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Abstract

Large vocabulary continuous speech recognition (LVCSR) systems fail to recognized
words beyond their vocabulary, many of which are information rich terms such as named
entities, technical terms, or foreign words. Mis-recognizing these Out-of-Vocabulary
(OOV) words can have a disproportionate impact in transcript coherence, and cause recog-
nition failures which propagate through pipeline systems, impacting the performance of
downstream applications. Ideally, a speech recognition system would be able to recognize
arbitrary, even previously unseen, words.

This dissertation presents an approach to recover from failures caused by OOVs by
automatically identifying when OOVs are spoken and transcribing them using sub-lexical
units. This results in a hybrid word/sub-word system which predicts full-words for in-
vocabulary terms and sub-lexical units for OOVs. We first present an approach to model
OOVs using sub-lexical units automatically learned from data. The learned units are
variable-length phone sequences, which are included in the recognizer’s vocabulary and
language model. Previous work heuristically creates the sub-word lexicon from phonetic

representations of text using simple statistics to select common phone sequences. Instead,

il



ABSTRACT

we propose a novel unsupervised approach to learn the sub-word lexicon optimized for a
given task. This approach employs a log-linear model with overlapping features to learn
multi-phone units obtained by segmenting the phonetic representation of a corpus.

OOV Detection is the task of identifying regions in the recognizer’s output where out-
of-vocabulary words were uttered. The detection of OOV regions is helpful to avoid error
propagation to downstream applications such as machine translation, named entity recog-
nition, and spoken document retrieval. We combine the proposed hybrid system with confi-
dence based metrics to improve OOV detection performance. Previous work address OOV
detection as a binary classification task, where each region is independently classified us-
ing local information. This dissertation treats this problem as a sequence labeling problem,
and shows that 1) jointly predicting out-of-vocabulary regions, 2) including contextual in-
formation from each region, and 3) learning sub-lexical units optimized for this task, leads
to substantial improvements with respect to state-of-the-art systems.

The resulting sub-word representation and OOV detector is helpful to recover the cor-
rect spelling of new words, resulting in an open-vocabulary system; and improves perfor-
mance in downstream applications strongly affected by out-of-vocabulary terms, such as:

spoken term detection and named entity recognition in speech.

Readers: Hynek Hermansky (co-advisor) and Mark Dredze (co-advisor)
Committee: Hynek Hermansky, Mark Dredze, Andreas Andreou, Gerald Meyer, and Bhu-

vana Ramabhadran
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Chapter 1

Introduction

The goal of automatic speech recognition (ASR) is to transcribe a spoken utterance into
the corresponding string of words. State-of-the-art automatic speech recognition systems
operate with a large but limited vocabulary, finding the most likely words in this vocabulary
for the given acoustic signal. These are known as Large Vocabulary Continuous Speech
Recognition (LVCSR) systems, which means that the set of words that can be transcribed
belongs to a large but finite set typically ranging between 40,000 to 100,000 words. It is
continuous because it transcribes a sequence of words that run together naturally, i.e. full
utterances, as supposed to isolated word recognition. This framework works extremely
well since it combines different knowledge sources (acoustic models, language models,
pronunciation models) to obtain the most likely spoken word string available in the search
space: the set of words which are known to be in the language. In practice the search space

is limited to the set of words seen during training.
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Recognition Output

“in serbia today president SLOW BUT I AM A LOST OF ITS has pledged
to the united states that within one week bosnian serb leader RATHER THAN
CARRIAGES will be effectively removed from power"

Reference

“In Serbia today President SLOBODAN MILOSEVIC has pledged to
the United States that within one week Bosnian Serb Leader RADOVAN
KARADZIC will be effectively removed from power.”

Figure 1.1: Recognition output and reference for utterance 19960523_ABC_WNT in En-
glish Broadcast News Corpus, 14:57-15:06. Decoded using state-of-the-art IBM’s Attila
recognizer with a 83K word vocabulary.

1.1 The Problem

While LVCSR systems produce high quality transcripts, they cannot recognize out of
vocabulary (OOV) words. The root of the problem is having the word as the basic lexical
unit in the LVCSR system: if a word is not in the system’s vocabulary, there is no way of
hypothesizing it, and hence it is guaranteed to be an error. This is known as the Out-of-
Vocabulary problem in speech recognition.

Figure 1.1 illustrates this problem with an example from the Broadcast News corpus.
The utterance was transcribed with an 83,000 word vocabulary system' , which is close to
state-of-the-art for this domain (Rastrow, Sethy, Ramabhadran, and Jelinek, 2009b). How-
ever, the names in this example “Slobodan MiloSevi¢” and “Radovan Karadzi¢” were not

in the system’s vocabulary. These words are un-common, foreign, so were not encountered

1We use IBM’s Attila LVCSR system (Soltau, Saon, and Kingsbury, 2010). Section 2.2.1 describes the
details of the system.
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in the English training text for the system, and thus not included in the vocabulary of the
recognizer. When out-of-vocabulary words are spoken at recognition time, LVCSR sys-
tems simply predict the most likely in vocabulary word sequence for those acoustics. In
this case, Slobodan MiloSevi¢ was transcribed as: “slow but 1 am a lost of its” and Radovan
Karadzi¢ as: “rather than carriages”.

For any reasonably sized domain, it is essentially impossible to predefine a vocabulary
that covers all words that will be encountered at recognition. OOVs are always a problem
for LVCSR systems, regardless of the size of the vocabulary since topics and words are
constantly changing. The OOV rate for a given system depends on two properties: the
size of the vocabulary, and the mismatch between training and testing. For very large
vocabularies (>100,000), well matched train/test conditions, and static domains, the OOV
rate can be as low as a fraction of a percent. However the OOV rate is significantly larger
for open domains (Hetherington, 1995). Out-of-Vocabulary words are an important source

of errors in speech recognition for a number of reasons:

e OOVs are often information rich nouns, such as named entities, technical terms,
and foreign words, and mis-recognizing them can have a disproportionate impact on

transcript coherence.

e OOVs also cause errors in their neighboring words, since they affect context, and

typically there are two errors per OOV occurrence (Sadaoki Furui and Iwano, 2005).
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e Recognition errors caused by OOVs propagate through downstream applications
greatly affecting the performance of information extractions tasks, such as: spoken
term detection (Can, Cooper, Sethy, White, Ramabhadran, and Saraclar, 2009), spo-
ken document retrieval (Mamou, Ramabhadran, and Siohan, 2007), speech-to-speech
translation (Stymne, Holmgqvist, and Ahrenberg, 2010), and named-entity recogni-

tion (Huang, 2005).

In LVCSR systems the designation word denotes word form defined by its spelling.
For example, two inflections or derivations of the same word (eat vs eats) are considered
different words. Since each variation of a word must be included in the dictionary, morpho-
logical variations of a word are seen as OOVs. Hence, this problem is more pronounced in
morphologically rich languages, such as: Turkish, Finish, Czech, etc.

The OOV problem remains an important one for English, specially in open domains
with constantly changing vocabularies, such as the news domain, or applications with con-
stant domain shifts such as using speech to search the web (VoiceSearch *) or any social-
media application (YouTube transcription®). In this dissertation the experimental evalua-
tions are carried out in English. We focus on two domains: Broadcast News, where OOV
words are mostly named-entities, and MIT Lectures with OOVs representing mostly tech-

nical terms. However, the methods presented are mostly language independent.

2http://www.google.com/mobile/voice-search/
3http://googlesystem.blogspot.com/2009/11/youtube-audio-transcription.html
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Can we solve this problem by adding more words to the lexicon of the LVCSR system?

A common approach to solve the OOV problem is to increase or adapt the vocabulary of
the LVCSR system to the domain of interest. While this is a reasonable solution for static,
well-known domains with abundant resources, it is not a practical one for domains with
constantly changing topics and vocabulary. Figure 1.2 illustrates the vocabulary growth as
a function of corpus size for nine different corpora varying in languages (English, French,
and Italian) as well as domain (human-computer interactions, conversational speech, news
domain) presented by Hetherington (1995). We can see in this figure that the set with
slowest growth rate corresponds to: ATIS, F-ATIS, VOYAGER, and I-VOYAGER, which
are corpora with spontaneous utterances from human-computer interactions; and the group
with highest rate (Wall Street Journal, New York Times, and BREF) corresponds to ortho-
graphic transcriptions of newspaper articles. The higher vocabulary growth rate in news
articles is due to constantly evolving topics which introduce new words. More importantly,
we can see that the growth rates in the news domain do not plateau, indicating that new
words will always appear and increasing the lexicon will not solve the out-of-vocabulary
problem.

The new word effect is also an important problem for web-based applications. Fig-
ure 1.3 depicts the percent of new n-grams found on crawled websites by the Bing* search

engine over a period of six months in 2008 and 2009. Each bar shows the ratio of new

4www.bing.com
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Figure 1.2: Vocabulary growth as a function of training data size for nine corpora span-

ning English, French, and Italian languages as well as different domains (human-computer
interactions, conversational speech, news). (Hetherington, 1995)

n-grams with respect to the vocabulary seen up to the previous month’. We can see that
regardless of efforts to update the vocabulary each month, new N-grams continue to appear
at a similar rate. This suggests that solving the OOV problem is critical to the success of
web-based speech applications, such as Voice Search or YouTube transcriptions.

Finally, increasing the vocabulary of the LVCSR system has two conflicting effects.
On one hand it improves performance by lowering the OOV rate, but at the same time it
includes more acoustic confusability in the recognizer (Rosenfeld, 1995). This leads to a

tradeoff between recognition accuracy of frequent and rare words. An alternative solution

5This figure is courtesy of Kuansan Wang, Principal Researcher at Microsoft Research. Figure from
seminar presentation at CLSP, Johns Hopkins University, Feb 02 2011. http://www.clsp.jhu.edu/news-
events/abstract.php?sid=20110202 (Wang, 2011)
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Dynamics of the Web: N-gram
Counts
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Figure 1.3: Dynamics of the Web: N-gram counts. Each bar shows the ratio of new N-
grams with respect to the vocabulary seen up to that month. The list of known words
accumulates over time, hence in Nov 08, 60% of words on the web have never been seen
in all previous months combined. (Wang, 2011)

is to build a recognizer at the sub-lexical level: phones or syllables are finite and they can be
used to represent any word. However, sub-lexical recognizers have been shown to achieve
significantly lower performance in number of errors at the phonetic and word level (Bazzi
and Glass, 2000). Using a word system reduces ambiguity in the number of possible output
transcriptions achieving superior performance to sub-lexical approaches.

Hybrid word/sub-word systems provide a compromise between word-only and sub-
word only based approaches. Adding sub-word units to a large vocabulary word lexicon
allows the recognizer to output sub-word sequences when OOVs are spoken since sub-

words can closely match the pronunciation of new words. Complete words are transcribed
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for in-vocabulary (IV) terms. Consider the word “Slobodan” from our earlier example (Fig-
ure 1.1). While a LVCSR system outputs the closest known words (e.x. “slow butiam”), a
hybrid system could output a sequence of multi-phoneme units: s_1_ow,b_ax,d_ae_n.
The latter is more useful for automatically recovering the word’s correct spelling, identify-
ing that an OOV was spoken, or improving performance of downstream applications such
as: spoken term detection system with OOV queries or information extraction applications
on speech.

In fact, hybrid systems have achieved better phone error rates, especially in OOV
regions (Rastrow et al., 2009b), obtained state-of-the-art performance for OOV detec-
tion (Rastrow, Sethy, and Ramabhadran, 2009a; Wang, 2009; Choueiter, 2009), and
achieved improvements in spoken term detection and spoken document retrieval (Akba-
cak, Vergyri, and Stolcke, 2008; Ng, 1990) in English. Despite these advantages, hybrid
systems are not commonly used in state-of-the-art English recognizers. Previous studies
typically report results on artificially low vocabulary sizes and it is not clear if these ad-
vantages hold for large vocabulary systems® . Furthermore, the design of these systems
is often decoupled from the final task: reducing word errors when OOVs are spoken for

transcription.

6 A notorious exception is the work by Creutz, Hirsimaki, Kurimo, Puurula, Pylkkonen, Siivola, Var-
jokallio, Arisoy, Saraclar, and Stolcke (2007); Arisoy, Can, Parlak, Sak, and Saraclar (2009), which presents
a hybrid system for morphologically rich languages with very large vocabulary sizes, concluding that hybrid
approaches are capable of modeling a larger set of words without, however, compromising the performance
of limited vocabulary covered by the word models in a statistical significant way. They also show improved
spoken term detection performance in Turkish.



CHAPTER 1. INTRODUCTION

1.2 The Proposed Solution

Towards the goal of open vocabulary recognition, we recover from LVCSR system fail-
ures due to out-of-vocabulary words by designing systems that can identify and recover
arbitrary previously unseen words in the output of a hybrid recognizer and pass this knowl-
edge to downstream applications.

This dissertation presents a system that identifies when new words are spoken and tran-
scribes them using optimized sub-word units. This results in a hybrid word/sub-word rec-
ognizer which predicts complete words for in-vocabulary utterances, and sub-word units
for OOVs. The output of this system is used to 1) recover the orthography of new words
for transcription, resulting in an open-vocabulary system; and 2) improve performance of
downstream information extraction tasks such as: spoken term detection and named-entity
recognition in speech.

We introduce a data-driven approach to learn sub-word units. Unlike previous ap-
proaches, we learn sub-word units that can be optimized for a given task, and we select
the task of open-vocabulary recognition. The goal is to learn sub-word units such that the
recognizer output them only for OOV regions and prefers to output complete words for in-
vocabulary regions. We also propose a novel method to identify OOV regions in the output
of the hybrid system combining the new sub-word units with confidence based methods in-
cluding contextual information. These two contributions achieve significant improvements

in OOV detection compared to state-of-the-art large vocabulary systems.
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Furthermore, we show that the learned sub-words and improved detection are critical to
recover the spelling of new words for transcription, resulting in an open-vocabulary system;
and for improving robustness in downstream applications. While previous work focuses on
evaluating new sub-word units for OOV detection, we show significant improvements in
detection, recognition accuracy, spoken term detection, and information extraction appli-
cations in a Broadcast News and MIT Lectures task.

Figure 1.4 depicts an example utterance processed through the open vocabulary system
proposed in this dissertation. In this example, the word “Fujimori” was not in the 83,000
word vocabulary, however the proposed open-vocabulary system is able to: (a) transcribe
this word using sub-lexical units’, (b) identify when this new word was spoken, (c) recover
its correct spelling, (d) correctly label it as a PERSON’s name, and (e) find all instances of
this word in the audio when searching for “Fujimori".

As can be seen in Figure 1.4, the system consists of several components, each of which
includes a novel contribution. We start by proposing a hybrid recognizer which transcribes
new words using the proposed sub-word units optimized for this task (a). The resulting
hybrid output is input to an OOV detector which helps identify when new words are spoken
(b). Given the identified OOV regions, we exploit their context and the vast and constantly
updated vocabulary of the Web to recover the spelling of new words for transcription (c).

We also show that the hybrid output with identified OOV regions can be used to improve

"The hybrid output is shown in the form of confusion networks, which are compact representations of
the recognizer’s hypotheses. Each set of words between two nodes represent competing hypothesis for a
particular time interval.
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performance for downstream information extraction tasks, such as: spoken term detection
(d) and information extraction systems (e).

These components will be described one by one in the following chapters. In what
follows, we present the contributions of this dissertation in the context of relevant previous

work.

Learning Sub-Word Units for Open Vocabulary Recognition

Hybrid word/sub-word systems include sub-word units in large vocabulary word based
systems. How do we select the set of words and sub-words to be included in such a hybrid
system? How relevant is the lexicon selection to performance?

An important shortcoming of hybrid systems is that sub-word units can be predicted
when in-vocabulary words are spoken, degrading performance for typically correct words.
Ideally these units would be produced only when OOVs are spoken and the system
should prefer words otherwise. Previous work heuristically created the sub-word lexicon
from phonetic representations of text using simple statistics to select common phone se-
quences (Bazzi and Glass, 2001; Bisani and Ney, 2005; Rastrow et al., 2009a). However,
it isn’t clear why these units would produce the best hybrid output.

Our Contribution:

We propose a probabilistic model to learn the sub-word lexicon optimized for a given

task. We consider the task of open vocabulary recognition encouraging sub-words to be pre-

dicted if, and only if, new words are spoken. Our approach employs a log-linear model with

11
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overlapping features to learn variable-length multi-phone units obtained by segmenting the
phonetic representation of a corpus. This probabilistic model is learned un-supervised, re-
quiring as input only text, a dictionary, and a letter-to-sound model. The learned sub-words
are combined with a word lexicon to generate a hybrid system. The proposed system im-
proves out-of-vocabulary detection and achieves lower phone error rates with respect to

state-of-the-art approaches.

Out-of-Vocabulary Detection

Identifying when new words are spoken and mis-recognized is a key step to avoid error
propagation to downstream applications, as well as to recover the orthography of new words
for transcription. This task is known as Out-of-Vocabulary detection.

OOV detection is typically addressed as a binary classification task, where each region
is independently classified using local information (Rastrow et al., 2009a; Hazen and Bazzi,
2001; Lin, Bilmes, Vergyri, and Kirchhoff, 2007). However, OOVs tend to be recognized
as multiple in-vocabulary words and have specific distributional similarities and syntactic
roles. In this dissertation we investigate whether contextual information can improve OOV
detection.

Our Contribution:

We show that jointly predicting OOV regions, and including contextual information

from each region, leads to substantial improvement in OOV detection. Specifically, we

treat OOV detection as a sequence labeling problem and use a conditional random field

12



CHAPTER 1. INTRODUCTION

(CRF) model to label all regions in an utterance as OOV or IV (in-vocabulary). We also
exploit lexical information from the context, such as word N-grams (i.e. what are the
previous two words for this region?), and language model scores as features in our CRF
model. Compared to state-of-the-art results, these methods reduce the missed OOV rate
significantly, the detector is used to recover the orthography of new words, and improve

robustness of downstream applications.

Recovering Out-of-Vocabulary words

For dictation applications we need to transcribe the correct spelling for any novel word.
We refer to this task as OOV Recovery. Previous work acquires Web data to increase the
amount of language model training text (Ng, Ostendorf, Hwang, Siu, Bulyko, and Lei,
2005; Creutz, Virpioja, and Kovaleva, 2009; Oger, Popescu, and Linares, 2009). The main
drawback of these methods is that they require re-decoding the test audio after updating
the system. In some applications it is impractical to re-decode, e.g. in a media monitor-
ing/surveillance/browsing system.
Our Contribution:

This dissertation presents a novel approach to recover the spelling of OOV terms using
the Web as a corpus. Similar to previous work, we query the web for words relevant to
our test utterance. To correct the errors we explore two approaches: use a spoken term

detection (STD) framework to correct each error region on demand (without the need to

13
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re-decode) or by re-decoding with an augmented lexicon.

Downstream applications affected by OOVs

OOVs pose an important problem for information extraction and search applications
since queries typically relate to information rich nouns, such as named-entities and foreign
words, which have poor coverage in the vocabulary. In this dissertation, we demonstrate
the usefulness of the proposed hybrid recognizer and OOV detector and introduce further
algorithmic improvements to enhance robustness to OOVs in two information extraction

applications: spoken term detection (STD), and named-entity recognition (NER) in speech.

Spoken Term Detection

The goal in spoken term detection (STD) is to do an open-vocabulary search over a large
speech database. This task is typically addressed by first processing the audio through a
LVCSR system, and subsequently building an index from the output lattices or confusion
networks from the recognizer (see J. Mamou and Hoory (2006) and references therein).
Critically, the search of queries containing OOV terms in the LVCSR processed output will
not return any results.® A typical solution to OOV queries, is to build a phonetic index. We
can then search for the phonetic representation of the OOV term (i.e. its pronunciation) in
this phonetic index (Mamou et al., 2007; Can et al., 2009). However, this approach yields

low recall and high false alarm rates for OOV queries.

8This is due to the fact that LVCSR systems only transcribe words from a closed word lexicon. By
definition, OOVs are NOT in the lexicon.

14
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Our Contribution:

We demonstrate the benefits of the proposed hybrid and OOV detection systems to im-
prove performance for out-of-vocabulary queries in a spoken term detection system. We
also explore incorporating phonetic confusability and additional features that boost the
probability of a hit in accordance with the number of neighboring hits for the same query
and query-length normalization to improve the overall performance of the spoken-term de-

tection system.

Named-Entity Recognition

Named Entity Recognition (NER), an information extraction task, is typically applied to
spoken documents by cascading an automatic speech recognizer (ASR) and a named entity
tagger. However, ASR errors are especially problematic for NER, since many OOVs are
proper names (66% of the OOVs in our corpus are named entities). However, the problem
with named-entities containing out-of-vocabulary terms has been largely un-addressed.
Our Contribution:

We improve speech NER by including features indicative of OOVs obtained from the
proposed OOV detection system. This allows us to identify regions of speech containing

named entities, even if they are incorrectly transcribed.
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1.3 Roadmap

This dissertation is organized as follows. In Chapter 2 we present the relevant back-
ground material, describing in detail the speech recognition pipeline used, as well as pre-
vious approaches to OOV modeling. Each of the following five chapters present the con-
tributions of this dissertation and are based on previous publications by the author (Parada,
Dredze, Sethy, and Rastrow, 2011; Parada, Dredze, Filimonov, and Jelinek, 2010a; Parada,
Sethy, and Ramabhadran, 2010c; Parada, Sethy, Dredze, and Jelinek, 2010b), respectively.
These publications have been extended here by adding more expositions and connections to
the bigger picture and by including more experiments and error analysis. Figure 1.4 illus-
trates how these contributions are integrated to build an open-vocabulary system. Chapter 3
describes our approach to learn optimal sub-word units for open-vocabulary speech recog-
nition. This hybrid system is assumed as input to all remaining modules of the system.
Chapter 4 describes the Out-of-Vocabulary detector, which is a key component to identify
new words and transcribe them (Chapter 5), and to improved performance of downstream
applications, such as: Spoken Term Detection (Chapter 6) and Named-Entity Recognition

(Chapter 7). Finally we summarize and conclude in Chapter 8.
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REFERENCE: peruvian president FUJIMORI replaced military commanders amid deepening political crisis

(a) 2 . ) 4 *

peruvian president
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(b) vy B A v

fujimori
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keyword selection spoken term detector

NER system

peruvian replaced commanders deepening peruvian president
About 2,700,000 resuls (0.36 seconds) ¢ <FILE, BEGIN-TIME, DURATION>

[F_UW_JHIY_M_OW_R Alper i <20001103_2100_2200_VOA_ENG, 264.78,0.7>

Europa World Year Book 2 - Google Books Result has replaced his senior militar .

Taylor & Francis Group—2004 - 2384 pages P . ary + <20001025_2100_2200_VOA_ENG, 322.3,0.74> :
Later in the month{ Fujimori announced the replacement of the most commanders amid a deepening 1 <20001025 2100 2200 VOA ENG. 345.28. 0.595> -
the armed forces. I Tate October 2000 the political crisis deepened . . H = — — - b 349.20, U. :
books.google.com/books 2isbn=185743255X... political crisis i <20001123_2000_2100_PRI_TWD, 734.53,0.51>

§ <20001121_0500_0600_VOA_ENG, 2321.59,0.82>
ALBERTO, FUJIMORI, MONTESINO, ... L '

spoken term detector

: original transcription (word system):

¢ peruvian president FUJI MAURICE replaced military
(C) : commanders amid deepening political crisis
output transcription: :

peruvian president FUJIMORI replaced

military commanders amid deepening

political crisis

Figure 1.4: An example utterance processed by the open vocabulary system. In this ex-
ample, the word “Fujimori" was not in the 83,000 word vocabulary, however the proposed
open-vocabulary system is able to: (a) transcribe this word using sub-lexical units, (b) iden-
tify when this new word was spoken, (c) recover its correct spelling, (d) correctly label it as
a PERSON’s name (d), and (e) find all instances of this word in the audio when searching
for “Fujimori".
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Chapter 2

Background

This chapter provides the general background relevant to this dissertation. It is divided
into three parts. In the first part we describe the main components of a Large Vocabu-
lary Continuous Speech Recognition (LVCSR) system. The second part explains the Attila
speech recognition system developed by IBM (Soltau et al., 2010), and the two corpora we
used in our experiments: Broadcast News and MIT Lectures. Finally, we present previ-
ous work on modeling of Out-of-Vocabulary words and their effect on downstream speech

applications.

