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ABSTRACT

INDEXATION, RETRIEVAL & DECISION TECHNIQUES
FOR SPOKEN TERM DETECTION

Speech Retrieval (SR) systems aim to provide access to large multimedia archives
that include a vast amount of spoken media like lecture videos, podcasts, news clips
and audio books. To that end, SR integrates two well studied fields: Automatic Speech
Recognition (ASR) and Information Retrieval (IR). In an ideal setup where ASR tran-
scripts are on a par with manual transcripts, SR is nothing more than classical text
retrieval applied on ASR output. However, ASR technology is far from that point when
it comes to heterogeneous stacks of unconstrained, unorganized audio recorded in un-
controlled environments. Considering the domain of interest to the end-user — think of
databases like “YouTube” —, it becomes immediately obvious that relying entirely on

ASR transcripts is a not an option for SR.

To minimize the effect of recognition errors, most SR systems are built upon
ASR lattices where the oracle word error rates are much lower. In these systems, it
is possible to retrieve overlapping hits for different queries since the index takes many
alternative transcriptions into consideration for each spoken segment in the database.
As a result, it becomes possible to retrieve matches that are omitted in the best hy-
potheses. However, this approach alone does not meet the open-vocabulary search
objective held by most SR systems since after all we are limited to ASR vocabulary
during retrieval. Utilizing sub-word (phone, graphone, morpheme) transcripts, or sub-
word lattices for that matter, projects the word-level index/search/decide problem to
a finer grained space where sub-word strings are now the object of search. In this sub-
word universe, retrieval is partly freed from the chains of system vocabulary and we
can retrieve out-of-vocabulary (OOV) query terms simply by searching the sub-word

level ASR outputs.
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Lattice indexing and sub-word methods improve recall but they also stress the
ranking/decision process by matching segments irrelevant to the query. As the decision
threshold is lowered to retrieve more, a large number of false alarms come into play as a
combined effect of lattices and sub-words. For that matter, it is increasingly important
to develop effective decision strategies which provide better discrimination between

actual hits and false alarms.

Spoken Term Detection (STD) is a relatively new SR task which aims to locate
exact matches to a given query term — a sequence of words in text form — in a large
spoken database. In this thesis, we look for high-performing, low cost, efficient and
reliable solutions to the various challenges of the STD task. Our methods include novel
techniques for indexing ASR lattices, retrieving OOV words and ranking/thresholding

candidate results in a general, efficient and mathematically sound retrieval framework.
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OZET

KONUSULAN TERIMLERI SAPTAMAK ICIN DIZINLEME,
GERI GETIRIM VE KARAR TEKNIKLERI

Konugma geri getirim sistemleri, otomatik konusma tanima ve bilgi geri getirim
teknolojilerini bir araya getirerek konugma igerigi zengin ¢okluortam (ders videolar:,
haber klipleri, sesli kitaplar, vb.) argivlerine erigim saglamay1 hedefler. Otomatik
konusma tanmima vasitasiyla elde edilen metinler aslina sadik oldugunda, konugsma geri
getirimi bu metinler tizerinde klasik geri getirim tekniklerinin uygulanmasindan ibaret-
tir. Ancak giinlimiiziin otomatik konugma tanima teknolojisi ig dagarcik sinir1 olmayan,
diizensiz, karma ses kayitlarini yazilandirmaya geldiginde yiiksek kalitede ¢ikti iiret-
mekten oldukg¢a uzaktir. Son kullanicinin ilgi alanlar1 géz 6niine alindiginda - 6rnegin
“YouTube” argivi - sadece otomatik metinleri kullanarak makul diizeyde konugsma geri

getirimi saglamak pek de miimkiin goériinmemektedir.

Pek cok konugma geri getirim sistemi, konusma tanima hatalarinin etkisini azalt-
mak amaciyla tanima oriilerinden faydalanir. Dizinleme esnasinda veritabanindaki her
sozce i¢in pek ¢ok alternatif s6z dizisi dikkate alinir. Bu sayede, en iyi hipotezlerin
digarida biraktigr kimi soz dizilerini geri getirmek miimkiin olmaktadir. Ancak, tanima
oriileri de sistem dagarcigi ile sinirli oldugundan, bu yontem sisteme agik dagarciklh
sorgulama yapabilme Ozelligini kazandirmaz. Ses, hece, morfem gibi kelime alt1 bir-
imlerden olugan tanima oriilerinin kullanimi, dizinleme, arama ve karar problemlerinin
daha yiiksek ¢oziliniirliikteki bir diizleme taginmasini saglar. Bu diizlemde, dizinleme ve
sorgulama islemleri kelime alt1 s6z dizileri vasitasiyla yapilir. Bu sayede, geri getirim
kismen de olsa sistem dagarciginin kisitlarindan kurtulur ve dagarcik disi kelimeleri

arayabilmenin yolu agilmig olur.

Orii dizinleme ve kelime alt1 yontemler geri getirilen sonug miktarini ciddi oranda
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arttirirken, sezim stirecini 6nemli 6l¢iide zorlagtirmaktadir. Kabul egigi daha fazla sonug
elde etmek adina diisiiriildiikce, oriilerin ve kelime alt1 birimlerin ortaklasa sonucu olan
biiyiik miktardaki hatali sonug esigi gecerek son kullaniciya ulagir. Bu nedenle, oriilerin
ve kelime alt1 birimlerin kullanildig1 sistemlerde, dogru ve hatali sonuclar arasinda iyi

ayrim yapabilen yontemler ¢ok daha onemli hale gelir.

Konugulan terimlerin saptanmasi biiyiik bir veritabani igerisinde sorgu terimiyle
birebir ortiigen kisimlari bulmayi hedefler. Sorgu terimi, tipki arama motorlarinda
oldugu gibi metin formundaki bir sozciik dizisidir. Bu ¢aligmada, konugulan terim-
lerin saptanmasi dahilinde kargimiza g¢ikan problemlere yiiksek performansl, diigiik
maliyetli ve giivenilir ¢oziimler getirmeyi amagliyoruz. Gelistirdigimiz yontemler genel,
verimli ve matematiksel agidan ayaklar: yere basan bir geri getirim platformu dahilinde
otomatik konugma tanima Oriilerinin dizinlenmesi, dagarcik dis1 kelimelerin geri getir-

imi ve aday sonugclarin egiklenmesi i¢in ¢ozlimler sunmaktadir.
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1. INTRODUCTION

The ever-increasing availability of vast multimedia archives calls for solutions
to efficiently index and search this data. To this end, speech retrieval (SR) is a key
technology which integrates automatic speech recognition (ASR) and information re-
trieval (IR) to provide large scale access to spoken content. In an ideal setup, the
ASR component converts speech to text and text retrieval methods are applied on the
recognition output. Unfortunately, state-of-the-art ASR systems are far from being
reliable when it comes to transcribing unconstrained speech audio recorded in uncon-
trolled environments. Considering the heterogeneous nature of large spoken databases,

it is no surprise SR research is centered around retrieval schemes which compensate

ASR deficiencies.

Most SR applications are designed to imitate real-world problems where the end-
user would like to perform open-vocabulary search over a large collection of spoken
documents in a matter of seconds. Therefore, in these applications, speech corpora
must be indexed prior to search without the advance knowledge of query terms. This
is a challenging task. In text retrieval, the corpus is unambiguous in the sense that
whether a particular word occupies a particular position in a document is known. In
SR, on the other hand, the corpus to be indexed is the output of the ASR component,
thus it is inherently ambiguous. Unlike text indexers, speech indexers have to deal
with the fact that any query word may occur anywhere in a given corpus of spoken

documents.

Lattices are graph structures that store weighted hypotheses in a compact form.
Indexing ASR lattices, instead of the best ASR hypothesis, is a widely used SR method
which partly compensates for the negative effects of recognition errors. In this method,
spoken documents are divided into short segments called utterances. For each utterance
an ASR lattice, representing ASR hypotheses, is generated. Then a probability is
assigned to whether a word occupies a particular position in an utterance given the

ASR lattice produced for that segment. The indexer uses these probabilities to create



soft (probabilistic) entries that are stored in an inverted index. During search, soft
entries allow multiple words to occupy the same position and provide significant gains

in the retrieval of in-vocabulary (IV) query words (words from the ASR vocabulary).

Since ASR lattices carry a large amount of connectivity information, most re-
searchers argue them to be redundant for SR applications. A common SR approach
is to use simpler structures, like confusion networks and position specific posterior lat-
tices, that approximate raw lattices at the cost of decreased detection accuracy. These
structures project the complex network of connections in the original lattice to a strictly

linear representation that naturally lends itself to off-the-shelf text indexers.

Exact inversion of ASR lattices into an index is a understudied SR approach
even though it promises higher detection accuracy since the index stores the exact
connectivity information found in lattices. Most SR researchers favor approximate
representations since inverted indexes derived from them are much smaller, and of
course since they play well with the existing text retrieval technology. In tasks like
spoken document retrieval (SDR), where both the query and the documents contain
a large amount of redundancy for retrieval, it is hard to argue against the value of

approximate structures.

In other tasks, however, keeping the connectivity information may play a cru-
cial role. Spoken utterance retrieval and spoken term detection are two such tasks that
aim to find respectively the utterances and the time intervals in those utterances which
contain the exact sequence of words given as the query. In these tasks, approximate
approaches carry the potential risk of degrading detection performance since they dis-
card actual connectivity information and replace it with connections that potentially

do not exist in the original lattices.

Open vocabulary search is a demanding criterion that complicates the SR problem
altogether. Since the query terms may well be beyond the coverage of ASR vocabulary,
word level methods are usually of no remedy. Sub-word (phone, morpheme, etc.)

indexing, another well-studied SR method, tackles the recognition errors at the sub-



word level. In this approach, the indexer uses sub-word level transcriptions to create
sub-word level entries that are then compiled into an inverted index. The retrieval
is performed by converting the query to its sub-word representation and searching
the index for matching sequences. The major offering of this method is a means for
the retrieval of out-of-vocabulary (OOV) query words which do not occur is ASR
hypotheses. In most SR systems, sub-word indexing is generally combined with lattice

indexing to get even better results.

While sub-word indexing provides a method to retrieve OOV query words given a
sub-word level representation for the query, it does not answer how to obtain these rep-
resentations. Most SR systems tackle this problem at the retrieval stage by employing
pronunciation models. However, it is not an easy task to generate proper pronunci-
ations for words that haven’t been seen before. For that reason, most SR systems
utilize inexact matching methods to handle the discrepancies between the actual and

hypothesized pronunciations.

As with any IR application, keeping a balance between recall and precision is
essential in SR tasks. All above mentioned methods have the common goal of increasing
recall rates in SR applications. For that purpose, they relax the conditions under
which a trial is accepted as a match to the query. In this relaxed setup, higher recall
rates usually translate into lower precision figures which call for effective methods to
discriminate actual hits from false positives. On that account, ranking retrieval results
with respect to a relevance criterion and filtering out potential false positives constitutes

an indispensable ingredient of any SR system.

This work concentrates on a specific SR application known as spoken term de-
tection (STD). STD is similar to the spoken utterance retrieval (SUR) task in that it
aims to locate exact matches to a given query term — a sequence of words in text form.
Unlike SUR, which aims to locate the utterances containing the query, STD task looks

for exact locations in these utterances.

In the following chapters, we present novel indexation, retrieval and detection



methods for the STD task. Chapter 2 gives an overview of related ASR and IR con-
cepts, and introduces the STD task. Then in Chapter 3, we detail the corpora and
ASR systems used in this work. The main contributions of this work are presented
in Chapters 4, 5 and 6. In Chapter 4, we develop a general lattice indexation /search
framework for SR applications with STD task in mind. We show that proposed ar-
chitecture is a search-time optimal solution to the problem of inverting ASR lattices
for the STD task. Then in Chapter 5, we consider the problem of retrieving out-of-
vocabulary STD queries without reliable pronunciations at hand. We develop a new
retrieval strategy which incorporates weighted pronunciation hypotheses. Chapter 6
considers the thresholding problem in STD and develops a query adaptive detection
technique which exploits relevance score distributions to estimate optimal term specific

thresholds. Finally in Chapter 7, we give our conclusions and discuss future directions.

The main contributions of this thesis are:

(i) the development of an efficient, versatile and mathematically sound STD frame-
work,
(ii) a query expansion technique which leverages the versatile search mechanism of
our STD framework to retrieve out-of-vocabulary query terms,
(iii) a detection technique to classify the putative term occurrences retrieved from the

index considering the occurrence score statistics.



2. BACKGROUND

Speech Retrieval (SR) systems aim to provide access to large multimedia archives
that include a great amount of spoken media like lecture videos, podcasts, news clips
and audio books. To that end, SR integrates two well studied fields: ASR and IR. In an
ideal setup where ASR transcripts are on a par with manual transcripts, SR is nothing
more than classical text retrieval applied on ASR output. However, ASR technology
is far from that point when it comes to heterogeneous stacks of unconstrained, unor-
ganized audio recorded in uncontrolled environments. Even moderately constrained
recordings can easily give word error rates in the 30-50 per cent range with state-of-
the-art LVCSR engines. Considering the domain of interest to the end-user — think of
databases like “YouTube” —, it becomes immediately obvious that relying entirely on

ASR transcripts is a not an option for SR.

To minimize the effect of recognition errors, most SR systems are built upon ASR
lattices where the oracle word error rates are much lower. In these systems, it is possible
to retrieve overlapping hits for different queries since the index takes many alternative
transcriptions into consideration for each spoken segment in the database. As a result,
it becomes possible to retrieve matches that are omitted in the transcripts of best
hypotheses. However, this approach alone does not meet the open-vocabulary search
objective held by most SR systems since after all we are limited to ASR vocabulary
during retrieval. Utilizing sub-word (phone, graphone, morpheme) transcripts, or sub-
word lattices for that matter, projects the word-level index/search/decide problem to
a finer grained plane where sub-word strings are now the object of search. In this
sub-word universe, retrieval is partly freed from the chains of ASR vocabulary and we
have a means of retrieving OOV query terms by searching the sub-word strings in the

ASR outputs.

