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Foreword 

Natural  language processing is often called an "AI-complete" task, in the 
sense that  in order to truly process language (i.e. to comprehend, to translate,  
to generate) full understanding is required, which is itself the ult imate goal 
of Artificial Intelligence. For those who seek solutions to practical problems, 
this is not a desiral)le property of NLP. However, it is possible to address 
reduced versions of the NLP problem without the prerequisite of having first 
solved all of the other arbitrarily-difficult AI problems. There are varions 
ways to restrict the NLP problem: restrict the semantic domain, restrict the 
expressiveness of the syntax, focus on only one aspect of NLP at a time (e.g. 
phoneme recognition, Part-of-Speech tagging, morphological analysis), seek 
only approximate  sohltions (e.g. by replacing a complex cognitive model with 
a statistical component) ,  and so on. The work described in this monograph 
pursues the lat ter  two approaches with significant success. 

The beanty  of statistical techniques for NLP is that  in principle they 
require only training data not manual  reprogramming to solve new or 
extended versions of the same problem. For instance, a Part-of-Speech tagger 
should be ms easily trainable for any subset of English (e.g. legal, medical, en- 
gineering texts) as for the original subset in which it was developed. Moreover, 
it should be applicable to other languages as well, after modifying the tagset 
and possibly the feature set. The drawbacks of statistical systems, however, 
are also significant. It  is difficult to solve the more complex NLP problems 
statistically with acceptable accuracy. I t  is difficult to obtain enough train- 
ing data  for models with large feature sets. It  is a significant challenge to 
create computat ionally-tractable models that  cope with significant combina- 
tions of features. And, it is seldom clear a priori how to design the feature 
set or what  statistical model to use. All these difficulties notwithstanding, 
significant progress has been made in statistical methods for speech recog- 
nition, Part-of-Speech tagging, lexical disambiguation, Prepositional Phrase 
{PP) a t tachment ,  and even end-to-end machine translation. 

Dr. Franz 's  contribution is to develop a statistical paradigm for NLP 
tasks that  makes minimal restrictive a priori assumptions.  Based on loglinear 
modeling with contingency tables, the key idea is to be able to explore nmdels 
that  consider features singly, in pairs, or in larger interacting subsets, ra ther  
than in a single pre-determined and often subopt imal  manner.  Of course, 
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this approach requires careful selection of potentially meaningful features, 
as well as certain simplifying assumptions - such as feature partitioning 
to achieve computational tractability. The results on Part-of-Speech tagging 
and multiple-PP at tachment  structural  disambiguation show the advances of 
this modeling approach over the previous state of the art. Of course much 
more remains to be investigated with respect to statistical NLP and hybrid 
rule-based/statistical approaches, but  the methodology of the research and 
clear initial advances have been established. 

September 1996 Jaime Carbonell 



P r e f a c e  

This is an exciting time for Artificial Intelligence (AI), and for Natural  Lan- 
guage Processing (NLP) in particular. Within the last five years or so, a 
newly revived spirit has gained prominence that  promises to revitalize our 
field: the spirit of empiricism. 

As described by Cohen (1995), the revival of empiricism can be felt 
throughout all of AI. For NLP, empiricism offers a new orientation and a 
new way of looking at problems involving natural  language that  focuses on 
naturally-occurring language data. 

There are three main aspects of the empirical approach to NLP. The first 
aspect concerns the exploration of the natural  language phenomenon under 
study. Initial, pre-theoretical observations are analyzed and s tructured with 
respect to "features" or statistical variables. The da ta  is examined for trends, 
and initial ideas about  causai influences and interactions are formed. 

The growing availability of online text and speech corpora has made it 
possible to perform such exploratory da ta  analysis on natural  language data. 
This enterprise has just begun, and much remains to be learned. Nevertheless, 
I expect that  this type of activity will in time come to be widely accepted a.s 
an essential component  of NLP methodology. 

