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Abstract

Automatic Speech Recognition (ASR) and Statistical Machine Translation (SMT),
among other natural language processing applications, rely on a language model (LM)
to provide a strong linguistic prior over word sequences of the often prohibitively large
and complex hypothesis space of these systems. The language models deployed in
most state-of-the-art ASR and SMT systems are n-gram models. Several statistical
frameworks have been proposed to build more complex models and “put (the syntactic
structure of) language back into language modeling.” Yet, n-gram models, despite
being linguistically naive, are still favored, because estimating them from text is
well understood, they are computationally efficient, and integrating them into ASR
and SMT systems is straightforward. This dissertation proposes novel algorithms
and techniques that make it practical to estimate and apply more complex language
models in ASR and SMT tasks, in particular syntactic modes for speech recognition.

While yielding significantly better performance than n-gram models, the syntactic
structured language models (SLM) can not be efficiently trained on a large amount of

text data due to the impractical size of the resulting model. A general information-
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theoretic pruning scheme is proposed to significantly reduce the size of the SLM while
maintaining its prediction accuracy, therefore enabling efficient maximum likelihood
estimation of the SLM parameters.

The SLM, and other long-span language models, can not be directly applied dur-
ing decoding or word lattice rescoring. Instead, these models are limited to an N-best
rescoring framework, which as a search algorithm suffers from several known deficien-
cies and inefficiencies. Leveraging the theory and efficient algorithms for finite-state
automata (FSA), an effective hill-climbing algorithm is developed for rescoring ASR
lattices using long-span language models. It is shown that integrating the SLM into an
ASR system in this manner significantly improves the WER over the computationally
comparable N-best rescoring technique.

Discriminative training of language models with long-span features, such as syn-
tactic dependencies, triggers, and topic information, is limited to N-best lists for
similar reasons. The FSA based hill climbing algorithm, proposed for the application
of long-span models to ASR lattice rescoring, also paves the way for efficient discrim-
inative training of long-span language models on speech lattices and thus, alleviates
the shortcomings of N-best training.

Long span language models—regardless of whether they are trained via maximum
likelihood or trained discriminatively, and during both training and application—rely
on auxiliary tools to extract nonlocal features. In the case of the SLM the syntactic

features include a part of speech (POS) tagger and a parser for extracting features for
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each hypothesis during rescoring. These tools also slow down the application of such
models in deployed systems. A general principle is presented wherein substructures
common to multiple hypotheses are efficiently shared in the transition based struc-
tured prediction algorithms employed by these auxiliary tools. It is shown that the
proposed substructure sharing algorithm results in substantial speedup when utilizing
these tools in automatic speech recognition.

The four methods and algorithms described above and detailed in this dissertation
are evaluated using a state-of-the-art ASR system. It is demonstrated that these
techniques could make the use of syntactically informed language models practical
and hence, widespread. While this dissertation focuses on methods to efficiently apply
syntactic language models to automatic speech recognition, many of the developed
techniques may be used to efficiently utilize other complex language models in ASR

and other applications such as machine translation.
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Chapter 1

Introduction

1.1 Problem

Automatic Speech Recognition (ASR) and Statistical Machine Translation (SMT),
among other natural language applications rely on a language model (LM) to gen-
erate coherent natural language text. The LM plays a crucial role in identifying the
correct word sequences by providing a strong prior over word sequences, in the often
prohibitively large and complex hypothesis space of these systems.

Several advanced language modeling techniques and approaches have been pro-
posed during the last two decades. Yet, most state-of-the-art ASR and SMT systems
rely on the n-gram language modeling technique. While n-gram models are simple
and efficient, it is widely believed that limiting the context to only the (n — 1) most

recent words ignores the linguistic structure of language. Perhaps, the main rea-
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sons for n-gram models to still be regarded as the dominant approach despite being

linguistically naive are that

e cstimating them from text, large or small, is well understood, straightforward,

and efficient, and

e the computational complexity vs. performance trade-off has long been in favor
of m-gram models due to the prohibitive complexity of linguistically motivated

language models.

The theoretical insufficiency of simple Markov models has been known for many
years, e.g. Chomsky [3] proves that English cannot be modeled by a Markov chain
because of long distance syntactic dependencies. Brill et al. [4] performed a series of
experiments where humans are asked to correct and edit the output of an ASR system;
additionally, the human subjects were asked to determine what types of information
were used in their decision making process. They concluded that not only were
humans able to make significant improvements in ASR over n-gram models', but
furthermore the improvements were largely due to the use of linguistic information
and proficiencies.

There has been a continuous push among researchers in the language modeling
community to remedy the weaknesses of linguistically impoverished n-gram mod-
els and several statistical frameworks have been proposed to build liguistically well-

motivated models which take syntactic, semantic, and other long-dependencies into

!They carried out the experiments over different domains.
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account; In particular, there have been numerous efforts to incorporate syntactic in-
formation into language modeling [5] [6] [7] [2] [8] [9] [10]. The reason behind the use
of syntactic knowledge in language modeling is quite simple and obvious: It is widely
believed that natural language has syntactic structure. In addition, for domains and
languages for which the availability of data is limited, the deep linguistic information
captured by syntactic models may be the only way to improve upon n-gram models
which rely entirely on co-occurrence statistics for their estimates?.

One of the first successful attempts to build a statistical language model using
syntactic structure and analysis was the structured language model (SLM) of Chelba
and Jelinek [5], which showed a lot of promise and opened a new exciting area of
language modeling. The basic idea behind structured language modeling is that
the longer distance dependencies—such as the dependency between a verb and its
subject—captured using a statistical parser are more useful, in terms of predicting
words, than the recent previous context words. Unfortunately, practically issues such
as its training scalability and the added complexity of applying it to ASR or SMT have
prevented the widespread use of linguistically-informed SLMs in real applications.

First, the use of a probabilistic parser to reveal the dependencies in the history
results in a mixture of possible equivalence classifications of history for each word posi-

tion, which ultimately makes the framework impractical for estimating the parameters

2 Although building robust and reliable statistical NLP tools such as POS taggers and parsers
needed by syntactic language models for domains and languages with limited data availability is by
itself a great challenge, we now have access to machine learning based methods and algorithms in
the NLP community to build such high quality tools in semi-supervised and unsupervised scenarios.
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of the model on a large amount of text data, and affects its training scalability.

Second, SLMs, like other proposed complex long-span language models, do not
follow the simple Markov assumption and often rely on information far back in the
context; Therefore, these models are not easily amenable to the left-to-right dynamic
programming that is crucial in the (first pass) decoding for ASR or SMT. Instead,
these complex models are applied in an N-best rescoring framework, where an n-
gram model is used to generate a first pass search space, i.e. lattices in case of ASR
task, and then the complex model is applied to rescore the top N hypotheses in the
resulting search space. N-best rescoring, however, suffers from several well-known
deficiencies and inefficiencies. To fully realize the superior power of utilizing long-
span language models for the desired task, N needs to be sufficiently large, which
increases the complexity of applying such models.

Moreover, the non-local features used in these models are usually extracted from
a set of ASR hypotheses via auxiliary tools®, which in the case of syntactic features
include part of speech (POS) taggers and parsers. Finally, separately applying the
auxiliary tools to each N-best list hypothesis leads to major inefficiencies as many
hypotheses differ only slightly. Techniques for exploiting their commonalities are
therefore in order.

This dissertation proposes strategies and algorithms to address such issues con-

3Some of the long-span language models integrate these tools as part of the model and are
categorized as joint models. As an example, in the original SLM of Chelba and Jelinek [5] a POS
tagger and a constituent statistical parser are part of the generative model of language. Other
models such as the ones used in [9] and [6] rely on external auxiliary tools to incorporate long-span
features into their language model.
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cerning the practicality of complex models, particularly syntactic models. First, a
framework is presented for training an efficient SLM based on dependency struc-
tures, derived using a state-of-the-art incremental parser. We demonstrate a new
technique to maintain model compactness on a large training corpus using a gen-
eral information-theoretic pruning method to reduce the size of the model. We then
propose an efficient rescoring algorithm based on the well-known hill climbing idea
to address the issues concerning the inefficient N-best rescoring presently used for
applying long-span models. In fact, we show that our SLM when combined with the
proposed hill climbing rescoring algorithm significantly improves over the baseline
n-gram model while still remaining practical for the ASR task. Finally, we propose
a general modification to the auxiliary tools used by syntactic language models to
utilize the commonalities among the set of hypotheses being processed by the model,
either in N-best rescoring or the proposed hill climbing algorithm.

The net result of the efficient estimation and application of SLMs via hill-climbing,
while taking advantage of common substructures across the encountered hypotheses
set, is arguably the first syntactic LM that is both fast enough accurate enough to be
used in real time ASR applications.

While we mainly focus on syntactic language models and efficient ways to apply
them in speech recognition, many of the developed techniques in this dissertation
may be used to efficiently utilize other complex language models in ASR task and in

other tasks such as machine translation.



Chapter 2

Background

This chapter provides the general background information for the problem of
language modeling in automatic speech recognition (ASR) task. In the first part
we introduce the task and review prior work on language modeling. Our emphasize
is mainly on n-gram language models as they are still very much the state-of-the-art
due to the simplicity and good performance. Those readers familiar with the speech
recognition task and language modeling may skip this part.

The second part of this chapter provides an empirical study which shows that
n-gram language models are weak word-predictors for the positions in a sentence
where syntactic relations go beyond the limited n-gram context. The founding of this
study suggests the need for explicit syntactic information in language models and
motivates our efforts for building practical and efficient frameworks for incorporating

such models into ASR systems.
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2.1 A Statistical Formulation of the Speech

Recognition

In the current statistical formulation of automatic speech recognition (ASR) sys-

tems [11], the recognizer seeks to find the word string

—~

W = argmax P(W|A) = argmax P(A|W)P(W)
w W

where A denotes the speech signal', P(A|W) captures the probability that signal A
is observed when the word string W is uttered, and P(W) is the a priori probability
that the speaker will utter W. The estimate for these probabilities are computed
using statistical models where the parameters are estimated from data. The search

for the maximizer W is carried over all possible word sequences W,
W =wws- - -w,, w; €V

where V' is the vocabulary used by the ASR system.
The probability P(A|W) for any sequence of acoustic features A = ajay - - - ar and

word sequence W = wyws - - - w,, is estimated using an acoustic model?. The acous-

!The acoustic signal is a continuous signal and is not directly modeled. Instead, the acoustic
signal is processed using the front-end pre-processing stage where a sequence of acoustic feature
vectors are extracted and represented by A.

2Since the focus of this dissertation is mainly on language modeling, we briefly describe the most
common technique for acoustic modeling and refer readers to [12] for details.
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tic models in the state-of-the-art ASR systems are hidden Markov Models (HMM),
where the HMM for P(A|WW) is composed by concatenating the HMM’s for the indi-
vidual words wy, ws, - -+ , wy,; The HMM for each w; in turn is composed by concate-
nating the HMMs of the subword units, typically phonemes, that make up w;. The
HMM for each phoneme typically has a 3 state left-to-right topology®. The sequence
of input acoustic features A are aligned to the states of the concatenated HMM for W,
where observing an input acoustic vector by each state is modeled using a mixture of
Gaussian distributions, also known as Gaussian Mixture Model (GMM). The param-
eters of the acoustic model are efficiently trained from large amount of transcribed
speech using the Forward-Backward algorithm [14].

For the rest of this chapter, we discuss and explain the role of the second main
component of an ASR system, i.e. language model, that estimates the probability

P(W). We start by giving a general description of a language model.

3To model the effect of neighboring phones, context dependent HMM based phones are used
instead of context independent HMMSs where the phone sequence is converted to to context dependent
phones such as tri-phones. Moreover, to avoid the sparsity issue as a result of using context dependent
HMMs (the number of tri-phone HMMs is (#phones)?), context dependent HMM states which have
same acoustic properties are tied in practice, throughout the use of decision trees [13].
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2.2 The Statistical Language Model

The aim of a language model is to assign a probability to any sequence of words

W = wiwy - - - w,, where w; € V. Using the chain-rule, P(W) may be factored as?

n

P(W) =[] p(wilwi_y, - ,w) (2.1)

=1

Note that in this factorization, we only need to define a conditional probability for
each word (from a finite vocabulary V') given its sentence prefix (history).

Even with a moderate vocabulary size, the number of conditional probabilities
p(w;|w;_1,- -+ ,wy) that need to be estimated becomes unboundedly large and many of
the word sequences in the history wyws - - - w;_; will never be seen in the training data
used for training P(W). In order to overcome the problem of sparsity for estimating
p(w;|w;_1,- -+ ,wy), the history W_; = wy,ws, -+ ,w;_1 is mapped to an equivalence

class determined by a function ¢ : V* — {1,2,--- , M}, so that one may set

n

P(W) = Hp(wi‘ﬁb(W—i))' (2.2)

=1

Different language modeling techniques arise from applying different equivalence

mappings, along with different parameterization of the conditional probabilities in the

4Although, there have been attempts to avoid this factorization by using whole sentence mod-
els [15], in this dissertation we use this factorization for generative language modeling. Another
example of language models which do not use this factorization is the parser-based language model
of Charniak [7], where the probability of a sentence is computed by marginalizing the probability of
parse trees.
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equation above (resulting from the chosen mapping). State-of-the-art ASR systems

use a simple (n — 1)-gram equivalence classification for the language model

d(W_;) = Wimps1, Wimpt2, -+, Wiq (2.3)

along with regular conditional probabilities as parameters, which results in an n-gram
language model. According to the mapping above, histories that end in the same last
n — 1 words are equivalent. Almost all state-of-the-art ASR systems use this simple
but but effective equivalence classification. We discuss different n-gram language
modeling techniques in Section 2.2.2. However, let us first formally define metrics for
measuring the quality of a language model, which is pivotal for evaluating different

language modeling techniques, in the following section.

2.2.1 Performance Measure for Language Models

As it is the case with other statistical models, the quality of language models
can vary due to differences in the amount of training data, quality/domain of the
training data, parameterization of the model, etc. Therefore, formal evaluations are
inevitable for comparing the quality of different language models. Here, we introduce
two popular metrics used for measuring the quality of language models. The first is
an intrinsic metric based on the divergence between the distribution implied by the

language model and the ground truth distribution. The second is an extrinsic metric

10
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of the impact of the language model on the desired application, which in this thesis

is an ASR system.

2.2.1.1 Perplexity

Language models are typically evaluated through their perplezity on test data, an

information-theoretic assessment of their predictive power [16,17],

PPL(pMm) = exp <—%ZIOgPM(wi‘Wi>>

_ ! (2.4)

([T p—ar (wi| W)

where |T'| is the size of the test data and pjy/(w;|W_;) is the conditional probability
calculated by the language model at each word position. PPL is just the inverse of the
(geometric) average probability assigned to each word in the test set by the model.
Intuitively, perplexity is the “branching factor”, or the geometric average number
of choices the LM has when predicting the next word. Hence, low PPL is desirable.

PPLs from different models can be compared provided that:

e They are both calculated on a same test set.

e Both models are using the same vocabulary.

e Conventions such as counting the end of sentence symbol, </s>, as a word

during PPL calculation should be consistent for the models being compared.

11
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The reason PPL measures the goodness of a LM is due to the fact that it is related to
the distance between the estimated probability distribution (through the LM) and the
empirical distribution (of a test set). To observe this, one can re-write the Eqn. 2.4

as,

PPL = exp (Zp*(w, h) logpM(w|h))

w,h

where h indicates the history of the word-position w and p*(w,h) is the empirical
(joint) distribution of (w, h) estimated on test set. The exponent above may be re-
garded as a cross-entropy of the test distribution and the LM distribution. Adding the
exponent above to the negative entropy of the empirical distribution (which remains

the same for any LM) results in,

D(p*|lp) = Y p"(w, h) log p*(w|h) + > _ p*(w, h)log pas (w|h).

Therefor, a lower PPL results in lower Kullback-Leibler divergence between the un-
derlying probability distribution implied by the LM and the empirical distribution of
the test data.

Despite the fact that perplexity has been a popular comparison measure (because
it allows language model research to develop independently of ASR systems, and it
has many information-theoretically motivated properties), researcher have observed,

that perplexity of different LMs does not always correlate well with their relative

12
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performance in the desired task such as ASR [18,19])°. In case of ASR, this is mainly
because perplexity fails to take into account the acoustic confusibility between words

and other search issues in a recognizer.

2.2.1.2 Word Error Rate

In speech recognition, language models are evaluated by the word-error rate
(WER) that results from using the LM in a automatic speech recognition (ASR)
system. WER is the edit-distance (Levenshtein distance) between a reference tran-

scription of the speech and the automatic transcript (hypothesis),

I+D
WER = DTS (2.5)

# words in reference

where I, D, and S are the number off of word insertions, deletions, and substitutions,
respectively, required to transform the automatic transcript (hypothesized by the

ASR system) into the reference transcription.

2.2.2 n-gram Language Models

The most popular language models are based on a simple equivalence classification

that uses an (n — 1)-th order Markovian assumption, i.e. that the word w; only

® Although experimental results for ASR in [18,19] suggests that perplexity can predict word-error
rate quite well for n-gram models trained on in-domain data, perplexity is a poor predictor for other
language models such as class n-gram models or the language models are trained on out-of-domain
data.

13
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depends on the immediately preceding n — 1 words (Eqn. 2.3). The parameters
of this model, i.e. the conditional probabilities, are estimated using the maximum
likelihood criterion on a collection of training text data. It can be shown that the

maximum likelihood solution has the following form:

A C(w? )
i—1 - i—n+1
Py (Wil ) = = mT (2.6)
(wifnJrl)
where wj- = wj,wj41 -+ ,w; and C(w!_,,,) is the number of times the n-gram
Wi—p41, Wi—nt2,  , W;—1 occurs in the training data and C(w}— 1) = >, oy C(wi_, 1)

The maximum likelihood solution above is problematic as it assigns unseen n-
grams a probability of 0 and does not generalize well®. To address this problem,
smoothing is used, where the probabilities of observed n-grams are discounted and the
discounted probability mass is re-distributed to assign non-zero probabilities to unseen
n-grams. There have been many proposed smoothing algorithms for n-gram language
models. In the following subsections, we describe two popular and most frequently
used methods, namely Katz smoothing [20] and Kneser-Ney [21] smoothing”. It
has been experimentally shown that Kneser-Ney smoothing consistently outperforms
other smoothing techniques for the ASR task [17]. We refer readers to the thorough

empirical survey of Chen and Goodman [17] for measuring the performance of different

When we move to higher order n-gram models, the problem of unseen n-grams becomes more se-
vere. While these models enable us to capture more context, their estimated conditional probabilities
becomes more sparse and less robust.

"Another famous smoothing technique is Jelinek-Mercer smoothing [22] which is thoroughly de-
scribed in Chapter 3.1 and used as a modeling tool for building our structured language model.

14
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smoothing techniques.

2.2.2.1 Katz Smoothing

Katz smoothing uses a form of discounting in which the amount of discounting
is proportional to that predicted by the Good-Turing estimate [23]. Good-Turing

estimates are applied in a backoff scheme:

C(wg—n-‘—l)
Cwih) r >k,
Pratr (Wil 1) = d, o azpeet) k> >0, (2.7)
(wifnJrl)
o (w:::’rll—&-l ) Pratz (Wi |wf:7ll+2) otherwise.

where k is some empirically chosen count above which no discounting is applied,
r = C(wi_,,,) is the (training) count of the n-gram and d, is the discounting ratio,

defined as follows:

r* (ktDng+1

b= (2.8)

ni

where n, is the count of n-grams (in training data) occurring r times and r* is the

adjusted count for n-grams that occur r times, given by the Good-Turing formula®.

8The Good-Turing estimate states that for any n-gam that occurs r times, it’s expected count is
r* using count-counts statistics.

15
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That is,

L1
r*:(r+1)nn+ .

According the Katz formulation in Eqn. 2.7, n-gram counts with r» > k are not
discounted and are considered reliable. In addition, a(w._,,,), the backoff weights,
are calculated to ensure proper probabilities, i.e. Y,y Pratz(wilw]—) ) = 1. It
is worth mentioning that the total number of counts discounted from infrequent n-
grams with 1 < r < k in the Katz smoothing is equal to the total number of counts
that should be assigned to n-grams with zero counts according to the Good-Turing

estimate.

2.2.2.2 Kneser-Ney Smoothing

The original Kneser-Ney (KN) smoothing [21] is based on the idea that the lower-
order model is significant only when the count of n-gram is small or zero in the
higher-order model, and so should be optimized for that purpose. As an example
consider the word york which is a fairly frequent word in English. So, in a uni-
gram language model, it would be given a fairly high probability. Therefore, using
any backoff language model, the bi-gram probability of ”york|w”, for w’s for which
"w york” does not occur at all in the training data, is assigned a high probability

through the lower order uni-gram probability. However, when york occurs, it almost

16
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always directly follows the word new. Therefore, we expect york to be very likely
after we have seen new, but otherwise it should be assigned a very low probability.
Recall that in the backoff scheme, the unigram model is only used if the bigram
model is inconclusive, i.g. for unseen bigrams. Therefore, in a backoff unigram
model, it is desirable to give the word york much less probability than its raw count
based estimate. Kneser-Ney smoothing utilizes this idea by taking into account the
diversity of histories and replacing the raw counts with the count of unique histories
preceding a word for estimating unigram probabilities®.

Chen and Goodman [17] proposes a interpolated version of the original Kneser-
Ney smoothing method, which they show empirically outperforms the original backoff

version:

max (C’(w,ff_nﬂ) - D, 0) (!

O(w::711+1> i—n—i—l)pKN (w%|wz::z+2)7 (29)

PKN(wi|w§:}L+1) =

where (w! "} 1) is calculated as follows to ensure a valid probability:

V(W ya) = D (2.10)

where Ny;(w_,.,,®) is the number of unique words (types) that has been seen in

9The motivation used in the original text is totally different than the one described here [17].

17
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1—1

the training data to follow a given context w;_, ,, i.e.

Nip (w20, 0) = Hw; : Clwj_, 1) > 0}, (2.11)

We argued that for lower order n-grams it is better to base the estimation of the
probability distribution on the count of unique histories in which word w; may appear,
instead of raw counts. To this end, KN smoothing replaces the number of observed n-
grams C/(w;|w}_} ) with the number of unique words preceding w¢_, ., for estimating
the lower order distribution pxn(w;|w._,.,). Ney et al. [24] suggests estimating the

discounting factor, D, using deleted estimation on the training data which results in

the value

p=—" (2.12)
ny + 2n2

where n; and ny are the number of n-gram with count 1 and 2 in the training data,

respectively. Alternatively, the D parameter can be optimized using held-out data.
Additionally, Chen and Goodman [17] argued that better results can be achieved

by using not a fixed discounting factor D for all n-gram counts, but a discounting

value that depends on the n-gram itself. They propose using three different discount

18
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values based on the count of the event under consideration:

D1 if C’(wf_nH) =1
D (C(w;_py1)) = Dy it C(w_,.,) =2 (2.13)

D3y if O(wi_pi1) =3

It turns out that optimal discounting parameters Dy,Ds, and D3, have the following

values (using deleted estimation on the training data),

D, =1-2D2
n
Dy, =2—3D2
U

Dy, =3 —4D™
ns

Using the discounting factors above, the modified interpolated KN smoothing assigns

the following n-gram probabilities:

max (C(w}_,.;) — D (C(w!_,.1)),0) i

- + ~y(wt wW; witt ).
C(UJZ:}IH) 7( z—n—l—l)pKN( ‘ i n+2)

pKN(wi‘wz:}z+1) =

(2.14)
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Again, y(w!"} +1) is set so that a valid probability distribution is obtained. That is,

Zje{1,2,3+} Dij<w':::71H—17 °)
C(wﬁiiﬂ)

V(Wi pgr) = (2.15)
The modified interpolated KN has been shown to outperform most of other smoothing
techniques and is widely regarded as the-state-of-the-art n-gram language modeling
technique in ASR systems. Throughout this dissertation, we use the modified inter-

polated KN smoothing for building the baseline n-gram models.

2.2.3 Other Language Models

There have been many different statistical methods, besides the regular n-gram
models, developed for language modeling in the past couple of decades [25] [26]'.
In the following subsections, we briefly review a few of these techniques and refer
interested readers to an extensive survey by Goodman [26] for details. In particular,
we describe discriminative language models, as part of this dissertation (Chapter 5)
attempts to address challenges faced in incorporating long-span features using the

discriminative framework.

10Perhaps, the main reason the language modeling field has attracted many researchers during
this era is due to it’s direct impact on automatic speech recognition, machine translation, spelling
correction and many more applications.
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2.2.3.1 Maximum Entropy Models

One approach to estimating the LM’s parameters relies on Maximum Entropy
(MaxEnt) learning [27]. In recent years, MaxEnt learning has become a popular
approach for estimating language model parameters from a large corpus of text [28].
MaxEnt models allow for the inclusion of arbitrary features, providing a unified frame-
work for combining a range of different dependencies [29]. Additionally, MaxFnt
learning provides a well formed model to which new machine learning techniques
can be naturally applied, i.g. different machine learning based techniques can be
used to perform domain adaptation of MaxEnt LM parameters [30,31] or L1 and
L2-regularization techniques can be easily applied to perform feature selection and
smoothing of the parameters [32]. In contrast, n-gram language models must satisfy
back-off constraints and ensure that the model parameters (conditional probabilities)
sum to one. MaxEnt models often yield comparable or better performance compared
to standard n-gram models [28,29].

Under the MaxEnt framework, the probability of word w given the history h has

a log-linear (exponential) form!!,

Py(w|h) = ZAl(h) exp <Z A fi(w, h)> (2.16)

' The maximum entropy principle constructs a joint probability distribution that satisfies certain
constraints (on training data) while staying ignorant about everything the constraints do not specify,
i.e. it seeks most uniform probability distribution that satisfies the constraints. It is easy to show
— using Lagrange multipliers — that these maximum entropy assumptions result in an exponential
distribution [11].
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Zx(h) is the normalization factor for the given history h,

w'eV

Zy(h) =) exp (Z A S (! h)). (2.17)

fj(w, h) is the j-th feature function based on word w and history h. Each \; represents
the weight of the corresponding feature and the set of feature weights A = {1, Ag, -+ }
forms the parameters of the model, estimated during LM training. In the case of n-
gram MaxEnt models, each n-gram corresponds to a single features. For instance, a

bigram (a, b) feature would take the form:

1 if w=>5and h ends in a
filw, h) =

0 otherwise
for some a and b. Typically, for an n-gram MaxEnt model the feature set and param-
eters are defined to include all the n-grams (n = 1,2,--- N where N is the order of
the LM) seen in the training data. The parameters of a MaxEnt LM are estimated
to fit the training sentences using a Maximum Likelihood (ML) criterion'?. There
are several approaches to maximizing the ML objective, such as Generalized Iterative
Scaling (GIS) [33], or gradient based methods, such as L-BFGS [34]. In addition, an

Ly regularization term ||A||} with weight v is added to the ML objective function to

prevent overfitting and provide smoothing [32]. 7 is usually chosen empirically using

121t can be shown that the ML criterion using the exponential parametrization of Eqn. 2.16 is the
dual objective fo the maximum entropy objective function.
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a development set.

A significant disadvantage of MaxEnt LM training is the need to compute the
normalizer, also called the partition function Z,(h) in (2.17), for which one must
sum over all possible words w € V for every history h. In the naive implementation
of an n-gram MaxEnt LM, the complexity for computing normalization factors (and
feature expectations) for a single iteration, therefore, is O(|H| x |V]), where |H|
is the number of history tokens seen in training data and |V is the vocabulary size,
typically on the order of tens of thousands. Wu [29] proposed a hierarchical method for
nested and non overlapping features, e.g., n-gram features. The hierarchical training
procedure reduces the complexity for calculating normalization factors and n-gram
feature expectations (for one iteration) to O(Y°Y_| #n-grams), the same complexity
as training the corresponding back-off n-gram LM.

