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Abstract

This dissertation proposes a new automatic speech summarization method through word
extraction. In this method, a set of words maximizing a summarization score indicating
an appropriateness of summarization is extracted from automatically transcribed speech.
This extraction is performed according to a target compression ratio using a dynamic pro-
gramming technique sentence by sentence. The extracted set of words is then connected
to construct a summarization sentence. The summarization score consists of a word sig-
nificance measure, a confidence measure, linguistic likelihood, and a word concatenation
probability. The word concatenation score is determined by a dependency structure in the
original speech given by Stochastic Dependency Context Free Grammar (SDCFG). This
summarization process aims to maintain the original meaning as much as possible within
a limited number of words.

In order to make abstracts, we then extend this method to summarization of a set of
multiple utterances (sentences). This is done by adding a rule which restricts application
of the score beyond the sentence boundaries. This summarization technique can preserve
more words inside information rich utterances and shortening or even completely deleting
less informative ones.

This paper proposes a summarization method for multiple utterances using a two-level
Dynamic Programming (DP) technique in order to reduce the amount of calculation.

Japanese and English broadcast news speech which has been transcribed using a large-
vocabulary continuous-speech recognition (LVCSR) system is summarized using our pro-
posed method. In addition, lecture speech is also transcribed and summarized to make
abstracts. and compared with manual summarization by human subjects. The manual
summarization results are combined to build a word network. This word network is used

to calculate the word accuracy of each automatic summarization result using the most



ii

similar word string in the network. Experimental results show that the proposed method
effectively extracts relatively important information by removing redundant and irrelevant

information.
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Chapter 1

Introduction

Speech is the most natural form of communication used among humans. Speech communi-
cation has always been, and will continue to be, the most dominant media of information
exchange due to its simplicity and efficiency. Speech can be propagated by telephony,
radio, television and Internet and also can be saved as in the form of archives. Spoken
language processing by computers requires various technologies from signal processing to
acoustics, phonology, phonetics, syntax, semantics, pragmatics and discourse analysis.
Since the advent of research into automatic speech recognition technology four decades
ago, substantial advances has been accelerated by the enhancement of computational
power and storage capacity. As a result of these technical advances, various commercial
products using speech recognition systems are now on the market. A brief review of the
research leading up to the present helps to introduce some of the challenges faced by current
efforts to advance speech recognition technology [1] [2] [3] [4] [5]. Only a few years ago,
speech recognition was primarily associated with a limited number of applications: small-
vocabulary isolated word recognition or phrases, mid-sized vocabulary domain specific
spoken language systems, and dictation systems. For the past decade, large-vocabulary
continuous speech recognition (LVCSR) has been one of the focal areas of research in
speech recognition, serving as a test bed to evaluate models and algorithms. The core
technology developed for LVCSR can be used for applications other than general dictation
systems. Spoken language processing systems have been developed for a wide variety of

applications ranging as follows:

e small-vocabulary



— keyword recognition for telephone routing
e medium-size vocabulary

— voice command and control systems in rudimentary dialogue systems for infor-

mation retrieval and electronic commerce
e large-vocabulary speech dictation

— spontaneous speech understanding

— limited-domain speech translation

These systems have already had a large impact on society. A major advance has been the
ability of today’s laboratory systems to deal with non-homogeneous data, as is exemplified
by broadcast data, which includes changing speakers, languages, backgrounds and topics.

This capability has been enabled by advances in techniques for the following:
e robust signal processing

e improved training techniques, which can take advantage of very large audio and

textual corpora
e algorithms for audio segmentation
e a probabilistic model using the hidden Markov model (HMM)
e unsupervised acoustic model adaptation
o efficient decoding with long-span language models

e ability to use much larger vocabularies than in the past

(64000 words or more is common to reduce errors due to out-of-vocabulary words)

Additionally, the adoption of an assessment-driven development methodology, largely fos-
tered by the U.S. DARPA efforts, have spurred these technical advancements. Fig. 1.1

shows the current research target for speech recognition tasks [6].
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Figure 1.1: The shift of speech recognition tasks in the U.S. DARPA projects.

1.1 Application using Speech Recognition Technology

Recently, LVCSR technology has been making significant advancements. Major applica-
tions of the LVCSR systems in the near future will include automatic closed captioning
broadcast TV programs and audio and video archives, meeting/conference summarization,
unstructured multimedia data management, and natural, user-friendly interface with the
computer. These applications using LVCSR systems can be broadly classified into two

types: speech interface with machines and speech information management.

1.1.1 Speech interface

Human and machine communication via a speech interface realizes a more “friendly” use
of computers without the necessity of typing. Speech recognition technology is used for
systems such as a speech typewriter or voice commands to a machine. Human and machine
dialogue systems using speech interface already on the market are in phone systems, i.e.
air ticket reservation, information retrieval for shops or stock prices. The main challenge

now of spoken language dialogue systems is to provide a more natural, user-friendly inter-
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face with the computer. In the current dialogue systems, machines recognize given phrases
(voice commands), or machines extract key words or phrases in users’ speech representing
information which is needed to achieve the task, such as location, time (key words or
phrase spotting). However, it is not yet possible for speakers to speak to a machine in
the same way as that they can speak to human operators, as the current technology can-
not extract speakers’ exact message via restricted voice commands and immature speech
understanding technology based on key word spotting. In order for the technology to

progress, recognition of natural speech is required.

1.1.2 Unstructured Information Management

With the remarkable progress in computer power, now an enormous amount of speech
data, or multimedia data including speech, can be managed as an information database.
The next step for speech recognition advancement is to create a system in which speech
data is tagged (annotated) by text allowing for retrieval and extraction of information from
databases. The extracted information can be represented by a part of original speech, a
text which is transcribed speech by a recognition system, or synthesized speech.

Speech can be broadcasted with captions generated by speech recognition systems and
simultaneously saved as speech and text (i.e. captions) archives in a database. Cap-
tions can be considered as an indexing of each word in whole speech. In the U.S., closed
captions for broadcast news speech have been started. Since English is phonogram lan-
guage, professional typists can transcribe speech in real time, and applications of speech
recognition technologies have not been needed to make closed captions. On the other
hand, since Japanese text is written with a mixture of three types of characters, Chinese
characters (Kanji) and two types of Japanese characters (Hira-gana and Kata-kana), it
is impossible even for professional typists to transcribe speech in real time. Therefore,
an automatic closed captioning system using speech recognition technology is necessary.
Currently an automatic transcription by a speech recognition system has been developed
by NHK (Japan Broadcasting Corporation) is being directly used for an automatic closed
captioning in a real system [7]. The multimedia database including indexes for informa-
tion retrieval and extraction can be easily constructed using speech recognition systems.

Recently one approach attempted to extract information from such a database by tracking
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speech by query matching to indexes based on an automatic recognition result which had
been synchronized with the speech data [8].

However, users attempting to retrieve information from such a speech database would,
and do, prefer to access at abstracts rather than at the whole data, before they decide
whether they are going to read or hear the entire data or not. Meeting/conference sum-
marization will become useful relatively important information scattered about in the
original speech can be extracted for an abstract. In order to compact information, meet-
ing/conference summarization is actively being investigated [9] [10] .

In the closed captioning of broadcast news, in order to reduce of the number of words
representing speech, speech summarization is also indispensable, because the number of
words spoken by professional announcers sometimes exceeds the number of words that
people can read and understand when all of them are presented on the TV screen in real

time.

1.2 Problem Statement

Until now research into automatic speech recognition technology has focussed on extraction
of linguistic information from speech signals based on each word. The goal of current
recognition systems is to transcribe each word accurately.

Although state-of-the-art speech recognition technology can obtain high recognition
accuracy for speech read from a written text or for similar types of pre-prepared language,
the accuracy is quite poor for freely spoken spontaneous speech. Spontaneous speech is
ill-formed and very different from written text. Even if a speech recognition system can
transcribe it accurately, the transcribed speech usually includes redundant information
such as disfluencies, filled pauses, repetitions, repairs and word fragments. In addition, ir-
relevant information included in a transcription caused by recognition errors is inevitable.
Transcription results including such redundant and irrelevant information, cannot be di-
rectly used for indexing, or making abstracts and minutes.

Even in face to face human communication, such redundant and irrelevant informa-
tion in speech can cause misunderstandings. However, a human’s ability to guess the
exact meaning of a speakers’ messages based on world knowledge can alleviate such mis-

understandings in face to face human communication. Therefore, in order to construct
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practical applications of speech recognition in the real world, first and foremost, systems
must understand speakers’ message before processing tasks to achieve speakers’ or sys-
tems’ demand. Thus, to create truly useful technology for understanding spontaneous
speech, practical applications using speech recognizers require a speech summarization
process which removes redundant and irrelevant information, and at the same time ex-
tracts relatively important information depending on users’ or systems’ needs.

The computational power and storage capacity allows us to access freely archived mul-
timedia data as a database and thus need for skimming technology from unstructured
multimedia data will be required rapidly in the near future. In addition, the combination
of multimedia data and the transcription of its’ audio by a recognition system will make
available databases. In order to build a system to freely access archived multimedia using
large vocabulary continuous recognition (LVCSR) systems, a speech summarization tech-
nique for skimming information including both users’ requirement information extraction

and available information extraction technology will be required.

1.3 Speech Understanding

Speech summarization producing understandable sentences from original utterances can
be considered as a kind of speech understanding. “Understanding” by a machine has
been investigated in the Natural Language Processing (NLP) and Artificial Intelligence
(AI) fields [11] [12]. In the current designs for computer systems understanding written
sentences, knowledge is represented by symbols independent from linguistic notation and
systemized to estimate meanings based on the meaning and context of the linguistic no-
tation, and world knowledge. However, in the designs, the number of possible meaning
hypotheses explode, so understanding via intermediate representation of world knowledge
is not a realistic solution for understanding language by computer systems. Such an un-
derstanding method to estimate all of the factors of syntax, semantics and pragmatics
for grammatically correct sentences based on empirical rules, cannot be applied to un-
derstand the meanings of the transcription of ill-formed speech obtained by a recognition
system. On the other hand, the current Information Retrieval (IR) and Dialogue systems
can almost output users’ required answer based on the features of word distribution in

text without such heuristic understanding methods. Although the understanding process
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of computer systems using statistical models based on the frequency of words in text is

different from humans’ understanding, this technique is very simple and effective.

In this dissertation, a new method to distill information from transcription of speech
by a recognition system and produce a summary in the form of understandable sentences

will be proposed.

1.4 Automatic Summarization Technology

The purpose of summaries generated by humans is to give readers a short and coherent
impression of the main idea of an article. Although, in general, humans do not just
collect the important phrases from original articles, studies have shown that about 80%
of the sentences in abstracts by humans were ”close sentence matches” | i.e., they were
"either extracted verbatim from the original or with minor modifications”, [13]. A broad
distinction is usually drawn between indicative summaries and informative summaries [14].
Indicative summaries are used to indicate what topics are addressed in the source text,
and thus can be used to alert the user to the content. Informative summaries are intended
to cover the concepts in the source text to an extent possible given the compression ratio

of original text words to summary text words.

Techniques of automatically summarizing written text have been actively investigated
in the field of natural language processing for 40 years. An automatic summarization
system must understand text and generate indicative/informative summaries according to
users’ demands. One of the major techniques for summarizing written text is the process
of extracting important sentences from original text. Current machine systems can only
produce an extract of the text, i.e., to select a number of ”most relevant sentences for users’
requests” and present them to the users. However, the sentence extraction technique
cannot be directly applied to speech summarization. A major difference between text
summarization and speech summarization exists in the fact that transcribed speech is
sometimes linguistically incorrect due to the spontaneity of human speech and recognition
errors by the system. A new approach is needed to automatically summarize speech to

cope with such problems.
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1.4.1 Automatic written text summarization

This section describes a brief review of current text summarization techniques [15] [16] [17].
Techniques of automatically summarizing written text have been actively investigated in
the field of natural language processing. Text summarization methods can be classified into
extractive or non-extractive method. Extractive summaries consist of a passages sequence
(phrases, sentences, paragraphs) extracted from an original text, that are then sequenced
together to create the summary. Non-extractive methods are generating summary by
implying a generative component.

One of the major techniques for summarizing written text is the process of extracting
important sentences. Interest in producing simple indicative abstracts, i.e., "extracts as
abstracts”, arose as early as the 1950s. An important paper of these days is the one by
(Luhn, 1958) who suggested to weight the sentences of a document as a function of high
frequency words, disregarding the very high frequency common words [18]. The Abstract
Generation System by Edmundson [19] implemented a system for automatically generat-
ing text abstracts which, additionally to the standard keyword method (i.e., frequency
depending weights), also used the following three methods for determining the sentence
weights, cue word, title and location of a sentence.

A major difference between text summarization and speech summarization exists in
the fact that transcribed speech is sometimes linguistically incorrect due to the humans’
spontaneity of speech and recognition errors by a speech recognition system. The sentence
extraction techniques cannot avoid being affected by recognition errors. A new approach

to automatically summarizing speech is needed to cope with such problems.

1.4.2 Automatic speech summarization

Automatic summarization techniques have been intensively studied in the field of natural
language processing as described in Section 1.4.1. An rapid enhancement of computers
including accelerated processing, huge capacity of storage and high communication speed
allows us to deal with enormous multi-data. Now our information source is not only text
but also speech, image and so on.

One approach attempted to extract information from such a database by tracking

speech by query matching to indexes based on an automatic recognition result which
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had been synchronized with the speech data [8]. However, users attempting to retrieve
information from such a speech database, would and do prefer to access abstracts rather
than the whole data, before they decide whether they are going to read or hear the entire
data or not. Meeting/conference summarization will become useful if it can be developed
to extract relatively important information scattered about in the original speech. In the
natural language processing field, recently a sentence compression technique using both
text and its abstract has been proposed [20].

However, this technique cannot be directly used for speech summarization. The current
issue for automatic speech summarization is how to deal with recognition result including
word errors. Handling word errors becomes on fundamental aspect for successfully sum-
marizing transcribed speech. In addition, since most approaches extract information based
on each word, approaches based on longer phrase, or compressed sentences are required
for extracting messages in speech. This dissertation proposes and automatic speech sum-
marization method to generate meaningful sentences from transcribed speech excluding

word errors by a recognition system.

1.5 Outline of Dissertation

The topics covered in the this dissertation proceed as follows: Chapter 2 describes the
automatic speech summarization system. Chapter 3 to Chapter 4 describe topic score
based on term weighting and word concatenation score based on SDCFG (Stochastic
Dependency Context Free Grammar), respectively. Chapter 5 proposes an evaluation
method for automatic summarization. Chapter 6 describes the evaluation experiments

conducted. Chapter 7 discusses conclusions and future research orientations.






