighbor Classification

16.5   Further Reading

Tiny Statistical Tables

Bibliography

Index


List of Tables

1.1   Common words in Tom Sawyer.

1.2   Frequency of frequencies of word types in Tom Sawyer.

1.3   Empirical evaluation of Zipf’s law on Tom Sawyer.

1.4   Commonest bigram collocations in the New York Times.

1.5   Frequent bigrams after filtering.

2.1   Likelihood ratios between two theories.

2.2   Statistical NLP problems as decoding problems.

3.1   Common inflections of nouns.

3.2   Pronoun forms in English.

3.3   Features commonly marked on verbs.

4.1   Major suppliers of electronic corpora with contact URLs.

4.2   Different formats for telephone numbers appearing in an issue of The Economist.

4.3   Sentence lengths in newswire text.

4.4   Sizes of various tag sets.

4.5   Comparison of different tag sets: adjective, adverb, conjunction, determiner, noun, and pronoun tags.

4.6   Comparison of different tag sets: Verb, preposition, punctuation and symbol tags.

5.1   Finding Collocations: Raw Frequency.

5.2   Part of speech tag patterns for collocation filtering.

5.3   Finding Collocations: Justeson and Katz’ part-of-speech filter.

5.4   The nouns w occurring most often in the patterns ‘strong w’ and ‘powerful w.’

5.5   Finding collocations based on mean and variance.

5.6   Finding collocations: The t test applied to 10 bigrams that occur with frequency 20.

5.7   Words that occur significantly more often with powerful (the first ten words) and strong (the last ten words).

5.8   A 2-by-2 table showing the dependence of occurrences of new and companies.

5.9   Correspondence of vache and cow in an aligned corpus.

5.10 Testing for the independence of words in different corpora using χ2.

5.11 How to compute Dunning’s likelihood ratio test.

5.12 Bigrams of powerful with the highest scores according to Dunning’s likelihood ratio test.

5.13 Damerau’s frequency ratio test.

5.14 Finding collocations: Ten bigrams that occur with frequency 20, ranked according to mutual information.

5.15 Correspondence of chambre and house and communes and house in the aligned Hansard corpus.

5.16 Problems for Mutual Information from data sparseness.

5.17 Different definitions of mutual information in (Cover and Thomas 1991) and (Fano 1961).

5.18 Collocations in the BBI Combinatory Dictionary of English for the words strength and power.

6.1   Growth in number of parameters for n-gram models.

6.2   Notation for the statistical estimation chapter.

6.3   Probabilities of each successive word for a clause from Persuasion.

6.4   Estimated frequencies for the AP data from Church and Gale (1991a).

6.5   Expected Likelihood Estimation estimates for the word following was.

6.6   Using the t test for comparing the performance of two systems.

6.7   Extracts from the frequencies of frequencies distribution for bigrams and trigrams in the Austen corpus.

6.8   Good-Turing estimates for bigrams: Adjusted frequencies and probabilities.

6.9   Good-Turing bigram frequency estimates for the clause from Persuasion.

6.10 Back-off language models with Good-Turing estimation tested on Persuasion.

6.11 Probability estimates of the test clause according to various language models.

7.1   Notational conventions used in this chapter.

7.2   Clues for two senses of drug used by a Bayesian classifier.

7.3   Highly informative indicators for three ambiguous French words.

7.4   Two senses of ash.

7.5   Disambiguation of ash with Lesk’s algorithm.

7.6   Some results of thesaurus-based disambiguation.

7.7   How to disambiguate interest using a second-language corpus.

7.8   Examples of the one sense per discourse constraint.

7.9   Some results of unsupervised disambiguation.

8.1   The F measure and accuracy are different objective functions.

8.2   Some subcategorization frames with example verbs and sentences.

8.3   Some subcategorization frames learned by Manning’s system.

8.4   An example where the simple model for resolving PP attachment ambiguity fails.

8.5   Selectional Preference Strength (SPS).

8.6   Association strength distinguishes a verb’s plausible and implausible objects.

8.7   Similarity measures for binary vectors.

8.8   The cosine as a measure of semantic similarity.

8.9   Measures of (dis-) similarity between probability distributions.

8.10 Types of words occurring in the LOB corpus that were not covered by the OALD dictionary.

9.1   Notation used in the HMM chapter.

9.2   Variable calculations for O = (lem, ice_t, cola).

10.1 Some part-of-speech tags frequently used for tagging English.

10.2 Notational conventions for tagging.

10.3 Idealized counts of some tag transitions in the Brown Corpus.

10.4 Idealized counts for the tags that some words occur with in the Brown Corpus.

10.5 Table of probabilities for dealing with unknown words in tagging.

10.6 Initialization of the parameters of an HMM.

10.7 Triggering environments in Brill’s transformation-based tagger.

10.8 Examples of some transformations learned in transformation-based tagging.

10.9 Examples of frequent errors of probabilistic taggers.

10.10 A portion of a confusion matrix for part of speech tagging.

11.1 Notation for the PCFG chapter.

11.2 A simple Probabilistic Context Free Grammar (PCFG).

11.3 Calculation of inside probabilities.

12.1 Abbreviations for phrasal categories in the Penn Treebank.

12.2 Frequency of common subcategorization frames (local trees expanding VP) for selected verbs.

12.3 Selected common expansions of NP as Subject vs. Object, ordered by log odds ratio.

12.4 Selected common expansions of NP as first and second object inside VP.

12.5 Precision and recall evaluation results for PP attachment errors for different styles of phrase structure.

12.6 Comparison of some statistical parsing systems.

13.1 Sentence alignment papers.

14.1 A summary of the attributes of different clustering algorithms.

14.2 Symbols used in the clustering chapter.

14.3 Similarity functions used in clustering.

14.4 An example of K-means clustering.

14.5 An example of a Gaussian mixture.

15.1 A small stop list for English.

15.2 An example of the evaluation of rankings.

15.3 Three quantities that are commonly used in term weighting in information retrieval.

15.4 Term and document frequencies of two words in an example corpus.

15.5 Components of tf.idf weighting schemes.

15.6 Document frequency (df) and collection frequency (cf) for 6 words in the New York Times corpus.

15.7 Actual and estimated number of documents with k occurrences for six terms.

