Chapter 1
Introduction

We begin with an introduction to language modeling, the maximum entropy prin-
ciple, non-local dependencies and measures of language model performance that will
be used throughout this dissertation. Work related to this dissertation is also ad-
dressed here. Readers who are familiar with language modeling may skip Sections 1,

2 and 5 of this chapter.

1.1 Language Modeling

Language modeling is a crucial technique in automatic speech recognition (ASR),
optical character recognition (OCR), handwriting recognition, machine translation
(MT) and spelling correction. In a statistical system that converts, e.g., speech A, to
text W, the most probable string W is sought according to the posterior probability
p(W|A). Formally,

A

W = arg mmz}xp(W\A).
Applying Bayes rule, we rewrite the formula above as
= ang e ZAIW) - 2(07)
w p(4)

where p(A) may be ignored because it is the marginal probability of A. The model to

= argmax p(A[W) - p(W),

estimate the probability p(A|W) is called the acoustic model in speech recognition;
the model for estimating the probability p(W) is called the language model.



Let W = wy,wy, - ,wr, where w; is the 7 word in the word string (sentence)
W, and L is the length in words of W. p(W) can be decomposed as

L

p(W) =p(wi,ws, -+ ,wr) = Hp(’wz'|wzfl)

i=1
using the chain rule. Sometimes, w'™' = wy,ws, -+ ,w;_; is called the history of w;
and is denoted by h;.

In large vocabulary speech recognition systems, the probability p(w;|w!™") is diffi-
cult to estimate non-parametrically even for a moderate value of 7, due to limitations
on memory, computation and available data. Therefore, histories h; are clustered into

a manageable number of history classes ¢(h;).

1.2 N-gram Models

The most commonly used language modeling technique represents the word string

W as a Markov chain - the word w; depends on at most N — 1 preceding words

Wie N415" * 5 Wie1, &€, ¢(h;) = Wi—yt1, -+, wi—1. p(W) is then approximated as
L
p(W) & p(ws) - p(wa|wy) - - plwy_1|wi, - ,wy_a) - | [ plwilwingr, -+ wis).
i=N

In practice, N is very small - typically 2 to 4 (a bigram, trigram or 4-gram model,

respectively).

1.2.1 Estimating an N-gram model

The N-gram probability p(w;|w;_ni1,- -+ ,w;_1) can be estimated by the relative

frequency with which w; follows ¢(h;) as

#Win1, -+ Wiz, Wil
f Wi lw,— e Wi =
(wilwi—n1,  Wi-1) #lwi_ N1, wil]

where #[z,y, z] denotes the number of times one observes the tuple (z,y,z2) in a
training corpus. Unfortunately, this estimate suffers from sparse data problem even

for moderate values of N. For instance, to train a trigram model for a small task



(e.g., Switchboard (Godfrey et al., 1992)) with a chosen vocabulary size! of 20,000,
there are 8 trillion free parameters to be estimated but only 3 million samples (or
words) available for training. For example, a possible word triple John likes apples
never occurs in the training data even though the three constituent words occur 56,
190 and 14 times respectively. But the probability of John likes apples should clearly
not be zero. Hundreds of millions of unseen bigrams and trillions of unseen trigrams

need to be similarly assigned a non-zero probability.

1.2.2 Smoothing Techniques

Some smoothing techniques, such as back-off, due to Katz (1987) and Kneser &
Ney (1995), and deleted interpolation, due to Jelinek & Mercer (1980), have been

proposed to assign proper probabilities to events not seen in the train data.

Deleted Interpolation

An N-gram model may be smoothed by interpolating N-gram, N-1-gram,- - -, un-
igram relative frequencies. For example a trigram probability p(w;|w; 2, w; 1) may

be estimated as

p(wilwi—g, wi—1) (1.1)
= A3(wi—o, wi1) f(wilwi_2, wi1) + Ao(wi—2, wi—1) f (wi|w;_1)

A1 (wi—g, i) f(w;) + Ao

where the history-dependent non-negative weights A satisfy

for each history. The training of an interpolation model is a two-phase process:
estimating the relative frequencies using a large set of training data and tuning the

interpolation weights to maximize the likelihood of some “held-out” data. It is worth

IThere are about 20,000 different words in the Switchboard corpus, even though the vocabulary
of English is much larger than this number.



mentioning that this linear interpolation method can be used to combine other models

besides the relative frequency estimate described above.

Back-off

The method of backing-off is very popular in state-of-the-art language models.
Several back-off methods have been proposed by Katz (1987), Kneser & Ney (1995),
Chen & Goodman (1999) and others. These back-off schemes are similar in princi-
ple and have close performance in speech recognition. Therefore, we only show the
principle of the Katz method, which is used for the baseline models in our work.