Chapter 2

Automatic speech summarization
system

2.1 Overview of automatic speech summarization system

Recently, large-vocabulary continuous-speech recognition (LVCSR) technology has made
significant advancements. Real time systems can now achieve word accuracy of 90 %
of more for speech dictated from newspapers. Currently various applications of LVCSR
systems, such as automatic closed captioning [7], meeting/conference summarization [10],
and indexing for information retrieval [8] are actively being investigated.

Transcribed speech usually includes not only redundant information such as disfluen-
cies, filled pauses, repetitions, repairs, and word fragments, but also irrelevant informa-
tion caused by recognition errors. Therefore, practical applications using LVCSR systems
require a process of speech summarization which removes redundant and irrelevant infor-
mation and extracts relatively important information depending on users’ requirements,
especially for spontaneous speech.

Techniques for automatically summarizing written text have been actively investigated
in the field of natural language processing [15]. One of the major techniques for summa-
rizing written text is the process of extracting important sentences. A major difference
between text summarization and speech summarization exists is that transcribed speech
is sometimes linguistically incorrect due to recognition errors and the fact that sponta-
neous speech is often linguistically incorrect. A new approach is needed to automatically
summarize speech to cope with such problems.

Our goal is to build a system that extracts and presents information from spoken

11



2.1. OVERVIEW OF AUTOMATIC SPEECH SUMMARIZATION SYSTEM

Figure 2.1: Automatic speech summarization system.

utterances according to users’ desired amount of information. Fig.1 shows our proposed
system. The output of the system can be either a simple set of keywords, a summarized
sentence for each utterance, or summarization of an article consisting of multiple utter-
ances. These outputs can be used for indexing, making closed captions and abstracts, etc.
In the closed captioning of broadcast news, the number of words spoken by professional
announcers sometimes exceeds the number of words that people can read and understand
if all of them are presented on the TV screen. Therefore, reduction of the number of
words in speech is indispensable. Meeting/conference summarization will be useful if it
can extract relatively important information scattered about in the original speech.

In this paper, we first propose a new method of automatically summarizing each ut-
terance. In this method, relatively important words are extracted removing redundant
and irrelevant words according to a target compression ratio. The summarization method
focuses on topic word extraction, weighting linguistically and semantically correct word
concatenation [21][22], and acoustically as well as linguistically reliable parts of speech
recognition results [23]. All of these features are represented as probabilistic scores. Sum-
marization results obtained by this method simultaneously maintain topic words and keep
a syntactic structure by properly weighting the scores.

We then extend this method to summarization of a set of multiple utterances (sen-

tences) having consistent meanings. This is done by adding a rule which restricts applica-

12



CHAPTER 2. AUTOMATIC SPEECH SUMMARIZATION SYSTEM

tion of the score beyond the sentence boundaries. As a result, original sentences including
many informative words are preserved, and those including less informative words are
deleted or shortened. This summarization technique can be considered as a combination
of the summarization method extracting important sentences developed in the field of
natural language processing and the sentence-by-sentence summarization method. This
multiple utterance summarization method should be especially useful for making lecture

abstracts, meeting minutes, etc.

2.2 LVCSR system

In this section, a large vocabulary continuous speech recognition (LVCSR) system is de-
scribed [24] [25]. A LVCSR system translates speech signals continuously spoken by a
human into a corresponding word sequence. Figure 2.2 shows a typical LVCSR system.
The system is roughly divided into two processing parts (speech analysis and decoder)
and three knowledge sources (acoustic model, word lexicon, and language model).

In the speech analysis, the speech input S, a series of analog signals, is first transformed
into a series of digital signals by analog-to-digital (AD) conversion. Then the features
useful for speech recognition are extracted from the signals. A time series of the extracted
feature, O, is sent to the next decoding part. In the decoder, the most likely word sequence
W for the time series O is searched from among all the possible sequence of words in the
lexicon. The recognition process is generally formulated as a stochastic process using

Bayes’ theorem.

P(W|0) = max P(W]0)

POW)P(W)

max PO) (2.1)

where the conditioned probabilities P(O|W) is given by the acoustic model, and a priori
probability P(W) is given by the language model. P(O) can be ignored because it’s

independent from W. Consequently, the decoding process is to solve the following problem.

A~

W = arggvnax P(OIW)P(W) (2.2)

13
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Speech Input
|'s

Acoustic Analysis

0 Word Lexicon
>
Decoder
Acoustic Model . Language Model
W=argmax P(O|W)P(W)
W
N
| W

Recognition Result

Figure 2.2: LVCSR system

2.2.1 Speech Analysis

AD conversion

The input analog signals are first sampled for digital processing. While the frequency
range perceptible to human beings is between 20 and 20 000 Hz, the range including the
sound of human speech is only from 50 to 7000 Hz. A sampling frequency of 14 000 Hz is
therefore high enough for speech processing. A frequency lower than 14 000 Hz, however,
is sometimes used because of the limitations of the transmission channel or to reduce

computational costs.

Short-term spectrum

Speech research has proved that pitch and formant are important features for human
perception. In the simplest speech production model, the vocal code generates excited
signals (which correspond the pitch) and the vocal tract (whose response corresponds

the formant) filters the signals. Although it may appear that speech recognition could
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be realized by simulating the human speech production system, this is not possible with
today’s technology for the following two reasons. First, it is difficult to observe the real-
time movement of the vocal organization. Second, it is not always possible to estimate
the pitch and formant frequency from the acoustic signals observed.

Instead, the short-term spectrum is used for speech recognition in most cases. Here it
is assumed that speech signals are stationary during a short period of 10-100 ms. Then

the spectrum for this period is computed using the fast Fourier transform (FFT).

Cepstrum

The cepstrum of a signal is defined as a Fourier transform of the logarithm of the signal’s
power spectrum. It is especially useful when input signals are the superposition of exci-
tation signals and linear filters. Speech signals are one such superposition: the excitation
signals generated from the vocal code are filtered by the vocal tract response.

Let y(n) be the speech signal at time n, v(n) be the excited signal from the vocal code,

and h(n) be the vocal tract response. Then

y(n) = wv(n)xh(n), (2.3)
Y (™) = V(ed¥)x H(e™Y), (2.4)
log|Y (e’)| = log|V(e’™)| +log |H (e’")], (2.5)

where Y (+), V(+), H(-) are the Fourier transforms of y(n), v(n), and h(n).

Then the cepstrum c(k) is
c(k) =v(k) + h(k). (2.6)

Although the dimension of cepstrum is the same as that of time, the term quefrency
is used as the dimension of cepstrum. In the cepstrum, the component v(k) of the vocal
tract response is dominant in the lower quefrency, while the component h(k) of the vocal
code has a strong peak at high quefrencies, which corresponds to a pitch frequency and
its harmonics.

The influence of the pitch is efficiently removed by liftering (analogous to filtering in
the spectral domain) the components v(k) in the quefrency domain. The components

representing the vocal tract response are used as the features for speech recognition.
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Figure 2.3: Left-to-right HMM.

Dynamic features

Dynamic features of the spectrum play an important role in human speech perception,
and the delta cepstrum [26] developed to take these features into consideration is defined

as follows:

YK ken(t + k)
Acy(t) = =X Zgi P

This delta cepstrum and the second derivative feature, delta-delta cepstrum, are of-

(2.7)

ten used with cepstrum in many speech recognition systems and have been found to be

effective.

2.2.2 Acoustic Models

Acoustic models based on hidden Markov models (HMMs) have recently been used widely
for speech recognition(e.g., [27]). In this approach, the speech signals are characterized
as outputs from Markov sources. In the recognition of words, for example, an HMM is
assigned to each word in the lexicon, and for each utterance the recognized word selected
is the one whose HMM is most likely to produce that utterance.

HMMs are classified into three types according to the form of the output probabil-
ity density function (pdf) in each state: the discrete HMMs, in which the output pdf
is discrete; the continuous density HMMs, in which the output pdf is continuous; and
the semi-continuous HMMSs, which is the combination of the discrete HMMs and the
continuous-density HMMs.

The example of an HMM (a left-to-right HMM) is shown in Figure 2.3. For the
simplicity of explanation, only the discrete HMMs (DHMM) is referred here. Let O =
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(01,...,0¢,...,07) be an observation sequence. Let S be the number of states, and
A = {a;;} be a set of transition probability distributions, in which a;; is the probability
of transition from state i to state j; let B = {b;(0;)} be a set of the output probability
distributions, where b;(0;) is the output probability of the feature vector o, at state i; let
V = {vy,va,..., v} be the set of symbols, where M is the number of symbols; and let
q: be the state at time t; let @ = {q1,...,qr} be a state sequence in which ¢, is the state
at time t. Then

bi(oy) = bi(k) = P(oy = vy, |q = 1), 1=1,...,5, (2.8)

where S is the number of states in the HMM. The initial probability distribution 7 = {m;}

is also defined, where 7; is the probability of being state ¢ at time 1:
Wi:P(qlzi), i:1,...,5. (2.9)

The parameter set A\ = (A, B, ) is the complete parameter set for the model. From now
on, the focus is on a left-to-right HMM, in which a number of states form a sequence and

from each state only transitions to itself and to the next state on the right are allowed.

Recognition using HMMs

This subsection shows how the probability of an observation sequence for a given HMM
is calculated. Let O = (o01,...,07) be the observation sequence, A\ = (A, B, ) be the
parameter set of the HMM, and let P(OJ|\) be the probability of O, given the model \.
In principle, P(O|\) is obtained by adding up the probabilities of all the possible state
transitions, each of which can be expressed as a path in a two-dimensional plane (see
Figure 2.4).

There are two algorithms that can be used to calculate the probability: the Forward
algorithm and the Viterbi algorithm. In the Forward algorithm the forward probability
ay(7) is defined as:

(i) = P(o1,...,04 q = i|A). (2.10)

The forward probability is calculated as follows:

Oél(i) = 7ribi(01), 1 S ) S S, (2.11)
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at+1(j) = (Z at(z’)aij> bj(0t+1)7 1 S t S T — 1, 1 S j S S, (2.12)
=1
S
PO[N) = > ar(i). (2.13)
=1

This recursive process finally yields the probability P(O|)). In the Viterbi algorithm (see
Figure 2.5) a maximization process is used instead of the summing procedure used in the

Forward algorithm:

51(2) = 7ribi(01), 1 S ) S S, (2.14)
5,5(]) = lrgixs(ét_l(i)aij)bj(ot), 2 S t S T, 1 S] S S, (2.15)
P*(O|N) = lrélzagxséT(z). (2.16)

Strictly speaking, the probability P*(O]|\) obtained by the Viterbi algorithm is only an ap-
proximation of the probability obtained by the Forward algorithm. The Viterbi algorithm
is often used, however, and it has been proved that the recognition accuracy obtained with
the Viterbi algorithm is not significantly different from that obtained with the Forward

algorithm. In the system, the Viterbi algorithm is used in the recognition process.
2.2.3 Language Models

The statistical model that gives P(W) for each word sequence W is called a language

model and its parameters are estimated from a very large linguistic corpus.
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Figure 2.5: Viterbi algorithm.

Let W = wqws...wr be a word sequence in which L is the number of words in W.

Then the probability P(W) can be written as:

P(W) = P(wlwg...wL)

= P(wl)P(wg\wl) .. .P(wL\wL_l, <o, Wa, wl). (217)

The probabilities for all the possible word sequences are almost impossible to estimate from
a limited amount of data. Thus, the assumption most often used is that the probability

of each word is affected only by the (N — 1) preceding words:
P(wi\wl, W,y ..y wi_l) ~ PN(wi\wi_l, Wi—2y « -y wi_NH). (2.18)

This model is called an N-gram model. Let C(w;, w;y1,...,w;+n—1) be the number of
occurrences of the word sequence w;w;—1...w;—n+1 in the training corpus. Then, the

probability Py (w;) for each word wj is calculated as follows:

Clwi, wi—1,...,Wi_N41)
C(wi—1,-- ., Wi—N+1)

PN(wi\wi_l, ceey wz‘_N+1) = (219)

Usually, a bigram in which N = 2, or a trigram in which N = 3 is used.
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2.3 Summarization of each sentence utterance

2.3.1 An Approach of Speech Summarization

Our proposed method to summarize speech, sentence by sentence, extracts a set of words
maximizing a summarization score from an automatically transcribed sentence according
to a target compression ratio. The summarization score indicates goodness of a summa-
rized sentence, and it consists of a word significance score I as well as a confidence score
C of each word in the original sentence, a linguistic score L of the word string in the sum-
marized sentence [21] [23], and a word concatenation score Tr. The word concatenation
score indicates a word concatenation probability determined by a dependency structure in
the original sentence given by SDCFG [22]. The total score is maximized using a dynamic
programming (DP) technique [21] [23].

This method is effective in reducing the number of words by removing redundant and
irrelevant information without losing relatively important information.

Given a transcription result consisting of N words, W = w1, wo,...,wy, the summa-
rization is performed by extracting a set of M (M < N) words, V = v, va, ..., vy, which

maximizes the summarization score given by eq. (2.20).
M
S(V)= Z {L(vp] ... vm=1) + ArL () + AcC(vm) + ArTr(vm—1,vm)}  (2.20)
m=1
where A7, Ac and Ar are weighting factors for balancing among I,L, C and T'r.

2.3.2 Word significance score

The word significance score I indicates relative significance of each word in the original
sentence [21]. The amount of information based on the frequency of each word given by

eq.(2.21) is used as the word significance score for topic words.

Fy
i
where,
w; ¢ a word in the transcribed speech
fi © number of occurrences of w; in the transcribed article
F; ' number of occurrences of w; in all the training news articles

F4 : summation of all F; in all the training news articles(= >_; F;)
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This equation means that the significance is higher when the word is more frequent in the
target article and is relatively rarer in all the training data. Therefore it is inferred to be
similar to a tf * idf (term-frequency * inverse-document-frequency) broadly used in the
field of information retrieval. However the above score gave better performance than that
of the tf * i¢df in a preliminary experiment described in Chapter 3.

To improve the summarization, it is effective to limit words to which the significance
scores are applied. In an article, there exist topic words associated with a topic of the
article. Such words are usually content words (nouns, verbs, etc). If the score is applied to
all words, summarization results are greatly influenced by frequent non-topic words such as
function words (particles, prepositions, etc). Therefore a set of words characterizing topics,
TopicWord, and a flat score for the words except for TopicWord, const, are introduced,
and the equation is rewritten as eq. (2.22). And furthermore to reduce the repetition of

words in the summarized sentence, the flat score is also given to each reappearing topic

words.
filog %‘ if w; € TopicWord,
I(w;) = and wj is first appearing in the article. (2.22)
const otherwise

Where const is set to relatively low value. We choose only nouns including words that

mean verbal sense as TopicW ord in Japanese, while we choose nouns and verbs for English.

2.3.3 Linguistic score

The linguistic score L(vy,| ...vm,m—1) indicates the appropriateness of the word strings in
a summarized sentence. and is measured by a bigram probability P(v,,|vm,—1) or trigram
probability P(vs,| vm—2vm—1) [21]. In contrast with the word significance score which
focuses on topic words, the linguistic score is helpful to extract other words necessary to

construct a readable sentence.