Lattice indexing and sub-word methods improve recall but they also stress the
ranking/decision process by matching segments irrelevant to the query. As the decision

threshold is lowered to retrieve more, a large number of false alarms come into play as a



combined effect of lattices and sub-words. For that matter, it is increasingly important
to develop effective detection strategies which provide better discrimination between

actual hits and false alarms.

In this thesis, we look for high-performing, low cost, efficient and reliable methods
to develop a viable solution to the SR problem known as spoken term detection (STD).
Our methods include techniques for indexing ASR lattices, retrieving OOV words and

ranking/thresholding candidate results in a general, extendible, efficient framework.

In this chapter, we review relevant concepts from ASR and IR fields, and present
a survey on how these two fields are brought together by SR researchers. Then we
introduce the STD task along with the evaluation methods used in assessment of STD

system performance.

2.1. Automatic Speech Recognition

Automatic speech recognition aims to map acoustic speech signals to sequences
of words. Current ASR systems are able to handle many constrained tasks like voice
dialing, medical dictation and simple human-machine interaction applications such as
voiced control interfaces employed smart home projects. When the tasks get more
involved by relaxing vocabulary, speaker and environment constraints, the reliability

of ASR outputs degrades in accordance.

Speech recognition problem can be discussed in many dimensions such as vocab-
ulary size, continuity and speaker dependency. Large vocabulary continuous speech
recognition (LVCSR) is a major field, where large vocabulary implies a vocabulary
larger than 5000 words and continuous stands for no pause between words (unlike iso-
lated word recognition, where each word is followed by a pause). Speaker dependent
systems are optimized to recognize speech from a particular speaker whereas speaker
independent ones are aimed at recognizing speech from any speaker. Similarly gender-

and age-dependent models improve performance by limiting acoustic variability.



In the following, we give a mathematical description of statistical speech recog-
nition approach, introduce ASR concepts relevant to SR, and outline common ASR

techniques to improve SR performance.

2.1.1. Statistical Formulation of Automatic Speech Recognition

Statistical ASR systems aim to find the most likely unit (word or sub-word)
sequence given an acoustic input signal (See [1,2] for an introduction to ASR). The
acoustic signal is processed by the ASR front-end and converted into a sequence of
acoustic feature vectors A. Given A and the ASR vocabulary V, the ASR system
looks for the unit sequence 1% among all unit sequences V*, satisfying

~

V = argmax P(V|A) = argmax P(A|V)P(V)
Vevs %
where P(V) and P(V|A) are respectively the prior and the posterior probabilities
(given acoustics A) of the unit sequence V, and P(A|V) is the likelihood of observing
the acoustic sequence A when the underlying unit sequence is V. These probabilities
are computed using parametric models whose parameters are estimated from text and
manually transcribed audio corpora. Actual recognition is performed by a decoder

which conducts search over the space defined by the parametric models.

It should be noted that both A and V' are variable length sequences:

A= [a,...,a] €R¥,

V= [v,...,0om €V,

where ¢, d, m € N, are respectively acoustic sequence length, acoustic feature dimen-
sion and unit sequence length. Therefore, ASR models should account for any pair of
sequences (A, V). Furthermore, the decoder should perform the search over all possible

unit sequences.

The major components of an ASR system can be summarized as follows:



Front-end converts acoustic signal into A.

Acoustic model gives an estimate of P(A|V).

Language model gives an estimate of P(V).

Decoder finds V given the models and the acoustics.

This thesis is about post-ASR STD methods which use ASR outputs but do not
specifically try to improve ASR performance. We are not concerned with how the
front-end signal processing is performed, acoustic and language models are trained,
and ASR outputs are produced. Therefore, in this section we will only talk about ASR
lattices, sub-word language models and other relevant concepts which are utilized in

our STD setup.

2.1.2. ASR Lattices

An ASR decoder searches through the network of all possible word sequences
determined by the language model and looks for the paths that best match the acoustics
given the acoustic model. An ASR transcript is the single best path in this network for
the acoustic sequence at hand. It is possible to gather a collection of best performing
paths for an acoustic sequence and represent them in compact form known as a lattice.
Simply put, an ASR lattice represents weighted recognition hypotheses (including the
best one) for an acoustic sequence. Figure 2.1 gives an example ASR lattice represented
by a Weighted Finite-State Acceptor (WFSA). In this example lattice, arcs carry (word
label / score) pairs, and each utterance hypothesis is a path from the initial state “0”
to the final state “4”. A (hypothesis / score) pair is obtained by concatenating the arc
labels, and multiplying the arc scores and the final score on a path. Best hypothesis

pair is (iyi gUnler / 0.730 x 0.975 x 1).

Compared to the single best path, a lattice better represents the acoustic sequence
since it basically is an approximate probability distribution over likely strings. As an
example, let’s assume that we have two utterances wuy, us, and that we obtained two
acoustic sequences Ay, Ay, two lattices Ly, L, and two transcripts (best paths) ‘71, Vs

for these utterances using an ASR system. For the moment, assume that we do not



m|/0 024

iyi/0.730

bugU n/0. 082
eGitim/0.068

mUmkUn/0.016

Figure 2.1. An example lattice

have reference transcripts at hand. If we would like to measure how similar the two
utterances are — both acoustic and language similarity —, we have many options like

checking

e the similarity of actual acoustic sequences A; and A, i.e. dynamic time warping
based methods,

e the similarity between V; and ‘72, i.e. minimum edit distance,

e or the similarity between L; and Lo, i.e. minimum edit distance in expected sense

or Kullback-Leibler distance.

Among these, lattice methods are the most robust since they account for the acoustic
and language variability between the two utterances. If we were to have the reference
transcripts Ry, Ry as well, we could have done other things like measuring the similar-
ities between reference transcripts and utterances. Actually, this is the very problem
we face in speech retrieval. Given a query term, go find the utterances most similar to

it. Similar to above discussion, we can check

e the similarity between R; and V}, =12,
e or the similarity between R; and L;, j =1, 2.

Since lattices are better representatives than single best paths, in the second strategy
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we have a higher chance of finding a match to the queries, reference transcripts in this

case.
2.1.3. Confusion Networks

Confusion networks (CNs) or sausages |3] are approximate lattice representations
with a strictly linear structure. They are strings of confusion sets where each set
comprises of aligned word (or sub-word) hypotheses. They are usually derived from
lattices by clustering arcs with similar timing to form a confusion set. We should
note that arcs in confusion networks usually carry posterior probabilities derived from
confusion sets whereas lattice arcs usually carry likelihood scores. Figure 2.2 gives an

example confusion network derived from the lattice in Figure 2.1.

nedenle/0.035

iyi/0.736

e bir/0.046 a gUnler/0.718 I '
W bugUn/0.082 ,
w €Gitim/0.068

gUn/0.060

Figure 2.2. An example confusion network

In this example confusion network, utterance hypotheses are given by the paths
from the initial state to the final state. Every such path includes only one arc from each
confusion set. Best (hypothesis / score) pair is found by selecting the best performing
arc in each set, in this case (iyi gUnler / 0.736 x 0.718 x 1). Note that the best
hypothesis is the same as the one obtained from the original lattice, however we have a
different score this time. Not only that, but also the best hypothesis could have been
different from what is obtained from the lattice. Best path in a confusion network is
the one which minimizes the word error rate whereas best path in a lattice is the one

that minimizes the sentence error rate.
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One further discrepancy is that confusion networks are not equivalent to original
lattices in the sense that they have extra paths that are not there in the original lattices
and lack some of the paths that are in the original lattices. For instance, the original
lattice in Figure 2.1 has no counterpart of the confusion network path (bir eGitim
/ 0.046 x 0.068) in Figure 2.2. This fact may be an advantage or a disadvantage
depending on the application, i.e. lower word error rate in ASR, higher recall and false

alarm rates in SR.

2.1.4. Automatic Speech Recognition Evaluation

The standard evaluation metric for speech recognition accuracy is called Word
Error Rate (WER). It is computed using the formula:
Insertions + Substitutions + Deletions

WER = 100 - (2.1)

Number of words in reference

where the nominator represents the word-level minimum edit distance between the
hypothesis and reference transcriptions. Oracle WER is defined for lattices and it
stands for the WER of the hypothesis closest to the reference in the minimum edit

distance sense.

2.1.5. Sub-word Language Modeling for Speech Retrieval

Let § and &* denote the vocabulary and the target language of an SR system
respectively. Note that S* is not necessarily limited to the coverage of the ASR language
V* and in general ASR language (the set of phrases that can be output by ASR) is a
subset of the SR language (the set of queries). Since ASR systems can not recognize
S € §*\ V*, the unit sequences that lie outside the ASR language V*, these sequences
can not be retrieved without transducing the ASR outputs and the query terms to
another language P*, i.e. phonetic sequences, where the transduced sequences can be
matched. Word based ASR systems typically necessitate this approach since many
query words tend to be out of ASR vocabulary. Even after transduction, certain query

terms may still lie outside the coverage of ASR language.
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Turkish SR is a very good example of the above situation since the set of possible
queries comprise a much larger set compared to any word based language defined by
an LVCSR vocabulary. Of course the main implication of this fact is that Turkish
ASR will be poor when the recognition units are words since it is possible to obtain
an unlimited set of valid Turkish words by adding consecutive suffixes to a single root.

An example word is shown below:

el + im + de + ki + ler + den : elimdekilerden

This word comprises of a root and 5 suffixes, and means “(one) of those in my hand”.

In this context, sub-word based ASR promises better SR performance by availing
the possibility of covering more query terms with or without further transduction. For
agglutinative languages, like Turkish and Korean, sub-word language models are the
primary practice in ASR whether or not SR is in the picture. In other languages,
like English, where medium sized ASR vocabularies can cover most of the language,
sub-word language models are still preferable in SR applications since OOV words, like

named entities and foreign words, comprise a significant portion of the SR queries.

Some sub-word units commonly utilized in ASR are listed below:

(i) Linguistic Units
e Phones are the smallest identifiable units found in a stream of speech.
e Syllables are sound units composed of a vowel (at the center) and consonants
around it.
e Morphemes are grammatical sub-units (stem, prefix and suffix) of a word
(ii) Non-linguistic Units
e Morphs are letter groups. They are typically derived from large text corpora
by specifying a vocabulary size and employing the Minimum Description
Length (MDL) principle.

e Particles are syllable-like data-driven units determined by maximizing the
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leaving-one-out likelihood of a particle based bigram language model [4].

Most SR systems utilize morphs and particles since they are data-driven, language
independent forms. Phonetic decoding, on the other hand, constitutes another well

studied SR practice in which optimizing the retrieval performance is aimed directly at

the ASR stage.

2.2. Information Retrieval

Information Retrieval (IR) aims to provide access to documents relevant to a user
query. Traditionally, information retrieval is performed on text data. Recent increase
in the amount of online multimedia documents initiates research for efficient indexing
and search of these data as well. In this section we review text retrieval concepts and

methods.

The main component of any IR system is an inverted index. Index is a compact
structure which stores all the relevant information about a collection of documents.
We may think of documents as a mapping from document IDs to the words enclosed
by each of them. Logically index provides an inverse mapping between words and
documents. Consider the “Google” index or the index of a textbook as an example.
Index entries provide the location information of a selected subset of strings contained
in the database. In the case of a search engine the database is that of web pages
and in the case of a textbook it is the book itself. Looking at the textbook index or
querying the search engine, we can learn the pages or web pages that includes the term
we are looking for. This frees us from going all over the book or a directory of web
pages to find relevant materials. Since the search is done over the index, instead of the

document collection, search time is less dependent on the size of the collection.

Index construction method depends on the retrieval model we use. In the case of
a Boolean Model, search engine returns documents that match the query term exactly,
hence the index needs to store all connectivity information present in the documents,

i.e. documents are treated as strings of words. On the other hand, with the well known
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Vector Space Model (VSM), search engine returns documents relevant to a query term
even if there is only a partial match to the query. Most text search engines follow
a vector space model to find documents similar to the query and rank their results
according to an estimated relevance score [5,6]. Under the VSM model, the index
does not need to store all of the connectivity information present in the documents,
i.e. documents are treated as bags of words. Statistical Language Modeling is another
retrieval model with partial matching. In this case, a language model is built for each
document in the collection and the document relevance score and ranking is given by
the probability of producing the query at hand using the language model in question [7].
Ad hoc retrieval is a common type of text retrieval. In this scheme, indexed documents

remain relatively unchanged while the users submit various queries to the system.

Apart from retrieval models, many additional techniques are used for increasing
the IR efficiency. Query expansion is the technique of augmenting a query with words
or phrases similar to the query in meaning or lexical form, i.e. synonyms, morphological
variants. Document expansion is more or less doing the same thing as query expansion
on the documents to be indexed. Query and document expansion techniques are widely
used to enrich the query and document content so that a previously unnoticed relevance
can be inferred. These techniques aim to reduce the mismatch between the queries and

the documents in the collection.

Stemming is another widely used method which relies on the fact that relevance
information is largely contained in word stems. Stemming is even more important in
the case of inflectional languages since a common stem may generate a plethora of
inflectional word forms most of which are related to the same concept. Indexing stems
and searching the stems of query words on this index usually gives a significant increase
in the quality and quantity of search results. Indexing the first few characters of each
word is a very simple stemming technique which was shown to provide significant

improvement in retrieval results [8].

Reducing the dimensionality of the VSM term document matrix leads to a group-

ing of related terms and is a good method of reducing the query-document mismatch.
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Latent semantic indexing is a popular dimensionality reduction technique which uses
singular value decomposition to find best low rank approximation to the original term
document matrix in the Frobenius norm sense. This reduction projects the terms to
another space where semantically similar terms are clustered. It is possible to use other
dimensionality reduction methods, such as nonnegative matrix factorization, to achieve

the same goal [9].