The basic idea of back-off is to use lower-order Markov models with enough ev-
idence to approximate higher-order ones with insufficient evidence. For example, a

trigram model is estimated as

J(wi|w; 2, w; 1) if #[w;—g, wi_1,w;] > T
p(wilwi-g, wi—1) = { Qp(w;|wi_g, wi_1) if 1< #wio,wi1,w] <T (1.2)

a(w;_o, w;_1)p(w;|w;_1)  otherwise

using Katz back-off, where Q7 is a Good-Turing? (Good, 1953) type function, T is a
threshold (typically 5 to 8) and « is the remaining probability mass for the all unseen

w;. p(w;|w;_1) can be recursively backed-off to a unigram probability estimate, etc.

N-gram models are good in the sense that they are easy to implement, computation-
ally efficient to use and accurate much of the time. However, these models cannot take
long-distance correlations between words into account, since N is very small. This
drawback may lead to inaccurate predictions when the actual predicting information
is beyond the local range. In the later chapters, we will discuss how to compensate

for this drawback by using long-distance dependence.

. Nypgr-(r+1
2Counts r are discounted as #

r

where N, is the number of distinct samples occur r times.



1.3 Non-Local Dependencies

In recent years, several attempts to capture long-distance dependencies for lan-
guage models have been made in either of two directions: incorporation of semantic
content or of syntactic structure in natural language. Topic-(or domain-)related in-
formation has been studied, e.g., by Bellegarda (1998); Clarkson & Robinson (1997);
Chen & Rosenfeld (1998); Florian & Yarowsky (1999); Iyer & Ostendorf (1996);
Kneser et al. (1997) and Martin, Liermann & Ney (1997). The essential idea in
these papers comes from the information retrieval (IR) literature where extensive use
is made of weighted term-frequencies (TF) to discern the topic or domain of a docu-
ment. To see the idea in these papers, consider the words Financial, contract, revival,

futures and exchange in the following sentence:

Financial officials in the former British colony consider the contract es-
sential to the revival of the Hong Kong futures exchange.

Their probability in this specific sentence, given that it addresses the topic finan-
cial news, should be much greater than their probability in the overall corpus. Most
schemes (Clarkson & Robinson, 1997; Iyer & Ostendorf, 1996; Martin, Liermann &
Ney, 1997) exploit such differences in word frequencies across topics by constructing
separate language models for each individual topic or domain. Such an implemen-
tation, however, results in fragmentation of the training text by topic, for which
the usual remedy is to interpolate each topic-specific N-gram model with a topic-
independent model constructed using all the available data. The work in Florian &
Yarowsky (1999) differs from the above methods only in that the topic structure is
hierarchically self-constructed in a bottom-up manner. An alternative presented in
Chen & Rosenfeld (1998) starts off being similar to the technique that will be pre-
sented in this dissertation, but then makes ad hoc changes to an exponential model
with the limited objective of fast rescoring. The work on read speech in Kneser et al.
(1997) is also somewhat similar to our work. However, dynamic shifts in topic are
modeled by a unigram-cache rather than a semantic notion of topic. Lafferty & Suhm
(1996) describe a topic-dependent model very similar to the topic-dependent model

presented here and demonstrate improvement in perplexity over a bigram model with



a relatively small 5000-word vocabulary. The approach based on latent semantic
analysis (LSA) proposed in Bellegarda (1998) is a refreshing departure from these
methods. A matrix of co-occurrences between words and documents is accumulated
from the training data by simply keeping track of which words are found in what
documents. The dimension of the matrix is reduced by singular value decomposition
(SVD).

Relatively few models that utilize syntactic structure for improving over N-gram
models have been proposed (c.f. Lafferty et al. (1992) and Chelba et al. (1997)).
Notable among them are Chelba & Jelinek (1998, 1999), who have used a left-to-
right parser to extract syntactic heads and used them to enhance trigram models. To
illustrate the kinds of dependencies they attempt to capture, consider the following

sentence that illustrates the mechanism used by these models.

Financial officials in the former British colony consider the contract
essential to the revival of the Hong Kong futures exchange.

The word consider is clearly more at home as part of the bigram officials consider
as opposed to colony consider. This intuitive dependence is incorporated into the
abovementioned models by identifying that the prepositional phrase “in the former
British colony” modifies the noun phrase “Financial officials” and by suppressing its
role in predicting the following word, consider. This is achieved, e.g., by a predictor
that uses the preceding syntactic head-words instead of preceding words, where a
syntactic head word is the kernel word in a constituent of a sentence assigned by the
syntactic parser. For instance, officials is the head work for the noun phrase Financial
officials in the former British colony. Furthermore, noun phrases such as “Bank
managers”, “Securities traders” or “Stock brokers” play exactly the same syntactic
role as “Financial officials”. Therefore, if the bigram officials consider happens to
be unseen, the nonterminal label NP’ of the plural noun phrase provides a coarser
classification of the history from which to predict the word consider. This is achieved
via deleted interpolation in Chelba & Jelinek (1998, 1999). Thus the syntactic heads
(including both lexical heads and non-terminal labels) bring both syntactic structure

and an improved back-off scheme to bear on the prediction problem. An alternative



to Chelba & Jelinek (1998) is the work of Roark (2001). More profound syntactic
knowledge is studied and more candidate parses are considered for each sentence in
the latter. A better perplexity reduction and a similar word error rate reduction are
achieved compared to those in Chelba & Jelinek (1998).