2.3.4 Confidence score

The confidence score C' (vy,) is incorporated to weight acoustically as well as linguistically
reliable hypotheses [23]. This score is aimed at extracting high-confidence words (clearly
spoken words) and excluding low-confidence words (recognition errors). Specifically, a

posterior probability of each transcribed word, that is the ratio of a word hypothesis
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probability to that of all other hypotheses, is calculated using a word graph obtained by

a recognizer and used as a confidence measure [28] [29].

Word-graph-based posterior probabilities

A word graph consisting of nodes and links from a beginning node S to an end node T in
time course is shown in Fig.2.6.

Nodes represent time boundaries between possible word hypotheses and links connect-
ing these nodes represent word hypotheses. Each link is given acoustic log likelihood and
linguistic log likelihood of a word hypothesis.

The posterior probability of a word hypothesis wy; is given by

ag Pac(wi ) Py (i) 51

C(wg,) = log g , (2.23)

where,

k.l : node number in a word graph (k < 1)

W : word hypothesis occurred between node k£ and node [

C(w,) : log of the posterior probability of wy,

Qg : forward probability from the beginning node S to node k

167} : backward probability from node [ to the end node T’

Pye(wy,) : acoustic likelihood of wy,

Pig(wy,) : linguistic likelihood of wy

g : forward probability from the beginning node S to the end node T'(= ar)

2.3.5 Word concatenation score

Suppose “the beautiful cherry blossoms in Japan” is summarized as “the beautiful Japan”.
The latter phrase is grammatically correct but a semantically incorrect summarization.
Since the above linguistic score is not powerful enough to alleviate such a problem, a word
concatenation score T(vy,—1,v,,) is incorporated to give a penalty for a concatenation
between words with no dependency in the original sentence. Every language has its own
dependency structure, and in Section 2.3.5, a basic computation of the word concatenation
score independent of the type of language is described. In the following section, this
computation is adjusted to process the dependency structure specific to the Japanese

language.
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11

10,11

Time

Figure 2.6: An example of word graph.

2.3.5.1 Basic approach

Dependency structure

An example of the dependency structure represented by a dependency grammar is shown as

the curved arrows in Figure 2.7. In a dependency grammar, one word is designated as the

The beautiful cherry blossoms bloom in spring

Figure 2.7: An example of dependency structure.

head of a sentence, and all other words are either a dependent of that word, or dependent
on some other word which connects to the head word through a sequence of dependencies
[30]. The word at the beginning of an arrow is named the “modifier” and the word at the
end of the arrow is named the “head” respectively. For instance, the dependency grammar
of English consists of both “right-headed” dependency indicated by right arrows and “left-
headed” dependency indicated by left arrows as shown in Figure 2.7. These dependencies

can be represented by a phrase structure grammar, DCFG (Dependency Context Free
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Q‘\I\m

B a
W,.... W-lW&"'MW¥@&'WW+I""W

Figure 2.8: A phrase structure tree based on a word-based dependency structure.

Grammar), using the following rewrite rules based on Chomsky normal form.

a — pa (right-headed)
a — «af (left-headed)

o — w

where a and [ are nonterminal symbols and w is a terminal symbol (word). Figure
2.8 illustrates an example of a phrase structure tree based on a word-based dependency
structure for a sentence which consists of L words, w1, ..., wr. The w, modifies w,, when
a sentence is derived from the initial symbol S and the following requirements are fulfilled:
1) the rule of @ — fa is applied; 2) w; ... wy is derived from 3; 3) w, is derived from g;

4) Wp41 ... wj is derived from o and 5) w, is derived from o.

Dependency probability

Since dependencies between words are usually ambiguous, whether dependencies exist
or not between words must be estimated by a dependency probability that one word is
modified by others. In this study, the dependency probability is calculated as a posterior
probability estimated by the Inside-Outside probabilities [31] based on SDCFG.

The probability that the w, and w, relationship has a “right-headed” dependency
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structure is calculated as a product of the probabilities of the above-mentioned steps from
1) to 5). On the other hand, the “left-headed” dependency probability is calculated as
the product of the probabilities when the rule of a« — a3 is applied. Since English has
both right and left dependencies, the dependency probability is defined as the sum of
the “right-headed” and “left-headed” dependency probabilities. If a language has only
“right-headed” dependency, the “right-headed” dependency probability is used for the de-
pendency probability. For simplicity, the dependency probabilities between w, and w, is
denoted by d(w,,w,, i, k, j), where i, k are the indices of the initial and final words derived
from [, and j is the index of the final word derived from «. The dependency probabil-
ity d(wg, w,, i, k,7) with both right-headed and left-headed dependency is calculated as

follows:
d(wma wi, i? k: .7)

= {Z f(i, jla) Pl — Ba)h (i, k| B)hi(k + 1, jle)
af

+ ) f(i,j\a)P(Oéﬂaﬁ)hm(i,kla)hz(kJrleﬁ)} (2.24)
afazp

where P is a rewrite probability and f is an outside probability given by eq. (4.7) in
Section 4. h is a head-dependent inside probability that w, is a head of a word string

derived from «, which is defined as follows:

i gl0)
n—1 j—1
> {Z Pla— Ba)e(i, k|B)hn(k + 1, jla) + 3 | Pla — aB)hn(i, kla)e(k+1,j|5) }
_ ) 8 U= if i< h=n (2.25)
Pla — wy) if i=j=n
0 otherwise

where e is the inside probability given by eq. (4.6) in Section 4.

Word concatenation probability

In a summarized sentence generated from the example in Figure 2.7, “beautiful” can be
directly connected with “blossoms” and also with “cherry” which modifies “blossoms”. In
general, as shown in Figure 2.8, a modifier derived from ( can be directly connected with

a head derived from « in a summarized sentence. In addition, the modifier can be also
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connected with each word which modifies the head. The word concatenation probability
between w, and w, is defined as a sum of the dependency probabilities between w, and
wy, and between w, and each of the wyi1...w,. Using the dependency probabilities
d(wg, wy, i, k, j), the word concatenation score is calculated as a logarithmic value of the

word concatenation probability given by:

z y-1 L J

T(wg, wy) = logz Z Z Z d(wg, w,, i, k, 7). (2.26)

i=1 k=x j=y 2=y
2.3.5.2 Word concatenation score for Japanese

Japanese has a different dependency structure from English. In order to efficiently summa-
rize Japanese speech, the word concatenation score must be converted for the dependency
structure of Japanese. Japanese sentences are divided into phrase-like units (bunsetsu) as

exemplified in Figure 2.9. We denote the phrase-like unit bunsetsu by 'phrase’. Since each

}BR

v

Intra-phrase Intra-phrase

Cu|Cr2 ClS FufFY

——Phrase 1 Phrase 2——
C : Content words Final content words
F @ Function words Final function words

Figure 2.9: Japanese phrase-based dependency structure.

content word always starts a new phrase, it is easy to convert a sentence into a phrase
sequence. According to the modification rules for Japanese, a content word modifies func-
tion words following it, and forms one phrase. Each phrase is made up of a content word
followed by zero or more function words, and each word modifies succeeding words within

the phrase.
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Japanese sentences have only “right-headed” dependency indicated by right arrows in
Figure 2.9. In addition, word dependency structures in each phrase are deterministic and
can be represented by the regular grammar. The dependency structures of Japanese sen-
tences can be represented by inter-phrase and intra-phrase dependencies. The dependency

structures between phrases (inter-phrase dependency) can be represented as follows:
a — fa

a — P

where P is a phrase. On the other hand, the dependency structures between words in
each phrase (intra-phrase dependency) can be represented as follows:
a — pw

a —  w

where w is a word. A word concatenation probability between words within a phrase of the
original sentence is calculated using intra-phrase word concatenation probability based on a
rule described below. Word concatenation probability between words in different phrases

is calculated using inter-phrase word concatenation probability based on a phrase-based

SDCFG.

Intra-phrase word concatenation probability

Since a dependency structure between words within a phrase is deterministic in Japanese,
intra-phrase word concatenation probability is set to 0 or 1 by the intra-phrase word con-

catenation rule consisting of the following 4 rules.
1. A phrase boundary can be connected to any content words in the succeeding phrase.

2. The final content word or the final function word in a phrase can be connected to

the succeeding phrase boundary.
3. Each word in a phrase can be connected to the next word in the same phrase.
4. A phrase boundary can be connected to any following phrase boundaries.

Figure 2.10 illustrates word concatenations allowed in a summarized sentence based on the

intra-phrase word concatenation rule for a sentence consisting of 2 phrases in Figure 2.9.
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C : Content words Final content words
F : Function words Final function words

Figure 2.10: Intra-phrase rule.

The arrows toward the right direction indicate possible concatenations between words
within a phrase in a summarized sentence. Word concatenation probabilities between
words within a phrase in the original sentence satisfying the intra-phrase word concatena-
tion rule in Figure 2.10 are set to 1, and probabilities between words without satisfying the
rule are set to 0. Summarizing a sentence based on the intra-phrase word concatenation
rule is exemplified using “phrase 1” in Figure 2.10. The summarization process is one of

the following types of word extractions.
1. No word is extracted from a phrase.

2. Only the final content word is extracted.

{C13}

3. Content word sequences including the final content words are extracted.

{C12C13}, {C11C12Ch3}

4. The final content word or content word sequence are attached to all function words.

{Ci13F11F12}, {C12C13F 11 Fra}, {C11C12C13F 11 Fia}

Inter-phrase word concatenation probability

A word concatenation probability between words in different phrases is determined by
a dependency structure between phrases. Since dependency between phrases is ambigu-

ous, an inter-phrase word concatenation probability is calculated as a probability (phrase
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dependency probability) that one phrase is modified by others based on a phrase-based
SDCFG [22].

The dependency probability between phrases is represented using the dependency prob-
ability between words described in 2.3.5.1. Suppose a sentence consists of M phrases,
Py, ..., Py, the phrase dependency probabilities between P, and P, (1 < x < z < M)
is defined as d,(P,, P,,m,l,n) by converting a word dependency probability as shown in
Figure 2.8 in 2.3.5.1, where M, m, [ and n in dp,(P,, P,,m,l,n) correspond to L, i, k and
j in d(wg, w,, i, k, j) respectively.

Using the phrase dependency probabilities dy,( P, P., m,[,n), the word concatenation
score T, (Py, Py) between words in different phrases is calculated by:

z y—1 M n

Tp(Py, Py) =1og > > >N " dy(Pr, P,m, 1 ). (2.27)

m=1 l=z n=y 2=y
Since Japanese sentences can be represented only by the rule of a — Pa, the final
phrase P, in a phrase string P,,, ..., P; derived from (3, is always derived from the same
nonterminal symbol 3. The final phrase P,, in a phrase strings Pjy1,..., P, derived
from «, is also derived from the same nonterminal symbol «. As shown in Figure 2.11,
the phrase dependency structure is simpler than the general word dependency structure
illustrated in Figure 2.8. Therefore, applying only o — [ results in [ = x and z = n.

The word concatenation score T),(P;, P,) given by eq. (2.27) is simplified as follows:

z M
Tp(PiU?Py) = log Z Z dp(PﬂhPyvmvxan) (228)

m=1n=y
Here, d,,(Py, Py, m,x,n) is calculated as a posterior probability estimated using the Inside-

Outside probability [31] based on a phrase-based SDCFG described in Section 4:

d(Py, Pyym,z,n) =Y gla— Basm,x,n) (2.29)
a,B

Computation of word concatenation score for Japanese

Suppose w,; and wy belong to Py, ) and Py, respectively, where ph(w) denotes an
index of a phrase including a word w. A word concatenation score of w, and w, within

a phrase (ph(w;) = ph(wy)) is calculated using the intra-phrase word concatenation rule
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Q=W

Figure 2.11: A phrase structure tree based on a phrased-based dependency structure.

(R(wg, wy) = 0,1). On the other hand, the word concatenation score when w, and w,
occur in different phrases (ph(w,) < ph(wy)) is calculated using a dependency probability
between Fpp(w,) and Ppp(w,) based on phrase-based SDCFG. The word concatenation score
T'(wg, wy) is calculated as a logarithmic value of the word concatenation probability as
follows:

) To(Pohqws)s Ponwy))  if Ph(wg) < ph(wy)
T(wg,wy) = { lopg Rp(}ij,wz)ph if ph(wg) = ph(wy) (2.30)

2.3.5.3 SDCFG

SDCFG is constructed using a manually parsed corpus. Parameters of SDCFG are esti-
mated using the Inside-Outside algorithm as described in Section 4. In our SDCFG [22],
only the number of non-terminal symbols is determined and all possible phrase trees are
considered. The rules consisting of all combinations of non-terminal symbols are applied
to each rewriting symbol in a phrase tree. In this method, the non-terminal symbol is
not given a specific function such as a noun phrase function, and the function of non-
terminal symbols are automatically learned from data. Probabilities for frequently used

rules become bigger, and those for rarely used rules become smaller. Since words in the
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Figure 2.12: An example of DP alignment for speech summarization.

learning data for SDCFG are tagged with POS (part-of-speech), the dependency proba-
bility of words excluded in the learning data can be calculated based on their POS. Even
if the transcription results obtained by a speech recognizer are ill-formed, the dependency

structure can be robustly estimated by the SDCFG.

2.3.6 Dynamic programming for automatic summarization

Given a transcription result consisting of N words, W = w1, wo, ..., wy, the summariza-
tion is performed by extracting a set of M(M < N) words, V = wvy,vs,...,vp, which
maximizes the summarization score given by eq. (2.20) using a Dynamic Programming
(DP) technique. An example of the two-dimensional space for performing the dynamic
programming process is shown in Figure 2.12. The vertical axis indicates the transcription
result consisting of 10 words, and the horizontal axis indicates the summarized sentence
having 5 words. All possible sets of 5 words extracted from the 10 words are indicated by
the paths from the bottom-left corner to the top-right corner.

The algorithm is as follows:
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2.3. SUMMARIZATION OF EACH SENTENCE UTTERANCE

1. Definition of symbols and variables

(s) : beginning symbol of a sentence
(/s) : ending symbol of a sentence
P(wy, |wiw) : linguistic score
I(wy) : word significance score
C(wy) : confidence score
T (wy, wy,) : word concatenation score
s(k,l,n) : summarization score of each word
s(k,1,n) = log P(wy,|wrwy) + A1 (wy) + AcC(wy) + ArT (wy, wy,)
g(m,l,n) : summarization score of a sub-sentence (s), ..., w, wy, consisting of m words,
beginning from <s>, and ending w;,w, (0 <1 <n < N)
B(m,l,n) : back pointer

2. Initialization
Summarization score is calculated for each sub-sentence hypothesis consisting of one
word. —oo is given for each word which is never selected as the first word in the
summarization sentence consisting of M words.
dham_{{gPMM@»+Aﬂmw+Adﬂmﬁ if 1<n<(N-M+1)

00 otherwise

3. The DP process

A dynamic programming recursion is applied for each pair of the last two words

(wy,wy,) of each sub-sentence hypothesis consisting of m words.

form=2to M
forn=mtoN-m+1

forl=m—-1ton—1

g(m7 [ n) = Iilaf{g(m -1k, l) + S(k7 [ n)}
<

B(m,l,n) = argmax{g(m — 1, k,1) + s(k,l,n)}
k<l

4. Select the optimal path
The best complete hypothesis consisting of M words is decided by selecting the last

two words (w;,ws).