2.1 LVCSR Pipeline

The goal of automatic speech recognition (ASR) is to transcribe a spoken utterance into

the corresponding string of words. This task is typically evaluated on a number of speech
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REF: yugoslav leader =** **x** SLOBODAN MILOSEVIC WHO IS *%% also A serb
HYP: yugoslav leader TO WHAT I AM MOST IMAGE WAS also * serb
EVAL: I I S S S S I D

Figure 2.1: Reference-Hypothesis alignment. In this example there are 3 insertions (I), 4
substitutions (S), and 1 deletion (D), resulting in WER = 100% = 89%.

utterances and their corresponding transcriptions (test-set), by computing the Error Rate
between the automatic transcript (hypothesis) and the human reference transcription. The

best system is the one that achieves the lowest Error Rate given by Equation 2.1 below:

insertions + # deletions + # substitutions
Error-rate = 100# #. - # 2.1)
#units in reference

where the number of insertions, deletions and substitution is with respect to the best pos-
sible alignment between the hypothesis and the human transcription. This alignment is the
one yielding the smallest number of errors. An example alignment is shown in Figure 2.1.
Typically word error rate (WER), and/or phone error rate (PER) are reported.
State-of-the-art systems take a statistical approach to speech recognition (F. Jelinek and
Mercer, 1975). The goal is to find the most-likely word string W = Wy, Ws, . . . , W, spoken,

given the observed acoustic evidence A. This can be written formally as follows:

A

W = argmax P(W|A) (2.2)
Wel
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where P(W/|A) denotes the probability that the words W were spoken given that the

evidence A was observed. Using Bayes’ rule, we can rewrite Equation 2.2 as follows ':

A

W = argmax P(A|W) x P(W) (2.3)
Wwel —— ~——
~——"acoustic model language model

search

where we can see the different components of a speech recognizer:

e The acoustic model determines the value of P(A|W), which represents the proba-
bility that the acoustic evidence A will be observed if the word string W was spoken.
This is a statistical model of context-dependent or context-independent phones, and
it is typically trained on large amounts of audio with corresponding phonetic tran-

scriptions.

e The language model estimates the value of P(W), which represents the prior prob-
ability that speaker wishes to utter the words W. It is typically trained on large

amounts of text.

o The search evaluates the set of all possible words strings in the lexicon £, and returns

the one with the highest probability according to the acoustic and language model.

Another important component is the acoustic processor (front end), which transforms

the pressure waveform into the acoustic data A with which the recognizer will deal. Fig-

'Bayes’ rule states that P(A|B) = PBIAPA) yhere P(B|A) is the probability of event B given that is

P(B)
known that event A is known to have happened; and P(A) is the prior probability of event A if nothing else
is known. Equation 2.2 is re-written as: P(W|A) = %ﬂﬁ(w). Since the denominator is constant for all

hypothesis W, it is ignored in the maximization and we obtain Equation 2.3.
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w search lebanon the loss of itch

slow but on most civics

¢ slobodan
milosevic

training

decoding

slobodan milosevic

Figure 2.2: Pipeline for a large vocabulary continuous speech recognition (LVCSR) system.
The top and bottom sections correspond to training and decoding, respectively. In this
example, both words in the test utterance “slobodan milosevic" were not in the dictionary
for the system, and hence they were mis-recognized.

ure 2.2 illustrates the speech recognition pipeline, where the upper and lower parts cor-
respond to training and decoding respectively. Due to the enormity of the search space
(i.e. all possible utterances in a language), large vocabulary continuous speech recognition
(LVCSR) systems restrict the search to a large but finite word set: the lexicon £ (also
known as the pronunciation dictionary). This lexicon typically includes all words in the
language model training text, or even the set of most frequent words in the training text. In

the following sections we explain in detail each of the components of the LVCSR pipeline.

2.1.1 The Acoustic Processor

The speech recognition formulation in Equation 2.3 starts from the acoustic evidence
A. This symbol represents a sequence of vector observations A = ay,as,...,ar for a
given input utterance. The goal of the acoustic processor is to transform the raw input
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Speech Pre-Processing

The acoustic processor transforms the raw acoustic wave to a sequence of feature
vectors. A feature vector is obtained every 10 ms. The most commonly used techniques
to obtain these feature vectors are:

e Mel Frequency Cepstral Coefficients (MFCC) (Davis and Mermelstein, 1980):
these features are derived by first applying the Short Time Fourier Transform
(STFT) on speech (or acoustic wave) with an analysis window of length 25 ms
and a frame shift of 10 ms. The magnitude square values of the STFT output are
warped onto the mel frequency scale and then compressed using a logarithm. Dis-
crete cosine transform (DCT) is applied on the resultant compressed energies to
obtain mel cepstrum. MFCC feature vectors are obtained by stacking first 13 mel
cepstral coefficients along with the corresponding delta and delta-delta features.

e Perceptual Linear Prediction (PLP) Cepstral Coefficients (Hermansky, 1989):
these include 39 coefficients derived from the PLP cepstrum. In this case, the
magnitude square values of the STFT output are warped onto the Bark frequency
scale. Then a sequence of nonlinear compressions are applied (equal loudness,
cubic root) to reduce the dynamic range, and the spectral envelope is smoothed by
the twelfth order linear prediction analysis. PLP cepstrum is obtained by applying
the DCT on smoothed spectral envelope. These transformations are inspired by
human speech perception.

Other techniques to supplement the initial preprocessing include:

¢ Linear Discriminant Analysis (LDA) (Haeb-Umbach and Ney, 1992; Saon, Pad-
manabhan, Gopinath, and Chen, 2000): a matrix transformation of the feature
vector to maximize separation between different phone classes.

e Mean and Variance Normalization: normalizing the data in a given feature di-
mension to increase robustness in the features to speaker and channel variation.

e Vocal Tract Length Normalization (VTLN) (Cohen, Kamm, and Andreou,
1995; Eide and Gish, 1996): a technique to warp frequencies to cancel speaker
variations with respect to the vocal tract length. It reduces gender variation.

e FMLLR (Y. Li and Marcheret, 2002): feature space maximum likelihood linear
regression, where the feature vectors are linearly transformed to perform feature-
based speaker adaptation.

Figure 2.3: Common techniques used in the Acoustic Processor
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(i.e. the acoustic wave generated by the speech) into the acoustic evidence A with which
the recognizer will deal. The acoustic wave is typically sampled at 8,000 Hz or 16,000
Hz and quantized. A set of transforms is applied to the signal with an analysis window
of 25 ms and a frame shift of 10 ms, resulting in the sequence of feature vectors A =
ay . ..ap. Figure 2.1.1 describes the most commonly used features along with techniques

to supplement the pre-processing of the speech signal.

2.1.2 Acoustic Modeling

The goal of the acoustic model is to estimate the probability P(A|W) for any acoustic
evidence A = aq, ao, ..., ar and hypothesized word string W = wy, ws, ..., w,, where A
and W are variable length sequences. Typically wj is restricted to a finite lexicon £, and
a; € RE is a feature vector obtained from the acoustic processor. State-of-the-art acoustic
models are based on the Hidden Markov Model (HMM). An overview of Hidden Markov
Models is given in Jelinek (1997).

The acoustic model consists of different layers of representations as depicted in Fig-
ure 2.4. The final model is computed from the hierarchical composition of HMMs in each

layer. It works as follows: (Bahl and Jelinek, 1975; Baker, 1975a,b)

e The word string W is represented by the concatenation of the individual HMM mod-

els corresponding to the words w;, 7 € 1,2,...,n.
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e Each word is in turn represented by the concatenation of HMM models for the sub-
word units that compose them. These sub-word units are typically context inde-
pendent or context dependent phones corresponding to the phonetic representation
of a word, also called the baseform B. For example, the word “EITHER" has the
baseforms: Ay pH ER and Iy DH ER where the pronunciation is obtained from the
standard PRONLEX dictionary >. Assuming the acoustics A are independent of the
word sequence W given the phoneme sequence B, the acoustic model can be written
as:

P(A|W) = P(AB)F:(B|W) (2.4)

B
where L is the pronunciation dictionary containing the most common pronunciations

for each word.

e The phoneme sequence is typically converted to context dependent phonemes, such
as triphones, and each triphone is represented by a three state left-to-right HMM. Let
q(B) represent the HMM state sequence for the triphone sequence in the baseform

B. The acoustic model becomes:

P(A[W) =) P(Alq(B))PL(B|W) (2.5)

Since all these probabilities are estimated from data, it is often the case that it is

not possible to accurately estimate P(A|g(B)) for all possible triphone sequences.

2English pronunciation dictionary produced by LDC, 1995:
http://www.cs.cmu.edu/afs/cs/user/ahlen/www/pronlex.html
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Hence, in practice HMM states are tied across (or share among) different sets of

triphones which are obtained by clustering their context.

e Finally, within the HMM framework each acoustic vector a;, t € 1,2,...,T is gen-
erated by a state in the HMM. To account for variability in the length of the acoustic
signal corresponding to a phoneme, the HMM contains a self loop allowing for vari-
able number of acoustic vectors produced by each state. Let U = wuy, us, ..., ur

denote the state sequence which generated the output sequence A. Then we write:

P(Alg(B) = ) P(A,Ul¢(B))
U
P(A,UlgB)) = [] Pouslasw)P(usfus,q(B))

Typically P,.;(a;|u;) is assumed to be described by a mixture of Gaussian densities

which provides flexibility for fitting the data:

Pyur(ag|uy) = Zwuw ag; (i, S) (2.6)

where N (+; ¥ 4, 205") represents the Gaussian distribution with mean 45" and covari-

ance X", which are state and mixture-component dependent.

To summarize, as shown in Figure 2.4, the word sequence W is represented by the
concatenation of the word HMM models. Each word HMM consists of the sequence of

phoneme HMM models B, where the phoneme sequence is obtained using the pronuncia-
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tion dictionary. Finally, each context-dependent phoneme in B is modeled using a 3-state
HMM model q. Over time, the states in this HMM can represent a variable length sequence
of acoustic vectors A, which correspond to the feature vectors extracted from the acoustic
signal.

For each transition ¢ in a specific context-dependent HMM model ¢, the parameter es-
timation task is concerned with the values 0 = {P(us|us—1,q(B), pi*, X5, wj* }. These
parameters are learned from large amounts of manually transcribed audio. Given a tran-
scribed utterance, we can build the composite HMM containing all the words in the utter-
ance, where each word is represented by the HMM sequence corresponding to the context-
dependent phonemes in its baseform. These parameters are estimated efficiently using
the Forward-Backward algorithm (Baum and Petrie, 1966), which is a special case of the

Expectation-Maximization algorithm (Dempster, Laird, and Rubin, 1977).

2.1.3 Language Modeling

The language model estimates the prior probability that the speaker wishes to utter the
word string W = wy, ws, ..., w,. This corresponds to P(W) in Equation 2.3. Using the
definition of conditional probability, the probability of a word sequence can be written as

follows:

n

[[P(wilws, ... wi) 2.7)

=1

e,
]
e,
&
E
IS
s
]
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automatic  speech recognition

HMM HMM HMM
W  Word sequence —» forword [ forword [ forword —
“automatic” “speech” “recognition”

HMM

HMM
B  Phoneme sequence | b1

q  State sequence

u  Time sequence of states

A Acoustic vectors

Figure 2.4: The HMM hierarchy of representations in the acoustic model.
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Hence the goal of the language model is to estimate the probabili-
ties P(w;|wy,...,w;_1), for all possible word sequences wy, wy, ..., w;, where w; € L.
Even for moderate vocabulary sizes and small values of i, it is not possible accurately es-
timate this probabilities since many of the word sequences in the history wy, ws, ..., w;_1
will never be observed or will be observed very few times. For example, for |£| = 100, 000
and a history size of 7 = 3, the total possible set of word sequences is 100,000® = 110"
(one quadrillion), which will need to be accurately estimated and stored. In practice, the
vocabulary is typically limited to the most frequent set of words in the training text (so that
we can accurately estimate their occurrence), and the history is limited to a finite set M of

equivalent histories & which we can handle.

n

P(W) ~ [[ P(wil®(wi, ..., wi1)) (2.8)

i=1

Virtually all state-of-the-art LVCSR systems use a very simple but effective equivalence
classification for the history: the N-gram language model, where N is typically 3 (trigram
language model). According to this model, histories are equivalent if they end in the same

2 words. Then Egq. (2.8) becomes:

PW) =~ []Pwilwy-1,... ,wiy) (2.9)

=1

~ H P(w;|w;_2, w;_1) (2.10)

i=1
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This probability can be easily obtained by counting of all trigrams c(w;_o, w;_1, w;)
and bigrams c(w;_1,w;) in the LM training text:
P(w;|w; 9, w; 1) = c(w;_2, w;_1,w;)/c(w;_a,w;_1). To avoid assigning zero probabilities
for unseen trigrams, it is necessary to smooth the trigram frequencies. Many approaches
have been proposed: additive smoothing (Lidstone, 1920), linear interpolation (Jelinek and
Mercer, 1980), Katz Smoothing (Katz, 1987), Witten-Bell Smoothing (Witten and Bell,
1991), Absolute Discounting (Ney, Essen, and Kneser, 1994), and Kneser-Ney smooth-
ing (Kneser and Ney, 1995), modified Kneser-Ney smoothing (Chen and Goodman, 1998),
among others. In our experiments we use modified Kneser-Ney smoothing since it has been
shown to outperform all other approaches, and is the most commonly used technique. For
more detailed overview of these techniques please refer to Chen and Goodman (1998).

Smoothing alleviates the data sparsity problem for unseen N-gram histories. The prob-
ability of predicting a novel word (OOV) is obtained by assigning all rare words in the
training text to a special <UNK> symbol which is included in the vocabulary. Other ap-

proaches include explicitly modeling the OOVs as we will discuss in Section 2.3.

2.1.4 The Lexicon

The lexicon or pronunciation dictionary contains a list of words with associated pronun-
ciation(s). Although most words have a single pronunciation, multiple pronunciations are
allowed to account for pronunciation variability (Hazen, Hetherington, Shu, and Livescu,

2005). Many state-of-the-art LVCSR systems use as a dictionary the PRONLEX dictionary

29



CHAPTER 2. BACKGROUND

(LDC 1995) designed for speech recognition. It contains pronunciations for 90,694 word-
forms, covering all words over many years of Wall Street Journal and the Switchboard Cor-
pus (Godfrey, Holliman, and McDaniel, 1992), and uses a 39 ARPABET-derived® phone
set.

A table look-up is used to find the pronunciation associated with each word. Note
that novel words (Out-of-Vocabulary words) have no way of being transcribed since their

pronunciation cannot be mapped to an orthographic representation in this approach.

2.1.5 Search (decoding)

The IBM speech recognition toolkit Attilla uses pre-compiled static decoding networks
that allow extremely fast recognition. These networks integrate the acoustic information
(provided by the HMM), the lexical information (provided by the pronunciation dictio-
nary), and the language model information (provided by the statistical N-gram language
models). Decoding is performed by searching the most likely word string on this network

using the Viterbi Algorithm (Viterbi, 1967).

3The ARPABET is a selection of symbols used within the Advanced Research Projects Agency, Speech
Understanding Research (ARPA SUR) (Shoup, 1980)
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2.2 Corpora, Task, and System Definition

2.2.1 Attila Speech Recognition System

For LVCSR, we used the IBM Speech Recognition Toolkit Attila (Soltau et al., 2010).

As in most LVCSR systems, it operates in a series of steps described below:

1. Front-End preprocessing: the speech utterance is chunked into 20 ms frames with
a frame-shift of 10 ms. Each frame is represented by 19-dimensional PLP features,
and their mean and variance is normalized on a per-utterance basis. At each frame, a
LDA transformed is applied (considering 4 frames of context on each side) to project
the vector down to 40 dimensions. Because the context of frames is used in this

transform, delta and delta-delta features are not included.

2. Speaker Independent (SI) acoustic modeling: in this step, each sub-word unit (a
phoneme) is represented by a 3-state left-to-right HMM with no skip states. First,
maximum likelihood estimation is used to learn the parameters of the HMM from
transcribed audio. These context-independent (CI) models produce a set of state-
level alignments of the speech against the corresponding audio, which are then used
to bootstrap triphone context-dependent (CD) models. To avoid data sparseness prob-
lems, the CD triphones are clustered using a top-down decision tree, and data is
shared among triphones in the same class. After clustering a set of GMMs is trained

for each state.
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3. Speaker Dependent (SA) acoustic modeling: the SI models are used to bootstrap
training for the SA models. In SA modeling VTLN and feature/model space adap-
tation is applied. Specifically, after VTLN the warped features are adapted to each
speaker using FMMLR. Next the CD models are adapted to each speaker using Max-

imum Likelihood Linear Regression (MLLR) (Gales, 1998).

4. Although discriminative training based on Boosted Maximum Mutual Informa-
tion (BMMI) criterion (Povey, Kanevsky, Kingsbury, Ramabhadran, Saon, and
Visweswariah, 2008) was also available in this system, it was not used in our ex-

periments.

2.2.2 Experimental Setup and Corpora

For our experiments, the acoustic models use speaker adaptive training and are based
on maximum likelihood as described in steps 1-3 in Section 2.2.1. They were trained
on 300 hours of Hub4 data (Fiscus, Garofolo, Przybocki, Fisher, and Pallett, 1998). The
language model was trained on 400M words from various Broadcast News data sources
including (Chen, Kingsbury, Mangu, Povey, Saon, Soltau, and Zweig, 2006): 1996 CSR
Hub4 Language Model data, EARS BNO3 closed captions, GALE Phase 2 Distillation
GNG Evaluation Supplemental Multilingual data, Hub4 acoustic model training scripts
(corresponding to the 300 Hrs), TDT4 closed captions, TDT4 newswire, GALE Broadcast

Conversations, and GALE Broadcast News.
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In order to study the OOV problem, we restrict the dictionary to contain 83,000 words
from the PRONLEX dictionary and an average of 1.08 pronunciation variants per word. All
LMs used are 4-gram LMs with interpolated modified Kneser-Ney smoothing. The LVCSR
system’s WER on the standard RT04 BN test set was 19.4%. Note that the vocabulary used
is close to most modern LVCSR system vocabularies for English Broadcast News; the
resulting OOVs are more challenging but more realistic (i.e. mostly named entities and
technical terms).

Finally, we also build several hybrid LVCSR systems, combining word and sub-word
units obtained from either the proposed approach in Chapter 3 or a state-of-the-art base-
line approach (Rastrow et al., 2009a). Our hybrid system’s lexicon has 83K words and 5K
or 10K sub-words. The evaluation is conducted on two test-sets from different domains:

oovcorPp and MIT Lectures, described below.

OOVCORP

Our primary evaluation set is the data-set constructed by Can et al. (2009) for the evalu-
ation of Spoken Term Detection of OOV since it focuses on the OOV problem. The corpus
contains 100 hours of transcribed Broadcast News English speech from the Hub4 corpus.
There are 1290 unique OOVs in the corpus, which were selected with a minimum of 5
acoustic instances per word and short OOVs inappropriate for STD (less than 4 phones)
were explicitly excluded. Examples of OOVs include: NATALIE, PUTIN, QAEDA,

HOLLOWAY, COROLLARIES, HYPERLINKED. This resulted in roughly 24K (2%)
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OOV tokens.

MIT Lectures

In addition we report OOV detection results on a MIT lectures data set (Glass, Hazen,
Hetherington, and Wang, 2010) consisting of 3 hours from two speakers with a 1.5% OOV
rate. Note that the LVCSR system is trained on Broadcast News data. This out-of-domain
test-set help us evaluate the cross-domain performance of the proposed and baseline hybrid

systems. OOVs in this data set correspond mainly to technical terms in computer science

and math. e.g. ALGORITHM, DEBUG, COMPILER, LISP.

2.3 The OOV Problem: Previous Work

As described in Section 2.1, LVCSR systems fail to recognize any out-of-vocabulary
(OOV) word. Instead, new words are transcribed as a sequence of in-vocabulary terms
which closely resemble their acoustics. Since OOVs are inevitable, many approaches have
been proposed to cope with them in order to build practical applications. Hetherington
(1995) first characterized the OOV problem in detail, demonstrating its magnitude across
several languages and domains and describing the problems caused by OOV words across a
range of speech recognition/understanding tasks. Below are some of the conclusions drawn
from nine different corpora varying in languages (English, French, and Italian) as well as

domain (human-computer interactions, conversational speech, news domain):
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e The new word rate is higher for open ended task domains such as News, and is
more relevant in applications intended for a human audience (as supposed to machine

dialog systems).

e Although the new-word rate drops with increasing training set and vocabulary size, it
does not reach zero. Furthermore, even when the OOV rate can be reduced to below
1%, these words affect nearly 17% of utterances, which is detrimental for any dialog

or transcription application.

e Typically OOVs cause 1.5 to 2 word errors since words adjacent are also mis-

recognized because of the presence of the OOV.

e New words are largely nouns, proper nouns, adjectives, and verbs. Their length in
number of syllables or phonemes per word is only slightly longer than in-vocabulary

words.

Recent work also demonstrates the necessity of handling new words in
morphologically-rich languages such as: Turkish, Finish, Estonian, and Arabic (Creutz
et al,, 2007). In these languages the “brute-force” approach of growing the word-
vocabulary is infeasible even for static domains. In Finish, for example, a training text
of 150 million words contains more than 4 million unique word forms; and even including
all these words in the lexicon the OOV rate of the test-set in these experiments was about

1.5%. They conclude that sub-words (in their case morphs) are capable of modeling a
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much larger set of words without compromising the performance on the limited vocabulary
covered by word models.

In this dissertation, we study the new word problem in four areas: 1) modeling out-
of-vocabulary words using sub-lexical units, 2) detecting and locating when an utterance
contains an out-of-vocabulary word, 3) learning these new words for transcription, and 4)
improving robustness to new words in downstream applications. We now describe previous

work relevant to each of these areas.

2.3.1 Modeling OOVs using sub-lexical units

Previous work models Out-of-Vocabulary words by including in the LVCSR system
some form of filler or sub-lexical representation. There is significant work in this area,
varying in terms of the approach used to integrate the sub-words in the LVCSR system, and

the nature of the sub-lexical units derived.

Flat versus Hierarchical OOV Models

In hierarchical OOV models, the LVCSR lexicon is expanded to include one or multi-
ple generic word models Wy, which allow for arbitrary phone sequences during recog-
nition. As depicted in Figure 2.5a, the generic OOV word model (Wyoy ) is considered in
parallel with all other words during recognition, and it is essentially a phonetic recognizer

which can transcribe any new word.
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These systems are called hierarchical because they have a sub-word language model
embedded within a word-based language model. The former can be trained on phonetic
transcriptions of text or a dictionary, and the units used can also be more complex than just
phones (Bazzi, 2002). To avoid large number of false alarms (sub-words predicted when
in-vocabulary words are spoken), these systems typically include a penalty/cost to enter
the Wooy model which is tuned on a development set. Examples of hierarchical hybrid
systems include Asadi, Schwartz, and Makhoul (1989); Suhm, Woszczyna, and Waibel
(1993); Scharenborg and Seneff (2005); Bazzi and Glass (2001); Bazzi (2002).

Flat hybrid models directly include both words and sub-word units in the LVCSR’s
lexicon. Contrary to hierarchical systems, there is a single language model which is able
to predict both words and sub-word sequences as shown in Figure 2.5b. To learn this
language model the training text is preprocessed to replace all OOVs (words outside a
fixed word lexicon) as sub-words creating a word/sub-word training text. Then standard
language modeling techniques are used on the hybrid text. Examples of flat hybrid models
include Klakow, Rose, and Aubert (1999); Galescu (2003); Yazgan and Saraclar (2004);
Bisani and Ney (2005); Rastrow et al. (2009a); Choueiter (2009).