The methods mentioned above consider either topic or syntactic dependence but
not both, due to the difficulty of combining dependencies of different forms in one
model and also due to the sparseness of the training data. However, semantic content,
e.g., topics, and syntactic structure of a sentence provide complementary information.
This fact leads us to propose a new language model that can incorporate several
kinds of constraints from different information sources. Maximum entropy (ME)
techniques are efficient means of combining information from different sources in a
single, unified model. Various kinds of statistical constraints can be treated as features

in a maximum entropy model.

1.4 Maximum Entropy Language Modeling

The maximum entropy method was first successfully used in language modeling
by Rosenfeld (1994). Language models integrating triggers and N-gram features were
presented in this dissertation. A substantial perplexity reduction was reported on the
Wall Street Journal (WSJ) task. Several endeavors have been made in building max-
imum entropy language models with non-local constraints in recent years. In Stolcke,
et al (1996) and Berger & Printz (1998), grammatical features from the link gram-
mar (Sleator & Temperley, 1993) were incorporated with N-grams in the maximum
entropy framework. In Chen & Rosenfeld (1998); Kneser et al. (1997) and Khu-
danpur & Wu (1999), topic specific language models were built using the maximum
entropy method. A further attempt to incorporate several sources of information in
one language model were presented in Wu & Khudanpur (1999) and Khudanpur &
Wu (2000). The smoothing techniques for maximum entropy language models have
been studied by Ney, Martin & Wessel (1997).

We illustrate the maximum entropy language modeling method by considering a

trigram model. A trigram model should meet the following unigram, bigram and



trigram constraints:

#[wi—la W;—2, wi]

i|Wi—1, Wi—2) - p(w;—1, w; — ; 1.

P(wiltiy, wiz) - P, i) #/[training datal (1.3)
#[wz’—l,wz‘]

E i|Wi—1, Wi—2) - i-1, Wi—2) = — , 1.4

w'_Qp(w (Wi, Wi-2) - P(Wis, W) #[training datal (1.4)
#[wz‘]

> wi—1, wig) - p(wi g, w; ) = . 1.

i w'_lp(wz|wz 1, Wi 2) p(wz 2, W; 1) #[training data] ( 5)

These constraints define a linear family of probability mass functions (pmfs), and we
choose among them the model that has the maximum entropy, corresponding to the
least additional assumptions on the model. It is well-known that such an ME model
has an exponential form with a parameter A corresponding to each linear constraint

placed on the model:

Auw; -

etwit Wi FAw;_q w;t Wim1,Wi FAw;_g w;_q w;t Wi—2,Wi—1,W;

pa(wi|wi—1, wi—2) = (1.6)

Z(Aa Wi—1, wi—2)

where 2 is a normalization factor. The numerator terms from left to right correspond
to unigram, bigram and trigram constraints in that order where the s are feature
indicator functions and A s are their corresponding weights.

There are two important questions we have not answered yet. First, why the
maximum entropy model satisfying constraints (1.3)-(1.5) has the above exponential
form (1.6). Second, how the feature functions are defined and how the model
parameter A s are obtained. Readers may keep these two questions in mind, and we

will answer them later.

1. .1 d antages o the a imum Entro ethod

There are many advantages of maximum entropy methods. For example, the data
sparseness problems in language modeling can be avoided by setting only reliable
marginal constraints. However, the most distinct advantage of a maximum entropy
framework is its ability to combine different kinds of statistical dependencies in one

unified framework.



For instance, the trigram model (1.6) can be easily augmented by adding topic-

dependent unigram constraints

#[ 5w,
Z p(wiwi 1, wi 2, ) - pwi 1, wi 9) = % (1.7)
Wi—1,Wi—2 '
to achieve the topic-dependent trigram model
ef\wi' w; +/\wi_1 w; Wi—1,W; +’\wi—2 wi_q w;t Wi—2,Wi—1,W; +A i wi ti,w;
pa(wi|wi 1, wi 2, ) = O\ Wir, Wiz, 3) )
(1.8)

where ; is the “topic” of the utterance.