S(V) = max__ g(M,ln)+log P({/s)[wiwn)
N-M-1<I<N-1

(I,d) = argmax g(M,1,n)+log P({/s)|wywy)

N—M<n<N
N—M-1<I<N-1
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CHAPTER 2. AUTOMATIC SPEECH SUMMARIZATION SYSTEM

5. Backtracking
We can get the word sequence V' = v;...vps of the best summarization result by

backtracking the back pointers retained in 3.

form=M to1l

Um — Wy,

' = B(m, 1, )
n=1

=1

2.4 An approach of Multiple Utterances Summarization

2.4.1 Summarization of multiple utterances using DP technique

Our proposed automatic speech summarization technique for each sentence can be ex-
tended to summarize a set of multiple utterances (sentences) having consistent meanings
by combining a rule which gives restrictions at sentence boundaries. As a result, original
sentences including many informative words are preserved, and sentences including few
informative words are deleted or shortened.

Given a transcription result consisting of J utterances, Si,...,S; (S; = wj1, wj2, ...
,wjN;) the summarization is performed by extracting a set of M(M < > N;) words,
V = v1,v9,...,v) which maximizes the summarization score given by eq. (2.20). The

algorithm is as follows:

1. Definition of symbols and variables

sj(k,l,n) : summarization score of each word
sj(k,l,n) =log P(wjn|wjrwjr) + Al (wjn) + AcC(win) + AT (wji, wjn)
gj(m,l,n) : local optimal score of (s),wi1,...,w;i, wj, consisting of m words

beginning with (s) of the sentence S; and ending with wj;,w;, in the sentence
Sj (0§l<n§Nj)

Gj(m) : local optimal score at the end of the sentence, consisting of m words
beginning with (s) of the sentence 1 and ending with (/s) in the sentence j

bj(m,l,n) : back pointer

B;(m) : back pointer of the end of a sentence
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2.4. AN APPROACH OF MULTIPLE UTTERANCES SUMMARIZATION

2. Initialization
0 m=0
Go(m) = {—oo otherwise
Bo(m) = ¢

3. The DP process
Dynamic programming recursion is applied and the summarization score is summed
up through sentences S7...S;.
forj=1to J

calculation for the beginning of a sentence : the summarization score is calculated

as the score up

to the preceding sentence, Gj_i(m — 1), plus the score for the first one word
selected from the

current sentence.

Gj—1(m —1) +1log P(wjn|(s)) + Arl(wjn) + A\cC(wjn) if 1<n<N;j
—00 otherwise

gj(maovn) - {
bj(maoan) = ¢

calculation for the inside of a sentence : DP recursion is applied for each sentence

in the same
manner as that of sentence-by-sentence summarization described in Section
2.3.6:
form = j x 2 to Nj

forn =2 to N;
forl=1ton—1
gj(m,l,n) = Orgg)él{gj(m — 1Lk ) +sj(kln)}
bi(m,Ln) = argmax{g;(m — 1,k,0)+ s, (k. L,n)}
0<k<l

calculation for the end of a sentence : the score of the local best hypothesis up to
the end of S is

calculated:

Gj(m) = Oggngj(m, 1,n) + log P({/s)|wjiwjn)
0<I<N;—1

(I,7) = argmax gj(m,l,n)+log P({/s)|wjiw;n)
0<7’LSN]'
0<I<N;—1

Bi(m) = (i.#)
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CHAPTER 2. AUTOMATIC SPEECH SUMMARIZATION SYSTEM

4. Backtracking
We can get the word sequence V' = vy ...v)s of the best summarization result for the
multiple utterances by backtracking the back pointers retained within each sentence
and at the end of each sentence, where:
j=J
m=M
while m > 0
U = Wy,
I' = bj(m,1,7n)
=1
if I’ # ¢ then
=0

else
Um—1= (/s)
Um—2 = (8)

Figure 2.13 illustrates the DP process for summarizing multiple utterances. This sum-
marization technique can be considered as a combination of the summarization method
developed in the field of natural language processing which extracts important sentences,

and our sentence-by-sentence summarization method.
2.4.2 Summarization of multiple utterances using two-level DP

However, the amount of calculation for selecting the best combination among all possible
combinations of words in the multiple utterances increases as the number of words in the
original utterances increases. In order to alleviate this problem, we have proposed a new
method in which each utterance is summarized according to all possible summarization
ratio and then the best combination of summarized sentences for each utterance is de-
termined according to a target compression ratio using a two-level DP technique. Figure

2.14 illustrates the two-level DP technique for summarizing multiple utterances.
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Figure 2.13: An example of DP process for summarization of multiple utterances.

Our proposed automatic speech summarization technique for each sentence has re-
cently been extended to summarize a set of multiple utterances (sentences) [36]. A set
of words maximizing the summarization score is extracted from multiple utterances un-
der some restrictions applied at the sentence boundaries. These restrictions realizes the
summarization of multiple utterances by handling them as a single long utterance. This
results in preserving more words inside information rich utterances and shortening or even
completely deleting less informative ones. However, the amount of calculation for selecting
the best combination among all possible combinations of words in the multiple utterances
increases as the number of words in the original utterances increases. In order to alleviate
this problem, we have proposed a new method in which each utterance is summarized
according to all possible summarization ratio and then the best combination of summa-
rized sentences for each utterance is determined according to a target compression ratio
using a two-level DP technique. Figure 2.14 illustrates the two-level DP technique for

summarizing multiple utterances.

1. Definition of symbols and variables
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Figure 2.14:  An example of DP process for summarization of multiple utterances.

sn (1) : summarization score of a sentence consisting of [ words
that summarized from sentence S,
0<I<Lp1<n<N

2. Initialization

Q
—
VA
=
—
~
~—

Sy

where 0<I1< L4

S
FN

3. DP process
forn=2to N
M=M-+1L,
form=0to M

g(n,m) = m_Lnr%ia%(szo{g(n —1L,0)+ sp(m—10)}

B(n,m)= argmax {g(n—1,1)+ sp(m—10)}
m—Lp, <I<m,1>0

4. Traceback
forn=Ntol
l,=M — B(n,M)
M = B(n, M)
forn=1to N
Output S, (1)
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Chapter 3

Topic Score based on Term
Weighting

As discussed in Section 2.3.2, a score to detect topic words from the transcribed news

speech is applied to the word significance score for informative words.

Topic Detection

Technology for automatically detecting words representing topics of utterances is expected
to be applied in many different ways, such as making broadcast news databases accessible

with keywords.

Measure for Topic words

The measures based on the frequency of each word given by eq.(3.1) — eq.(3.7) is used as

the word significance score for each noun.

TopicScore(w;) = g;-log CCT;A (3.1)
. gi
TopicS ) = —F 3.2
opicScore(w;) e (3.2)
. gi
TopicScore(w;) = ——— 3.3
g (o) log (g4 - G) (33)
. gi
TopicScore(w;) = ——— 3.4
picScore(w) = (3.4)
g?
TopicScore(w;) = p ZG (3.5)
A~ Gy
TopicScore(w;) = §; — G, (3.6)
Gi — Gi
TopicScore(w;) = J = (3.7)
G;
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3.1. EVALUATION EXPERIMENT

where,
w; :  anoun in the transcribed speech (i =1,2,---, N)
gi : number of occurrences of w; in the transcribed article
G; :  number of occurrences of w; in all the training news articles

G4 : summation of all G; in all the training news articles(= ", G; )

3.1 Evaluation Experiment

Twenty-nine broadcast news articles comprising 142 utterances by 15 male speakers (8
anchors and 7 others) were used for evaluation. Each news article has 2-14 utterances
(5 utterances on the average). Correct topic words were given by three subjects. Ten
phrases, which correspond to 24.4 words, were given on the average for each news article
by each subject.

Two correct topic word sets were constructed for each news. A “AND” set was made
from topic words given by all subjects in common (10.4 words on the average for each
news article), and an “OR” set was made from topic words given by at least one subject
(35.7 words on the average for each news article). Supplementary experiments were also
conducted by giving correct texts instead of transcription results as input.

Results using either the “AND” set or “OR” set as the correct topic word set averaged

over the 29 news articles are shown below.

Training Data Set

Nikkei newspaper articles published over a five-year period (879,681 articles, 97400k words)
[32] were morpholized by ChaSen [33] and used for calculating the topic score.

3.2 Evaluation Method

The words with higher TopicScore(w;) are selected as topic words according to the given
number of words. In order to test the performance of topic words extraction, the following

measures are evaluated using Recall and Precision given by eq. 3.8 and eq. 3.8 respectively.

Recall = %'100 (%)

C
Precision = E-IOO (%)
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CHAPTER 3. TOPIC SCORE BASED ON TERM WEIGHTING

where

C : the number of correctly detected topic words
T : the total number of correct topic words
H : the total number of detected topic words

Usually there is a trade-off between Recall and Precision. Precision decreases as Recall
increase and Recall increases as Precision decrease. Both Recall and Precision are expected

to be higher.

3.2.1 Topic Words Extraction from Transcribed Japanese News Speech

Five, ten, or fifteen topic words are respectively extracted from the “OR”set based on the
topic score given by eq.(3.1) and eq. (3.2) — eq.(3.7). The evaluated result using precision

is shown in table 3.1.

Table 3.1: The performance of the topic score (“OR” set, Precision[%)]).

The number of extracted words ‘ 5 ‘ 10 ‘ 15

Topic score TRANS | REC | TRANS | REC | TRANS | REC
88.3 82.8 82.1 73.4 79.5 66.2
) 85.5 77.9 78.6 70.0 78.2 64.1
) 84.8 77.2 79.0 70.3 78.4 65.3
) 82.1 76.6 76.9 68.6 75.9 65.5
) 65.5 55.9 67.9 59.0 68.3 58.4
)
)
)

69.6 55.9 70.4 59.0 70.7 58.4
57.2 49.0 63.8 52.4 64.6 53.8
43.4 29.7 45.2 34.1 46.0 34.0
TRS: manual transcription, REC: recognition result

WIW W W w ww
OO»Jk\IOTl\DCDOO

(3.1
(3.
(3.
(3.
(3.
(3.
(3.
(3.

The topic score given by eq. (3.1) performs the best. The value of log G 4/G; in eq.
(3.1) means the total amount of information provided by w;. Since Gj; is normalized, the
score is not directly affected by the size of the training data set. The topic score given by
eq. (3.2) and eq. (3.3) also works well due to the application of the logarithmic value. On
the other hand, the performance given by eq. (3.7) is worse because of highly weighting Gi.

In order to compare the score for Information Retrieval given by eq. (3.8) was evaluated.

M
TopicScore(w;) = g;-log 7 (3.8)
(2

where
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M
F; -

number of articles in all data
number of articles that noun w; appears in all data

The result using tf - idf measure is worse because of highly weighting log M/ F;.

In order to compare with the topic extraction for recognition result, topic words are
extracted from the manual transcriptions using eq. (3.1), eq. (3.2), eq. (3.3) and eq.
(3.6). Figure 3.1 and fig. 3.2 show the Recall-Precision for the recognition result and the
manual transcription result respectively.

The errors for extraction of topic words from the recognition results is 1.5 times of

those for the manual transcription.

3.2.2 Topic Word Detection using News Manuscript

The topic scores were calculated using manuscripts which were prepared for anchor persons
for five year period. In order to compare the performance of the topic scores between using
the newspaper text and the news manuscripts, the 1030M words (almost the same size of

the manuscripts) in the newspaper text 3.2 were used for calculation.

Table 3.2: Comparison between training sets using the newspaper text and the news
manuscript (OR, Precision|[%])

Number of extracted words ‘ 5 ‘ 10 ‘ 15
Training data TRANS | REC | TRANS | REC | TRANS | REC
Nikkei newspaper text 89.0 82.1 82.4 73.8 77.9 66.4
News speech 88.3 84.8 83.1 70.0 79.3 66.0

TRS: the manual transcription, REC: the recognition result

There is no significant difference between the performance using the newspaper text
and the news manuscripts. The evaluation results using Recall-Precision are shown in fig.
3.3 and fig. 3.4

3.3 Summary

The evaluation result to detect topic words of Japanese broadcast news speech using the
topic scores given by eq.(3.1) — eq.(3.7). based on the newspaper text shows that eq. (3.1)

is the best. Therefore, topic scores are calculated based on eq. (3.1) in this thesis.
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Figure 3.3: Topic extraction from the recognition results(“OR” set)
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Figure 3.4: Topic extraction from the transcription results(“OR” set)
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Chapter 4

SDCFG for Word Concatenation
Score

This chapter proposes a Stochastic Dependency Context Free Grammar (SDCFG) that is
applied to a word concatenation score. In Section 2.3.5, it has already been shown that
the word concatenation score can be derived from dependency probabilities between words
in a sentence to be summarized based on the SDCFG. This chapter here describes how to
estimate parameters of the SDCFG which are used for dependency probabilities.

First, formal language theory and grammars that express the dependency structure
based on the NLP techniques are indicated. The syntactic structure of formally written
sentences can be captured by deterministic grammars such as Context Free Grammars
(CFGs), which is a rule-based approach. On the other hand, since speech is a peculiar
language which consists of many informal ill-formed sentences, a stochastic approach to
estimate the dependency structure is necessary. In this study, the stochastic approach
based on CFG, i.e., Stochastic Dependency Context Free Grammar (SDCFG), is pro-
posed for speech summarization. Since languages have their own dependency structure,
an approach to calculate parameters of basic SDCFG and other approaches specific to

English and Japanese are described.

4.1 Formal Language Theory

In order to capture the syntactic structure of a sentence, approaches have attempted to
represent the grammar of language. Chomsky’s formal language theory gives us a basic
concept to solve this problem. The grammar is a formal specification of the permissible
structures for language. By using parsing techniques, we can analyze the structure of the
sentence, and check if it’s compliant with the grammar.

The most common way of representing the grammatical structure of a sentence, “Bob
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4.1. FORMAL LANGUAGE THEORY

S
/ \ Rewrite Rules:

NP VP S ->NPVP
b N NP> N
N Vv NP VP->V NP
NP->DET N
DE/T\N DET>—>the
N -> Bob
b V > plays

Bob plays the guitar

Figure 4.1: A tree representation of a sentence and its corresponding grammar.

plays the guitar,” is by using a tree, as illustrated in Figure 4.1. The node labeled S
is the parent node of the node labeled NP and VP for noun phrase and verb phrase,
respectively. The V P node is the parent node of node V for the verb, and the node NP.
Each leaf is associated with the word in the sentence to be analyzed. To construct such a
tree for a sentence, we have to know the structure of the language so that a set of rewrite
rules can be used to describe what tree structures are allowable. These rules, as illustrated
in Figure 4.1, determine that a certain symbol may be expanded in the tree by a sequence

of symbols.