Using stop lists is another widely used technique which excludes common words
from indexing and retrieval. Since these words usually lack discriminating information,
their exclusion both reduces the index size [10] and improves the ranking of results.
Index of a textbook is a classical example where common words are removed to save

space and ease visual search without disrupting the index quality.

2.2.1. Evaluation of IR Systems

2.2.1.1. Precision-Recall (PR) Curves. Precision and recall are the most popular IR

evaluation metrics. Given a set of queries Q, £ =1,..., Ng, let

R(Qy) be the number of segments in the collection that are related to the query Qy,
A(Qy) be the total number of retrieved segments and

C(Qy) be the number of correctly retrieved segments.

Then,
g 1 &2 C(Qw) 1 2C(Qw)
P = — Recall = — . .
recision Ng lzzl Q) eca Ng ];1 Ry (2.2)

There is always a trade-off between precision and recall figures of an IR system.
Recall is usually low at the high precision region (best scoring segments) since many
relevant but low scored segments might be missed. Likewise, precision is low at the
high recall region since many irrelevant segments are included. Typically, the relation

between precision and recall of an IR system is analyzed over precision-recall curves
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which depict this trade-off.

2.2.1.2. Term Weighted Value. A novel metric to evaluate STD systems is the “Term
Weighted Value (TWV)" which is defined in NIST STD 2006 Evaluation Plan [11] as:

TWV(O) = 1 — ]\1@ ﬁ{PMiSS(Qk, 0) + B.Pea(Qn, 0)} (2.3)

where 6 is the detection threshold and 3 is a user defined parameter to adjust the

trade-off between miss and false alarm costs. Py and Pra are calculated as:

C(Qr,0)

R(Qk) ’

_ AQu9) — C(Qw.9)
Pra(Qx, 0) = Tspeech — C(Qr, 0)

PMiss(Qka 0) =1- (24)
where Tgpeech is the total amount of speech. TWYV is calculated for all possible 6 values
and the maximum is called the Maximum Term Weighted Value (MTWYV). When
the system utilizes term specific thresholds, Actual Term Weighted Value (ATWV)

attained by the system is calculated as:

Ng

ATWV =1 — ]\2 Z{PMiss(le 0(Qr)) + B.Pra(Qr, 0(Qr)) }- (2.5)

2.3. Integration of ASR and IR: Speech Retrieval

Text information retrieval is a well studied problem. It is the primary concern
of current web search technology. Speech Retrieval (SR), on the other hand, is an
emerging technology that has come into the spotlight with the increase of multimedia
documents available on the world wide web. Spoken Document Retrieval, Spoken Term
Detection and Spoken Utterance Retrieval are different SR applications which all aim

to provide access to large spoken archives.



17

2.3.1. Spoken Document Retrieval

Spoken Document Retrieval (SDR) is the content based retrieval of spoken audio,
which brings the speech recognition and information retrieval research together to
access spoken information. It is the speech counterpart of traditional text retrieval.
The main purpose and challenges of the SDR task differ from STD. For SDR, content
of the document is more important than exact term matching. Unlike STD, SDR is
less affected by OOV words. In SDR, it may be possible to find a relevant document,
even if the query is OOV, using the other query words or clustering. However this is

not possible in STD, unless additional methods are used.

Several research groups developed spoken document retrieval systems for lever-
aging access to voicemail messages, broadcast news, meetings, lecture recordings, etc.
A prime example is BBN Technologies” “Rough’n’Ready" system which facilitates the
retrieval of broadcast news. It is an Hidden Markov Model based IR system which in-
corporates several technologies such as LVCSR, speaker segmentation, name spotting,
topic segmentation and classification [12]. It does not utilize video cues for retrieval;
it is merely based on speech modality. “SpeechFind" [13] is a publicly available SDR
system facilitating search over the National Gallery of the Spoken Word [14]. It makes
use of the standard vector space model incorporating the metadata as well as automatic

transcripts into the retrieval.

2.3.2. Spoken Term Detection

Spoken term detection (STD) is a key information retrieval technology which
aims open vocabulary search over large collections of spoken documents. In the STD
2006 Evaluation Plan [11], NIST defines the STD task as finding all of the occurrences
of each given term — a sequence of words consecutively spoken — in a large collection

of spoken segments. Unlike SDR, it aims exact term matching.

From the IR perspective, STD is an ad-hoc retrieval application: the user submits

a query and the search engine lists the results. Each result includes a segment ID, a
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time interval (start-end time pair), and a decision (relevance) score (typically posterior
probability). STD is intended for monitoring and detection applications where the
topic or context of a result are not major concerns. IR techniques like stemming,
clustering or stop-word elimination usually conflict with the exact match objective of

STD. It is possible to evaluate STD systems with IR evaluation metrics though.

The NIST STD 2006 Evaluation initiated the STD track in three languages:
Arabic, English and Mandarin. The participating systems were evaluated based on
not only detection performance but also indexing and search time, index size and
memory consumption. The SRI/OGI system achieved one of the best scores using a
word-+graphone system [15]. BBN system achieved the maximum accuracy in continu-
ous telephone speech domain using an index built from word lattices and approximate

phonetic transcripts [16].

The major challenge faced by STD is the lack of reliable transcriptions, an issue
that becomes even more pronounced with heterogeneous, multilingual archives. The
classical STD approach consists of converting the speech to word transcripts using
LVCSR tools and extending classical IR techniques to word transcripts. However,
recognition results are erroneous, many reference words are replaced in the output
transcripts by alternatives that are probable, given the acoustic and language models

of the ASR system.

Using alternative ASR hypotheses, in addition to the best one, is a useful ap-
proach to deal with the recognition errors. These alternative hypotheses can be in the
form of lattices or approximate structures like confusion networks [3] and position spe-
cific posterior lattices [17]. In this context, lattice indexing [18-21] provides a means
of reducing the effect of recognition errors by incorporating alternative transcriptions
in a probabilistic framework. It is reported in [22] that, confusion networks perform
better than lattices, in addition to their advantage of having smaller index sizes. A

robustness analysis of lattice indexing methods is given in [23].

A significant drawback of word-based indexing methods is that search on queries
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containing out-of-vocabulary (OOV) terms will not return any result. Considering
the fact that many STD queries consist of rare named entities and foreign words,
retrieval performance is highly dependent on the coverage of ASR vocabulary. It has
been experimentally observed that over 10 per cent of user queries can contain OOV
terms |24], as queries often relate to named entities that typically have a poor coverage
in the ASR vocabulary. Developers of Speechbot [25] report that the percentage of OOV
queries submitted to a real engine is about 13 per cent [26]. In many applications, the
OOV rate may get worse over time unless the recognizer’s vocabulary is periodically

updated.

An approach for solving the OOV issue consists of converting the speech to pho-
netic transcripts and representing the query as a sequence of phones. Such transcripts
can be generated by expanding the word transcripts into phones using the pronuncia-
tion dictionary of the ASR system. Another way is to use sub-word (phone, syllable,
or word-fragment) based language models. The retrieval is based on searching the se-
quence of sub-words representing the query in the sub-word transcripts. During 1990s
NIST TREC Spoken Document Retrieval tracks fostered speech retrieval research as
described in [27]. Popular approaches are: search on sub-word decoding [18,28,29] or
search on the sub-word representation of word decoding enhanced with phone confusion

probabilities and approximate similarity measures for search [30].

OOV issue was also tackled by the IR technique of query expansion. In classical
text IR, query expansion is based on expanding the query by adding additional words
using techniques like relevance feedback, finding synonyms of query terms, finding all of
the various morphological forms of the query terms and fixing spelling errors. Phonetic
query expansion has been used for Chinese spoken document retrieval on syllable-based

transcripts using syllable-syllable confusions from the ASR [31].

To emphasize the effect of OOV queries, OOV percentage is artificially increased
to 50 per cent in [26]. Word-based, phoneme-based and particle-based systems are
compared. Hybrids of word and sub-word systems are shown to demonstrate the best

performance. The effects of query expansion on a hybrid system was evaluated in
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[32]. An OOV query is expanded to in-vocabulary (IV) queries based on acoustic
confusability and language model scores. This method provides an improvement of
one per cent in average precision. Several other studies show the superiority of hybrid
systems. In [19], phone and word cascades are shown to be useful. In [29] the word
and phone indexes are directly combined using time stamps and hybrid queries are

searched on the combined index.

In [33], a two stage method is employed to cut down the search time. First, a set
of relevant documents are retrieved via VSM. Next, the query is located only in this
set of documents. They vary the size of the set with a pruning threshold in VSM stage

and analyze the degrade in detection performance with increasing speed.

2.3.3. Spoken Utterance Retrieval

Spoken Utterance Retrieval (SUR) is similar to STD in many ways. The only
difference between the two tasks is that SUR aims to locate the utterances that are
most similar to a query term while STD aims to locate exact intervals in the database
that match the query term. For SUR, the optimal metric is how many times the query
term is seen in an utterance, thus it picks those utterances which give the highest
expected count of the query term. Expected count is a mere generalization of the
classical term frequency metric used in text retrieval. In STD, expected term counts is
of secondary importance behind the posterior scores of term occurrences. Although it
is possible to use SUR systems to achieve the STD task [34], it is a suboptimal strategy

as we discuss in the coming chapters.
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3. DATA AND SYSTEM ARCHITECTURE

In this study, we present results on four different STD systems, two of them
in Turkish and the rest in English. All these systems integrate IBM’s Attila Speech
Recognition Toolkit [35] and the STD tools we built over the last two years. This
chapter details each system describing the ASR training and STD experimentation
data used in each one. In Section 3.1 we give the architecture common to all STD
systems presented throughout the thesis. Section 3.2 explains the Turkish systems
built here at Bogazici University along with the data we used. Finally in Section 3.3
we give an overview of the English systems utilizing ASR engines built by our associates
at IBM. We should note that we do not have direct access to the data and ASR systems

in English.

3.1. STD Architecture

Our STD system comprise of five operational blocks: ASR, Indexer, Retriever,
Detector and User Interface. Figure 3.1 gives the high-level description of our STD
workflow. The system has two modes of operation: offline and online. In the offline
mode, the ASR engine converts the speech database into recognition lattices and the
Indexer inverts these lattices into an efficient search index. In the online mode, the
User Interface takes the query from the user in text form and sends it to the Retriever
which performs the actual search on the index. The Retriever first processes the user
query to derive the actual search query and then retrieves a ranked list of scored term
occurrences. Depending on the indexing units (words, subwords, phones, etc.) and
the query itself, the search query may be quite different from the user query, i.e. out-
of-vocabulary words replaced with phone strings. The Detector gets the ranked list
of putative query term occurrences and decides which ones will be returned to the
user. Finally the User Interface provides links to relevant segments in the database.
Other than the described architecture, we also have a batch retrieval system used for

evaluating the system.
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Figure 3.1. STD System Architecture

3.2. Turkish STD Systems

3.2.1. Bogazigi University Turkish Broadcast News (BUTBN) Database

Bogazici University Speech Processing Group has been collecting a large database
of Turkish Broadcast News since 2006. Currently, BUTBN database includes 350 hours
of manually transcribed speech data collected from one radio (VoA) and four TV
channels (CNN Tirk, NTV, TRT1, TRT2). Transcriptions follow a common format
adapted from Hub4 BN transcription guidelines and are annotated with topic, speaker
and background information. In this study we used various subsets of the BUTBN
database for building ASR systems and performing STD experiments. Table 3.1 gives
the breakdown of current BUTBN database with respect to Hub4 classes: (f0) clean
speech, (fl) spontaneous speech, (f2) telephone speech, (f3) background music, (f4)

degraded acoustic conditions, and (fx) other.

T1, T2, H and R are mixed data sets that include news programs from all chan-
nels under different acoustic conditions. HI is a rather clean data set which includes

recordings from the TRT2 News for the Hearing Impaired.
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Table 3.1. Breakdown of BUTBN Database (in hours) w.r.t. Hub4 Acoustic Classes

Subset Use 0 f1 2 3 f4 fx Total
T1 Training  65.7 155 83 194 719 3.2 184.0
H Held-out 1.1 0.1 01 0.5 1.3 0.0 3.1
R Retrieval 55.2 9.6 13.7 16.7 65.5 2.6 163.3
T2 Training 37.2 10.2 28 94 39.0 2.0 100.6
HI Retrieval 11.6 0.0 0.0 0.0 0.0 0.0 11.6
All - 122.0 25.2 22.1 36.6 138.7 5.8 3504

3.2.2. Primary Turkish STD System

Primary system utilizes the T1, H and R subsets of BUTBN database for ASR
training, ASR optimization and STD experiments respectively. This system is meant
to mimic a realistic scenario where a large database of spoken documents is indexed
and searched. 163 hours of speech constitutes a fairly large evaluation set for speech

retrieval experiments.

Primary LVCSR engine was built with IBM Attila toolkit using the T1 subset.
It is a word-based system with a vocabulary of 200K words. The language model uses
the manual transcripts of T1 subset and a large text corpus of size 184M words [36].
It is the same as the 200K word-based language model presented in [37]. The LVCSR
system’s WER on the H and R subsets were 25.9 per cent and 29.9 per cent respectively.

In STD experiments on this setup, we use the R-IV query set which was selected
from the reference transcriptions of the R subset. R-IV query terms are confined to
the ASR vocabulary. Table 3.2 gives the decomposition of R-IV query set with respect
to query length.
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Table 3.2. R-IV Query Set Decomposition

Query Length Number

1-word 2312
2-word 1725
3-word 256
4-word 115

Any 4408

3.2.3. Secondary Turkish STD System

Secondary system utilizes the T2 and HI subsets for ASR training and STD
experiments respectively. In this setup, we did not utilize a held-out set for ASR
optimization. This STD setup is fairly small compared to the primary one. It was

built as a test system, not as an actual evaluation system, during the development of

our STD tools.