The main advantages of flat hybrid systems with respect to hierarchical approaches are:

e The sub-word portion of the language model is trained on the least frequent words.

e Dependencies between words and sub-words are better captured (no forced back-off

to phone LM within OOV word).
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P(sub-word; |Woov)

sub-word)

P(sub-word;

sub-word|

sub-wordk
word
word
word> b—v
wordn
wordn
(@) (b)

Figure 2.5: The hybrid search network. (a) Hierarchical hybrid: OOV model is explored
in parallel to all other words. (b) Flat Hybrid: all words and sub-words are explored in
parallel.

e There is no need to adjust a cost/penalty to enter/leave the Wy network in order

to avoid false alarms.

A shortcoming of flat models is that it leaves undetermined the location of word-
boundaries if multiple OOVs are spoken in sequence. However, this can be solved by
having distinct word-beginning sub-words, and it is not a problem if the main task is OOV
detection or if a two-pass system is used to recover the spelling of new words. In this work,

we use a flat hybrid approach to integrate our proposed sub-words in the LVCSR system.
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Sub-lexical units

Previous work on sub-lexical representations for modeling OOVs can be clustered into
two groups: knowledge-driven vs data-driven approaches.

Knowledge driven sub-word units include phones (Asadi et al., 1989; Suhm et al.,
1993), syllables (Yazgan and Saraclar, 2004), morphological units* (Arisoy et al., 2009),
and sub-syllabic units (Choueiter, 2009). Yazgan and Saraclar (2004) found that using
word-phone hybrid models yield better detection of OOVs than word-syllable models
in an English Switchboard task. Since syllables were considered too long to represent
new words Choueiter (2009) proposed sub-syllabic units designed using a context-free
grammar, however the resulting system was not compared with other hybrid models. Fi-
nally, Arisoy et al. (2009) explore using morph-based units: stem+ending sub-words, con-
cluding however that statistical morph-like units learned in a data-driven approach using
Morfessor (Creutz and Lagus, 2005) are more effective for Turkish ASR performance,
than using a morphological parser to obtain these units.

Data driven sub-word units are typically preferred to single phones, morphemes, or
syllables since they 1) achieve better performance (Bazzi, 2002; Arisoy et al., 2009), 2)
do not require language-specific knowledge, 3) provide more control over the size of the
sub-word lexicon.

The most common type of data-driven sub-word unit are variable-length phone se-

quences, for example the word “dictionary” can be written as: d_ih_kd sh_ax_n

4Example morphological units include: stem, morphemes associated with tense, aspect, modality, etc.
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eh_r_ 1iy. Approaches to generate these units include: an iterative approach to merge
units with Maximum Mutual Information (MMI) (Bazzi, 2002; Klakow et al., 1999) or
selecting the most frequent phone N-grams as sub-words (Rastrow et al., 2009a). Other
data-driven approaches for unsupervised morphological segmentation (Deligne, Yvon, and
Bimbot, 1995; Creutz and Lagus, 2005; Poon, Cherry, and Toutanova, 2009) also obtain
sub-word units which can be included directly in a hybrid recognizer (Arisoy et al., 2009).

Other types of data-driven units include variable length letter/phone sequence pairs,
for example the word “dictionary” can be written as: dic/d_ih_kd tion/sh_ax_n
ary/eh_r_iy. These units have the advantage that they include the orthographic rep-
resentation of the sub-word, which can be useful to recover the orthography of the OOV
word in non-phonetic languages such as English. These sub-words can be learned from
data: using grapheme-to-phoneme conversion approaches based on the EM algorithm as
suggested by Galescu (2003); Bisani and Ney (2005); Wang (2009) (called it graphones),
or learned using context-free rules that encode sub-syllabic linguistic knowledge, such as
positional, phonological, and stress information as proposed by Choueiter (2009) (called it
spellnemes).

In this dissertation we consider how to optimally create sub-word units to include in a
hybrid system for open-vocabulary recognition. We use variable-length phone sequences
as units, although in principle our work can be used with other unit types. We introduced a

probabilistic model to learn sub-word units optimized for open-vocabulary recognition.
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2.3.2 Detection of Out-of-Vocabulary words

OOV detection aims to identify regions in the LVCSR output where OOVs were uttered.
Previous work on OOV detection can be categorized into two broad groups: 1) hybrid
(filler) models, which explicitly model the OOVs as described in Section 2.3.1; and 2)
confidence-based approaches: which label unreliable regions as OOVs based on different
confidence scores, language models, and lattice scores.

Confidence based approaches combine multiple features from the recognizer output
lattices to classify each region as in-vocabulary (IV) or OOV. Several confidence metrics
have been proposed. In Sun, Zhang, f. Zheng, and Xu (2001) word-level normalized log-
likelihood scores, number of active paths in the search space, number of similar paths,
number of fillers in the sentence, and similar information from the previous and next word
are combined using Fisher Linear Discriminative Analysis to detect OOVs. Lin et al. (2007)
performs a joint alignment between independently generated word and phone lattices. Us-
ing a similarity measure between phones, they can locate highly misaligned regions and
labeled them as candidate OOVs. Burget, Schwarz, Matejka, Hannemann, Rastrow, White,
Khudanpur, Hermansky, and Cernocky (2008) compare phone posteriors from two sys-
tems: weakly-constrained (phonetic-based) and strongly-constrained (word-based) recog-
nizers using a neural-network (NN). They achieve substantial improvements over standard
confidence estimators, such as C,,.,°. White, Zweig, Burget, Schwarz, and Hermansky

(2008) extends this work to consider string-based comparisons between weak and strong

5Char = maxye ¢, +.) P(w;|t) (Wessel, Schluter, Macherey, and Ney, 2001) is the confidence of hypoth-
esized word w; spanning time (¢, t.)
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recognizers at the phonetic and word level rather than at the frame-level using a maximum
entropy model achieving further improvements.

As we discussed in Section 2.3.1, hybrid recognizers provide a straight-forward way to
detect new words, namely the presence of sub-word units in the recognition output indicates
an OOV was uttered. However, sub-word units matching the acoustics of in-vocabulary
words can also be predicted outside OOV regions generating false-alarms. Combining
hybrid models with confidence-based methods reduces false alarms and achieves improved
performance over each of these methods alone. Some systems combinining hybrid and
confidence models include: Bazzi (2002); Rastrow et al. (2009a); Sun et al. (2001).

In this dissertation we combine confidence-based methods with a hybrid system to
achieve improved OOV detection performance. As described here, previous work addresses
the OOV detection problem as a binary classification task, where each region is indepen-
dently classified using local information. We show that jointly predicting OOV regions,
and including contextual information from each region leads to substantial improvements

in OOV detection.

2.3.3 Recovering the spelling of OOV words

Assuming we have identified that a new word was spoken, we need to learn its spelling
for transcription. If the sub-word unit encodes the phonetic and graphemic information as

in graphones and spellnemes (Galescu, 2003; Bisani and Ney, 2005; Choueiter, 2009), the
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orthography can be obtained by direct concatenation of the graphemes. Alternatively, we

can obtain word spellings from the phonetic units using:

e A phoneme to grapheme converter (P2G), also known as a sound-to-letter model
(S2L) which outputs the spelling of a word given its pronunciation. (Meng, Seneff,
and Zue, 1994; Deligne et al., 1995; Decadt, Duchateau, Daelemans, and Wambacq,

2002; Bisani and Ney, 2008)

e A very large pronunciation dictionary to select words with closest pronunciation to
the hypothesized phonetic sequence. This large dictionary can be either a fallback
lexicon (Scharenborg and Seneff, 2005; Rastrow et al., 2009b), or a set of words
retrieved from an alternative source of knowledge (large amounts of text, the web,

etc) (Huang, 2005; Oger et al., 2009).

Using graphones/spellnemes or a letter-to-sound model to obtain the spelling assumes
the decoded sequence is free of recognition errors, while using an external source of knowl-
edge (a word list) can match the phonetic sequences in the lattice to the closest word in the
list. Also, it ensures the recovered words are legitimate words in the language (as long as
the list of words is reliable). Since a larger fallback lexicon is not always available, one can
use large amounts of text or the web to find relevant words.

Oger et al. (2009) proposed an approach to retrieve words relevant to the utterance’s
topic from the web. The retrieved words were included in a locally augmented lexicon and

in the language model, and the utterances were re-decoded. Different approaches can be
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used to incorporate new words in the language model, including using the part-of-speech
(POS) tag of the word, using a default OOV token score (Oger et al., 2009), or estimating
the novel-word probabilities by their similarity to a synonym word class (Jelinek, Mercer,
and Roukous, 1990).

In this dissertation we propose an approach to recover the correct orthography of the
OOV word from the Web; and incorporate the OOV terms in LVCSR output by re-decoding
with an augmented lexicon, or using a spoken term detection framework which does not

require modifying the LVCSR system.

2.3.4 Effect of OOVs in downstream applications

OOVs represent an important source of error in LVCSR systems. These words cause
recognition failures which propagate through pipeline systems impacting the performance
of downstream applications, such as: spoken document retrieval, spoken term detection,
information extraction, and speech translation.

Spoken document retrieval and spoken term detection are key technologies that al-
low for search for documents or specific word locations within large collections of audio.
The most common approach for these technologies is to use a LVCSR system to obtain
word lattices and then apply text information retrieval techniques to retrieve relevant docu-
ments. OOVs are an important problem in these applications because: (Woodland, Johnson,

Jourlin, and Jones, 2000)
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e OOV words will not be encountered in the LVCSR transcripts producing misses when

searching for OOV queries.

e They cause false alarms due to spurious in-vocabulary terms caused by the recognizer

incorrectly substituting for OOV words.

e They can cause missing term relations, which affect expansion sets.

Furthermore, OOVs tend to be information rich nouns like named-entities or technical
terms which often correspond to query terms. This has been empirically observed in live
audio indexing systems for the web, such as Logan, Moreno, Thong, and Wittaker (1996),
where OOV were found to represent about 15% of search queries. A common approach to
combat OOV queries is to search for their pronunciation in a phonetic index. However, this
approach typically yields low recall and high false alarm rates for OOV queries compared
to in-vocabulary terms (Can et al., 2009; Mamou et al., 2007; Arisoy et al., 2009).

Since OOVs typically correspond to information rich nouns, including named entities,
they affect the performance of information extraction tasks on speech such as Named-Entity

Recognition (Huang, 2005). However this problem is largely un-addressed.
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Learning Sub-Word Units for Open

Vocabulary Speech Recognition

3.1 Introduction

Hybrid recognizers include both words and sub-words in the lexicon. This allows them
to predict a sequence of sub-word units in place of OOV words. A few questions come to
mind when designing such systems: how should we select the set of words and sub-words
to be included in the hybrid lexicon? How relevant is the lexicon selection to performance?

In this chapter we consider how to optimally create sub-word units for a hybrid system.
These units are variable-length phoneme sequences, although in principle our approach
can be used for other unit types. Previous methods for creating the sub-word lexicon have

relied on simple statistics computed from the phonetic representation of text (Klakow et al.,
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1999; Bazzi, 2002; Rastrow et al., 2009a). These units typically represent the most frequent
phoneme sequences, or the phoneme pairs with highest mutual information' in a given
corpus. However, it isn’t clear why these units produce the best hybrid output.

Instead, we introduce a probabilistic model for learning the optimal units for a given
task. Our model learns a segmentation of a text corpus given some side information: a
mapping between the vocabulary and a label set; learned units are predictive of class labels.
This model can be used for any un-supervised segmentation task, where the segmentation
depends on the label assigned to a word (e.g. OOV/IV, POS tag, topic, etc.). We only re-
quire that the labels assigned to each word in the text belong to a finite sety € {0, 1,...,c}.
Moreover, we assume that there exists an underlying segmentation of the text that can help
predict these labels. Our approach is unsupervised: it does not require a segmented training
corpus for learning.

In this dissertation, we apply our model to learn the optimal labels for open-vocabulary
recognition. The goal is to learn sub-word units such that the recognizer outputs them only
for OOV regions while preferring to output a complete word for in-vocabulary regions. Our
model can be applied to this task by using a dictionary L to label words as IV (y; = 0 if
w; € L) and OOV (y; = 1if w; ¢ L£). This results in a labeled corpus where the sequence

Y indicates the presence of out-of-vocabulary words.

'For two units 1 and z2, the mutual information is defined as: M1 (x1,x2) = P(z1, z2) log %,

where P(x;) is the marginal probability of x;, i € 1,2, and P(z1, z2) denotes the probability that x5 follows
21 in the training text. Mutual Information is a metric of the amount of uncertainty that is reduced in random
variable 21 when knowing x5. Hence M I(z1, 22) = 0 indicates that 25 never follows z; in the text.
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3.2 Learning Sub-Word Units

Given raw text, our objective is to produce a lexicon of sub-word units that can be used
by a hybrid system for open vocabulary speech recognition. Rather than relying on the text
alone, we also utilize side information: a mapping of words to classes so we can optimize
learning for a specific task.

The provided mapping assigns labels Y to the corpus. We maximize the probability
of the observed labeling sequence Y given the text W: P(Y|W). We assume there is
a latent segmentation S of this corpus which impacts Y. The complete data likelihood
during training becomes:

P(Y|W) =Y P(Y,5|W) (3.1)

Since we are maximizing the observed Y, segmentation S must discriminate between
different possible labels.

We learn variable-length multi-phone units by segmenting the phonetic represen-
tation of each word in the corpus. Resulting segments form the sub-word lexicon.
Learning input includes a list of words to segment taken from raw text, a mapping be-
tween words and classes (side information indicating whether token is IV or OOV),
a pronunciation dictionary £, and a letter-to-sound (L2S) converter. A L2S model

converts a word from its spelling (e.g. recognition) to its pronunciation (e.g.

2Since sub-word units can expand full-words, we refer to both words and sub-words simply as units.
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r,eh,k,ax,g,n,ih, sh, ih, n). In our experiments we used the L2S model presented
by Stanley F. Chen (2003).

The corpus W is the list of types (unique words) in the raw text input. This forces each
word to have a unique segmentation, shared by all common tokens. Words are converted
into phonetic representations according to their most likely dictionary pronunciation; non-
dictionary words use the L2S model. This model can also be naturally extended to account

for multiple pronunciations as we describe in Section 3.3.1.

3.2.1 Model

Inspired by the morphological segmentation model of Poon et al. (2009), we assume

P(Y, S|W) is a log-linear model parameterized by A:

where uy (Y, S, W) defines the score of the proposed segmentation S for words W and
labels Y according to model parameters A. Sub-word units ¢ compose S, where each o is
a phone sequence, including the full pronunciation for vocabulary words; the collection of
os form the lexicon. Each unit o is present in a segmentation with some context ¢ = (¢, ¢,)
of the form ¢;0¢,. Features based on the context and the unit itself parameterize u,.

In addition to scoring a segmentation based on features, we include two priors suggested

by Poon et al. (2009). The lexicon prior favors smaller lexicons by placing an exponential
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prior with negative weight on the length of the lexicon ) _|c|, where |o| is the length of
the unit o in number of phones. Minimizing the lexicon prior favors a trivial lexicon of
only the phones. The corpus prior counters this effect, an exponential prior with negative
weight on the number of units in each word’s segmentation, where |s;| is the segmentation
length and |w;| is the length of the word in phones.

These priors are inspired by the Minimum Description Length (MDL) (Rissanen, 1989)
principle. This principle states that the best way to capture regular features is to construct a
model which allows for the shortest description of the data. In our model, the lexicon prior
favors the shortest description of the lexicon, while the corpus prior favors the shortest
description of the corpus. Learning strikes a balance between the two priors.

Using these definitions, the segmentation score u, (Y, .S, W) is given as:

up(Y, S, W) = exp <Z Aoy foy (S, Y)—i-z Aeyfey(S,Y)

g,y [&Y)
+a-) |

o€eSs

+ ﬁ-leil/\wA) (3.3)

ieW

where f,,(S,Y) are the co-occurrence counts of the pair (o, y) where o is a unit under
segmentation S and y is the label. f,,(S,Y") are the co-occurrence counts for the context
c and label y under S. The model parameters are A = {\,,, A, : Vo, ¢, y}. The negative

weights for the lexicon («) and corpus priors (/) are tuned on development data. The
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s_1 ow b _ax_d_ae_n

s_1 ow b_ax d_ae_n
(#’#7—7 b’ aX) (LOW’—’ da ae) (b,aX,_, #’ #)

Figure 3.1: Units and bigram phone context (in parenthesis) for an example segmentation
of the word “slobodan".

normalizer Z sums over all possible segmentations and labels:

ZW) =" un(Y', S W) (3.4)

sy’

Consider the example segmentation for the word ‘“slobodan" with pronunciation
s,1,0w,b,ax,d,ae,n (Figure 3.1). The bigram phone context as a four-tuple appears below
each unit; the first two entries correspond to the left context, and last two the right context.
The example corpus (Table 3.1) demonstrates how unit features f,, and context features

fey are computed.

3.3 Model Training

Learning maximizes the log likelihood of the observed labels Y* given the words WW:

1
(Y W) =1log ) ~ (W)UA(Y*, S, W) (3.5)

S

51



CHAPTER 3. LEARNING SUB-WORD UNITS FOR OPEN VOCABULARY ASR

Labeled corpus: Segmented corpus:

president/y = 0 p_r_eh z ih d_ih_n_t/0
milosevic/y = 1 m_1ih/1 1 aa/l s_ax/1l v_ih ch/1
Unit-feature:Value Context-feature: Value

p_r_eh_z ih_d_ih_n_t/0:1 | (#/0,#/0,-,#/0,#/0):1

m_ih/1:1 (#/0,#/0,-,1/1,aa/1):1

1_aa/1:1 (m/1,ih/1,-,s/1,ax/1):1

s_ax/1:1 (1/1,aa/1,-,v/1,ih/1):1
v_ih_ch/1:1 (s/1,ax/1,_,#/0,4#/0):1

Table 3.1: A small example corpus with segmentations and corresponding features. The
notation m_ih/1 : 1 represents unit/label:feature-value.

We use the Expectation-Maximization algorithm (Dempster et al., 1977), where the ex-
pectation step predicts segmentations S given the model’s current parameters A (Sec-
tion 3.3.1), and the maximization step updates these parameters using gradient ascent. The
partial derivatives of the objective Eq. (3.5) with respect to each parameter \; are:

DU(Y*|W)

o Esiy«wlfi] — Esywlfi] (3.6)

The gradient takes the usual form, where we encourage the expected segmentation from
the current model given the correct labels to equal the expected segmentation and expected

labels. The next section discusses computing these expectations.

3.3.1 Inference

Inference is challenging since the lexicon prior renders all word segmentations in-

terdependent. Consider a simple two word corpus: cesar (s,iy,z,er), and cesium
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(s,iy,z,iy,ax,m). Numerous segmentations are possible; each word has N1 possible
segmentations, where IV is the number of phones in its pronunciation (i.e., 23 x 2° = 256).
However, if we decide to segment the first word as: {s_1iy, =z_er}, then the segmenta-
tion for “cesium":{s_1iy, z_iy_ax_m} will incur a lexicon prior penalty for including
the new segment z_iy_ax_m. If instead we segment “cesar" as {s_iy_z, er}, the
segmentation {s_1iy, =z_iy_ax_m} incurs double penalty for the lexicon prior (since
we are including two new units in the lexicon: s_iy and z_iy_ax_m). This dependency
requires joint segmentation of the entire corpus, which is intractable. Hence, we resort to
approximations of the expectations in Eq. (3.6).

One approach is to use Gibbs Sampling (Koller and Friedman, 2009): iterating through
each word, sampling a new segmentation conditioned on the segmentation of all other
words. The sampling distribution requires enumerating all possible segmentations for
each word (2¥~!) and computing the conditional probabilities for each segmentation:
P(S|Y*, W) = P(Y*,S|W)/P(Y*|W) (the features are extracted from the remaining
words in the corpus). Using M sampled segmentations S, S5, ... S, we approximate

Egpy+w/fi] as follows:”

Esv-slfil = 57 30 IS,V G

3This approximation follows from the Weak Law of Large Numbers where the empirical mean approxi-
mates the true mean of a random variable as the number of samples goes to infinity.
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Similarly, we take M joint samples of segmentation and label for each word (S,Y)
according to the joint probability of P(Y,S|W) for each segmentation-label pair using

Eq. (3.2). We can approximate Eg yy as follows:

Bsywlfi] ~ 52 3" Fl(S,Y))] G8)

A sampled segmentation can introduce new units, which may have higher probability
than existing ones.
Using the approximations Eq. (3.7) and Eq. (3.8) in Eq. (3.6), we update the parameters

using gradient ascent:

new )\old+/yV€5\(Y*|W)

>~

= Xoa +7 [Esyy-wlfil = Esyw|fil]

where v > 0 is the learning rate.

To obtain the best segmentation, we use deterministic annealing. In deterministic an-
nealing, sampling operates as usual except that the parameters are divided by a value, which
starts large and gradually drops to zero. To make burn in faster for sampling, the sampler
is initialized with the most likely segmentation from the previous iteration. To initialize
the sampler the first time, we set all the parameters to zero (only the priors have non-zero

values) and run deterministic annealing to obtain the first segmentation of the corpus.
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3.3.2 Efficient Sampling

Sampling a segmentation for the corpus requires computing the normalization constant
(Eq. (3.4)), which contains a summation over all possible corpus segmentations. Instead,
we approximate this constant by sampling words independently, keeping fixed all other
segmentations. Still, even sampling a single word’s segmentation requires enumerating
probabilities for all possible segmentations.

We sample a segmentation efficiently using dynamic programming. We can represent
all possible segmentations for a word as a weighted finite state machine (WFSM). Fig-
ure 3.2 illustrates a WFSM representing all segmentations for the word ANJANT, where
the bold path corresponds to the segmentation: AA_N, JH_AA, N_TIY. Similarly other paths
correspond to other segmentations. In practice each label encodes a sub-word and its con-
text (e.g. “JH, [AA, N, AA, N]”) which are the two features required by the model. The
arcs weights arise from scoring the segmentation’s features. This weight is the negative
log probability of the resulting model after adding the corresponding features and priors.
A brief overview on finite state automata, including definitions, notations, and common
operations, is given in Appendix A.

However, the lexicon prior poses a problem for this construction since the penalty in-
curred by a new unit in the segmentation depends on whether that unit is present elsewhere
in that segmentation. For example, consider the segmentation for the word ANJANTI: AA_N,

JH, AA_N, IY. If none of these units are in the lexicon, this segmentation yields the lowest
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JH AA N 1Y

Figure 3.2: FSM representing all segmentations for the word ANJANI with pronunciation:
AA,N,JH,AA,N,TY. The bold path corresponds to the segmentation: AA_N, JH_AA, N_TY.
Similarly other paths correspond to other segmentations.

prior penalty since it repeats the unit AA_N. * This global dependency means paths must
encode the full unit history, making computing forward-backward probabilities inefficient.

Our solution is to use the Metropolis-Hastings algorithm®, which samples from the
true distribution P (Y, S|WW) by first sampling a new label and segmentation (y/, s’) from
a simpler proposal distribution Q(Y, S|W). The new assignment (y’, s") is accepted with

probability:

(3.9)

a(Y", S'Y, S, W)=min (1’ PY', S |TW)Q(Y, S|Y", S, W))

P(Y,SW)Q(Y", S'lY, S, W)

We choose the proposal distribution Q(Y, S|W) similar to P(Y, S|WW) (Eq. (3.2)) but

omitting the lexicon prior, as shown below. We also repeat here the original distribution

4Splitting at phone boundaries yields the same lexicon prior but a higher corpus prior.

5A Markov Chain Monte Carlo (MCMC) method. This framework provides a general approach to gen-
erate samples from a posterior distribution in the case where we cannot efficiently sample from the posterior
directly (in this case P(Y, S|W). In the Metropolis-Hastings MCMC methods, we sample instead from a
proposal distribution Q(Y, S|WW) and correct for the resulting error. (Koller and Friedman, 2009)
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P(Y, S|W) for comparison. Removing the lexicon prior eliminates the challenge for ef-
ficient computation, since this is the only term capturing dependencies between repeated

sub-words in a segmentation.