Despite the fact that MaxEnt LMs introduces a unified framework for incorpo-
rating arbitrary features such syntactic features, its computational complexity makes

their application challenging specially for large-scale applications!s.

2.2.3.2 Discriminative Language Models

All the language model techniques covered so far are categorized as generative. An
alternative method for language modeling is discriminative models. Unlike generative

models where the training objective is to compute maximum likelihood estimate on

13The hierarchical approach of Wu [29] loses its effectiveness when working with arbitrary non-
nested features.
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a huge amount of text data, discriminative models directly attempt to minimize the
recognition error while estimating the parameters of the LM. Therefor, the parame-
ters of a discriminative language model are directly optimized for the task, i.e ASR.
Discriminative language models do not attempt to estimate the probability of word
sequences — in contrast to generative models; Instead, they are often used as a cor-
rective model to rank a given set of hypotheses of an ASR system and to complement
generative LMs used in ASR systems!?.

A popular framework for discriminative language modeling is through the use of

global linear discriminative models [37]:

A

W = argmax (a, ®(A, W)) (2.18)
WEGEN(A)

where (A, W) is a vector of language model features, and « is the corresponding
weights. GEN(A) is the set of ASR hypotheses for the acoustic input A. Roark et
al. [37] proposed a feature vector ®(A, W) that is only based on n-grams and used the
perceptron algorithm to train the weights o. This framework provides the flexibility
to extend beyond the local n-gram context to incorporate long range dependencies
such as features based on full-sentence parser tree, morphological features, and trigger
features. As an example, Collins et al. [2] uses the framework to train a syntactic

discriminative model where they include feature based on the syntactic parse trees of

14We distinguish discriminative language models from discriminatively trained generative language
models where a parameters of a generative model are trained using discriminative criteria such as
Minimum Classification Error (MCE) [35,36] or Minimum Bayes Error (MBR).
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word sequences in the hypotheses set. However, global-linear discriminative models
with long-span features can not be efficiently trained and used with ASR lattices. We
address this important issue in this dissertation and propose an efficient algorithm

for training and applying discriminative language models with long-span features.

2.3 Weaknesses of n-gram LMs

Despite all the efforts made by researchers to incorporate longer-dependency fea-
tures such as syntactic features [2,5,6,8,9], statistical language models used in de-
ployed systems for speech recognition, machine translation and other human language
technologies are almost exclusively n-gram models. [25]. While n-gram models have
been outperformed by many of the proposed complex models and are regarded as lin-
guistically naive, their simplicity and the ease of estimating them from any amount
of text, have made them the dominant approach in the state-of-the-art ASR and
MT systems. This unusual resilience of n-grams, as well as their weaknesses, are
examined in this section. It is demonstrated that n-grams are good word-predictors,
even linguistically speaking, in a large majority of word-positions. However, they lose
their predictive power in word-positions where syntactic relation spans beyond the
context captured by n-gram models and that the lack of predictive power for these
positions can not be overcome by merely increasing training data size. The founding

of our empirical study is yet another encouraging evidence that shows to improve
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over n-grams, one must explore syntax-aware (or other) language models that focus
on positions where n-grams are weak (i.g. the proposed structured language model
in Chapter 3 or discriminative syntactic language model of Chapter 5).

Consider the following sentence, which demonstrates why the (n — 1)-gram equiv-
alence classification of history in n-gram language models may be insufficient:
<s> i asked the vice president for his endorsement </s>
In an n-gram LM, the word for would be modeled based on a 3-gram or 4-gram
history, such as <vice president> or <the vice president>. Given the syntactic
relation between the preposition for and the verb asked (which together make a
compound verb), the strongest evidence in the history (and hence the best classifi-
cation of the history) for word for should be <asked president>, which is beyond
the 4-gram LM. Clearly, the syntactic relation between a word position and the cor-
responding words in the history spans beyond the limited (n — 1)-gram equivalence
classification of the history.

This is but one of many examples used for motivating syntactic features [5,9] in
language modeling. However, it is legitimate to ask if this deficiency could be over-
come through sufficient data, that is, accurate statistics could be somehow gathered
for the n-grams even without including syntactic information. We empirically show
that (n—1)-gram equivalence classification of history is not adequate to predict these
cases. Specifically, n-gram LMs lose predictive power in the positions where the head-

word relation, exposed by the syntactic structure, goes beyond (n— 1) previous words
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(in the history.)

We postulate the following hypotheses:

Hypothesis 1 There is a substantial difference in the predictive power of n-gram
LMs at positions within a sentence where syntactic dependencies reach further back

than the n-gram context versus positions where syntactic dependencies are local.

Hypothesis 2 This difference does not diminish by increasing training data by an

order of magnitude.

In the following section (Section 2.3.1), we present a set of experiments to support

the hypotheses above.

2.3.1 Experimental Evidence

In this section, we explain our experimental evidence for supporting the hypotheses
stated above. First, Section 2.3.1.1 presents our experimental design where we use a
statistical constituent parser to identify two types of word positions in a test data,
namely positions where the headword syntactic relation spans beyond recent words in
the history and positions where the headword syntactic relation is within the n-gram
window. The performance of an n-gram LM is measured on both types of positions
to show substantial difference in the predictive power of the LM in those positions.
Section 2.3.1.3 describes the results and analysis of our experiments which supports
our hypotheses.
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Throughout the rest of this dissertation, we refer to a position where the headword
syntactic relation reaches further back than the n-gram context as a syntactically-
distant position and other type of positions is referred to as a syntactically-local

position.

2.3.1.1 Design

Our experimental design is based on the idea of comparing the performance of n-
gram LMs for syntactically-distant vs. syntactically-local . To this end, we first parse
each sentence in the test set using a constituent parser, as illustrated by the example
in Figure 2.1. For each word w; in each sentence, we then check if the “syntactic
heads” of the preceding constituents in the parse of wy,ws, - ,w;_1 are within an
(n — 1) window of w;. In this manner, we split the test data into two disjoint sets,

M and N, as follows,

M = {word positions ¢ where (h.w_1, h.W_g = w;_1,w;_2)}

N = {word positions i where (h.w_1, h.W_o # w;_1,w;_2)}

Here, h_; and h_5 correspond, respectively, to the two previous exposed headwords
at position 7, based on the syntactic structure. Therefore, M corresponds to the
positions in the test data for which two previous exposed heads match exactly the

two previous words. Whereas, N corresponds to the position where at least on of the
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exposed heads is further back in the history than the two previous words, possibly
both.

asked
S

asked

for

PP

endorsement

president

PRPS NN

| || I
i asked the vice president @ his endorsement

Figure 2.1: An example of a position in a test sentence for which two previous exposed
headwords are further back in the history than the two previous words

PRP VB DT NNP

NNP

To extract the exposed headwords at each position, we use a constituent parser to
obtain the syntactic structure of a sentence followed by headword percolation proce-
dure to get the headwords of corresponding syntactic phrases in the parse tree. The
following method, described in [9], is then used to extract exposed headwords from

the history of position ¢ from the full-sentence parse trees:

1. Start at the leaf corresponding to the word position (w;) and the leaf corre-

sponding to the previous context word (w;_1).

2. From each leaf, go up the tree until the two paths meet at the lowest common
ancestor (LCA).
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3. Cut the link between the LCA and the child that is along the path from the
context word w;_;. The head word of the the LCA child, the one that is cut, is

chosen as previous exposed headword h.w_;.

These steps may be illustrated using the parse tree shown in Figure 2.1. Let
us show the procedure for our example from Section 2.3. Figure 2.1 shows the
corresponding parse tree of our example. Considering word position w;=for and
w;_;=president and applying the above procedure, the LCA is the node VP24,
Now, by cutting the link from VP2$¢¢ to NPPres¥4e"® the word president is obtained
as the first exposed headword (h.w_y).

After the first previous exposed headword has been extracted, the second exposed
headword also can be obtained using the same procedure, with the constraint that

the node corresponding the second headword is different from the first [9]. More

precisely,

1. set k=2

2. Apply the above headword extraction method between w; and w;_j.

3. if the extracted headword has previously been chosen, set k = k£ + 1 and go to

step (2).
4. Otherwise, return the headword as h.w_,.

Continuing with the example of Figure 2.1, after president is chosen as h.w_;, asked
is chosen as h.w_s of position for by applying the procedure above. Therefore, in
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this example the position corresponding to word for belongs to the set A/ as the two
extracted exposed headwords (asked,president) are different from the two previous
context words (vice,president).

After identifying sets N and M in our test data, we measure perplexity of n-gram

LMs on N, M and N U M separately. That is,

1 -
PPLyum = exp —m Z logp(wi‘w;—rlz—kl))
1ENUM

1 -
PPLy = exp —mzlogl)(wﬂw;—}zﬂ))
ieN

1 -
PPLy = exp —WZlogpmlwziﬂ))
ieEM

where p(w;|w;_1w;_g - - - w;_,+1) is the conditional probability calculated by an n-gram
LM at position ¢ and |.| is the size (in number of words) of the corresponding portion
of the test.

In addition, to show the performance of n-gram LMs as a function of training
data size, we train different n-gram LMs on 10%,20%,- - - ,100% of a large corpus of
text and report the PPL numbers using each trained LM with different training data
size. For all sizes less than 100%, we select 10 random subset of the training corpus
of the required size, and report the average perplexity of 10 m-gram models. This
will enable us to observe the improvement of the n-gram LMs on as we increase the
training data size. The idea is to test the hypothesis that not only is there significant

gap between predictive power of the n-gram LMs on sets A/ and M, but also that

31



CHAPTER 2. BACKGROUND

this difference does not diminish by adding more training data. In other words, we
want to show that the problem is not due to lack of robust estimation of the model
parameters but due to the fact that the included features in the model (n-grams) are

not informative enough for the positions N.

2.3.1.2 Setup

The n-gram LMs are built on 4000 words from various Broadcast News (BN)
data sources including [38]: 1996 CSR Hub4 Language Model data, EARS BNO03
closed captions, GALE Phase 2 Distillation GNG Evaluation Supplemental Multi-
lingual data, Hub4 acoustic model training scripts (corresponding to the 300 Hrs),
TDT4 closed captions, TDT4 newswire, GALE Broadcast Conversations, and GALE
Broadcast News. All the LMs are trained using modified Kneser-Ney smoothing (as
described in Section 2.2.2.2). To build the LMs, we sample from each source and
build a source specific LM on the sampled data. The final LMs are then built by in-
terpolating those LMs. Also, we do not apply any pruning to the trained LMs, a step
that is often necessary for speech recognition but not so for perplexity measurement.
The test set consists of the NIST rt04 evaluation data set, dev04f evaluation set, and
rt03 evaluation set. The test data includes about 70K words.

We use the parser of [39], which achieves state-of-the-art performance on broadcast
news data, to identify the word poisons that belong to A/ and M, as was described in

Section 2.3.1.1. The parser is trained on the Broadcast News treebank from Ontonotes
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[1] and the WSJ Penn Treebank [40] along with self-training on 1996 Hub4 CSR [41]

utterances.

2.3.1.3 Analysis

We found that | A}GC‘V” ~ 0.25 in our test data. In other words, two previous
exposed headwords go beyond 2-gram history for about 25% of the test data.

We train 3-gram and 4-gram LMs on 10%,20%,- - - ,100% of the BN training data,
where each 10% increase corresponds to about 40M words of training text data.
Figure 2.2 shows reduction in perplexity with increasing training data size on the
entire test set N+ M, on its syntactically local subset M, and the syntactically
distant subset N. The figure basically shows relative perplexity instead of absolute
perplexity — 100% being the perplexity for the smallest training set size — so the rate
of improvement for 3-grams and 4-gram LMs can be compared. As can be seen from
Figure 2.2, there is a substantial gap between the improvement rate of perplexity in
syntactically distant positions compared to that in syntactically local positions (with
400M woods of training data, this gap is about 10% for both 3-gram and 4-gram
LMs). In other words, increasing the training data size has much more effect on
improving the predictive power of the model for the positions included in M. Also,
by comparing Figure 2.2(a) to 2.2(b) one can observe that the gap is not overcome

by increasing the context length (using 4-gram features).

Also, to better illustrate the performance of the n-gram LMs for different portions
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Figure 2.2: Reduction in perplexity with increasing training data size on the entire
test set NV 4+ M, on its syntactically local subset M, and the syntactically distant
subset A/. The figure shows relative perplexity instead of absolute perplexity —
100% being the perplexity for the smallest training set size — so that (a) 3-gram and
(b) 4-gram LMs may be directly compared.

of our test data, we report the absolute values of PPL results in Table 2.1. It can be
seen that there exits a significant difference between perplezity of sets N’ and M and

that the difference gets larger as we increase the training data size.

34



CHAPTER 2. BACKGROUND

Position Training Data Size
in 40M words 400M words
Test Set | 3-gram | 4-gram | 3-gram | 4-gram
M 166 153 126 107
N 228 217 191 171
N+ M 183 170 143 123

’ PPLy ‘ 138% ‘ 142% \ 151% ‘ 161% ‘

PPLy

Table 2.1: Perplexity of 3-gram and 4-gram LMs on syntactically local (M) and
syntactically distant (N') positions in the test set for different training data sizes,
showing the sustained higher perplexity in distant v/s local positions.

Taken together, the results of Table 2.1 and Figure 2.2 suggest that predicting
the next word is about 50% more difficult when its syntactic dependence on the
history reaches beyond n-gram range. They also suggest that this difficulty does not
diminish with increasing training data size. If anything, the difficulty in predicting
word positions with nonlocal dependencies relative to those with local dependencies

appears to increase with increasing training data and n-gram order.
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Efficient Structured Language

Modeling

3.1 Introduction

It is widely held that simple Markov assumption of n-gram language models, by
limiting the contextual information only to (n — 1) recent words, is not sufficient for
modeling the natural language. We showed, in Section 2.3, that the performance of n-
gram models is substantially lower when evaluated on syntactically-distant positions.
Many researchers have developed statistical modeling frameworks to incorporate the
“syntactic structure of language back into language modeling”!.

One of the first successful attempts to build a statistical language model based on

! Attributed to Fred Jelinek at the closing session of the 1995 Johns Hopkins Center for Language
and Speech Processing workshop.
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syntactic structure and analysis was proposed and demonstrated in [5]. The proposed
framework is referred to as Structured Language Modeling (SLM). The SLM utilizes
additional types of information by constructing more complexly structured models
than the n-gram model and can be loosely categorized a joint model of the word
sequence W and its syntactic structure 7. The SLM assigns a joint probability
P(W,T) to every word sequence W and every possible binary parse tree T', where
T’s terminals are the words W, along with their part-of-speech (POS) tags, and its
internal nodes comprise non-terminal labels and lexical “heads” of phrases. The SLM
consists of three components: a word-predictor, a parser and a POS-tagger which
were all modeled using a conditional (left-to-right) parameterization. In another
attempt, [42] and [6] use the exposed headwords from syntactic structure, along with
other sources of information such as topic, in a maximum-entropy based language
modeling framework and show substantial improvements over regular n-gram LMs. [9]
also uses exposed headwords from full-sentence parse tree in a neural network based
LM to substantially reduce the WER in an Arabic speech recognition task.

The main idea behind structured language modeling can also be cast in a Bayesian
framework where instead of having a deterministic (unique) equivalence classification
o(W_;) of the history W_; at each word position, as is the case with n-gram models,
there is an entire set of possible equivalence classification at each position weighted
by their corresponding prior probability p (¢(W_;)|W_;). The set of possible ¢p(W_;)

and the corresponding distribution on them are obtained by identifying partial parse
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trees (also known as prefix trees) at each position using a incremental (left-to-right)
shift-reduce constituent parser in [5].

The framework we present in this chapter is closely related to the SLM. However,
our goal is to build framework which results in a robust, accurate and practical SLM.
This requires our framework to have the capability to train SLMs on large data, and
to be able to build a robust model which fully takes advantages of syntactic structures
and features. In addition, to be able to practically integrate SLMs into ASR systems,
we need to build SLMs which are space/memory efficient. Finally, to motivate the
usefulness of SLMs for state-of-the-art ASR system, we evaluate our SLM against 4-
gram baseline model (which is the de facto standard in most current ASR systems)?.

We distinguish our work from past SLM framework in the following directions:

e Our framework is based on dependency structures derived using a state-of-
the-art probabilistic shift-reduce parser [43], in contrast to the original SLM [5]
which parametrizes the parser component with a conditional model. Our parser
is also a left-to-right incremental parser. The quality of the identified syntactic
structures plays a key role in the performance of a SLM. In fact, it was pointed
out in [5], Section 4.4.1, that if the final best tree is used to capture the par-
tial trees (prefix-trees) at each position (just one partial tree at each position

imposed by the final best tree), SLM can reduce the perplexity using the ex-

2In contrast to the original SLM framework where all the evaluations and experimental perfor-
mance measurements are reported against 3-gram models.
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posed headword information by about 40%®. This observation is used in [44]
to enhance PPL and WER performance of the SLM by enriching the parser
component of the model with more refined syntactic features. We believe that
the use of a state-of-the-art probabilistic shift-reduce parser in our framework,
enables us to build a SLM which significantly improves the baseline n-gram

model.

e We propose a novel hierarchical interpolation of syntactic parameters that

achieves better performance without significant model complexity.

e While the SLM significantly improves over the baseline n-gram model, the size of
a SLM is much bigger than regular n-gram LMs when trained on same training
data. This is mainly due to the fact that at each word position there are multiple
possible equivalence classifications (as mentioned in the above) of the history
and these separate equivalence classifications each might contribute a separate
set of activated features to the final model. This issue was addressed in the
original SLM by heavily pruning the space of partial trees locally, to reduce
the number of possible equivalence classifications at each position, only those
¢(W_;) were permitted which had large p (¢(W_;)|W_;). We instead propose to
estimate the SLM first without pruning and then apply a general information-

theoretic algorithm [45] for pruning resulting SLM instead, which substantially

3This is referred to as non-casual perplexity in [5] and is not a valid perplexity because the
prediction of a word position is conditioned on the best final tree which has been produced by
looking at the whole sentence.
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reduces the size of the LM, enabling us to train on large data. Under our
procedure, highly predictive equivalence classifications ¢(W_;), which have low
p (p(W_;)|W_;) but occur at many positions ¢, have a better chance to survive

the pruning.

e Unlike the original SLM framework, we do not attempt to re-estimate the parser
parameters through the expectation-maximization (EM) algorithm [46] and we
stick to the parameters which are estimated on a labeled treebank style data*.
This is equivalent to the initialization stage in the original SLM framework.
The reason is that the main focus of our work is to make the SLM framework
efficient and practical both in terms of the complexity of the trained model and
its ultimate application to the task of speech recognition. Moreover, as it is
shown in [5] (and we will also show later in this chapter) the full power of SLM
is realized when interpolated with the baseline n-gram model and although the
re-estimation strategy improves the SLM, it has less effect on the perplexity
of the interpolated model. Nevertheless, we emphasize that integrating the
re-estimation stage into our framework is an obvious step and can be easily

done.

4The details of training procedure of our parser is described in Section 3.3
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3.2 Dependency Parser

Syntactic information can be encoded in terms of headwords of phrases and their
POS tags, which are extracted from a syntactic analysis of a sentence [5,9]. De-
pendency parsing is an approach to automatic syntactic analysis of natural language
inspired by the theoretical linguistic formalism of dependency grammars [47]. The
fundamental notion of dependency structure is based on the assumption that the
syntactic structure of a sentence consists of binary, asymmetrical relations called de-
pendencies. A dependency relation holds between a word in the sentence, called the
dependent (or modifier), and another word on which it depends, called the head (or
governor). A word can have multiple modifiers but it can serve as a head of at most
one word in a sentence. The dependency structure and the corresponding relations
are represented by a dependency tree which is a directed graph where each edge (arc)
encodes a relation between a head and it’s dependent. The edges of the tree can be
labeled to represent the specific role or relation between the head and modifier. Fig-
ure 3.1 shows the (unlabeled) dependency tree structure of our example sentence from
Section 2.3. In this example, the verb asked serves as the head of words president
and for.

The information encoded in a dependency structure representation is different
from the information captured in a constituent phrase structure representation. While
the dependency structure represents head-dependent relations between words, clas-

sified by functional categories such as subject (SBJ) and object (OBJ), the phrase
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/NS LA N

<s> i asked the vice president for his endorsement

Figure 3.1: An example of a dependency tree

structure represents the grouping of words into phrases, classified by structural cat-
egories such as noun phrase (NP) and verb phrase (VP). Nevertheless, it is worth
mentioning that a dependency structure can in fact be extracted from a constituent
parse structure through a set deterministic headword percolation rules® [48].

The task of dependency parsing is to automatically analyze the dependency struc-
ture of a given input sentence. More formally, given an input sentence W = wow; - - - wy,
a dependency parser maps W to its dependent tree (or graph). We always assume
that wg = <s>, which serves as the ROOT of the sentence, to simplify the computa-
tional implementation, this way every word of the sentence must have a syntactic
head (in Figure 3.1 <s> is the head of the verb asked).

Modern data-driven® dependency parsers are mostly divided into two classes
transition-based and graph-based. As their name suggests, Transition-based parsers

are based on a transition system which starts in an initial state and gradually pre-

5The most famous toolkit for this matter is Stanford converter which converts treebank style
constituencies to labeled dependencies

6There exist another category of dependency parsing methods which are called Grammar-based
which rely on a formal grammar.
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dicts the dependency structure of an input sentence. The prediction at each step
of parsing is performed by a model (classifier) which is trained on a set of train-
ing sentences annotated with gold-standard dependency graphs [43,49-51]. Broadly
speaking, transition-based dependency parsers fall in the family of “history-based”
structure predictors and hence, permit the use of rich non-local expressive feature rep-
resentation in the model [43]. “Graph-based” methods instead search over the space
of complete dependency graphs for a sentence, given the induced model. Transition-
based models, compared to graph-based dependency parsing, typically offer linear
time inference complexity as they use a greedy search, also known as deterministic
search, where at each step the most likely move (action), based on the classifier, is
chosen to transition to the next configuration”.

In this dissertation and for the purpose of structured language modeling, we use
a shift-reduce transition-based dependency parser. The ultimate goal is to use the
parser to assign better equivalence classification of the history for our language model.
The incorporation of a SLM into an ASR system will hence be dependent on the
parser. The choice of a linear-time shift-reduce parser is suitable for our task as
one of the main constraints in applying new complex models to ASR is to have a
reasonable run-time.

The following section presents a formal definition and description of a shift-reduce

dependency parser. We then briefly presents metrics used for evaluating dependency

"Other type of heuristics such as beam-search or best-first algorithm can also be applied as we
will them discuss in Section 3.2.1. Nevertheless, the complexity of these parsing algorithms remains
linear at the expense of losing the guarantees for returning the most likely tree.
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parsers.

3.2.1 Shift-reduce dependency parsing

Transition-based dependency parsing methods produce dependency structure of
an input sentence by making sequence of transitions proposed by a learning algorithm
(classifier). This is sometimes referred to as shift-reduce dependency parsing, since
the overall approach is inspired by deterministic shift-reduce parsing for context-free
grammars. In this Section, we first develop formal notation to describe a shift-reduce
dependency parser and then, we walk through an example sentence to clarify the
notation.

In a typical transition-based parser, the input words are put into a queue in their
given order, and partially built structures are organized by a stack. A set of shift-
reduce actions are defined, which consume words from the queue and build the output
parse. Formally, the state of a shift-reduce parser is defined as 7 = {S,Q}: S is a
stack of subtrees sg, s1,... (so is the top tree) and @ is the queue of words in the
input word sequence. We denote the space of all possible states with I and all states
along the way are chosen from this space. A transition (or action) w € Q advances
the parser (decoder) from state to state, where the transition w; changes the state
from 7; to m; 1. A sequence of valid transitions, starting in the initial state, mg for a
given sentence and ending in one of several terminal (final) states 7y, defines a feasible

dependency tree for the input sentence. Dependency trees are built by processing the
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words left-to-right and the sequence of states {m...m;, mi41... 7} are mapped to
final output structure. The initial state o = {0, {wg, w1, ...}} is an empty stack and
a queue of all input words. The final states occur when @) is empty which is when all
input words have been processed and S contains a single tree (the output).

Given the current state of the parser m = {{sgs1---},{w;, wjy1---}}, Q is de-
termined by the set of possible dependency labels » € R and one of three transition
types:

e Shift: remove the head of () (w;) and place it on the top of S as a singleton tree

(only w,.)

e Reduce-Left(r): replace the top two trees in S (so and s;) with a tree formed by
combining sp and s1. sg is attached as the rightmost child of s;, i.e. the head of

sg becomes a dependent of the head of s; with label r.

e Reduce-Right(r): same as Reduce-Left(r) except reverses sy and s;. That is,

the head of s; becomes a dependent of the head of sy with label 7.
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Figure 3.2: Set of possible shift-reduce dependency parser actions and their effect on
a parser state.

In the following, we summarize the state definition and the set of possible actions:

State defnition: m = {S,Q}
Transition System: Initial state: 7o = {0, {wo, w1, ...}}
Final state(s): 7y = {{s},0}

Shift

Actions: Reduce-Left(r) (3.1)

Reduce-Right(r)

Figure 3.2 shows the effect of taking each possible action on a parser state. To utilize
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a probabilistic data-driven dependency parser, a classifier g based on a maximum-
entropy (also knowns as a locally normalized log-linear) model or a support vector
machine (SVM) [52] is used. Given the previous k actions up to state ¢;, the classifier
g : 11 x QF — RI®l assigns a score (or a probability) to each possible action. We note
that state definition can encode the k previous actions which simplifies the score

(which can be a probability) to p,(w;|m;). The score of the new state is then

p(miv1) = pylwilmi) - p(ms) (3.2)

In other words, the probability of a state can be computed simply as the product of
the probabilities of each action in the sequence of actions that resulted in reaching
that state from the initial state. Examples of transition-based dependency parsing
with a SVM classifier can be found in [49, 50]. [43] uses a maximum-entropy based
dependency parser for the CoNLL-X shared task on multilingual dependency pars-
ing [53].

Throughout this dissertation, we use the maximum-entropy shift-reduce depen-
dency parser® of [43]. The main reason to work with this parser is that the maximum-
entropy classifier assigns real probabilities to the states during decoding which we will
make a use of for the purpose of language modeling as we will see later in Section 3.3.

In addition, the parser is fast and easy to implement.

8The constituent shift-reduce parsing version is proposed in [54]
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ARSI\ N

<s> | asked the vice president for his endorsement
step action stack queue

0] - :| i asked the vice president ...

| shift i asked the vice president ...

2 shift i asked the vice president for ...

3  right-reduce | asked the vice president for ...

. i

6 shift Lasked the vice presidentl |for his endorsement ... |
i

7  right-reduce Lasked the president | |for his endorsement ... |
i vice

8 right-reduce Lasked president | |for his endorsement ... |
i the vice

9 left-reduce asked |for his endorsement ... |
i president

the vice

Figure 3.3: An example of shift-reduce dependency parsing actions.
3.2.2 Evalution Metrics

The most widely used metric for evaluating dependency parsing is attachment
score which is the percentage of words whose heads (or governors) have been cor-
rectly predicted by the parser [55]. The parser quality can be evaluated using a single
accuracy metric thanks to the single-head constraint of dependency trees. The at-
tachment score can be unlabeled (only looking at heads) or labeled (looking at heads

and labels) in which case it is called unlabeled attachment score (UAS) or labeled
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attachment score (LAS), respectively.