Secondary LVCSR engine was built with IBM Attila toolkit using the T2 subset.
It is a word-based system with a vocabulary of 50K words. The language model uses
the manual transcripts of T2 subset and a large text corpus of size 184M words [36].
It is the same as the 50K word-based language model presented in [37]. The LVCSR
system’s WER on the HI subset was 18.7 per cent.

STD experiments on this setup uses the HI-IV query set which includes all 10229
words common to the system vocabulary and the reference transcriptions of the HI

subset.
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3.3. English STD Systems

3.3.1. Primary English STD System

This system was built during 2008 CLSP Summer Workshop by the Multilingual
Spoken Term Detection (MSTD) group. I was responsible for the development and
implementation of the STD component while the data collection, LVCSR development
and the query selection were handled by the rest of the group.

In the workshop, our goal was to address out-of-vocabulary (OOV) pronunciation
validation using speech in a variety of applications (recognition, retrieval, synthesis)
for a variety of types of OOVs (names, places, rare/foreign words). To this end, we
selected speech from English broadcast news and 1290 OOV words to be used as queries.
Throughout the thesis, we refer to this query set as MSTD-OOV. The OOVs were
selected with a minimum of five acoustic instances and four phones per word, and
common English words were filtered out to obtain meaningful queries, e.g. NATALIE,
PUTIN, QAEDA, HOLLOWAY. Once selected, these queries were removed from the
recognizer’s vocabulary and all speech utterances containing them were removed from

ASR training.

The LVCSR system was built using the IBM Attila toolkit. Acoustic models were
trained on 300 hours of HUB4 data excluding utterances containing the selected OOV
words. Excluded utterances (around 100 hours) were used as the test set for STD
experiments. The language model for the LVCSR system was trained on 400M words
from various text sources. The LVCSR system’s WER on a standard broadcast news

test set RT04 was 19.4 per cent.
3.3.2. Secondary English STD System
This system was also built during the 2008 CLSP Summer Workshop. It uses

standard data sets from NIST’s 2006 Spoken Term Detection Evaluation [11]. Experi-
ments utilize the three-hour-long Broadcast News subset of STDDEV06 data set and
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the DRYRUNOG6 query set which includes 1100 terms. The LVCSR system is the one
used by IBM during the 2006 NIST STD evaluations [29]. Architectural details of the
IBM research prototype ASR system can be found in [35]. The LVCSR system’s WER
on STDDEV06 data set was 12.7 per cent.
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4. LATTICE INDEXATION/SEARCH FRAMEWORK

This chapter deals with the problem of constructing an inverted index from a
collection of raw ASR lattices. As we motivated in the introduction, indexing ASR
lattices (word or sub-word level) is not a straightforward task. Our work extends
the general weighted automata indexation/search framework developed for the SUR
task [19] to include timing (hence proximity) information inside the index. In Section
4.1 we give the terminology and definitions used throughout the chapter. Section 4.2
recaps the general weighted automata indexation/search framework [19] and proceeds
with how it can used for the STD task. We first outline the two-stage STD approach
of [20] and lay out its shortcomings. Then we present the early approach we took to
solve them along with a critique of how well we did. This solution had been developed
before and during the 2008 CLSP Summer Workshop and was published in [21, 38|.

Section 4.4 presents a new architecture that is search-time optimal for the STD task.
4.1. Preliminaries

In the coming sections, we will be using the algebra of graphs to formulate our
STD framework. More specifically, we will develop an inverted index in weighted
finite state transducer form which operates over the cartesian product of three tropical
semirings under a lexicographic ordering. To that end, we will deal with semirings,
partial and total ordering of sets and weighted finite state automata as mathematical
objects. Since our STD framework is a mere generalization/modification of the factor
automaton and factor transducer concepts, it is also desirable to have an understanding
of those machines before following the mathematical development in Sections 4.2 and
4.4. In the following section, we recap relevant concepts from the graph algebra as well

as those from string and automata theory.
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4.1.1. Semirings

Definition 1 A monoid is a triple (K, ®,1) where ® is a closed associative binary
operator on the set K, and 1 is the identity element for ®, i.e. Va € K, a®1 = 1®a = a.

A monoid is commutative if ® is commutative.

Definition 2 A semiring is a 5-tuple (K, &, ®,0,1) such that
(i) (K,®,0) is a commutative monoid,
(i) (K, ®,1) is a monoid,

(i1i) @ distributes over @: Va,b,c € K,

(@ob)@c = (a®c)®(b®c),

c®(adb) = (c®a)®(cRD).

(iv) 0 is an annihilator for @: Va € K, a®@0=0® a = 0.

Definition 3 A semiring (K, ®,®,0,1) is idempotent if Va € K,a ® a = a.

Lemma 1 If (K, &,®,0,1) is an idempotent semiring, then the relation < defined by

Va,b e K: (a<b) < (a®b=a)

is a partial order over K, called the natural order [39] over K. It is a total order if and

only if the semiring has the path property: Ya,b € K, a®b=a ora®b=0b.

Definition 4 An idempotent semiring (K, ®,®,0,1) is totally-ordered if its natural

order is a total ordering.

Definition 5 Let K = (K, ®,®,0,1) and < respectively be a semiring and a partial-
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ordering on K. < is monotonic with respect to IC if for all a,b,c € K

(a<b)=(a®@c<b®c),

(a<b)=(c®a<c®b).

< 1is negative if and only if 1 <0.

Lemma 2 If (K, ®,®,0,1) be an idempotent semiring, then its natural order is mono-

tonic.

In speech processing, two semirings are of particular importance. The log semiring

is defined as
L = (RU{oo}, Biog, +,00,0)
where for all a,b € RU {oo}
a Prog b= —log(e ™ +e7")
along with the conventions e = 0 and — log(0) = co. L is isomorphic to the familiar
real or probability semiring R = (R,,+, x,0,1) via a log morphism. The tropical
semiring is usually defined as

7 = (Ry U{oo}, min, +, 00, 0)

where the min-convention is used for the tropical addition. Note that 7 is idempotent

and the natural order over 7 is a total order, the usual order of real numbers [39]:

Va,b € Ry U{oc}, (min{a, b} =a) < (a < b).
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Alternatively one can use the max-convention to obtain another idempotent semiring

7' = (Ry U{—o0}, max, +, —00, 0)

over which the natural order is another total order, this time the reverse order of real

numbers.

Definition 6 For two partially-ordered semirings A = (A, @Bp, 4,04, 14) and B =
(B, ®p, ®p, 0p, 1), the product semiring over A x B is defined as

A X B: (A X B7@><7®><76A XG]ByTA XIB)

where for all ay,ay € A, b1,y € B: &y and ®y are component-wise operators

(a1,b1) Bx (az2,b2) = (a1 Ba az, by Bp ba),

(a1,01) ®x (az,b2) = (a1 @4 az, b1 ®p by).

Note that the natural order over A x B, given by

((a1,b1) <« (az,b2)) < (a1 Ba az = a1,by Ep by = by),

defines a partial order, known as product order, even if A and B are totally-ordered.

Definition 7 For two partially-ordered semirings A = (A, Ba, 4,04, 14) and B =
(B, ®p, g, 0p, 1), the lexicographic semiring over A x B is defined as

A*B: (A X B7@*7®*a6A XGIB%TA XT]B)



where for all ay,ay € A, b1,by € B: &, is a lexicographic priority operator

(a1,b1 ®p b)) a; = ag
(a1,b1) By (ag,b2) = (a1, by) a; = a; Oy as # as

(ag, b) ay # ay Sp ag = as

and ®, 1s a component-wise multiplication operator

(a1,b1) ®y (ag, b2) = (a1 ®4 az,b; ®p by).

Unlike A x B, the natural order over A x B, given by

(a1 = a1 Dp ag # a)
((al,bl) <, (ag,bQ)) <~ or )

(CLl = a2 and bl = bl Dp bg)
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defines a total order, known as the lexicographic order, when A and B are totally-

ordered.

More generally, one can define the product and lexicographic orders (or semirings)

on the Cartesian product of n ordered sets. Suppose {A1, Ay, -+, A, } is an n-tuple of

sets, with respective strict total orderings { <1, <s,---,<,}. The product order <, of

{ADAQa"' 7An} :

(al,ag,...,an) <x (bl,bg,...,bn) <~ (ai <zbz> Vi<m.

Similarly, the lexicographic order <, of {A, Ay, -+ A} :

(al,aQ, R ,Cln) <x (bl,bg, e ,bn>

<~ dm>0,Vi<m (a;="0b) A (am <m bm).
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That is, for one of the terms a,, <,, b, and all the preceding terms are equal.

We should also note that product (or lexicographic) semiring on {Ay, Ay, -+ A, }

can be recursively defined using the associativity of x (or %) operator:

Ap X Ay XX A= (- (Ay X Ag) -+ ) X An).

4.1.2. Weighted Finite-State Automata

A finite-state transducer [40] is a finite automaton whose state transitions (arcs)
are labeled with both input and output symbols. Therefore, a path through the trans-
ducer encodes a mapping from an input symbol sequence to an output symbol sequence.
A weighted finite-state transducer puts weights on arcs in addition to the input and
output symbols. Weights may encode probabilities, durations, penalties, or any other
quantity that accumulates along paths to compute the overall weight of mapping an

input sequence to an output sequence.

Definition 8 A weighted finite-state transducer T over a semiring K is an 8-tuple
T = (X,A,Q,1,F,E,\ p) where: ¥ is the finite input alphabet of the transducer; A
is the finite output alphabet; Q) is a finite set of states; I C Q) the set of initial states;
F C @ the set of final states; E C Q x (XU {e}) x (AU{e}) x K x Q a finite set of
arcs; A : I — K the initial weight function; and p : F — K the final weight function
mapping F to K.

A weighted finite-state acceptor A = (X,Q, 1, F,E, )\, p) is defined in a similar
way by simply omitting the output labels. The size of an automaton! M is defined as

|M[ =1Q[ +[E]

In finite automata literature, the terms automaton and acceptor are often used interchangeably.
Throughout this thesis, we use the term automaton when we do not differentiate between a transducer
and an acceptor.
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Given an arc e € F/, we denote by:

ile]  its input label,

ole]  its output label,

wle]  its weight,

ple]  its origin or previous state,

nle]  its destination state or next state.

A path m = ey --- ¢, is an element of E* with consecutive arcs satisfying:

nle,_1] =pled], i=2,... k.

We extend n and p to paths by setting:

n[r] = nlex] and  pla] = plei].

A cycle 7 is a path whose origin and destination states coincide such that n[r] = p|[r].
We denote by P(q,q’) the set of paths from ¢ to ¢’, by P(q,x,q’) the set of paths from
q to ¢ with input label z € ¥* and by P(q, z,vy,q’) the set of paths from ¢ to ¢’ with
input label x € ¥* and output label y € A*. These definitions can be extended to
subsets R, R’ € @, by:

P(R,z,R)= |J P(g.z.q).

q€R,q'€ER’

The labeling functions ¢ and o and the weight function w can also be extended to paths
by defining the label of a path as the concatenation of the labels of its constituent arcs,

and the weight of a path as the ®-product of the weights of its constituent arcs:

Z[’]T] = 2[61]2[6k],

olr] = olei]...olexl,
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wir] = wlel] ® ... @ wlel.

We also extend w to any finite set of paths Il by setting:

A successful path in an automaton M is a path from an initial state to a final
state. A symbol sequence z is accepted by M if there exists a successful path 7 labeled
with = on the input side. M is unambiguous, if for any string x € ¥* there is at most
one successful path labeled with x on the input side. Thus, an unambiguous transducer

defines a function.

The weight associated by a transducer T' to any input-output string pair (z,y) €

¥ x A* is given by:

[T1(z,y) = D  Aplr]) ® wr] @ p(n[r])
reP(I,x,y,F)
and [T (z,y) is defined to be 0 when P(I,z,y, F) = (). Similarly, the weight associated

by an acceptor A to any input string x € ¥* is given by:

[A](z)= @ plnl) @ wlr] @ p(n[r])

reP(I,x,F)

and [A](z) is defined to be 0 when P(I,z, F) = 0.

Note that the second operation of the tropical semiring and the log semiring as
well as their identity elements are identical. Thus the path weights in an automaton
M over the tropical semiring do not change if M is viewed as an automaton over
the log semiring and vice-versa. Log semiring ensures that weights of identically la-
beled paths in an ambiguous automaton are merged with the @),, operation during

weighted determinization and minimization operations [41]. Tropical semiring, on the
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other hand, is idempotent and the natural order associated with it is a total order.
Natural order is the default total order (under the requirements of section 4.1.1) used
by the shortest path and pruning algorithms operating on weighted automata over an
idempotent semiring. It is the natural one to use given that it generally needs to be
total, monotonic and negative: total so that all weights can be compared, monotonic
so there is a practical algorithm, and negative so that the “free" weight 1 is preferred

to the “disallowed" weight 0 [42].

4.1.3. Factor Automata

Definition 9 Given two strings u and v in 3*, v is a factor (substring) of u if u = xvy
for some x and y in X*. More generally, v is a factor of L C ¥* if v is a factor of
some uw € L. The factor automaton F(u) of a string u is the minimal deterministic

finite-state acceptor recognizing exactly the set of factors of u.

F(u) can be built in linear time and its size is linear in |u| [43,44] where |z| denotes

the length of a string z € ¥*. Similarly, we denote by F'(A)

the minimal deterministic acceptor recognizing the set of factors of a finite ac-
ceptor A, that is the set of factors of the strings recognized by A. A recent work [45]
showed that the size of factor automaton F'(A) is linear in the size of A and provided

an algorithm for the construction of F'(A) in linear time.

4.2. Factor Transducer of Weighted Automata

General indexation of weighted automata provides an efficient means of indexing
speech utterances based on the within utterance expected counts of factors seen in the
data [19]. This section recaps the general weighted automata indexation algorithm

which aims to construct an efficient index for a large set of speech utterances.