In Chomsky’s formal language theory, a grammar is defined as G = (N,7,P,5),
where A and 7 are finite sets of non-terminals and terminals respectively. A/ contains all
the non-terminal symbols. In the example in Figure 4.1, S, NP, VP,V . N.,and DET are
included in N. The terminal set 7 contains Bob,plays,the,and guitar. P is a finite set of
production (rewrite) rules, S — NP VP, NP — N, and so on. In general, S is a special

non-terminal, called the start symbol.

The language to be analyzed is essentially a string of terminal symbols, such as “Bob
plays the guitar.” It is produced by applying production rules sequentially to the start
symbol. The rewrite rule is of the form A — B, where A and B are arbitrary strings of
grammar symbols N and 7, and the A must not be empty. In formal language theory,
four major languages groups and their associated grammars are hierarchically structured.

They are referred to as the Chomsky hierarchy as defined in Table 4.1.
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Table 4.1: Chomsky hierarchy
Types Constraints
Phrase structure grammar A — B.

This is the most regular grammar

Context-sensitive grammar Phrase structure grammar

that satisfies |A| < |B| where

|.| indicates the length of the string.
Context-free grammar(CFG) | @« — A where « is a non-terminal.
This type of rules can be written as
Chomsky normal form: o« — w and
«a — (v where «,(3,and vy are non-
terminals and w is a terminal.

Regular grammar The rewrite rule is expressed as:
a — w and a — wp.

4.2 Dependency Grammar

As shown in the previous section, the dominant tradition within modern linguistics and
NLP has been to use phrase structure trees to represent the structure of sentences. How-
ever, an alternative, and much older, tradition is to describe linguistic structure in terms
of dependencies between words. Such a framework is referred to as a dependency grammar
(DG). In a dependency grammar, one word is the head of a sentence, and all other words
are either a dependent of that word, or else dependent on some other word which connects
to the head word through a sequence of dependencies. Dependencies are usually shown as

curved arrows, as for the example in Figure 4.2.

AT

The old man ate the rice slowly

Figure 4.2: A sentence representation based on the dependency grammar.

4.3 Dependency Context Free Grammar

The dependency structure of the sentence can be written as phrase structure models. This
type of grammar is referred to Dependency Context Free Grammar (DCFG). The example

of the DCFG-based tree representation is illustrated in Figure 4.3. The rewrite rules are



4.4. STOCHASTIC APPROACH FOR PHRASE STRUCTURE GRAMMAR

/ V\ Rewrite Rules:

N Y V->NV
N\ / \ V ->V ADV
V ->V N
PET N Y ADV N->DETN
/\* /\ N ->ADJN
ADJ N V N V -> ate
/\ N -> man
N ->rice
DET N DET -> the(The)
v l l ADJ->old
The old man ate the rice Sowly ADV ->dowly

Figure 4.3: A sentence representation based on the dependency context free grammar.

divided based on Chomsky normal form into the following types of rules.

a — PBa
a— af

a— w,

where the first two types correspond to right-headed (forward) and left-headed (backward)
dependencies respectively.

As you can see, the rules in the figure can not force strict constraints word-by-word,
because each word is first rewritten as N, V., ADJ, ADV, or DET, each of which rep-
resents a corresponding part-of-speech (POS). Therefore, the constraints of DCFG look
poorer than those of the general dependency grammar. However, the DCFG can be as
isomorphic as the dependency grammar by increasing the number of non-terminals. Fur-
thermore, the DCFG is a more flexible grammar because the balance between the coverage
and the strictness of the grammar can also be controlled by the number of non-terminal

symbols.

4.4 Stochastic Approach for Phrase Structure Grammar

Whereas rule-based approaches to model the syntactic structure of sentences have been
described in the previous sections, this section presents stochastic approaches for speech

are presented.
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4.4.1 Stochastic Context Free Grammar

The CFG can be augmented with probability for each rewrite rule as follows:

a— 0, P(a— 0) € [0,1]
aeN, e NUT)*

Y Pla—0)=1

0
This grammar is called a stochastic context free grammar (SCFG), or a probabilistic con-
text free grammar (PCFG). The derivative probability of a sentence, w1, wa, ..., wr(w; €
T), is written as:

P(S—> wlwg...wL)

It can be obtained as a probability that the sentence is produced by recursively applying
rewrite rules from S.

The advantages of the SCFGs lie in their ability to more accurately capture the em-
bedded usage structure of spoken language to minimize syntactic ambiguity. The use
of probability becomes increasingly important to discriminate among many competing
choices when the number of rules is large.

If we have many parsed sentences as a training corpus, the parameters of the SCFG
(the probability of each rewrite rule) can be estimated as ML estimates by counting the
number of times that each rule is used in the corpus. However, since it is not easy to
obtain such corpora, the Inside-Outside algorithm [31] [34] is used. The Inside-Outside
algorithm is an EM-based algorithm that makes it possible to estimate the parameters of
SCFG from any corpus without parsed sentences.

In the Inside-Outside algorithm, each rewrite rule has to be expressed as a Chomsky

normal form:

a — Py
a — w
a,B,veN, weT

The production probability of the rules, « — (v and o — w, are defined as P(a — (37)
and P(a — w) respectively. The algorithm for estimating parameters of the SCFG is

described below. Figure 4.5 indicates the estimation steps.
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L Initial Parameter Setting J

(b) Outside Probability

Parameter
Re-estimation

SDCFG

Figure 4.4: Estimation algorithm of SCFG
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1. Initialization

P(a — B) is given a flat probability and P(«a — w) is given random values.

2. Calculation of the inside probability
Given a sentence consisting of L words, w1, ws,ws,...,wr, the inside probability
is defined as the probability that w;...w; is derived from «, illustrated in Figure

4.4(a). The inside probability e(i, j|a) is calculated as follows:

e(i, jlo)
= Pla— w;...w))
i
Y Pla— By)e(i,k|Belk+1,5]y)
= k=i 8
! if i<j
P(a — w;) if i=j
(4.1)

3. Calculation of the outside probability
The outside probability f(i, j|a), illustrated in Figure 4.4(b), is calculated as follows:

f(i, jla)

= P(S — W1... Wi 10Wj41 .- .’LUL)

i—1
= Y > P(B—ya)e(k,i—1|y)f(k, j|8)

k=1 By
L
+ 57 S P8 ay)e(i + 1, k) £, kI B)
k=j+1 B~

4. Re-estimation of parameters
When wy, we, . . .wy is derived from S, the probability of applying the rule of « — G~

in any location in the derived tree is defined as follows:
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where ¢(i,k,j;a — () is calculated using a production probability that Gy is
derived from «, the inside probability that w; . ..wy, is derived from 3 and wg41 ... w;
is derived from -y, respectively, and the outside probability that words other than a

word string derived from « are derived from S.

The g(i, k, j; o« — () is given as follows:

9(i,k, j;a — Bv) = e(i, klB)e(k+ 1, j|1y) Pla — By)f (i, jla) (4.4)

While the production probability of w is given as follows:

3 Pla—w)fGiil)

Plao — w) =

(1, 1]5) (45)
The estimated probabilities given by eqgs. (4.3) and (4.5) obtained by the steps 2 to 3 are
used for the initial probabilities and then estimated again.

However, the computation of the Inside-Outside algorithm is very expensive. Its com-
putational complexity is O(N3L?), where N is the number of non-terminals and L is the
number of words in a given sentence, respectively. When the number of non-terminals
gets larger, the learning process becomes slower rapidly. If a grammar for NLP is ap-
plied to rewrite rules, the number of non-terminals should be more than several hundred,
which makes it impossible to estimate probabilities using the Inside-Outside algorithm. In
this study, a stochastic approach based CFGs without using grammatical rules of NLP is
proposed [22]. This SCFG is calculated using a manually parsed corpus based on the re-
estimation algorithm described above. In this approach, only the number of non-terminal
symbols is determined and all possible phrase trees are considered. The rules consisting
of all combinations of non-terminal symbols are applied to each rewriting symbol in a
phrase tree. In addition, the non-terminal symbol is not given a specific function such as
a noun phrase function. The role of each non-terminal can be directly derived from text
corpora according to the maximum likelihood (ML) criterion. Production probabilities
for frequently used rules become bigger, and those for rarely used rules become smaller.
It is not necessary to previously define any grammatical rules except for the number of

non-terminals.

4.4.2 Stochastic Dependency Context Free Grammar

In this section, in order to estimate dependency structures, Stochastic Dependency Con-

text Free Grammars are proposed.
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SDCFG for English

In languages having both right and left dependencies such as English, the rewrite rules
of that two nonterminal symbols are derived from a nonterminal symbol is modified as
follows based on the dependency grammar:

a — PBa

a— af

a—w
Whereas the computational complexity in the SCFG is O(N3L3), that of SDCFG is
O(N?L?3) by this modification. Where N and L mean the number of non-terminals and

the number of words in a sentence, respectively.

Re-estimation of Parameters in SDCFG for English

Suppose a sentence consists of L words,
S—>w1...wi...wL

Where,

L : number of words in a sentence
w; : i-th word in a sentence

The rewrite probabilities of « — fa and @ — w are denoted by P(a — ()0 and
P(a — w)Orespectively. The algorithm for estimating parameters of the SDCFG is

described below. Figure 4.5 indicates the estimation steps.

1. Initialization
P(a — pa) and P(a — «f) are given a flat probability, and P(a — w) is given

random values.

2. Calculation of the inside probability
The inside probability illustrated in Figure 4.5(a) is calculated as follows:

e(i,jla) = Pla—w;...w;)

j—1

Z {Z P(a — Ba)e(i, k|B)e(k+ 1, j|a)

k=1 8

= + Z P(a — af)e(i, kla)e(k+ 1, j|B) }
B:a#£B

if i<y

Pla — w;) if =]

(4.6)
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3. Calculation of the outside probability
The outside probability illustrated in Figure 4.5(b) is calculated as follows:

f(’L,j‘Oé) = P(w1 .. .wi_lawjﬂ .. .’LUL)
i—1
= > {Z P(a — fa)e(k,i—1|6)f(k, jla)
k=1 Jé]

+ Y P(B— Ba)e(k,i— 1!ﬁ)f(k,j!a)}
Brats

L
+ 3 {Zp(ﬁeaﬁ)e(j+1,k!ﬁ)f(i,k!a)

k=1 |3
B:a#p

(4.7)
4. Estimation of parameters

The parameters are re-estimated using the probabilities obtained by the steps 2 to

3, in the same way as parameters of SCFG are re-estimated as described in 4.4.1.

L-1 L j-1
> glisk. jsa— Ba)
~ =1 j=i+1 k=1t
P(a — fa) = (. Z19) (4.8)
L
Pla — w)f(i, j|o)
Pla — w,) = =2 (4.9)

e(1, L|S)
where

9(i, k, j; o = Ba) = e(i, k[ B)e(k + 1, jla) Pl — Ba) f (i, j|av) (4.10)
9(i,k, j; o — af) = e(i, kla)e(k + 1, j|B) P(a — af) (i, jla) (4.11)

5. The steps from 2 to 4 are iterated until the parameters are saturated.
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Figure 4.5: Estimation algorithm of SDCFG
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SDCFG for Japanese

Japanese language has only right-headed dependency where a modifier precedes the head.
In order to adjust the rewrite rules specific to the Japanese language, the following SD-
CFGs are proposed [22].

1. word-based SDCFG
The rules of that two nonterminal symbols are derived a nonterminal symbol is

modified as follows based on the dependency grammar:

a — fa

a —w

An amount of calculation is reduced from O(N3L?) to O(N2L3) by applying the
rule of & — Ba. The SCFG using the dependency structure between words is call
K-SCFG hereafter.

2. phrase-based SCFG
In stead of words, phrases are derived from the nonterminal symbols and the regular

grammar is applied for words in each phrase as follows:

(inter-phrase) o — By
(intra-phrases) — « — w,
a — Pwy
where w, is content words and wy is function words. Given M phrases in a sentence,
an amount of calculation can reduce O(N3L3) to O(N3M?3). As Japanese phrases

contain approximately two words on average, the training time is expected to be

reduced to about (1)3.

3. phrase-based SDCFG

The dependency rule a — S is applied between phrases as follows:

(inter-phrase) a — Ba
(intra-phrase) o — w,
a — PBwy

The phrase based SDCFG (called PK-SCFG hereafter) can reduce an amount of
calculation from O(N3L?) to O(N2M?3). The computation amount is reduced by
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(3 In the phrase-based SCFG (P-SCFG, PK-SCFG), phrase boundaries are

L(l)i%‘
automatically determined using POS information. In this method, a phrase consists

of a content word and zero or more function words following it. Table 4.2 shows the

specification of each model.

Table 4.2: Compared SCFGs

word based phrase based
name SCFG P-SCFG
a— By a— By
not used rule type a—w a — We
Restricted a— Pwy
grammar amount of calculation O(N°L?) O(N°M® + N°MTI)
name K-SCFG | K-SCFG2 PK-SCFG
a— PBa a — fa a — Pa
used rule type a— w o — We a — We
a— PBwy a— PBwy
amount of calculation O(N?L?) O(N?M? + N°MI)
N : number of nonterminals

L : number of words in a sentence
M : number of phrases in a sentence (~ 1L)
I : number of words in a phrase

In order to compare with PK-SCFG, K-SCFG2 consisting of o — Ba and a regular
grammar o — Pw is tested. The difference between PK-SCFG and K-SCFG2 is

illustrated in Figure 4.6.

o a
'\
a A
5 B 2

/1

(We W W, W W) WWWV\/f

(a) Both ‘K-SCFG2 (b) ‘K-SCFG2' only
and ‘ PK-SCFG’

Figure 4.6: Examples of derivations of PK-SCFG and K-SCFG2
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In this study, in order to estimate a dependency structure for speech summarization,

a phrase-based SDCFG is used for the word concatenation score for Japanese.

Parameter Re-estimation in Phrase-based SDCFG

Parameters of a phrase-based SDCFG are estimated from a manual parsed corpus using
the Inside-Outside algorithm. Since words in the corpus are tagged with POS, phrase
boundaries are automatically detected based on the POS. Each phrase is made up of a
content word followed by zero or more function words. In this study, content words include
nouns, adjectives, verbs and adverbs, and the remaining words are included as function

words. Suppose a sentence consists of M phrases,
P, is defined as follows:

Pm = WmcWmf1Wmf2 .- - Wmf Km

Where,
M : number of phrases in a sentence
Wine : content word of the m-the phrase
Wpf; ¢ i-th function word on m-th phrase
K, : number of functions words in m-th phrase

Rewrite probabilities of & — fala — w.O0a — pws are denoted by P(a — fa)O
P(a — we)0 P(a — Pwy), respectively. The algorithm for estimating parameters of the

phrase-based SDCFG is described below. Figure 4.7 indicates the estimation steps.