3.3 Structured Language Modeling Using

Dependency Parses

Syntactic information can be encoded in terms of headwords of phrases and their
POS tags, extracted from a syntactic analysis of a sentence [5,9], such as a dependency
structure. In fact, our motivating experiments in Section 2.3 showed that regular n-
gram LMs are poor(er) at predicting the next words at positions where the headword
is located deep in the history (not in the window of (n — 1)-gram recent words). In
this section, we describe our language modeling framework which incorporates such
features using dependency structures.

We use the shift-reduce incremental dependency parser of [43], which constructs a
tree from a transition sequence governed by a maximum-entropy classifier (described
in details in Section 3.2.1). Shift-reduce parsing places input words into a queue @
and partially-built structures are organized in a stack S. An incremental parser can
provide partial syntactic analyses of the history at each word position. Parser states
corresponding to the ith word w; are history-states, denoted TT_; = {x®,, 7*, ... 7%},

where K; is the total number of such states (others may be eliminated via beam

pruning.). These are the states which have word w; as the top element of their queue.
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That is,

Ve H—i qO(ﬂ') = W;.

Figure 3.4 depicts the history-states for each word position of our running example.
We note that history-states at position ¢ are generated, during decoding with the
parser, without any knowledge of the words that appear after position i, They are
merely derived from the structure in the history of the position. It is also worth

mentioning that each 77, is either a result of applying a shift action to a history-

(2

state 7" (i—1) OF one of two reduce actions to some other history-state 7r]: ;- Given the

set of history-states IT_; = {n%,, 7, --- , 7%}, the probability assignment for w; is,
plwi|W-;) = Z p (wiW(Wiw W—z)) pg(m,|W_;) (3.3)
j=1
where,
e WW_, : is the word history wy, ..., w;_; at i*® position

o ;¢ the j' history-state of position i
e p (7, JW_;): is the normalized probability assigned to state 7/, by the parser.

The normalization is applied over all the states in II_;.

o ¢(m’,, W_;): denotes an equivalence classification of word-history and parser history-

state, capturing features from 7/ ; and W_; that are most useful for predicting w;.
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<s> | asked the vice president for his endorsement </s>

Tf
° E
‘
<s> i asked the vice president for his endorsement </s>
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Figure 3.4: History-states corresponding to each position of an input sentence, after
applying beam-pruning while parsing.

We emphasize that each 77, and the corresponding p, (77 ;|W_;) are obtained by only
looking® at the words W_; in the history of position i. Therefore, the probability
assignment in Eqn. 3.3 is a valid left-to-right probability which can be used for cal-
culating PPL (This is referred to as the L2R-word-predictor in [5]).

o(m’. ;» W_;) indicates what type of information and features we want to extract

from the history-states pair 7 and W_;. Due to the constraint that we can only

7

9In other words, the probability distribution imposed by the maximum-entropy classifier ¢ of the
parser is only due to features in the stack for extending each state and we drop all features extracted
from the queue used in [43] for calculating this distribution (these features are called look-ahead
features) . We will discuss this in more details later in Chapter 6, Section 6.7, and analyze its effect
on the parser accuracy.
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use features from the history for predicting word w;, the equivalence classification
o, W_;) is restricted to be based on {s¢s; - - - }, the partial trees in the stack. One

—7

example of such equivalence classification is,

—

Ol W) = haw bt (3.4)

where h.ng‘) and h.tsg indicate the word and POS tag, respectively, of the head of sé,
the top tree in the stack of 7/ ;- For example, in Figure 3.3, such a function applied to
the parser state after step 8 yields the conditional probability p(for|president, NN)
for predicting the word for (given that president has POS tag NN).

Civen the choice of ¢(.), the parameters of the model p(w;|f (7’ ,, W_;))) are esti-

mated to maximize the log-likelihood

[T

log P(T) = Zlog > p (wilg(x?;, W_)) py(? [ W_y) (3.5)

j=1

of the training data 7. It is easy to show that the objective function above can be
maximized using a EM-style algorithm!® [46] . The key to showing this is the fact that
the objective function in Eqn. 3.5 can be thought of as a objective function induced by

a hidden Markov model (HMM) with fixed transition probabilities p, (7 ;|W_;) and

10 Although, there is no hidden (latent) variable (our parser parameters are fixed) as we have a
separate trained dependency model for predicting the tree structures, one still can use the EM-style
algorithm to iteratively approximate the objective function with an objective function that can be
maximized with a closed form solution. The approximated objective function at each step has a
form )" log(.) instead of original form of log(> (.)) and hence, easier to maximize [56].
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Algorithm 1 Estimating conditional parameters using Baum-Welch algorithm

Initialization: set p(w|@) = i for all w € V and all possible ¢.
do
for each sentence W € T
update expected counts as follows:

) Pl W)y W)
W)= 2 e WO

BWI=W jig(nl W_i)=¢

end for

normalize expected counts: p(w|@) = S (wd) C(:Cq(sl)u )
we ’

until objective function in Eqn. 3.5 converges

HMM-state observation probabilities specified by p (wi|gz5(7rﬂ »W_;)) [5]. The steps
for estimating the parameters of the model are shown in Algorithm 1.

To obtain better estimations for word probabilities and assign non-zero probability
to unseen events, we use the Jelinek-Mercer smoothing technique [22]. In the

following section, we describe the smoothing technique and the training procedure

for building the final LM.

3.3.1 Jelinek-Mercer Smoothing

The maximum likelihood (ML) estimation procedure described in Section 3.3 tends
to over-fit the data and does not generalize well (same as ML estimation of regular
n-gram LMs); Indeed, any syntactic event (w, f) that is not observed in the training
data would have a zero probability (p(w|f) = 0). To address this problem, smooth-

ing is used to adjust the ML estimate of probabilities to more reliable (more robust)
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probabilities [17]. There have been many smoothing techniques proposed for n-gram
models such as Jelinek-Mercer [22], Katz [20], Witten-Bell [57] and Kneser-Ney [21].
While most of the mentioned smoothing techniques rely on the notation of n-gram
counts (and hence, can not be used in our framework as we are dealing with frac-
tional counts in Eqn. 3.6), the Jelinek-Mercer technique provides a flexible smoothing
method which directly incorporates the estimates produced in Eqn. 3.6 .
Jelinek-Mercer smoothing for regular n-gram LMs is based on the idea that it is
useful to interpolate higher-order n-gram models with lower-order n-gram models to
account for the sparsity issue of estimated probabilities in the higher order LM [17].
We use the same idea for interpolating different type of equivalence classifications

functions of history-states at each word position. Let

¢M<7T—i7 W_z> — ¢M—1(7T—i, W—z) — s = ¢2(7T—i7 W_Z) — qbl(’ﬂ'_i, W_z) (37)

be a set of M different “fine-to-coarse” equivalence classification of history state
7m_;. Jelinek-Mercer smoothing addresses zero probabilities (and in general unreliable
estimates) in the probability estimates by the higher-order context ¢,,, by recursive

interpolation with probabilities estimated from a lower order context ¢,, 1 as:

pinterp(wi|¢m(7T—z‘W—i)) = )\¢m(7r,iw,i)pML(wz‘|¢m(7T—iW—i))—l—

(1 - /\qﬁm(miw,i))Pinterp(wz‘\¢m—1(7T—z'W—i))7 (3-8)
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for 1 < m < M, where the 0-th order context is assumed to result in a uniform

distribution:

1
pinterp(wi‘¢0(7rfiwfi)) = punif<wi) = ’_

V]

A reasonable assumption in the scheme above is to have the interpolation order from
fine to coarse equivalence classification functions. In other words, it is reasonable to
assume that equivalence classification function ¢,,(7_;W_;) extracts finer information
from the state m_; than ¢,,_1(7_;W_;). One way to quantify this criterion is to

constrain f,, to be better in terms of predicting the training data. That is,

where log P(T |¢,,) is the log-likelihood of the training data using ¢,, equivalence
classification of the history-states and is defined in Eqn. 3.5.

Given fixed pyp, (.) for each equivalence classification function ¢,,, coefficients
Ao (_;w_,) are estimated on a held-out set using the Baum-Welch algorithm [56]. This
held-out data need to be different form the training data used for estimating pur, (.),
otherwise the criterion in Eqn. 3.9 forces the coefficients of the finest equivalence
classification function Ay, (r_,w_,) to be one and the rest to be zero. One way to get
such heldout data is to reserve a section of the training data for this purpose, where

this heldout data is not used in calculating the pyp, (.) .
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We note that because the number of parameters Ay, (r_,w_,) can be very large,
estimating each Ay (r_,w_,) independently would require a huge amount of held-out
data. Jelinek and Mercer [22] proposed tying them by dividing Ay, (x_,w_,) into a rea-
sonable number of buckets. We use the bucketing algorithm suggested in [58] which
is based on the idea that those Ay, (r_,w_,) should be tied together that we believe
should be similar [17]. Specifically, Bahl [58] suggests bucketing the Ay (x_,w_,)’s
based on the count of ¢,,(m_;W_;)’s in the training data, as this count should intu-
itively correlate with how much weight should be assigned to the finer higher-order
equivalence classification function ¢,,. In our case, the history-state gb(ﬂi ;) is a latent

variable with probability assignment py (77 ;[W_;). The count of ¢, a specific context

features ¢, (m_;W_;) in the training data, can be therefore calculated as
(@)= D p(rlW) (3.10)
¢ jid’m(ﬂ{iw—i):d’

We make the assumption that whether a bucket is large enough for robust param-
eter estimation on held-out data depends only on the expected count of the features
whose A parameters fall in the bucket. The expected count of training tokens in a

bucket B is therefore

EheldoutHBH: Z Cheldout(¢) (311)

¢:)\¢€B

Cheldout (@) 1s calculated analogous to Eqn. 3.10, but on held-out data and Ehyeidout|| Bl
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refers to expected count of coefficients falling in the bucket, calculated on held-out

data. The steps of building the buckets for tying A, ’s are as follows:

e Create a special bucket for Ay, ’s that have never occurred in the training data,
i.e. ¢(¢pm) = 0. We make an exception for this bucket and set all A4, ’s in this

bucket to be zero, as there is no information in the higher-order distribution!?.

e Start from the lowest observed value of ¢(¢,,) > 0, and put increasing values of

¢(¢m) into the same bucket B™ until Eyeqout[|B|] exceeds some threshold cpip.
e Repeat the previous step until all Ay, ’s are bucketed.
e If for the last bucket Eyeigout||B|] < ¢min, then merge it with the preceding bucket.

We perform the bucketing steps above for each order ¢q, ¢, -« , ¢y separately
and estimate the bucketed A.(4,,)’s using the Baum-Welch algorithm [56] to maximize
the likelihood of the held-out data.

Given the hierarchical equivalence classification functions ¢1, ¢, -+, ¢y and es-

timated Ay, ’s, the word probability assignment in Eqn. 3.3 is replaced with,

|15
p(wz|W—z) = Zpinterp (wz|¢M(7riza W—z)) pg (W],JW—J (312)
j=1

where Pinterp (wiw M(Wf i W_Z)) is defined recursively using Eqn. 3.8 (A4, is replaced
with A e,,) due to bucketing).

As discussed in Section 3.3, we restrict the equivalence classification functions ¢,,

UIn other words, pinterp(Wi|dm (T—iW_;)) = Pinterp(Wi|pm—1(m_;W_;)) for such cases.
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HwW : HW+HT
¢M (71'_2‘, W_i) (h.Wo, h.W_l, h.W_Q) (h.Woh.to, h.W_lh.t_l, h.W_Qh.t_Q)

¢M71(777i7 Wfl) (h.W(), h.W_l) (h.Woh.to, h.W_lh.t_l)

¢M—2(7T—i; W—i) (hWO) (h.Woh.to)

¥ ¥
0 0

ooo+

Figure 3.5: Examples of hierarchal interpolation schemes.

to only look at features in the stack of the history-states m_;. Furthermore, we will
only use headword and headtag features of partial trees in the stack throughout this
dissertation. We emphasize that this is mainly because it has been observed in studies
that these features carry most of the information for word prediction [5,59].

To further simplify the notation, we use h.wg, h.w_y, -+ (h.tg,h.t_1,---) to denote
the headwords (headtags) of partial trees in the stack of a history-state , of a
word position i, respectively. We use two hierarchical interpolation schemes from [5]
(Figure 3.5) for smoothing equivalence classification of history-states by looking only
at the headwords (HW) and head-tags (HW+HT) of the first 3 partial trees in the stack.
“()” refers to an equivalence classification where no information is used from history

(uni-grams). Compared to [5], we use a deeper context for both (HW) and (HW+HT).
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3.3.2 Preliminary Results

Before proceeding to our new methods, we establish a baselined perplexity of the
SLM using the two hierarchical schemes shown in Figure 3.5. We apply these schemes
to two different tasks, namely Broadcast News (BN) and Wall Street Journal (WSJ).

The following summarizes the setup used for each task:

e BN setup : EARS BNO03 corpus, which has about 42M words serves as our train-
ing text. We also use rt04 (45K words) as our evaluation data. Finally, to
interpolate our structured language models with the baseline 4-gram model, we
use rt03+dev04f (about 40K words) data sets to serve as our development set.

The vocabulary we use in the BN experiments has about 84K words.

e WSJ setup : The training text consists of about 37M words. We use dev93 (9K
words) to serve as our development set for interpolating SLMs with the baseline

4-gram model and eval92+eval93 (10K words) as our evaluation set.

In both cases, we hold out an additional 20K sentences from the training text to
use as our heldout data for applying the bucketing algorithm and estimating \’s. To
apply the dependency parser, all the data sets are first converted to Treebank-style
tokenization and POS-tagged!? using the tagger of [60]. Both the POS-tagger and
the shift-reduce dependency parser are trained on the Broadcast News treebank from

Ontonotes [1] and the WSJ Penn Treebank (after converting them to dependency

12 Again, to make sure we have a proper LM, the POS-tagger only uses features from history to
tag a word position. All lookahead feature in [60] are dropped.

29



CHAPTER 3. EFFICIENT STRUCTURED LANGUAGE MODELING

trees) which consists of about 1.2M tokens. Finally, we train the modified Kneser-
Ney 4-gram LMs on the tokenized training texts to serve as our baseline LM, for both
experiments.

Tables 3.1 and 3.2 show the perplexity measurements for the BN and WSJ experi-
ments, respectively. As seen in the tables, headtags in the equivalence classifications
used in the HW+HT interpolation significantly improve the perplexity of the SLM. It
also improves the performance of the interpolated LM. However, neither HW nor HW+HT
match KN performance 4-gram on their own. To improve over the baseline 4-gram

LMs, the SLMs need to be interpolated with the corresponding 4-gram LMs.

LM Dev | SLM Weight | Eval
baseline 4-gram | 165 0.00 158
HW 183 1.00 174

SLM HW+HT | 174 1.00 163
Inte HW 154 0.35 149
P TH+ET | 150 0.43 144

Table 3.1: The perplexity of different BN language models.

LM Dev | SLM Weight | Eval
baseline 4-gram | 149 0.00 121
HW 165 1.00 140

SLM HW+HT | 155 1.00 132
Inter HW 138 0.33 116
P "HW+ET | 135 0.42 114

Table 3.2: The perplexity of different WSJ language models.
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3.4 Improved Hierarchical Interpolation

The original SLM hierarchical interpolation scheme is aggressive in that it drops
both the tag and headword from the history. However, in many cases the headword’s
tag alone is sufficient, suggesting a more gradual coarsening of the context. We pro-
pose a new interpolation where instead of dropping both the headword and headtag of
a partial tree in the stack of a history-state at each level of the HW+HT hierarchical inter-
polation scheme, we first drop only the headword. E.g., in the HW+HT hierarchy of Fig-
ure 3.5, we use (h.woh.to,h.w_1h.t_;,h.w_sh.t_5) — (h.woh.tg,h.w_th.t_;,h.t ») —
(h.woh.tg, h.w_1h.t_q).

Keeping the headtag adds more specific information and at the same time is
less sparse. We refer to this interpolation hierarchy as HW+HT;. A similar idea is
found, e.g., in the back-off hierarchy of n-gram language model [61] where instead
of backing off from the n-gram to the (n — 1)-gram, a more gradual backoff — by
considering a hierarchy of fine-to-coarse classes for the furthest word in the history—
is used. To empirically show that the added levels to the hierarchy of HW+HTy indeed
provides an advantage, we compare the log-likelihood of training data using the added
(h.woh.tg, h.w_1h.t_1, h.t_5) level to those of the levels before and after the added
level. The average log-likelihood of training data using the equivalence classifications
above are show in Table 3.3. It can be observed that the new added level of hierarchy
has significantly better predictive power, at least on training data, than the one which

simultaneously drops the tag and headword from the history.
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Equivalence Classification Average Log-likelihood (PPL)
(h.Woh.to, h.W_lh.t_l, h.W_Qh.t_Q) -0.8337 (7)
(h.WQh.to, h.W_lh.t_l, h.t,Q) -1.0903 (12)
(h.Woh.to, h.W,lh.t,1> -1.3249 (21)

Table 3.3: The average log-likelihood of different equivalence classification on training
data.

LM \ Eval \ Dev

BN
SLM HW+HT, 159 | 168
Interp. HW+HT, | 142 | 147
WSJ
SLM HW+HT, 125 | 149
Interp. HW+HT, | 110 | 132

Table 3.4: The perplexity performance of the LMs using the proposed HW+HT, inter-
polation scheme.

Table 3.4 presents the perplexity results for both BN and WSJ tasks. it confirms that
the new scheme, when compared with Tables 3.1 and 3.2, improves both interpolated

and non-interpolated models.

3.5 Pruning the SLM

A significant drawback of the SLM is its final size. Since the latent state m; can take
several values, and since the transition from 7; to m;,; results in multiplicative growth
in the number of possibilities, an exponential growing number of possible history-
states are hypothesized during parsing. In comparison, when building a regular n-
gram model at each position, there will be only n — 1 added contextual features. Let

us clarify this point through the example of Figure 3.4. In this example at the word
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position for there are 6 history-states (that have survived the beam). Assuming the
interpolation scheme of HW, Figure 3.5, 18 (6 x 3) can be potentially added to the final
LM at the word position for .

This ultimately prevents us from being able to train linguistically motivated SLMs
on a huge amount of text data. To address this issue, one can apply one of the

following solutions:

e More aggressive parsing beam-pruning: One way to reduce the size of a
SLM, is aggressive pruning of the parser states during training. This can be
performed by reducing the beam-threshold in the beam-pruning strategy or, as it
is suggested in [5], by explicitly limiting the maximum number of parser states

(the latter pruning strategy is referred to as maximum-stack-depth pruning in [5]).

e Pruning strategy on the LM level: Another way to reduce the size of a SLM
— and make it comparable in size with n-gram LMs — is to wait till all the
training text is processed and prune the trained model pinterp (wi|gz$ (. i W_Z))

In order to measure the effect of the first solution on the quality of trained LM,
one would need to train a new LM each time a pruning parameter of the parser is
changed and hence, it can be a tedious procedure to optimize pruning parameters
to satisfy the tradeoff between LM performance and size. The second solution, on
the other hand, works directly on the LM level. Therefore, the effect of pruning on

the resulting model can be measured without the need to re-train the model. In

addition, since the pruning is applied directly on the SLM parameters (as we will
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see later in Section 3.5.1), the pruning takes into account the accumulated training
statistics, as opposed to the first strategy which prunes parser states locally for each
training sentence. In other words, there might be equivalence classifications which
are pruned locally by the parser—because they have a low prior probability assigned
by the parser—they, however, might occur enough times in the training data and
therefore, they might capture a useful information for language modeling.

We propose to investigate the latter solution in this dissertation. We start in Sec-
tion 3.5.1 by proposing a general information-theoretic strategy for pruning Jelinek-
Mercer LMs. We then present the results and the effect of our pruning method on

the size of the SLM and its performance in Section 3.5.2.

3.5.1 Relative Entropy Pruning of the Jelinek-Mercer

LM

Increasing the size of training data, usually improves the performance of a lan-
guage model. However, as the size of training data increases, LM size increases, which
can lead to models that are too large to be practically applicable. This is more severe
for our SLM due to the reasons mentioned in Section 3.5.

Here, we present an algorithm for pruning the underlying Jelinek-Mercer LM.
Our algorithm is based on the pruning scheme proposed in [45], which was used

for pruning n-gram backoff language models. The goal is is to minimize the distance
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between the distribution implied by the original model and that by the pruned model.
As mentioned in [45], the proposed algorithm has desired properties such as,
e It is an information-theoretic based criterion directly related to minimizing the
difference between the language modeling performance of the original and pruned
model.

e [t is linear in size of the original model and hence, practically efficient.

e [t is performed by merely considering the distribution encoded by the language
model. In other words, there is no need to have access to the raw data used to

train the model.

Let us first revisit the structure of a Jelinek-Mercer LM. The m!-level model in a

hierarchical Jelinek-Mercer interpolated LM consists of the following parts:

1. ¢m € {dm}: The m'-level contextual features which are observed in the train-

ing data. We will refer to these as “context-features”.

2. ¢(¢m): The (empirical expected) count of the context-feature ¢,, in training.

These counts are used for bucketing and tying \’s.

3. Apn: The interpolation weights which are functions of ¢(¢,,) and are used to

interpolate m!-level ML probabilities with the (m — 1)"-level probabilities.

4. puL (w|¢pm):  Explicit maximum-likelihood estimates of the probability of a

word w given the context-feature ¢,,.
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O b : {c(bm), Apnn }

Figure 3.6: The data structure used for representing m!” level parameters of a Jelinek-
Mercer LM.

Using the notation developed above, the probability of a word w given the highest

order context-feature ¢, is calculated through the recursive interpolation scheme:

Pinterp(W[Pm) = Ae(gmPMr (W|Pm) + (1 = Ac(gm) )Pinterp (w|Pm—1)

(3.13)

for 1 < m < M, where ¢ppr — dpr—1 — - -+ — @1 represents the context-features
used in each level of the hierarchical interpolation scheme. Figure 3.6 depicts the data
structure used for representing m'* level parameters of a Jelinek-Mercer LM. The
context-features ¢,, and probabilities py, (w|¢.,) are efficiently represented using a
trie, which is a prefix-tree data structure. We refer to pre-leaf and leaf nodes in the
trie as context-nodes and probability-nodes, respectively.

Our goal is to reduce the number of parameters in the Jelinek-Mercer LM by

removing explicit context-features and their corresponding explicit estimated proba-
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bilities. For a given m' level context-feature fy,, let
S (Pm) = {wlw € V st pur (w[pm) > 0} (3.14)

represent all the words in the vocabulary for which there exist an explicit estimated
probability given the context-feature, i.e. pyr, (w|@y,) > 0. In our pruning scheme, we
want to remove those ¢,,’s and their corresponding explicit probabilities pyy, (w|®m)
which have the least impact on the LM distribution. Following [45], we use Kullback-
Leibler (KL) divergence [62] (also known as relative-entropy) to measure the distance
between the original and pruned LM. Let piyterp(.|.) denote the conditional probabil-
ities encoded by the original Jelinek-Mercer LM and pi ., (.|.) the probabilities of
the pruned model. The KL divergence between the two models — using m* level

probabilities — is,

D(pllp) Zp Om) D (p(-|¢m)P" (| ém))

= 3 $(bm) Pt (10]h) log Do (10m) (3.15)

b, w 1nterp( |¢m)

where p(¢,,) = % is the empirical probabillty of a context-feature ¢,,.

Ideally, we should minimize Eq. 3.15 over all possible subsets of ¢,, that are
candidates for removal, but this is computationally intractable. Instead, we assume

that each ¢, effects D(-) independently and greedily prune those with the smallest
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Pm

puL(W|pm)

O b : {c(Pm)s Ap }

Figure 3.7: Deleting a context-node and all of its explicit probability-nodes from the
m" trie of a Jelinek-Mercer LM.

impact. It is shown in [45] that relative change in the model perplexity is related to

D(pl||p’) through

PPL (pinterp) — PPL (pinterp)
PPL(pinterp)

— exp (D(IP)) — 1 (3.16)

In the proposed algorithm, we prune ¢,,’s that results in an increase of relative
perplexity (3.16) by less than a threshold.

Let us now show mathematically how to compute D(p||p’) from pruning a single
¢m. Figure 3.7 pictorially shows the effect of removing a context-node ¢, and all
its leaf-nodes w € S (¢, ). Removing ¢, changes the model(s) as follows:

(i) For w € 8 (¢m), the m-level probability is completely replaced by the lower-level

interpolated model. That is,

pinterp(w’(pm) = )\c(qu)pML (w’¢m) + (1 - )\c(¢m))pinterp(w’¢m—1)>
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p;nterp(wkbm) = pinterp(w|¢m—1)- (317)

This is because when the context-feature ¢,, is removed, it is as if it has not been
observed in the training data and c(¢.,) becomes zero, forcing Acg,.) =0 .

(ii) For w ¢ S (¢pm), pmL (w|m,) is zero, so that

pinterp<w|¢m) = Ac(¢m)PML (w|dm)

pgnterp(w|¢m) = pinterp(w|¢m—1)~ (318)

(iii) Since we assume ¢(¢,) = 0 after removing the context-node ¢,,, the buckets used
to tie A’s—and therefore, the maximum-likelihood estimates of \’s on the heldout
data—will also be affected. This could affect pi,.,(w|@;,) even for ¢, # fm
and is hence computationally difficult to measure. Therefore, we use an iterative
algorithm: each iteration measures only the changes in D(p|[p’) due to effects (i) and
(ii), ignoring (iii). After pruning candidate ¢,,’s, we run the bucketing algorithm
and re-estimate the As for the new pruned LM on held out data.

By ignoring (iii) all estimates not involving context-feature ¢, remain unchanged,

so the KL divergence resulting from removing ¢,, is:

D Y =1p m inter m 1 pinter—p(w’¢m> .
(pllp') = p(¢p );p p(w]eh )ngénterp(w!qu) (3.19)

Furthermore, the sum above over all the words in the vocabulary, can be split into
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two parts as

D(p| |p,) - ﬁ<¢m) Z pinterp(w|¢m) 10g M +

WES (m) interp(w|¢m)
Pinterp (W ¢m
> Pinterp (W] ) log Panterp (0| 6rm) (3.20)
WEPm pinterp (w | ¢m)

For the first and second sum we use probabilities in Eq. 3.17 and Eq. 3.18 respectively.

The above thus simplifies to

) pur (w| @)
wES (pm) Pinterp (W | Pm—1

{1 D Puen(wem) | (1= Aon) (3.21)
wWES (Pm)

Note that a single iteration over all w € S (¢,,,) is needed to calculate both the first
sum in Eq. 3.21 and Zwes(¢m)pinterp(w|¢m>-

Algorithm 2 summarizes our proposed pruning procedure. In each pass, we iterate
over all context-features, from level M to M., and remove nodes for which (eD (pllp') —
1) < %. Dividing the threshold 6 by T', the number of passes, reduces pruning in each
iteration and distributes pruning across 1" passes, where we re-estimate \’s after each

pass to take into account changes due to (iii) above.
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Algorithm 2 Relative-entropy pruning of Jelinek-Mercer LM
Input:
f: pruning threshold
M pin:minimum hierarchical level for pruning
T: number of iterations

Algorithm:
for iter in 1.7 do
for m in M..M,;, do
for ¢,, € ¢, do
calculate D(p||p’) due to removing ¢,, according to Eqn. 3.21
if Pllr) 1 < %
prune ¢y, and make ¢(¢m) =0
end for
end for
if anything pruned
recompute buckets and A’s on the held-out data (as described in Section 3.3.1)
else exit
end for

3.5.2 Pruning Experiments and Results

We evaluate the effect of pruning using the setup described in Section 3.3.2. We
apply pruning to our best model, the Jelinek-Mercer SLM with HW+HT,, with M =7,
T =5 and My, = 4. The lowest hierarchy level that we considered for pruning is
(h.woh.tg,h.t_1). We prune the non-interpolated SLM and then interpolate it with
the Kneser-Ney 4-gram model. Our goal is to reduce the SLM to a comparable size to
the baseline model, which stores 39M n-grams in 1.7GB memory in BN experiments
and stores 43M n-grams in 1.9GB memory in WSJ setup.