Assume that for each speech utterance u; in the data-set considered, i =1,...,n,

a weighted automaton A; over the log semiring with alphabet >, i.e. phone or word
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lattice output by ASR, is given. The problem consists of creating an index that can
be used for direct search of any factor of any string accepted by these automata. Note
that this problem crucially differs from classical text indexation problems in that the
input data is uncertain. The algorithm given in this section makes use of the weights

associated to each string by the input automata.

In the most basic form, this algorithm leads to an index represented as a weighted
finite state transducer (WFST) where each factor z leads to a successful path over the
input labels for each utterance that particular substring was observed. Output labels
of these paths carry the utterance indices i € {1,...,n}, while path weights give the
negative log of within utterance expected counts. The index construction algorithm
is simple and based on general weighted automata and transducer algorithms. It can
be viewed as a generalization of the notion of factor automaton which is a classical
representation used in text indexation [44,46]. In the following subsections we describe

the consecutive stages of the algorithm.

4.2.1. Preprocessing

When the automata A; are word or phone lattices output by a speech recogni-
tion or other natural language processing system, the path weights correspond to joint
probabilities. We can apply to A; a general weight-pushing algorithm in the log semir-
ing [41] which converts these weights into the desired (— log of) posterior probabilities.
More generally, the path weights in the resulting automata can be interpreted as log-
likelihoods. We denote by P; the corresponding probability distribution. When the
input automaton A; is acyclic, the complexity of the weight-pushing algorithm is lin-
ear in its size (O(]4;|)). Figures 4.1(b)(d) illustrate the application of weight pushing
algorithm to the automata of Figures 4.1(a)(c).

4.2.2. Index Construction

Let B; = (X,Qq, I;, F;, E;, A\, p;) denote an acceptor over £ obtained by the ap-
plication of the weight pushing algorithm to the automaton A;. The weight associated
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b/0.333 e a/l
" b/
o a/0.667

() (d)

Figure 4.1. Weighted automata over the real semiring R (a) A; and (¢) As. (b) By
and (d) By over the real semiring obtained by applying weight pushing to A; and A

respectively.

by B; to each string it accepts can be interpreted as the log-likelihood of that string
for the utterance u; given the models used to generate the automata. More generally,
B; defines a probability distribution P; over all strings x € ¥* which is just the sum of
the probability of all paths of B; in which x appears. For each state ¢ € @);, we denote
by d|q] the shortest distance from I; to ¢ (or — log of the forward probability) and by
flq] the shortest distance from ¢ to F; (or — log of the backward probability):

log

da= @ (i) + i) (4.1
fd= @ (@l + ) (1.2)
wEP(q,F;)

The shortest distances d[g] and f[g] can be computed for all states ¢ € Q; in linear
time (O(|B;|)) when B; is acyclic [39]. Let II; denote the set of paths in B; and C,(u;)
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denote the number of occurrences of a factor x in u;. Then,

log

—1og(Ep,[Co(us)]) = @ dlpla]] + wlr] + flnlx]] (4.3)

i[m]=x
mell;

gives the expected count of having the factor-pair x in u;.

From the weighted acceptor B; over L, one can derive a timed factor transducer

T; over 7T in two steps:

(i) Factor Selection. In the general case we select all of the factors in the following

way:

Replace each arc (p,a,w,q) € Q; x ¥ x R x Q; with (p,a,a,w,q) € @Q; X
XX U XRXQ;;

Create a new state s € ); and make s the unique initial state;

Create a new state e € (); and make e the unique final state;

Create a new arc (s, ¢€,€,d[ql, q) for each state q € Q; ;

Create a new arc (q, €, 1, f[q], e) for each state ¢ € Q; ;

(ii) Optimization. The resulting transducer can be optimized by applying weighted
e-removal, determinization, and minimization over the £ semiring by viewing it
as an acceptor, i.e. input-output labels are encoded as a single label. Final result

is obtained by mapping each arc weight:

weL—-weT.

It is clear from Equation 4.3 that for any factor x € ¥*:

[T)(z,i) = —log(ER[CL]) € T (4.4)

Figures 4.2(a)(b) illustrate the construction of the weighted factor transducer from a

weighted automaton.
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e:1/1

(b)

Figure 4.2. Construction of factor transducer 7T over the real semiring R from the
weighted automaton B given in Figure 4.1(b): (a) intermediary result after factor

selection and (b) resulting transducer 77 over the real semiring after optimization.

The factor transducer T of the entire data-set is constructed by

e taking the union U of individual timed factor transducers built for each utterance
U:UT,», 1=1,...,n;
i

e applying weighted e-removal and determinization over the 7 semiring to the ac-
ceptor obtained by encoding the input-output labels of U as a single label;

e defining T as the transducer obtained by sorting U on the input side [42] after
decoding its labels;
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Figure 4.3 illustrates the construction and optimization of full factor transducer 7.

€:1/0.333

Figure 4.3. Factor transducer T' over the real semiring R obtained from the weighted

automata By and B, given in Figures 4.1(b)(d).

4.2.3. Search

As far as the SUR task is concerned, the full index represented by the weighted
finite-state transducer T is optimal. Indeed, T contains no arcs with input e other
than the final transitions labeled with an output index and it is deterministic. Thus,
the set of indices I, of the weighted automata containing a factor x can be obtained in
O(|z|+|1;|) by reading in T the unique path with input label = and then the transitions

with input € and output a distinct index label.

The user query is typically an unweighted string, but it can be given as an ar-

bitrary weighted automaton X. This covers the case of Boolean queries or regular
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expressions which can be compiled into automata. The response R to a query X is

another automaton obtained by

e composing X with 7" on the input side [47] and projecting the resulting transducer

onto its output labels

e removing the e transitions and finally sorting P with the shortest-path algorithm

to get R.

Each successful path 7 in R carries an automaton identifier on its label i[7], and a — log
expected count on its weight w[r| € 7. A simple traversal over R in the arc order gives
results sorted with the natural order of 7, in other words results sorted with respect
to decreasing expected count of query X in each automaton A;, i € Iy. This is an
ideal result for the SUR task where the aim is to return (utterance ID, relevance score)
pairs for each query. Expected count of a query term within a particular utterance is a
direct relevance metric for the SUR task, that can be used to rank the results obtained
from the index. Note that R can be pruned before traversal to retain the most likely
responses only. The pruning threshold may be varied to achieve different operating

points.
4.3. Spoken Term Detection with Factor Transducer
Even though the factor transducer of weighted automata was designed with the
SUR task in mind, it can be used in other SR applications as well. An example is the
two-stage STD system of [20] which we explain below.

4.3.1. Two-stage Spoken Term Detection with Factor Transducer

In this setup actual utterances retrieved with the factor transducer are aligned

with the query automaton to retrieve the timing of query words since the index provides
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the utterance information only. A variation can be to search the query labels directly

in the automata obtained from utterances.

Prominent complication of the two-stage STD setup is that it requires a time-
costly alignment operation which is performed online, a deal-breaker on large archives.
Furthermore, the index stores utterance-wide expected counts which are not direct
relevance measures for STD since a query term may appear more than once in an
utterance. Let an occurrence represent a path labeled with the query term in an
automaton, and a cluster all such paths with overlapping time-alignments. Each time
a term occurs within an utterance, it will contribute to the utterance-wide expected
count and the contribution of distinct clusters will be lost. Since the index provides
neither the individual contribution of each cluster to the expected count nor the number
of clusters, both of these parameters have to be estimated in the second stage which

in turn decreases the detection performance.

4.3.2. Spoken Term Detection with Modified Factor Transducer

To overcome the drawbacks of two-stage STD strategy, we extend the factor
transducer structure by embedding the time-alignment information of factors into the
output labels. This modified structure is a generalization of the factor transducer to

meet the extra requirements of the STD task.

Construction of the modified factor transducer requires processing the time align-
ment information of factors since every distinct alignment will lead to another index
entry which means factors with slightly off time-alignments will be indexed separately.
Note that this is a concern only if we are indexing lattices, consensus networks or
single-best transcriptions do not have such a problem by construction. Also note that
no such preprocessing was required for the original structure since all occurrences in
an automaton would have to be combined anyway. To alleviate the time-alignment
issue, we cluster the factor occurrences prior to indexing. Desired behavior is achieved
by assigning the same time-alignment label (start-end) to all occurrences in a cluster.

Figure 4.4 illustrates the differences between the factor transducer and the modified
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factor transducer for a simple database consisting of two strings: “ag_; a;_»" and “by_;
aj_s . While original factor transducer construction algorithm does not differentiate
between the occurrences in an automaton and combines all of them, the modified algo-
rithm classifies them into distinct clusters and combines those that fall into the same

cluster.

(a) Factor Transducer (b) Modified Factor Transducer
Figure 4.4. Comparison of the factor transducer structures over the real semiring K.

(a) Factor transducer omits the time alignment information. (b) Modified factor

transducer stores time alignment in the output labels.

Main advantage of the modified index is that second stage of the previous setup
is no longer required since the new index already provides all the information we need
for an actual hit: the utterance id and start-end times. Eliminating the second stage
significantly improves the search time since time-alignment of utterances takes much
more time compared to their retrieval from the index. Another advantage of the new
structure is that it distributes the total expected count among clusters, thus the hits
can now be ranked based on their posterior probability scores. To be more precise,
assume we have a path 7 in the modified index with a particular factor x on the input
labels i[r] = x. Weight of this path w[r] corresponds to the posterior probability of x
given the lattice and the time interval indicated by the path output labels o[r]. The

modified index provides posterior probabilities instead of expected counts.

On the other hand, embedding time-alignment information leads to a larger index
which is no longer search-time optimal. Common paths among different automata
are largely reduced due to the mismatch between time-alignment labels and this in

turn degrades the effectiveness of the weighted automata optimization. To control the
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index size, we quantize the time-alignments (25ms steps) during preprocessing without

altering the STD performance.

4.4. Timed Factor Transducer of Weighted Automata

This section presents an algorithm for the construction of an efficient timed index
for a large set of speech utterances. We propose a new factor transducer structure,
which stores the timing information on the arc weights, solving the optimality issues

associated with the structure presented in Section 4.3.2.

We assume that for each speech utterance u; of the data-set considered, ¢ =
1,...,n, a weighted automaton A; over the log semiring with alphabet >, i.e. phone
or word lattice output by ASR, and a list L; of state potentials, i.e. timing of lattice
nodes, are given. The problem consists of creating a timed index that can be used for

direct search of any factor of any string accepted by these automata.

The main idea is that the timed index can be represented by a weighted finite-
state transducer T" mapping each factor x to the set of automata in which x appears,
start-end times of the intervals where x appears in each automaton and the negative
log of the posterior probabilities of x actually occurring in each automaton in the
corresponding time interval. It can be viewed as a generalization of the procedure given

in Section 4.2. Following subsections detail the consecutive stages of the algorithm.

4.4.1. Preprocessing

As we explained in Section 4.2.1, we first perform weight-pushing in the log
semiring on A;, i = 1,...,n. The generic algorithm given in Section 4.2 does not
make a discrimination between non-overlapping occurrences of a factor in an utterance.
While this is the desired behavior for the SUR problem, in the case of STD we would
like to keep separate indices for non-overlapping occurrences as we previously discussed
in Section 4.3.1. When the lists L; are state potentials giving the timing information

of lattice nodes, this separation can be achieved by clustering the arcs with the same
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input label and overlapping time-spans. To achieve this, we use a single-pass clustering
algorithm similar to the WEST encoding/decoding operations [42]. In effect, we convert
the input automaton to a transducer where each arc carries a cluster identifier on the

output label.

Formally, we traverse the input automaton (typically in topological order) and
form a hash table H; mapping (input label, start time, end time) triplets to positions in
[ which is a list of cluster identifiers, and another hash table Hy mapping input labels to
the number of non-overlapping clusters seen for that label. For each arc e we traverse,
we form the triplet (ile], L;[ple]], Li[n[e]]) and check if another triplet (i,ts,t.) with
the same label (i = i[e]), and overlapping time-span ([ts, te| N [Ls[ple]], Li[n[e]]] # 0)
already exists in Hy. If so, we assign ole] = I[H;(i,ts,te)]. If not, we increment
H,(i[e]), the number of clusters seen for that label; push Hs(i[e]) to the back of [; add
H, a new entry mapping (i[e], L;[ple]], Li[n[e]]) to the last position in [; and finally
assign ole] = Hy(ile]). At the end of traversal, all overlapping arcs with the same
input label carry the same cluster identifier on the output label. In other words, each
(input label, output label) pair in the output transducer designates an arc cluster.
Figures 4.5(b)(d) illustrate the application of preprocessing algorithm to the automata

of Figures 4.5(a)(c). Note that cluster identifiers are in reverse order.

Note that the output of this clustering algorithm depends on the traversal order.
Suppose the input automaton contains two adjacent arcs with the same input label,
i.e. areduplication. If there happens to be another arc with the same input label and a
time-span overlapping both of the former arcs, then depending on the traversal order,
the algorithm might form a single cluster or two clusters from these arcs. Reduplication
problem can be solved with a two-pass algorithm which first identifies the largest
set of non-overlapping arcs and then classifies the rest according to maximal overlap.
Although not an exact solution, single-pass clustering over a topologically ordered
automaton works very well in practice. The upside is that our algorithm can be applied

online while traversing the input automatons for indexing.
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b:2/0.333 ‘ a:l/1
(D 3

() (d)

Figure 4.5. Weighted automata over the real semiring R (a) A; and (c) Ay (time
alignments L, = [0,1,2] and Ly = [0,1,2]). (b) By and (d) Bs over the real semiring

obtained by applying weight pushing to A; and A, respectively.