15.8 Example for exploiting co-occurrence in computing content similarity.

15.9 The matrix of document correlations BTB.

16.1 Some examples of classification tasks in NLP.

16.2 Contingency table for evaluating a binary classifier.

16.3 The representation of document 11, shown in figure 16.3.

16.4 An example of information gain as a splitting criterion.

16.5 Contingency table for a decision tree for the Reuters category “earnings.”

16.6 An example of a maximum entropy distribution in the form of equation (16.4).

16.7 An empirical distribution whose corresponding maximum entropy distribution is the one in table 16.6.

16.8 Feature weights in maximum entropy modeling for the category “earnings” in Reuters.

16.9 Classification results for the distribution corresponding to table 16.8 on the test set.

16.10 Perceptron for the “earnings” category.

16.11 Classification results for the perceptron in table 16.10 on the test set.

16.12 Classification results for an 1NN categorizer for the “earnings” category.


List of Figures

1.1   Zipf’s law.

1.2   Mandelbrot’s formula.

1.3   Key Word In Context (KWIC) display for the word showed.

1.4   Syntactic frames for showed in Tom Sawyer.

2.1   A diagram illustrating the calculation of conditional probability P(A|B).

2.2   A random variable X for the sum of two dice.

2.3   Two examples of binomial distributions: b(r; 10, 0.7) and b(r; 10, 0.1).

2.4   Example normal distribution curves: n(x; 0, 1) and n(x; 1.5, 2).

2.5   The entropy of a weighted coin.

2.6   The relationship between mutual information I and entropy H.

2.7   The noisy channel model.

2.8   A binary symmetric channel.

2.9   The noisy channel model in linguistics.

3.1   An example of recursive phrase structure expansion.

3.2   An example of a prepositional phrase attachment ambiguity.

4.1   Heuristic sentence boundary detection algorithm.

4.2   A sentence as tagged according to several different tag sets.

5.1   Using a three word collocational window to capture bigrams at a distance.

5.2   Histograms of the position of strong relative to three words.

7.1   Bayesian disambiguation.

7.2   The Flip-Flop algorithm applied to finding indicators for disambiguation.

7.3   Lesk’s dictionary-based disambiguation algorithm.

7.4   Thesaurus-based disambiguation.

7.5   Adaptive thesaurus-based disambiguation.

7.6   Disambiguation based on a second-language corpus.

7.7   Disambiguation based on “one sense per collocation” and “one sense per discourse.”

7.8   An EM algorithm for learning a word sense clustering.

8.1   A diagram motivating the measures of precision and recall.

8.2   Attachments in a complex sentence.

8.3   A document-by-word matrix A.

8.4   A word-by-word matrix B.

8.5   A modifier-by-head matrix C.

9.1   A Markov model.

9.2   The crazy soft drink machine, showing the states of the machine and the state transition probabilities.

9.3   A section of an HMM for a linearly interpolated language model.

9.4   A program for a Markov process.

9.5   Trellis algorithms.

9.6   Trellis algorithms: Closeup of the computation of forward probabilities at one node.

9.7   The probability of traversing an arc.

10.1 Algorithm for training a Visible Markov Model Tagger.

10.2 Algorithm for tagging with a Visible Markov Model Tagger.

10.3 The learning algorithm for transformation-based tagging.

11.1 The two parse trees, their probabilities, and the sentence probability.

11.2 A Probabilistic Regular Grammar (PRG).

11.3 Inside and outside probabilities in PCFGs.

12.1 A word lattice (simplified).

12.2 A Penn Treebank tree.

12.3 Two CFG derivations of the same tree.

12.4 An LC stack parser.

12.5 Decomposing a local tree into dependencies.

12.6 An example of the PARSEVAL measures.

12.7 The idea of crossing brackets.

12.8 Penn trees versus other trees.

13.1 Different strategies for Machine Translation.

13.2 Alignment and correspondence.

13.3 Calculating the cost of alignments.

13.4 A sample dot plot.

13.5 The pillow-shaped envelope that is searched.

13.6 The noisy channel model in machine translation.

14.1 A single-link clustering of 22 frequent English words represented as a dendrogram.

14.2 Bottom-up hierarchical clustering.

14.3 Top-down hierarchical clustering.

14.4 A cloud of points in a plane.

14.5 Intermediate clustering of the points in figure 14.4.

14.6 Single-link clustering of the points in figure 14.4.

14.7 Complete-link clustering of the points in figure 14.4.

14.8 The K-means clustering algorithm.

14.9 One iteration of the K-means algorithm.

14.10 An example of using the EM algorithm for soft clustering.

15.1 Results of the search ‘ “glass pyramid” Pei Louvre’ on an internet search engine.

15.2 Two examples of precision-recall curves.

15.3 A vector space with two dimensions.

15.4 The Poisson distribution.

15.5 An example of a term-by-document matrix A.

15.6 Dimensionality reduction.

15.7 An example of linear regression.

15.8 The matrix T of the SVD of the matrix in figure 15.5.

15.9 The matrix of singular values of the SVD of the matrix in figure 15.5.

15.10 The matrix DT of the SVD of the matrix in figure 15.5.

15.11 The matrix B2×d = S2×2DT2×d of documents after rescaling with singular values and reduction to two dimensions.

15.12 Three constellations of cohesion scores in topic boundary identification.

16.1 A decision tree.

16.2 Geometric interpretation of part of the tree in figure 16.1.

16.3 An example of a Reuters news story in the topic category “earnings.”

16.4 Pruning a decision tree.

16.5 Classification accuracy depends on the amount of training data available.

16.6 An example of how decision trees use data inefficiently from the domain of phonological rule learning.

16.7 The Perceptron Learning Algorithm.

16.8 One error-correcting step of the perceptron learning algorithm.

16.9 Geometric interpretation of a perceptron.


Table of Notations








	[image: image]
	Union of sets




	[image: image]
	Intersection of sets




	A − B, A\B

	Set difference




	Ā

	The complement of set A




	Ø

	The empty set




	2A, P(A)

	The power set of A




	|A|

	Cardinality of a set




	[image: image]
	Sum




	[image: image]
	Product




	p [image: image] q
	p implies q (logical inference)




	p [image: image] q
	p and q are logically equivalent




	[image: image]
	Defined to be equal to (only used if “=” is ambiguous)




	[image: image]
	The set of real numbers




	[image: image]
	The set of natural numbers




	n!