1

PA<Y>S|W) = Z(W) exp Z)‘U,yfo,y(svy) + Z)\C,ny,y(S7Y) + a- Z |U| +8- Z |sz|/|wz|
oy ¢y oes iew
——
lexicon prior corpus prior
1
QY. SIW) = 7y (Z Aoy foy(SY) D Ay fey(S,Y)+8- |si/|wi|>
oy &Y ieW

Replacing P(Y, S|W) and Q(Y, S|W) in Egq. (3.9), the probability of accepting a sam-
ple becomes:

a(Y', S'|Y, S, W)=min (1, M) (3.10)
ZO’ES |U|

We sample a path from the FSM by running the forward-backward algorithm, where
the backward computations are carried out explicitly, and the forward pass is done through
sampling, i.e. we traverse the machine only computing forward probabilities for arcs leav-
ing the sampled state.® Once we sample a segmentation (and label) we accept it according

to Eq. (3.10) or keep the previous segmentation if rejected.

6We use OpenFst’s RandGen operation (http://www.openfst.org/twiki/bin/view/FST/RandGenDoc). This
operation relies on an ArcSelector object for randomly selecting an outgoing transition at a given state in the
input FST. In our case we create the BetaArcSelector which selects an outgoing transition according to the
probability of the outgoing arc times the total probability of leaving the destination state for that arc (typically
known as (3 in the forward backward algorithm.)
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Alg. 1 shows our full sub-word learning procedure, where sampleSL (Alg. 2) samples
a segmentation and label sequence for the entire corpus from P (Y, S|IV), and sampleS

samples a segmentation from P(S|Y™* W).

Algorithm 1 Training

Input: Lexicon L from training text W, Dictionary D, Mapping M, L2S pronuncia-
tions, Annealing temp 7'.

Initialization:
Assign label i, = M[w,,]. Ao = 0
Sy = random segmentation for each word in L.

for:=1to K
/*  E-Step */
S; = bestSegmentation(T, \;_1, S;_1).
for £ = 1 to NumSamples
(S5, Y)) =sampleSL(P(Y, S;|W),Q(Y, S;|W))
S = sampleS(P(S;|Y*, W),Q(S;|Y*, W)
end for
/* M-Step */
Esyiwfi] = Namgamics 2ok fod [Sk: Y]
Egiy+wlfeil = m > o JoulSk, Y7
end for

S = bestSegmentation(T, A, Sp)
Output: Lexicon L, from S
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Algorithm 2 sampleSL(P(S,Y|W), Q(S,Y|W))
for m = 1 to M (NumWords)
(sl yr,) = Sample segmentation/label pair for word w;,, according to Q(S,Y|WW)

m?

Y' ={y1-  Ym-1YpYm+1---ym}

S'={s1...8m-15,Sm+1---SMm}

i Yoes! |0\>
a=min (1, S g0l
with prob o : Yk = Uiy Smk = Sh,

with prob (1 — @) : Ym ik = Ym, Smk = Sm
end for
return (S;,Y)) = [(S1,6,Y1k) - - - (Saks Ynre)]

Figure 3.3 summarizes the algorithm pictorially. We start with a default value for the
model parameters A = \;, «, 3, where i € {1,2,...,(|o| + |c|)}, where \; represent the
weights associated with each one of the features (unique sub-words and unique contexts).
The hyper-parameters o and 3 are tuned on a development set. Given a value for our
parameters, we initialize the sampler using annealing, varying the temperature from 7},
to 1'in (known as burn-in period). In the E-step, we generate two sets of samples according
to distributions Py~ y and Psy|w. Esjy«w!fi] and Ew,yw|fi] are computed from these
samples using Eq. (3.7) and Eq. (3.8) respectively. These expectations are used in the M-
step to update the model parameters using gradient ascent. After M iterations, we take the
most likely segmentation of the corpus given the parameters A, and extract all sub-words

o, associated with OOVs. These sub-words are predictive of the OOV class-label.
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E_Step Sample given current
T Te— model parameters:

| TS a Psjy-w
Initialize Parameters:

o
o Word
)\10 = 0, a, ﬂ :HEDRIESELL
v € Hick
il v GAYDAMARK G,AAY_D_AA_M_AA R K
Update Parameters: ', Mouau M_UW,AC,IY_AX
41 . c S  HENREDON HH_EH_N_R,
t _ GYUN GLUW_N
)\i - AZ +’Y(ES|Y*;W[~]C1] - ES;Y|W[fZ]) :HEDENSELY D_EH_N:S,
A : HANSON HH_AE_N_S,
Initialize Sampler: llel (AREORETLM A
take many samples using annealing paralie Pg YW
>
Word Segmentation ot N " "
DRIESELL D_RIY_S, B} Mined -~ -~ ket B
HicK a KOy Werd Segmentation Label
GAYDAMARK G_AAY.D_AA, G, DRIESELL D_RIYS, 0
MOUAUIA M_UW_AO, > )\7, /T i ¢ HICK HH, 0
HENREDON HH_EH_N_R, H | GAYDAMARK | GAAY_D_AA M AA R K 1
GYUN G.,UW_N T — CZ""naz . Tmzn G K MouauA M_UW,AQ, IY_AX |
DENSELY D_EH_N_S, B | GHENREDON  HH_EH_N_R, 1
HANSON HH_AE_N_S, H a 0 GYUN G.LUWN 0
ARBORETUM AA DENSELY D_EH_N_S, 0
= WTTAHANSON  HH_AE NS, 0
= ARBORETUM  AA, 1

' Approximate expectations
M—Step from samples:
Egyy- wlfils Esyywlfi]

Figure 3.3: The training procedure to learn sub-words. We start with a default value for
the model parameters A = \;, o, 3, where i € {1,2,...,(|o| + |c¢|)}, where \; represent
the weights associated with each one of the features. Given a value for our parameters,
we initialize the sampler using annealing. In the E-step, we generate two sets of samples
according to distributions Pg|y« w and Psyw. Esyy-w|fi] and Ew,yw|[f;] are computed
from these samples and used in the M-step to update the model parameters using gradient
ascent. After M iterations, we take the most likely segmentation of the corpus given the
parameters A, and extract all sub-words o; associated with OOVs. These sub-words are
predictive of the OOV class-label.
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3.4 Hybrid Models

In this section we describe how to integrate the learned sub-words in a hybrid recog-
nizer. Our model (Section 3.2.1) can be applied to model OOVs by using a dictionary £
to label words as IV (y; = 0 if w; € £) and OOV (y; = 1 if w; ¢ L). This results in a
labeled corpus, where the labeling sequence Y indicates the presence of out-of-vocabulary
words (OOVs). For comparison we evaluate a baseline method (Rastrow et al., 2009a) for
selecting units.

Given a sub-word lexicon, the word and sub-words are combined to form a hybrid lan-
guage model (LM) to be used by the LVCSR system. This hybrid LM captures dependen-
cies between word and sub-words. In the LM training data, all OOV are represented by the
smallest number of sub-words which corresponds to their pronunciation. Pronunciations
for all OOVs are obtained using grapheme to phone models (Stanley F. Chen, 2003).

A greedy search algorithm converts OOVs to sub-words: iteratively assign the longest
possible matching sub-word to cover the OOV term. For example, if the word, HAMDI has
pronunciation /HH/AE/M/D/IY and sub-words HH_AE_M and D_IY are in the sub-word
inventory but HH_AE_M_D and HH_AE_M_D_IY are not, then the sub-word representa-
tion for the term would be /HH_AE_M D_IY/.

The output can be the one-best transcripts, lattices or confusion networks. While lattices
contain more information, they are harder to process; confusion networks offer a trade-off
between richness and compactness (Mangu, Brill, and Stolcke, 1999). Confusion networks

represent compact representations of the recognizer’s hypotheses. For an utterance the
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Figure 3.4: Example confusion network from the hybrid system with OOV regions. Hy-
pothesis are ordered by decreasing value of posterior probability. Best hypothesis is the
concatenation of the top word/fragments in each bin. We omit posterior probabilities due
to spacing.

confusion network is composed of a sequence of confused regions, indicating the set of
most likely word/sub-word hypotheses uttered and their posterior probabilities.’.

Figure 3.4 depicts a confusion network decoded by the hybrid system for a section of an
utterance in our test-set. Below the network we present the reference transcription. In this
example, two OOVs were uttered: “slobodan" and “milosevic" and decoded as four and
three in-vocabulary words, respectively. A confused region (also called “bin") corresponds
to a set of competing hypothesis between two nodes. The goal is to correctly label each of
the “bins" as OOV or IV. Note the presence of both fragments (e.g. s_1_ow, 1_aa_s)

and words in some of the hypothesis bins.

"P(w;]A): posterior probability of word i given the acoustic signal. This posterior includes language
model and acoustic model scores normalized over the set of competing words in that particular time interval
(cohort), as described in Mangu et al. (1999)
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3.5 OOV Detection

To evaluate our model for learning sub-word units, we consider the task of out-of-
vocabulary (OOV) word detection. The sub-words produced detect the presence of OOV's
directly. Once identified, OOVs can be flagged for annotation and addition to the system’s
vocabulary, or OOV segments can be transcribed phonetically and their orthography auto-
matically recovered (see Chapter 5), creating an open vocabulary LVCSR system. Iden-
tified OOVs prevent error propagation in the application pipeline as we demonstrate in

Chapter 6 and 7.

3.5.1 Baseline OOV detector

Our baseline system is the Maximum Entropy model with features from hybrid and
confidence estimation models proposed by Rastrow et al. (2009a). Based on hybrid mod-
els, this approach models OOVs by constructing a hybrid system which combines words
and sub-word units. Since sub-words represent OOVs while building the hybrid LM, the
existence of sub-words in ASR output indicate an OOV region. A simple solution to the
OOV detection problem would then be reduced to a search for the sub-words in the output
of the ASR system.

This approach also includes properties from confidence estimation systems. Using a
hybrid LVCSR system, they obtain confusion networks. For any bin of the confusion net-

work, Rastrow et al. combine features from that region using a binary Maximum Entropy
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classifier. Two effective indications of OOV are the existence of sub-words (Eq. 3.11) and
high entropy in a network region (Eq. 3.12), both of which are used as features in their

model:

Sub-word Posterior = Z p(olt;) (3.11)
o€t
Word-Entropy = — Z p(wlt;) log p(wlt;) (3.12)
wEL;

where ?; is the current bin in the confusion network and o is a sub-word in the hybrid
dictionary. Improving the sub-word unit lexicon, improves the quality of the confusion
networks for OOV detection.

We obtained confusion networks for a standard word based system and the hybrid sys-
tem described above. We re-implemented the above features, obtaining nearly identical
results to Rastrow et al. using Mallet’s MaxEnt classifier (McCallum, 2002). ® All real-
valued features were normalized and quantized using the uniform-occupancy partitioning
described in White, Droppo, Acero, and Odell (2007).” The MaxEnt model is regularized

using a Gaussian prior (62 = 100), but we found results generally insensitive to o.

3.5.2 Baseline Unit Selection

We used Rastrow et al. (2009a) as our baseline unit selection method. To select sub-

words, they proposed a data driven approach where the language model training text (de-

8Small differences are due to a change in MaxEnt library.
9 All experiments use 50 partitions with a minimum of 100 training values per partition.
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scribed in Section 2.2.2) is converted into phones using the dictionary or a letter-to-sound
model for OOVs. A N-gram phone LM is estimated on this data and pruned using a relative
entropy based method. The selected sub-words represent the most likely phone N-grams in
the training text — ranging from unigrams to 5-gram phones. The hybrid lexicon includes

resulting sub-words and the 83K word lexicon.

3.6 Experimental Setup

For our experiments, we used the 100 hours English Broadcast News oovcorp data
set described in Section 2.2.2. The LVCSR system used was the IBM Speech Recognition
Toolkit (Soltau et al., 2010) described in our experimental setup section (Section 2.2.2).
The 100 hours were excluded from training and divided into 5 hours of training for the
OOV detector and 95 hours of test. Note that the OOV detector training set is different
from the LVCSR training set.

We also use a hybrid LVCSR system, combining word and sub-word units obtained
from either our approach or a state-of-the-art baseline approach (Rastrow et al., 2009a)
(Section 3.5.2). Our hybrid system’s lexicon has 83,000 words and 5,000 or 10,000 sub-
words. Note that the word vocabulary is common to both systems and only the sub-words
are selected using either approach. 1290 words are OOVs to both the word and hybrid

systems.
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In addition we report OOV detection results on a MIT lectures data set described in
Section 2.2.2, consisting of 3 hours with a 1.5% OOV rate. These were divided into 1
Hr for training the OOV detector and 2 hours for testing. Note that the LVCSR sys-
tem is trained on Broadcast News data. This out-of-domain test-set help us evaluate
the cross-domain performance of the proposed and baseline hybrid systems. OOVs in
this data set correspond mainly to technical terms in computer science and math. e.g.
ALGORITHM, DEBRUG, COMPILER, LISP, whilein Broadcast News (0ovcorp) they
correspond mainly to named-entities (e.g. NATALIE, PUTIN, QAEDA, HOLLOWAY,

COROLLARIES, HYPERLINKED).

3.6.1 Learning parameters

For learning the sub-words we randomly selected from training 5,000 words which
belong to the 83K vocabulary and 5,000 OOVs'?. For development we selected an addi-
tional 1,000 IV and 1,000 OOVs. This was used to tune our model hyper parameters (set
to « = —1, § = —20). There is no overlap of OOVs in training, development and test
sets. All feature weights were initialized to zero and had a Gaussian prior with variance
o = 100. Each of the words in training and development were converted to their most-
likely pronunciation using the dictionary for IV words or the L2S model for OOVs. In this

work we ignore pronunciation variability and simply consider the most likely pronunciation

10This was used to obtain the 5K hybrid system. To learn sub-words for the 10K hybrid system we used
10K in-vocabulary words and 10K OOVs. All words were randomly selected from the LM training text.
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for each word. It is straightforward to extend to multiple pronunciations by first sampling
a pronunciation for each word and then sampling a segmentation for that pronunciation.

The learning rate was v, = 0 where £ is the iteration, A is the stability constant

(setto 0.1K), v = 0.4, and 7 = 0.6. We used K = 40 iterations for learning and 200
samples to compute the expectations in Eq. 3.6. The sampler was initialized by sampling
for 500 iterations with deterministic annealing for a temperature varying from 10 to O at
0.1 intervals. Final segmentations were obtained using 10, 000 samples and the same tem-
perature schedule. We limit segmentations to those including units of at most 5 phones

to speed sampling with no significant degradation in performance. We observed improved

performance by dis-allowing whole word units.

3.6.2 Evaluation

We obtain confusion networks from both the word and hybrid LVCSR systems. We
align the LVCSR transcripts with the reference transcripts and tag each confusion region
as either IV or OOV. The OOV detector classifies each region in the confusion network as
IV/OOV.

Previous research reported OOV detection accuracy on all test data. However, once an
OOV word has been observed in the training data for the OOV detector, even if it never
appeared in the LVCSR training data, it is no longer truly OOV. Therefore, in the sections

that follow we report unobserved OOV accuracy: OOV words that do not appear in either
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the OOV detector’s or the LVCSR’s training data. While this penalizes our results, it is a
more informative metric of true system performance.
We compare the performance of the baseline hybrid system (Section 3.5.2) and the

proposed hybrid system with units learned by our model in terms of:

e Hits: sub-word units predicted in OOV regions, and False Alarms: sub-word units

predicted for in-vocabulary words

e OOV detection performance. We present results using standard detection error trade-
off (DET) curves (Martin, Doddington, Kamm, Ordowski, and Przybocky, 1997).
DET curves measure tradeoffs between misses and false alarms and can be used to
determine the optimal operating point of a system. The x-axis varies the false alarm
rate (false positive) and the y-axis varies the miss (false negative) rate; lower curves

are better.

e Phone Error Rate (PER): this is computed using Eq. (2.1) on page 19, where the
reference and the automatic transcription are first converted to their phonetic repre-
sentation using the dictionary. PER evaluates whether the sub-word units predicted in
OOV regions resemble the true pronunciation of the OOV. Furthermore, improving
PER is important for downstream indexing applications, specially when the query
terms include OOVs. We do not evaluate WER because the units used are phonetic,

thus their concatenation does not provide the correct spelling of the OOV uttered.
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We present WER results in Chapter 5, after describing our approach to recover the

correct spelling of new words for transcription.

3.7 Results

Table 3.2 shows the percent of Hits: sub-word units predicted in OOV regions, and
False Alarms: sub-word units predicted for in-vocabulary words in oovcorp. We can see
that the proposed system increases the Hits by roughly 8% absolute, while increasing the
False Alarms by 0.3%.

Table 3.3 also shows the performance on MIT Lectures. Note that both the sub-word
lexicon and the LVCSR models were trained on Broadcast News data, hence this data-set
evaluates the robustness of learned sub-words across domains. The OOVs in these domains
are quite different: MIT Lectures’ OOVs correspond to technical computer science and
math terms, while in Broadcast News they are mainly named-entities. However, similar
to the results in oovcorp, we found that the learned sub-words provide larger coverage
of OOV regions in MIT Lectures domain. These results suggest that the proposed sub-
words are not simply modeling the training OOV's (named-entities) better than the baseline
sub-words, but also describe better novel unexpected words.

Interestingly, the average sub-word length for the proposed units exceeded that of the
baseline units by 0.3 phones (Baseline 10K average length was 3.20 with standard de-

viation 0.82, while that of Learned Units 10X was 3.58 with standard deviation 0.87.'!

U This difference is significant at 99% under the T-Test.
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Table 3.4 shows example of the predicted sub-words for the baseline and proposed sys-

tems.
Hybrid System | No. of Sub-words | Hits (%) | FAs (%)
Baseline 5k 18.25 1.49
Learned Units 5k 26.78 1.78
Baseline 10k 24.26 1.82
Learned Units 10k 28.96 1.92
Table 3.2: Coverage of OOV regions by sub-words in OOVCORP.
Hybrid System | No. of Sub-words | Hits (%) | FAs (%)
Baseline 5k 17.03 2.33
Learned Units 5k 22.14 2.72
Baseline 10k 21.41 2.55
Learned Units 10k 21.89 2.66
Table 3.3: Coverage of OOV regions by sub-words in MIT Lectures.
OOV detection

We also evaluate OOV detection performance as described in Section 3.5. The model
uses two features for each region: Word Entropy and Sub-word Posterior (Egs. 3.11 and
3.12) (Figure 7.1). Predictions at different FA rates are obtained by varying a probability
threshold. Both systems used the same features as input to the MaxEnt model. The only
different between these systems is the sub-word lexicon used in the hybrid system to decode
the test-set.

At a 5% FA rate, our system (Learned Units 5k) reduces the miss OOV rate by
6.3% absolute over the baseline (Baseline 5k) when evaluating all OOVs. For unob-
served OOVs, it achieves 3.2% absolute improvement. A larger lexicon (Baseline 10k
and Learned Units 10k ) shows similar relative improvements. Note that the features
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Word Baseline sub-words Proposed sub-words
adrianna ey_d, r_iy, ae_n, ax ey_d, r_iy_ae_n_ax
yakusuni | y_ax, k_uw, s_uw, n_iy |y_ax_k_uw, s_uw, n_iy
quicktime k_w, ih_k, t_ay, m k_w_ih, k_t, ay_m
natascha n_ax, t_aa, sh_ax n_ax, t_aa, sh_ax
lieutanant | 1_uw, t_ae, n_ih, n_t 1l _uw_t, ae_n, ih_ n_t

Table 3.4: Example representations of OOVs using the Baseline and Learned Subwords.

used so far do not necessarily provide an advantage for unobserved versus observed OOV,
since they ignore the decoded word/sub-word sequence and only include posterior proba-
bility information from the decoded networks.

Figure 3.6 shows the OOV detection results in the MIT Lectures data set. For un-
observed OOVs, the proposed system (Learned Units 10k) reduces the miss OOV rate
by 4% with respect to the baseline (Baseline 10k) at a 5% FA rate for unseen OOVs. We

further improve performance in the next chapter.

Improved Phonetic Transcription

We consider the hybrid lexicon’s impact on Phone Error Rate (PER) with respect to the
reference transcription. The reference phone sequence is obtained by doing forced align-
ment of the audio stream to the reference transcripts using acoustic models. This provides
an alignment of the pronunciation variant of each word in the reference and the recognizer’s
one-best output. The aligned words are converted to the phonetic representation using the

dictionary.
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Table 3.6 presents PERs for the word and different hybrid systems. As previously re-
ported (Rastrow et al., 2009b), the hybrid systems achieve better PER, specially in OOV
regions since they predict sub-word units for OOVs. Our method achieves modest im-
provements in PER compared to the hybrid baseline in oovcorp. No statistically signifi-
cant improvements in PER were observed on MIT Lectures. It is also worth mentioning
that the PER results show that the output of hybrid systems are richer and more useful for

downstream applications such as Spoken Term Detection (STD).

System No. of Subwords | OOV (%) | IV (%) | All (%)
Word 0 1.62 6.42 8.04
Hybrid: Baseline S5k 1.56 6.44 8.01
Hybrid: Baseline 10k 1.51 6.41 7.92
Hybrid: Learned Units Sk 1.52 6.42 7.94
Hybrid: Learned Units 10k 1.45 6.39 7.85

Table 3.5: Phone Error Rate results for OOVCORP.

System No. of Subwords | OOV (%) | IV (%) | All (%)
Word 0 1.50 18.26 | 19.76
Hybrid: Baseline Sk 1.47 18.36 19.84
Hybrid: Baseline 10k 1.47 18.35 19.82
Hybrid: Learned Units Sk 1.47 18.31 19.78
Hybrid: Learned Units 10k 1.45 18.31 19.76

Table 3.6: Phone Error Rate results for MIT Lectures.

3.8 Related Work

OOV detection for ASR output can be categorized into two broad groups: 1) hybrid
(filler) models: which explicitly model OOVs using either filler, sub-words, or generic
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word models (Bazzi, 2002; Schaaf, 2001; Bisani and Ney, 2005; Klakow et al., 1999;
Wang, 2009); and 2) confidence-based approaches: which label un-reliable regions as
OOVs based on different confidence scores, such as acoustic scores, language models, and
lattice scores (Lin et al., 2007; Burget et al., 2008; Sun et al., 2001; Wessel et al., 2001).

While confidence scores are popular, it is often difficult to determine if low confidence
indicates a recognition error due to an OOV or some other cause. Hybrid models target
OOV errors and have other advantages such as achieving lower phone error rates in OOV
regions and facilitating recovery of the missing word.

The proposed un-supervised segmentation approach presented in this chapter was in-
spired by the work of Poon et al. (2009). Their work presents a log-linear model for
un-supervised morphological segmentation similar to the one we describe. The main dif-

ferences between their model and the one proposed here are:

1. Their approach learns the joint probability P(S, W) for a segmentation S and the text
W, while ours takes into consideration the label sequence Y, specifically we model
P(Y, S|WW). This motivates the model to find segmentations predictive of class label

Y optimizing the segmentation for a particular labeling task;

2. In our model, the text IV is on the right-hand side of the conditioning: P(S,Y|IW),

which means we don’t model dependencies in the text 1/ making inference simpler;

73



CHAPTER 3. LEARNING SUB-WORD UNITS FOR OPEN VOCABULARY ASR

3. We further optimize inference by proposing an efficient inference procedure using
Finite State Methods and the Metropolis Hastings algorithm. This achieves up to an

order of magnitude speed-up for sampling;

4. The objective function in Poon et al. (2009) is different from ours, since we max-
imize the likelihood of the observed labeled sequence Y *, while they maximize the

likelihood of the text W;
5. This approach was used for morphological segmentation and not speech recognition.

Creutz and Lagus (2002) also proposed an unsupervised segmentation approach for
finding morphological units, and applied this model for speech recognition in morphologi-
cally rich languages. Their approach slightly simplified maximizes the posterior probabil-
ity of the lexicon given the corpus: P(lexicon|corpus) o< P(lexicon)P(corpus|lexicon) =
[Tietters o £(@) * TImorphs ,, £(14), where letter and morph probabilities are maximum like-
lihood estimates. This approach is also inspired by the MDL principle, however it differs
from ours in many respects: 1) it is a generative model while ours is discriminative; 2) it
does not take into consideration the context of units when deriving a segmentation; and 3)
it does not model a labeling sequence Y, so the segmentation is not optimized for a given

task.