Pruning reduces the size of the BN SLMs significantly, as seen in Table 3.5. SLM
size drops from 12.5GB to 2.8GB without much loss in test-set perplexity. In fact,

when interpolated with the Kneser-Ney 4-gram, the Dev-data perplexity is almost

71



CHAPTER 3. EFFICIENT STRUCTURED LANGUAGE MODELING

Threshold ‘ Eval ‘ Dev ‘ # Param. ‘ Mem. Size
SLM

0 159 | 168 413.5 M 12.5 GB
1x10-" | 159 | 175 143.3 M 4.4 GB
5x 1077 | 161 | 183 90 M 2.8 GB

Interpolated

0 142 | 147 | (413.5+39) M | (12.5+1.7) GB
1x 1077 | 141 | 148 | (143.3+39) M | (4.4+1.7) GB
5x 1077 | 141 | 149 (90439) M (2.841.7) GB

Table 3.5: Preplexity and memory size of the HW+HT,; SLMs for the BN task.

Threshold ‘ Eval ‘ Dev ‘ # Param. ‘ Mem. Size
SLM

0 125 | 149 495M 15.2GB
1x1077 | 129 | 153 147.2M 4.3GB
5x 1077 | 135 | 158 100.1M 3.2GB

Interpolated

0 110 | 132 | (495+43)M | (15.2+1.9)GB
1x 1077 | 111 | 133 | (147.24+43)M | (4.3+1.9)GB
5x 1077 | 112 | 134 | (100.1+43)M | (3.2+1.9)GB

Table 3.6: Preplexity and memory size of the HW+HTy SLMs for the WSJ task.

unchanged. For the Eval-data, the performance is slightly better, possibly due to
over-fitting of the unpruned LM. Table 3.6 confirms that our pruning scheme is also
effective for WSJ experiments. Once again, SLM size drops significantly while the
performance of the interpolated LM is retained. We now compare our pruning method
with the pruning method that was used in the original SLM framework, where parser
states are pruned locally. Table 3.7 shows the perplexity results of the HW+HTy SLM
using the dependency parser in deterministic mode, where we only capture the best
The

state among states with same number of actions during parsing a sentence.

deterministic dependency parser is essentially a parser with a beam where only the
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LM ‘ Eval ‘ Dev ‘ # Param. ‘ Mem. Size
BN
SLM 167 | 182 154.2M 4.7 GB
Interp. SLM | 145 | 151 | (154.24-39) M | (4.74+1.7) GB
WSJ
SLM 135 | 159 175.9 M 5.4 GB
Interp. SLM | 114 | 136 | (175.9+39) M | (5.4+1.9) GB

Table 3.7: Preplexity and memory size of the HW+HT, SLMs using deterministic de-
pendency parser for the BN and WSJ tasks.

top state is retained in the beam. Comparing the perplexity results in Table 3.7
with those of Tables 3.5 and 3.6, it can be observed that our pruning method, which
is applied directly on the LM level as described in Section 3.5, results in better
perplexity performance. As an example the BN SLM using the deterministic parser
requires about 4.7GB of memory and has perplexity of about 167 on the evaluation
set. Our punning method with § = 5 x 1077, on the other hand, requires only 2.8GB

of memory and has a better perplexity of about 161.

3.6 Analysis

The main motivation behind using syntactic structure in our SLM is the fact
that n-gram models can not learn long-distance dependencies and are shown to be
problematic for predicting word positions where syntactic relations go beyond recent
words in the history (Section 2.3). In this section, we aim to empirically show that, in
fact, the syntactic dependencies modeled through our SLM parameterization improves

the predictive power of the LM in those problematic regions, i.e. syntactically-distant
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13

positions'®. To this end, we calculate the following (log) probability ratio for each

position in the test data,

PKN+SLM (wi | W—i)

lo
& e (wi W)

: (3.22)

where pgryv is the word probability assignment of SLM with HW+HTs interpolation
scheme at each position and pygram(w;) is the probability assigned by the baseline 4-
gram model. The quantity above measures the improvement (or degradation) gained
as a result of using the SLM parameterization'4.

Figures 3.8(a) and 3.8(b) illustrate the histogram of the probability ratio (3.22)
for all the word positions in evaluation data of BN and WSJ tasks, respectively. In
these figures the histograms for syntactically-distant and syntactically-local positions

are shown separately to measure the effect of the SLM for the two position types.

PRN+sLM (wi [W_;)

near zero is much
pren (il V1) ear zero is muc

For both tasks the percentage of positions with log

higher for syntactically-local (blue bars) than the syntactically-distant (red bars). To

PKN+SLM (Wi [W_5)

pron (Wi W) —this is the average log-

confirm this, we calculate the average log
likelihood improvement, which is directly related to perplexity improvement— for

each position type in the figures.

Table 3.8, reports the perplexity performance of each LM (baseline 4-gram, SLM

13In other words, we want to show that perplexity improvements shown in Section 3.4 are mainly

due to improving the predictive power in those problematic regions.

4Tf g PEN-SLM (Wi W_i)
8 prN (w; [W_;)
predictive power for word position w;. This is a meaningful comparison due to the fact that the

probability assignment using both SLM and n-gram is a proper probability (which sums to one over
all words at each position).

is greater than zero, then we can conclude that the SLM has a better
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Figure 3.8: Probability ratio historgram of SLM to 4-gram model for (a) BN task (b)
WSJ task.

and interpolated SLM) on different positions of the evaluation data for BN and WSJ
tasks. As observed, the use of long-span dependencies in the SLM partially fills the
gap between the performance of the basleline 4-gram LM on syntactically-distant

postions N versus syntactically-local positions M. In addition, it can be seen that
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Test Set | 4-gram ‘ SLM ‘ 4-gram + SLM
Position BN
M 146 152 132
N 201 182 171
N+M]| 158 159 142
| FREC | 138% | 120% | 129% |
WsJ
M 114 120 105
N 152 141 131
N+M| 121 125 110
| PR 133% | 117% | 125% |

Table 3.8: Perplexity on the BN and WSJ evaluation sets for the 4-gram LM, SLM and
their interpolation. The SLM has lower perplexity than the 4-gram in syntactically

distant positions N, and has a smaller discrepancy Iljlffﬁ between preplexity on the

distant and local predictions, complementing the 4-gram model.

the SLM itself fills the gap substantially, however, due to its underlying parame-
terization based on Jelinek-Mercer smoothing it has a worse performance on reg-
ular syntactically-local positions (which account for the majority of the positions)
compared to the Kneser-Ney smoothed LM'?. Therefore, to improve the overall per-
formance, the interpolated SLM takes advantage of both the better modeling perfor-
mance of Kneser-Ney for syntactically-local positions and the better features included

in the SLM for improving predictive power on syntactically-distant positions.

15This is merely due to the superior modeling power and better smoothing of the Kneser-Ney
LM [17].
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3.7 Conclusion

In this chapter, we presented useful extensions to the original structured language
modeling framework of Chelba and Jelinek [5] to make it more accurate and space
efficient. A simple hierarchal interpolation scheme, which improves the perplexity
of the SLM, is introduced. Furthermore, a general information-theoretic pruning al-
gorithm is developed to reduce the model size in the Jelinek-Mercer LM smoothing
framework. Our experiments showed that the proposed SLM significantly improves
over the state-of-the-art modified Kneser-Ney 4-gram LMs. Additionally, our anal-
ysis confirmed that the syntactic dependencies modeled through the proposed SLM
parameterization is improving the predictive power of the LM in the position where
the baseline 4-gram LM is weak, i.e. positions where syntactic relations go beyond

recent words in the history.

7



Chapter 4

Hill Climbing on Speech Lattices:

an Efficient Rescoring Framework

4.1 Introduction

In chapter 3, we introduced the SLM framework and showed that the equivalence
classification of the histories based on the dependency structures resulted in a LM
which improves over regular n-gram models in terms of perplexity. Our proposed
SLM is one of the many statistical approaches that aim to address the weakness of
n-gram history classification in representing linguistic facts by using long-distance
contextual dependencies as well as the syntactic structure of the word string. In fact,
due to the availability of large amounts of training data and computational resources

during the past decade, building more complex models with sentence level knowledge
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and longer dependencies has been an active area of research in automatic speech
recognition (ASR) [5,6,9]. Yet, due to the complexity of the speech recognition task
and its large search space, integration of many of these complex and sophisticated
knowledge sources into the first decoding pass is not feasible. Many of these long-span
models cannot be represented as weighted finite-state automata (WFSA), making it
difficult even to incorporate them in a direct lattice rescoring pass. Even if they can
be represented as WESA, the direct lattice rescoring under them usually requires an
extensive state expansion which can be potentially problematic in terms of memory
requirements. Instead, an N-best rescoring strategy is employed to (partially) realize
their superior modeling power.

There have been many works on long-span language modeling, besides SLMs |5,
8,44]: Whole sentence exponential language models are used in [15,63]. [64] uses a
recurrent neural network framework to capture long-span contextual information. A
non-incremental, head-driven statistical parser is used in [7] to produce word sequence
probabilities. A maximum-entropy based language model which uses both syntactic
and topic information is proposed in [6]. A constraint dependency grammar and a
finite-state tagging model were used by [65] to exploit syntactic dependencies. Yet,
most of these language models are used in an N-best rescoring framework, due to the
reasons mentioned in above.

N-best rescoring suffers from several known deficiencies and inefficiencies. As a

thought experiment, one could sort all the hypotheses in a lattice using the simpler

79



CHAPTER 4. HILL CLIMBING ON SPEECH LATTICES

-1366 -1400
S -1368 H -1500
o e}
| 8
o o
(%] [9p]
Ko) o
° °
o o
= -1370- - \ n-1600 =

—— Rescoring Model T
Initial Model
_1372 I I I I I I I I I _1700
0 50 100 150 200 250 300 350 400 450 500
Hypotheses

Figure 4.1: N-best hypotheses (under an initial model) and their corresponding score
using a new rescoring model for an example speech utterance.

lattice-generating models, rescore each with the more complex models and ask where
the highest-scoring word sequence ranks. N-best rescoring will suffer from search
errors if N is smaller than this rank. But while considering a large number of hy-
potheses mitigates search errors, it is often computationally expensive, especially for
complex models—with sentence level knowledge and longer dependency information—
for which evaluating each hypothesis is computationally costly. The solution is to use
the more complex models to aid hypothesis selection, as opposed to considering the
top IV hypotheses chosen by the simpler models. Figure 4.1 illustrates the problem
with N-best rescoring for an example speech utterance. In this figure the x-axis cor-
responds to the 500-best solutions (hypotheses) under some initial model where these

hypotheses are ordered based on their rank under the initial model score. The y-axis
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denotes the model scores of each of these hypotheses using the initial model and a
rescoring model, respectively. As seen from this figure, there is not a strong corre-
lation between the rank of a hypothesis under the initial model and its rank under
the new model'. Moreover, the best scoring hypothesis (in this set of hypotheses)
under the new model is ranked around 450" using the initial model, and to reach
that hypothesis sequentially, one needs to evaluate hypotheses that score poorly un-
der the new model. Looking at Fig 4.1, one may ask if it is necessary to evaluate the
hypotheses ranked 1 to 450 sequentially, or whether, having found a hypothesis that
scores well under the new model, one could “jump” in the N best list to a similar
hypothesis and check if its new model score is even higher. In this manner, one could
leap-frog to the 450" hypothesis without necessarily scoring all the preceding ones.

In this chapter, we propose a hill climbing technique that operationalizes the idea
above. Hill climbing examines a neighborhood of an initial point, finds the direction
in which the score under the long-span LM is increasing most steeply, moves a suitable
step in this direction to reach a new point, and iterates. For a broad class of problems,
hill climbing is guaranteed to reach a local maximum of the function.

Let us summarize the steps of a hill climbing algorithm as a general greedy search

'We emphasize that the example provided here by no means represents all possible examples in
a speech corpus and is just serving as an illustrative example. There may be utterances for which
the correlation between the rank of hypotheses under the initial model and their rank under the
new model is high. In fact, if one plots the same figure but instead averages the scores across many
utterances in a corpus, it may be observed that there is a high correlation between the ranks using
initial model and the new model in average. Here, we are addressing the problem with N-best
rescoring on individual utterance basis. The N-best rescoring although is effective in average, one
could provide a much more efficient rescoring framework that dynamically adapts to each single
utterance.
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algorithm:

1. Initialize to a starting point in the search space.

2. Examine a neighborhood of the current solution.

3. Take a step in the direction where the search function increases.

4. Iterate using the new selected solution, until the current solution attains a local

maximum of the search function.

To apply hill climbing ideas to lattice rescoring with complex models, we therefore
need to view the alternatives in the lattice as points in a domain-space equipped with
a notion of a neighborhood. A natural domain is to consider each word sequence in
the lattice as a point, and the edit distance (Levenshtein distance) between two word
sequences as the metric for defining neighborhoods. Starting with a word sequence
in the lattice, we evaluate hypotheses in a small neighborhood with the complex
model, step to the best one, and iterate, until a hypothesis scores higher than all the
alternatives in its neighborhood.

Hill climbing for ASR has been investigated previously in [66] for rescoring con-
fusion networks [67], which provide posterior probabilities for individual words in
the hypotheses based on all the lattice-generating models. Scores from the complex
models may be combined with these (total) probabilities during rescoring. Rescoring
confusion networks, while very efficient, has the disadvantage of losing some infor-
mation in the lattice, such as timing information and individual acoustic and LM

score.
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The technique presented here evaluates explicit paths in the original lattice, per-
mitting greater flexibility, e.g. for discriminatively combining the individual models
used in lattice generation and rescoring [68]. Also, as a result of working on speech
lattices, the timing information and acoustic scores (encoded in the lattice) can be
directly used by the rescoring model (if needed).

The rest of this chapter develops the hill climbing idea. Section 4.2 describes our
hill climbing technique, and efficient construction of the neighborhoods using finite-
state automata (FSA) techniques. We then discuss few directions for extending the
proposed algorithm in Section 4.3 followed by Section 4.4 which addresses the issue
of non-convex optimization, i.e. avoiding local maxima. Sections 4.5 and 4.6 describe
our experimental setup and results where we empirically show the effectiveness of
the proposed hill climbing algorithm. In Section 4.7, we present speech recognition
experiments using the SLM in conduction with the proposed hill climbing algorithm

to fully and efficiently realize the power of the long-span SLM.

4.2 Hill Climbing on Speech Lattices

The ASR output from the first decoding pass is typically encoded as a lattice: a
directed acyclic graph (DAG) with unique start and end nodes, nodes time-stamped
w.r.t. the speech signal A, and edges labeled with words w. Each path in the

DAG from start to end corresponds to a candidate time-aligned transcription W =
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wiwsy ... w, of A. Each edge in the DAG is also labeled with component model scores,
e.g. log-probabilities from the acoustic model P(A|W) and language model P(W).
For simplifying the notation and to emphasize the generality of our algorithms, we use
I' and A to represent the acoustic model and the language model, respectively. The
acoustic model probably and language model probability are denoted by P(A|W,T)
and P(W|A), respectively. The DAG structure respects the conditional independence
assumptions of the component models, so that the score g(A, W;T',A) of an entire
path is the sum of the scores of the edges along the path. A lattice, generated by
the first pass of decoding, encodes an astronomically large number of hypotheses in
a compact representation.

Our goal is to investigate the replacement of the lattice-generating language model
P(W|A) with a long-span language model P(W|A,ey)?. We will use hill climbing to

find the path W in the lattice that maximizes the new total score,

g(A, W T, Apew) = v1og P(A|W,T) + log P(W|Apew), (4.1)

where P(A|W,T") denotes the acoustic score of the path corresponding to word se-
quence W and P(W|A,cy) is the new language model score of W. v is the inverse of
the language model (LM) scaling factor. Assuming hypothesis W' is generated by tak-

ing the path d = ejes - - - €, in the lattice, where the e;’s represent the corresponding

2We emphasize that the technique we develop in this chapter can also be used for rescoring
speech lattices with long-span sentence level acoustic score. However, we only focus on using long-
span language models.
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edges, the acoustic score of W may be decomposed as,

log P(A[W,T) =) " sacoustic(€:) (4.2)

i=1

where Sacoustic(€) is the acoustic score of the i*" edge in the path.

In order to apply hill climbing to our problem, we need to define a neighborhood
for each word sequence W in the lattice. Since our search space consists of a set
of word sequences, it is natural to define the neighborhood function using the edit
distance metric.

Specifically, we define the neighborhood of W at position i to be all the paths in
the lattice whose word sequence may be obtained by editing — deleting, substituting
or inserting a word to the left of — w;. We will use N'(W, ) to denote this “distance
1 at position ¢” neighborhood of W. We explain in Section 4.2.1 how the set of paths
in N(W,4) can be efficiently generated from the representation of the lattice as a
finite-state automaton (FSA) using the intersection operation.

We propose to undertake hill climbing as follows. At each step of the algorithm,
a position ¢ in the current word sequence W is selected. All paths in the lattice
corresponding to word sequences W’ € N(W.,i) are then extracted, along with the
original acoustic scores on each edge. The new scores g(A, W'; ', Apew) are computed
and the hypothesis T’ (i) with the highest score becomes the new 1. A new position

i in the new W is then selected® and the process continues, until W = W’(1) = ... =

3We have experimented with selecting i sequentially from left to right at successive steps, return-
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W’(n). In other words, the search terminates when W itself is the highest scoring
hypothesis in its 1-neighborhood at all positions in .
Section 4.2.2 described the hill climbing algorithm formally, and Section 4.2.3

discusses alternative ways of selecting the position .

4.2.1 Efficient Generation of Neighborhoods

As mentioned above, we need to efficiently generate the neighborhood set of a
given word sequence W at a specific position 1.

To this end, note that the set of all word sequences that can be generated from
W with one deletion, insertion or substitution at position ¢ can be represented by
a unweighted FSA. We will call this machine LC(W,i). Before we show how to

construct this machine, let us first introduce two special arcs in a FSA:

e epsilon arc (¢): This arc can be matched to to any input symbol and taking it,
does not consume any symbol from the input alphabet. It is used to represent

situations where we need to delete a position from an input word sequence.

e sigma arc (0): This is a special arc which is used to represent all possible input
symbols of a FSA. In other words, this arc can be matched with any symbol
from the input alphabet (any w in the vocabulary) and consumes one symbol
from the input. It is only used to efficiently account for situations where we

need to have an arc for each input symbol in the alphabet.

ing to the beginning (i=1) from the end of W.
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Figure 4.2: The FSA representation of the neighborhood set of a given path: (a)
Original path. (b) Neighborhood for a specific position. (c¢) Neighborhood for the
last position.

Using these special arcs, Figure 4.2 illustrates the construction of the FSA LC(W,1).
A word sequence W = wjwy ... ws is represented as a FSA in Figure 4.2(a) and
Figure 4.2(b) represents LC(W,2), the distance 1 neighbors of W at position 2 .
The € arc (1 — 2) accounts for the neighbor with wy deleted, the arc with ¢ followed
by € (1 — 6 — 2) corresponds to substituting wy with any word, including wy itself,
i.e. W always belongs to N (W,i), and the path with o followed by ws corresponds
to one insertion to the left of wy. Since the decision to insert only to the left of a
position i is arbitrary, we also define the FSA LC(W,n+ 1), which permits insertions
to the right of the last word in W. LC(W, 6) for the example above is shown in Figure

4.2(c).
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Next, to restrict the set of all the word strings represented by LC(W,i) to word
sequences actually present in the lattice (our search space), LC(W, 1) is intersected
with a weighted FSA representation of the lattice, Lacoustic, the weights on arcs are

the scaled acoustic scores, vSacoustic(€), from the initial lattice:

LN(W Z) — LC(M/’ Z) o 'Cacousti(r (4.3)

LN (W, 1) therefore is a weighted FSA representation of the subset of word sequences
W’ in N (W, i) that are also present in the initial lattice. The weights associated with
the words in LN (W, i) are the acoustic scores in the original lattice, which we will
need for combining with the new language model scores log P(W'|I'hew) according
to (4.1). Note also that although L,coustic could be a huge WFSA| the intersection
is fast and efficient because LC(W, 1) is (practically) deterministic, and has a very
small number of states. Figure 4.3 illustrates an example of an intersected LN (W, 1)
(with lattice) where the current word sequence W is “AND CERTAINLY AND THAT IS

WHY IT IS HARD” and neighborhood hypotheses are generated for the 4-th position

4.2.2 The Hill Climbing Algorithm

We now introduce the initial version of our algorithm formally using the notation

developed previously. The three major steps are shown in Algorithm 3.
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BAND/12.609

BEYOND/9.585
e AND/7459 0

THAT

Figure 4.3: An example of LN (W,i), word sequences present in lattice with edit-
distance 1 to W at position 1.

e Initialization, where the highest scoring word sequence (the Viterbi path) from

the initial lattice is selected;

e Neighborhood Generation, discussed in Section 4.2.1;

e Neighborhood Rescoring, which involves evaluating all the word sequences
in the neighborhood set using (4.1), and selecting the word sequence with the

maximum score for the next step of the algorithm.

It is worth mentioning that our algorithm is based on a variation of hill climbing,
called steepest ascent hill climbing, in which the best possible move is made at each
step, among all possible moves (in our case the best path after rescoring by the new
model among paths in the neighborhood set). In the basic hill climbing algorithm,
any move in the neighborhood which improves the objective function may be made,
not necessarily the move with the most improvement.

Remark. The advantage of the proposed hill climbing algorithm is that we always

have a full hypothesis during rescoring the neighborhood. This enables us to include
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Algorithm 3 Steepest Ascent Hill Climbing for Rescoring
Lacoustic < WFSA of the initial (first-pass) lattice

W <=Viterbi path of the initial lattice [Initilization]
N « length(W)
repeat

i1 [Start at position 1]

while : < N +1 do
[Neighborhood generation]
create FSA LC(W, 1)
LN(VV, Z) < LC(W 7!) 0 Lacoustic
[Neighborhood rescoring according to Eqn. 4.1]
W « arg maXw e, N(W,i) g(Av W/; L, Anew)
[Adjust length and position]
N +length(W)
if DELETION then
14 i-1
end if
14 i+1
end while
until W does not change [Stopping criterion]

features and model components that are sentence-level and capture global proper-
ties. In other words, there is no need to be restricted by the Markov assumption.
Also, the proposed algorithm — as it is generally true for any hill climbing search
method— is an anytime method. That is, we can stop the rescoring procedure if
we are satisfied with the current solution or are bound by time constraints, e.g. a

maximum of 20 seconds for rescoring per utterance.
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4.2.3 Choosing Positions to Explore Via Hill Climb-
ing

Once the neighborhood N (W, %) of the current position in W has been explored
and W has been updated, the hill climbing algorithm has many choices for the next
position (the new i) to explore. We have made the expedient choice of i <— 7 4 1 in
Algorithm 3, i.e. the choice to explore the neighborhood(s) of W sequentially from
left to right. We emphasize that this is by no means the only way to choose i, and
possibly not even the optimal choice. For the local optimality of hill climbing, it
suffices that the search terminates only if W is the highest scoring hypothesis in all
its 7 neighborhoods. A possibly smarter choice of ¢ may be based on obtaining the
lattice entropy at each w;. Positions of high entropy indicate higher uncertainty about
the choice of w;, and positions of likely errors in W [69]. Attacking such positions

first, with other positions fixed, will likely focus the rescoring effort where it is most

needed, and result in even faster convergence to the highest scoring hypothesis.

4.3 Extended Hill-Climbing Algorithm

The effectiveness and efficiency of the proposed hill climbing algorithm (like any
other greedy local search algorithm) depends on several aspects, such as the neigh-
borhood structure and initialization. In this section, we extend the hill-climbing

algorithm described in Section 4.2.2 to make it more efficient while keeping it ef-
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fective and accurate, in terms of avoiding search errors using the complex model.
In Section 4.3.1, we introduce an extension to the original neighborhood definition
(described in Section 4.2) to address the issue with consecutive errors in the output
of a speech recognizer. In Section 4.3.2, we then introduce the proposed heuristic
to make the algorithm more efficient, using the information provided by the initial
lattice generating model. Finally, Section 4.3.3 presents the extended hill climbing

algorithm.

4.3.1 Expanding the Neighborhood

An ASR system tends to make consecutive errors. This is mainly due to the
fact that a erroneous word (region) causes errors in the neighboring words through
affecting the context (which essentially affects the ability of the context dependent
models to correctly predict neighboring words)?. Correcting these consecutive errors
by applying a hill climbing algorithm that uses the 1 edit distance neighborhood
definition, requires the new model to correct the errors one-by-one. This implies that
the search algorithm can reach the final corrected solution (the one which has all

consecutive errors corrected) only if the followings are satisfied simultaneously®:

(i) The target solution is reachable through 1-edit distance neighborhoods. That is,

there exists a set of solutions W° W1 W2 ... WX in the search space (lattice)

4As an example, there are two errors per out-of-vocabulary (OOV) word occurrence [70].
5Tt is worth mentioning that these conditions are, in general, required for reaching to any desired
target solution by applying the hill climbing algorithm.
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where W0 is the initial solution and WX is the target solution and

W™ e N(Wk 1 k) (4.4)

for 1 < k < K. We call these solutions intermediate reachable solutions for

target W,

(ii) There exists a set of intermediate reachable solutions on which the rescoring

model scores better, consecutively. In other words, there exists an intermediate

reachable solution set WO W' W2 ... W¥ where,

9(AWHT, Apew) > g(X, WHHT, Apewy) (4.5)

for 1 <k <K.

Considering consecutive errors in the ASR output, there are situations where even
though condition (i) is satisfied, the new model has worse scores on the intermediate
point (with consecutive edit distance 1) and hence, the errors can not be corrected.
In other words, we need to first walk down the hill and then walk up (a different hill)
to reach to the correct solution. Let us illustrate this point through the following

example which shows an ASR 1-best output for an utterance and its corresponding
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reference transcription:

Reference: YEAH FIFTY CENT GOT A NOMINATION WHICH WAS GREAT

ASR output: YEAH FIFTY CENT A GALLON NOMINATION WHICH WAS GREAT

One way to reach to the correct solution in the above example, is to first insert GOT
to the left of A GALLON and then, to delete GALLON. That is the following intermediate

solutions:

(1): YEAH FIFTY CENT GOT A GALLON NOMINATION WHICH WAS GREAT

(2): YEAH FIFTY CENT GOT A -- NOMINATION WHICH WAS GREAT

Assuming this is the only way in the lattice to reach the correct solution (reference),
it is very likely that g(1) < g(ASR output) using the new language model but g(2) >
g(ASR output) . Therefore, even though the final solution scores better under the
new model, it can not be reached through 1-edit distance neighbors with increasing
scores.