1. Initialization
P(a — pa) is given a flat probability and P(a — w.)0 P(ov — fwy) are given

random values.

2. Calculation for intra-phrase forward probability
The probability of deriving w,e Wimg1 - .. Wiy, from o in the m-th phrase is calcu-

lated by the forward probability illustrated in Figure 4.7(a):

h(m,i,a) = P& — WneWmfl .- Wit
P(Oé—>wmc) Zf i=0
- > h(m,i—1,8)P(a — Bwnf,) if i>0
B

(4.12)
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3. Calculation of the inter-phrase inside probability
The inter-phrase inside probability illustrated in Figure 4.7(b) is calculated using
the intra-phrase forward probability:

e(m,n|la) = Pla— Py ...P,)

h(m, Ko, a) if m=n
= n—1
> > Pla— Ba)e(m,1|B)e(l+ 1,n|q) if m<n
l=m f
(4.13)

4. Calculation of the inter-phrase outside probability
The inter-phrase outside probability illustrated in Figure 4.7(c) is calculated using
the inter-phrase inside probability:

f(m,n|a) = P(S—>P1...Pm_1apn+1...PM)

m—1
= Z ZP(oz — Ba)e(l,m —1|B) f(l,n|a)
=1 g

+ 3 S P(B— afe(n+ LUB)f(m,15)  (4.14)

l=n+1 S

5. Calculation of the intra-phrase backward probability
The intra-phrase backward probability illustrated in Figure 4.7(d) is calculated as

follows using the inter-phrase outside probability:

'r(m, i, a) = P(S — P1 e .Pm_lawmf’i_kl e -wmf,Kum—i-l .. PM)
flm,m, ) if i=Kpn
B ZP(B - awmf,i—i—l)r(m:i"i_ 176) Zf 1< Km
B

(4.15)

6. Estimation of parameters

The parameters are re-estimated using the probabilities obtained by the steps 2 to

5.
M-1 M n-1
> g(m,l,n;a — Ba)
m=1 n=m+1Il=m
= 4.1
a(a — fa) o(1, MS) (4.16)
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M
Z P(a — we)r(m, 0, «)
blar — w,) = DHtme=e (4.17)

e(1, M|S)

M Km
Z Z h(m,i—1,3)P(a — pwy)r(m, i, a)

m=1 i=1lw,,f;=wy

é(a — Pwy) = (1, M|S) (4.18)

where

g(m,I,n;a— fa) = e(m, [8)e(l +1,nla)Pla — Ba) f(m,nla)  (4.19)

7. The steps from 2 to 6 are iterated until the parameters are saturated.
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Figure 4.7: Estimation algorithm of phrase-based SDCFG
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4.5 Application of SDCFG for a LVCSR system

SCFG is a very expressive language model because it allows the expression of not only
local constraints like the N-gram model, but also the expression of global constraints
over a whole sentence. However, in order to estimate parameters of a SCFG, use of the
Inside-Outside algorithm is required, which needs a significant amount of computation,
proportional to the cube of the number of the non-terminal symbols and the length of
the input sequences. Because of the enormous calculation amount, SCFG has rarely been
used for speech recognition.

In contrast with SCFG, the proposed SDCFG model can decrease the amount of com-
putation of the Inside-Outside algorithm. Application of dependency grammar to SCFG
results in computations proportional to the square of the number of the non-terminal
symbols. In addition, application of the phrase based grammar results in an amount of
computation proportional to 1/8 of the computation using the dependency grammar.

In Appendix A, the phrase-based SDCFG is tested for its performance in a speech

recognition system in comparison with other types of SCFGs.
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Chapter 5

Evaluation Method for Automatic
Summarization

In our previous experiments the summarization results were evaluated according to the
performance of extracting ”important words” selected by human subjects from the manual
transcriptions and maintaining the meaning of the original speech [21]. However, evalua-
tion by humans for all automatic speech summarization results would be extremely cost
inefficient. In this thesis, in order to evaluate the automatically summarized sentences,
correctly transcribed speech is manually summarized by human subjects according to the
target summarization ratio and used as correct targets. In consideration of subjective
variations, the precision of extracted keywords and that of each word string with a certain
length in the manual summarizations by human subjects were evaluated. In addition, the
manual summarization results are merged into a word network and the most similar word
string in the network is compared with an automatic summarization result based on a

summarization accuracy.

5.1 Precision of Keywords and Word Strings
5.1.1 Precision of Keywords

The precision of extracted keywords corresponds to coverage of the core information.
This measure is calculated as the mean of word significance values defined as percentages
of subjects who have selected words as keywords. The precision of keywords R of the

summarization V' = v10ve . .. Ouys is given as follows.

M
Z(m)

R= m=t % (5.1)
M J
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a : number of subjects to make manual
summarizations

M : total number of words in a summarized
sentence

Um, : m-th word in a summarized sentence

¢(vy,) : number of subjects extracting vy,

5.1.2 Precision of Word Strings

To evaluate linguistic correctness and maintenance of the original meanings of the utter-
ance, the precision of each word string with a certain length in the automatically summa-
rized sentences is defined as how many such word strings are included in at least one of
the manual summarizations by human subjects.

The extraction ratio W.Sp of each word strings consisting of D words in a summarized

sentence V = vy, v9, ..., vy is given by
M
Z 5<vm—D+1a <oy Um—1, Um)
WSp = 1= 5.2
b M—-D+1 ’ (52)
where

1 Zf up € Up

‘5<“D)_{ 0 if up ¢ Up

up : each word string consisting of D words
Up : aset of word strings consisting of D words
in all manual summarizations

Note that words occurring in different locations in an original sentence are considered to
be different words even though they are the same words. When D is 1, WSp indicates
the precision of each word and when D is the length of a summarized sentence M, W.Sp

indicates the precision of the summarized sentence itself.

5.1.3 Test Evaluation Performance
5.1.3.1 Structure of the broadcast news transcription system

Acoustic models

The acoustic model in the sharable software repository for Japanese large vocabulary
continuous speech recognition by IPA was used [35]. The feature vector extracted from
speech consists of 12 MFCCs (mel-frequency cepstrum coefficients), the delta of their
features, and the delta of normalized logarithmic power (derivatives). The total number

of parameters in each vector is 25. MFCCs were normalized using the CMS (cepstral mean
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subtraction) method. The phone models used were shared-state triphone HMMs designed
using tree-based clustering. The total number of states was 1012, and the number of
Gaussian mixture components per state was 8. They were trained using speech by 100

speakers reading newspaper.

Language models

Broadcast-news manuscripts recorded from August 1992 to May 1996, comprising of ap-
proximately 500k sentences consisting of 22M words, were used for constructing language

models. The vocabulary size was 20k words.

Decoder

We used a word-graph-based 2-pass decoder for transcription. In the first pass, a frame-
synchronous beam search was performed using the above-mentioned HMMs and a bigram
language model. A word graph was generated as a result of the first pass. In the second
pass, the word graph was rescored using a trigram language model to derive the final

transcription, which was then used for summarization.

5.1.3.2 Evaluation Experiments

Evaluation data

Japanese broadcast news speech on TV in 1996 was used as a test set to evaluate our
proposed method. The set consisted of 419 utterances by a female anchor speaker, and
was manually segmented into sentences. The out-of-vocabulary (OOV) rate for the 20k
word vocabulary is 2.5% and the perplexity for the test set was 54.5. Fifty utterances
with word recognition accuracy above 90%, which was the average rate over the fifty
utterances, were selected and used for the evaluation. The summarization ratio, the ratio
of the number of characters in the summarized sentences to that in the original sentences,
was set to 20, 40, 60, 70 and 80%.

Language models for summarized sentences

A trigram language model for summarization was built using text from Mainichi newspa-
per published from 1996 to 1998, comprising of approximately 5.1M sentences consisting of
87M words. We did this because we considered newspaper text to be generally more com-
pact and simpler than broadcast news text, and therefore more appropriate for building
language models for summarization than broadcast news text. In our previous experiments
the automatically summarized sentences using word trigrams constructed from newspaper

text were much better than those constructed from broadcast-news manuscripts.
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Evaluation results

Automatically summarized utterances without the confidence measure incorporated (REC),
that with the confidence measure (CM), and the summarized transcriptions by humans
(TRS) were evaluated. To set a goal for the automatic summarized sentences, each manual
summarization by 25 human subjects (SUB) were evaluated based on the manual summa-
rizations by 24 human subjects except for the evaluated summarization itself. To insure
that our method was sound, we considered randomly generated summarizations according
to the summarization ratio (RDM) to compare the precisions with those achieved by our
proposed methods.

The results evaluated by precision of keywords is shown in Table 5.1. The better
results of CM than that of REC shows the precision of keywords of the summarized
speech improved significantly by using the confidence score. The difference between TRS

and CM is that some important words in TRS were not included in CM.

Table 5.1: Evaluation results by precision of keywords

[ Target ratio | 20% [ 40% [ 60% [ 70% [80% |

RDM 0.17 { 0.35 | 0.54 | 0.66 | 0.75
REC 0.20 | 0.38 | 0.58 | 0.69 | 0.77

CM 0.27 1 0.41 | 0.57 | 0.68 | 0.75
TRS 0.31 | 0.43 | 0.60 | 0.71 | 0.78
SUB 0.45 | 0.56 | 0.68 | 0.75 | 0.80

The evaluation results by precision of word strings for the condition of 70% summa-
rization ratio is shown in Fig.5.1. The concatenation of words is more constrained when
word strings were evaluated on longer word strings. Therefore, the word string precisions
of all types of summarizations decrease gradually with the length of word strings. The
automatic summarization of TRS, REC and CM can maintain the correct word concate-
nation more often than RDM. The rapid decrease of RDM precision indicates the word
concatenations of RDM are grammatically and semantically incorrect. However the re-
sults of the automatic summarizations cannot reach the performance level of the goal of
SUB. The same types of results were also shown by all summarizations using the various
summarization ratios.

In order to evaluate the efficiency of the confidence score for the recognition results
with lower accuracy, 10 utterances with relatively lower accuracy in the test set (called
”difficult test set”) were separately evaluated. The word string precisions in the condition

of 20% summarization ratio is shown in Fig.5.2. The left figure shows all the test set and
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Figure 5.1: Precision of word strings vs. length of a word string at 70% summarization
ratio.

All test set Difficult test set
28 1 SUB -
£
0.8
2
20.6
o |
0.4
Rl
2
§0.2 T
o " . .
0o 4 6 8 10 129% 2 4 & 8 10 12
Length of a word string Length of a word string

Figure 5.2: Precision of word strings vs. length of a word string at 20% summarization
ratio.

the right one shows difficult test set results. The results show that the confidence measure
can improve the automatic summarization especially when the speech recognition rate is
relatively low.

Figure 5.3 shows the relationships between the precision of a 3-word string and the
precision of keywords. TRS and REC indicates summarization results of manual tran-
scribed speech and automatically transcribed speech, respectively. MAI and NHK show
summarization results generated using language models using corpora of Mainichi newspa-
per text and manuscripts for broadcasting news of NHK, respectively. The linguistic score

calculated using the newspaper text can generate much better summarization results.

In order to evaluate the relation between precision of word strings and subjective evalu-
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Figure 5.3: Precision of 3 word string vs. precision of keywords

ation for the automatic summarization results, 10 human subjects categorize the automatic
speech summarization into 3 groups, that of same, inclusive and different meanings. Each

automatic summarization result is given a score as follows:

Group Score
SAME 2
INCLUSIVE 1
DIFFERENT 0

The score averaged among subjects is defined as the subjective evaluation score. Fig-
ure 5.4 shows the correlation of the precision of 10 word string with subjective evaluation
scores by humans. The correlation coefficient is 0.68, and thus higher word string precision

indicates higher availability to maintain original meanings.

However, the quality of an automatic summarization result as a “sentence” cannot be
directly evaluated using this precision of word strings. A measure to evaluate how much

automatic summarized sentences maintain original meanings is needed.
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Figure 5.4: Correlation between precision word strings and subjective evaluation score.

5.2 Summarization Accuracy Based on a Word Network of
Manual Summarization

In order to automatically evaluate summarized sentences in terms of maintenance of orig-
inal meanings, if must be compared to a correct answer for a summarized sentence. Since
correct answers generated by human subjects vary subject to subject, the manual sum-
marization results are merged into a word network, which approximately expresses all
possible correct summarizations including subjective variations. A word string extracted
from the word network that is the most similar to the automatic summarization result is
considered as a correct target for the automatic summarization. The accuracy, comparing
the summarized sentence with the target word string, is used as a measure of linguistic
correctness and maintenance of original meaning of the utterance. A “summarization

accuracy” given by eq.(5.4) is calculated using the word network [36].

Len — Sub — Ins — Del "

A = 100 5.4
ceuracy Tom [%0] (5.4)
where,

Sub: number of substitution errors

Ins : number of insertion errors

Del :  number of deletion errors
Len : number of words in the most similar word string in the network
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5.2. SUMMARIZATION ACCURACY BASED ON A WORD NETWORK OF
MANUAL SUMMARIZATION

@w"@ T XX D

Automatic summarization <s> _Chill bloom in spring </s>
Substition Deletion

The most similar word string
to the automatic summarization <s> Cherry blossoms bloom in spring </s>
in the net work

Word Accuracy 5-(1+0+1)/5* 100 = 60%

Figure 5.5: An example of a word network and calculation of the summarization accuracy.

Figure 5.5 shows an example of a summarization accuracy calculation using a word

”

network. In this example, “cherry ” is misrecognized as “chill” by a recognition system

and extracted into a summarized sentence.
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Chapter 6

Evaluation Experiments

6.1 Evaluation Experiment for Japanese Broadcast News
Speech

6.1.1 Evaluation data

Japanese news speech broadcast on TV in 1996 was used as a test set to evaluate our
proposed method. The set consisted of 419 utterances by a female anchor speaker, and was
manually segmented into sentences. The out-of-vocabulary (OOV) rate for the 20k word
vocabulary was 2.5% and the perplexity for the test set was 54.5. Fifty utterances with
word recognition accuracy above 90%, which was the average rate over the 50 utterances,
were selected and used for the evaluation. The summarization ratio, the ratio of the
number of characters in the summarized sentences to that in the original sentences, was
set to 40, 60, 70 and 80%.

In addition, 5 news articles, consisting of approximately 5 sentences each, were sum-
marized using the summarization technique for multiple utterances at 30% summarization

ratio.