74



CHAPTER 3. LEARNING SUB-WORD UNITS FOR OPEN VOCABULARY ASR

3.9 Conclusions

Our probabilistic model learns sub-word units for hybrid speech recognizers by seg-
menting a text corpus while exploiting side information. The learned units improve detec-
tion of OOV regions by 6.3% absolute at a 5% FA rate on an English Broadcast News task,
and by 4% absolute on an out-of-domain MIT Lectures data-set. Furthermore, we have
confirmed previous work that hybrid systems achieve better phone accuracy, and our model
makes modest improvements over a baseline with a similarly sized sub-word lexicon. Ad-
ditionally, we used a simple but effective solution to speed inference using Metropolis-
Hastings. This reduces the sampling time by an order of magnitude with no degradation in
performance. In the next chapter, we will revise results on OOV Detection for Broadcast

News and MIT Lectures after we introduce a novel approach for OOV detection.
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Figure 3.5: DET curves for OOV detection using baseline hybrid systems for different lex-
icon size and proposed discriminative hybrid system on OOVCORP data set. Evaluation
on un-observed OOVs (a) and all OOVs (b).
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Figure 3.6: DET curves for OOV detection using baseline hybrid systems for different lexi-
con size and proposed discriminative hybrid system on MIT Lectures data set. Evaluation
on un-observed OOVs (a) and all OOVs (b).

77



Chapter 4

Exploiting Context for

Out-of-Vocabulary Detection

4.1 Introduction

In Chapter 3 we focused on improving the sub-word lexicon to include in a hybrid
recognizer. The resulting hybrid output showed improved performance for OOV detection
compared to a state-of-the-art hybrid system. In this chapter we assume the hybrid system
is fixed and we focus on the model used for detecting OOV regions.

The state-of-the-art OOV detection model introduced in Chapter 3 (Rastrow et al.,
2009a) was a Maximum Entropy classifier with features from hybrid and confidence es-
timation models described in detail in Section 3.5.1. This OOV detection system, as many

other confidence based systems (Hazen and Bazzi, 2001; Bazzi, 2002; Lin et al., 2007;
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Burget et al., 2008; White et al., 2008), treats OOV detection as a binary classification task;
each region is independently classified using local information as IV (in-vocabulary) or
OOV (out-of-vocabulary).

In this chapter we move beyond this independence assumption that considers regions
independently for OOV detection. We treat OOV detection as a sequence labeling problem
and add features based on the local lexical context of each region as well as global features
from a language model using the entire utterance. Our results show that such information
improves OOV detection and we obtain large reductions in error compared to the best
previously reported results. Furthermore, our approach can be combined with any other
confidence based metrics.

Our experimental setup and evaluation is identical to the one detailed in Chapter 3,
Section 3.6. After briefly reviewing the baseline system, we generalize the framework to a
sequence labeling problem, which includes augmenting the features from the local context,
lexical context, and entire utterance. Each stage yields additional improvements over the

baseline system. We conclude with a review of related work.

4.2 From Maximum Entropy to Conditional

Random Fields

The baseline OOV detection system (Rastrow et al., 2009a) introduced in Section 3.5.1,

combines features from hybrid and confidence-based models using a Maximum Entropy
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\ \% . B-OOV OOV 1-OOV |00V | B-OOV  I-OOV OOV | IV | IV

former | president | slobodan : milosevic . in | india

Figure 4.1: Example confusion network from the hybrid system with OOV regions and
BIO encoding.

classifier. This approach assigns a label: IV (in-vocabulary) or OOV to each region in the
confusion network produced by a LVCSR system.

As a classification algorithm, Maximum Entropy (MaxEnt) assigns a label to each re-
gion in the confusion network independently. However, OOV words tend to be recognized
as two or more IV words, hence OOV regions tend to co-occur. In our running example
(Figure 4.1), the OOV word “slobodan” was recognized as four IV words: “slow vote 1
mean”. This suggests that sequence models, which jointly assign all labels in a sequence,
may be more appropriate. Therefore, we begin incorporating context by moving from clas-
sification to sequence models.

MaxEnt classification models the target label as p(y;|x;), where y; is a discrete variable
representing the ith label (“IV" or “OOV") and x; is a feature vector representing informa-

tion for position ¢. The conditional distribution for y; takes the form

exp(z Mefr(Yir X))

k=1
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Z(x;) is a normalization term and f(y;,X;) is a vector of K features, such as those de-
fined in Section 3.5.2. The model is trained discriminatively: parameters )\ are chosen to
maximize conditional data likelihood.

Conditional Random Fields (CRF) (Lafferty, McCallum, and Pereira, 2001) generalize
MaxEnt models to sequence tasks. While having the same model structure as Hidden
Markov Models (HMMs), CRFs are trained discriminatively and can use large numbers of
correlated features. Their primary advantage over MaxEnt models is their ability to find
an optimal labeling for the entire sequence rather than greedy local decisions. CRFs have
been used successfully used in numerous text processing tasks and, though less popular,
in speech it has been applied to sentence boundary detection (Liu, Stolcke, Shriberg, and
Harper, 2005), phone classification and recognition (Gunawardana, Mahajan, Acero, and
Platt, 2005; Morris and Fosler-Lussier, 2006, 2007), and for transcription using a LVCSR
system (Ostendorf, Digalakis, and Kimball, 1996; Zweig and Nguyen, 2009).

A CRF models the entire label sequence y as:

p(ylx) = exp(A - F(y,x)),

Z(x)

where F'(y,x) is a global feature vector for input sequence x and label sequence y and
Z(x) is a normalization term.
Figure 4.2 illustrates the differences between a MaxEnt model (top - Baseline) and a

Conditional Random Field model (bottom - Proposed) using their graphical model (GM)
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Figure 4.2: Maximum Entropy model (baseline) vs 2"¢ order CRF model with lexical con-
text (proposed) for OOV detection. Solid gray lines in the bottom section indicate added
dependencies on the label sequence Y. Dashed gray lines indicate added dependencies
form observed lexical context: X.

representations'. The gray nodes in the graph represent the observed random variables at
each position ¢ in the confusion network. In this case x; ; represents the sub-word posteriors
Eq. (3.11) and x; » is the word-entropy Eq. (3.12). The white nodes, y;, represent the un-
observed random variables we wish to predict. Each binary random variable y; indicates
the presence of OOV words at position ¢ in the network: y; = 0 (IV) or y; = 1 (OOV). All

connections between variables represent dependencies among them.

LA graphical model is a probabilistic model for which a graph indicates independence assumptions be-
tween the random variables. (Koller and Friedman, 2009)
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As can be seen in Figure 4.2, the MaxEnt model only contains dependencies between
the label at position y; and the input variables in that same position x; 1, x; 2. That is, it
classifies each position independently using only local information. Although in principle
MaxEnt models can include dependencies to context input variables, we illustrate the actual
dependencies assumed in the baseline model (Rastrow et al., 2009a). The CRF model
includes dependencies to the input in the current position and the context (gray dashed
lines), as well as dependencies between the labels (gray solid lines). In contrast, the second
order CRF depicted in the bottom section of Figure 4.2 includes dependencies between
neighboring labels up to two positions, modeling the sequence of unknown variables which
are inter-dependent. In this case the value predicted for y; depends on the values predicted
for {yi—m Yi-1,Yi+1, y¢+2}-

In what follows, we formulate OOV-detection as a sequence labeling problem and intro-
duce features that model local lexical context, and the entire utterance. Each enhancement

is presented along with their additive gains over the baseline system.

4.3 Context for OOV Detection

We begin by including a minimal amount of local context in making OOV decisions:
the predicted labels for adjacent confused regions (bins). This information helps when
OOV bins occur in close proximity, such as successive OOV bins. This is indeed the case:

in the OOV detector training data only 48% of OOV sequences contained a single bin;

83



CHAPTER 4. EXPLOITING CONTEXT FOR OUT-OF-VOCABULARY DETECTION

sequences were of length 2 (40%), 3 (9%) and 4 (2%). Therefore, we expect that even a
minimal amount of context based on the labels of adjacent bins will help.

A natural way of incorporating contextual information is through a CRF, which intro-
duces dependencies between each label and its neighbors. If a neighboring bin is likely an
OO0V, it increases the chance that the current bin is OOV.

In sequence models, another technique for capturing contextual dependence is the label
encoding scheme. In information extraction, where sequences of adjacent tokens are likely
to receive the same tag, the beginning of each sequence receives a different tag from words
that continue the sequence. For example, the first token in a person name is labeled B-PER,
all subsequent tokens are labeled IT-PER, and tokens which are not part of a person’s name
are labeled as O (outside). This is commonly referred to as BIO encoding (beginning, in-
side, outside). We applied this encoding technique to our task, labeling bins as either IV (in
vocabulary), B-00V (begin OOV) and I-00V (inside OOV), as illustrated in Figure 4.1.
This encoding allows the algorithm to identify features which might be more indicative
of the beginning of an OOV sequence. We found that this encoding achieved a superior
performance to a simple IV/OOV encoding. We therefore utilize the BIO encoding in all
CRF experiments.

Another means of introducing context is through the order of the CRF model. A first
order model (n = 1) adds dependencies only between neighboring labels, whereas an n

order model creates dependencies between labels up to a distance of n positions. Higher

84



CHAPTER 4. EXPLOITING CONTEXT FOR OUT-OF-VOCABULARY DETECTION

order models capture length of label regions (up to length n). We found that a second order
CREF gave the best performance. Higher order models did not provide any improvements.
In order to establish a comparative baseline, we first present results using the same fea-
tures from the system described in Section 3.5.2 (Word-Entropy and Fragment-Posterior).
For the CRF model, all real-valued features were normalized and quantized using the
uniform-occupancy partitioning described in  White et al. (2007).> Quantization of real
valued features is standard for log-linear models as it allows the model to take advantage of
non-linear characteristics of feature values and is better handled by the regularization term.
For the MaxEnt model quantized and continuous features achieve comparable performance.
Figure 4.3 depicts DET curves for OOV detection for the MaxEnt baseline and second
order CRFs with BIO encoding on unobserved OOVs and all OOVs in the test data.” We
present results using the baseline sub-words and the sub-words we proposed in Chapter 3.
For MaxEnt we used the predicted label probability and for CRFs the marginal probability
of each bin’s label. While the first order CRF achieves nearly identical performance to the
MaxEnt baseline, the second order CRF shows a clear improvement. The second order
model has up to 4.5% absolute improvement at 5% false alarm rate, despite using the iden-
tical features as the MaxEnt baseline. Even a small amount of context as expressed through
local labeling decisions improves OOV detection. Since the hybrid system including 10K
sub-words in the lexicon consistently outperform the one including only 5K sub-words, we

present all future experiments using the 10K hybrid system.

2 All experiments use 50 partitions with a minimum of 100 training values per partition.
3CRF experiments used the CRF++ package http://crfpp.sourceforge.net/
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Figure 4.3: DET curves for OOV detection using a Maximum Entropy (MaxEnt) classifier
vs a 2" order CRF. Solid curves indicate that the hybrid system was built using the Baseline
units (Rastrow et al., 2009a) while dashed curves use Learned Units proposed in Chapter 3.

All results are on 00OVCORP.
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4.4 Local Lexical Context

A popular approach in sequence tagging, such as information extraction or part of
speech tagging, is to include features based on local lexical content and context. In detect-
ing a name, both the lexical form “John” and the preceding lexical context “Mr.” provide
clues that “John” is a name. While we do not know the actual lexical items in the speech
sequence, the speech recognizer output can be used as a best guess. In the example of Fig-
ure 4.1, the words “former president” are good indicators that the following word is either
the word “of” or a name, and hence a potential OOV. Combining this lexical context with
hypothesized words can help label the subsequent regions as OOVs (note that none of the
hypothesized words in the third bin are “of”’, names, or nouns).

Words from the LVCSR decoding of the sentence are used in the CRF OOV detec-
tor. For each bin in the confusion network, we select the word with the highest proba-
bility (best hypothesis). We then add the best hypothesis word as a feature of the form:
current_word=X. These features capture how the LVCSR system incorrectly recog-
nizes OOV words. However, since detection is measured on unobserved OOVs, these fea-
tures alone may not help.

Instead, we turn to lexical context, which includes correctly recognized IV words. We

evaluate the following sets of features derived from lexical context:

e Current bin’s best hypothesis. (Current-Word)
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e Unigrams and bigrams from the best hypothesis in a window of 5 words around
current bin. This feature ignores the best hypothesis in the current bin, i.e.,
word[-2],word[—1] is included, but word[-1],word[0] is not. (Context-

Bigrams)

e Unigrams, bigrams, and trigrams in a window of 5 words around and including cur-

rent bin. (Current-Trigrams)

e All of the above features. (All-Words)

e All above features and their stems.* (All-Words-Stems)

We added these features to the second order CRF with BIO encoding and baseline
features (Figure 4.4). As expected, the current words did not improve performance on
unobserved OOVs. When the current words are combined with the lexical context, they
give a significant boost in performance: a 4.4% absolute improvement at 5% false alarm
rate over the previous CRF system, and 9% over the MaxEnt baseline for un-observed
OOVs. Interestingly, only combining context and current word gives a substantial gain.
This indicates that OOVs tend to occur with certain distributional characteristics that are
independent of the OOV word uttered (since we consider only unobserved OOVs), perhaps
because OOVs tend to be named entities, foreign words, or rare nouns.

When evaluating all OOVs, the proposed features achieve 26% absolute improvement,

reducing the OOV regions missed from 60% (CRF) to 34% (+A11-Words—Stems). With

4To obtain stemmed words, we use the CPAN package: http://search.cpan.org/~snowhare/Lingua-Stem-
0.83.
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respect the the MaxEnt baseline the absolute gain is 31%. Since these features include
the identify of the decoded words we can see a clear advantage when evaluating all OOV's
(including OOVs observed in the OOV detector training set) due to repeated OOV's decoded
using the same in-vocabulary word sequences. Adding the stemmed versions of the words
improves performance by less than 1% absolute.

The importance of distributional features is well known for named entity recognition
and part of speech tagging (Pereira, Tishby, and Lee, 1993). Other features such as sub-
strings or baseline features (Word-Entropy, Fragment-Posterior) from neighboring bins did
not provide further improvement. To the best of our knowledge previous work did not

explore such distributional features for OOV detection.

4.5 Global Utterance Context

We now include features that incorporate information from the entire utterance. The
probability of an utterance as computed by a language model is often used as a measure of
fluency of the utterance. We also observe that OOV words tend to take very specific syntac-
tic roles (more than half of them are proper nouns in the oovcorp data set), which means
the surrounding context will have predictive lexical and syntactic properties. Therefore, we

use a syntactic language model.
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Figure 4.4: A second order CRF (Section 4.3) and additional features including word iden-
tities from current and neighboring bins (Section 4.4).
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4.5.1 Language Models

We evaluated both a standard trigram language model and a syntactic language model
(Filimonov and Harper, 2009a). The syntactic model estimates the joint probability of the
word and its syntactic tag based on the preceding words and tags. The probability of an

utterance wf of length n is computed by summing over all latent syntactic tag assignments:

p(utt) = p(wy) = Z Hp(wiati|wi_1>ti_1) 4.1)

t1...tn 1—1

where w; and ¢; are the word and tag at position 4, and w’ " and ¢\~ are sequences of words
and tags of length 7 — 1 starting a position 1. The model is restricted to a trigram context,

. -1 yie
i.e., p(w;, t;|w; 5, t;~

3); experiments that increased the order yielded no improvement.

We trained the language model on 130 million words from Hub4 CSR 1996 (Garofolo,
Fiscus, Fisher, and Pallett, 1996). The corpus was parsed using a modified Berkeley parser
(Huang and Harper, 2009) and tags extracted from parse trees incorporated the word’s
POS, the label of its immediate parent, and the relative position of the word among its
siblings. ° The parser required separated contractions and possessives, but we recombined
those words after parsing to match the LVCSR tokenization, merging their tags. Since

we are considering OOV detection, the language model was restricted to LVCSR system’s

vocabulary.®

5The parent tagset of Filimonov and Harper (2009a).
6Thanks to Denis Filimonov for providing these features.
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We also used the standard fourgram LM for reference. It was trained on the same data
and with the same vocabulary using the SRILM toolkit’. We used interpolated modified

Kneser-Ney smoothing.

4.5.2 Language Model Features

We designed features based on the entire utterance using the language model to measure
how the utterance is effected by the current token: whether the utterance is more likely

given the recognized word or some OOV word.

tt
Likelihood-ratio = log p(utt)
p(utt|w; = unknown)
1
Norm-LM-score = M
length(utt)

where p(utt) represents the probability of the utterance using the best path hypothesis
word of the LVCSR system, and p(utt|w; = unknown) is the probability of the entire
utterance with the current word in the LVCSR output replaced by the token <unk>, used
to represent OOVs. Intuitively, when an OOV word is recognized as an IV word, the fluency
of the utterance is disrupted, especially if the IV is a function word. The likelihood-ratio is

designed to show whether the utterance is more fluent (more likely) if the current word is a

7 Available at: http://www.speech.sri.com/projects/srilm/

92



CHAPTER 4. EXPLOITING CONTEXT FOR OUT-OF-VOCABULARY DETECTION

80

Baseline (10k)+All-Words-Stems

+4-gram LM
+Syntactic LM

+POS Tags

10

80

(a) Baseline (10K) evaluated on All OOVs

70F- N

% Misses

Baseline (10k)+All-Words-Stems

+4-gram LM
+Syntactic LM

0] RS S

+POS Tags

200

10

Figure 4.5: Features from a language model added to the best CRF from Section 4.4 (All-

Words-Stemmed).

6

8
%NFA

(b) Baseline (10K) evaluated on Un-observed OOV

93




CHAPTER 4. EXPLOITING CONTEXT FOR OUT-OF-VOCABULARY DETECTION

misrecognized OOV. ® The second feature (Norm-LM-score) is the normalized likelihood
of the utterance. An unlikely utterance biases the system to predicting OOVs.

We evaluated a CRF with these features and all lexical context features (Section 4.4)
using both the fourgram model and the joint syntactic language model (Figure 4.5). Most
of the gain was obtained using the fourgram language model. Each model improved per-
formance, but the syntactic model provided the largest improvement. At 5% false alarm
rate it yields a 4% absolute improvement with respect to the previous best result (All-
Words-Stemmed) and 14.2% over the MaxEnt baseline on un-observed OOVs. Higher

order language models did not improve.

4.5.3 Additional Syntactic Features

We explored other syntactic features; the most effective was the 5-tag window of POS
tags of the best hypothesis.” The additive improvement of this feature is depicted in Fig-
ure 4.5 labeled +POS Tags. With this feature, we achieve a small additional gain.

Other syntactic features we have tried without added benefit include:

e The POS tag for the <unk>in the most likely tagging of the best hypothesis with the

current word replaced by <unk>.

itn—1

wi k=1
8Note that in the standard N-gram LM the feature reduces to log 1‘[’*”‘1;:(; liii}ﬁlwk;"izknown) ,
k=i RIWg—p 1 Wi=

only n N-grams actually contribute. However, in the syntactic LM, the entire utterance is affected by the
change of one word through the latent states (tags) (Eq. 4.1), thus making it a truly global feature.

9The POS tags were generated by the same syntactic LM (see Section 4.5.1) as described in Filimonov
and Harper (2009b). In this case, POS tags include merged tags, i.e., the vocabulary word fred’s may be
tagged as NNP-POS or NNP-VBZ.

€.,
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e p(t; = TAG|utt, w; = unknown), where T'AG is a tag from a set of up to 14 most
frequent tags for unknown words, i.e., the probability of the <unk>at the position ¢

to have the tag T AG given the entire utterance'’.

4.6 Final System

Figure 4.6 summarizes all of the context features in a single second order BIO en-
coded CRF. Results are shown for state-of-the-art MaxEnt (Rastrow et al., 2009a) as well
as for the CRF on unobserved, and all OOVs. We include results with baseline sub-words
and learned sub-words from Chapter 3. The Learned sub-words with context features
(Learned Units + Context) still improves over the baseline (Baseline 10k +
Context), however the relative gain is reduced.

For unobserved OOV our final system achieves a 14.8% absolute improvement at 5%
FA rate by adding context. Including the learned sub-words the total gain is 16.5%. The
absolute improvement on All OOVs was 30.5% using context and 31.7% including also
new sub-words. The result on all OOVs includes observed OOVs: words that are OOV for
the LVCSR but are encountered in the OOV detector’s training data.

Figure 4.7 shows the OOV detection results in the MIT Lectures data set with different

levels of context included. When evaluating on un-observed OOVs in the MIT Lectures

p(t;=TAG,w7") _
Ty Pl =

TAG,w?) is estimated similarly to the Eq. 4.1, except we restrict the set of possible values for ¢; in the
summation term to match 7'AG.

10This probability is easy to compute using the syntactic LM: p(t; = TAG|w}) =
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Figure 4.6: Comparing Baseline (Rastrow et al., 2009a) vs Learned Units (Chapter 3) with
different context features. Evaluated on 0ovCORP.
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Figure 4.7: Comparing Baseline (Rastrow et al., 2009a) vs Learned Units (Chapter 3) with

different context features. Evaluated on MIT Lectures corpus.
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data set, our final system achieves a 1.4% absolute improvement at 5% FA rate by adding
context. Including the learned sub-words the total gain is 7.1%. The absolute improvement
on All OOVs was 8.3% using context and 12.3% including also new sub-words.

Similar to Broadcast News, we found that including context achieves improvements in
performance. However the gains from context are smaller on the MIT Lectures data set.
We conjecture that this is due to the higher WER!! and the less structured nature of the
domain: i.e. ungrammatical sentences, disfluencies, incomplete sentences, making it more
difficult to predict OOVs based on context.

The learned sub-words achieve larger gains with respect to the baseline hybrid system
in the MIT Lectures data set than in Broadcast News oovcorp data set, specially for un-
observed OOVs. These results suggest that the learned sub-words are not simply modeling
the training OOV better than the baseline sub-words, but also describe better novel un-
expected words. Recall that these training OOVs were mostly named-entities since it was
trained on BN data.

Finally, note that the MaxEnt curve flattens at 18% false alarms, while the CRF contin-
ues to decrease. The elbow in the MaxEnt curve corresponds to the probability threshold at
which no other labeled OOV region has a non-zero OOV score (regions with zero entropy
and no sub-words). In this case, the CRF model can still rely on the context to predict
a non-zero OOV score. This helps applications where misses are more heavily penalized

than false alarms.

NWER = 32.7% since the LVCSR system was trained on Broadcast News data as described in Sec-
tion 3.6.
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4.7 Related Work

We have shown that combining the presence of sub-word units with other measures
of confidence can provided significant improvements, and other proposed local confidence
measures could be included in our system as well. Lin et al. (2007) use joint word/phone
lattice alignments and classifies high local miss-alignment regions as OOVs. Hazen and
Bazzi (2001) combine filler models with word confidence scores, such as the minimum
normalized log-likelihood acoustic model score for a word and, the fraction of the N-best
utterance hypotheses in which a hypothesized word appears.

Limited contextual information has been previously exploited (although maintaining
independence assumptions on the labels). Burget et al. (2008) used a neural-network
(NN) phone-posterior estimator as a feature for OOV detection. The network is fed with
posterior probabilities from weakly-constrained (phonetic-based) and strongly-constrained
(word-based) recognizers. Their system estimates frame-based scores, and interestingly,
they report large improvements when using temporal context in the NN input. This context
is quite limited; it refers to posterior scores from one frame on each side. Other features are
considered and combined using a MaxEnt model. They attribute this gain to sampling from
neighboring phonemes. Sun et al. (2001) combines a filler-based model with a confidence
approach by using several acoustic features along with context based features, such as
whether the next word is a filler, acoustic confidence features for next word, number of

fillers, etc.
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None of these approaches consider OOV detection as a sequence labeling problem. The
work of Liu et al. (2005) is most similar to the approach presented here, but applies a CRF

to sentence boundary detection.