	The factorial of n




	∞

	Infinity




	|x|

	Absolute value of a number




	[image: image]
	Much smaller than




	[image: image]
	Much greater than




	f: A → B

	A function f from values in A to B




	maxf

	The maximum value of f




	min f

	The minimum value of f




	arg max f

	The argument for which f has its maximum value




	arg min f

	The argument for which f has its minimum value




	limx→∞f (x)

	The limit of f as x tends to infinity




	f [image: image] g
	f is proportional to g




	∂

	Partial derivative




	∫

	Integral




	log a

	The logarithm of a




	exp(x), ex

	The exponential function




	[a]

	The smallest integer i s.t. i ≥ a




	[image: image]
	A real-valued vector: [image: image]



	[image: image]>
	Euclidean length of [image: image]



	[image: image]
	The dot product of [image: image] and [image: image]



	[image: image]
	The cosine of the angle between [image: image] and [image: image]



	cij

	Element in row i and column j of matrix C




	CT

	Transpose of matrix C




	[image: image]
	Estimate of X




	E(X)

	Expectation of X




	Var(X)

	Variance of X




	μ

	Mean




	σ

	Standard deviation




	[image: image]
	Sample mean




	s2

	Sample variance




	P(A|B)

	The probability of A conditional on B




	X ~ p(x)

	Random variable X is distributed according to p




	b(r; n, p)

	The binomial distribution




	[image: image]
	Combination or binomial coefficient (the number of ways of choosing r objects from n)




	n(x; μ,σ)

	The normal distribution




	H(X)

	Entropy




	I(X; Y)

	Mutual information




	D(p ‖ q)

	Kullback-Leibler (KL) divergence




	C(·)

	Count of the entity in parentheses




	fu

	The relative frequency of u.




	wij, w(i)(j)

	The words wi, wi+1,. . ., wj




	wi, j

	The same as wij




	wi,. . .,wj

	The same as wij




	O(n)

	Time complexity of an algorithm




	*

	Ungrammatical sentence or phrase or ill-formed word




	?

	Marginally grammatical sentence or marginally acceptable phrase






Note. Some chapters have separate notation tables for symbols that are used locally: table 6.2 (Statistical Inference), table 7.1 (Word Sense Disambiguation), table 9.1 (Markov Models), table 10.2 (Tagging), table 11.1 (Probabilistic Context-Free Grammars), and table 14.2 (Clustering).


Preface

THE NEED for a thorough textbook on Statistical Natural Language Processing hardly needs to be argued for in the age of on-line information, electronic communication and the World Wide Web. Increasingly, businesses, government agencies and individuals are confronted with large amounts of text that are critical for working and living, but not well enough understood to get the enormous value out of them that they potentially hide.

At the same time, the availability of large text corpora has changed the scientific approach to language in linguistics and cognitive science. Phenomena that were not detectable or seemed uninteresting in studying toy domains and individual sentences have moved into the center field of what is considered important to explain. Whereas as recently as the early 1990s quantitative methods were seen as so inadequate for linguistics that an important textbook for mathematical linguistics did not cover them in any way, they are now increasingly seen as crucial for linguistic theory.

In this book we have tried to achieve a balance between theory and practice, and between intuition and rigor. We attempt to ground approaches in theoretical ideas, both mathematical and linguistic, but simultaneously we try to not let the material get too dry, and try to show how theoretical ideas have been used to help solve practical problems. To do this, we first present key concepts in probability theory, statistics, information theory, and linguistics in order to give students the foundations to understand the field and contribute to it. Then we describe the problems that are addressed in Statistical Natural Language Processing (NLP), like tagging and disambiguation, and a selection of important work so that students are grounded in the advances that have been made and, having understood the special problems that language poses, can move the field forward.

When we designed the basic structure of the book, we had to make a number of decisions about what to include and how to organize the material. A key criterion was to keep the book to a manageable size. (We didn’t entirely succeed!) Thus the book is not a complete introduction to probability theory, information theory, statistics, and the many other areas of mathematics that are used in Statistical NLP. We have tried to cover those topics that seem most important in the field, but there will be many occasions when those teaching from the book will need to use supplementary materials for a more in-depth coverage of mathematical foundations that are of particular interest.

We also decided against attempting to present Statistical NLP as homogeneous in terms of the mathematical tools and theories that are used. It is true that a unified underlying mathematical theory would be desirable, but such a theory simply does not exist at this point. This has led to an eclectic mix in some places, but we believe that it is too early to mandate that a particular approach to NLP is right and should be given preference to others.

A perhaps surprising decision is that we do not cover speech recognition. Speech recognition began as a separate field to NLP, mainly growing out of electrical engineering departments, with separate conferences and journals, and many of its own concerns. However, in recent years there has been increasing convergence and overlap. It was research into speech recognition that inspired the revival of statistical methods within NLP, and many of the techniques that we present were developed first for speech and then spread over into NLP. In particular, work on language models within speech recognition greatly overlaps with the discussion of language models in this book. Moreover, one can argue that speech recognition is the area of language processing that currently is the most successful and the one that is most widely used in applications. Nevertheless, there are a number of practical reasons for excluding the area from this book: there are already several good textbooks for speech, it is not an area in which we have worked or are terribly expert, and this book seemed quite long enough without including speech as well. Additionally, while there is overlap, there is also considerable separation: a speech recognition textbook requires thorough coverage of issues in signal analysis and acoustic modeling which would not generally be of interest or accessible to someone from a computer science or NLP background, while in the reverse direction, most people studying speech would be uninterested in many of the NLP topics on which we focus.

Other related areas that have a somewhat fuzzy boundary with Statistical NLP are machine learning, text categorization, information retrieval, and cognitive science. For all of these areas, one can find examples of work that is not covered and which would fit very well into the book. It was simply a matter of space that we did not include important concepts, methods and problems like minimum description length, back-propagation, the Rocchio algorithm, and the psychological and cognitive-science literature on frequency effects on language processing.

The decisions that were most difficult for us to make are those that concern the boundary between statistical and non-statistical NLP. We believe that, when we started the book, there was a clear dividing line between the two, but this line has become much more fuzzy recently. An increasing number of non-statistical researchers use corpus evidence and incorporate quantitative methods. And it is now generally accepted in Statistical NLP that one needs to start with all the scientific knowledge that is available about a phenomenon when building a probabilistic or other model, rather than closing one’s eyes and taking a clean-slate approach.

Many NLP researchers will therefore question the wisdom of writing a separate textbook for the statistical side. And the last thing we would want to do with this textbook is to promote the unfortunate view in some quarters that linguistic theory and symbolic computational work are not relevant to Statistical NLP. However, we believe that there is so much quite complex foundational material to cover that one simply cannot write a textbook of a manageable size that is a satisfactory and comprehensive introduction to all of NLP. Again, other good texts already exist, and we recommend using supplementary material if a more balanced coverage of statistical and non-statistical methods is desired.