The second aspect of the empirical method is related to model con,struc- 
tion. Currently, many models in empirical NLP are statistical models of the 
simplest type, implicitly a~ssuming one of the common statistical distributions 
and estimating parameters  directly fi'om the observed training data. 

This is mostly a reflection of the youth of the empirical NLP enterprise. 
After collecting, exploring, and structuring data,  fitting a s tandard statistical 
model is the most obvious next step. In the future, I expect that  the models 
will become more complex, combining both symbolic and statistical elements. 
This is likely to develop into a major  research focus. 

The third aspect of the empirical approach is probably the most  familiar. 
It  relates to formal experiments, statistical hypothesis testing, and the rejec- 
tion or confirmation of scientific hypotheses. In the so-called hard sciences, 
this has long been a part  of the standard methodology. 

Not so in AI. Within NLP, even though formal hypothesis testing remains 
quite rare, this aspect of empiricism has already lead to a widespread concern 
with quanti tat ive evaluation. At the current s tate of the art ,  the main concern 
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usually lies with measuring the accuracy of a model at performing a specified 
task, such as recognizing a spoken word or determining the syntactic structure 
of a sentence. 

If standardized data collections are used, then the accuracies obtained by 
different models can be compared directly, and conclusions about the fidelity 
of the different models can be drawn. This is currently not always the case, 
however; it is often difficult to interpret the reported accuracy measurements. 
As the field develops, I expect that  there will be somewhat less of an em- 
phasis on competition between different implemented systems, and a growing 
emphasis on drawing general conclusions about language processing. 

In this book, we demonstrate the empirical approach to NLP by tackling 
one of the main problems in natural language analysis, the problem of auto- 
matic ambiguity resolution. Using data from the University of Pennsylvania 
Treebank, we investigate three particularly problematic types of syntactic 
ambiguity in English: unknown words, lexical Part-of-Speech ambiguity, and 
Prepositional Phrase at tachment ambiguity. 

It has often been suggested that  effective ambiguity resolution requires the 
integration of multiple sources of knowledge. In this work, we will show how 
to construct procedures for automatic ambiguity resolution that achieve this 
aim in a precisely defined sense: By adopting the loglinear class of statistical 
models, we are able to take into account the interactions between different 
features, and thus obtain a Bayesian posterior probability distribution over 
the response variable that is properly conditioned on the combinations of the 
explanatory variables. 

Our scientific result pertaining to the theory of natural language ambigu- 
ity can be summarized in one sentence: Ambiguity resolution procedures that 
take into account the interactions between analysis features obtain higher 
disambiguation accuracy than procedures that  assume independence. This 
result is derived through a series of experiments that  provide a rigorous eval- 
uation of our models, and a thorough comparison with methods that  have 
been described previously in the literature. 

While this result does not prove that handling feature interactions is 
necessary, it certainly provides a strong indication. In doing so, this work 
suggests a number of avenues for further research on the theory of ambigu- 
i ty resolution. At the same time, the techniques described here yield higher 
disambiguation accuracy than previously described methods, so they are di- 
rectly useful for applied work on natural language analysis. More broadly, 
the methods for data  analysis, modeling, and experimental evaluation that  
are described in this book are relevant to anyone working in NLP or AI. 

This book is based on my PhD dissertation submitted to the Compu- 
tational Linguistics Progranl at Caa'negie Mellon University in 1995. I am 
deeply indebted to nay advisor, Jaime Carbonell, for his continuous help, 
advice, and support. I am also grateful to the other members of my thesis 
committee,  Ted Gibson, Michael "Fuzzy" Mauldin, and Teddy Seidenfeld, for 
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their guidance and encouragement. I would like to thank my fellow Compu- 
tational Linguistics graduate students; the members of the Computational 
Linguistics community in Pittsburgh; my friends and colleagues at the Cen- 
ter for Machine Translation and at Carnegie Group Inc.; Gerald Gazdar, 
who fostered my first interests in natural language; and the Sony research 
members. Finally, I wish to thank Keiko Horiguchi for making life wonderful. 

Tokyo, September 1996 Alexander Franz 
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