4.8 Conclusion

This chapter has presented a novel and effective approach to improve OOV detection
in the output confusion networks of a LVCSR system. Local and global contextual infor-
mation is integrated with sub-word posterior probabilities obtained from a hybrid LVCSR
system in a CRF to detect OOV regions effectively. We obtain large improvements from

two main sources:

1. We consider the OOV-detection task as a sequence labeling task and use a second-
order conditional random fields with BIO encoding for the prediction. CRFs com-
bines the advantages of being a discriminatively trained and being able to model the
entire sequence. This approach provides gains despite using the same features as the

baseline MaxEnt system.

2. Augmenting the features to include both local lexical context and global information.

These gains were additive when combined with the learned sub-words in Chapter 3.

In the Broadcast News data set, at a 5% FA rate we reduce the missed OOV rate from
63.4% to 31.6%, a 31% absolute error reduction when evaluating all OOVs, and by 16.5%
absolute when focusing on un-observed OOVs. Most of the gain was achieved by including
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contextual information in the OOV detector. On the MIT Lectures data set we achieved
7.1% and 12.2% absolute improvement on un-observed and All OOVs respectively. We
found that while context helps, most of the gain in this out-of-domain data-set was achieved
by integrating the proposed sub-words proposed in Chapter 3. Context information might
have a smaller effect in this data set given that it is a less-structured domain when compared
to Broadcast News.

In the following chapters we apply this OOV detector, including proposed sub-words
and contextual information, to recover the correct spelling of these novel words for tran-
scription, and to improve robustness of downstream applications to out-of-vocabulary

words.
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Chapter 5

Recovering Out-of-Vocabulary Words

5.1 Introduction

In previous chapters we focused on identifying when OOV are spoken and transcribing
them using sub-lexical units. For dictation applications this is not sufficient: we need to
transcribe the correct spelling of each word. The problem of recovering the correct spelling
of a word from its phonetic representation is related to the sound-to-letter problem (Meng
et al., 1994; Chen, 2003) where given the correct phonetic sequence we need to obtain the
letter sequence. However in this case we need to also account for recognition errors.

In this chapter, our objective is to recover the correct spelling of the identified OOVs in
order to correct transcription errors. We assume the audio has been processed by a LVCSR

system producing hybrid word/sub-word lattices, such as the one presented in Chapter 3,
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and that OOVs in the output lattices have been identified using either an oracle or an auto-
matic OOV detector, such as the one presented in Chapter 4.

We propose a novel approach to recover the spelling of OOV terms. For each utterance
containing an OOV region, we generate queries for the Google' search engine to find words
relevant to the utterance topic in the vast and constantly updated World Wide Web. The
retrieved documents are processed to extract all words outside of the LVCSR system’s
vocabulary, forming a candidate-list. This candidate list is used to correct OOV errors in

two ways:

e Spoken Term Detection Framework: for each candidate OOV retrieved from the
Web (query), we use a Spoken Term Detection (STD) system to perform a search
over the LVCSR lattices and retrieve all instances (hits) where the query matches the
lattice’s phonetic sequence.The STD hits replace the best LVCSR hypothesis in each
OOV region without the need to re-decode or modify the LVCSR system. In a media
monitoring/surveillance/browsing system it is impractical to re-decode and reindex
large amounts of data. The proposed solution can be integrated naturally with the

speech retrieval architecture with minimal cost.

e Vocabulary Expansion: expand the vocabulary of the LVCSR system to include the

candidate-list obtained from the Web, and re-decode.

Our approach for identifying relevant OOV terms from the Web is described in Sec-

tion 5.2. Section 5.3 describes how the STD system is used for OOV recovery, and Sec-

lwww.google.com
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tion 5.4 describes the proposed method for vocabulary expansion. Section 5.5 describes

the results analysis and we conclude with a summary of the key findings of this chapter.

5.2 Identifying Relevant OOVs on the Web

Our OOV recovery approach exploits the lexical context of OOV regions to query the
Web and retrieve content relevant to the utterance. For each utterance containing an OOV
region, we select M relevant words in the utterance and submit the set of words as a single
query to a search engine (Google). To identify keywords, we rank the decoded words for
that utterance using TF-IDF. This is a common information retrieval score used to evaluate
how important word ¢; is to document d; in a collection of documents D, as given in the
expression below:

5.1

TEIDF;; = — " log D]
’ Zk nk:,j |d . tl - d|

where n; ; is the number of occurrences of term ¢; in document (utterance) d;, |d : ¢; € d| is
the number of documents (utterances) where the term ¢; appears, and | D| is the number of
documents (utterances). We considered only words with confidence” larger than a threshold
T = 0.8, and not present in a standard stop-list. We selected the top M keywords per
utterance (M = 5) as a query to the search engine and retrieved the top 20 documents.
Each retrieved document was scanned to create a list of “potential OOVs" containing all

OOV words within a fixed window around the query terms. Some sample queries which we

2We used as confidence the posterior probability associated with each word in the output confusion net-
works.
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will refer to in our results (Section 5.5) include “MEDIATORS UNDERMINE EXTREME
NATIONALIST BOSNIAN” which helped us to recover the OOV word Milosevic and
the query “POLLS REFERENDUM SHARON ISRAELIS WEDNESDAY” which helped
recover Netanyahu.

Table 5.1 shows for various window sizes around the query terms the tradeoff between
the size of the retrieved word set versus recall. In our experiments we used a window of
10 words. Note that in this work we consider a global list of potential OOVs rather than
an utterance specific list. In our experiments we found that limiting the set of potential
OOVs to the words retrieved using the current utterance had a significantly lower recall
(30%) than creating a global list. This could be due to the fact that many utterances refer
to the same topic, while their automatic transcription performance might vary significantly,
yielding noisy or irrelevant keywords.

To reduce the size of the candidate list we remove bad candidates, such as misspelled
words, typos, and invented words, by filtering words which appear less than K times in
the retrieved documents. Figure 5.1 shows the recall of true OOVs versus candidate list
size for the oovcorp data set. We selected X' = 4 for our experiments based on devel-
opment set tuning. This setting reduces the list to 22K while still retrieving 53% of the
missing OOVs. We tried several other approaches to further reduce the candidate list, in-
cluding: scoring candidates with a character letter N-gram model trained on In-Vocabulary
(IV) words and excluding concatenated IVs (commonly found on the Web). There was no

significant improvement over the simple strategy of shortlisting by Web counts.
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| Window Size | Recall | List Size |

1 7.86 36K
3 22.78 105K
5 38.15 170K
10 71.24 323K
Paragraph 91.55 1.4M

Table 5.1: Recall versus candidate list set size.

Acquiring Web data using automatically generated queries similar to the approach de-
scribed in this section has been of considerable interest as a means of increasing the amount
of language model training data and incorporating new words into the LVCSR vocabulary
(Ng et al., 2005; Creutz et al., 2009; Oger et al., 2009). In this approach we focus on
using the OOV word list acquired from the Web as a source of query terms for a spoken
term detection system, which can then help to identify and incorporate the OOV terms in
LVCSR output without re-decoding or modifying the LVCSR system. We also evaluate an

approach for augmenting the LVCSR system’s vocabulary to re-decode.

5.3 Spoken Term Detection for OOV Recovery

In the previous section, we described a method for obtaining potential spelling forms
for uttered OOVs using contextual queries and the Web. With this candidate list a spoken
term detection system is used to identify matches in the LVCSR output.

We use a weighted finite state transducer (WFST) based STD system described in detail

in Chapter 6, Section 6.2 (Can et al., 2009; Allauzen, Mohri, and Murat, 2004). To build
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Figure 5.1: Unique OOV recall versus the size of the candidate list for different term fre-
quency thresholds (window of 10).

the index, we process the audio with a hybrid LVCSR system (Chapter 3) to obtain the
corresponding phonetic lattices. The resulting phonetic index is used in all of our experi-
ments. At search time each textual query is converted to its phonetic representation using

the pronunciations obtained from a letter-to-sound (L2S) system (Chen, 2003).

5.3.1 Decision Thresholds for OOV Recovery

The performance of our OOV recovery approach depends on what candidate hits are
accepted from the output of the STD system. Miller, Kleber, lin Kao, and Kimball (2007)
presented an optimal decision theoretic approach for selecting a term specific threshold
(TST) on STD scores for deciding whether a postulated hit for a term should be included in
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the search output. The threshold was optimized for the NIST ATWYV metric and has been
widely adopted in the research community. Here we present an extension of TST targeted
towards improving WER by OOV recovery.

Motivated by Miller et al. (2007) we aim to select a threshold that leads to a reduction
of WER. Given a hit for term ¢ in region 7 with confidence score P(t,7)°, we accept a hit
if the benefit of correctly retrieving it (B) is larger than the cost of incorrectly retrieving it

(C), as shown in Equation 5.2.

P(t,r)B —[1 — P(t,r)]C >0 (5.2)

Let Toov be all missing OOVs, Rpoy the set of all OOV regions, then in terms of WER,
the benefit of correctly retrieving a missing OOV is B = 1 if r € Rpoy and t € Tpoy, and

cost C' = B if r ¢ Roov, where (3 the cost of an error. We rewrite:

P(t,T)P(T < Roov)P(t c Toov) — (1 — P(t,T‘))ﬂP(T é Roov) >0 (53)

Solving for P(t,r) yields:

1-— P(T c Roov)

1 — P(r € Roov) + P(teToov)éD(reRooV)

P(t,r) > (5.4)

3P(t,r) is the probability of the acoustic match obtained from the STD system.
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where P(r € Roov) is the probability that region r is an OOV region and P(t € Tpov)
is the probability that the term ¢ is a missing OOV. Note that if the region r is OOV with
probability 1, then we should accept any hit with P(¢, ) > 0 (all), since no additional errors
will be incurred. However if the region is not an OOV region, i.e., P(r € Rpoy) = 0, then
we can only accept hits with probability P(¢,r) > 1 (none), since an error will always be

incurred. As the cost of incurring an error 3 increases, the threshold tends to 1.

5.3.2 Incorporating STD Matches in LVCSR Output

The matching regions in the LVCSR output are replaced with the OOV word. An alter-
native is to re-decode the utterance with an augmented vocabulary. Replacing the matched
regions is faster as no re-decoding is necessary. For our oovCorp test-set, incorporating the
words from the web to correct errors using the STD framework takes roughly 15 minutes,
while re-decoding the 90 hours test-set takes several hours (around 10 hours). Assum-
ing we only replace words in OOV regions, this approach does not tradeoff accuracy of

in-vocabulary words for rare words.

5.4 On Demand Vocabulary Expansion

An alternative approach to correct Out-of-Vocabulary errors for transcription is to aug-
ment the system’s vocabulary (dictionary) and language model to include words relevant

to the OOV utterances. We include the recovered words from the web in the dictionary of
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the LVCSR system using their most likely pronunciations (top 6) obtained from a letter-to-
sound model (Stanley F. Chen, 2003). Since OOV words obtained from the Web are not
present at training time, we don’t have a language model probability for them.*

In this work, we incorporate the new words in the language model as unigrams shar-
ing the probability of the <UNK> token. This token typically represents all words in the
language modeling training text which were not included in the vocabulary of the system
(typically because they had low frequency counts in this text). Specifically, we re-distribute
the unigram probability of the <UNK> token among all words from the candidate list and a
new <UNK> token.” Note that re-distributing the <UNK> unigram probability does not af-
fect the probability mass assigned to seen words during training, hence reducing the risk of
trading off accuracy of IV vs OOV words. New words will only be favored by the language
model if it needs to back-off to unigram. Once we augment the dictionary and language
model, the complete test-set audio is re-decoded.

Oger et al. (2009) presents an approach for on-demand vocabulary expansion similar
to the one we proposed here. However they assume OOV regions have been manually
identified, and re-decode each segment using a segment specific augmented vocabulary.
Our approach employs automatic detection to find OOV utterances, and builds a global

OOV candidate list from the web for the entire corpus. Building a global list achieved

4We could extract entire documents from the web and adapt/augment our existing language models with
the extracted web documents to obtain a LM probability for these words. This is a natural extension to the
approach proposed here.

5We update the backoff weights to ensure we keep a proper distribution. Specifically, we modify the
ARPALM file directly and use SRILM’s -renorm flag to obtain a re-normalized LM.
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higher recall since OOVs tend to appear in bursts providing multiple contexts from different
utterances.

Finally, our approach to integrate new words in the language model differ from that
of Oger et al. (2009). The authors assigned a language model probability to each OOV
from the web according to its POS tag. They also tried re-decoding including new words as
pronunciation variants of the <UNK> word, hence assigning the same <UNK> probability
to all words. Instead, we re-distribute the <UNK> unigram probability and do not modify
higher order ngrams. Each word in our dictionary has its most likely 6 pronunciations
according to the L2S model, they are not pronunciation variants of the <UNK> token.
Oger et al. (2009) recovered 7.7% of the missing OOVs in a 6 hour test-set of French
Broadcast News, assuming the OOV regions had been manually identified, achieving 0.2%

WER improvement only when using the POS tag information in the language model.

5.5 Results

As in previous chapters we evaluate our approach on the oovcore data set. The
100 hours from English Broadcast News are divided into 5 hours of training for the OOV
detector, 5 hours of development set, and 90 hours of evaluating recovery.

We first consider the case where OOV segments are identified using an oracle. We
identify OOV regions by finding time segments in the manual transcripts containing words

which are not in the LVCSR system vocabulary. This allows for the direct evaluation of
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| System | Precision (%) | Recall OOVs (%) | WER (%) |

Baseline n/a 0 15.8
STD recovery 82.55 33.45 14.9

Table 5.2: Recovery results using oracle OOV detection. Recall OOVs is the number of
unique OOV found.

the effectiveness of our retrieval strategy as well as the STD framework for integrating
the words into the automatic transcripts. We also consider OOV regions that are detected

automatically, which represents a more realistic scenario.

5.5.1 STD Recovery with Oracle OOV Detection

We use the STD system presented in Section 5.3 to phonetically match each retrieved
word to the corresponding OOV regions in the decoded audio. We built a phonetic index
from the lattices obtained from the LVCSR system, and consider the list of 22K words
as OOV queries to the STD system. At search time the textual queries are converted to
their phonetic representation using the pronunciations obtained from the letter to sound
(L2S) system (Chen, 2003). Note that this query list contains 53% of the missing OOVs as
described in Section 5.2.

Table 5.2 summarizes our results for searches with the top 6 weighted pronunciations
for each query. Assuming OOV regions have been manually identified (oracle), we are
able to recover 33.5% of the unique OOVs in the test-set, achieving a 0.9% absolute im-
provement in WER. The remaining OOVs could not be assigned a recovered term due to

mismatches between the hypothesized pronunciation and the phonetic string in the index.
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Original Decode After Recovery
the netting yahoo government negotiated —> the NETANYAHU government negotiated
former president slogan I’'m a loss of itch —> former president slogan MILOSEVIC

Figure 5.2: Example utterances before and after recovery (automatic OOV detection). In-
correct terms are underlined in the decoded string and corrections are emphasized. The sys-
tem corrects the OOV in the first string and one of the two OOVs in the second (Slobodan
remains incorrect as “slogan”), improving understandability significantly. See Section 5.2
for the Web queries that retrieved these OOVs.

Further improvement could be achieved by modeling phonetic confusability as described

in Chapter 6.

5.5.2 STD Recovery with Automatic OOV Detection

We repeated the above experiments using the automatic OOV detection system pre-
sented in Chapter 4. The OOV detector’s performance on our 90 hour test set is repeated
in Figure 5.4. We incorporate OOV detection as a post-processing step to the STD sys-
tem, by penalizing mismatches between query type (OOV) and false alarms returned from
in-vocabulary (IV) regions. The mismatch penalty is tuned on the development set. More
details on the post-processing step are presented in Chapter 6.

Table 5.3 shows the results in terms of recall and WER when using automatic OOV
detection for different thresholds. Using the standard term specific threshold (TST) (Miller
et al., 2007) resulted in degraded WER performance. The TST however, achieves the
highest recall (27.71%). The degraded WER and high recall can be explained by the fact

that the TST is designed to maximize NIST ATWYV metric, which assumes that every query

113



CHAPTER 5. RECOVERING OUT-OF-VOCABULARY WORDS

appears in the index at least once. This guarantees that at least one hit is retrieved for every
query processed by the STD system. For OOV recovery, the query terms include noise
(invalid words) from the web, hence accepting at least one hit per term causes a large
number of false alarms and higher recall for true OOVs.

The proposed term-region specific threshold (TRST) reduces this effect, retrieving
12.7% of OOV regions with a small gain in WER. This result is expected since the thresh-
old only allows hits in predicted OOV regions, yielding fewer false alarms. In this work
we consider P(t € Tpoy) = 1 for Equation 5.4. Including prior knowledge about the a
candidate term should improve performance further.

The best recall/WER tradeoff is obtained using the term-specific threshold combined
with a hard-threshold (TST + HT), which retrieves 17.9% of the missing OOVs re-
spectively, achieving an improvement of 0.2% in WER, which is statistically significant
(p < 0.001).° Finally, we combined both thresholds (TRST + TST). If the score is higher
than a hard-threshold HT, we used the TST. This did not provide further improvements.

From a random sample of 100 OOV words correctly recovered, 92% were named enti-
ties. From this set 68% were people, and 24% were locations, organization, or other.” As
expected, the retrieved words are high information bearing words that improve understand-
ing of the transcription significantly. Figure 5.2 depicts two example utterances from our

test set before and after recovery using automatic OOV detection.

SFor statistical significance, we used the mapsswe test.
"We manually labeled the retrieved words in the true transcription.
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| STD Threshold | Precision (%) | Recall OOVs (%) | WER (%) |

Baseline - - 15.8
TST 11.23 27.71 17.6
TST+HT 29.53 17.98 15.6
TRST 21.95 12.71 15.7
TRST+HT 27.12 15.82 15.6

Table 5.3: Recovery results using an automatic OOV detector.
5.5.3 Recovery by re-decoding

We also evaluated re-decoding the test-set audio after expanding the vocabulary with
the 22K words obtained from the Web. We modified the language model to include these
words as detailed in Section 5.4. Table 5.4 summarizes the results. This approach is able to
reduce WER by 0.7% absolute, and correctly decode 21.55% of the OOVs in the test-set.
We can see that the large gains in WER are explained by the improved precision from the
re-decoding approach compared to STD-recovery framework.

We conjecture the improved precision is explained by the fact that, when re-decoding,
new words are only predicted by the language model when it needs to back-off to unigrams,
i.e. when it realizes the word was never seen during training. In contrast, the STD approach
always replaces the novel word if the phonetic string in the recognition output matches
the new word’s pronunciation, generating more false alarms. Figure 5.3 depicts examples
recovered using this approach.

Finally, we evaluated the potential improvement of having language model training text
containing the OOVs obtained from the Web. This achieves 2% absolute improvement

(RE-DECODE - ORACLE LM), motivating future work on language model adaptation using
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System | Precision (%) | Recall OOVs (%) | WER (%) |
Baseline - 0 15.8
re-decode - UNK prob 70.78 21.55 15.1
re-decode - Oracle LM 74.20 41.50 13.8
re-decode - Oracle LM and Vocab 99.6 54.0 13.2

Table 5.4: Recovery results using STD-framework vs re-decoding. Recall OOVs is the
number of unique OOVs correctly decoded.

Original Decode After Recovery
celebrates sold on the loss of interest —> yugoslavia celebrates SLOBODAN MILOSEVIC
presidency of where to put your morning —> presidency of ALBERTO FUJIMORI
leader of the has boa guerrillas = leader of the HEZBOLLAH guerrillas
unibomber suspect theodore can pinsky —>  unibomber suspect theodore KACZYNKSKY
the netting yahoo government negotiated ~—> the NETANYAHU government negotiated
pan am locker the disaster = pan am LOCKERBIE disaster

this drug called the lender in a cost = this drug called ALENDRONATE cost

olympic champion get a cappella cough —>  olympic champion YEVGENI KAFELNIKOV

Figure 5.3: Example utterances before and after recovery (re-decoding approach). Incorrect
terms are underlined in the decoded string and corrections are emphasized.

the Web documents. We also built the full system (RE-DECODE - ORACLE LM AND
VocAB): closed test-set vocabulary and language model, i.e. if the OOV rate was 0. In
this case, the performance is 13.2%, a 2.6% absolute improvement, there is clearly room

for improvement.

5.6 Conclusion

In this chapter we presented a novel approach to recover Out-Of-Vocabulary words us-
ing the Web as a corpus. Our method incorporates the retrieved words using a Spoken

Term Detection system or by re-decoding the audio. The former approach is faster since it
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Figure 5.4: Performance of the final OOV detector from Chapter 4 on the 0ovCoRrp.
does not require re-decoding the audio. We evaluate our approach when OOVs are auto-
matically identified, the more realistic situation, recovering 17.98% of the missing OOV's
and improving WER by 0.2% using the STD-framework approach. Re-decoding the audio

achieves arecall of 21.55%, improving WER by 0.7% absolute. Furthermore, the recovered

words are 92% named entities, which improves the understanding of the transcription.
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Chapter 6

Spoken Term Detection with OOV

Queries

6.1 Introduction

The fast growing availability of recorded speech calls for efficient and scalable solutions
to index and search this data. Spoken term detection (STD) is a key technology aimed
at open vocabulary search over large collections of speech content. Out-of-Vocabulary
words pose an important problem in this task, since queries typically relate to information
rich nouns, such as named-entities and foreign words, which have poor coverage in the
vocabulary. This has been empirically observed in live audio indexing systems for the web,
such as (Logan et al., 1996), where OOVs were found to represent about 15% of search

queries.
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The most common approach to STD is the use of a large vocabulary continuous
speech recognition (LVCSR) system to obtain word lattices that are subsequently in-
dexed (J. Mamou and Hoory, 2006). Critically, the search of queries containing OOV
terms in the LVCSR processed output will not return any results'. A typical solution to
OOV queries, is to build a phonetic index. We can then search for the phonetic represen-
tation of the OOV term (i.e. its pronunciation) in this phonetic index (Mamou et al., 2007;
Can et al., 2009). However, there are many challenges in finding a good operation point for
a spoken term detection system that balances false alarms and true hits, particularly when
the queries are Out of Vocabulary terms.

In this chapter, we demonstrate the usefulness of the proposed hybrid recognizer and
OOV detector (Chapter 3 and 4) to enhance robustness to OOVs in the spoken term de-
tection (STD) task. We show that using a hybrid recognizer to derive the phonetic in-
dex increases recall while automatically tagging OOV regions helps reduce false alarms.
We also propose incorporating phonetic confusability to further increase recall for Out-of-
Vocabulary queries and explore additional features, such as: boosting the probability of a

hit in accordance with the number of neighboring hits and query-length normalization.

!Since the index is built from the LVCSR lattices, which do not contain any words outside of the vocabu-
lary.
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6.2 A Weighted Finite State (WFST) Trans-

ducer based Spoken Term Detection System

In this section we describe the overall framework of our STD system and the methods
used in our experiments. We assume that the audio to be indexed has been processed with
an LVCSR system and the corresponding word or sub-word lattices are available. Phonetic
lattices are subsequently derived by mapping all words in the lattice to their phonetic rep-
resentation using the dictionary. The phonetic lattices are used to build the indexes used
in all of our experiments. In this chapter we make extensive use of Weighted Finite State
Transducers (WFST). An overview of WFSTs including formal definition, notation, and

common operations is presented in Appendix A.

6.2.1 Pre-Processing

Prior to creating the index, the phonetic lattices are preprocessed into weighted finite
state transducers (WFST). The word/sub-word is stored in the input label of each arc in
the lattice, and the output label is used to store the timing information. An additional

normalization step (achieved by weight pushing in the log-semiring) (Mohri, Pereira, and
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Riley, 1996) converts the weights into the desired posterior probabilities. All silences and
hesitations in the lattices are converted to € arcs.”

In essence, each arc in the resulting WFST representing the lattice is a 5-tuple
(p,i,0,w,q) where p € @ is the source state, ¢ € () is the destination state, i € ¥ is
the input label (phone), o € R is the output label (start-time associated with state p), and
w € N is (neg log of) posterior probability associated with i. () is a finite set of states and

Y} is the input alphabet (words or sub-words).