We mitigate this problem by extending the definition of the neighborhood of W at
position ¢, denoted by N (W, ), to include all the paths in the lattice which are within
edit distance 2 w.r.t to WW. Firgure 4.4(a) shows how LC(W, i) FSA corresponding
to edit distance 2 definition can be constructed. This FSA basically represents the

following word-sequences:
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1. wywsws (deleting both ws and ws)

2. wiowswyws (deleting wo and inserting to the left of ws)

3. wiowsws (deleting wy and substituting ws)

4. wiowowyws (insertion to the left of wy and deleting ws)

5. wiowyowaws (insertion to the left of wy and substituting ws)
6. wyowyowswaws (insertion to the left of both wy and ws)

7. wioowyws (substituting both we and ws)

8. wioowswyws (substituting we and inserting to the left of ws)

It is easy to see that word-sequences wjow,ws are represented, by LC(W,2) in Fig-
ure 4.4(a), through two distinct paths. This makes the FSA non-efficient when inter-
secting it with the lattice. Figure 4.4(b) shows the FSA representation of LC(W,2),
in which the duplication above is avoided, hence making it more efficient for the in-
tersection operation. Extending the structure of the neighborhood to include word
sequences with edit distance 2 w.r.t to the current solution increases the reachability
of the good solutions (based on the new model) in the search space (lattice) and as
we show later in Section 4.6, it significantly improves the effectiveness of the search

algorithm.
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Figure 4.4: The FSA representations of the edit distance 2 neighborhood set.
4.3.2 Pruning the Neighborhood

The proposed hill climbing algorithm presents an efficient rescoring framework
by using the more complex models to aid hypotheses selection for rescoring and to
iteratively /locally improve an initial solution. Yet, rescoring all the paths in the
neighborhood, using a complex long-span model, is computationally expensive and
can lead to a waste of resources as some of the paths (hypotheses) in the neighborhood
might have originated deep in the lattice and have scored poorly according to the
baseline ASR score. To increase the efficiency of the algorithm, we propose reducing
the number of paths in the neighborhood by pruning using one of the following

strategies:
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e Histogram pruning: limits the number of hypotheses, per neighborhood, to the

top ones based on the initial model score.

e Beam pruning: only considers paths in the neighborhood which are within a

threshold of the best path according to the initial model.

In this dissertation, we apply the beam pruning strategy as it makes the search al-
gorithm focus the rescoring effort on high-entropy regions (under the initial model).
In fact, it has been noted that having a high entropy region in the ASR output highly
correlates with erroneous regions [69], and many methods use the entropy as a strong
feature for predicting ASR errors [69,71,72]. Given a threshold 6§ and the neigh-
borhood LN (W,i) for the current solution W at position i, we define the pruned
neighborhood Prune(LN (W, 1),0) to only include word sequence W’ € LN (W, i) for

which,

g = g(A, W, T, Aaa) < 0. (4.6)

Here, g(A, W';T', Aqlq) denotes the original ASR score (combined acoustic score and
the initial language model score) for W’ and g* is the best hypothesis in the neighbor-
hood according the the initial score. That is, ¢g* = maxycrnw,i) 9(A, W T, Aga).
Also, to ensure that the objective function does not decrease at any step of the al-
gorithm, we avoid pruning the current solution W from the neighborhood even if

g — g(A, Wi, Aga) > 0, i.e. we always keep the current solution in the pruned
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Figure 4.5: Pruning the weighted FSA representation of a neighborhood LN (W 7).

neighborhood. Figure 4.5 shows the effect of applying this pruning scheme on the
FSA representation of a neighborhood, which has been generated using edit distance
2 neighborhood definition. In Section 4.6, we show experimentally that the proposed
beam pruning is very effective and can significantly reduces the computational com-

plexity of the search algorithm without introducing significant search errors.

4.3.2.1 The Lexicographic Semiring

The proposed pruning scheme uses the total initial score from the ASR output —
which is the combined acoustic and initial language model scores — in the pruning
criterion. However, we need to have access to acoustic scores by themselves to combine
them with the new language model score P(W|A,ey) according to the Eqn. 4.1.

To utilize the pruning, we use lexicographic weights [73] in the wighted FSA
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representation of the original lattices. A (Wy, Ws)-lexicographic weight is a tuple of
two weights where each of the weight classes, W; and W5, must observe the path
property [74] that is: a @ b is equal to either a or b for any pair a and b in the weight
class. In this work, we use a pair of tropical weights to get the (T, T)-lexicographic
weight (7" denotes the class of tropical weights). Given the real weights aq, by, as and
by the & and ® operations — the intersection operation uses the ® (times) operation
to get the weights of the resulting weighted FSA — for (T, T')-lexicographic semiring

is defined as follows:

<CL1, b1> ® <a2, b2> = <a1 + a9, b1 + bz)
<a1,b1> if a; < ap Or (a1 = Q9 & bl < bg)

(a1, b1) ® (ag, by) = (4.7)
(ag,by) otherwise

As can be seen, the lexicographic semiring has the path property and therefore, the

natural order is defined as follows:

<a1,b1> < <a2,b2) iff <a1,bl) D <a2, b2> = <a1, b1> (48)

We use L, gry to denote the (T',T')-lexicographic weighted FSA representation

9r,Ag1q?

of the lattices, where the first weight corresponds to the initial total score gra_,

and the second weight is the acoustic score gr. The (T, T)-lexicographic weighted
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neighborhood FSA, LN (W, 1), is then constructed as follows,

LN(W,i) < LC(W,i) o L,

gr, Ay 9r)

where the intersection uses the ® operation defined in Eqn. 4.7. Therefore, we have
access to both the total initial score and the acoustic score in the new LN (W, ). Given
the natural order definition and the threshold # the pruning operation prune(LN (W, ), 6)
is applied to the LN (W,7). This operation deletes states and arcs in the input FST
that do not belong to a successful path whose weight is no more (w.r.t the natural
order) than the threshold 6 times the weight of the best path (which due to natural
order definition is selected based on the combined acoustic and initial language model

scores) in the input FSA [75].

4.3.3 The Extended Algorithm

Applying the extensions described in Sections 4.3.1 and 4.3.2, we introduce the
new hill climbing algorithm, which is shown in Algorithm 4. Let us distinguish the
new version from the initial version of the algorithm (shown in Algorithm 3) through

the following bullet points:
e The neighborhood definition is expanded to edit distance 2.

e We apply a beam pruning scheme to the neighborhoods using the (T, T')-lexicographic

weighted FSA representation of the lattices and the intersected neighborhoods.
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Algorithm 4 The extended Hill Climbing Algorithm

ﬁ(gr, g9y WEFSA of the initial (first-pass) lattice using LexicographicWeight.
0 <—pruning threshold
W «Viterbi path of the initial lattice [Initilization]
N « length(W)
repeat
i1 [Start at position 1]

while : < N +1 do
[Neighborhood generation with pruning|
create FSA LC(W, 1)
LN(W,i) ¢ LC(W,i) 0 Ligr, )
LN(W,i) + prune(LN (W, 1), )
[Neighborhood rescoring according to Eqn. 4.1]
W« arg maxyy e v w,i) 9(4 W5 T, Anew)
[Adjust length and position]
N «length(WW)
if DELETION then
1411
end if
14— 1+1
end while
until W does not change [Stopping criterion]
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4.4 Mitigating Effects of Local Maxima

Our algorithm, as true in general of hill climbing algorithms, may yield a local
maximum solution as there is no guarantee that it finds the global maximum when

applied to a non-convex space. Two common solutions to overcome this problem are,

1. Random-restart hill climbing where hill climbing is carried out using dif-

ferent random starting points (word sequences)

2. Simulated Annealing in which one chooses a random move from the neigh-
borhood (recall that hill climbing chooses the best move from all those available,
at least when using the steepest ascent variant). If the move results in a better
word sequence (in terms of the score under the new model) than the current
word sequence then simulated annealing will accept it. If the move is worse

then it will be accepted according to some probability [76].

This dissertation considers the random-restart technique. Algorithm 4 is repeated M
times, each time with a different initial word sequence. At the end of each iteration,
the score (under the new model) of the resulting path is stored. Hence, we will have
M different stopping paths , (vi,ve,- -+, vy ), along with their corresponding scores,
(91,92, - ,gm). The path with the maximum score is selected as the final output of
the algorithm. The M starting paths (word sequences) are selected by sampling the
initial lattices (based on the distribution imposed by the initial model). In addition,

we make sure that the sampled paths are not repeated and also for the first iteration
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we start from the viterbi path in the lattices. In Section 4.4.1, we discuss how sampling
can be efficiently applied to FSA representation of lattices.

Remark. It is worth mentioning that the random-restart hill climbing can easily
be distributed across multiple CPU threads. First, a set of M initial paths are sampled
from the lattice and then, each thread can start the hill climbing algorithm using one
of these initial paths. Once, all threads converge to their final solution, the final

output can be decided by using the final score from each thread.

4.4.1 Sampling from a Weighted FSA

A weighted FSA (WFSA) encodes a distribution over a set of strings (hypotheses)
and hence, sampling from a WFSA is equivalent to sampling from the corresponding
distribution. Here, we describe a sampling algorithm. Let us first establish a notation
for a WEFSA L. Let us represent an edge in £ with e. We also denote a state in £
with v. The starting and ending states of an edge e are represented by [(e) and r(e)
respectively. Foreach state v, we use E(v) to denote the set of outgoing edges from v.
Using the developed notation for WFSA L, the sampling procedure can be applied

using the following steps:
1 Run the backward algorithm to get the backward scores for each state v of L.
2. Start from the initial state of £ and assign it as the current state v.

3. Among the outgoing edges e € E(v) of the current state v, sample one according
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to the following score:

s(e)B(r(e))

B(0) (4.9)

where s(e) is score of the outgoing edge e. [(r(e)) is the backward score cor-
responding to the ending state of e and §(v) is the backward score of the cur-
rent state v. It is easy to see that the above score is between 0 and 1 as
2 ecr(w) $(€)B(r(e)) = B(v).

4. Assign the ending state of the selected edge in step (3) as the current state v. If

v is not the final state go to step (3). Otherwise, terminate.

The selected states and edges from the steps above implies a sampled path from the
WEFSA. Figure 4.6 depicts this procedure for a WEFSA where the red edges correspond
to the sampled path. The complexity of running the backward algorithm for an acyclic
WFSA is O(|E| + |V]), where |E| and |V| are the number of edges (arcs) and states
of the WFSA respectively [74]. Therefore, running the sampling procedure to get M
path requires O(M.l + |E| + |V])® where [ is the expected length of a successful path

according to the distribution embodied by the WFSA.

6The backward algorithm needs to be run just once.
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s(e)B(ve(e))
B(v)

ACHINE/716.24

ACHINE/716.24

MACHINE/716.24

MACHINE/716.24

1T°S/538.98

MACHINE/716.24,
ITS/538.98

MACHINE/716.24,

THAT’S/588.14
THE/799.89

THERE’S/543.93

Figure 4.6: Sampling procedure applied to a WFSA assuming the backward scores
are calculated for each state.

4.5 Experimental Setup

4.5.1 Corpora, Baseline and Rescoring Models

The ASR system used throughout this chapter is based on the 2007 IBM Speech
transcription system for GALE Distillation Go/No-go Evaluation [38]. The acoustic
models used in this system are state-of-the-art discriminatively trained models and
are the same ones used for all experiments presented in this chapter.

As a demonstration of our proposed rescoring framework, we first build a (pruned)
3-gram language model with modified Kneser-Ney smoothing [17] on 400M word
broadcast news LM training corpus which includes the following sources: 1996 CSR

Hub4 Language Model data, EARS BNO03 closed captions, GALE Phase 2 Distillation
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GNG Evaluation Supplemental Multilingual data, Hub4 acoustic model training tran-
scripts, TDT4 closed captions, TDT4 newswire, and GALE Broadcast Conversations
and GALE Broadcast News. This 3-gram LM has about 2.4M n-grams and is used
to generate initial lattices for all the experiments. For the rescoring experiments, we
train two different models (to make sure our algorithm is applicable across different

models) on the above LM text:

1. a (partially pruned) 4-gram LM with about 64M n-grams.

2. Model M shrinking based exponential LM [77]. This LM has been reported to
have state-of-the-art ASR performance for the broadcast news task [78].

The evaluation set is the 4h rt04 evaluation set containing 45k words. The WER of
the initial 3-gram LM on this data set is 15.5%. Additionally, we report rescoring
results on dev04f using Model M to show the generalizability of the hill climbing
algorithm across different data sets. The initial WER on dev04f using the lattice

generating 3-gram LM is 17.0%.

4.5.2 Evaluation of the Efficacy of Hill Climbing

We evaluate the following aspect of our proposed hill climbing algorithm:

e Comparison of the proposed algorithm and N-best rescoring. For this, we cal-
culate the average number of word sequence evaluations under the new models

needed for both methods to get to a particular WER. In our algorithm during the
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rescoring phase (of the neighborhood set), we need to query the LM score of each
word sequence in the neighborhood set. In order to maximally expedite scoring,
we maintain a look-up table of previously computed scores for word sequences,
computing scores using the evaluation method for the rescoring model only for
new word sequences which are not included in the look-up table. For each utter-
ance, the effective number of performed evaluations by the rescoring model can
be obtained from the size of the look-up table at the end of the hill climbing pro-
cedure. Also, for N-best rescoring we generate a list of word sequences in which
all the paths are unique and hence the size of the generated list is essentially the

number of effective evaluations.

Evaluating each hypothesis using a complex long-span model is computationally
expensive. Therefore, a reduction in the number of evaluations effectively corre-

sponds to a speedup in runtime of the resoring framework.

e Animportant factor, which directly affects the efficiency, is the amount of overhead-
time spent by the proposed algorithm to utilize the search. The overhead-time
for our random-restart hill climbing algorithm is due to the time spent to:

1. Sample initial paths

2. Generate neighborhoods (constructing LC(W,4) and intersecting it with the

lattice)

3. Prune neighborhoods
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4. Enumarate paths in the neighborhoods (to be resocred by the new model)

The overhead-time for N-best rescoring, on the other hand, is the time spent
generating the N-best list. We compare the added overhead-time using each

algorithm to reach a particular WER.

e The algorithms are evaluated based on the amount of search errors that they
introduce. In other words, they are analyzed based on how close they can get to
the WER of the optimal solution (global maximum) under the rescoring model on
the lattices. To this end, the rescoring LMs are selected, for now, to be such that

exact lattice rescoring is possible; Hence, the optimal WERSs can be reported.

Therefore, a rescoring framework (as a search strategy) is considered efficacious if
it reaches to solutions close enough to the optimal solution with a small number of

hypothesis evaluations and a reasonable added overhead-time.

4.6 Results and Discussion

The results for comparing our hill climbing method to N-best rescoring on rt04
using Model M may be seen in Figure 4.7. The z-axis corresponds to the average
number of unique hypothesis evaluations (on a log scale), calculated as described
in Section 4.5.2 for each method. The y-axis shows the WER of the output of
the algorithms for each experiment. For hill climbing, we experiment with differ-

ent pruning thresholds, where § = oo corresponds to experiments with no prun-
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ing applied. In addition, for hill climbing experiments, we use random-restart with
M = {1,5,10,15,20, 30,40, 50,100} starting paths (which corresponds to the differ-
ent points of the corresponding hill climbing line). We evaluate N-best rescoring
with N ranging from 5 to 50000. The horizontal dashed line in each figure shows the
WER of the best-scoring solution in the lattices using the rescoring model, Model
M, which is about 12.7%. These optimal WERs can be calculated due to the fact
that the rescoring models, which we used for our experiments, can be represented as
WPFSA and hence be composed with the lattices to extract the best path. However,
we emphasize that this can not be done for models with longer dependencies and
syntactic information, and therefore, the need for a rescoring framework is inevitable
with those models”.

The effect of using different neighborhood structures, namely 1 vs. 2 edit distance,
on the efficiency of the hill climbing algorithm is shown in Figures 4.7(a) and 4.7(b),
respectively (the N-best experiments are repeated in both figures for the propose of
comparison). These figures show that our proposed hill climbing algorithm results
in far fewer evaluations to reach competitive WERs, including the optimal WER,
when reasonable pruning is applied. Moreover, comparing hill climbing experiments
in Figure 4.7(a) with those of Figure 4.7(b), shows that the use of 2 edit distance
neighborhood structure when combined with pruning substantially improves the ef-

ficiency of the algorithm to quickly reach to solutions close to the optimal solution.

“One of such models is our SLM, for which the rescoring WER results using the proposed hill
climbing algorithm is presented later in Section 4.7.
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Figure 4.7: Hill-Climbing vs. N-best rescoring on rt04 using Model M with different
pruning thresholds § = {c0,10,6,5,4} and (a) 1 edit distance neighborhood (b) 2
edit distance neighborhood.
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As an example, using 1 initial path, # = 5 and 1 edit distance neighborhoods results
in 14.3% WER after evaluating about 36 hypotheses (per utterance) in average. 2
edit distance neighborhood structure with # = 4 and 1 initial path however, results in
13.4% WER after evaluating about 45 average hypotheses. That is about 0.9% abso-
lute reduction in WER,, using almost the same number of average evaluations. When
compared to N-best framework, our extended algorithm produces similar WER re-
sults with speedups up to two orders of magnitude (or even more). This improvement
is due to the characteristics of the hill climbing method where at each step the moves
are selected (from neighborhood set) based on their quality under the new model (in
contrast to N-best rescoring where the evaluating points are selected based on the
initial model).

Figure 4.8 illustrates the rescoring experiments on rt04 using the 4-gram LM
where the hill climbing is applied using 2 edit distance neighborhood structure. In
this figure, the optimal solution of 4-gram LM has about 13.6% WER. An important
observation, seen by comparing Figure 4.8 with Figure 4.7(b), is that the problem with
N-best rescoring (non-efficiency in terms of effective evaluations) is more severe when
the rescoring model is more different/orthogonal to the initial model. In our case,
Model M LM is capturing knowledge which significantly differs from the initial 3-gram
model (due to exponential-family parameterization used in Model M) , compared to
the 4-gram vs. 3-gram LM. Hence, one can see in Figure 4.7(b) a large gap between

the two rescoring methods in terms of the number of needed evaluations.
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Finally, the results for comparing WER vs. overhead-time trade-off for both
algorithms on rt04 using Model M is shown in Figure 4.9 where the hill climbing is
applied with 2 edit distance and different number of initial paths. The overhead-
time is calculated as described in Section 4.5.2. It can be observed from this figure

that:

1. The proposed hill climbing algorithm has a better WER vs. overhead-time trade-
off. This is due to the fact that our proposed hill-climbing algorithm can quickly
reach good solutions in the space and, hence, the overhead-time can be compen-
sated effectively. As an example, 200 seconds of overhead-time in N-best rescoring
reaches 13.7% WER, whereas the same overhead-time in hill climbing results in
13.4%. This is on top of the fact that the 13.7% WER has been reached by eval-
uating about 2000 hypotheses on average compared to average 34 evaluations in

the corresponding hill climbing algorithm.

2. Comparing the overhead-time of hill climbing with and without pruning reveals
that the pruning scheme is very efficient and does not contribute significant added

overhead to the algorithm.

4.7 SLM Speech Recognition Experiments

We conclude with experiments using our improved SLM for speech recognition.

Since the SLM uses equivalence classification of histories based on dependency struc-
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Figure 4.8: Hill-Climbing vs. N-best rescoring on rt04 using a huge 4-gram LM with
different pruning thresholds 6 = {c0,4, 3} and 2 edit distance neighborhoods.
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tures, it is a long-span model, which excludes the ability for direct lattice rescoring.
Therefore, we use the SLM as the long-span model in our proposed hill climbing
algorithm, which is demonstrably better than N-best rescoring (as shown in the ex-
periments of Section 4.6). Since the hill climbing algorithm is a greedy search with no
guarantees of global optimality, we use 1, 10, 20 and 50 random-restarts, repeating
hill climbing with different initial word sequences sampled from the speech lattice,
and output the best scoring final output. The ASR system used in these experiments
is the one described in Section 4.5. The acoustic model is also the same as the one

described in Section 4.5.

4.7.1 Treebank Tokenization

The original lattices in our ASR system use a different tokenization than the
one needed by our SLM, which is essentially the Treebank-style tokenization®. The
treebank-style tokenization is required for POS-tagging, dependency parsing and
hence, SLM scoring. Therefore, we convert each hypothesis during rescoring to the
Treebank-style tokenization where words are down cased and contractions and pos-
sessives are tokenized as shown in Table 4.1. The final output is converted back to
standard tokenization (by recombining tokens that were split, namely, possessives
and contractions) for WER computation as the reference transcriptions are in ASR

tokenization.

8We also refer to the ASR. tokenization as untokenized and use these two terms interchangeably
throughout this work.
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ASR Treebank
DON’'T do n’t

I'M i’m

I'LL il

I'D i’d
WE’VE we 've
YOU'RE you ‘re
GORE’S gore ’s

CANDIDATES’ candidates ’

Table 4.1: Treebank vs. ASR tokenization
4.7.2 Sentence Boundaries

One of the challenges for incorporating a SLM into an ASR system is the lack
of clear sentence boundaries. In fact, it has been shown in [79] that the quality of
the automatically detected sentence boundaries can substantially affect the quality of
the parser in a conversational speech recognition task. Throughout, this dissertation
we use the“end of sentence” marker </s> hypothesized in the ASR lattices to decide
the sentence boundaries. In other words, we chop a hypothesized utterance during
rescoring at places where </s> marker is present and treat each segment as a separate
sentence to apply the SLM. Let us clarify this convention via the following broadcast
news example which is a hypothesis from the ASR first pass decoding (after Treebank

tokenization):

<s> a distributor sent to the people of taiwan </s> so i think

this is a big mistake </s>
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The example above is segmented into two sentences, namely:
(i) <s> a distributor sent to the people of taiwan </s>
(ii) <s> so i think this is a big mistake </s>

Then, to get the SLM score for the hypothesis, each sentence is POS-tagged, depen-
dency parsed and scored by the SLM, i.e. the SLM score for a hypothesis is the sum
of the SLM scores of all the comprising sentences.

Remark. We note that the sentence segmentation described above is by no means
the best way to detect sentence boundaries? and can most definitely be improved by
applying state-of-the-art statistical methods for detecting the boundaries [80]. How-
ever, employing such methods to improve the detected boundaries and measuring its
effects on the performance of the SLM is simply beyond the scope of this dissertation

and is left to future experimentations.

4.7.3 Results

In this section, we present the ASR experiments using the BN setup of Section 3.3.2.
We use the SLM with HW+HT, interpolated with the baseline 4-gram LM (which re-
sulted in the best perplexity performance). Lattices are generated using a pruned
Kneser-Ney 4-gram LM (trained on untokenized training text.) The lattice generat-

ing LM has 15.4% WER and our baseline 4-gram LM (unpruned) has 15.1% on the

9The method is only based on "end of sentence” information captured by the lattice generating
n-gram.
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LM Pruned Unpruned | # Evaluations (averaged)
Kneser-Ney 4-gram 15.4% 15.1% -
1 initial path 14.7%* 14.7%* 42
Interp. SLM | 10 initial paths | 14.6%** 14.6%** 232
20 initial paths | 14.5%** 14.5%** 390
50 initial paths | 14.5% 14.5% 787

*

statistically significant with p = 0.02 using matched pair sentence segment WER test.

ok

statistically significant with p < 0.001 using matched pair sentence segment WER test.

Table 4.2: Word error rates for BN speech recognition experiments using the proposed
SLM with HW+HT, in the hill-climbing algorithm. The hill-climbing is used with 2 edit
distance neighborhood structure and neighborhood pruning threshold of O ciimp =
4. The significant tests has been carried out w.r.t the unpruned 4-gram LM.

rt04 evaluation data. Also, to evaluate the effect of the proposed SLM pruning scheme
which was described in Section 3.5—here, by pruning, we mean pruning the SLM not
the neighborhood— we consider both the unpruned and pruned (fsiy = 5 x 1077)
SLM¥. The hill climbing with 2 edit distance neighborhood structure and neighbor-
hood pruning threshold of Ony_cimp, = 4 is used. Moreover, to make sure we fully
realize the power of the SLM, the hill-climbing is applied with 1, 10, 20 and 50
random-restarts sampled from the original lattices (Section 4.4).

The recognition results in Table 4.2 show that the interpolated SLM significantly
improves the baseline performance: a 0.6% absolute improvement in WER, when 20
random-restart are used. We experimented with more initial paths (more than 50) and
the WER did not improve further. Hence, it is safe to say that the WER of the optimal
solution using the SLM is around 14.5%. In addition, it can be observed that our

proposed SLM pruning method does not degrade performance, despite significantly

10The perplexity results were presented in Section 3.5.2
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N-best | WER (%)
40 14.9
230 14.8
390 14.8

Table 4.3: Word error rates for speech recognition using the proposed HW+HTy SLM
with N-best rescoring. The N is chosen to match the average number of evaluations
in the hill climbing algorithm with {1, 10,20} initial paths.

reducing LM size. Finally, we observe that hill-climbing with 1 and 20 initial paths
results in an average of only 42 and 390 hypotheses evaluated per utterance. To show
that our proposed hill climbing results in a big computational saving and is able to
fully realize the power of the SLM, the WER results using N-best rescoring with
the SLM are reported in Table 4.3 where we assign N to be the average number of
evaluations of the hill climbing algorithm for different initial paths (Table 4.2). It can
be seen from the table that our proposed hill climbing algorithm even with 1 initial
pants and average 40 evaluations has a better performance than 390-best rescoring,
which is a big computational saving. In addition, to compare the effectiveness of the
hill climbing algorithm as a search algorithm with the N-best rescoring, we plot the
(averaged) model score (acoustic score + SLM score) of each algorithm in Figure 4.10.
In this figure the y-axis corresponds to the averaged model score of the rescoring
outputs according to Eqn. 4.1 where log P(W|A,ey) is the interpolated SLM score®!.
We compare the output score for different averaged number of evaluations. This figure

clearly reveals the superior power of the hill climbing algorithm as a search algorithm

1 Averaged model score is % > 9(Ai, Wi T, Apew) where M is the number of speech utterances
and g(A;, W;; T, Apew) is the algorithm output score for each utterance i.
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Figure 4.10: The averaged (averaged over the evaluation utterances) model score
(Acoustic+SLM) of the rescoring output using N-best rescoring vs. Hill climbing
algorithm.

compared to N-best rescoring. Hill climbing using only 40 evaluations per utterance
(averaged) reaches the output solutions (in the lattices) with an average model score
of —752.11, whereas N-best rescoring with even 400 averaged number of evaluations

reaches an average model score of —753.06. In other words, solutions found by hill

exp(—752.1)

LT & 2.6 times

climbing algorithm using only 40 evaluations per utterance are

more likely under the interpolated SLM than those found by 400-best rescoring.
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4.8 Conclusions

In this chapter, we introduced a novel rescoring framework on speech lattices
based on hill climbing via edit-distance based neighborhoods. We showed that the
proposed method results in far fewer full-sentence evaluations by the complex model
than conventional N-best rescoring and it results in a very efficient search algorithm.
The efficiency and effectiveness of the proposed algorithm is extensively evaluated.
Additionally, our experiments indicate that the SLM, when combined with the effi-
cient hill-climbing algorithm, significantly improves recognition accuracy over regular
n-gram models.

Although we have used the proposed algorithm to carry out only LM rescoring,
we emphasize that the method is applicable for rescoring using a new acoustic model,

with multiple knowledge sources and in a discriminative model combination scenario.
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Chapter 5

Efficient Discriminative Training of

Long-span Language Models

5.1 Introduction

Standard language modeling methods for automatic speech recognition (ASR) are
based on building generative models. Regardless of the type of information (feature)
used in the model, be it simple n-gram statistics or long-span syntactical features,
the parameters of the model are trained using maximum likelihood (ML) estimation
on text that represents the domain of interest. Therefore, the parameters of the LM
are not directly optimized for the ultimate objective function, i.e. WER. In fact, the
syntactic LM we proposed in Chapter 3 is a generative model where the parameters of

the underlying Jelinek-Mercer LM with headword features are trained on 40M words
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of text data.