4.4.2. Index Construction

Let B; = (3, A,Qy, I;, F;, E;, \;, p;) denote a transducer over £ obtained by the
application of the weight pushing and clustering algorithms to the automaton A;. The
weight associated by B; to each string it accepts can be interpreted as the log-likelihood
of that string for the utterance u; given the models used to generate the automata.
The output string associated by B; to each string it accepts gives the string of cluster
identifiers. More generally, B; defines a probability distribution P; over all string pairs
(z,y) € ¥* x A* which is just the sum of the probability of all paths of B; in which
(x,y) appears. Let II; denote the set of paths in B; and C, ,(u;) denote the number of

occurrences of a factor-pair (z,y) in u;. Then,

Clog(EnCoy(u)) = @ diplal] +wlx] + finl] (45)
ifr)=2, ofrl=y
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gives the expected count or equivalently posterior probability of having the factor-pair
(x,y) in u; where d[q] and f[q] are as defined in Equations 4.1 and 4.2. Ep,[Cy,(u;)]
is a proper posterior probability even when there are multiple occurrences of a factor
x in u; since y will be different for non-overlapping occurrences of x. Similarly, let
L;[q] denote the timing of state ¢ € @); and S, ,(u;) and E, ,(u;) denote the ensemble

boundaries (start and end times respectively) of the (z,y) cluster in u;. Then,

Sey(us) = min _ Lifp(r]] (4.6)
well;

E,,(u) = i[w]:rf%}[(ﬂzy Li[n|r]]. (4.7)
mwell;

From the weighted transducer B; over £ and L;, one can derive a timed factor

transducer T; over 7 x 7 % 7T in two steps:

(i) Factor Selection. In the general case we select all of the factors in the following

way:

Map each arc weight (see section 4.1.1):

weLl —{w 1,1} e LxT x T,

Create a new state s € (J; and make s the unique initial state;

Create a new state e € ); and make e the unique final state;

Create a new arc (s, €, ¢, {d[q], L;[q], 1}, q) for each state ¢ € Q; ;

Create a new arc (q,€,14,{f[q], 1, L;[q]}, e) for each state ¢ € Q; ;

(ii) Optimization. The resulting transducer can be optimized by applying weighted
e-removal, determinization, and minimization over the £ x 7 x 7' semiring by
viewing it as an acceptor, i.e. input-output labels are encoded as a single label.

Final result is obtained by mapping each arc weight:

{wy,we, w3} € LXT X T — {wy,wy, w3} €T xT *T.
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During optimization paths carrying the same factor-pair, in other words overlapping
occurrences, are merged by adding the posterior probabilities in £, start times in
7 and end times in 7’. It is clear from Equations 4.5, 4.6, 4.7 that for any factor
(z,y) € ¥ x A*:

[T0(z,y - i) = {=10g(ER[Cayl); Says Eay} € T+ T +T (4.8)
where y - ¢ denotes the concatenation of the string of cluster identifiers y and the

automaton identifier i. Figures 4.6(a)(b) illustrate the construction of the timed factor

transducer from a weighted automaton.

€:1/100

b:1/0.5,0,0

e:¢/1,00 a:2/0.5,0,0

€:1/10,2

€:1/1,0,3

e:e/120 a:1/1,00

b:1/1,00

e:€/13,0

€:1/0.333,0,-2

a:2/1.5,0,3 b:1/0.667,0,0
€:1/0.50,-1
By 2
a:1/0.5,0,0

P>

€:1/100

(b)

Figure 4.6. Construction of timed factor transducer 7T from the weighted automaton
By given in Figure 4.5(b) and L; = [0,1,2]: (a) intermediary result after factor
selection and (b) resulting transducer 77 after optimization over the R x 7 x 7'

semiring.
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In general, the timed factor transducer 7T; is not deterministic. However it is
non-deterministic, hence ambiguous, only if there are non-overlapping occurrences of
a factor in A;. Even when this is the case, the amount of non-determinism present
in T; is negligible. Thus, we may safely assume that T; will be a deterministic, hence
unambiguous machine. When viewed as an acceptor by encoding input-output labels
as a single label, T; is always unambiguous. Note that the natural order associated

with 7 « 7 % 7, being a total order, supports shortest-path and pruning operations.
The timed factor transducer 1" of the entire data-set is constructed by
e taking the union U of individual timed factor transducers built for each utterance
U:LZJTZ-, 1=1,...,n;

e encoding the input-output labels of U as a single label and applying weighted
e-removal, determinization, and minimization over the 7 x 7 x 7 semiring;

e decoding the labels of U and sorting the arcs with respect to input labels [42];

e and defining T as the transducer obtained by removing all output labels (cluster
identifiers) except for those (automaton identifiers) on the arcs going into the

unique final state;

We should note that there is no successful path shared between T;, ¢ = 1,...,n since
each T; carries a unique automaton identifier on the output labels of transitions into
the unique final state. Therefore we are free to optimize U over any semiring on R3.
However, 7 « T % 7T, being a total order, gives us the opportunity to perform pruning
operations before or during the optimization. Figure 4.7 illustrates the construction

and optimization of full timed factor transducer T
4.4.3. Search

Unlike T;, T is always ambiguous since the same factor appears in many different

utterances. However, this ambiguity does not hurt the optimality of the index since 1)
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€:2/1,0,0

b:1/1,0,1

€:2/1,0,0

b:1/1,0,1

b:1/1,0,1

° b:2/0.333,0,1

a:1/1,0,1

€:1/1,0,0

Figure 4.7. Timed Factor transducer T" over the R x 7 x 7' semiring obtained from
the weighted automata B; and B given in Figures 4.5(b)(d) along with L, = [0, 1, 2]
and Ly = [0,1,2].

T contains no arcs with input € other than the final transitions which have automaton
identifiers on the output and 2) 7" is “almost deterministic". Let M;(x), i =1,...,n
represent the number of clusters of a factor x in A;, i.e. M;(z) = 1 if all occurrences of
x in A; overlap forming a single cluster. Then, 7" has N = max; M;(x) paths, labeled
with z on the input side, that originate from the unique initial state and terminate at
M distinct penultimate (non-final) states. These M states are connected to the unique
final state with a total of M = Y, M;(x) arcs that have e labels on the input and
automaton identifiers on the output side. Furthermore since the arcs of 1" are sorted on
the input side, the set of paths carrying the label = can be traversed at O(N|z|+ M) in
the worst case scenario. In the other limit, given that all individual factor transducers

are deterministic, i.e. M;(z) < 1, ¢ = 1,...,n for any factor x, then the search
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complexity for any query z is O(|z|+ M) which means T is deterministic as well (except
for the final transitions). We say 7" is almost deterministic since M;(z) <1, i=1,...,n
for almost all factors. We should also note that O(N|z| + M) is an upper bound on
the search complexity and the actual complexity is close to O(|x| + M).

Given a query automaton (), the response automaton R is obtained with the
procedure explained in Section 4.2.3. R is a simple acceptor which contains M arcs
between the initial state and final states. Fach successful path 7 in R carries an
automaton identifier on its label i[r], and a (—log posterior probability, start time,
end time) triplet on its weight w[r] € T « 7T * 7. A simple traversal over R in the arc
order gives results sorted with the natural order of 7 « 7 % 7. Note that R can be
pruned before traversal to retain the most likely responses only. The pruning threshold

may be varied to achieve different operating points.

4.5. Experiments

In this section, we provide experiments comparing the three STD schemes (Two-
Stage Retrieval with Factor Transducer, Retrieval with Modified Factor Transducer,
Retrieval with Timed Factor Transducer) in terms of index size and total search time.
We also analyze the change of search time as the query length changes (only for the
last two schemes). Experiments in this section utilize the BUTBN-R and STDDEV06
data sets, R-IV and DRYRUNO6 query sets.

ASR engines make use of hyper-parameters to determine how much of the search
network will be output as the recognition lattice. For the experiments of this section,
we first extracted a fairly large word lattice (five back-pointers per word trace) for each
utterance. Then, we pruned the raw lattices with different beam widths and conducted
the same set of experiments for each width. Following subsections compares the results
in two dimensions. On the one dimension there is the lattice beam width and on the

other the three retrieval schemes we investigated.
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4.5.1. Baseline Detection Performance

This subsection gives the baseline detection performances of the three systems
considered. As seen in Figure 4.8 and Figure 4.9, there is no significant difference
between the systems as far as the term detection performance is concerned. Due to the
minor variation between the system implementations, ATWV curves do not exactly
match. It is evident from the figures that ATWV values converge around a beam
width of four or five. Increasing lattice beam further these values does not provide a
significant gain in ATWYV. This is an expected behavior - and is in accordance with

previous literature [34] - since the redundancy in lattices increase with the lattice beam

width.

0.82

Actual Term Weighted Value

0.767 —O— Timed Factor Transducer
—O— Modified Factor Transducer
—O— Factor Transducer (2-Stage)

0.75 L L L L L
1 2 3 4 5 6 7 8 9 10

Beam Width

Figure 4.8. ATWYV vs. lattice beam (BUTBN-R Data Set & R-IV Query Set)

4.5.2. Index Size

In retrieval applications, size of the inverted index is an important application
concern. Preferably, the index size should be much smaller than the actual data size.
The BUTBN-R data set includes 163 hours of speech and occupies around 25 GBs of
disk space in 16KHz PCM form. The total size of raw ASR lattices extracted from
BUTBN-R data set is around 2GBs. STDDEV06 data set includes three hours of
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Figure 4.9. ATWYV vs. lattice beam (STDDEV06 Data Set & DRYRUNO6 Query Set)

speech and occupies 500 MBs of disk space in 16KHz PCM form.

The size of an STD index, or any index for that matter, heavily depends on
the amount and type of data indexed. In our case, the data size depends on the
total amount of speech and the beam width of the ASR lattices used in indexation.

Figure 4.10 and Figure 4.11 show the change of index size as the lattice beam increases.

Modified factor transducer has the smallest size at all beam widths. This may
appear rather unexpected since the factor transducer carries much less information
compared to the modified one. However, modified factor transducer is not determin-
istic like the other two since arc output labels of this machine carry time alignment
information of corresponding arc input labels. Before the final determinization step of
the index construction algorithm, there are much less common paths in the union of
modified factor transducers compared the unions of other index structures. This leads
to a smaller index (in a counter-intuitive way) since the lattice-like structure of the
index is largely preserved after determinization. On the other hand, factor transducer
and timed factor transducer turn into tree-like structures during determinization. The

size difference between these two machines stems from the extra information stored in
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Figure 4.10. Index size vs. lattice beam (BUTBN-R Data Set)
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Figure 4.11. Index size vs. lattice beam (STDDEV06 Data Set)

the timed index - not from the number of states or the number of arcs which are similar
for both structures. Factor transducers obtained from STDDEV06 data set exhibit a
problematic behavior after a beam width of 5. This is probably due to a problem in the
ASR lattices. Considering the ATWV performance given in Figure 4.8 along with the
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index size, we can conclude that a beam width of 4 is ideal for actual system operation.

4.5.3. Search Time

Probably the most important concern in a retrieval application is the search time
since search is performed online unlike indexation. Figure 4.12 and Figure 4.13 give
the change of per result average search time as the lattice beam increases. Performing
a search on the factor transducer is actually faster than the other schemes, however
obtaining time alignment information online is a runtime expensive task with a com-
plexity linear in the number of results. Due to the costly second stage, using the factor
transducer in STD task results in two to three orders of magnitude slower search. The
search time difference between the 2-stage retrieval and the others becomes larger as
the beam width increases since the number of putative results increases along with the

beam.
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Figure 4.12. Total search time vs. lattice beam (BUTBN-R Data Set & R-IV Query
Set)

Modified and timed factor transducers give similar search time performances as
far as the whole query sets are concerned. Since our query sets are heavily populated

with one-word query terms, this behavior is not surprising. While the timed factor
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Figure 4.13. Total search time vs. lattice beam (STDDEV06 Data Set & DRYRUNO6
Query Set)

transducer is “almost deterministic”, this feature is not fully utilized when the queries
are short. Even though the modified factor transducer is not deterministic, it has a
much smaller size, hence we obtain comparable search times. On the other hand, we
know that average search speed is linear in the sum of query length and the number of
results for the timed factor transducer while it is linear in the product of query length
and the number of results in the case of modified factor transducer. Figure 4.14 gives

a decomposition of per query average search times over the BUTBN-R data set with

respect to the query length.

First thing to notice about the plots in Figure 4.14 is that modified transducer
is faster than the timed transducer only when the query is a single word. As the
query length gets longer, timed index becomes much faster than the other due to its
“almost deterministic” structure. In the modified index, every distinct time alignment
of the query words leads to a new path to be traversed. Thus each path matching the
beginning of the query has to be traversed until a mismatch is found to determine the
successful paths matching the whole query. On the other hand, in the timed index,

with a very high probability only one arc - hence only one path - needs to be traversed
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Figure 4.14. Decomposition of per query average search times with respect to query

length (BUTBN-R Data Set & R-IV Query Set)

at each state until the single partial path matching the query is found. After that,
results are read from the final transitions leaving the single destination state of that

partial path.

Figure 4.15 gives the change of per result average search time as query length
increases. This graph clearly demonstrates the search time advantage of timed factor
transducer construct. As proposed in the search time analysis of Section 4.4.3, timed
factor transducer has a search time complexity almost linear in the length of query.

This linearity derives from the near deterministic nature of the index.