6.2.2 WFST-based Indexing and Retrieval

We use the algorithm described in (Allauzen et al., 2004) to create a full index of the
pre-processed lattices represented as a WFST. The final index maps each substring = (word
or sub-word) to the set of indexes in the automata (lattices) in which x appears. Here,
the weight of each path gives the within utterance expected counts of the substring cor-
responding to that path. This algorithm is optimal for search: the search is linear in the
size of the query string and the number of indexes of the weighted automata in which it
appears (Allauzen et al., 2004).

At search time the textual queries are converted to their phonetic representation using
the pronunciations obtained from the L2S system described in (Chen, 2003). This phonetic

sequence is represented as a weighted acceptor and using a single composition operation

2By convention, ¢ is a special symbol which consumes no symbol and matches all symbols in the input
and output alphabets. FST operations effectively ignore € arcs. For example , if the lattice contains the path
“president $HESITATION SIL fujimori”, converting the $SHESITATION and SIL symbols to e
allows the search algorithm to match “president fujimori" in this region.

121



CHAPTER 6. SPOKEN TERM DETECTION WITH OOV QUERIES

(Mohri et al., 1996) with the index we can retrieve the automata (lattice) containing it. Note
the flexibility of this framework, since it allows us to search for any weighted finite state
acceptor as query, an advantage we exploit.

The construction described above only retrieves the lattice indexes. However it can be
used as the first pass in a two-pass STD retrieval system as described in (Parlak and Sar-
aclar, 2008). Essentially, once the lattice indexes have been identified (in the first pass),
the second pass loads the relevant lattices and extract the time marks corresponding to the
query. Alternatively, the index can be modified to perform 1-pass retrieval (Can et al.,
2009), improving search times at the cost of a larger index and with comparable perfor-
mance. We implemented a 2-pass FST-based indexing system using the OpenFst toolkit
(Allauzen, Riley, Schalkwyk, Skut, and Mohri, 2007). We derive the phonetic index from
word lattices and achieve comparable performance to that reported by (Can et al., 2009)
as shown in Table 6.1. We also explore deriving the phonetic index from the baseline

hybrid (Rastrow et al., 2009a) and proposed hybrid (Chapter 3) systems.

6.2.3 Evaluation

To evaluate performance of the spoken term detection system, we present results in
terms of the NIST 2006 STD Evaluation criteria (NIST): “Actual Term-Weighted Value”

defined below.
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1
ATWV =1 = =" Priss(q) + BPra(q) 6.1)
1Ql =5

with P,,;55(¢q) and Pra(q) defined as in Equation 6.2 and 6.3:

NCOT'I'BC
Priss(g) =1 — M—ES) 6.2)
Ns Urious
Pralq) = #t((qq)) (6.3)

where:

e O = query set

Nirue = oOccurrences in reference

® Ngyurious = Spurious instances retrieved

® Nt = correctly retrieved instances

(8 = user defined parameter, in STD 06 Eval, 5 = 999.99

T = total number of seconds in audio

The ATWYV defined in Eq. (6.1) requires a binary decision for each instance returned by
the system. In this work, we use the Term Specific Threshold introduced by (Miller et al.,

2007) to make a binary decision, since it achieved higher performance in our experiments
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than a global threshold. The term specific threshold asserts only those candidate hits for
query ¢ if the benefit B(q) of correctly accepting them is larger than the cost C'(q) of

incorrectly retrieving them. That is, we only accept an instance if its probability p ensures:

pB(q) — (1 -p)C(q) >0 (6.4)

According to the ATWV metric given by Eq. (6.1) the benefit is B(q) = 1/Nywue(q)

and the costis C(q) = B/(T — Niue(q)). This yields the following term-specific threshold:

Ntrue(q)
T/ﬁ + %Ntrue(CD

p(q) > (6.5)

Since Ny is unknown in the test set, this quantity is approximated by the sum of the

posterior probabilities of all candidate detections for that term ¢ in the lattices.

6.3 Experimental Setup

For our experiments we indexed the 100 hours data set oovcorp described in Sec-
tion 2.2.2. The query set was the 1290 OOVs in the corpus. Since all queries are out-of-
vocabulary words, we build a phonetic index instead of a word index. We then search for
the phonetic representation of the query in the phonetic index. In all our experiments we

use the letter-to-sound (L2S) model introduced by Stanley F. Chen (2003).
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We compare the performance of the word-based system, the baseline hybrid system
(Section 3.5.1), and the proposed hybrid system presented in Chapter 3. Since we explore
using OOV detection to reduce false alarms and other algorithmic improvements specific
to STD, we divided the 100 hours from oovcorp into 5 hours to train the OOV detector
(as in Chapter 3 and 4), another 5 hours for development set, and the remaining 90 hours
for test set.

Finally, we also presents results on the NIST 2006 Spoken Term Detection Dev06 test
set which we will refer to as DEV06. This set comprises of around 3 hours of speech and
has 1107 query terms. The OOV rate on this query set is low, with only 16 terms being

010)%A

6.4 Word versus Hybrid LVCSR for STD

In order to establish a comparative baseline for our STD results, we first present ex-
periments using a phonetic index derived from word lattices. First, the textual queries are
converted to their phonetic representation using the reference pronunciations of the OOV
queries, which we refer to as reflex. Table 6.1 presents the reflex results, which achieve com-
parable performance to those presented by (Can et al., 2009) (they obtain ATWV = 0.322)
on the same data set when a word-based lattice index is used. Higher values in ATWV are

better.
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| Data | P(FA) | P(miss) | ATWV |
Word Ibest | 0.00002 [ 0.757 [ 0.227
Word lattices | 0.00004 | 0.638 0.325

Table 6.1: Reflex results on oovcorp data set.

In practice we don’t have the true pronunciation for OOVs, hence we also show results
using the pronunciations obtained from the L2S model. For the L2S system, performance
peaks at 6 pronunciations, when weighted with the normalized L2S scores. Hence we use
6 weighted pronunciations for all remaining results. Table 6.2 presents results using L2S
pronunciations for the word system, the baseline hybrid and proposed hybrid systems. We
found more useful to examine total number of hits and total number of false alarms when

evaluating different systems, so we report total counts instead of P(miss) and P(F A).

| Data | Hits | FAs | ATWYV |

Word Lattices 6349 | 9464 | 0.307
Hybrid (baseline) Lattices | 7254 | 10275 | 0.352
Hybrid (proposed) Lattices | 7247 | 10316 | 0.351

Table 6.2: N-Best L2S pronunciations on 90 hours oovcore data set.

As can be seen in Table 6.2, the hybrid systems produce better STD performance by
increasing the number of retrieved instances. We conjecture that this is due to the lower
phone error rates observed in OOV regions when using a hybrid recognizer. The baseline
hybrid (Section 3.5.2) and proposed hybrid systems from Chapter 3 achieve comparable
performance and they both improve over the phonetic index derived from word lattices.

There is a lot of room for improvement. The total number of instances in the reference is

20,172 but we are only retrieving around 7,000. Furthermore, the number of false alarms is
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larger than the number of hits. This is often the case for OOV queries since we are searching
a phonetic index and queries can match across-words or within word phonetic sequences.
In the following section we propose further algorithmic improvements for increase the

number of hits, and reduce the number of false alarms.

6.5 Reducing False Alarms

6.5.1 OOV-Detection

In this section we explore the benefits of incorporating automatic detection of OOV
regions in the indexed audio. To identify these regions we employed the baseline OOV
detector (Section 3.5.1) and the improved OOV detector described in Chapter 4. Figure 7.1
depicts the final performance of these OOV detection systems.

We incorporate the OOV-detection as a post-processing step to the STD system de-
scribed in Section 6.2. Let the score of an occurrence of a query-term ¢ at time interval A,
(returned by the system described in Section 6.2) be denoted by score,(A;). The updated

score is given by the Equation below.

scoreq(Ay) OOV (Ay) > 7
scoreq (A, v,) =

scoreq(Ar) X Yo o/w
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Figure 6.1: DET curve for Baseline OOV detector (MaxEnt) and improved OOV detector
(Context) proposed in Chapter 4

where v, is a parameter tuned on the development set, which penalizes the mismatch be-
tween query-type (OOV) and false alarms returned from In-Vocabulary (IV) regions.

selects the operating point for the OOV-detector on the development set.

6.5.2 Query Length Normalization

In order to further reduce False Alarms, we incorporated a normalization penalty based
on the length of the query term. Since hits with a longer duration are less likely to be false

alarms, we adjust the score in a post-processing step as shown in Equation 6.6 below:

YL

scoreq(A¢,vr) = scoreg(Ay)Bavs@ (6.6)
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where Ag,,(q) is the average duration of all returned hits for the query-term ¢, and v, €
[0, 1] is a parameter tuned on the development set. This approach is similar to the query-
length normalization presented by (Mamou et al., 2007), where the authors normalize the

scores by a fixed factor v, = 1/n, where n is the number of words in the query phrase.

6.6 Increasing Hits

6.6.1 Incorporating Phonetic Confusions

In this section we address the low recalls for OOV queries. The main cause for low
recalls is the mismatch between the phonetic string used to represent the query (obtained
from an L2S model) and the phonetic string present in the lattice when that word was
spoken. Table 6.3 illustrates a typical OOV query from our test set (GAVLAK) which was
completely missed by the baseline STD system due to mismatch in some phones between
the pronunciation used for the query and phonetic sequence present in the decoded lattice
that was indexed. As can be seen in this example, neither the reference pronunciation nor
the top 6 pronunciations from the L2S model match any of the phone representations found
in the lattice (i.e. G AE V L [EH or AE] K).

We propose to compensate for potential differences in deriving index and query repre-
sentations by augmenting the query representation with phone confusions. Including phone

confusability allows for phone substitutions, deletions, and insertions which helps reduce
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these misses. In this example, allowing substitution of AA by EH or AE in fifth position will

be sufficient.

’ query H GAVLAK
reference pron G|AE |V |L|AA | K
L2S 6 best prons G|AE |V |L|AA | K
Y | AA AY
AX
EY
index Candidate Hits
word decode GET LIKE
hybrid decode G AE V L_EH K
phonetic lattice fromhyb | G| AE | V| L | EH | K
AE

Table 6.3: Example of various phonetic representations for an OOV query and potential
hits in the phonetic indices

In this work we use a phonetic confusion transducer (P2P) generated from a phonetic
confusion matrix based on a neural network based acoustic model (Ramabhadran, Sethy,
Mamou, Kingsbury, and Chaudhari, 2009). The phonetic confusion matrix was derived
from broadcast news development data. Similar results were obtained with an alternate
approach to compute a confusion matrix using string alignments between reference and
decoded phonetic representations. To augment the query with phonetic confusions we
compose the WESA representation of the query with the P2P transducer and generate n-
bests.

More formally, for any string s, let I(s) be the transducer that maps each character
is s to itself, let L2S be the transducer that maps any letter string to a set of possible

pronunciations, and P2P be the transducer that maps phones to phones, where the weights
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are obtained from the P2P system explained above. The new query representation is then

given by:

qfst = bestpathN(I(q)o L2S o P2P) (6.7)

where ¢ is the textual query, o and bestpath N correspond to the standard composition

and shortest-path operations (in Tropical semiring) for WFSTs.

6.6.2 Cache feature

Certain content words, especially rare words, tend to appear in bursts. Inspired by
the Cache Language Model (Jelinek, Merialdo, Roukos, and Strauss, 1991), which adapts
probabilities of ngrams based on the recently encountered n-grams, we adapt the prob-
ability of a potential hit, based on the number of neighboring hits for the same query.

Specifically, we boost the score of each hit as shown below:

scorey(Ay, 8) = score, ()Y #hitseAees (6.8)

where , ¢ € [0, 1000]secs is again tuned on the development set.
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6.7 Experimental Results

Table 6.4 illustrates the relative improvement over the two hybrid systems, obtained
when incorporating a P2P transducer in deriving several n-best query representations. In all
cases, a significant improvement in ATWYV performance is seen by increasing the number
of hits. However, as expected, increasing phonetic confusibility also increases false alarms
and hence we use OOV detection to reduce this effect. The results for the baseline and
proposed hybrid systems are comparable, hence we will focus on the effect of the remaining

features using the baseline hybrid system.

Baseline Hybrid Proposed Hybrid
P2P-Nbest | Hits | FAs [ ATWV | Hits | FAs | ATWV

none 7254 | 10275 | 0.352 | 7247 | 10316 | 0.351
10 best 7519 | 14779 | 0.375 | 7502 | 14815 | 0.376
20 best 7727 | 17837 | 0.388 | 7700 | 17766 | 0.390

100 best | 8294 | 27495 | 0.399 | 8267 | 27463 | 0.399

Table 6.4: Phone-to-phone transducer for N-best query representation using baseline and
proposed hybrid system on oovcore

Table 6.5 shows the effect of including: OOV detection (Section 6.5.1), query-length
normalization (Section 6.5.2), and cache (Section 6.6.2). We represent the features used
in each experiment with a "X" mark against their respective columns. All queries used
the 100-best representations generated after composition with the P2P transducer since it
yielded the best result in ATWV. When using OOV detection, we show results using the
baseline OOV detector (Section 3.5.1) (Maxent), and proposed detector (Context) from

Chapter 4. The performance of these systems is repeated in Figure 7.1.
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oovdet oovdet oovdet | length-norm | cache | Hits FAs | ATWV
(Oracle) | (Maxent) | (Context)
8294 | 27495 | 0.399
X 8138 | 24502 | 0.403
X 8253 | 24152 | 0.403
X 9007 | 24054 | 0.409
X 8294 | 27495 | 0.399
X X X 9734 | 39379 | 0.420
X X X 10066 | 37107 | 0.424
x| \ \ | x [ 10994 | 17663 | 0.512 |

Table 6.5: OOVCORP results using OOV-detector, Length-normalization, and Cache Fea-
tures. Search was performed on phonetic lattices obtained from the Baseline Hybrid System
(Section 3.5.1).

Both length normalization and oov detection achieve improvements in ATWYV perfor-
mance (Baseline: 0.399, OOV-det: 0.403, length-norm: 0.409) and the gains increase
when we combine these features (ATWV = 0.424). Note that the proposed OOV detec-
tor (Context, ATWV = 0.424) achieves improved performance compared to the baseline
(MaxEnt, ATWV = 0.420), by allowing more hits and reducing false alarms.

Larger gains were expected from the Context oov detector given the large improve-
ment in OOV detection performance compared to the baseline MaxEnt (Figure 7.1). Error
analysis shows the OOV regions selected by the Context oov detector included only 5%
FAs, while the MaxEnt detector had 15% FAs for the selected operating point in the devel-
opment set. This difference means that the proposed detector reduced the number of incor-
rectly labeled OOV regions by 110,000. However, this large reduction in false alarms does
not translate into the same reduction of false-alarms for STD, since only regions match-

ing the queries phonetically are relevant for STD. Furthermore, the score in mismatched
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regions is only penalized and does not imply a change in the decision to retrieve that hit.
Lastly, the ATWYV metric favors having more hits at the expense of larger number of false
alarms. This explains why the final system achieves superior performance despite having
more false-alarms.

To understand the effect of increasing hits or reducing false alarms in ATWYV, we briefly
review this metric here. ATWYV combines the effect of hits and false alarms as shown

in Eq. (6.1)°, where the false alarm probability for each query term ¢ is given by:

Ns UTLOUS
Pra(q) = #t((qq)) (6.9)

and 7' is the total number of seconds of audio indexed (=~ 100hours = 360, 000secs). This
metric assumes one sec of audio corresponds to one potential false alarm. On the other

hand, P,,;ss 1s given by:

Ncor'rect (Q)

Pmiss q) = l———7-
( ) Ntrue(Q)

(6.10)

where Ny,...(q) is the total number of true instances for query ¢ in the data set. Hence, FAs
have a smaller effect (since they are divided by a large number) when compared to hits in
ATWV.

Figure 6.2 and 6.3 show results using a DET curve: the percent of misses at different
false-alarm rates for the same systems. This curve is obtained by varying a global thresh-

old and accepting all hits with score above this threshold, allowing the user to adjust the

3When computing ATWV, we used the same cost factor for FAs as in the NIST 2006 evaluation: 3 =
999.99
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Figure 6.2: STD Det Curve on oovcorp . Total number of False Alarms is assumed to be
the total number of seconds in the audio where the query was not spoken, as in Eq. (6.3).
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Figure 6.3: STD Det Curve on oovcorp . Total number of False Alarms is assumed to be

the total number of spurious regions matching a query phonetically.

135



CHAPTER 6. SPOKEN TERM DETECTION WITH OOV QUERIES

threshold to the application of interest. In Figure 6.2 we assume 7' is the total number of
seconds in the audio (as in ATWYV), while in Figure 6.3 we assume 7 is the total number of
regions with a “close” phonetic match to the query set, specifically we use all hits returned
by Hybrid + p2p100. The latter allows us to focus on likely false alarms, and appreciate
the effect of the OOV detectors in reducing false alarms in phonetically similar regions.
We can see a clear improvement by including both OOV detector systems. The proposed
detector achieves superior performance for high precision operating points.

We also present results using an oracle OOV detector in Table 6.5, which achieves
significant improvements (ATWV = 0.512), when used alone and combined with all other
features. This motivates further work in OOV detection. Note that even with oracle OOV
detection, false alarms can occur since similar OOV queries can match incorrect query
terms in valid OOV regions (i.e. slobodan versus slobodan’s, which are both OOV5s).

Lastly, the cache feature (row 5 in Table 6.5) did not provide any gains on their own
on this data set. The motivation for the cache feature was to boost scores for rare "content
terms” and we expected it to provide significant gains on oovcorp since OOVs tend to be
bursty in nature. Error analysis suggest that OOV terms were not detected closed enough
to be exploited by the cache feature. We later realized that this data set was not appropri-
ate for testing trigger or cache features since by design, it contains utterances which are
discontinuous for each audio file.

In summary, hybrid systems and the proposed features improve performance for OOV

queries in spoken term detection systems. Using the hybrid system to derive the index
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improved performance from 0.307 to 0.352. Including phonetic confusability further im-
proved to 0.399, and automatic detection and length normalization improved further to
0.424, achieving a total relative improvement of 38%. To the best of our knowledge, OOV
detection had not been previously proposed to improve performance of STD systems. Ak-
bacak et al. (2008); Arisoy et al. (2009) proposed a hybrid system to improve STD per-
formance, however their approach first converts the hybrid index to a word-based index
and then runs a word-level search. Hence OOVs will only matched if their orthography is

correctly recovered.

Dev06 results

Table 6.6 presents the results on the Dev06 data set. While all features provide an
incremental gain in ATWYV, it can be seen that use of the cache feature, i.e. proximity to
a potential hit, provides the maximum gain in ATWYV by increasing the number of hits.
In this data set we are only able to present results using the baseline OOV detector since
we did not have available the audio at the time we introduced the new hybrid system or
oov-detector. Although very small, the baseline OOV-detector does reduce the false alarms
without impacting the number of hits. An oracle experiment that uses true OOV-regions
from the reference can reduce the false alarms from 388 to 293, suggesting that more
improvements in ATWYV can be obtained with better OOV detection.

For Dev06, we did not see any improvements with P2P since there were only 16 OOV

terms and the In-Vocabulary terms were most likely captured by the word portion of the hy-
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brid LVCSR system. The highest reported score for the NIST 2006 Spoken Term Detection
Evaluation (NIST) on English Broadcast News data (reported here) was 0.85 ATWV (Fis-

cus, Ajot, Garofolo, and Doddingtion, 2007), achieved by the BBN system.

| oovdet (oracle) | oovdet | length-norm | cache | Hits | FAs | ATWYV |

4752 | 388 | 0.849
X 4752 | 383 | 0.8497
X 4845 | 427 | 0.8520
X 4907 | 400 | 0.8551
X X X 5011 | 452 | 0.8597
X 4748 | 232 | 0.8666
X X X 5013 | 293 | 0.8814

Table 6.6: DEV06 Results using Automatic and Oracle OOV-detector

6.8 Conclusions

In this chapter, we have explored the benefits of using hybrid systems and OOV detec-
tion to improve performance of Spoken Term Detection for OOV queries. We also proposed
additional features to increase hits and reduce false alarms. All features collectively pro-
vide an additive gain on both corpora, resulting in a relative 38% improvement in ATWV
on a 100-hour corpus with 1290 OOV-only queries and 2% relative on the NIST 2006 STD
task, where only 16 of the 1107 queries were OOV terms.

Using a hybrid system to derive the phonetic index provides significant improvements
over a word-based system. While the hybrid system proposed in Chapter 3 performs sim-

ilar to the baseline hybrid, we do observe significant improvements when including the
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improved OOV detection system from Chapter 4. Incorporating phonetic confusibility in
the query representation also improves performance significantly by increasing the number

of retrieved instances.
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Chapter 7

OOV Sensitive Named-Entity

Recognition in Speech

7.1 Introduction

Named entity recognition (NER) in text, a key step in information extraction, is typi-
cally treated as a sequence labeling task in which entities are labeled as people, locations
and organizations (Sang and Meulder, 2003). Evaluations have focused on newswire text
and manually transcribed broadcast news. However, NER in automatic speech recognition
(ASR) produced transcripts is a challenge due to recognition errors and the lack of com-
mon named entity markers (punctuation, capitalization, numerals, etc.) Understandably,
performance lags behind that of text applications. Attempts to improve speech NER have

included transcript normalization (Gravano, Jansche, and Bacchiani, 2009), incorporating
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speech recognition confidence features (Huang, 2005; Sudoh, Tsukada, and Isozaki, 2006),
or tagging LVCSR word lattices (Horlock and King, 2003). A difficult unaddressed prob-
lem comes from out-of-vocabulary (OOV) terms. Since many OOVs are proper names
(66% of the OOVs in our corpus are named entities) OOV recognition errors are particu-
larly damaging for NER.

We improve speech NER by including features indicative of OOVs obtained from the
proposed OOV detection system. This allows us to identify incorrectly decoded sections of
speech where a named entity was spoken. Finding such audio regions allows for targeted
manual transcription, or automated OOV recovery efforts. To recognize OOV NEs, we
augment the features in an NER system to include indications of possible OOVs in the
transcript using the OOV detection system presented in Chapter 4. These features yield
significant improvements for OOV NEs in particular, as well as NEs in general.

To evaluate our approach, we introduce a new broadcast news speech data set annotated
for named entities using Amazon Mechanical Turk. We describe the methods used to create

this data set and its properties.

7.2 Named Entity Recognition for OOVs

Out-of-Vocabulary words often include named entities; in our oovcorp data set 66%
of the OOVs are named entities, accounting for 21% of all named entities. This problem

is often ignored in NER in speech (Miller et al., 2007; Sudoh et al., 2006); and some cope
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with OOV entities by adapting the vocabulary and the language model to the specific time
interval of the test set (Favre, Bechet, and Nocera, 2005).

To recognize OOV NEs, we augment a standard NE tagger to include features indica-
tive of OOV terms. The tagger should ignore the decoded words for OOV regions and rely
on context to identify the named entity. For example, if the tagger sees the string “FOR-
MER PRESIDENT MOST OF IT SAID” it would likely find no named entity. However,
“MOST OF IT” is an obvious transcription error (for “MILOSEVIC”) and if the tagger
knew “MOST OF IT” was OOV, it could focus on context (“Former President X said’) and
identify the audio corresponding to “X” as a named entity.

Our work is similar to that of Huang (2005) and Sudoh et al. (2006) Huang uses a con-
fidence based approach to identify transcript errors and ignores the decoded word sequence
in the error region, using the context to query relevant documents for OOV recovery. He
uses features from the recovered word and its context as input for a standard NER system.
In this work, we are concerned with identification and not recovery. However, identified
named entities in incorrectly transcribed audio could be targeted for recovery using an OOV
recovery system such as the one described in Chapter 5. Both Huang and Sudoh et al. rely
on the word posterior probability as a confidence metric. Sudoh et al. combine this metric
with the decoded word sequence and contextual POS tag information using SVMs to detect

unreliable regions. We consider a similar approach (errordet) as a baseline.
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Our approach uses the output of an OOV detector as indicative of NE regions. In the
next section, we introduce our NE tagger and describe how we incorporate OOV informa-

tion.