Another trend, which has recently been taking hold in ASR, is towards discrim-
inatively trained models [35] [37] [81] [36]. The idea of a discriminatively trained
model is to use linguistic context to resolve acoustically confusable words in the de-
coded hypotheses, with the ultimate goal of reducing ASR errors on some training
data. Therefore, It is natural to expect that a LM can benefit from discriminative
training, given its role in selection of the correct hypothesis from the large ASR hy-
pothesis space. In addition, discriminative models provide the flexibility to include
both typical n-gram features and arbitrary features based on the global properties of
word sequences (long-span features) through the use of globally normalized log-linear
models. Examples of discriminative language models with long-span features such as
morphological and syntactic features can be found in [2,82,83].

However, unlike generative LMs with long-span dependencies, such as our pro-
posed SLM in Chapter 3, where one has to resort to N-best lists only during decoding,
globally normalized discriminative models with sentence-level features force the use
of N-best lists even for LM training. Collins et al. [2], for instance, trains a syntactic
LM on the 1000-best outputs from a speech lattice. This adds a significant compu-
tational cost to training: parsing 1000s of candidate paths can practically prohibits
the use of online learning algorithms to adjust the parameters of the discriminative
model on newly received training samples.

There are now alternatives to N-best rescoring with long-span LMs [84] [66]. In
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Chapter 4 we presented a hill climbing procedure on ASR lattices that iteratively
searches for a higher-scoring hypothesis in a local neighborhood of the current-best
hypothesis; the error-reduction from hill climbing matches or surpasses N-best rescor-
ing, with up to two orders of magnitude reduction in the number of evaluated utter-
ances. We seek a similar reduction in the computational complexity in discriminative
training of globally normalized language models.

The key idea in this chapter may be described as discriminative hill climbing. A
discriminative LM learns how to prefer a correct sequence hypothesis over all incorrect
alternatives, while the main idea of hill climbing is to move incrementally towards the
correct sequence-hypothesis via local changes to a current hypothesis. The new LM
training procedure we present combines these two ideas: adjusting the long-span LM
parameters to prefer a “locally better” hypothesis, so that when the fully trained LM
is applied in conjunction with hill climbing, a tendency to move towards the correct
hypothesis will result. In effect, we learn how to discriminate between good and bad
hypotheses during hill climbing.

This chapter is organized as follows. We begin by introducing the discriminative
language model of [2] in Section 5.2, which provides the global-linear parameterization
that we use in our framework. In Section 5.3, we apply our proposed hill climbing
rescoring algorithm (from Chapter 4) and apply it to rescoring speech lattices using
global-linear models with long-span features. In Section 5.4, we then propose our

discriminative hill climbing algorithm to efficiently train such global-linear models on
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the speech lattices. Section 5.5 discusses some related work which is similar to our
proposed algorithm. Sections 5.6 and 5.7 present our experimental setup and results

followed by conclusions in Section 5.8.

5.2 Discriminatively Training with Long-

Span Features

Long-span language models extend beyond the local n-gram context to incorpo-
rate long range dependencies such as features based on full-sentence parser tree [2],
morphological features [83], and trigger features [83] from the word sequence. One
general framework to incorporate such long-span features for the task of language
modeling is through the use of global linear discriminatively trained models [2,37].
We use the framework of Collins et al. [2] and begin with a review of this model.

First, let us review the statistical formulation of an ASR system using the notation
developed in Section 4.2. In speech recognition, as formulated in Section 2.1, an
acoustic model P(A|W,T") induces a conditional distribution over acoustic sequences A
given a sequence of words W. A language model (typically a n-gram model) P(W|T)
induces a prior distribution over word sequences. Given these models, recognition is

formulated as a search task for finding the most likely word sequence W for the input
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acoustics:

—~

W = arg maxylog P(A|W,TI') + log P(W|A) (5.1)
w

where v > 0 is the inverse of the language model factor. log P(W|A) and log P(A|W,T")
are the language model and acoustic model scores, respectively.

Collins et al. extend this model to include generic features; a d-dimensional feature
vector ®(A, W) € R that encodes arbitrary features of A and W. A weighted linear
combination of features and model parameters @ € R? is added to the model (Eqn.
5.1):

vlog P(A|W,T') +log P(WIA) + (a, ®(A, W)) (5.2)

where (@, ®(A, W)) is the dot product between the feature vector and the correspond-
ing weights. While ®(A, W) can in general include features from the input acoustic
sequence, we use only word sequence dependent features alone throughout the chap-
ter. To achieve a compact notation, the first feature of ®(A, W) is defined to be the

baseline (first-pass) recognizer score,’
Bo(A, W) = 7log P(A|W,T) + log P(W|A), (5.3)

so that the optimal solution under the above global linear model using the baseline

feature is:

—

W = arg;/nax(o?, O(A, W) (5.4)

"'We denote this feature as baseline feature throughout the chapter.
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The learning task is to estimate the parameters of the global-linear model above using
a set of training speech examples. During the decoding algorithm, on the other hand,

we search for word sequences that maximize Eqn. 5.4, for the given A.

5.2.1 Features

The features ®(A, W) used in a global linear discriminative language model are
often based on the count of extracted statistics from the word sequences in the training
data. As an example, the language modeling features might take into account n-gram

statistics such as

®;(A, W) = count of "the united states" in W

Collins et al. [2] uses syntactic features which are based on the count of extracted

statistics from the constituent parse tree for w, e.g.

®;(A, W) =VP — VB NP in T(W)

where T'(WW) is the parse tree for W and count of VP — VB NP is an example of a
context-free rule production in T'(W). The advantage of the global linear parameteri-
zation described in the previous section is that it allows a framework for incorporating

arbitrary features for language modeling.
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5.2.2 Parameter Estimation

The global-linear model parameters & can be estimated using a discriminative
objective such as global conditional log likelihood [37] or via the Perceptron algo-
rithm [85]. Throughout this work, we rely on the Perceptron algorithm, a popular
online learning algorithm with wide applications to structured learning problems in
NLP [85], and in particular, discriminative language modeling for speech recogni-
tion [37]. As an online algorithm, the Perceptron processes training instances one at
a time, updating @ after each example.

Figure 5.1 illustrates the perceptron algorithm for estimating the & parameters
of the global model. The input to the algorithm is the pair of acoustic inputs (A)
and the corresponding reference transcriptions (I;) over the set of training examples.
For each training example in each algorithm iteration ¢, the best scoring hypothesis
/I/IZ' according to current model parameters @ is selected from the set of possible word
sequences in GEN(A;), which is a set of possible word sequence candidates under
the first-pass (baseline) recognizer for A; (Figure 5.1). W, is compared to W}, the
word-sequence in GEN(A4;) that is closest to the reference W; in terms of WER (edit
distance). If the current @ does not yield W}, the weights in the model are updated,
and the algorithm moves to the next training example (A;11, W;y1). The applied
update is as follows: the weight of each feature is increased by the count of that
feature in W;* and decreased by the count of that feature in W;. We note that the

weight corresponding to the baseline feature o is not updated and instead, will be
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Input:
Training examples {(A;, W;)}HX,.
A feature-vector representation ®(A, W) € R%.
GEN(A) : the candidate list for example A.

Algorithm:
fort:1..T [Iterations]
fori:1.M [Examples]

—

W, = arg m%XWeGEN(Ai)@a (A;, W)
Wi = arg minycgrna,) AW, Wi)

i

if W, 4 W [If Mistake]
for j: 1..d [Update]
aj = a; + ®;(A;, Wi) — (A, W)
Output: a

Figure 5.1: The Perceptron training algorithm for discriminative language modeling
[2]. a1 is the weight given to the first-pass (baseline) recognizer score and is tuned
on development data.

tuned using a development set.

5.2.3 N-Best Lists as GEN(A)

The creation of the GEN(A), candidate word sequences, is required for discrim-
inative training and for decoding, when the trained model is used to rescore the
baseline recognizer’s output. A global linear model which only includes n-gram fea-
tures in ®(A, W) can be efficiently represented using a deterministic weighted finite-
state automata (WFSA)?. Therefore, for such models one can directly use the first
pass recognized word-lattices as the set of possible outputs GEN(a). Assuming the
WESA representation of first pass lattice £ corresponding to speech signal A, the

best word sequence according to the perceptron model W can be efficiently found by

2We refer the readers to [37] for the details of such representation.
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the following WFSA operation:

o~

W = arg max(a, ®(A, W)) = BestPath(oyL o D), (5.5)
W

where agL denotes scaling the lattice £ with the baseline score oy and D denotes
the WFSA representation of the n-gram discriminative model. Thus finding the best
solution under the new model (which is used during both decoding and training
of discriminative model) involves first, scaling £ with «q, intersecting it with the
discriminative language model D, and finally, finding the best scoring path in the
resulting WFSA.

However, including general long-span features, such as features based on syntactic
parse trees, prevents a global linear model from being represented efficiently (like D)
as a WEFSA. Therefore using the word lattices £ as GEN(A) is not feasible, for it is
computationally intractable to enumerate all paths in the lattice and score them under
the new discriminative model. The conventional solution is to instead approximate
the search space GEN(A) for model training (Algorithm 5.1) as well as decoding
with an N-best list, the N highest scoring paths from the baseline recognizer.

However, we already know from the discussions in Chapter 4 that N-best list ap-
proximation of the search space is inefficient and can pose significant computational
costs as each enumerated path in the list must be processed and scored under the

discriminative model which, in case of syntactic features, involves POS tagging and
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parsing each candidate in the list. This imposes a tradeoff in the selection of N;
smaller N will suffer from search errors while larger N are computationally expen-
sive. A similar difficulty arises during model training, where the perceptron algorithm
must score all the paths in the N-best list according to the current status of the dis-
criminative model with long-span features to obtain w. Although, it can be argued
that during training one only needs to pre-process the N-best list of each training
example and extract the needed long-speech features for each hypothesis in the list
once, the computation burden of the pre-processing step can make training on large
scale data prohibitive. In an online learning scenario, it also prohibits the ability of
efficiently adjusting the parameters of the trained model on newly received training
samples.

Our goal in this chapter is to address the limitation of using N-best lists dur-
ing training global-linear models with long-span features, and to provide an efficient

framework to train such models directly using the lattices £ in the role of GEN(A).

5.3 Hill Climbing Rescoring using Global-

linear Models

Given a speech utterance A and a lattice £ of candidate transcripts, lattice rescor-
ing under a global-linear model (with @) tries to solve the search problem of Eqn. 5.4.

As discussed in Section 5.2.3, including long-span features in the global-linear model
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prevents the direct lattice rescoring. Using the notation developed in Chapter 4,
we adapt our proposed hill climbing algorithm in Section 4.3.3, to efficiently rescore
speech lattices using global-linear models. Figure 5.2 shows the adapted algorithm
for a global-linear model with features ®(A, W) and corresponding weights &.

It may be noted that the only modification to the original hill climbing algorithm
in 4.3.3 is the way the word sequences in each generated neighborhood are rescored
through the use of the new global-linear model. Also, £ denotes the WFSA repre-
sentation of the first pass lattice, whose weights are the total baseline score. These
weights are used as a baseline feature for rescoring the neighborhoods, and also for
pruning the neighborhoods.

It may also be noted that we do not need to use LexicographicWeights, as was the
case in Section 4.3.3. During rescoring of the neighborhoods under our global-linear
model, we only need the total first pass score as the baseline feature, as opposed to
LM rescoring in Chapter 4 where we needed to add the new LM score to the baseline

acoustic scores.

5.4 Discriminative Hill Climbing Training

We are now ready to present our discriminative hill climbing algorithm. Just as
hill climbing can improve over N-best lists for rescoring, it can be used to improve dis-

criminative LM training. The key insight is that discriminative learning, to select the
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Initialization:
L < WFSA of the initial (first-pass) lattice
6 «+—pruning threshold

W <«Viterbi path of the initial lattice [Initilization]
N + length(W)

repeat
i1 [Start at position 1]

while i < N +1 do
[Neighborhood generation with pruning|
create FSA LC(W, i)
LN(w,i) « LC(W,i)o L
LN (w,i) < prune(LN(/W, i),0)
[Neighborhood rescoring per Eqn. 5.4]

W + arg max <&,<I>(A,W))

W'eLN(W i)
[Adjust length and position]

—

N <length(WW)
if DELETION then
14— -1
end if
1< i+1
end while
until W does not change [Stopping criterion]

Figure 5.2: Hill climbing algorithm using global-linear models for a given utterance
with acoustic sequence A and first pass (baseline) lattice L.

overall best hypothesis over all incorrect hypotheses, and hill climbing, which moves
towards the best sequence, can be integrated by learning how to take incremental
steps towards the best hypothesis in each neighborhood.

Observe that during N-best training, W is chosen after scoring N hypotheses,
which means we cannot observe a mistake until all N sequences are scored. The result
is that if model parameters lead to an error in one word position of the sequence, the
model learns to correct this error only by updating based on the entire sequence. In

contrast, hill climbing produces w incrementally, which means that a scoring error
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Baseline:  ABORTION LEGAL TEAM IS ASKING THE COURT TO ORDER THEM RECOUNTING
OF BALLOTS

(1) AL GORE’S LEGAL TEAM IS ASKING THE COURT TO ORDER THEM RECOUNTING
OF BALLOTS

(2) ABORTION LEGALS ASKING THE COURT TO ORDER THEM RECOUNTING
OF BALLOTS

(3) ABORTION LEGALS TEA ASKING THE COURT TO ORDER THEM RECOUNTING
OF BALLOTS

(10) AL GORE’S LEGAL TEAM IS ASKING THE COURT TO ORDER THE RECOUNTING
OF BALLOTS

Figure 5.3: An example utterance corrected by our discriminative hill climbing al-
gorithm. The first line (baseline) shows the word sequence provided by the baseline
model. Errors are shown in red. After the first pass through the sequence, the al-

gorithm inserts the word AL and substitutes ABORTION the word GORE’S. The
second pass replaces THEM with THE, yielding the correct transcription.

can be observed before the final T is reached. By updating parameters @ as soon as
an error is made, we can make model corrections faster and learn how to move in the
right direction within a neighborhood. Therefore, if the model is prone to making an
error in one position, we need not wait for the production of an final highest scoring
path, but instead correct model parameters as soon as we observe the initial mistake.

As an illustration, consider the example utterance in Figure 5.3. The baseline
model produces an incorrect word sequence (Figure 5.3 (baseline)), which mistakes
the word “ABORTION” for “AL GORE’S” and “THEM” for “THE”. If Figure 5.3(10) was
the best path in an N-best list, standard N-best list training would update only after
all preceding paths have been scored. Instead, the hill climbing algorithm gradually
corrects the baseline sequence, traversing the word sequence left-to-right and gener-

ating the corresponding local neighborhoods. If “AL GORE’S” gets corrected in the
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first iteration of hill climbing, even though “THEM” is still error, the algorithm could
immediately update, encouraging hill climbing to move in the better direction of hy-
pothesis (10) instead of hypothesis (2). In other words, we can immediately “jump”

to hypothesis (10) without scoring the hypotheses in between.

Initialization:
L < WFSA of the initial (first-pass) lattice
¢ < neighborhood pruning threshold
W «+ Viterbi path of the initial lattice
W < reference word sequence
N « length(W)
Algorithm:
repeat
141
while 1 < N +1 do
[Neighborhood generation with pruning|
create FSA LC(W ,4)
LN(W,i) + LC(W,i)o L
LN (W i) + prune(LN (W i), 6)
W+ arg ) (@, ®(A,W")) [Best path according to model]
W* « arg minW,GLN(Wﬂ.) d (W', W) [Best path according to edit-distance to
the reference transcription]

if W £ W
for j:1..d .
a; = Qj + (I)j(A, W*) — q)j(A, W)
end if
W« W*
N + length(ﬁ) [Adjusting length and position]
if DELETION
14 1-1
14— i+1
end while
until W does not change [Stopping criterion]

Figure 5.4: Discriminative hill climbing training for global-linear models for a given
training utterance with acoustic sequence a, reference s and lattice L.
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The general discriminative hill climbing procedure is show in Figure 5.4. For each
training utterance (given W and L£(A), the first pass lattice), select the Viterbi path
in £ as W. Hill climbing starts improving from w using current model parameters
. Select a position i in W (we start from 1 and move left to right) and use the
algorithm in Section 4.3.3 to generate the pruned neighborhood LN (W, i). Select the
best path W € LN(W, i) by extracting features ®(A, W), and then scoring with & for
each path W in the neighborhood. Before continuing to the next sequence position,
we evaluate if W was the best choice given the reference W. Since, W may not be in
the neighborhood, we instead use the path W* € LN(W, i) closest to W, using edit
distance.

To determine if the current hill climbing direction improves the best path with
respect to the reference, we compare W with W*. If W =% W*, then the algorithm is
not moving in the optimal direction. In this case, this means that either W* correctly
inserts, deletes or substitutes words at position ¢ of W as compared to W or W* has
a better baseline score (The reason for this is described below). Therefore, model
parameters @ should be updated to prefer W* more, and W less, which we achieve

through a Perceptron update:
a; = a; + O;(A,W*) — @;(A, W), (5.6)

where «; is the jth parameter. Notice that while ®(A, W) is based on the entire
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sequence, only parameters that change based on position 7 will be updated. After
an update, the best sequence becomes the current word sequence: W« W*. We
iterate over all positions until hill climbing converges, i.e. no change is available in
any position of the sequence. Similar to the regular perceptron algorithm, Figure 5.1,
we process and iterate over training instances (A;, W;) one at a time.

To find the best path W* according edit-distance, we enumerate over all the
paths in the neighborhood LN (W, i) and find their edit distance w.r.t the reference
transcription W by composing the finite-state transducer (FST) representation of the
path with levenshtein FST, and then composing the resulting FST with the FST
representation of WW. To handle situations where there is no single best path in terms
of edit distance w.r.t W in the neighborhood, we use the first pass baseline score
to break the tie and assign the best path W*. That is, the distance function d' in
Figure 5.4 has the following natural order definition for comparing two word sequences

W1 and W3,

d(Wi, W) < d(W3, W)

d(W, W) <d (Wi, W) iff ¢ o (5.7)

\

where ®(, as defined before, is the first pass baseline score. In other words, for
optimizing arg miny,, . v d (W', W) in Eqn. 5.4, we use the comparison function

above.
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The choice of distance function in Eqn. 5.7 and the fact that we assign W* as
the current path at each step provides us with the fixed set of encountered neigh-
borhoods while performing discriminative hill climbing for a training utterance at
each iteration of the perceptron algorithm. This enables us to prove the convergence
of the algorithm, as we will do in Section 5.4.1. Moreover, fixing the set of visited
neighborhoods as above, provides the ability to extract them offline for each training
sample and pre-process all the word sequences included in the neighborhoods?.

In Section 5.7, we will empirically demonstrate that discriminative training via
hill-climbing requires the evaluation of far fewer word sequences, leading to a dramatic
reduction in the number of calls to the parser, in case of building syntactic discrimi-
native model. Additionally, since we parse many word sequences in a neighborhood,
we could obtain further efficiencies using substructure sharing among similar word

sequences.

5.4.1 Convergence of the Training Algorithm

Here, we aim to provide a proof for the convergence of the algorithm on training
samples. For this, we use and follow the notation developed in [85]. The key observa-
tion for proving the convergence of our proposed discriminative hill climbing is that

the sequence of extracted neighborhoods LN (W, e) for a given training sample £(A)

is fixed and does not change through the different iterations of the algorithm. To see

3This is actually one of the advantages of the N-best perceptron where one can pre-process the
extracted N-best lists for each training example.
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why this is so, note that initially, W is the Viterbi path in £(A), and subsequently,
we set W <« W*, which depends only on the neighborhood of of W, and not on the
W chosen by the current iterate a.

To be more concrete, let us denote {A;}|M, to be the M training acoustic inputs.
Also, let us use N; to represent the number of extracted neighborhoods for the input
sample A;. Therefore, the j* neighborhood for the training input A; is serving
as our candidate list which we represent using GEN,(4;). Note that GEN;(4,)
is indeed LN (Wij,o), the j visited neighborhood for the input sample A;. Wi
also denotes the best path in GEN;(A4;) (cf. Section 5.4). Using this notation, our
proposed discriminative hill climbing algorithm can be treated as a regular perceptron
algorithm with the following input training samples:

{{AL W LA, W22 { A, W M (5.8)

j=1s =1 Jj=1

where {A4;, W}

;V:il denotes the sequence of samples considered for the acoustic input
A;. Each training sample {A;, W} has GEN;(A;) as its candidate list and the goal
of perceptron training is to estimate the parameters of the global-linear model such
that W is selected as best path in GENj(4;) candidate list. In addition, the total

number of training samples Mpyc for our algorithm is

Mpuc = Ny + Ny + -+ Ny (5.9)
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Considering the notion of training samples explained above, the proof of convergence
for the proposed discriminative hill climbing training algorithm under linear sepa-
rability condition can be directly implied using the proof of convergence explained
in [85] for the regular perception algorithm. However, for the sake of completeness, we
briefly describe the proof here. First, let us recall the definition linear separability

from [85].

Definition Let GEN;(A;) = GEN;(4;) — {W;}. In other words, GENj(a;) is
the set of incorrect candidates for the j** neighborhood of the acoustic input A;. A
training set in (5.8) is separable with margin § > 0 if there exists some vector

U € R? with [|U]|| = 1 such that
Vi, j YW € GEN;(4), (U, (®(A;, W) — @(a;, W))) =9 (5.10)

The convergence theorem for perceptron training may be stated as,

Theorem 1 ( [85]) If the training set of (5.8) is separable with margin 0, then the

discriminative hill climbing algorithm of Figure 5.4 satisfies

2

R
Number of error < 5 (5.11)

where R is a constant s.t Vi,j, VW € GEN;(4;) [[®(A4;, W) — @(A;, W)| <

R. Also, an error occurs whenever Wi; # Wi for some (i,j) pair in the training
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iterations.

We refer the readers to [85] for the proof of the theorem above.

Implication for discriminative hill climbing: Note that (5.11) asserts that the total

number of error encountered during the training iterations is finite. The algorithm
of Figure 5.4, however, keeps iterating as long as it encounters errors, i.e. as long
as di, 7 for which W\ij # W, Therefore, the theorem above essentially states that if
there exists a parameters value @ = U which makes zero errors on training samples,
our discriminative hill climbing algorithm converges to that parameter value. As
stated in [85], the proof for this theorem is independent of the size and structure of

GEN;(4;) and only depends on the separability defined above.

5.4.2 Advantages of the Algorithm

Here, we discuss and summarize some of the advantages of our proposed algorithm
over the conventional perceptron training using N-best lists:

e We believe our approach is well suited to speech lattices. Normal perceptron train-
ing updates using the optimal path in the N-best list, but it may be unrealistic
for the model to select the optimal sequence from the N-best and apply a one-shot
update towards the path, which leads to overly aggressive learning. Instead, our
method encourages gradual improvement towards the best sequence, which will be
selected if available. Otherwise, the model is still trained to improve at as many
word positions in the sequence as possible. This may be more compatible with

140



CHAPTER 5. EFFICIENT DISCRIMINATIVE TRAINING OF LONG-SPAN
LANGUAGE MODELS

directly minimizing WER, for we correct as many word positions as possible, as
opposed to conventional Perceptron training which favors sentence error rate by
targeting the best sequence overall.

Figure 5.5 pictorially illustrates this point where the longer line depicts the N-best
perceptron update which tries to replace the initial solution W (first pass solution)
with the optimal solution in the list W*. In the figure, shorter lines correspond to
the local updates of our discriminative hill climbing and the gradual improvements
towards the optimal solution. We demonstrate empirically that in addition to
being more efficient, the gradual updates results in a better learning algorithm.
It is also worth mentioning that by applying the pruning scheme (Section 4.3.2)
to the neighborhoods, we make sure that we only update towards the reachable
solutions in the space. This way, the solutions that score poorly under the baseline
recognizer are avoided, even though they might be good w.r.t the reference.

e In the conventional N-best perceptron training, there is always a concern about
choosing an optimal NN for the training task. On one hand, we want to have a large
enough N to include good solutions in the lattice and to learn enough parameters.
But at the same time, increasing N requires us to extract features and score a larger
number of word sequences, which could ultimately make the training/rescoring
procedure slow. In the proposed algorithm, on the other hand, there is no explicit
tuning for the number of word sequences extracted from the speech lattices. The

algorithm dynamically chooses the number of word sequences for each utterance,
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Search Space

Figure 5.5: Pictorial illustration of the N-best perceptron updates vs. discriminative
hill climbing updates.

taking into account utterance specific factors such as the length and the entropy of
the baseline recognizer given the input acoustic signal.

e Finally, the proposed algorithm results in feature extraction (i.g. parsing and POS-
tagging) for far fewer sentence-level feature than the N-best training. Therefore, it
is more efficient to be deployed as an online learning algorithm in scenarios where
the ASR system has access to newly corrected/transcribed training examples, e.g.

voice search [86] applications.

5.4.3 Averaging Parameters

Following [85], we use the “voted perceptron” [87] by averaging the parameters

of the global linear model used at each iteration of the algorithm. Define @ to be

4The higher the entropy of the baseline recognizer is, the denser the generated neighborhoods
are and therefore, the number of extracted paths from the lattice is larger.
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the parameter vector after the 5" neighborhood of the i training sample has been

processed in pass t over the training data. Then, averaging outputs

o = — Zii@’“ (5.12)
MpucT — £ ’

where Mpyc is defined in (5.9). The averaged perceptron is efficient to implement

and is typically used in various NLP tasks [37,85,88|.

5.4.4 Additional Efficiencies

Further speedups can be obtained by parallelization based on the distributed Per-
ceptron of [89] (iterative parameter mizing with uniform weights) where the training
examples {(A;, W;)}M, are divided among S parallel threads. A single epoch of
discriminative hill climbing is trained on each thread in parallel, mixing the model
weights @ after each iteration. The mixed parameter vector is then used by each ma-
chine to start another single epoch of training. The parameter values are uniformly
mixed at the end of each iteration: a; = %Zil @; ,where j and s indicate the iter-
ation and machine respectively. In this dissertation, we do not attempt to apply the
above parallel training.

For additional efficiency, we pre-process all the extracted neighborhoods and ex-
tract all the required features for all the paths in the neighborhoods. In case of syn-

tactic features, this requires us to POS-tag and parse the word sequences. For each
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utterance A;, we store a record of every sequence and its features for all the unique
word sequences encountered in any of the generated neighborhoods { LN (/I/Iv/ij, o)} of
that utterance and use these stored features during processing the utterance at each
iteration of the algorithm. Recall that the neighborhoods for each utterance A; are
fixed during the training.Some efficiency results from a word-sequence appearing in
multiple neighborhoods of a given utterance. Note that caching cannot be used for

N-best list training since every N-best entry is unique and must be parsed before

training.

5.5 Related Work

Our approach is reminiscent of learning algorithms that improve the quality of the
sequence-valued output through iterative updates, e.g a Monte Carlo technique for
decoding phrase based translation lattices is used in [90], and bi-directional learning
uses a Perceptron to iteratively label each position of a word sequence, updating
parameters each time an incorrect label is applied [91].

One of the advantages of the proposed algorithm is that the baseline output is
gradually improved towards the best solution via local updates at each step, as de-
scribed in Section 5.4.2. It has been observed by Liang et al. [92] that such conserva-
tive local updating results in a better discriminative model for machine translation

task. They use a similar hill climbing approach, where at each iteration they produce
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a small N-best (10 best) list of translation outputs and apply updates towards the
best solution in the list. For each iteration of training, they use the updated model
to re-generate the N-best list®.