6.1.2 Structure of Broadcast News Transcription System

Acoustic Models

The feature vector extracted from speech consists of 16 cepstral coefficients, normalized
logarithmic power, and their delta features (derivatives). The total number of parameters
in each vector was 34. Cepstral coefficients were normalized using the CMS (cepstral
mean subtraction) method. The acoustic models used were shared-state triphone HMMs
designed using tree-based clustering. The total number of states was 2,106, and the number
of Gaussian mixture components per state was 4. They were trained using phonetically-

balanced sentences and dialogues read by 53 speakers (approximately 20 hours in total),
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sentences which were completely different from that of the broadcast news task. All of
the speakers were male, and so the HMMs were gender-dependent models. The total
number of training utterances was 13,270 and the total length of the training data was

approximately 20 hours.

Language Models

Broadcast-news manuscripts recorded from August 1992 to May 1996, comprising of ap-
proximately 500k sentences consisting of 22M words, were used for constructing language
models. The vocabulary size was 20k words. To calculate word n-gram language mod-
els, we segmented the broadcast-news manuscripts into words by using a morphological

analyzer since Japanese sentences are written without spaces between words.

Decoder

We used a word-graph-based 2-pass decoder for transcription. In the first pass, a frame-
synchronous beam search was performed using the above-mentioned HMMs and a bigram
language model. A word graph was generated as a result of the first pass. In the second

pass, the word graph was rescored using a trigram language model.

Input Speech
( Speech Anal ySIS) Tree-structured
Feature vector Lexicon
sequence
p N

‘

& ( \
Lexical Tree Search ) Bigram

Word Graph
A,
Word Graph Rescoring )~ Trigram
N/
N /
A

Recognition Result

Figure 6.1: Large Vocabulary Continuous Speech Recognition System.
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6.1.3 Training data for summarization models

Word significance model

The same broadcast-news manuscripts used for building a language model for the speech
recognition system was used for calculating the word significance measure for summariza-

tion.

Language model

A trigram language model for summarization was built using text from Mainichi newspaper
published from 1996 to 1998, comprising of 5.1M sentences with 87M words. We consider
newspaper text to be generally more compact and simpler than broadcast news text and
therefore more appropriate for building language models for summarization. Our previous
experiments confirmed that the automatically summarized sentences using word trigram
based on newspaper text were much better than those by broadcast-news manuscripts
[21].

SDCFG

SDCFG for word concatenation score was built using text from the manually parsed corpus
of Mainichi newspaper published from 1996 to 1998, comprising of approximately 4M

sentences with 68M words. The number of non-terminal symbols was 100.

6.1.4 Evaluation results

Table 6.1: Summarization results for manual and automatic transcription.
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Evaluation results using a word network

Tables 6.2 and 6.3 respectively show the types of summarization of manual transcription
(TRS) and automatic transcription (REC) investigated in this paper. In these tables the
symbols of I, L, C' and T indicate the utilization of word significance score, linguistic
score, confidence score and word concatenation score for summarization respectively.

In the summarization of REC, conditions with (I _L_C'T) and without (I _L.T) the
word confidence score were compared. Conditions with (I_L.T, I_L_C_T) and without
(I_.L,I_L_C) the word concatenation score were compared in summarization for both TRS
and REC.

To set an upper limit for automatic summarization, manual summarization by human
subjects from manual transcription (SUB_TRS) was performed. The results were evaluated
using all other manual summarization results as a measure of correct summarization.
In addition, as the upper bound of automatic speech summarization for transcription
including speech recognition errors, manual summarization of automatically transcribed
utterances at 70% summarization ratio was also evaluated (SUB REC). To insure that
our method was sound, we made randomly generated summarization sentences (RDM)
according to the summarization ratio and compared them with those obtained by our

proposed methods.

Table 6.2: Summarization types of manual transcription.

Target Manual Transcription(TRS)
Symbol RDM | I_.L | I_L.T | SUB_TRS
Manual summarization O
Significance score (I) O O
Linguistic score (L) O O
Word concatenation score (T) O
Random word selection O

Table 6.3: Summarization types of automatic transcription.

Target Automatic Transcription(REC)
Symbol RDM [ I.L.C [ I.L.C_T | I.L.T | SUB_.REC
Manual summarization O
Significance score (I) O O O
Linguistic score (L) O O O
Confidence score (C) O O
Word concatenation score (7)) O O
Random word selection O
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Table

6.4: Number of word errors and summarized sentences including word errors.
RDM | I.LC
recognition result 69 word errors (50 utterances)
80% 36 (17) 12 (8)
70% 31 (16) 5 (5)
60% 25 (15) 3(3)
10% 8 (13) 2 (2)
20% 8 (7) 3(3)

the number in () represents the number of sentences including word errors

Table 6.5: An example of evaluation results based on a manual summarization word

network.
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Summarization of each utterance

Figures 6.3 through 6.6 show summarization accuracy of both manual transcription (TRS)

and automatic transcription (REC) at 40%, 60%, 70% and 80% summarization ratios.

These results show that our proposed automatic speech summarization technique is signif-

icantly more effective than RDM. The method using the word concatenation score (I _L T,

I_L_C_T) can reduce meaning alteration compared with the method without using the

word concatenation score (I_L, I_L_C). The better result using the word concatenation

score (I_L_C'_T') compared with that without using the word concatenation score (I L T")

shows that the summarization accuracy is significantly improved by the confidence score.

The performance of automatic summarization of automatic transcription (REC) is

comparable with that of manual transcription (TRS) under all conditions of summariza-

tion ratio. Although automatic summarization cannot achieve the performance of the

manual summarization of manual transcription (SUB_TRS), it can achieve performance

comparable to the manual summarization of the recognition result (SUB REC).
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100

80+

Summarization accuracy(%)

Figure 6.2: Each utterance summarization result at 20% summarization ratio. REC:

summarization of recognition results, TRS: summarization of manual transcription, RDM:

random word selection, C: confidence scored I: significance score[] L: linguistic score[
1.C,L_C,I_L: combination of 2 scores, I _L_C: combination of all scores [ SUB: subjective
summarization.
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Figure 6.3: Each utterance summarization result at 40% summarization ratio.
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Figure 6.4: Each utterance summarization result at 60% summarization ratio.
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Figure 6.5: Each utterance summarization result at 70% summarization ratio.
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Figure 6.6: Each utterance summarization result at 80% summarization ratio.
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Summarization of multiple utterances

Figure 6.7 shows the summarization accuracy of summarizing articles having multiple
sentences at 30% summarization ratio. These results show that our proposed automatic

speech summarization technique is effective for the summarization of multiple utterances.

100

80 ¢

Summarizatioin accuracy[%]

Figure 6.7: Article summarization results at 30% summarization ratio. REC: sum-
marization of recognition results, TRS: summarization of manual transcription, RDM:
random word selection, C: confidence scored I: significance score[] L: linguistic score[
1.C,L_C,I_L: combination of 2 scores, I _L_C: combination of all scores [ SUB: subjective
summarization.

6.2 Evaluation Experiment for English Broadcast News Speech

6.2.1 Evaluation data

English TV broadcast news utterances (CNN news) recorded in 1996 given by NIST as
a test set of Topic Detection and Tracking (TDT) were tagged by Brilltagger [37] and
used to evaluate our proposed method. Five news articles consisting of 25 utterances in
average were transcribed by the JANUS [38] speech recognition system. The multiple
utterance summarization was performed for each of the five news articles at 40% and 70%
summarization ratio. 50 utterances arbitrarily chosen from the five news articles were used
for the sentence by sentence summarization with the summarization ratios of 40% and
70%. Mean word recognition accuracies of the utterances used for the multiple utterance
summarization and those for sentence by sentence summarization were 78.4% and 81.4%,
respectively. In order to build word networks of manual summarization results, 17 native

English speakers generated manual summarization by removing or extracting words.
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6.2.2 Structure of Broadcast News Transcription System

English broadcast news speech was transcribed by the JRTk (Janus Speech Recognition
Toolkit) [38] with the following conditions.

Feature extraction

Sounds were digitized with 16kHz sampling and 16bit quantization. Feature vectors had
13 elements consisting of MFCC. Vocal Tract Length Normalization (VTLN) and cluster-
based cepstral mean normalization were used to compensate for speaker and channel.
Linear Discriminant Analysis (LDA) was applied to reduce feature dimensions in each

segment consisting of 7 frames to 42.

Acoustic model

A pentphone model with 6000 distributions sharing 2000 codebooks were used. There
were about 105k Gaussians in the system. The training data was comprised of 66 hours
of Broadcast News(BN).

Language model

Bigram and trigram were built using BN corpus. Its vocabulary size was 40k.

Decoder

A word-graph-based 3-pass decoder which was composed with JRTk was used for transcrip-
tion. In the first pass, frame-synchronous beam search was performed using a tree-based
lexicon, the above-mentioned HMMs and a bigram model to generate a word graph. In
the second pass, frame-synchronous beam search was performed again using a flat lexicon
hypothesized in the word graph by the first pass and a trigram model. In the third pass,

the word graph was minimized and rescored using the trigram language model.

6.2.3 Training data for summarization models

A word significance model, a trigram language model and SDCFG were constructed using
roughly 35M words (10681 sentences) of the Wall Street Journal corpus and the Brown
corpus in Penn Treebank[39].

6.2.4 Evaluation results

Manual transcription (TRS) and automatic transcription (REC) were both summarized.
Table 6.6 shows an example of evaluation results based on a manual summarization word
network. Figure 6.8 shows summarization accuracies of utterance summarization at 40%
and 70% summarization ratio and Fig. 6.9 shows those of summarizing articles having

multiple sentences at 40% and 70% summarization ratio. In these figures, I, L, C' and T'
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Table 6.6: An example of evaluation results based on a manual summarization word net-
work. upper: a set of words extracted from the correct summarization network which is the
most similar to automatic summarization, lower: automatic summarization of recognition
result.

VICE PRESIDENT AL GORE SAYS THE GOVERNMENT HAS A PLAN TO AVOID

Recognitionresult | 1y 1 NEVITABLE PROSPECT OF INCREASED AIRPLANE CRASHES AND FATALITY IS

VICE PRESIDENT AL GORE SAYS THE GOVERNMENT HAS A PLAN TO AVOID
70% THE INCREASED AIRPLANE CRASHES

summarization VICE PRESIDENT AL GORE SAYS THE GOVERNMENT HAS A PLAN TO AVOID
<DEL> INCREASED AIRPLANE CRASHES

<INS> THE GOVERNMENT HAS A PLAN TO AVOID
40% THE INCREASED AIRPLANE CRASHES

summarization GORE THE GOVERNMENT HAS A PLAN TO AVOID
THE INCREASED AIRPLANE CRASHES

_: recognition error, <>: substitution, <INS>: insertion, <DEL>: deletion

indicate that the word significance score, the linguistic score, the confidence score and the
word concatenation score are used, respectively.

In the summarization of REC, conditions with and without the word confidence score,
(I_.L.C_T)and (I_L_T), were compared. In summarization for both TRS and REC, condi-
tions with and without the word concatenation score, (I LT, I L C T) and (I L, L),
were compared.

The averaged summarization accuracies of each manual summarizations (SUB) was
considered to be the upper limit of the automatic summarization accuracy. To ensure
that our method is sound, we made randomly generated summarized sentences (RDM)
according to the summarization ratio and compared them with those obtained by our
proposed methods.

These results show that our proposed automatic speech summarization technique is sig-
nificantly more effective than RDM. Using the word concatenation score (I L T, I L .C' T)
also reduce the meaning alteration compared to not using it (I L, I L C'). The result ob-

tained when using the word confidence score (I_L_-C_T) compared with those not using it

Table 6.7: Number of word errors and summarized sentences including word errors.

each utterance summarization | multiple utterance summarization
recognition result 180 word errors (45) 326 word errors (94)
summarization result 40% 70% 40% 70%
T 42 (27) 111 (40) 99 (56) 199 (71)
I_L 44 (28) 87 (37) (53) 166 (69)
ILC 23 (15) 19 (22) 1(28) 82 (47)
I.LT 46 (27) 84 (37) 0 (56) 173 (69)
ILCT 22 (13) 51 (24) 5 (17) 80 (47)
RDM 82 (30) 87 (21) ( 5) 169 (65)
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(I_L_T) shows that the summarization accuracy is improved by the confidence score.

100
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40

20

Summarizatioin accuracy

0 D
REC

\ 40%

Figure 6.8: Fach utterance summarizations at 40% and 70% summarization ratio. REC:
summarization of recognition results, TRS: summarization of manual transcription, RDM:
random word selection, C': confidence score0 I: significance score0 L: linguistic scorel]
1.C,L_.C,I_L: combination of 2 scores, [ _L_C': combination of all scoresd SUB: subjective
summarization.
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Figure 6.9: Article summarizations at 30% and 70%summarization ratio. C': confidence
scoreld I: significance score0 L: linguistic scored I_C,L_C,I_L: combination of 2 scores,
I1_L_C: combination of all scores.

6.2.5 Conclusions

Each utterance and a whole news consisting of multiple utterances of English broadcast
news speech were summarized by our automatic speech summarization method based on
the follwing scores: word significance score, linguistic likelihood, word confidence mea-

sure and word concatenation probability. Experimental results show that our proposed
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method can effectively extract relatively important information and remove redundant
and irrelevant information from Englsih news speech as well as Japanese one.

In contrast with the confidence score which has been incorporated into the summariza-
tion score to exclude word errors by a recognizer, the liguistic score is effective to reduce
out of context words extraction both from recognition errors and human disfluencies. In
summarizing Japanese news speech, the confidence measure could improve the summariz-
ing performance by excluding incontext word errors. In English, the confidence measure
can not only exclude word errors but also help extracting clearly pronouced important
words. This results in the use of the confidence measure causing a lager increace in the

summarization accuracy for English rather than Japanese.

6.3 Evaluation Experiment for Lecture Speech

Lecture speech spoken for roughly 12 minutes in an academic conference was recognized
and summarized automatically. In order to apply the models for summarization which
have been constructed using written text, an ad-hoc filter was used to convert the style of

spontaneous speech to the style of written text.

6.3.1 Structure of Lecture speech Transcription System

Acoustic Models

The feature vector extracted from speech consisted of 16 cepstral coefficients, normalized
logarithmic power, and their delta features(derivatives). The total number of parameters
in each vector was 34. Cepstral coefficients were normalized using the CMS (cepstral
mean subtraction) method. The acoustic models used were shared-state triphone HMMs
designed using tree-based clustering. The total number of states was 2,106, and the number
of Gaussian mixture components per state was 4. They were trained using phonetically-
balanced sentences and dialogues read by 53 speakers (approximately 20 hours in total).
The sentences used were completely different from the broadcast news task. All of the
speakers were male, and so the HMMs were gender-dependent models. The total number of
training utterances was 13,270 and the total length of the training data was approximately
59 hours.

6.3.2 Training data for summarization models

Word significance model

The word significance model was constructed using the manual transcription of lecture

speech consisting of 1.5M words, 60 proceedings other than the test set, broadcast-news
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manuscripts recorded from August 1992 to May 1996, comprised of approximately 500k
sentences consisting of 22M words and Mainichi newspaper published from 1996 to 1998,

comprised of 5.1M sentences with 87M words.