A final remark is in order on the title we have chosen for this book. Calling the field Statistical Natural Language Processing might seem questionable to someone who takes their definition of a statistical method from a standard introduction to statistics. Statistical NLP as we define it comprises all quantitative approaches to automated language processing, including probabilistic modeling, information theory, and linear algebra. While probability theory is the foundation for formal statistical reasoning, we take the basic meaning of the term ‘statistics’ as being broader, encompassing all quantitative approaches to data (a definition which one can quickly confirm in almost any dictionary). Although there is thus some potential for ambiguity, Statistical NLP has been the most widely used term to refer to non-symbolic and non-logical work on NLP over the past decade, and we have decided to keep with this term.
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In closing, we can only hope that the availability of a book which collects many of the methods used within Statistical NLP and presents them in an accessible fashion will create excitement in potential students, and help ensure continued rapid progress in the field.
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Road Map

IN GENERAL, this book is written to be suitable for a graduate-level semester-long course focusing on Statistical NLP. There is actually rather more material than one could hope to cover in a semester, but that richness gives ample room for the teacher to pick and choose. It is assumed that the student has prior programming experience, and has some familiarity with formal languages and symbolic parsing methods. It is also assumed that the student has a basic grounding in such mathematical concepts as set theory, logarithms, vectors and matrices, summations, and integration – we hope nothing more than an adequate high school education! The student may have already taken a course on symbolic NLP methods, but a lot of background is not assumed. In the directions of probability and statistics, and linguistics, we try to briefly summarize all the necessary background, since in our experience many people wanting to learn about Statistical NLP methods have no prior knowledge in these areas (perhaps this will change over time!). Nevertheless, study of supplementary material in these areas is probably necessary for a student to have an adequate foundation from which to build, and can only be of value to the prospective researcher.

What is the best way to read this book and teach from it? The book is organized into four parts: Preliminaries (part I), Words (part II), Grammar (part III), and Applications and Techniques (part IV).

Part I lays out the mathematical and linguistic foundation that the other parts build on. Concepts and techniques introduced here are referred to throughout the book.

Part II covers word-centered work in Statistical NLP. There is a natural progression from simple to complex linguistic phenomena in its four chapters on collocations, n-gram models, word sense disambiguation, and lexical acquisition, but each chapter can also be read on its own.

The four chapters in part III, Markov Models, tagging, probabilistic context free grammars, and probabilistic parsing, build on each other, and so they are best presented in sequence. However, the tagging chapter can be read separately with occasional references to the Markov Model chapter.

The topics of part IV are four applications and techniques: statistical alignment and machine translation, clustering, information retrieval, and text categorization. Again, these chapters can be treated separately according to interests and time available, with the few dependencies between them marked appropriately.

Although we have organized the book with a lot of background and foundational material in part I, we would not advise going through all of it carefully at the beginning of a course based on this book. What the authors have generally done is to review the really essential bits of part I in about the first 6 hours of a course. This comprises very basic probability (through section 2.1.8), information theory (through section 2.2.7), and essential practical knowledge – some of which is contained in chapter 4, and some of which is the particulars of what is available at one’s own institution. We have generally left the contents of chapter 3 as a reading assignment for those without much background in linguistics. Some knowledge of linguistic concepts is needed in many chapters, but is particularly relevant to chapter 12, and the instructor may wish to review some syntactic concepts at this point. Other material from the early chapters is then introduced on a “need to know” basis during the course.

The choice of topics in part II was partly driven by a desire to be able to present accessible and interesting topics early in a course, in particular, ones which are also a good basis for student programming projects. We have found collocations (chapter 5), word sense disambiguation (chapter 7), and attachment ambiguities (section 8.3) particularly successful in this regard. Early introduction of attachment ambiguities is also effective in showing that there is a role for linguistic concepts and structures in Statistical NLP. Much of the material in chapter 6 is rather detailed reference material. People interested in applications like speech or optical character recognition may wish to cover all of it, but if n-gram language models are not a particular focus of interest, one may only want to read through section 6.2.3. This is enough to understand the concept of likelihood, maximum likelihood estimates, a couple of simple smoothing methods (usually necessary if students are to be building any probabilistic models on their own), and good methods for assessing the performance of systems.

In general, we have attempted to provide ample cross-references so that, if desired, an instructor can present most chapters independently with incorporation of prior material where appropriate. In particular, this is the case for the chapters on collocations, lexical acquisition, tagging, and information retrieval.

Exercises. There are exercises scattered through or at the end of every chapter. They vary enormously in difficulty and scope. We have tried to provide an elementary classification as follows:

[image: image]        Simple problems that range from text comprehension through to such things as mathematical manipulations, simple proofs, and thinking of examples of something.

[image: image]     More substantial problems, many of which involve either programming or corpus investigations. Many would be suitable as an assignment to be done over two weeks.

[image: image]  Large, difficult, or open-ended problems. Many would be suitable as a term project.

Website. Finally, we encourage students and teachers to take advantage of the material and the references on the companion website. It can be accessed directly at the URL http://nlp.stanford.edu/fsnlp, or found through the MIT Press website http://mitpress.mit.edu, by searching for this book.


PART I

Preliminaries

“Statistical considerations are essential to an understanding of the operation and development of languages”

(Lyons 1968: 98)

“One’s ability to produce and recognize grammatical utterances is not based on notions of statistical approximation and the like”

(Chomsky 1957:16)

“You say: the point isn’t the word, but its meaning, and you think of the meaning as a thing of the same kind as the word, though also different from the word. Here the word, there the meaning. The money, and the cow that you can buy with it. (But contrast: money, and its use.)”

(Wittgenstein 1968, Philosophical Investigations, §120)

“For a large class of cases—though not for all—in which we employ the word ‘meaning’ it can be defined thus: the meaning of a word is its use in the language.”

(Wittgenstein 1968, §43)

“Now isn’t it queer that I say that the word ‘is’ is used with two different meanings (as the copula and as the sign of equality), and should not care to say that its meaning is its use; its use, that is, as the copula and the sign of equality?”

(Wittgenstein 1968, §561)


1 Introduction

THE AIM of a linguistic science is to be able to characterize and explain the multitude of linguistic observations circling around us, in conversations, writing, and other media. Part of that has to do with the cognitive side of how humans acquire, produce, and understand language, part of it has to do with understanding the relationship between linguistic utterances and the world, and part of it has to do with understanding the linguistic structures by which language communicates. In order to approach the last problem, people have proposed that there are rules which are used to structure linguistic expressions. This basic approach has a long history that extends back at least 2000 years, but in this century the approach became increasingly formal and rigorous as linguists explored detailed grammars that attempted to describe what were well-formed versus ill-formed utterances of a language.