Recently, there has been a trend towards using “semi-supervised” discriminative
training of language models for ASR [93] [94] [95] [96]. Recall that discriminative
training methods rely on manually transcribed speech as training examples. As a
result the amount of training data available for building discriminative models is
limited, as opposed to training generative models, which only require text. Semi-
supervised techniques for training discriminative LMs address this issue by applying
the discriminative training to data that consists of just text. All these semi-supervised
methods are based on the idea of simulating ASR outputs that would potentially
compete with the training text data, and use the pseudo outputs as a candidate list
for training a discriminative model. The main difference among these methods is
the technique applied to generate the simulated ASR outputs and errors. Kurata et
al. [94] uses a weighted finite-state transducer based method to represent the acoustic
phonetic similarities and generate confusable strings for each given sentence in a text
corpus, which creates training data for the discriminative training. In the process,
they produce “pseudo-lattices” by composing the machine representing the acoustic

confusions with the phonetic representation of the input text (which is obtained using

5In our case, our model works as a re-ranking discriminative model on a static space produced
by the first pass recognizer (lattice). We hill climb on this space during training using a gradual
steps towards locally good solutions in the space. Liang et al. [92] instead dynamically generate the
local neighborhood at each iteration of the perceptron algorithm.
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a pronunciation lexicon). Xu et al. [97] simulate word-level acoustic confusions, and
Sagae et al. [96] go further and use phrasal confusions (cohorts).

We want to emphasis that the proposed discriminative hill climbing can also be
applied on such pseudo-lattices to efficiently train a discriminative model with long-

span features on vast amount of available text data.

5.6 Experimental Setup

The ASR system used throughout the experiments of this chapter is same as the
one used in Section 4.5, which is based on the 2007 IBM Speech transcription system
for the GALE Distillation Go/No-go Evaluation [38]. The acoustic models are state
of the art discriminatively trained models trained on Broadcast News (BN) Hub4
acoustic training data, which contains about 153K utterances and transcriptions,
about 400 hours of speech. To train the discriminative language model we use Hub4
utterances with length < 50, giving 115K training utterances (2.6M words). The
baseline language model is a modified Kneser-Ney backoff 4-gram model trained on
about 195M words from Hub4 acoustic model training transcripts, closed captions
from the TDT4 , and EARS BNO03 sources.

To produce word-lattices, each training utterance is decoded/processed by the
baseline ASR system. The LM used for producing the first pass lattices is a Kneser-

Ney 3-gram which is trained on the LM training data excluding the Hub4 acoustic
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model training transcripts. The reason to use a 3-gram LM is to make sure we get
enough acoustic confusions in the discriminative training data. The test set is the 4
hour rt04 Broadcast News evaluation set (45K words). The dev set for tuning the
baseline feature weight (ayp) is the dev04f Broadcast News data.

To train a discriminative syntactic LM we use the local perceptron POS-tagger
of [60] and the dependency parser of [43] which is based on a maximum-entropy
classifier (described in Section 3.2.1). Since the LM here is discriminative, as opposed
to the generative SLM of Chapter 3, we include the full feature sets in both the parser
and POS-tagger. That is, the lookahead features that were excluded from the parser
and POS-tagger for experiments of Chapter 3, are now fully included in these models.
The POS-tagger has accuracy of about 96.9% on broadcast news treebank test set [1].
Also, the dependency parser has LAS accuracy of about 88.5% on the BN treebank
test data®.

We parse all word sequences in the extracted neighborhoods of the training data.

Our syntactic global linear model includes the following features at each word position

1. (hgwoh_jwouw;), (h_y.wouw;), (w;)

2. (hfg.t o) ]’L,l.t 9] tl) y (hfl.t @) tl) s (tl) s (tlwl)

6We will show in Chapter 6 how this level of accuracy for both the parser and POS-tagger is
achieved thorough uptraining on broadcast news data.
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where h_; and h_5 correspond to first and second exposed headword in the history
at position i, respectively. w and t denote the word identity and the POS tag of
the corresponding exposed headword. The exposed headwords at each position are
extracted from the dependency tree using the method described in 2.3.1.1. We again
use the sentence segmentation based on end of sentence token, “</s>”  described in
Section 4.7.2 for POS-tagging and parsing the ASR hypotheses which include more
than one sentence.

In addition, we build a discriminative LM with n-gram features only to calibrate
the improvements from adding syntactic features to the LM. Specifically, at each word
position ¢ the following n-gram features are included in the n-gram discriminative

model:
3. (Wigowigow;), (wisgow;), (W;)

The averaged perceptron is used for training the discriminative models.

5.7 Results and Analysis

We begin with an evaluation of discriminative hill climbing (DHC) in terms of
WER improvements on the evaluation set. We train the discriminative syntactic LM
and n-gram LM using (i) the proposed discriminative hill climbing algorithm and (ii)

the conventional N = 100-best lists. The first pass (baseline) lattices of the rt04 test
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| | WER(%) |
Baseline ASR 15.1
Training Algorithm
DHC | 100-best
3-gram features 14.9 14.9
Syntactic features | 14.6 14.7

Table 5.1: rt04 test set results: rescoring a baseline recognizer lattices using a discrim-
inative LM trained with either discriminative hill climbing or conventional N = 100-
best training.

data are then rescored using the hill climbing rescoring algorithm (Figure 5.2) with
1 initial path (Section 5.3). During training we use oy = 1 as the baseline feature
weight. For rescoring, however, we tune this weight on the development set which
results in oy = 0.7 for both cases, the discriminative model with 3-gram features and
the model with syntactic features. Table 5.1 presents the WER results for each of the
models and the training algorithms. As seen in the table, the discriminative syntac-
tic model trained using the proposed hill climbing algorithm improves the WER by
0.5% (a statistically significant result with p < 0.005 using matched pair (MP) sen-
tence segment test). In addition, the WER reduction due to using syntactic features
is about 0.3% absolute (14.9% versus 14.6%). Finally, the proposed discriminative
training procedure results in slightly better performance than 100-best training for
the syntactic LM.

The proposed discriminative training algorithm processes on average about 30
hypotheses per speech utterance during training (in case of including syntactic fea-

tures). When compared to average of 100 hypotheses for the 100-best training, the
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Process Time (hours)

100-best DHC

POS tagger 8.2 3.2
Parser 160.8 64.3

Table 5.2: Time spent by the POS-tagger and dependency parser for processing
hypotheses extracted from candidate lists in discriminative hill climbing and N = 100-
best training.

new algorithm results in a significant speedup. Table 5.2, shows the time spent by
the POS-tagger and the dependency parser for processing (POS-tagging and pars-
ing) word sequences extracted from the candidate lists of both training algorithms.
Observe that the reduction in the average number of hypotheses examined almost
proportionally reduces the processing time spent by the POS-tagger and the parser:
Discriminative hill climbing results in a speedup of about 2.4 compared to 100-best
list training. This enables the application of discriminative training in an online
learning scenario.

We can also measure learning effectiveness by considering the WER of the training
data after each iteration of discriminative hill climbing. But let us first, measure the
WER of the locally optimal solution in the training data that each algorithm steps
towards. The WER of the optimal solutions on the training data can be found in
Table 5.3. The proposed discriminative hill climbing algorithm reaches hypotheses
in the training lattices with a WER of about 6.0%, and it does so with only 30
hypotheses evaluations on average. To reach a comparable hypotheses via N-best
rescoring, one needs to extract and process about 1000-best hypotheses on average.

Next, we measure the WER of the training data after each iteration of discrimi-
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# Hypotheses (averaged) | Optimal WER (%)
100-best 100 7.0
1000-best 1000 5.9
DHC 30 6.0

Table 5.3: The WER of the optimal solutions in the candidate list of N = {100, 1000}-

best training vs. discriminative hill climbing training.

WER (%)
3-gram features:(w;_g o w;—1 o w;), (w;—1 o w;), (w;)
100-best 1000-best DHC
Tter. 1 12.4 13.7 11.5
Tter. 2 10.5 11.1 9.5
Tter. 3 9.6 9.9 8.7

Table 5.4: The WER of the training data using different discriminative training
methods 3-gram features.

native training. This investigation has been carried out only for the model that uses
n-gram features only. The training WERs are shown in Table 5.4. It can be observed
that the discriminative hill climbing algorithm results in a more effective learning
algorithm at least on the training data. An interesting point in the table is that
1000-best training converges more slowly than 100-best on the training data. This
is in contrast with the fact that the optimal solution using 1000-best training has
a much better WER, 5.9% versus 7.0% (Table 5.3). A possible explanation for this
is the perceptron update rule is not directly minimizing the expected loss, which is
WER, but sentence error rate, and a large N permits stepping towards solution for

the latter that is worse for the former than would be the base if N was smaller [98]".

"In cases where the training sequence is d-separable (Section 5.4.1) the perception update rule will
eventually lead to parameters with zero loss. This is not the case where zero loss is unachievable [98].
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5.8 Conclusions

We have presented discriminative hill climbing, a new algorithm for discriminative
training of long-span language models, which normally requires the use of N-best lists
for training and rescoring. For a syntactic language model that relies on a parser, we
demonstrate improvements in WER along with significant reduction in training com-
plexity. We also observe WER improvements over N-best training given comparable
computational effort. Our algorithm can be used to train complex language models
on large corpora with state of the art parsers.

There are a number of promising avenues for future work, including considering
more aggressive online algorithms, or scaling training to much larger corpora by uti-
lizing more efficient parsers, including lattice parsers. Additionally, improved training

time opens the door for exploring new LM features, and more complex models.
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Chapter 6

Fast Dependency Parsing via
Substructure Sharing and

Uptraining

6.1 Introduction

In Chapter 3 we presented an efficient SLM framework for incorporating long-
distance dependencies and syntactic structure to complement the predictive power
of m-grams in a language model. Chapter 5, subsequently, introduced an efficient
discriminative training algorithm, with which a global linear with long-span features
may be trained to directly minimize recognition errors.

However, both generative and discriminative LMs with long-span dependencies
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can be too slow for practical applications, for they often cannot work directly with
lattices and require a second pass rescoring of large N-best lists [2,6,9]. For discrim-
inative models, this limitation applies to training as well. Moreover, the non-local
features used by these models are usually extracted via auxiliary tools — which in the
case of syntactic features include part of speech taggers and parsers — from a set of
ASR system hypotheses. Separately applying auxiliary tools to each hypothesis in
the N-best list leads to further inefficiencies.

In Chapter 4, we presented a hill climbing rescoring algorithm for ASR lattices
which uses an iterative search for a higher-scoring hypothesis in a local neighborhood
of the current-best hypothesis, leading to a more efficient algorithm in terms of the
number, N, of hypotheses evaluated; the idea also led to the discriminative hill climb-
ing training algorithm of Chapter 5 for efficiently training long-span discriminative
language models.

Even so, the reliance on auxiliary tools slow LM application down to the point of
being impractical for real time systems. While faster auxiliary tools are an option,
speed is often obtained by trading off accuracy of analysis.

In this chapter, we propose a general modification to the decoders used in such
auxiliary tools without sacrificing accuracy by exploiting the commonalities among
the hypotheses. The key idea is to share substructures in transition based structured
prediction algorithms, i.e. algorithms where the final structure for an input sentence

is composed of a sequence of multiple individual decisions. If two hypotheses in the
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N-best list or in the local neighborhood during hill climbing share prefix or suffix, for
instance, a significant portion of the syntactic analysis of the first could be reused for
the second.

We demonstrate the utility of this idea on a local Perceptron based part of speech
tagger [60] and a shift reduce dependency parser [43], yielding significantly faster
tagging and parsing of ASR hypotheses.

In an orthogonal direction, we compensate for the model’s simplicity of the utilized
fast structured prediction tools by training the tools on order of magnitude more data
via a procedure that has been called up-training [99], yielding auxiliary tools that are
both fast and accurate. The result is significant speed improvements and a reduction
in word error rate (WER) for both N-best list and the already fast hill climbing
rescoring. The net result is arguably the first syntactic LM fast enough to be used in

a real time ASR system.

6.2 Incorporating Syntactic Structures

Long-span language models — generative or discriminative, N-best or hill climbing
— rely on auxiliary tools to implement associated models, such as a POS tagger or
a parser, for extracting features for each hypothesis during rescoring, and during
discriminative training. The top-m candidates for the auxiliary structure associated

with the i*" hypothesis, which we denote as S}, ..., S™, are generated by these tools

)
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and used to score the hypothesis: F(W;,S},...,8™). For example, Sij can be a POS
tag or a syntactic dependency. We formally define this sequential processing as:

tool(s L

W, O g s M pay st sm)

Wo 0 sp sy 2 PSS
WN w 811\7778]?71 % F(Wk’S}V?,Sﬁ)

Here, {Wi,...,Wx} represents a set of ASR output hypotheses that need to be
rescored. For each hypothesis, we apply an external tool (e.g. a parser) to gener-
ate associated structures S},...,8™ (e.g. dependencies.) These are then passed to
the language model along with the word sequence for scoring. For the SLM model
developed in Chapter 3, these structures are revealed as the partial trees (history
prefix trees) for any word w; in hypothesis W = wyw, - - - w,,'. These partial trees at
each position ¢ along with the word are then used by the SLM sequentially to score
a hypothesis, i.e. F(W,S) =), F(w;,S;). The discriminative global linear model of
Chapter 5, on the other hand, uses the full tree structure 7'(W) to extract exposed

headwords at each word position and uses them to score each hypothesis W. In either

case, the parser must analyze all the hypotheses evaluated for the LM.

1Using the notation of Chapter 3, these structures were referred to as history-states and were
represented by 77, which shows the j'* partial tree at position i of W.
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N-best list

W N =
S N N N

— TN Y Y
oL X0 N
— — — — —

AL GORE HAS PROMISED THAT HE WOULD ENDORSE A CANDIDATE

TO AL GORE HAS PROMISED THAT HE WOULD ENDORSE A CANDIDATE
AL GORE HAS PROMISE THAT HE WOULD ENDORSE A CANDIDATE

S0 AL GORE HAS PROMISED THAT HE WOULD ENDORSE A CANDIDATE
IT’S AL GORE HAS PROMISED THAT HE WOULD ENDORSE A CANDIDATE
AL GORE HAS PROMISED HE WOULD ENDORSE A CANDIDATE

AL GORE HAS PROMISED THAT HE WOULD ENDORSE THE CANDIDATE
SAID AL GORE HAS PROMISED THAT HE WOULD ENDORSE A CANDIDATE
AL GORE HAS PROMISED THAT HE WOULD ENDORSE A CANDIDATE FOR
AL GORE HIS PROMISE THAT HE WOULD ENDORSE A CANDIDATE

Hill climbing neighborhood

YEAH FIFTY CENT GALLON NOMINATION WHICH WAS GREAT
YEAH FIFTY CENT A GALLON NOMINATION WHICH WAS GREAT
YEAH FIFTY CENT GOT A NOMINATION WHICH WAS GREAT

Figure 6.1: Example of repeated substructures in candidate hypotheses.

6.3 Substructure Sharing

While long-span LMs have been empirically shown to improve WER over n-gram
LMs, their computational burden limits the widespread use of such LMs in practice,
particularly in real-time systems. A major complexity factor is due to the need to
process 100s or 1000s of hypotheses for each speech utterance, each of which must be
POS tagged and parsed. However, the candidate hypotheses of an utterance share
large substructures, especially due to the locality of the neighborhood generation
in the hill climbing methods. Recall from Chapter 4, for instance, that by design,

N(W;,e) is a set of hypotheses that all differ from each other in only 1 or 2 words

out of a typical length of 20 words.

Figure 6.1 demonstrates such repetition in a 10-best list and a hill climbing neigh-
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borhood N(W,4) for utterances from the broadcast news corpus. For example, the
word “ENDORSE” occurs within the same local context in all hypotheses in the 10-best
list and should receive the same part of speech tag in each case. Processing each
hypothesis separately is computationally inefficient.

We propose a general algorithmic approach to reduce the complexity of auxilliary
processing by sharing common substructures among the hypotheses.

Unlike many lattice parsing algorithms, our approach is general and produces ex-
act output. Lattice parsing has considered processing multiple hypotheses (including
lattices and N-best lists) with the goal of producing the single-best parse trees over
all hypotheses. In such schemes, some sentences are only parsed partially, and some
possibly not at all. The goal here is to produce the m-best parses of each hypothesis
in the ASR N-best list or lattice (neighborhood).

We first present our approach and then demonstrate its generality by applying
it to a dependency parser and part of speech tagger. With the goal of developing
a method that is widely applicable, we assume a structured prediction model that
produces output from a series of local decisions: i.e a transition model. The model
begins in initial state my and terminate in a possible final state m;. All states along
the way are chosen from the set of possible states II. A transition (or action) w € §2
advances the decoder from state to state, where the transition w; changes the state
from 7; to m;41. The sequence of states {mg ... m;, 11 ... 7} corresponds to an output

(the model’s prediction.)
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The choice of action w is given by a statistical model, such as a maximum-
entropy classifier, support vector machine or Perceptron, which is trained on labeled
data. Given the previous k actions up to m;, the classifier ¢ : II x QF — R/
assigns a score to each possible action, which we can interpret as a probability:
Pg(wi|mi, wi—qwi—a .. .w;—k). These actions are applied to transition to new states m;;1.
We note that state definitions may encode the k previous actions, which simplifies

the probability to p,(w;|m;). The score of the new state is then

p(miv1) = pg(wi|m) - p(m;). (6.1)

Classification decisions require a feature representation of m;, which is provided by
feature functions f : II — ), that map states to features. Features are treated as
a sufficient statistics for multi-class classification, so p,(w;|m;) = py(w;|f(7)). In this
sense, states can be summarized by features.

Equivalent states are defined as two states m and «' with an identical feature

representation:

If two states are equivalent, then g imposes the same distribution over actions. We
can benefit from this substructure redundancy, both within and between hypotheses,
by sharing the distribution computed just once for the entire set of equivalent states.

A similar idea of equivalent states is used by Huang and Sagae [51], except they use
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equivalence to facilitate dynamic programming for shift-reduce parsing (i.e. within-
hypothesis sharing) whereas we generalize it for improving the processing of similar
hypotheses in general models (i.e. across-hypotheses sharing). Following the notation

of Huang and Sagae, we define kernel features as the smallest set of atomic features

f(7) such that,

f(r)=f(z') = n=n. (6.2)

Equivalent distributions are stored in a hash table H : 11 — € x R; the hash keys
are the states and the values are distributions? over actions: {w, p,(w|m)}. H caches
equivalent states in a hypothesis set and resets for each new speech utterance. When
the structure SZ is being developed, for each state we encounter, we first check H
for equivalent states before computing the action distribution; each cache hit reduces
decoding time.

Distributing hypotheses W; across different CPU threads is another way to obtain
speedups, and we can still benefit from substructure sharing by storing H in shared

memory. We use

h(m) = A int(f;(m)) (6.3)

as the hash function, where int(f;()) is an integer mapping of the i kernel feature.
For integer typed features the mapping is trivial, for string typed features (e.g. a

POS tag identity) we use a mapping of the corresponding vocabulary to integers.

2For pure greedy search (deterministic search) we need only retain the best action, while the
entire distribution is needed in probabilistic search, such as beam search or best-first algorithms.
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We empirically found that this hash function is very effective and yielded very few
collisions.

To apply substructure sharing to a transition based model, we need only define
the set of states II (including 7y and 7f), actions Q and kernel feature functions f.
The resulting speedup depends on the amount of substructure duplication among the
hypotheses, which we will show is significant for ASR lattice rescoring. Note that
our algorithm is not an approximation; we obtain the same output {Sf } as we would

without any sharing.

We now illustrate how to apply this algorithm to dependency parsing and POS

tagging.

6.3.1 Dependency Parsing

We use the best-first probabilistic shift-reduce dependency parser of Sagae and
Tsujii [43], a transition-based parser [55] with a MaxEnt classifier®>. Dependency trees
are built by processing the words left-to-right and the classifier assigns a distribution
over the actions at each step. States are defined as # = {S,Q}: S is a stack of
subtrees s, 51, ... (8o is the top tree) and @ are words in the input word sequence.
The initial state is 79 = {0, {wo, w1, ...}}, and final states occur when @ is empty
and S contains a single tree (the output).

The set of actions, €2, is determined by the set of dependency labels » € R and

3Part of the description for the shift-reduce dependency parser is repeated from Section 3.2.1 to
have a complete overview of how the substructure sharing can be integrated into the parser decoder.
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one of three transition types:
e Shift: remove the head of ) and place it on the top of S as a singleton tree.

e Reduce-Left(r): replace the top two trees in S (so and s;) with a tree formed by

making the root of s; a dependent of the root of sq with label 7.

e Reduce-Right(r): same as Reduce-Left(r) except making the root of sy a depen-

dent of the root of s;.

Finally, the feature functions bring to the model’s attention attributes of the
current state S and queue () that have the most bearing on syntactic structure. e.g.

a feature found useful is

1 if sp.w=w & ¢p.t=P

0 otherwise

where syg.w denotes the head word of the top tree in the current stack and ¢q.t
represent the POS tag of the first word in the current queue.

Table 6.1 shows the kernel features. See Sagae and Tsujii [43] for a complete list

of features. Essentially the extracted features from each state are either one of the

kernel features or are obtained by conjoining a set of kernel features. As one example

the following is a feature based on conjoining the POS tags of s, s1, and s:

f=(so.t=NN)A (s1.t = VP) A (s3.t = IN)
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Kernel features f(7) for state 7 = {5, Q}
S:SQ,Sl,... & Q:qO,ql,...

(1) sp.w  sp.t Sq.1 (5)  tso—1
sp.lch.t  sg.lch.r sy 41
so.rch.t  sg.rch.r

(2) s1.w syt S1.1 (6) dist(so, s1)
spdeht sy dchor dist(qo, so)
si.rch.t  sj.rch.r

(3) so.w  so.t S9.T

(4) q.w qo.t (7) s¢.nch

Q-w o q.t s1.nch
q2-W

Table 6.1: Kernel features for defining parser states. s;.w denotes the head-word in a
subtree and t its POS tag. s;.Ich and s;.rch are the leftmost and rightmost children
of a subtree. s;.r is the dependency label that relates a subtree head-word to its
dependent. s;.nch is the number of children of a subtree. ¢;.w and ¢;.t are the word
and its POS tag in the queue. dist(sg,s1) is the linear distance between the head-
words of sy and s; in the word sequence and dist(qo,s¢) is the linear distance between
the head-word of sy and the first word in the queue qq.

As many features are constructed by conjoining the kernel feature, the number of
actual features is larger than kernel features. Therefore, the caching based on the
kernel features is more efficient than using the actual features.

Goldberg and Elhadad [100] observed that parsing time is dominated by feature
extraction and score calculation. Substructure sharing brings efficiencies to these very
steps for equivalent states, which are persistent throughout a candidate set. Note
that there are far fewer kernel features than total features, hence the hash function
calculation (6.3) is very fast.

We summarize substructure sharing for dependency parsing in Algorithm 5. We

extend the definition of states to be {S, @, p} where p denotes the score of the state:
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Algorithm 5 Best-first shift-reduce dependency parsing

w < input hypothesis
SO = ®7Q0 = W,po = 1

70 < {S0, Qo,po} [initial state]

H «<Hash table (I — Q x R)
Heap<— Heap for prioritizing states and performing best-first search

Heap.push(mg) [initialize the heap]

while Heap # () do

Teurrent <—Heap.pop() [the best state so far]
if Teurrent = 7 [if final state]
return Teyrrent [terminate if final state]
else if H.find(mcurrent)
ActList < H|[Tcurrent] [retrieve action list from the hash table
else [need to construct action list
for all w € Q [for all actions
Puw < Dg(W|Teurrent) [action score
ActList.insert({w, pw })
H.insert(7eurrent, ActList) [Store the action list into hash table]
end if
for all {w,p,} € ActList [compute new states]
Tnew < Mcurrent X W
Heap.push(myew) [push to the heap]
end while

the probability of the action sequence that resulted in the current state. Also, follow-

ing Sagae and Tsujii [43] a heap is used to maintain states prioritized by their scores,

for applying the best-first strategy. For each step, a state from the top of the heap is

considered and all actions (and scores) are either retrieved from H or computed using

g. Sagae and Tsujii [43] use a beam strategy to increase speed. Search space pruning

is achieved by filtering heap states for probability greater than % the probability of

the most likely state in the heap with the same number of actions. We use b = 100

for our experiments. We use Tpeyw ¢ Teurrent X w t0 denote the operation of extending

a state by an action w € €.
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Finally, we note that while we have demonstrated substructure sharing for depen-
dency parsing, the same improvements can also be made to a shift-reduce constituent

parser [54].

6.3.2 Part of Speech Tagging

We use the part of speech (POS) tagger of Tsuruoka et al. [60], a transition based
model with a Perceptron and a lookahead heuristic process. The tagger processes
W left to right. States are defined as m; = {¢;, W}: a sequence of assigned tags
up to w; (¢; = tyty...t;_1) and the word sequence W. € is defined simply as the
set of possible POS tags that can be applied. The final state is reached once all
the positions are tagged. For f we use the features of [60]. The kernel features are
f'(m) = {t; o, ti 1, W9, W1, W;, Wir1,Wir2}. While the tagger extracts prefix and
suffix features, it suffices to look at w; for determining state equivalence. The tagger
is deterministic (greedy) in that it only considers the best tag at each step, so we do
not store scores. However, this tagger uses a depth-first search lookahead procedure
to select the best action at each step, which considers future decisions* up to depth

d. An example for d = 1 is shown in Figure 6.2. Using d = 1 for the lookahead search

strategy, we modify the kernel features since the decision for w; is affected by the

4Tsuruoka et al. [60] shows that the lookahead search improves the performance of the local
“history-based” models for different NLP task.
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lookahead search

Figure 6.2: POS tagger with lookahead search of d=1. At w; the search considers the
current state and next state.

state m;41. The kernel features in position i should be f (m;) U f (Tis1)®:

f(m) = {tica, tic1, Wio, Wiy, Wy, Wiy, Wigo, Wits}.

6.3.3 SLM Substructure Sharing

As described in Section 3.3, the SLM — as is the case with any generative left-
to-right LM — can only use features from the history for predicting a word position
w; in a word sequence W, i.e. p(w;|W_;). Therefore, the associated structures of

the history realized by the auxiliary tools — the POS tagger and the dependency

5Also the lookahead search strategy can not be utilized in the SLM scenario.
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parser— should also be only a function of the history W_;. In other words, to build a
proper generative probabilistic model, we can not incorporate the lookahead features
(features that are based on word positions to the right of w; in W) of the POS tagger
and the dependency parser. We refer to this scenario for both the parser and the POS
tagger as the no-lookahead mode. For the POS tagger (described in Section 6.3.2)

precluding the lookahead features results in the following kernel features®:

f(m) = {ti—a, tic1, Wi—g, wi_1 }.

The kernel features of the dependency parser in the no-lookahead mode are shown
in Table 6.2. As seen from this table — when compared to Table 6.1 — all the queue
dependent kernel features (qo,q1, and ¢2) are excluded from the table. With the kernel
features for the POS tagger and the dependency parser, we demonstrate how to utilize
the substructure sharing to efficiently apply the SLM to set of hypotheses of an ASR
output.

Remark It is worth mentioning that for rescoring ASR hypotheses using the SLM
the best-first search strategy of Section 6.3.1 can not be utilized by the dependency
parser; This is due to the fact that the use of best-first search algorithm makes the
parser history-states for a position 7 be dependent on the part of the sentence that

is happening after word position i. For example, if the rest of the sentence is easy

6Since the POS tagger in the no-lookahead mode uses the features only based on bi-gram tags
and two previous words, there is no need to apply the substructure sharing in this mode;In fact, the
no-lookahead POS tagger can be directly applied to the lattices to extract POS tags on each arc.
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Kernel features f(7) for state 7 = {5, Q}

S:SQ,Sl,... & Q:qO,ql,...