Summarization linguistic model

A trigram for summarization was constructed using the manual transcription of lecture
speech consisting of 1.5M words converted the style of spontaneous speech to the style of
written text by an ad-hoc filter. 60 proceedings other than the test set was also used for

the construction of the trigram.

SDCFG

SDCFG for a word concatenation score was built using text from a manually parsed
corpus of Mainichi newspaper published from 1996 to 1998, comprised of approximately

4M sentences with 68M words. The number of non-terminal symbols was 100.

6.3.3 Evaluation data

Manual transcription (TRS) and automatic transcription (REC) were both automatically
summarized. In order to build a word network of manual summarization results, 9 human
subjects generated manual summarization by removing or extracting words. The averaged
summarization accuracies of each manual summarizations (SUB) was considered to be
the upper limit of the automatic summarization accuracy. To ensure that our method
was sound, we made randomly generated summarized sentences (RDM) according to the

summarization ratio and compared them with those obtained by our proposed methods.

6.3.4 Evaluation results

Table 6.8 shows some of the automatic speech summarization results. Figures 6.10 and
6.11 show summarization accuracy of both manual transcription (TRS) and automatic
transcription (REC) at 50%, 80% summarization ratios. In these figures, I, L, C' and T
indicate that the word significance score, the linguistic score, the confidence score and the
word concatenation score are used, respectively.

These results show that our proposed automatic speech summarization technique is
significantly more effective than RDM. The word linguistic score L is more efficient than
the significance score I, and the combination of these two scores I_L can further increase
the summarization accuracy at 80% summarization ratio. When L is worse than I, the
combination between I and L results in decreasing word accuracy. The confidence score

C can slightly increase the performance only at 50% summarization ratio. The word
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concatenation score T’ cannot contribute significantly to the performance of automatic
summarization. The word concatenation score T based on the newspaper text cannot
represent the feature of lecture speech and thus the contribution by T is slight.

The summarization accuracy of manual transcription (TRS) is significantly higher
than that of automatic recognition result (REC) at 80% summarization ratio. The man-
ual summarization of the automatic recognition result (REC) by one human subject at
50% results in the same performance as the automatic summarization. Even if humans
manually summarize the transcribed speech, the accurate summarization sentences cannot
be generated because of the recognition errors. Therefore, the higher speech recognition

accuracy is particularly crucial for the speech summarization.
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Figure 6.10: Lecture summarizations at 50% summarization ratio. REC: summarization
of recognition results, TRS: summarization of manual transcription, RDM: random word
selection, C': confidence score[] I: significance score(] L: linguistic score0 I_C,L_C,I_L:
combination of 2 scores, [ _L_C': combination of all scoresT0SUB: subjective summarization.
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Figure 6.11: Lecture summarizations at 80% summarization ratio. C': confidence scorel]

1: significance scored L: linguistic score0 I_C,L_C,I_L: combination of 2 scores, I_L_C':
combination of all scores.
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Chapter 7

Conclusion

7.1 Problem Statement

Since LVCSR, technology has made significance advancements, in the near future LVCSR
systems can be expected to be applied to produce automatic closed captioning for broad-
cast TV programs, meeting/conference summarization, unstructured multimedia data
management and natural, user-friendly interface with the computer. However, irrelevant
information caused by recognition errors in transcription results is inevitable. Even if a
speech recognition system could transcribe the utterance accurately, transcribed speech
usually includes redundant information such as disfluencies, filled pauses, repetitions, re-
pairs and word fragments. The transcription result including such redundant and irrele-
vant information cannot be directly used for making captions, indexing or making abstracts
and minutes. Additionally, the speech interface to a machine using the transcription result
needs to extract information according to the users’ demands from speech. The speech
recognition applications including speech interface and unstructured multimedia infor-
mation management require understanding, the speaker’s message and then extracting
information to fulfill the user’s or systems’ demand. Therefore, especially for spontaneous
speech, practical applications using speech recognizers require a speech summarization
process which removes redundant and irrelevant information and extracts relatively im-

portant information depending on the users’ or systems’ requirements.

7.2 Contribution of the thesis

This dissertation has proposed a new approach for automatic speech summarization through
word extraction. In this method, a set of words maximizing a summarization score indi-
cating an appropriateness of summarization is extracted from automatically transcribed

speech. Extraction is performed according to a target compression ratio using a DP
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7.2. CONTRIBUTION OF THE THESIS

technique sentence by sentence. The extracted set of words is then used to construct a
summarization sentence. A word significance measure, a confidence measure, linguistic
likelihood, and a word concatenation probability are incorporated into the summarization
score. The word concatenation score is determined by a dependency structure in the orig-
inal speech given by SDCFG. This summarization process aims to maintain the original
meaning as much as possible within a limited number of words. The contributions of this

thesis can be summarized as follows:

e sentence compaction technique depending on the amount of users’ de-
mand
Word extraction in the automatic summarization process is performed according to
a target compression ratio (summarization ratio) using a DP technique sentence by
sentence. The summarization ratio is given by users’ or systems’ derived summary
length based on the number of words or characters. The extracted set of words is

then used to construct a summarization sentence.

e focusing on topic words
In order to generate summarization focusing on informative words (topic words) in
transcribed speech, a word significance measure is incorporated into the summariza-
tion score. The summarization process extracts important information based on the

significance measure.

e generating readable summarization
Since spontaneous speech including redundant information caused by disfluencies
is ill-formed and very different from written text, a technique to generate readable
and understandable summaries is required. A linguistic score based on linguistic
likelihood produces word strings where grammatically correctness is maintained as
much as possible in a summarized sentence consisting of extracted words from the

transcription.

e special compact expressions for sentence compaction
In order to extract as much information as possible, the expression of summarized
sentences need to be more compact under a lower summarization ratio. The special
type of compact expressions found in headlines of newspaper text, such as skipping
particles in Japanese, and E-prime in English respectively, can be used for summa-
rization. A linguistic score constructed from using newspaper corpus can generate

these compact expression for summarization of speech.
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CHAPTER 7. CONCLUSION

e distilling technique by handling recognition errors
In order to alleviate the meaning alteration of summarized sentences by recogni-
tion errors, a confidence score based on the acoustic and linguistic reliabilities of

recognition results is incorporated into the summarization score.

e maintenance meanings based on a word dependency structure
The word concatenation score determined by a dependency structure in the orig-
inal speech has been incorporated to maintain the original meanings. The word
concatenation probability given by SDCFG is effective in maintaining the original

dependency structure and meaning.

e summarization approach for multiple utterances
In order to make abstracts, the proposed sentence summarization technique has been
extended to summarization of multiple utterances. A set of words maximizing the
summarization score is extracted from overall speech under some restrictions applied
at the sentence boundaries. These restrictions realize the summarization of multiple
utterances by handling them as a single long utterance. This process was used with
the expectation that it would succeed in preserving more words inside information

rich utterances, and shortening, or even completely deleting, less informative ones.

e reduction of the amount of calculation for making abstracts
The amount of calculation for selecting the best combination among all available
combinations of words in the multiple utterances increases as the number of words in
the original utterances increases. A two-level Dynamic Programming (DP) technique
is applied to a summarization method for multiple utterances in order to reduce the

amount of calculation.

e evaluation experiments
Each utterance and multiple utterances of Japanese broadcast news speech were sum-
marized by the proposed method. Since this proposed method is based on a statisti-
cal approach, it can be applied to any language. English broadcast news speech was
also automatically summarized. In order to apply the proposed method to English,
the model of estimating word concatenation probabilities based on a dependency
structure in the original speech given by a SDCFG was modified. Furthermore, a
Japanese lecture speech was summarized to make academic conferences/meetings
abstracts. This transcription of lecture speech was converted to the style of written

text using an ad-hoc filter.
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7.3. FUTURE RESEARCH DIRECTIONS

e objective evaluation method including subjective variation
In order to evaluate automatic speech summarization, an objective evaluation method
using summarization accuracy in comparison with manual summarization by human
subjects is proposed. Manual summarization results are combined to build a word
network, and word accuracy of each automatic summarization result is calculated
compared to the most similar word string in the network. Since the network can
approximately represent all possible correct summarization including subjective vari-
ations, the most similar word string in the network is assumed to be a correct answer

for the automatic summarization result.

e evaluation result
Experimental results show that the proposed method can effectively extract rela-
tively important information and remove redundant and irrelevant information. A
confidence score giving a penalty for acoustically, as well as linguistically unreliable
words, reduces the meaning alteration of summarization caused by recognition er-
rors. In contrast with the confidence score, the linguistic score effectively reduces
out-of-context-word extraction both from recognition errors and human disfluencies.
A word concatenation score giving a penalty for a concatenation between words
with no dependency in the original sentence also reduces the meaning alteration of

summarization.

7.3 Future research directions

Since the automatic summarization method proposed in this thesis remains on the level
of distilling information through word extraction, further research is required to improve

for speech summarization and understanding.

e making a fine linguistic model based on summarized a corpus
The perplexity of the n-gram for the linguistic score is very high for manual sum-
marization by subjects. A linguistic model that characterizes a feature of compact

expression in a summarization is required.

e estimation of word concatenation probability based on spontaneous speech
In this thesis, the word concatenation probability based on SDCFG was calculated
using a manually parsed newspaper text. In order to estimate the dependency struc-
ture of spontaneous speech, the word concatenation probability must be calculated

using a manually parsed corpus of spontaneous speech.
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CHAPTER 7. CONCLUSION

e model to convert spontaneous speech style to written text style for sum-
marizing spontaneous speech
Since spontaneous speech is ill-formed, spontaneous speech cannot be directly sum-
marized using the linguistic score and the word concatenation score calculated from
grammatically correct written text. In this dissertation, the conversion from spon-
taneous speech to written text was realized by using an ad-hoc filter. In order to
generate a finer summarization, the construction of models to convert spontaneous

speech style to written text style for spontaneous speech is necessary.

e query biased summarization
A useful application of the summarization technique is to be able to extract in-
formation based on a users’ query. Moreover, the summarization ratio could be
automatically determined using calculation based on word collocation and text co-

herence.

e summarization including reordering words
Since spontaneous speech includes repairs, a more highly refined summarization

process needs to include reordering the words in transcriptions.

e summarization from many hypotheses on a word graph
Taking into consideration many hypotheses on a word graph obtained by recognizers

is expected to lead to more accurate summarizations.

¢ intelligent summarization
In order to make finer abstracts for whole speech, the system must be able to rec-
ognize as useful information aspects of discourse structure such as follows;
— coherence and cohesion
— anaphoric relation

— synonymy, polysemy, metaphors and metonymy
However, the discourse structure must be estimated based on statistical models.

e contribution of summarization score for word accuracy of a recognition
system
Since the summarization of speech is a representation of users’ messages extracted
from speech, the word accuracy of recognizers could be improved by using feed back

parameters in a summarization system.
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Appendix A

Performance of SDCFG for Speech
Recognition

The phrase-based SDCFG (Stochastic Dependency Context Free Grammar) described in
Chapter 4 has been tested for its performance as a speech recognition system [22]. The
SDCFG model constructed using the EDR corpus is compared with other types of SCFG
shown in table 4.2, in terms of perplexity and computation requirements. In addition, a
large scale SCFG and SDCFG using Mainichi news corpus is constructed and compared
with a trigram model for recognition of a 5,000-word Japanese newspaper reading task.

The conditions of the experiment in are described in table A.1.

Table A.1: Condition in evaluating SCFGs

Number of nonterminals | 20

Vocabulary size 3032 (Number of distinct words occurred
number of terminals) more than twice in the corpus)
Corpus EDR corpus

(Japanese corpus from newspapers and magazines)

Training text | Evaluation text
number of utterances 2000 100
number of words 53910 2782
UNK ratio 10.3% 22.0%

The perplexity for each model is shown in Figure A.1. Given a sentence consisting of
wy .. .wr, the perplexity of SDCFG, PK-SCFG, is calculated as follows:

Perplexitypi—scrg = log oHpPr-scra (A.1)
where Hpr_gcorg is an entropy of PK-SCFG.

log Pp—
Hpg-scra = o8I PK SCFLG(wl wi) (A.2)
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where Ppr_scra(ws ... wp) is a production probability of a sentence consisting of wy ... wr.
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Figure A.1: Comparison of various types of SCFGs

Since the perplexities of the four enhanced models were lower than the original SCFG
model, these models are considered to be more accurate language models. The perplexity
of PK-SCFG was as good as that of K-SCFG2, which was the best model among five
SCFGs. Figure A.2 shows training times of each model. The enhanced models were trained
much faster than the original SCFG. The dependency grammar made the training process
twenty times faster, and phrase boundary information made it eight times faster. As a
result of these experiments, the expressive ability of the phrase-based SDCFG, PK-SCFG,
is approximately similar to the bigram and the trigram models without the enormous
amount of computation.

In addition, the performance of the PK-SCFG model as a language model for a LVCSR
system was tested here. The task domain was read speech from Japanese newspaper
articles from the Mainichi Shimbun. The vocabulary size was 5000. The test set consisted
of 100 sentences without any OOV words. The training set was 46301 sentences chosen
from the editions of Mainichi Shimbun from January to September of 1994, containing
no OOV words. The number of nonterminals was set to 100 and 120. The initial values
of the models were set in two steps. In the first step, all words in the training sentences
were replaced with its category name, and SCFGS were trained using those category name
sequences.

In the second step, output probability of a word was estimated as follows:

Plla — we) = Pla — P(we))PlwdC(w,)) (A.3)
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APPENDIX A. PERFORMANCE OF SDCFG FOR SPEECH RECOGNITION
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Figure A.2: Elapsed time for estimating parameters of SCFGs

P'(a — pwy) = Pla — BP(wy))P(ws|C(wy)) (A.4)

where C'(w) denotes the category name of w. Using these initial values, the models were
trained again using the original training sets. Acoustic models in these experiments were
HM-Nets with state clustering [40] which had 2000 states of 16 Gaussian mixture. In this
experiment, the 100-best candidates were generated from input speech using the bigram,
then these candidates were rescored using the trigram and PK-SCFG. The total score of

a candidate W for input speech O was calculated as follows:

Score(W|0) = Wpksctqlog Ppkscrg(W) 4+ wpglog Py (W) (A.5)
+ acoust(O|W) + len(W) x penalty

where n was the length of the candidate, S_a was an acoustic score, P; and P, were
probabilities from SCFG and n-gram respectively, w; and ws were language model weights
of each model and p was an insertion penalty. The optimum values of those parameters
are shown in Table A.2.

Figure A.3 shows perplexity of each model calculated upon test sentences. Perplexities
of SCFGS are higher than those of the bigram and the trigram. Figure A.4 shows word
error rates obtained through rescoring. This result shows that SDCFG is a good language
model for a LVCSR system, as good as bigrams and trigrams. In addition, in comparison
with only trigram or bigram applications, the combination of a trigram and SDCFG

achieves further improvement of WER.
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