However, it has become apparent that there is a problem with this conception. Indeed it was noticed early on by Edward Sapir, who summed it up in his famous quote “All grammars leak” (Sapir 1921: 38). It is just not possible to provide an exact and complete characterization of well-formed utterances that cleanly divides them from all other sequences of words, which are regarded as ill-formed utterances. This is because people are always stretching and bending the ‘rules’ to meet their communicative needs. Nevertheless, it is certainly not the case that the rules are completely ill-founded. Syntactic rules for a language, such as that a basic English noun phrase consists of an optional determiner, some number of adjectives, and then a noun, do capture major patterns within the language. But somehow we need to make things looser, in accounting for the creativity of language use.

This book explores an approach that addresses this problem head on. Rather than starting off by dividing sentences into grammatical and ungrammatical ones, we instead ask, “What are the common patterns that occur in language use?” The major tool which we use to identify these patterns is counting things, otherwise known as statistics, and so the scientific foundation of the book is found in probability theory. Moreover, we are not merely going to approach this issue as a scientific question, but rather we wish to show how statistical models of language are built and successfully used for many natural language processing (NLP) tasks. While practical utility is something different from the validity of a theory, the usefulness of statistical models of language tends to confirm that there is something right about the basic approach.

Adopting a Statistical NLP approach requires mastering a fair number of theoretical tools, but before we delve into a lot of theory, this chapter spends a bit of time attempting to situate the approach to natural language processing that we pursue in this book within a broader context. One should first have some idea about why many people are adopting a statistical approach to natural language processing and of how one should go about this enterprise. So, in this first chapter, we examine some of the philosophical themes and leading ideas that motivate a statistical approach to linguistics and NLP, and then proceed to get our hands dirty by beginning an exploration of what one can learn by looking at statistics over texts.

1.1 Rationalist and Empiricist Approaches to Language

Some language researchers and many NLP practitioners are perfectly happy to just work on text without thinking much about the relationship between the mental representation of language and its manifestation in written form. Readers sympathetic with this approach may feel like skipping to the practical sections, but even practically-minded people have to confront the issue of what prior knowledge to try to build into their model, even if this prior knowledge might be clearly different from what might be plausibly hypothesized for the brain. This section briefly discusses the philosophical issues that underlie this question.

Between about 1960 and 1985, most of linguistics, psychology, artificial intelligence, and natural language processing was completely dominated by a rationalist approach. A rationalist approach is characterized by the belief that a significant part of the knowledge in the human mind is not derived by the senses but is fixed in advance, presumably by genetic inheritance. Within linguistics, this rationalist position has come to dominate the field due to the widespread acceptance of arguments by Noam Chomsky for an innate language faculty. Within artificial intelligence, rationalist beliefs can be seen as supporting the attempt to create intelligent systems by handcoding into them a lot of starting knowledge and reasoning mechanisms, so as to duplicate what the human brain begins with.

Chomsky argues for this innate structure because of what he perceives as a problem of the poverty of the stimulus (e.g., Chomsky 1986: 7). He suggests that it is difficult to see how children can learn something as complex as a natural language from the limited input (of variable quality and interpretability) that they hear during their early years. The rationalist approach attempts to dodge this difficult problem by postulating that the key parts of language are innate – hardwired in the brain at birth as part of the human genetic inheritance.

An empiricist approach also begins by postulating some cognitive abilities as present in the brain. The difference between the approaches is therefore not absolute but one of degree. One has to assume some initial structure in the brain which causes it to prefer certain ways of organizing and generalizing from sensory inputs to others, as no learning is possible from a completely blank slate, a tabula rasa. But the thrust of empiricist approaches is to assume that the mind does not begin with detailed sets of principles and procedures specific to the various components of language and other cognitive domains (for instance, theories of morphological structure, case marking, and the like). Rather, it is assumed that a baby’s brain begins with general operations for association, pattern recognition, and generalization, and that these can be applied to the rich sensory input available to the child to learn the detailed structure of natural language. Empiricism was dominant in most of the fields mentioned above (at least the ones then existing!) between 1920 and 1960, and is now seeing a resurgence. An empiricist approach to NLP suggests that we can learn the complicated and extensive structure of language by specifying an appropriate general language model, and then inducing the values of parameters by applying statistical, pattern recognition, and machine learning methods to a large amount of language use.

Generally in Statistical NLP, people cannot actually work from observing a large amount of language use situated within its context in the world. So, instead, people simply use texts, and regard the textual context as a surrogate for situating language in a real world context. A body of texts is called a corpus – corpus is simply Latin for ‘body,’ and when you have several such collections of texts, you have corpora. Adopting such a corpus-based approach, people have pointed to the earlier advocacy of empiricist ideas by the British linguist J. R. Firth, who coined the slogan “You shall know a word by the company it keeps” (Firth 1957: 11). However an empiricist corpus-based approach is perhaps even more clearly seen in the work of American structuralists (the ‘post-Bloomfieldians’), particularly Zellig Harris. For example, (Harris 1951) is an attempt to find discovery procedures by which a language’s structure can be discovered automatically. While this work had no thoughts to computer implementation, and is perhaps somewhat computationally naive, we find here also the idea that a good grammatical description is one that provides a compact representation of a corpus of texts.

It is not appropriate to provide a detailed philosophical treatment of scientific approaches to language here, but let us note a few more differences between rationalist and empiricist approaches. Rationalists and empiricists are attempting to describe different things. Chomskyan (or generative) linguistics seeks to describe the language module of the human mind (the I-language) for which data such as texts (the E-language) provide only indirect evidence, which can be supplemented by native speaker intuitions. Empiricist approaches are interested in describing the E-language as it actually occurs. Chomsky (1965: 3–4) thus makes a crucial distinction between linguistic competence, which reflects the knowledge of language structure that is assumed to be in the mind of a native speaker, and linguistic performance in the world, which is affected by all sorts of things such as memory limitations and distracting noises in the environment. Generative linguistics has argued that one can isolate linguistic competence and describe it in isolation, while empiricist approaches generally reject this notion and want to describe actual use of language.

This difference underlies much of the recent revival of interest in empiricist techniques for computational work. During the second phase of work in artificial intelligence (roughly 1970–1989, say) people were concerned with the science of the mind, and the best way to address that was seen as building small systems that attempted to behave intelligently. This approach identified many key problems and approaches that are still with us today, but the work can be criticized on the grounds that it dealt only with very small (often pejoratively called ‘toy’) problems, and often did not provide any sort of objective evaluation of the general efficacy of the methods employed. Recently, people have placed greater emphasis on engineering practical solutions. Principally, they seek methods that can work on raw text as it exists in the real world, and objective comparative evaluations of how well different methods work. This new emphasis is sometimes reflected in naming the field ‘Language Technology’ or ‘Language Engineering’ instead of NLP. As we will discuss below, such goals have tended to favor Statistical NLP approaches, because they are better at automatic learning (knowledge induction), better at disambiguation, and also have a role in the science of linguistics.