Experimental results given in this subsection somewhat underemphasize the search
time performance of timed factor transducer since we are indexing word lattices and
searching for rather short query terms. In the case of sub-word (morpheme, phone,

etc.) indexing, average query term length significantly increases since each query word



o8

Beam Width = 4

—o— Timed Factor Transducer
—0— Modified Factor Transducer

o
©

o
©
:

o
w o o N
: :

Average Search Time (in ms)
N

© © o o o o
D
,

=
;

i

o
o
[

2 3 4
Query Length
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is split into a string of sub-words for search. In such a scenario, a deterministic index
would be much more crucial and timed factor transducer would dramatically outper-

form the modified one.
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5. PHONETIC QUERY EXPANSION FOR
OUT-OF-VOCABULARY QUERY RETRIEVAL

This chapter deals with the problem of performing phonetic search over a phonetic
index to retrieve out-of-vocabulary STD queries. The work presented in this chapter
was done during the 2008 CLSP Summer Workshop (WS08) and its aftermath and
was published in [21,38]. Even though I, myself, have performed the experiments and
obtained the results mentioned in this chapter, the methodology and implementation is
a collective effort which I cannot take full credit for. I would like to thank all members
of the “Multilingual Spoken Term Detection: Finding and Testing New Pronunciations"
group of WSO8, especially Erica Cooper, Bhuvana Ramabhadran, Abhinav Sethy and
of course my supervisor Murat Saraclar. In the following sections, we describe the query
expansion technique used for the retrieval of OOV terms and present the experimental

results.

5.1. Query Forming and Expansion for Phonetic Search

When using a WFST-based phonetic index as in Chapter 4, the textual represen-
tation of a query needs to be converted into a phone sequence or more generally into a
WEFST representing the pronunciation of the query. For OOV queries, this conversion
is achieved using a letter-to-sound (L2S) system. In this study, the L2S system is a
WEFST representing an n-gram model over (letter, phone) pairs that are obtained after
an alignment step. Instead of simply taking the most likely output of the L2S system,

we investigate using multiple pronunciations for each query.

Assume that we are searching for a letter string (); represented by an automaton.
We find the n-best phone-strings P,((Q);) by composing the automaton representing @,
with the L2S transducer and taking n-best paths of the result. Then the posterior
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probability of finding ); in lattice L within time interval [t,,t.] can be written as

P(QIL,[ts,t) = > P(QiQp) P(Qp|L, [t te])
QpEPR(Q1)

where P(Q),|L, [ts,t]) is the posterior probability supplied by the phonetic index and
P(Q|Q,) is the posterior probability derived from L2S scores.

Composing an OOV query term with the L2S transducer returns a huge number
of pronunciations. As demonstrated above, we retain only the n-best pronunciations
for search to control the false alarm rates. To obtain the conditional probabilities
P(QZ|QP), we perform a normalization operation on the retained pronunciations which

can be expressed as

3 B PY(Q1,Qp)
P(QZ|QP) - ZQPEPn(Ql) P’Y(Ql,Qp)

where P(Q;,@Q,) is the joint score supplied by the L2S transducer and 7 is a scaling

parameter.

Most of the time, retained pronunciations are such that a few dominate the rest
in terms of likelihood scores, a situation which becomes even more pronounced as the
query length increases. Thus, using raw L2S scores (7 = 1) is not a good idea since
most of the time best pronunciation takes almost all of the posterior probability leaving

the rest out of the picture.

A quick and dirty solution is to remove the pronunciation scores instead of scaling
them. This corresponds to selecting v = 0 which assigns the same posterior probability

P(Qi|Q,) to all pronunciations:

PQIQ,) = !Pn(le)V for cach Q, € Po(Q).

Unfortunately, this method is likely to boost false alarm rates since it does not make
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any distinction among pronunciations. The challenge is to find a good query-adaptive

scaling parameter which will dampen the large scale difference among L2S scores.

In our experiments we selected v = 1/|@;| which scales the log likelihood scores by
dividing them with the “length of the letter string". This way, pronunciations for longer
queries are dampened more. Another possibility is to select v = 1/|Q,|, which does
the same with the “length of the phone string". Section 5.2.2 presents a comparison

between removing pronunciation scores and scaling them with our method.

5.2. Experiments

Experiment given in this section use the MSTD data set and the MSTD-OOV
query set. The gold standard experiments were conducted using the reference lexicon
pronunciations for the query terms. The L2S system was trained using the reference
pronunciations of words in the LVCSR vocabulary. This system was then used to

generate multiple pronunciations for the OOV query words.

5.2.1. Reference Lexicon (Reflex) Pronunciations

For the gold standard experiments, we used the reference pronunciations to search
for OOV queries in various indexes. The indexes were obtained from word and sub-
word (fragment) based LVCSR systems. The output of the LVCSR systems were
in the form of 1-best transcripts, consensus networks, and lattices. The results are
presented in Table 5.1. Best performance in terms of Actual Term Weighted Value

(See Section 2.2.1.2) is given by the phonetic index obtained from sub-word lattices.

5.2.2. L2S Pronunciations

For the L2S experiments, we investigated varying the number of pronunciations
for each query for two scenarios and different indexes. The first scenario considered each
pronunciation equally likely (unweighted pronunciations) whereas the second one made

use of properly normalized L2S probabilities (weighted pronunciations). The results



Table 5.1. Gold Standard (Reflex) Results

Data Set Pra  Puyiss ATWV
(%) (%)

Word One-best 001 77.0 215

Word Consensus Nets .002 68.7 .294

Word Lattices 002 65.7 322

Fragment One-best .001  68.0 .306

Fragment Consensus Nets .003 58.4 .390
Fragment Lattices 003 485 484
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are presented in Figure 5.1 and summarized in Table 5.2. In the first scenario, the

performance peaks at three pronunciations per query. This behavior can be explained

by the boost in false alarms as a result of adding pronunciations that match words in

ASR vocabulary. In the second scenario, adding more pronunciations does not degrade

the performance — thanks to weighting — and a significant improvement is obtained.

Best results of the second scenario are even better than the reflex results.

ATWV

0.5
0.484

Fragment Lattices + Reflex

0.45 p)

0.35+ “o---o--_o___o.___ol___o_--o---é>

0.322 " :
A Word Lattices + Reflex
0.3 " 1

T

=0~ Fragment Lattices + Weighted L2S Pronunciations
0.25 ~4 Fragment Lattices + Unweighted L2S Pronunciations
-O=-Word Lattices + Weighted L2S Pronunciations

Word Lattices + Unweighted L2S Pronunciations

0 1 2 3 4 5 6 7 8 9 10
N

T

Figure 5.1. ATWYV vs N-best L2S Pronunciations



Table 5.2. Best Performing N-best L2S Pronunciations

Data Set L2S Best Pra  Paiss ATWV
(%) (%)
- 1 .001 79.6 .190
Word One-best
Weighted 6 .004 73.0 233
- 1 .002 69.8 281
Word Lattices Unweighted 3 005  62.5 322
Weighted 6 .005 60.6 .346
- 1 001 757 229
Fragment One-best
Weighted 10 .005 66.2 .286
- 1 .003 59.7 372
Fragment Lattices = Unweighted 3 006 51.2 425
Weighted 6 .006  48.7 453

Combined DET Plot: Weighted Letter-to-Sound 1-5 Best Fragment Lattices

98 —
v | 1-best, MTWV=0.334, ATWV=0.372 -
2-best, MTWV=0.354, ATWV=0.422 ----------
3-best, MTWV=0.352, ATWV=0.440
4-best, MTWV=0.339, ATWV=0.447
95 - 5-best, MTWV=0.316, ATWV=0.451 === |
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Figure 5.2. Combined DET plot for weighted L2S pronunciations

False Alarm probability (in %)
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The combined DET plot drawn from the results of experiments utilizing weighted
L2S pronunciations and the phonetic index obtained from fragment lattices, is pre-
sented in Figure 5.2. The single dots indicate MTWV (using a single global threshold)
and ATWV (using term specific thresholds [16]) points.
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6. EXPLOITING SCORE DISTRIBUTIONS FOR
THRESHOLDING

Most STD systems, including ours, comprise of four consecutive stages:

(i) Recognition. For each speech utterance in the archive, a recognition lattice is
generated using an LVCSR system.

(ii) Indexation. These lattices are indexed for efficient retrieval.

(iii) Retrieval. For each query Q. k = 1,..., Ng presented to the system, a set of
candidates ¢, n =1,..., N, ranked by posterior probabilities y; ,, are retrieved
from the index.

(iv) Decision. These posterior probabilities are compared to a threshold theta to

decide which candidates should be returned.

This chapter focuses on the decision stage of an STD system. We propose a term
specific thresholding (TST) method, published in [48|, that uses per query posterior
score distributions to select candidates to be returned. In experiments, we use a word-
level index obtained from ASR lattices and search for IV query terms. We show that

our method is comparable to state-of-the-art TST methods.

6.1. Term Specific Thresholding for STD

STD systems return a relevance score for each match to the query term found
during retrieval. These matches are candidate results out of which actual results are
selected at the decision stage. The relevance scores are used for making a decision as
to which candidates should be returned as well as ranking returned results. Various
operating points can be obtained by changing the cost scheme decision algorithm works

under.

Since STD looks for exact matches to the query, posterior score is usually the

most effective relevance metric for decision. Most STD systems [16] employ simple
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thresholding over the candidate posteriors to decide which candidates will be returned.
More involved decision algorithms, like the neural network approach of [15], utilize

various relevance metrics in a classification framework.

In the following, we propose a new TST technique for the STD task. We also
review other well-known thresholding methods employed in STD and explain how our

method fits into the picture.
6.1.1. Global Thresholding (GT)

The simplest thresholding strategy is to set a global threshold value 6 for all query
terms and accept candidates satisfying yi, > 6. In this approach, each candidate
retrieved for a query term is thresholded separately without taking other candidates
into account. Different precision recall points are achieved by changing 6. In our setup
0 is changed in [0, 1] range since relevance scores are proper posterior probabilities.
Choosing 6 = 0 accepts all candidates while 8 = 1 rejects them all. Since all candidates
are processed separately, there is no term specific behavior in global thresholding.

Hence global thresholding gives poor performance compared to term specific methods.

6.1.2. Term Weighted Value Based Term Specific Thresholding (TWV-
TST)

A recent study [16] proposed a new detection approach which determines term
specific thresholds that optimize the STD evaluation metric known as Term-Weighted
Value (TWYV). NIST defines the TWV metric as:

Ng
TWV() = 1~ 1 > { Rl @e.0) + 5.P0a (@, )
Q k=1
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where 6 is the detection threshold, 3 is a user defined parameter to adjust the trade-off
between miss and false alarm costs. Pyiss and Pra are calculated as:

PMiss(Qk7 9) =1- m7 PFA(Qka 0) =

TSpeech - C(Qk? 9)

where Tspeech is the total amount of speech in the database.

In this approach, all candidates retrieved for a query term @), are pooled and
]%(Qk), expected count of that query term in the archive, is estimated by summing
candidate scores. Then for each query term, an optimal threshold is determined using

the relations

. 1 . 54 - Cra(Qr)
V(@) = = Cra(Qu) = o 00 = o
H (Qk> R(Qk) FA(Qk) TSpeeCh - R(Qk) (Qk> CFA(Qk) + Vhlt(Qk)

where VHit(Qk) is the expected value of a hit, C’FA(Qk) is the expected cost of a false
alarm, and é(Qk) is the optimal threshold maximizing TWYV in the expected sense.

In the given setup, different precision recall points are achieved by changing j3,
i.e. increasing (3 gives a larger false alarm cost and hence the threshold moves up. Note
that the change of 5 moves é(Qk) in the interval [0, 1]. In TWV-TST, sum of candidate
scores gives a sufficient statistic for determining the threshold. In the next section, we

incorporate other statistics of candidate scores into the decision.

6.1.3. Score Distribution Based Term Specific Thresholding (SD-TST)

6.1.3.1. Decision Framework. Retrieval stage of an STD system provides a collection

of scored candidates that belong to two classes: false alarms and hits. Selection of the
candidates to be returned can be cast as a simple hypothesis-testing problem given

that we have:

e two probability distributions P, and P; giving the score distributions of false

alarms and hits respectively,
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e prior probabilities my and 7 of having a candidate from each class,

e and the costs Cj; incurred by choosing hypothesis H; when H; is true.

In this setup, we assume that a candidate score y is a realization of a random variable

Y and that there are two possible hypotheses

H()Z YNPO

Hll YNP1

where the notation “Y ~ P” denotes the condition “Y has distribution P”. Finally,

the decision is rule ¢ is a function on [0, 1] given by

1 ify>40
0 ify<6

o(y) =

so that the value of ¢ for a given y € [0, 1] is the index of the hypothesis accepted by 0.

Our problem is now transformed into choosing € so that ¢ is a Bayes rule. With

that in mind, we assign the following costs to our decisions:

where « is a user defined parameter specifying the cost of false alarms relative to hits.
We can now define the conditional risk R,;(J) for each hypothesis as the expected cost

incurred by decision rule ¢ when that hypothesis is true:

Ro(0) = ab(y >0),
Ry(6) = Py <0),
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For given priors, the Bayes risk incurred by decision rule ¢ is given by

T((S) = WoRo((S)—Fﬂ'lRl(é)

= 7T00(P0(y > 9) +7TlP1(y < 9)

Now the Bayes rule for Hy versus H; is the one that minimizes, over all decision rules,

the Bayes risk. We can rewrite the Bayes risk as
r(6) = m + moaPo(y > 0) — m Py (y > 0).

using the fact that Pi(y > 0) =1 — Pi(y < #). Assuming that P; has density p; for
g Yy Yy g J Y Dj

7 =0,1, we can write

r(6) =1+ [ [roopoy) — mapa(9)ldy.

r(d) is a minimum over all (6, 1] if we choose the acceptance region as

(0,1 = {ye[0,1] | mapo(y) — mp(y) <0}
_ po(y) T
- {ye[o’” ‘p1<y> . ma}'

This acceptance region can be reformulated as

(0,1l ={y €[0,1] | L(y) > 7} (6.1)
where
) __ Mo
M=oty "~ (62)

L(y) is the familiar likelihood-ratio statistic between Hy and H;.
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6.1.3.2. Class Distributions. We developed the Bayes optimal decision rule in the pre-

vious section. Now what remains is to find parametric models for each class distribu-

tion. This section tells the story of how we found them.