The topic-dependent model (1.8) differs from the trigram model (1.6) only in the
fourth numerator term corresponding to a salient topic-dependent constraint?.

Also note that only topic-dependent marginal constraints and topic-independent
N-gram constraints are set in the above model, and that this avoids the data sparse-
ness problems in estimating a separate conditional probability mass function pmf for
each [w;_1,w;_s, ;| since both tuples [w;_o, w;_1,w;| and [w;, ;] may be seen enough

times even though their conjunctions [w; 9, w; 1, w;, ;] may not.

1. .2 isad antages o the a imum Entro ethod

A fundamental difficulty in implementing such a maximum entropy model is the
heavy computational cost of the training procedure. In state-of-the-art training algo-
rithms (Della Pietra, Della Pietra & Lafferty, 1997; Jelinek, 1997), the computational
complexity for each iteration in the training is at least (| |- ), where | | is the
number of observed “histories” as will be defined later, and is the average number
of words with any non-unigram constraint for each history. Although this algo-
rithm is much better than a straightforward implementation with the complexity of

(| "|-| |), where is the vocabulary, it is still not practical for complex language

models or for large tasks. For instance, even in a small task such as Switchboard

f course, the value of parameters , and . in the topic dependent
model differs from those in the trigram model even though feature functions , 1
and 2 1 are the same.

nigram constraints are also called in the literature
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with only 3 million words in the training data, | | 10 and 10® for the
model with both topic and syntactic dependencies. The problem is more severe for
larger corpora, e.g., Broadcast News (BN), in which both the number of histories and
the average number of words with conditional features go up by one to two orders
of magnitude. We overcome this computational challenge by means of an efficient

hierarchical training method that will be introduced in later chapters.

1. Measuring Language Model er ormance

A direct measure of the quality of a language model in speech recognition is the
word error rate (WER) of the output of the speech recognizer using this model. We
align the reference transcription (truth) with the output of the speech recognizer
(hypothesis) for each utterance and count the number of mismatches (errors). The
word error rate is the ratio of the number of errors to the total number of words in the

reference. The following table provides an example of aligning the reference answer

ome of it runs off right away in to the streams and rivers

with a candidate hypothesis

ome of the runs off right away in terms of the streams rivers.

In the third row of the table, “C” means correct while “S”, “I” and “D” correspond
to three kinds of errors in continuous speech recognition - substitution (S), insertion

(I) and deletion (D), respectively. The word error rate is defined as

W B # of errors I T (1.9)
~ # of tokens in the reference transcripts = + + '
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In the above example, W =4 13~ 31

The performance of a speech recognizer depends on the quality of both the acoustic
model and the language model. To compare the performance of two different language
models, the acoustic model must be fixed and these two language models applied
separately in the recognizer. In our experiments, we generate N-best candidate
sentences for each utterance using a speech recognizer with a baseline (trigram) model,
and then re-score these N-best hypotheses using the new language model.

When a speech recognizer is not available, an alternative measurement perplezity
is used instead (Jelinek, 1990). The perplexity measures the branching factor of a
language model, which shows the average number of words that will follow a given
history.

Let p(z) be the real probability distribution of z, and p (x) be the probability
estimate of x based on a statistical language model  estimated from the training

data. The entropy of p(z) defined as

= - p(z)-logp(z)

can be interpreted as the difficulty of the task of predicting x. The cross-entropy of
p and p is defined as

Zp logp (z).

It can easily be proved that

< ()

The cross-entropy measures the similarity of these two distributions p and p -
the smaller p is, the better the model  approximates p. The perplerity (PPL) of
the test data with respect to the model  is then defined as

L =2 (1.10)

and is used as a quantitative measurement for both the quality of the language model

and the complexity of the text source. For the same text source, the smaller the

where N 00 in this dissertation
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perplexity, the better the model; for the same model, the test data that has larger
perplexity is more difficult to process. Lower perplexity on a given test set usually,
but not necessarily, implies lower WER in speech recognition.

The remainder of the dissertation is organized as follows. Chapter 2 introduces
the maximum entropy principle and the maximum entropy language modeling tech-
niques. Chapter 3 focuses on the efficient training methods for maximum entropy
models. Chapters 4 and 5 discuss how to incorporate semantic, in particular topic,
dependencies and syntactic dependencies, respectively, with N-grams in a language
model. Chapter 6 illustrates how to combine all N-gram, syntactic and semantic
constraints together. Experimental results with detailed analysis will be presented
in each of these chapters. Chapter 7 addresses efficient ways of computing probabili-
ties at recognition time given a maximum entropy model. Even though we focus on
application of maximum entropy language modeling techniques to automatic speech
recognition (ASR) in this research, maximum entropy methods can be easily used in
many other applications in natural language processing. We conclude this dissertation

in Chapter 8.