Finally, Chomskyan linguistics, while recognizing certain notions of competition between principles, depends on categorical principles, which sentences either do or do not satisfy. In general, the same was true of American structuralism. But the approach we will pursue in Statistical NLP draws from the work of Shannon, where the aim is to assign probabilities to linguistic events, so that we can say which sentences are ‘usual’ and ‘unusual’. An upshot of this is that while Chomskyan linguists tend to concentrate on categorical judgements about very rare types of sentences, Statistical NLP practitioners are interested in good descriptions of the associations and preferences that occur in the totality of language use. Indeed, they often find that one can get good real world performance by concentrating on common types of sentences.

1.2 Scientific Content

Many of the applications of the methods that we present in this book have a quite applied character. Indeed, much of the recent enthusiasm for statistical methods in natural language processing derives from people seeing the prospect of statistical methods providing practical solutions to real problems that have eluded solution using traditional NLP methods. But if statistical methods were just a practical engineering approach, an approximation to difficult problems of language that science has not yet been able to figure out, then their interest to us would be rather limited. Rather, we would like to emphasize right at the beginning that there are clear and compelling scientific reasons to be interested in the frequency with which linguistic forms are used, in other words, statistics, as one approaches the study of language.

1.2.1 Questions that linguistics should answer

What questions does the study of language concern itself with? As a start we would like to answer two basic questions:

[image: image]  What kinds of things do people say?

[image: image]  What do these things say/ask/request about the world?

From these two basic questions, attention quickly spreads to issues about how knowledge of language is acquired by humans, and how they actually go about generating and understanding sentences in real time. But let us just concentrate on these two basic questions for now. The first covers all aspects of the structure of language, while the second deals with semantics, pragmatics, and discourse – how to connect utterances with the world. The first question is the bread and butter of corpus linguistics, but the patterns of use of a word can act as a surrogate for deep understanding, and hence can let us also address the second question using corpus-based techniques. Nevertheless patterns in corpora more easily reveal the syntactic structure of a language, and so the majority of work in Statistical NLP has dealt with the first question of what kinds of things people say, and so let us begin with it here.

How does traditional (structuralist/generative) linguistics seek to answer this question? It abstracts away from any attempt to describe the kinds of things that people usually say, and instead seeks to describe a competence grammar that is said to underlie the language (and which generative approaches assume to be in the speaker’s head). The extent to which such theories approach the question of what people say is merely to suggest that there is a set of sentences – grammatical sentences – which are licensed by the competence grammar, and then other strings of words are ungrammatical. This concept of grammaticality is meant to be judged purely on whether a sentence is structurally well-formed, and not according to whether it is the kind of thing that people would say or whether it is semantically anomalous. Chomsky gave Colorless green ideas sleep furiously as an example of a sentence that is grammatical, although semantically strange and not the kind of thing you would expect people to say. Syntactic grammaticality is a categorical binary choice.1

Now, initially, a distinction between grammatical and ungrammatical sentences does not seem so bad. We immediately notice when a nonnative speaker says something really wrong – something ungrammatical – and we are able to correct such sentences to grammatical ones. In contrast, except when there are bad speech errors, a native speaker normally produces grammatical sentences. But there are at least two reasons why we should seek more. Firstly, while maintaining a binary split between grammatical and ungrammatical sentences may seem plausible in simple cases, it becomes increasingly far-fetched as we extend our investigation. Secondly, regardless of this, there are many reasons to be interested in the frequency with which different sentences and sentence types are used, and simply dividing sentences into grammatical and ungrammatical sentences gives no information about this. For instance, very often non-native speakers say or write things that are not in any way syntactically ungrammatical, but just somehow subtly odd. Here’s an example from a student essay:

(1.1)  In addition to this, she insisted that women were regarded as a different existence from men unfairly.

We might respond to this passage by saying that we can understand the message, but it would sound better expressed slightly differently. This is a statement about the conventionality of certain modes of expression. But a convention is simply a way in which people frequently express or do something, even though other ways are in principle possible.

The fact that sentences do not divide neatly into two sets – grammatical and ungrammatical ones – is well known to anyone who has been in linguistics for a while. For many of the complicated sentences of interest to theoretical linguistics, it is difficult for human beings to decide whether they are grammatical or not. For example, try your hand at judging the grammaticality of the following sentences drawn (not at random) from (van Riemsdijk and Williams 1986) – a textbook, not even a research paper – before peeking at the answers in the footnote.2

(1.2)  a.  John I believe Sally said Bill believed Sue saw.

b.  What did Sally whisper that she had secretly read?

c.  John wants very much for himself to win.

d.  (Those are) the books you should read before it becomes difficult to talk about.

e.  (Those are) the books you should read before talking about becomes difficult.

f.  Who did Jo think said John saw him?

g.  That a serious discussion could arise here of this topic was quite unexpected.

h.  The boys read Mary’s stories about each other.

We find that most people disagree with more than one of van Riemsdijk and Williams’s claims about which sentences are grammatical. This result raises real questions about what, if anything, generative linguistics is describing.

This difficulty has led to many statements in the linguistics literature about judgements being difficult, or the facts quite obscure, as if somehow there is a categorical answer to whether each sentence is grammatical, but it is hard for human beings to work out what that answer is. Yet, despite these manifest difficulties, most of theoretical linguistics continues to work in a framework that defines such observations to be out of the realm of interest (relegating them to performance effects). We believe that this is unsustainable. On the other hand, it must be noticed that most simple sentences are either clearly acceptable or unacceptable and we would want our theory to be able to account for this observation. Perhaps the right approach is to notice the parallel with other cases of categorical perception that have been described in the psychological literature. For instance, although the timing of voicing onset which differentiates a /p/ sound from a /b/ sound is a continuous variable (and its typical value varies between languages), human beings perceive the results categorically, and this is why a theory of phonology based on categorical phonemes is largely viable, despite all the movements and variations in phonological production occurring in a continuous space. Similarly for syntax, a categorical theory may suffice for certain purposes. Nevertheless, we would argue that the difficulties in giving grammaticality judgements to complex and convoluted sentences show the implausibility of extending a binary distinction between grammatical and ungrammatical strings to all areas of language use.