7.2.1 Named Entity Tagger and OOV Detector

We use a conditional random field (CRF) based named entity tagger (McCallum and
Li, 2003), with a first order Markov model, BIO encoding (B-ORG, I-ORG, etc.), and a
standard set of orthographic features (McDonald and Pereira, 2005) (Baseline). We used
the default parameters in Mallet ' and a Gaussian prior of o> = 10 (results were generally
insensitive to ¢.) The number of training iterations was selected using development data.
On CONLL 2003 English data (Sang and Meulder, 2003), the tagger achieves an overall
development F1 of 88.34 and test F1 of 81.41, which is close to state of the art on this task.

We use the OOV detector presented in Chapter 4 to incorporate OOV information into
the tagger. Several of the baseline NER features use part of speech tags. Since most POS
taggers are trained for text, we obtained tags for speech by using a syntactic language model
(Filimonov and Harper, 2009a,b), which estimates the joint probability of the word and its
syntactic tag based on the preceding words and tags (a trigram context.) This tagger can
produce tags for suspected OOVs.

We trained the language model on 130 million words from Hub4 CSR 1996 (Garofolo

et al., 1996). Tags, extracted from parse trees from a modified Berkeley parser (Huang

thttp://mallet.cs.umass.edu
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Error-Detector

Figure 7.1: Test set (90 hours) performance: Error detector (Sudoh et al., 2006) on errors
(top) and OOV detector (Chapter 4) on OOVs (bottom.)

and Harper, 2009), incorporated the word’s POS, the label of its immediate parent, and the
relative position of the word among its siblings. > Since we are considering OOV detection,

the language model was restricted to the LVCSR system’s vocabulary.

7.2.2 Confidence Baseline

A common approach to improve NER performance on speech is to incorporate a con-
fidence estimate for predicting decoding errors (such as those caused by OOVs) (Huang,

2005; Sudoh et al., 2006) . Therefore, we compare our approach with both a baseline NER

2The parent tagset of Filimonov and Harper (Filimonov and Harper, 2009a).
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feature set described in Section 7.2.1, and with an additional confidence estimate baseline
(Figure 7.1.)

The confidence baseline uses the features of Sudoh et al. (Sudoh et al., 2006) to create a
CREF error predictor: the decoded word, POS tag, and posterior probability, as well as these
features from a +-2 word window. This system shows superior error detection performance
to only using the word posterior probability. The training data was obtained from a stan-
dard word-based LVCSR system whose errors are known by aligning with the reference
transcription. The probability of error, provided by the CRF error predictor, was quantized

into 10 bins generating binary features (errordet).

7.2.3 NER with OOVs

We incorporate OOV information into the NER tagger by generating features based on
the OOV detector. Our goal was to inform the NER tagger when we suspected that a word
may be an OOV, which could make it more likely to be a named entity. We also sought
to remove unreliable features, i.e. incorrectly decoded words. We developed three feature

sets:

e oovdet: The probability of a word being OOV according to the OOV detector.’

e context: The oovdet confidence feature from a +2 word window around the current

word.

3Real valued features were quantized into 10 bins (binary features.)
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Overall IV entities
OOV | System F1 | Prec | Rec | Fl | Prec | Rec
- Baseline 585 | 64.7 | 533599 | 64.6 | 55.9
errordet 58.6 | 66.5 | 52.4 | 60.2 | 66.9 | 54.7
Auto | oovdet 60.1 | 66.4 | 549 | 61.7 | 66.6 | 57.5
oovdet+context 59.8 | 66.1 | 54.6 | 61.0 | 65.8 | 56.8
oovdet+replace 59.8 | 67.9 | 53.5 | 61.4 | 68.3 | 55.7
oovdet+context+replace 60.7 | 68.2 | 54.7 | 62.2 | 68.4 | 57.1
Oracle | oov 61.7 | 68.2 | 56.4 | 61.7 | 70.2 | 55.0
oov+oovdet+context+replace | 62.3 | 68.0 | 57.5 | 62.1 | 68.6 | 56.8

Table 7.1: Performance for all named entities (Overall) and for entities containing all words
in the LVCSR vocabulary (In-Vocabulary or IV entities)

e replace: Replace the decoded word with the token OOV if the detector has a confi-
dence threshold above 0.9 (tuned on development data.) This explicitly removes the
confusion of an incorrectly decoded word, and the system must rely on the context

to tag the words, as well as a prior that OOV's may be NEs.

7.3 Experiment Setup

Again, we use the oovcorp data set to evaluate our system. From the 100 hours
in oovcorp, five hours were used for training the OOV and error detectors, and 48 hours
were annotated for named entity training and evaluation. From this set, 25 hours were used

for NE tagger training, 5 hours for development, and the remaining 18 hours for testing.
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OOV entities Unobserved OOVs

OOV | System F1 | Prec | Rec | Fl | Prec | Rec
- Baseline 51.0 | 63.4 | 42.7 | 29.9 | 41.5 | 234
errordet 513 | 63.8 429 | 36.8 | 50.5 | 28.9

Auto | oovdet 529 | 644|449 | 37.5 | 495 | 30.1
oovdet+context 542 | 66.6 | 45.7 | 33.7 | 45.8 | 26.7
oovdet+replace 524 | 65.1 | 439 | 35.6 | 48.0 | 283
oovdet+context+replace 53.6 | 66.2 | 45.1 | 37.7 | 50.5 | 30.1

Oracle | oov 61.2 | 62.5 | 60.0 | 47.2 | 479 | 46.5
oov+oovdet+context+replace | 61.7 | 65.9 | 58.0 | 52.0 | 54.1 | 50.0

Table 7.2: Performance for entities containing at least one OOV word (OOV entities), and
for OOV entities which are not present in training for NER system (Unobserved OOVs).

7.3.1 Named Entity Annotations

The 48 hours set aside for named entity training and evaluation did not contain named
entity annotations. We annotated this data using Amazon Mechanical Turk (MTurk), which
provides a platform where human intelligence tasks (HITs) can be given to users (turkers)
for annotation. HITs tend to be simple tasks that are easy for humans to accomplish but
remain challenging for computers, such as labeling images or translating sentences. Turk-
ers are paid a micro-payment for each HIT, typically a few cents. Studies have shown that
high quality annotations are possible by using multiple turkers, simple HITs, and embedded
gold standard examples to evaluate quality (Callison-Burch and Dredze, 2010).

We used MTurk to obtain named entity labels for the manual speech transcripts from
our corpus. Our annotation guidelines were based on the CONLL shared task (Sang and
Meulder, 2003). We used an interface similar to that presented in Finin et al. (Finin, Mur-
nane, Karandikar, Keller, Martineau, and Dredze, 2010), modified to allow users to indicate

the presence of two adjacent named entities of the same type, such as “Thanks Jim Sarah
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reporting live from Boston”. Here Jim and Sarah are two different people with a pause in
the speech that does not appear in the transcript. Such occurrences are exceedingly rare in
text, but common in speech where pauses or speaker turn taking creates sequential named
entities. Each HIT contained 5 speech utterances, 1 of which was an utterance chosen
from 250 utterances for which we obtained expert NE annotation (provided by the authors)
included for quality control. Each HIT was completed by two different turkers at a rate
of $0.10 each, yielding a rate of $0.02 an utterance. Utterances completed by unreliable
turkers (poor scores on the included gold examples) were resubmitted to obtain additional
annotations. Total cost was $530, including repeated annotations and productivity bonuses.
Details on annotation instructions are in Appendix B.

For each turker, we evaluated his or her average F1 score on gold utterances and re-
moved annotations by turkers with an F1 score below 0.5. We then compared the two
annotations for each utterance and selected labels agreed to by both turkers. In cases of
dispute, we select the label assigned by the turker with highest F1. This yielded a total of
9971 annotated utterances (510K tokens). The inter-annotator agreement between turkers
computed using Cohen’s « (Fleiss and Cohen, 1973) was .72.*

The average F1 score of the final turker annotations on the 257 utterances with gold
annotations was 87%. The 9971 utterances contain 34,293 named entities, 14,967 people,

10,680 locations and 8,646 organizations. In this data, 21% of the named entities are OOV's

4Kappa coefficient can be interpreted as: 0 — .2 slight, .2 — .4 fair, .4 — .6 moderate, .6 — .8 substantial
and higher is almost perfect (Landis and Koch, 1977).
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(38.32% of PER, 6% of LOC, and 14% of ORG) and 66% of the OOVs are named entities.

7.4 Results

We evaluated our named entity tagger with the various OOV feature sets and two base-
lines: standard NER features (baseline), and the addition of error detection features (er-
rordet). We report F1 results overall, for entities containing all words in the vocabulary
(In-Vocabulary or IV entities), and for entities containing at least one OOV word (OOV en-
tities) (Table 7.2). While the error detector (errordet) yields a small improvement (0.15), the
equivalent OOV features (oovdet) yield a much larger improvement (1.67). Using all of our
OOV features (oovdet+context+replace) achieves a 2.25 improvement over the baseline.’
Example improvements included the utterance “opposition claims VOJISLAV KOSTU-
NICA should be declared winner", which is decoded as: “opposition claims BORISLAV
CUSTOM ME JUST should be declared winner". The named entity “VOJISLAV KOSTU-
NICA" is mis-recognized because both words are OOV, but the improved system correctly
labeled it as a person.

Note that in our data set partitioning, the tagger may learn the context of an OOV in the
NER training set, which matches the context for that same OOV in test, allowing the system
to correctly label it as an entity. However, in a real application, with a constantly changing

vocabulary, OOVs seen during the tagger training are likely to be different from those in

SStatistically significant at p = 0.001 using the paired permutation test.
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the test set. To evaluate this scenario, we report performance of “Unobserved OOV" en-
tities: named entities containing words which are not in the recognizer’s vocabulary, and
are unobserved in the training set for the OOV detector or NER training and development
set. These words only appear in the test set, never in the training or development set. As
expected, the performance for these entities is lower than the overall OOV performance,
however the proposed system (oodet+context+replace) achieves a 7.8 absolute improve-
ment over the baseline (29.9 to 37.7). Eighteen percent of all OOV entities in the test-set
were unobserved.

Additionally, we achieve improvements in performance for IV entities, where there is a
large increase in precision (64.58 to 68.42). We attribute this gain to the fact that now the
learner is not forced to mark common word strings like “most of it" (for MILOSEVIC) or
“custom me just" (for KOSTUNICA) as named entities unless the OOV features indicate
otherwise. Furthermore, these incorrectly decoded words are replaced by OOV, removing
misleading features.

We also sought to determine additional gains we might achieve by improved OOV de-
tection. We replaced the OOV detector by an oracle predictor, manually tagging OOV
regions by finding time segments in the manual transcripts containing words which are
not in the LVCSR system vocabulary. True OOV regions were marked with a new feature
(oov.) The best performance was obtained when adding this oracle OOV feature, replacing
the decoded word by “OOV" if this feature fires, and including the context feature de-

scribed in Section 7.2.3 (oov+oovdet+context+replace). This improves an additional 8.08
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points on OOVs over the best OOV predictor results, and 1.61 improvement overall. This
demonstrates that our automatic results achieve an almost 60% error reduction towards or-
acle OOV detection. Additionally, the oracle results achieve similar performance for OOV
and IV, indicating that remaining NER errors may not be attributed to OOV and that given

correct OOV predictions, our NE tagger effectively addresses the OOV NER problem.

7.5 Conclusion

We have presented a novel approach for OOV sensitive named entity recognition in
automatically transcribed speech, targeting NEs containing words which are not present in
the LVCSR system’s vocabulary. We augmented the features used by a CRF NER tagger
to indicate possible OOVs in the transcript. Our system obtains a statistically significant
improvement in overall performance using automatic OOV detection and our automatic
results achieve an almost 60% error reduction over the baseline compared to oracle results.
Additionally, we show that oracle OOV features close the gap between IV and OOV NER

performance.
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Conclusion

In this dissertation we have focused on the out-of-vocabulary (OOV) problem in Large
Vocabulary Continuous Speech Recognition (LVCSR) systems. We presented an approach
to recover from failures caused by OOVs by automatically identifying when OOVs are
spoken and transcribing them using sub-lexical units. This results in a hybrid word/sub-
word system which predicts full-words for in-vocabulary terms and sub-lexical units for
OOVs.

In Chapter 3 we presented an approach to learn optimal sub-word representations to
model OOVs in a hybrid system. The proposed sub-words were combined with confidence
estimation methods in Chapter 4 to improve detection of Out-of-Vocabulary words in the
LVCSR output. These methods improved OOV detection performance by 32% absolute on
a Broadcast News task and by 12.3% on a MIT Lectures data set, and achieved reductions

in phone error rate, specially for OOV regions.
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The remaining chapters explored the benefits of the improved hybrid system and OOV
detection systems in downstream applications. Chapter 5 proposed an approach to recover
the orthography of novel words for transcription. Chapter 6 showed significant perfor-
mance improvements in Spoken Term Detection when employing the proposed hybrid and
OOV detection system. Finally, Chapter 7 exploited these systems to improve information
extraction tasks on speech, focusing on named entity recognition for OOV words..

There are several novel contributions in this dissertation, which we detailed below.

Contributions of Chapter 3: Learning Sub-Word Units for Open Vocabulary ASR

e Proposed an unsupervised log-linear model to learn sub-lexical representations opti-

mized to a given labeling task.

e Applied this model to open-vocabulary recognition and learned variable-length multi
phone units used to model OOVs in a hybrid word/sub-word system. The resulting
system improves performance over state-of-the-art in terms of OOV detection and

phone-error-rate.

e The proposed model is general and can be applied to any unsupervised segmenta-
tion task, where the segmentation depends on a label assigned to each word in the

sequence.
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Contributions of Chapter 4: Exploiting Context for OOV Detection

e Proposed to treat OOV detection as a sequence labeling task, and showed that jointly

predicting OOV regions improves performance.

e Exploited contextual information for OOV detection, both from the local lexical con-

text and from the global context using language models.

e Evaluated the resulting system on two data-sets achieving large reductions in error.

Contributions of Chapter 5: Recovering Out-of-Vocabulary Words

e Proposed a novel approach to recover out-of-vocabulary words using the web as a
corpus. This system integrates novel words using a spoken term detection system

(no-redecoding) or by re-decoding with an augmented lexicon.

e Evaluated the resulting system on the 90 hours of Broadcast News corpus assuming
OOV regions are identified using automatic OOV detection. The system recovers up
to 21% of OOVs using automatic detection, achieving 0.7% absolute improvement

in WER.

Contributions of Chapter 6: Spoken Term Detection with OOV Queries

e Evaluated the benefits of using hybrid systems and OOV detection to improve per-
formance for OOV queries in a spoken term detection system. Using a hybrid system
to obtain the phonetic index retrieves more instances while improved OOV detection
can reduce false-alarms.
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e Proposed algorithmic improvements to increase hits for OOV queries, such as: in-
cluding phonetic confusability in the query representation and boosting the score in

accordance to the number of neighboring hits.

e Evaluated these features as a post-processing step in a spoken term detection system
achieving gains in two corpora: 90 hours of Broadcast News corpus with 1290 OOV

queries, and the NIST 2006 STD task where only 16 of the 1107 queries were OOVs.
Contributions of Chapter 7: OOV Sensitive NER in Speech

e Designed a system is capable of identifying incorrectly decoded sections of the
speech where an OOV named entity was spoken, improving performance for OOV

named entities (improved recall) and IV named-entities (reduced false-alarms).

e Evaluated the benefits of using OOV detection to improve retrieval of OOV named-

entities from speech content.

e Introduced a new Broadcast News speech data set annotated for named-entities using

Amazon Mechanical Turk.

8.1 Future Directions

While we made significant advances towards identifying and modeling OOV for open

vocabulary recognition, there are many other extensions that can be done to either enhance
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performance or apply the model to wide range of tasks. In this section we describe some
directions for future work.

In Chapter 3 we presented a log-linear model to learn the sub-word lexicon by seg-
menting the phonetic representation of a corpus. While our approach can find the optimal
segmentation for any labeling sequence, we used a simple binary labeling identifying OOV's
in the text. This approach essentially models all OOVs as a single class. However, OOV's
can be very different types including named-entities, technical terms, rare verb forms, out-
of-language terms, etc. Indeed, it has been shown (Bazzi, 2002) that considering multiple
OOV models improves detection performance. This could be tested directly in our model
by allowing the labeling sequence to take more than 2 values. It is still non-trivial to deter-
mine which classes to consider for the different OOV models. One approach is to allow the
model to assign different OOVs to different classes by including the class label as a latent
variable.

In Chapter 4, we combine the hybrid system from Chapter 3 with confidence estimation
features to improve OOV detection. The approach we outline only considers the probability
of decoded sub-words as features in the model, completely ignoring the identity of the
sub-word predicted. The model used to learn the sub-word lexicon provides a probability
estimate for each sub-word as predictive of each class label. This could also be considered
as a feature in the OOV detection system. Several other confidence-based features should
be explored such as those proposed by Burget et al. (2008). It is straight forward to integrate

other confidence metrics.
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Other Interesting Directions:

Once an OOV is uttered, it is very likely to be repeated in that same conversation. The
models presented in this dissertation do not exploit this property. An interesting research
direction is to build a global model that exploits this bursty nature of rare content words
to identify and group OOV instances into clusters corresponding to the same word. Each
cluster can provide multiple pronunciations and contexts relevant for a given OOV word.
This should be useful to improve detection of OOVs and to recover their correct spelling.

Identifying OOV clusters could also be useful for unsupervised online adaptation of
the vocabulary and language model, resulting in a LVCSR system that adapts over time.
Some previous work in this direction include: self-training for low-resource language mod-
eling (Novotney, Schwartz, and Ma, 2009), and online vocabulary adaptation (Aronowitz,
2008; Oger et al., 2009). These methods rebuild all models on the entire training set instead
of adapting them online.

The proposed model for learning the sub-word lexicon is a general segmentation ap-
proach optimized for a given task. It would be interesting to evaluate its performance for
other tasks, such as spoken term detection, or morphological segmentation with POS-tag
information or other type of class-labels.

An interesting application for the proposed segmentation model is word-compounding
for language modeling. In this case the goal is to find word compounds (i.e “in_the”,
“i_am”) that are maximally different from their common errorful transcriptions. This ap-

proach could segment the text corpus into phrases by maximizing the likelihood of the
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segmentation and the text (no labels). Similar to the approach proposed by Poon et al.
(2009), it could use contrastive estimation (Smith and Eisner, 2005) to simplify inference
by limiting negative examples to words in a neighborhood. To ensure selected phrases are
maximally different from their common errors, the neighborhood could be obtained from
the ASR confusion network cohorts for the phrase in question.

Other interesting directions of research include: identifying other types of non-OOV
errors, such as partially spoken words, or errors caused by unexpected noise such as: door-

closing, cough, scream.
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Finite State Automata Overview

Throughout this dissertation we use finite state automata extensively to efficiently rep-
resent sets of strings or string pairs and associated probabilities. Weighted finite state
automata are popular tools in speech recognition (Mohri, 1997), and many downstream
applications such as speech to speech translation (Knight and Al-Onaizan, 1998), spoken
document retrieval (J. Mamou and Hoory, 2006), spoken term detection (Can et al., 2009;
et al, 2009; Arisoy et al., 2009), etc.

Finite state automata includes finite state acceptors which represent sets of strings and
finite state transducers which represent mappings between two sets of strings. Both can be
weighted or unweighted. A finite state acceptor can be considered as finite state transducer
were the input string maps to itself. Therefore we only present here the formal definition

for weighted finite state transducers following (Mohri, 2009). In order to define a weighted
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finite state transducer and allowed operations we need to first define a semiring:

Definition (Mohri, 2009) A system (W, ®, ®,0, 1) is a semiring if (W, @, 0) is a commu-
tative monoid with identity element 0, (W, ®, 1) is a monoid with identity element 1, ®
distributes over @, and 0 is an annihilator for ®. Table A lists several semirings. In this

dissertation we only make use of the Log and Tropical semiring.

Definition (Mohri, 2009) A weighted transducer 7" over a semiring (W, &, ®,0,1) is an

8-tuple T'= (X, A,Q, I, F, E, \, p) where:

>} is a finite input alphabet

A a finite output alphabet

() a finite set of states

I C @ the set of initial states

o [ C () the set of final states

| Semiring | Set | @ [®©] 0 [1]
Boolean {0,1} Vo IA] 0 |1
Probability | R, U {400} + | x| 0 |1
Log RU{—00,+00} | oy | + | +00 | 0
Tropical | RU{—o00,+00} | min | + | +o0 | +

Table A.1: Example semirings. @, is defined as: = @, y = —log(exp™® +exp~¥).
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e FE afinite multi-set of transitions, which are elements of ) X (XU {e}) x (AU{e}) x

W x Q,

e )\ : [ — W an initial weight function

e p: ' — IV afinal weight function mapping F' to W.

Weighted finite state transducers (WFSTs) can be manipulated and combined with other
automata using several algorithms. In this dissertation we make use of the following oper-

ations which are described in detail in (Mohri, 2009).

e composition (also denoted by the o symbol)

e projection

e minimization

e determinization

e epsilon removal

e shortest path

e shortest distance

e randgen

In the context of this dissertation weighted finite state acceptors are used to represent
lattices and confusion networks, where each each path in the acceptor represents a hypoth-
esis of the recognizer. Its weight is the negative log probability of that hypothesis. In this

161



APPENDIX A. FINITE STATE AUTOMATA OVERVIEW

context, the shortest path algorithm in the Tropical semiring is often used to obtain the most
likely word sequence from a network.

Weighted finite state transducers are used to represent the index in a spoken term detec-
tion system in Chapter 6. In this case the input alphabet are the words/sub-words and the
output alphabet are the time/utterance id information. The weights in this case represent the
expected count of that word/sub-word in the lattice/confusion-network. We also use WEF-
STs in Chapter 3 to represent compactly all possible segmentations of a word. We use the
resulting transducer to do efficient sampling using operations such as shortest distance in
the Log semiring to compute forward/backward probabilities; and randgen to sample a path
through the network according to the distribution of the different segmentations encoded in
the weights.

By convention, € is a special symbol which consumes no symbol and matches all
symbols in the input and output alphabets. Typically the silence (SIL) and hesitation
($HESITATION) symbols in the lattice/confusion-networks are converted to e arcs, so
that they can be ignored when composing with other automata. For example: when
searching for a phrase “president $HESITATION SIL fujimori" converting the
$HESITATION and SIL symbols to epsilon allows the search algorithm to match

“president fujimori”.
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Creating NER Dataset: Annotation

Guidelines

The following directions were provided to Turkers:

An entity is a object in the world like a place or person. A named entity is a phrase
that uniquely refers to an object by its proper name (Hillary Clinton), acronym (IBM) or
abbreviation (Minn.). Here are some more examples of named entities for each of the types
we are interested in. Note that there is no capitalization in the sentences.

e Person: first, middle, and last names of people, animals and fictional characters.

Person examples: barack obama; palins; john; terry lewis;
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Organization: companies, brands, political movements, government bodies (coun-
cils, courts, ministries), musical companies, public organizations (schools, universi-

ties, charities), other collections of people (sport clubs, associations, etc.)

Organization examples: c.n.n., the white house, congress., valujet; the washington

post; oxford university (when considered in context as an organization);

Place: roads, regions (towns, cities, countries, etc.), natural locations (mountains,
valleys, national parks, etc.), public places (squares, museums, airports, stations, hos-
pitals, parks, universities, etc.), commercial places (pubs, restaurants, hotels, etc.),

assorted buildings (houses, halls, rooms, castles), abstract places (‘“the free world”)

Place examples: baltimore, md; washington; dade county, florida; mt. everest;

hoover dam; u.s.; oxford university (when considered in context as a location);

When tagging named entities remember to:

If you find two consecutive entities of the same type (two people mentioned con-
secutively,) indicate the new person by selecting the This entity is distinct from the

preceding entity</strong> checkbox.

Pronouns (me, I, we, they) should not be tagged.

You do not have to tag words like “British”, which is a nationality.

Tag words according to their meaning in the context of the sentence.

Only tag names, i.e. words that directly and uniquely refer to entities.
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e Only tag names of the types Person, Organization, and Place.

e You can check the ??? box to indicate something you consider to be ambiguous or

that you are uncertain about.
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