(1) sp.w  sp.t Sq.1 (5)  tso—1
sp.lch.t  sg.lch.r sy 41
so.rch.t  sg.rch.r

(2) s1.w syt S1.1 (6) dist(so, s1)

s1.lch.t  sy.lch.r
si.rch.t  sj.rch.r
(3) sow  so.t S9.T (7)  sp.nch
s1.nch

Table 6.2: Kernel features for defining parser states in no-lookahead mode, which
is used for utilizing the SLM.

to parse (the dependency parser has high confidence), the best-first strategy quickly
finishes the sentence without spending too much time and hence, without generating
too many parser history-states for the position. In contrast, if the parser has high
entropy on the rest the sentence, the parser spends more time and generates more
history-states for the position; Therefore, the set of history-states is affected by the
rest of the sentence in the best-first strategy which is not desired for the SLM. To
avoid this, we use parser with the regular beam-search strategy where the parser
states are extended step by step, and at each step the states with same number of

actions are processed.

6.4 Up-Training

While the use of simple transition based models results in fast decoding algorithms

for parsing and POS tagging, it can lead to worse performance as opposed to more
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complex models such as a constituent parser. Specially, when applied in the no-
lookahead mode, the accuracy of the POS tagger and dependency parser significantly
degrade”. Using more complex models with higher accuracy however is impractical
because they are slow. Instead, we seek to improve the accuracy of our fast tools.
To achieve this goal we use up-training, in which a more complex model is used to
improve the accuracy of a simpler model. We are given two models, M; and M, as
well as a large collection of unlabeled text. Model M; is slow but more accurate while
M, is fast but obtains lower accuracy. Up-training applies M; to tag a large amount
of unlabeled data, which is then used as training data for Ms. Like self-training,
a model is retrained on automatic output, but here the output comes form a more
accurate model. Petrov et al. [99] used up-training as a domain adaptation technique:
a constituent parser — which is more robust to domain changes — was used to label text
from a new domain, and a fast dependency parser was trained on the automatically
labeled data. We use a similar idea, where our goal is to recover the accuracy lost
from using simpler models. Note that while up-training uses two models, it differs
from co-training [101] since we care about improving only one of the models (M,).
Additionally, the models may vary in different ways. For example, they could be
the same algorithm with different parameters settings or pruning methods, which can
lead to faster but less accurate models. Figure 6.3 depicts the diagram for up-training

framework where a model M; (a dependency parser) is used to label a large amount

7Our experiments in Section 6.7 confirms this degradation in performance for the no-lookahead
models.
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Manually labeled data
1

the vice president for

. Automatically labeled data

1

1 LI
| feed cats nearby in the garden ... > %\\ PN
I’\fccd cats nearby in the garden ..
Unlabeled data
up-train
< <«

Figure 6.3: Up-training diagram for dependency parsing. Model M, is the accurate
but impractical and M, is the model that we want to deploy for the task. The
goal of up-training is to improve the performance of the deployed model Ms, using
automatically labeled data labeled from M;.

of text. The automatically parsed text along with the available manually labeled data
is then passed to the training stage of M, to up-train it.

We apply up-training to improve the accuracy of both our fast part of speech
tagger and dependency parser. For applying these tools in discriminative language
model framework, where lookahead features are permitted, we parse a large corpus
of text with a very accurate but very slow constituent parser and use the resulting
data to up-train our tools in lookahead mode. That is, we up-train them with
access to the full set of features. For the SLM framework the model M, is up-trained
without any lookahead features, i.e. in the no-lookahead mode. Model M, is the same
transition based model. However, the model M; still uses lookahead features to label

the unannotated text on which M is (up) trained. The idea is that while M; can not
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be used in the SLM framework (due to left-to-right factorization of the LM), we still
want M; to improve the accuracy of My and ultimately, by providing as accurate as
annotation as possible. We will demonstrate empirically that up-training improves
these fast transition based models to yield better WER results in both scenarios:

discriminative LM and the left-to-right SLM.

6.4.1 Up-training Dependency Parser with Max-

Ent Classifier

The MaxEnt conditional model p,(w|7) used by the classifier for the dependency
parser is trained to maximize the entropy subject to certain equality constraints on

a training data,
argmax H(p,) subject to Es[f;] = E,, [fi], 1< <|f|, (6.4)
Pg )

where £; is the empirical expectation of the features on the training data and £,
corresponds to model expectation based on the trained conditional distribution. It
can be shown that MaxEnt estimation above results in a py(w|m)with the following

parametric form:

I£]

exp Z)\ifi(w,w) , (6.5)
i=1

o) = 51
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where \; is the weight corresponding to feature f;. It is also well known that the
parameters ()\;s) of the log-linear model above may equivalently be estimated to
maximize the likelihood of the training data: LL(A) =) log(p,(w|m)).

To be able to apply up-training to a huge amount of automatically labeled data
(using model M;), we use the framework of Kazama and Tsujii [102] where the
equality constraints in Eqn. 6.4 are replaced with box-type inequality constraints,
i.e. the equality can be violated to reflect unreliability in the expectations of the
features on a training data. The new MaxEnt objective function — which is referred

to as inequality MaxEnt in [102] — is

argmax H (py) subject to —U < Ej[fi] — E,,[fi] U, 1< <], (6.6)
)

g

where U is a parameter that controls the amount of uncertainly allowed in the esti-
mated expectations. Kazama and Tsujii [102] shows that the objective function above
is equivalent to penalized maximum likelihood estimation of the model of (6.5), with
L1 regularization, which results in sparse solutions {\;}, i.e. the inequality MaxEnt
embeds feature selection in its estimation. More specifically, the dual log-likelihood

objective function becomes:
Xi>0

argmax LL(A) — U Z i (6.7)

where LL(A) is the log-likelihood of the training data. Also, since A; > 0, the second
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term in the equation above is the L1-norm of the parameters and hence, the solution
is forced to be sparse (U controls the degree of sparsity). The sparse solution is
specifically an important advantage as it utilizes up-training of the parser on a huge
amount of automatically labeled data while still keeping the model size reasonable.
Additionally, it is discussed and shown experimentally in [102] that the sparse solution
also improves the robustness (and generalizability) of the MaxEnt model.

Following Kazama and Tsujii [102], we use the BLMVM algorithm [103] — which
is a variant of the limited-memory variable metric (LMVM) algorithm with support

for bound constraints — to optimize the objective function in (6.7).

6.5 Related Work

The idea of efficiently processing a set of similar sentences is similar to “lattice-
parsing”, in which a parser considers an entire lattice at once [104, 105]. These
methods typically constrain the parsing space using heuristics, which are often model
specific. Typically, they search for the best sentence-parse pair in the joint space of
word sequences present in the lattice and their syntactic analyses; they are therefore
not guaranteed to produce a syntactic analysis for each hypothesis. In contrast,
substructure sharing is a general purpose method that we have applied to two different
tasks: POS tagging and parsing. The output of the proposed algorithm is identical

to processing each sentence separately and output is generated for each sentence.
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Hall [104] uses a lattice parsing strategy which aims to compute the marginal
probabilities of all word sequences in the lattice by summing over syntactic analyses
of each word sequence. The parser sums over multiple parses of a word sequence
implicitly. The lattice parser therefore, is itself a language model. In contrast, our
tools are independent of the underlying syntactic modeling framework, which allows
the LM to utilize whatever features, from the analysis, that are most beneficial.
This independence means our tools are useful across different tasks such as machine
translation. In fact, we showed that the substructure sharing can be used in both dis-
criminative training of a syntactic LM and in the SLM framework. These differences
make substructure sharing a more attractive option for efficient algorithms.

While Huang and Sagae [51] use the notion of “equivalent states”, they do so
for dynamic programming in a shift-reduce parser to broaden the search space for a
given sentence. In contrast, we use the idea to identify substructures across multiple
sentences, where our goal is to obtain efficiencies in the cumulative parsing task.
Additionally, we extend the definition of equivalent states beyond parsing to general
transition based structured prediction models, and demonstrate applications beyond
parsing.

Finally, while there is significant work on syntactic feature engineering for language
modeling, our goals of speed are orthogonal. We believe that our improved algorithms

may be useful to others by others exploring new syntactic LM features.
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Usage Data Size

Supervised training: dependency | Ontonotes BN treebank+ WSJ | 1.3M words, 59K sent.

parser, POS tagger Penn treebank

Up-training: dependency parser, | TDT4 closed captions+EARS | 195M words available

POS tagger BNO3 closed caption

Evaluation: up-training BN treebank test (following | 20k words, 1.1k sent.
Huang et al. [106])

Evaluation: ASR transcription rt04 BN evaluation 4 hrs, 45k words

Table 6.3: A summary of the data for up-training the POS tagger and the depen-
dency parser in discriminative language model experiments. The Ontonotes corpus
is from [1].

6.6 Discriminative Language Model Ex-

periments

The setup used for discriminative language model experiments is same as the
setup described in Section 5.6. We use the same syntactic features for training the
discriminative global linear language model. As in Section 5.6, we use a modified
Kneser-Ney (KN) backoff 4-gram baseline LM. Word-lattices for discriminative train-
ing and rescoring come from this baseline ASR system.® The long-span discriminative
LM’s baseline feature weight (ag) is tuned on dev data and hill climbing is used for
training and rescoring. The parser and POS tagger are trained on BN treebank data
from Ontonotes [1] and the WSJ Penn Treebank, a total of 1.3M words and 59K sen-
tences. Phrase structures are converted to labeled dependencies using the Stanford
converter. To create labeled data for up-training we use the CKY-style bottom-up

constituent parser of Huang et al. [106], a state of the art BN parser, trained on the

8For training a 3-gram LM is used to increase confusions.
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same training data as the parser and POS tagger, followed by self-training on the
Hub4 CSR 1996 language model text. While accurate, the parser has a large gram-
mar (32GB) due to the use of products-of-latent-grammars and requires O(I®) time
to parse a sentence of length [. Therefore, this parser is not practical for ASR rescor-
ing since utterances can be very long, although the (shorter) up-training text data
was not a problem. Table 6.3 summarizes the data used for performing up-training
experiments. To utilize up-training for the dependency parser on a huge amount of
automatically labeled data, we use the inequality MaxEnt estimation described in
Section 6.4.1. This essentially enables us to fully take advantage of up-training while
keeping the underlying model size reasonably small. To measure the effect of the up-
training on the performance of the POS tagger and dependency parser, we use part
of BN treebank data, about 20k words and 1.1k sentences (the same setup as Huang
et al. [106].). We evaluate both unlabeled (UAS) and labeled dependency accuracy

(LAS) for the dependency parser.

6.6.1 Results

Before we demonstrate the speed of our models, we show that up-training can
produce accurate and fast models. We first, apply up-training to the POS tagger
where we use the POS tags produced by the constituent parser as the labeled data
for up-training. The POS tags produced by the constituent parser have a tagging

accuracy of 97.2% on up-training evaluation data of BN treebank (Table 6.3). Up-
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training improves the POS tagger’s accuracy from 95.9% to 97%, when about 2.3M
words of the unannotated data are used (we experimented with more data but could
not see more improvements in the accuracy of the POS tagger) . The up-trained POS
tagger is used for up-training the dependency parser as it has a better performance.
In other words, we first up-train the POS tagger and then use it to tag the up-training

data of the dependency parser. Figure 6.4 shows improvements to parser accuracy
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]
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Figure 6.4: Up-training results for dependency parsing for varying amounts of auto-
matically labeled data (number of words.) The first column is the dependency parser
with supervised training only and the last column is the constituent parser (after
converting to dependency trees.)

through up-training for different amount of (randomly selected) data, where each

column corresponds to the amount of automatically labeled data that is added to

manually labeled Treebank data (Table 6.3). The last column indicates the score
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(91.4% UAS) of the constituent parser that was used as the model M for up-training.
We use the (up-trained) POS tagger to generate tags for dependency training to
match the test setting. While there is a large difference” between the constituent and
dependency parser without up-training (91.4% vs. 86.2% UAS), up-training can cut
the difference by 44% to 88.5%, and improvements saturate around 40M words (about

2M sentences). Figure 6.5 shows the number of features included in each of the up-
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Figure 6.5: Number of features included in the MaxEnt classifier of the dependency

parser trained with inequality constraints compared to the maximum number of fea-
tures activated on the up-training data.

trained models. The inequality constraint parameter U is tuned on the development
set of BN Treebank data to achieve the best parser accuracy, for each up-training
data size. In this figure the red bars corresponds to the total number of features

activated on the whole up-training data (the left bar corresponds to the number

9Better performance is due to the exact CKY-style — compared with best-first and beam— search
and that the constituent parser uses the product of huge self-trained grammars.
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of features for the supervised training only) and the blue bars show the portion of
those features that are included in the final trained model. It can be seen that the
inequality constraints applied to the MaxEnt classifier of the parser drastically reduce
the number of features, and results in sparse models. As an example up-training with
40M words of automatically labeled data results in a model that has about 5.4M
features, compared to 30.5M the full feature set size on that data, which is a 82%
reduction in the number of features. As a result of inequality MaxEnt training, the
dependency parser remains much smaller than the constituent parser— in addition
to being much faster; the up-trained dependency model only uses 700MB of memory

and has about 6M features compared with 32GB for constituency model.

6.6.2 Discriminative LM with Fast Parser

Here, we present the speedup gains using substructure sharing for the discrimina-
tive LM of Chapter 5, Section 5.7. We train the syntactic discriminative LM, with
head-word and POS tag features (Section 5.7), using the faster parser and tagger and
then rescore the lattices of the rt04 evaluation set. Table 6.4 shows the decoding
speedups as well as the WER reductions compared to the baseline LM. Note that
up-training improvements lead to WER reduction using the discriminative language
model. In fact, the experiments carried out in Section 5.7 were using the already
up-trained tools (POS tagger and dependency parser) and the WERs reported in

Table 5.1 were with the improved models. Detailed speedups on substructure shar-
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ing are shown in Table 6.5; the POS tagger achieves a 5.3 times speedup, and the
parser a 5.7 speedup without changing the output. We also observed speedups during
training, where the processing time spent by the POS tagger reduces from 3.2 hours
to 0.54 and the dependency parsing time reduces from 64.3 to 12.9 (the processing
times without substructure sharing were reported in Table 5.2).

The results above are for the already fast hill climbing decoding, but substructure
sharing can also be used for N-best list rescoring. Figure 6.6 (logarithmic scale)
illustrates the time for the parser and tagger to process N-best lists of varying size,
with more substantial speedups for larger lists. For example, for N=100 parsing time

reduces from about 20,000 seconds to 2,700 seconds, about 7.4 times as fast.
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Substr. Share (sec)
LM WER | No Yes
Baseline 4-gram | 15.1 - -
Syntactic LM 14.8
+ up-train | 14.6

8,658 1,648

Table 6.4: Speedups and WER for hill climbing rescoring with syntactic discriminative
language model. Substructure sharing yields a 5.3 times speedup. The times for with
and without up-training are nearly identical, so we include only one set for clarity.
Time spent is dominated by the parser, so the faster parser accounts for much of
the overall speedup. Timing information includes neighborhood generation and LM
rescoring, so it is more than the sum of the times in Table 6.5.

Substr. Share Speedup
No Yes
Parser 8,237.2 | 1,439.5 5.7
POS tagger | 213.3 40.1 5.3

Table 6.5: Time in seconds for the parser and POS tagger in lookahead mode to pro-
cess hypotheses during hill climbing rescoring with syntactic discriminative language
model.

6.7 SLM Experiments

In this section, we demonstrate the impact of the proposed substructure sharing
and up-training algorithm on the application of the SLM. To this end, we use the
HW+HT, SLM developed in Chapter 3 and apply it to the speech recognition exper-
iments of Section 4.7 for BN setup. We first measure the speedup gains using the
substructure sharing. Recall that both the POS tagger and the dependency parser
are used in the no-lookahead mode for the SLM (Section 6.3.3). Also, as discussed
in Section 6.3.3, the POS tagger in the no-lookahead mode only uses features based
on the two previous words in the history and hence, it can be directly applied to the

lattice to POS tag each arc by traversing the arcs of the lattice, without the need
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Figure 6.6: Elapsed time for (a) parsing and (b) POS tagging the N-best lists in
lookahead mode with and without substructure sharing.
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for state expansion. Therefore, we do not measure the speedup due to substructure
sharing utilized for the POS tagger and only report substructure sharing results for
the dependency parser.

Table 6.6 presents the speedup gains for hill climbing rescoring with different
number of initial paths using the SLM!, where we apply the hill climbing rescoring
with and without substructure sharing. As observed, the substructure sharing again
substantially reduces the processing time spent by the dependency parser. Addition-
ally, as the number of examined hypotheses increases — by increasing the number
of initial paths— the amount of duplications present in the hypotheses set increases.

1.1'. To confirm this, we

Subsequently, the substructure sharing becomes more usefu
measure the percentage of the parser states which are cached using the proposed sub-
structure sharing during the hill climbing rescoring with different number of initial
paths . Table 6.7 shows the average (per utterance) number of encountered parser
states during the hill climbing. The number of cached parser states indicates the
number of times we process a parser state (out of total number of encountered states)
for which there is an already cached equivalent state. As seen, increasing the number
of initial paths increases the percentage of cached states, which confirms the increase

in the amount of substructure duplications.

Next, we perform up-training and demonstrate the impact of up-training on the

10The WER results using the SLM can be found in Table 4.2. Here, we only report the speedup
gains of substructure sharing.

1 The same phenomenon can be observed in Figure 6.6 where the POS tagger and the dependency
parser are used in the lookahead mode to process N-best list with substructure sharing. As N
increases (number of processed hypotheses), the speedup gain becomes more substantial.
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Substr. Share (sec) | Speedup
No Yes
1 initial path | 14642 3184 4.6
10 initial path | 89720 18300 4.9
20 initial path | 153083 28697 5.3

Table 6.6: Time in seconds for the parser (in no-lookahead mode) to process hypothe-
ses during hill climbing rescoring using the HW+HTy SLM with and without substruc-
ture sharing.

# Parser States | # Cached Parser States | Percentage Cached (%)
1 initial path 56505.4 54764.9 96.92
10 initial path 347827.0 340119.3 97.78
20 initial path 610822.1 604312.0 98.93

Table 6.7: Averaged (per utterance) number of cached parser states v/s averaged
number of processed parser states during hill climbing rescoring using the HW+HT,
SLM with substructure sharing.

performance of the POS tagger and the dependency parser in the no-lookahead mode.
To apply up-training in no-lookahead mode for SLM experiments, we use the model
(the POS tagger or the dependency parser) with lookahead features as M; and label a
huge amount of unlabeled data to up-train the model with no-lookahead features, i.e.
M,. In other words, although M; can not be used in the SLM experiments, we use
it to (up) train M, and improve its performance. The data sets used for performing
the up-training are shown in Table 6.3.

Figure 6.7 illustrates the accuracy of the lookahead models, no-lookahead mod-
els, and the up-trained no-lookahead models for the POS tagger and the dependency
parser. As seen in Figures 6.7(a) and 6.7(b), excluding the lookahead features signif-
icantly degrades the accuracy of the POS tagger and the dependency parser, respec-

tively. Additionally, it can be seen that the up-training significantly improves the
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performance of the models. Specifically, applying up-training on 40M automatically
labeled data (labeled by the lookahead parser) improves the UAS score from 78.1%
to 79.6% and cut the difference between the accuracy of the lookahead parser and
the no-lookahead parser by about 19%. Using the improved up-trained POS tagger
and dependency parser, we re-train the HW+HT, SLM for the BN setup described in
Section 3.3.2. The only difference here w.r.t the experiments of Section 3.4 is that
we use the up-trained tools (POS tagger and dependency parser) to process the SLM
training text data. Table 6.8 summarizes the perplexity results using the up-trained
models for BN experiments. It can be observed that improving the accuracy of the
POS tagger and the dependency parser by up-training has a direct impact on the
performance of the trained SLM. Despite being modest, we want to emphasize that
the improvement due to deploying up-trained models is obtained without increasing

the complexity of the models and therefore, is practical.

100 88
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Accuracy (%)
Accuracy (%)

Lookahead No-Lookahead Up-trained (2.3M) Lookahead No-Lookahead Up-trained (40M)

(a) (b)

Figure 6.7: Effect of no-lookahead mode with and without up-training on the accuracy
of the (a) POS tagger and (b) dependency parser. The up-training is performed using
the models with full set of features (including lookahead features).
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LM Eval | Dev

SLM HW+HT, 159 | 168
Up-trained SLM HW+HT, 152 | 162
Interp. HW+HT, 142 | 147
Up-trained Interp. SLM HW+HT, | 139 | 143

Table 6.8: The perplexity performance of the HW+HTy, SLM using the up-trained POS
tagger and dependency parser for BN setup.

6.8 Conclusion

The computational complexity of accurate syntactic processing can make struc-
tured language models impractical for applications such as ASR that require scoring
hundreds of hypotheses per input. We have presented substructure sharing, a general
framework that greatly improves the speed of syntactic tools that process candidate
hypotheses. Furthermore, we achieve improved performance through up-training.
The result is a large speedup in rescoring time, even on top of the already fast hill
climbing framework, and reductions in WER from up-training. Our results make
long-span syntactic LMs practical for real-time ASR, and can potentially impact ma-
chine translation decoding as well. Additionally, while not a goal of this dissertation,
improved training (in case of discriminative training) and testing time means we can

effectively explore new LM features.
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Chapter 7

Discussion and Summary of

Contributions

This dissertation has focused on practicality concerns and efficiency of syntactic
language models for automatic speech recognition (ASR). Approaches for efficient
training of language models that incorporate long-span features, e.g. syntactic fea-
tures, are presented (Chapters 3 and 5). A new computationally efficient rescor-
ing framework based on the well-known hill climbing algorithm is proposed to inte-
grate complex long-span models into the ASR task (Chapter 4). The proposed hill
climbing algorithm effectively mitigates search errors when these models are utilized
to rescore the prohibitively huge hypothesis space of ASR systems. The proposed
scheme enables the realization of the superior power of the applied syntactic language

models—and could similarly benefit other linguistically motivated complex language
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models—over simple n-gram models, and alleviates the dependency of such models
on inefficient N-best rescoring techniques.

Even with our fast hill climbing algorithm, the reliance of syntactic models on
auxiliary tools such as part of speech taggers and dependency parsers to separately
process each hypothesis during rescoring can slow the application of these models. The
key to avoiding this inefficiency is the fact that many of these hypotheses, in N-best or
hill climbing rescoring, differ only slightly and there exists significant commonalities
among these hypotheses!. We propose a general modification to the decoders used
in the auxiliary tools to utilize these commonalities among the processed hypotheses
(Chapter 6).

The followings are the key technical contributions of this dissertation:

e In Chapter 2, An empirical study is performed to show why n-gram models are
weak word-predictors for positions where syntactic relations spans beyond the
recent words in the history and are not, therefore, captured by n-gram models. In
particular, It is shown that there is a substantial difference in the predictive power
of n-grams LMs at positions within a sentence where syntactic dependencies reach
further back than n-gram context versus positions where syntactic dependencies
are local. Furthermore, it is demonstrated that the mentioned difference in the

performance is not diminished by simply increasing the training data or even n-

LAfter all, they all represent likely hypotheses for a given acoustic input and given the current
accuracy of state-of-the-art ASR systems on many domains, it is not hard to observe that the
variations among likely hypotheses is small.
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gram order, suggesting the need for explicit syntactic information in language

modeling (Section 2.3).

e Chapter 3 presents a structured language modeling scheme based on the depen-
dency structures using a state-of-the-art shift-reduce probabilistic dependency
parser (Section 3.3). Although closely related to the original SLM of Chelba and
Jelinek [5], two key improvements are proposed. First, A simple hierarchical inter-
polation of syntactic parameters is proposed, which achieves better performance
without significant model complexity (Section 3.4). Second, a general information-
theoretic pruning scheme to reduce the size of the underlying Jelinek-Mercer LM
used by the SLM framework is demonstrated, enabling efficient estimation on a
large training corpus while keeping the number of parameters small (Section 3.5).
The proposed Jelinek-Mercer LM pruning algorithm is general and can be used
for efficiently reducing the size of a Jelinek-Mercer LM in other situations. We
also analyze the influence of long-distance syntactic dependencies in the SLM
(Section 3.6) and empirically demonstrate that the captured long-distance de-
pendencies are mostly beneficial at positions where local n-gram context is least

effective.

e Our structured language model, like other long-span language models which do
not make the Markov assumption, can not be used in first pass decoding due
to its computational complexity. Additionally, these complex models often can

not be utilize to directly rescore first pass speech lattices, as they require an
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extensive expansion of the equivalent history states present in lattices. Instead,
these models are exploited in an N-best rescoring framework, which suffers from
several known deficiencies and inefficiencies as a search algorithm. Chapter 4
presents our proposed hill climbing rescoring algorithm, where we use the finite-
state transducer machinery to efficiently search for the optimal solution in space of
ASR hypotheses using these long-span models. Unlike previously investigated hill
climbing algorithms for ASR, which work on confusion networks, our proposed hill
climbing algorithm (Section 4.3.3) works directly on word lattices and evaluates
explicit paths in the original lattice, permitting greater flexibility while avoiding

the need to construct the confusion in a post processing step.

Our extensive experiments using different models (Section 4.5) show that the pro-
posed hill climbing rescoring algorithm is an efficient and effective search strategy
which quickly reaches good solutions in the space with significantly fewer hypothe-
ses evaluation than the conventional N-best rescoring. Our proposed SLM when
deployed using the efficient hill climbing framework in (Section 4.7) significantly

improves the baseline state-of-the-art 4-gram model.

e The proposed finite-state transducer based hill climbing algorithm on speech lat-
tices opens a new avenue for efficient training of discriminative language models.
Discriminative language models are trained on acoustic sequences with their tran-
scriptions, in an attempt to directly optimize the desired objective function, i.e.

word error-rate (WER) and therefore, have the potential to resolve task-specific
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confusions. The perceptron training of global-linear discriminative language mod-
els—which provides the flexibility to include both typical n-gram features and
arbitrary features based on the global properties of word sequence (long-span
features)— is considered in Chapter 5. Unlike generative language models with
long-span dependencies where one has to resort to N-best lists only during de-
coding, discriminative models with sentence-level features force the use of N-best
lists even for training. The idea of hill climbing is combined with discriminative
training to propose a discriminative hill climbing algorithm for efficient training
of such long-span language models (Section 5.4). Our experiments (Section 5.6)
show that the new discriminative training algorithm is more efficient and alleviates
the shortcoming of N-best training by directly using acoustic confusions captured

in word lattices.

e Extracting syntactic dependencies and features in both SLM and discriminative
language modeling frameworks relies on the use of auxiliary tools such as POS
taggers and dependency parsers. Applying these tools separately to each hypothe-
sis in the search space—during rescoring or discriminative training, N-best or hill
climbing— is inefficient as these hypotheses often differ only slightly. In the pro-
cess of exploiting the commonalities among the hypotheses of the search space, we
have found a general principle to share substructure states in a transition based
structured prediction algorithm deployed by the auxiliary tool, i.e. algorithms

where final structures are composed of a sequence of multiple individual deci-
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sions. Section 6.3 demonstrates our proposed algorithm to reduce the complexity
of processing a hypothesis set by sharing common substructures among the hy-
potheses. It is shown that the proposed algorithm substantially improves the speed
of the dependency parser when utilized in the hill climbing algorithm. Unlike some
superficially similar lattice parsing algorithms, our approach is general and pro-
duces exact output for all the hypotheses. Additionally, it is separated from the
ASR system and the deployed syntactic modeling framework, which means that
our algorithm maybe used in other NLP applications that use transition based

models.

The cumulative effect of the contributions is expected to make the use of long span
language models practical and more widespread, leading to improved ASR systems in
deployed application. The techniques are also extensible to other tasks that require
language models, such as SMT, and other scenarios where multiple similar inputs

must be processed by transition based tool for natural language processing.
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