1.2.2 Non-categorical phenomena in language

But beyond the above difficulties in giving grammaticality judgements, if we peek into the corners of language, we see clear evidence of failures of categorical assumptions, and circumstances where considerations of frequency of use are essential to understanding language. This suggests that while a categorical view of language may be sufficient for many purposes, we must see it as an approximation that also has its limitations (just as Newtonian physics is good for many purposes but has its limits).3

One source of data on non-categorical phenomena in language is to look at the history of language change (others are looking at sociolinguistic variation and competing hypotheses during language acquisition). Over time, the words and syntax of a language change. Words will change their meaning and their part of speech. For instance, English while used to be exclusively a noun meaning ‘time,’ a usage that survives mainly in a few fixed phrases such as to take a while, but changed to be mainly used as a complementizer introducing subordinate clauses (While you were out, . . .). It doesn’t make sense to say that categorically until some day in 1742 while was only a noun and then it became a complementizer – even if this claim is only being made for certain speakers rather than the speech community as a whole. Rather, one would expect a gradual change. One hypothesis is that if the frequency of use of a word in various contexts gradually changes so that it departs from the typical profile of use of words in the category to which it formerly belonged, and rather its profile of use comes to more resemble words of another category, then it will come to be reanalyzed as a word of that different category. During the period of change, one would expect to see evidence of noncategorical behavior.

Blending of parts of speech: near

At first blush it appears that the word near can be used either as an adjective as in (1.3a) or as a preposition (1.3b):

(1.3)  a.  We will review that decision in the near future.

b.  He lives near the station.

Evidence for near as an adjective includes its position between a determiner and noun as in (1.3a) – a classic adjective position – and the fact that it can form an adverb by adding -ly: We nearly lost. Evidence for near as a preposition includes that it can head the locative phrase complements of verbs like live as in (1.3b) – a classic role for prepositions, and that such a phrase can be modified by right, which is normally restricted to modifying prepositional phrases: He lives right near the station (cf. He swam right across the lake vs. ??That’s a right red car). So far, though, this data is not that surprising: many words in English seem to have multiple parts of speech. For example, many words are both nouns and verbs, such as play: They saw a play vs. They play lacrosse on Thursdays. But the interesting thing is that near can simultaneously show adjective properties and preposition properties, and thus appears to behave as a category blend. This happens in sentences like:

(1.4)  a.  He has never been nearer the center of the financial establishment.

b.  We live nearer the water than you thought.

Realization in the comparative form (nearer) is a hallmark of adjectives (and adverbs). Other categories do not form comparatives and superlatives.4 On the other hand, grammatical theory tells us that adjectives and nouns do not take direct objects, hence we have to insert prepositions after adjectives and say unsure of his beliefs or convenient for people who work long hours. In this sense nearer is behaving like a preposition by heading a locative phrase and taking a direct object. Thus in these sentences nearer is simultaneously showing properties of adjectives and prepositions that are not available to the other category. Hence it is exhibiting a blended status somewhere between these two parts of speech, which are normally taken as categorically distinct.

Language change: kind of and sort of

New uses for the word sequences kind of and sort of present a convincing example of how different frequencies of use in certain constructions can lead to what is apparently categorical change. In modern English, the expressions sort of and kind of have at least two distinct uses. In one, sort or kind functions as a noun with of as a following preposition introducing a prepositional phrase, as in sentences such as What sort of animal made these tracks? But there is another usage in which these expressions can best be thought of as degree modifiers, akin to somewhat or slightly:

(1.5)  a.  We are kind of hungry.

b.  He sort of understood what was going on.

We can tell that kind/sort of is not behaving as a normal noun preposition sequence here because it is appearing in contexts – such as between the subject noun phrase and the verb – where normally one cannot insert a noun-preposition sequence (for example, one cannot say *He variety of understood what was going on).

Historically, kind and sort were clearly nouns. Among other things, they could be preceded by a determiner and followed by a PP:

(1.6)  a.  A nette sent in to the see, and of alle kind of fishis gedrynge. [1382]

b.  I knowe that sorte of men ryght well. [1560]

Unambiguous degree modifier uses did not appear until the nineteenth century:

(1.7)  a.  I kind of love you, Sal—I vow. [1804]

b.  It sort o’ stirs one up to hear about old times. [1833]

It does not appear that this new construction was borrowed from another language. Rather it appears to be a language internal development. How could this innovation have come about?

A plausible hypothesis is to notice that when we have kind/sort of preceding an adjective, then it is actually ambiguous between these two readings:

(1.8)  a.  [NP a [kind] [PP of [NPdense rock]]]

b.  [NP a [AP [MOD kind of]dense]rock]

And what one finds is that between the sixteenth and the nineteenth century, there was a significant rise in the use of kind/sort of in this [Det {sort/kind} of AdjP N] frame:

(1.9)  a.  Their finest and best, is a kind of course red cloth. [c. 1600]

b.  But in such questions as the present, a hundred contradictory views may preserve a kind of imperfect analogy. [1743]

(Note that course is here a variant spelling of coarse.) In this environment, sort/kind of fills a slot that could be occupied by a noun head followed by a preposition, but it also fills a slot that could be occupied by a degree modifier (with a different syntactic structure). As this usage became more common, kind/sort of was more commonly being used in a typical degree modifier slot; in other words, it grew to look syntactically more like a degree modifier. Moreover, the semantics of these particular nouns was such that they could easily be thought of as degree modifiers. This frequency change seems to have driven a change in syntactic category, and in time the use of kind/sort of was extended to other contexts such as modifying verb phrases.

The general point here is that while language change can be sudden (due to either external or internal factors), it is generally gradual. The details of gradual change can only be made sense of by examining frequencies of use and being sensitive to varying strengths of relationships, and this type of modeling requires statistical, as opposed to categorical, observations.

Although there have only been a few attempts to use Statistical NLP for explaining complex linguistic phenomena, what is exciting about the subject matter of this book from the point of view of theoretical linguistics is that this new way of looking at language may be able to account for things such as non-categorical phenomena and language change much better than anything existing today.

1.2.3 Language and cognition as probabilistic phenomena

A more radical argument for probability as part of a scientific understanding of language is that human cognition is probabilistic and that language must therefore be probabilistic too since it is an integral part of cognition. A frequent response to our previous examples of non-categorical phenomena in language is that they are marginal and rare. Most sentences are either clearly grammatical or clearly ungrammatical. And most of the time, words are used in only one part of speech, without blending. But if language and cognition as a whole are best explained probabilistically, then probability theory must be a central part of an explanatory theory of language.