Histograms give a good idea about distributions given you have enough data.
With that in mind, we pooled all candidates retrieved for all query terms, labeled each
one as a hit or a false alarm, and derived a normalized histogram for each class. These
histograms are given in Figure 6.1. As evident from the graphs, both classes follow
exponential-like distributions. To support our intuition, we then estimated the param-
eters of exponential and gamma distributions using the class pools. These distributions
overlay the class histograms in Figure 6.1. A closer look at these graphs tells us that
parametric forms very well fit the distribution of false alarms. Unfortunately, this is

not true for hits.

301
251

20

(a) (b)

Figure 6.1. Normalized posterior score histograms of (a) false alarms and (b) hits for
the pool of all query terms (exponential (blue) and gamma (red) distribution

estimates overlaid)

There is a curious jump in the distribution of hits near the right end, thus para-
metric models do not fit the distribution. When we investigated why there is such a
jump in the distribution of hits while it is all fine with false alarms, we noticed the
asymmetry of our retrieval system. Due to the nature of the index, we never retrieve

a candidate with a posterior score “0”. On the other hand, we receive a good deal of
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candidates with posterior score ‘1’, hence the jump.

Solving the mystery of hits, we developed a new idea to fit parametric models

to the data: “leave out all candidates with extreme scores (= 0 or ~ 1)".

Then we
repeated the experiment described in Figure 6.1 with the new set of candidates. Results
are given in Figure 6.2. This time parametric forms very well fit the distributions of

both classes.

,
0.6 0.7 0.8 0.9 1

(a) (b)

Figure 6.2. Normalized posterior score histograms of (a) false alarms and (b) hits for
the pool of all query terms when extreme scores are removed (exponential (blue) and

gamma (red) distribution estimates overlaid)

There is another problem though. The fact that a parametric form fits the distri-
bution of all candidates in a class pool does not necessarily mean that the same form
fits the distribution of candidates in a class retrieved for a single query term. Figure
6.3 gives the posterior score histograms of each class for an example query term. These
graphs corroborate the observation on pools that both classes follow exponential-like

distributions.

Note that the gamma form gives a better fit compared to the exponential form.
However, estimates of gamma distribution parameters do not have closed form ex-
pressions like the exponential distribution. In this work, we decided to utilize the

exponential form to model the distribution of each class. Parametric forms for the
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Figure 6.3. The posterior score histograms of both classes for an example query term.

densities py and p; of the previous section are thus given as:

po(y) = Xoe M, (6.3)
pi(y) = Ae MO, (6.4)

6.1.3.3. Parameter Estimation. Now that we have parametric forms for each class,

our problem reduces to estimating these parameters A; for j = 0,1, along with the
prior probabilities 7; for j = 0,1. However, this is not a straightforward task. When
the system returns candidates for a query term, we do not know which one belongs
to which class — we would not have a decision stage if we had that knowledge —, so
we use a mixture p of the two exponentials py and p; to model the distribution of all

candidate scores retrieved for a query term:

p(y) = mopo(y) + mp1(y)-

where my and 7 are mixture weights. Given the candidate scores (y;, for n =
1,...,Ng) of a query term @y, the exponential mixture model (EMM) parameters
(Mo(Qk), M(Qr) and m(Qy)) are estimated in an unsupervised manner using the

Expectation-Maximization (EM) algorithm. Each iteration consists of first comput-
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ing the posterior of each class

. T (Yiom
P(jlyen) = J(%’Z;ZZJ(;J’“ ) - 1,2, n=1,...,N,
and then updating

3 Zn P(O’yk n)

b\ _ :

(@) >n PO[Ykn)Yrn

N nP 1 n

M(Qr) = > P( |yk, )

Zn P<]—|yk,n)(1 - yk,n)7
1
7;(Qr) = EZP(jlyk,n)-

After a sufficient number of iterations (typically two or three), we assume that each
mixture component represents a class and mixture weights correspond to class priors.
Figure 6.4 shows the normalized histogram of posterior scores and the EM estimate

given by our method for an example query.

15

[ lincorrect Class Distribution
Il Correct Class Distribution

- — —Incorrect Class EM Estimate
—— Correct Class EM Estimate

101

0.4 0.6
Posterior Score

Figure 6.4. The normalized histogram of posterior scores and the EM estimates for

false alarms and hits for an example query.

6.1.3.4. Bayes Optimal Threshold. In the light of Equations 6.2, 6.3 and 6.4:

L(y) _ >\167)‘1(17y) _ ﬁe—h—i-()\o—l-)q)y. (6.5)

)\06_’\0y Ao
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Then using Equation 6.1, 6.2 and 6.5, the acceptance region is given as

0,1 = {y € 1[0,1] | ALt Gotay < W}
/\0 ™
A1+ log(Ao/ A1) + log(mo/m1) + log «
= €10,1 > .
{y 0,1] [y NN

Hence, in the given setting, Bayes optimal term specific threshold values are given as

(Qr) + IOg(S\O<Qk)/§\1(Qk)) "‘AlOg(ﬁO(Qk)/ﬁl(Qk)) + log o
Ao(Qr) + A1 (Qk) 7

k=1,....0.
(6.6)

B(Qu) =

In the proposed method « plays the same role § does in TWV-TST, and allows
us to control the decision threshold for different cost settings. Note that this method
utilizes the likelihood ratio statistic along with class priors to make a Bayes optimal
decision under the cost setting determined by a. Hence, as long as we have reasonable

estimates, this method is likely to beat other approaches.

6.2. Experiments

In this section, we give the detection results on BUTBN-R and BUTBN-HI data
sets. We provide experiments comparing Global Thresholding, Term Weighted Value
Based Term Specific Thresholding and Score Distribution Based Term Specific Thresh-

olding methods.
6.2.1. Global Thresholding

This subsection presents the results of global thresholding on both data sets.
We used NIST’s STDEval suite to obtain the Detection Error Tradeoff (DET) curves
given in the following. Figure 6.5 and Figure 6.6 give the DET curves evaluating the
results on BUTBN-R and BUTBN-HI data sets obtained by using the timed factor
transducer and a lattice beam of four. The points marked on the DET curves indicate

the operating points maximizing the TWV metric.
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Figure 6.5. DET curve (BUTBN-R set, timed factor transducer, beam = 4)
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Figure 6.6. DET curve (BUTBN-HI set, timed factor transducer, beam = 4)
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6.2.2. Term Specific Thresholding

This section compares the TST methods. We provide Precision Recall (PR) and
Receiver Operating Characteristics (ROC) curves for comparison. Plots also include
GT results as a baseline. Figure 6.7 and Figure 6.8 respectively give the PR curves
evaluating the results on the BUTBN-R and BUTBN-HI data sets obtained by using

the timed factor transducer and a lattice beam of 4.

0.9

0.8

—0— Global Thresholding ‘
0.2f| —o—TWV Based TST 1

—O— Score Distribution Based TST
0.1 ‘ ‘

0.5 0.6 0.7 0.8 0.9 1
Precision

Figure 6.7. PR curves (BUTBN-R set, timed factor transducer, beam = 4)

Figure 6.9 and Figure 6.10 respectively give the ROC curves evaluating the results
on BUTBN-R and BUTBN-HI data sets obtained by using the timed factor transducer

and a lattice beam of four.

As evident from the figures in this subsection, TST methods outperform GT
method at all times. Looking at the PR curves, we see that SD-TST curve stays
above the TWV-TST curve over a large interval of precision values for both data sets.
On the contrary, ROC curves demonstrate that TWV-TST outperforms SD-TST over
the entire region of interest. This rather counter-intuitive result can be explained by
recalling the objectives of both methods. TWV-TST aims to maximize the TWV

metric given in Section 2.2.1.2. This metric is directly determined from the Prs and
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Figure 6.8. PR curves (BUTBN-HI set, timed factor transducer, beam = 4)
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Figure 6.9. ROC curves (BUTBN-R set, timed factor transducer, beam = 4)

Pyiss figures achieved by the system and the § parameter. TWV-TST method first
estimates the count of matches to each query and then calculates the optimal term
specific threshold that will provide the best Pra-P;ss combination. Since this method

directly takes into account the Prp4 and Py figures, it is quite plausible that it gives
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Figure 6.10. ROC curves (BUTBN-HI set, timed factor transducer, beam = 4)

the best performance under the ROC curve. On the other hand, SD-TST tries to find
the optimal term specific threshold which separates the putative results in the best way
possible. This is not directly related to minimizing Pr4 as defined in Section 2.2.1.2.
A good separation between putative term results does not necessarily coincide with the
optimal false alarm rate. On the other hand, SD-TST method is directly related to the
Precision and Recall figures since Precision is the measure of how good the separation
is. Long story short, both TST methods have distinct advantages, their relative value

depends on the particular application at hand.

SD-TST performs better on the BUTBN-R data set. There are two factors con-
tributing to the difference between the sets. First, BUTBN-HI set is quite small com-
pared to BUTBN-R, thus SD-TST estimates are quite poor for a large fraction of
queries due to data sparsity issues. Second, BUTBN-HI is a fairly clean set with low
WERs and high discrimination between recognition alternatives. Consequently, there is
not as much improvement opportunity as the BUTBN-R set. Still, the SD-TST perfor-
mance on BUTBN-HI set is comparable to the TWV-TST performance over the entire
region of interest. As a matter of fact, SD-TST performs better in the high precision
region which might be valuable for some STD applications like the sign dictionary [48|.
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7. CONCLUSIONS AND FUTURE DIRECTIONS

In this thesis, we addressed the challenges of the STD task and developed novel
techniques to deal with the indexation, OOV retrieval and detection problems. We
developed four different STD systems - two of them in Turkish and the rest in English
- to evaluate the effectiveness of our proposed methods. Following sections summarize

our conclusions and give future directions for research.

7.1. Indexation and Search

Indexing ASR lattices (word or sub-word level) for STD is not a straightforward
task. Over the last two years, we developed three different strategies to handle this
problem. Our first approach was to employ a two-stage retrieval scheme where STD
is achieved by first performing SUR and then aligning the query with the retrieved
utterance lattices. Later, we developed single-stage schemes which modified the SUR
indexation method by augmenting the index with timing information. As demonstrated
by the comparisons given in Chapter 4, single-stage methods significantly improve the
search-time over the two-stage method. We further analyzed the differences between
the single-stage methods - both theoretically and experimentally - and showed that
timed factor transducer significantly outperforms modified factor transducer as the
query length increases. This fact becomes even more valuable in the case of sub-word

indexing since sub-word query strings are usually much longer.

Since the timed factor transducer inherently stores proximity information (by
means of time stamps), it can be utilized in other SR applications like SDR. Further-
more, since the query can be any weighted automaton, we can search for complex
relations between query words without changing the index. Any finite state relation,
e.g. a regular expression, can be compiled into a query automaton and retrieved from
the index. We gave an example to this type of search in Chapter 5 where we compiled
weighted pronunciation alternatives into a query automaton to search the index for the

OOV term occurrences. Another possibility is to relax the exact string match objec-
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tive and allow for gaps between query terms. Although this is not expected in STD,
it might be useful in other speech retrieval applications. Implementing such a search
is trivial in our framework since we can easily modify the query automaton in such a
way that an arbitrary number of words can be inserted between actual query terms.
Searching for arbitrary permutations of query words, even allowing the insertion of
other words in between these permutations, is yet another trivial extension which can

be achieved without changing the index.

In this study, we have not looked into reducing the information stored inside the
index. The indexes we built for STD store all substrings seen in the lattices. We
can significantly reduce the index size by applying factor selection methods if there
are certain constraints on the queries that will be submitted to the system. A typical
example is the length restriction filter which omits factors longer than a threshold value
during the indexation. Another method is to apply pruning on the index to remove

unlikely paths.

7.2. OOV Retrieval

In Chapter 5, we developed a phonetic query expansion technique to retrieve out-
of-vocabulary (OOV) query words and showed that it can be as effective as knowing
the actual OOV pronunciations. We performed experiments with various phonetic
indexes generated from words and sub-words using lattices and confusion networks.
Our experiments showed that sub-words indexes perform much better in the case of
OOV queries. We also observed that lattice indexes outperform confusion network
indexes as far as retrieval performance is concerned. L2S experiments showed that
using multiple pronunciations significantly improve OOV retrieval, particularly when

the alternatives are properly weighted.

The biggest problem of the L.2S method is the boost in false alarm rates. We sup-
pressed the false alarms by weighting alternative pronunciations with properly scaled
L2S likelihoods. Another possibility is to remove pronunciations matching the words

in the system vocabulary. It is also possible to use a language model or other contex-
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tual information to detect false alarms. An example is to use web resources to build
contextual information about the OOV word at hand. Using a web search engine, we
might derive a simple language model representing the OOV context and classify our

search results with this model.

7.3. Detection

In Chapter 6, we proposed a term specific thresholding technique which utilizes
score statistics to find an optimal threshold value for each query and showed that it
outperforms TWV-TST in terms of precision-recall performance over a wide range of
precision values. This is an expected result since our detection setup is directly related
to the precision-recall figures. Our method is inferior to TWV-TST as far as the DET
(or ROC) curves are concerned. Again, this is an expected result since our method does
not try and optimize the false alarm rate defined in Section 2.2.1.2 like the TWV-TST
method.

Our current implementation of the proposed method does not make use of any
training data to estimate the initial parameters for the EM algorithm. Instead, it re-
lies on some loose assumptions about the initial parameters of the likelihood functions
and uses uninformative prior distributions. Furthermore, our assumptions about the
parametric form of the likelihood function may not be valid at all times. Maximizing
the likelihood with mismatched models degrades the performance even when the initial
parameters are close to the optimal values. We have plans to utilize other parametric
forms to better model the posterior score distributions. Another problem of the pro-
posed method is the lack of sufficient data for robust parameter estimation. Maximum
likelihood estimation is prone to overtraining with sparse data. Bayesian methods can
be used to introduce priors on the model parameters in order to make the estimation

step more robust.
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