The argument for a probabilistic approach to cognition is that we live in a world filled with uncertainty and incomplete information. To be able to interact successfully with the world, we need to be able to deal with this type of information. Suppose you want to determine whether it is safe to wade through a river. You see that the water is flowing slowly, so probably it won’t drag you away. You are pretty certain that no piranhas or alligators live in this area. You integrate all this information in evaluating how safe it is to cross the river. Now, if someone tells you, “the water is only knee-deep if you walk towards that tall tree over there”, then this linguistic information will be just one more source of information to incorporate. Processing the words, forming an idea of the overall meaning of the sentence, and weighing it in making a decision is no different in principle from looking at the current, forming an idea of the speed of the water, and taking this sensory information into account. So the gist of this argument is that the cognitive processes used for language are identical or at least very similar to those used for processing other forms of sensory input and other forms of knowledge. These cognitive processes are best formalized as probabilistic processes or at least by means of some quantitative framework that can handle uncertainty and incomplete information.

The facts of language often look quite different depending on whether or not one is sympathetic to an important role for quantitative methods in linguistics. A famous example is Chomsky’s dictum that probability theory is inappropriate for formalizing the notion of grammaticality. He argued that computing the probability of sentences from a corpus of utterances would assign the same low probability to all unattested sentences, grammatical and ungrammatical ones alike, and hence not account for linguistic productivity (Chomsky 1957: 16). This argument only makes sense if one has a bias against probabilistic representation of concepts in general. Consider the cognitive representation of the concept tall. Suppose you see a man who is seven feet tall and it is the first person you’ve ever seen of that height. You will easily recognize this person as a tall man, not as an uncategorizable man. Similarly, it will be easy for you to recognize a person of another unattested height, say four feet, as definitely not tall. In this book, we will look at probabilistic models that can easily learn and represent this type of regularity and make the right judgement for unattested examples. Indeed, a major part of Statistical NLP is deriving good probability estimates for unseen events. The premise that all unattested instances will be treated alike in a probabilistic framework does not hold.

We believe that much of the skepticism towards probabilistic models for language (and for cognition in general) stems from the fact that the well-known early probabilistic models (developed in the 1940s and 1950s) are extremely simplistic. Because these simplistic models clearly do not do justice to the complexity of human language, it is easy to view probabilistic models in general as inadequate. One of the insights we hope to promote in this book is that complex probabilistic models can be as explanatory as complex non-probabilistic models – but with the added advantage that they can explain phenomena that involve the type of uncertainty and incompleteness that is so pervasive in cognition in general and in language in particular.

These issues relate to the treatment of semantics in Statistical NLP. We mentioned earlier that most existing work in Statistical NLP has concentrated on the lower levels of grammatical processing, and people have sometimes expressed skepticism as to whether statistical approaches can ever deal with meaning. But the difficulty in answering this question is mainly in defining what ‘meaning’ is! It is often useful in practice if ‘meaning’ is viewed as symbolic expressions in some language, such as when translating English into a database query language like SQL. This sort of translation can certainly be done using a Statistical NLP system (we discuss the process of translation in chapter 13). But from a Statistical NLP perspective, it is more natural to think of meaning as residing in the distribution of contexts over which words and utterances are used. Philosophically, this brings us close to the position adopted in the later writings of Wittgenstein (that is, Wittgenstein 1968), where the meaning of a word is defined by the circumstances of its use (a use theory of meaning) – see the quotations at the beginning of the chapter. Under this conception, much of Statistical NLP research directly tackles questions of meaning.

1.3 The Ambiguity of Language: Why NLP Is Difficult

An NLP system needs to determine something of the structure of text – normally at least enough that it can answer “Who did what to whom?” Conventional parsing systems try to answer this question only in terms of possible structures that could be deemed grammatical for some choice of words of a certain category. For example, given a reasonable grammar, a standard NLP system will say that sentence (1.10) has 3 syntactic analyses, often called parses:

(1.10)  Our company is training workers.

The three differing parses might be represented as in (1.11):

[image: image]

[image: image]

There is (a), the one humans perceive, where is training is the verb group, and two others with is as the main verb: in (b) the rest is a gerund (cf. Our problem is training workers), while in (c) training modifies workers (cf. Those are training wheels). The last two parses are semantically anomalous, but in most current systems semantic analysis is done only after syntactic analysis (if at all). This means that, as sentences get longer and grammars get more comprehensive, such ambiguities lead to a terrible multiplication of parses. For instance, Martin et al. (1987) report their system giving 455 parses for the sentence in (1.12):5

(1.12)  List the sales of the products produced in 1973 with the products produced in 1972.

Therefore, a practical NLP system must be good at making disambiguation decisions of word sense, word category, syntactic structure, and semantic scope. But the goal of maximizing coverage while minimizing resultant ambiguity is fundamentally inconsistent with symbolic NLP systems, where extending the coverage of the grammar to obscure constructions simply increases the number of undesired parses for common sentences and vice versa. Furthermore, experience with AI approaches to parsing and disambiguation, which seek models with deep understanding, has shown that hand-coded syntactic constraints and preference rules are time consuming to build, do not scale up well, and are brittle in the face of the extensive use of metaphor in language (Lakoff 1987). For instance a traditional approach is to use selectional restrictions, and say, for example, that a verb like swallow requires an animate being as its subject and a physical object as its object. But such a restriction would disallow common and straightforward metaphorical extensions of the usage of swallow such as these:

(1.13)  a.  I swallowed his story, hook, line, and sinker.

b.  The supernova swallowed the planet.

Disambiguation strategies that rely on manual rule creation and hand-tuning produce a knowledge acquisition bottleneck, and still perform poorly when evaluated on naturally occurring text.

A Statistical NLP approach seeks to solve these problems by automatically learning lexical and structural preferences from corpora. Rather than parsing solely using syntactic categories, such as part of speech labels, we recognize that there is a lot of information in the relationships between words, that is, which words tend to group with each other. This collocational knowledge can be exploited as a window onto deeper semantic relationships. In particular, the use of statistical models offers a good solution to the ambiguity problem: statistical models are robust, generalize well, and behave gracefully in the presence of errors and new data. Thus Statistical NLP methods have led the way in providing successful disambiguation in large scale systems using naturally occurring text. Moreover, the parameters of Statistical NLP models can often be estimated automatically from text corpora, and this possibility of automatic learning not only reduces the human effort in producing NLP systems, but raises interesting scientific issues regarding human language acquisition.

1.4 Dirty Hands

1.4.1 Lexical resources

So much for motivation. How does one actually proceed? Well, first of all, one needs to get one’s hands on some lexical resources: machine-readable text, dictionaries, thesauri, and also tools for processing them. We will briefly introduce a few important ones here since we will be






1.4.2 Word counts










1.4.3 Zipf’s laws
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