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Abstract

Webcasts are an emerging technology enabled by the expargliavailability
and capacity of the World Wide Web. This has led to an increasa the
number of lectures and academic presentations being broadt over the
Internet. ldeally, repositories of such webcasts would besed in the same
manner as libraries: users could search for, retrieve, ordwse through
textual information. However, one major obstacle preventgebcast archives
from becoming the digital equivalent of traditional libraries: information is
mainly transmitted and stored in spoken form. Despite voicbeing currently
present in all webcasts, users do not bene t from it beyond miple playback.
My goal has been to exploit this information-rich resource ral improve
webcast users' experience in browsing and searching for&peinformation.
| achieve this by combining research in Human-Computer Intaction and
Automatic Speech Recognition that would ultimately see textranscripts of

lectures being integrated into webcast archives.

In this dissertation, | show that the usefulness of automatally-generated
transcripts of webcast lectures can be improved by speechcognition
techniques specically addressed at increasing the accuya of webcast

transcriptions, and the development of an interactive caborative interface



iv

that facilitates users' contributions to machine-generad transcripts. | rst
investigate the user needs for transcription accuracy in Wweast archives and
show that users' performance and transcript quality percen is a ected by
the Word Error Rate (WER). A WER equal to or less than 25% is aceptable
for use in webcast archives. As current Automatic Speech Remition (ASR)
systems can only deliver, in realistic lecture conditionsWERs of around
45-50%, | propose and evaluate a webcast system extensiomttiengages
users to collaborate in a wiki manner on editing imperfect AR transcripts.
My research on ASR focuses on reducing the WER for lectures imaking
use of available external knowledge sources, such as docots@n the World
Wide Web and lecture slides, to better model the conversatal and the
topic-speci ¢ styles of lectures. | show that this approachesults in relative
WER reductions of 11%. Further ASR improvements are propodethat
combine the research on language modelling with aspects oflaborative
transcript editing. Extracting information about the most frequent ASR
errors from user-edited partial transcripts, and attemptng to correct such
errors when they occur in the remaining transcripts, can lekto an additional

10 to 18% relative reduction in lecture WER.
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Chapter 1

Introduction

Humankind has long relied on written text to share knowledgefrom
handwritten letters to books and to printed mass-media. Theadvent
of a ordable broadband Internet and personal (and portable computing
devices is contributing to dramatic changes in the way peaplexchange
information and store knowledge. Universities, collegesnd other public
institutions are not excluded from these changes. Nowadaysore lectures,

presentations, and talks are being made available online.

In order to provide the same access to information as writtematerials,
online media must be accompanied by textual transcripts. Tav major
Computer Science research areas are directly concerned hwitnproving
access to information in this context: Automatic Speech Regnition (ASR),
which focuses on automatically producing better-qualityext transcripts, and
Human Computer Interaction (HCI), which is dedicated to beter and more
naturally facilitating the information transfer between users and machines.

There is little evidence, however, of combined e orts in thee two major

1



2 CHAPTER 1. INTRODUCTION

research areas. One nds instead rather disparate attempts address the
challenge of improving the usability of webcast archivesdm either one. The
research proposed in this dissertation brings together thH&SR and HCI areas
in order to achieve the goal of providing improved access tcetcast lectures
and presentations.

This chapter presents an overview of the ASR and HCI areas, ttines
the challenges common to these two areas, introduces the rwation for this

work, and establishes the contributions and the statementf@ thesis.

1.1 Overview

Automatic Speech Recognition (ASR) is one of the oldest areaf research
that could now be called Natural Language Processing (NLPPespite the
progress recorded over the past half century that led to togs current
commercial ASR systems, the research opportunities in therea have not
yet been exhausted. Current state-of-the-art research sgms still operate
under serious restrictiongdFurui, 2005a; Glasset al., 2007, such as the need
for individual training on each user, restricted applicabity to a dedicated
domain (such as travel reservations), or even both (for cidal applications,
such as devices controlled through voice commands). ASR tgyss that
can transcribe large-vocabulary, speaker-independent,oisy-environment,
continuous speech, as is required for lectures and preseittas, are still a
research goal for the futurdDeng and Huang, 2004

Another well-established research area is that of Human-@mputer

Interaction (HCI), and similar to ASR, numerous research gportunities

Useful Transcriptions of Webcast Lectures



1.2. MOTIVATION 3

exist here. Often, such opportunities of merging researchofn two di erent

domains appear due to advances in both areas. One particulexample is
the domain of natural-language-based dialog systerfBernsenet al., 1994,

a research area that emerged more than 20 years ago, and onw/lrich HCI

and ASR/NLP research must work together.

Webcasts are one of the emerging technologies associatedhwhe
expansion of the World Wide Web, and this is one area that cadicertainly
benet from research in both HCI and ASR/NLP. Currently, there is little
evidence of HCI and ASR research working together on impronj webcast
systems. Despite voice being currently present in nearlylalebcasts, it can
rarely be used beyond playback. My goal is to exploit this iofmation-rich

resource and thereby improve the usefulness of webcast avel.

1.2 Motivation

The recent increase in the availability and a ordability of broadband Internet
connections has led to an increase in the use of Internet bdmasting
[Ritter, 2004]. For example, major media corporations o er newscasts, and
universities deliver lectures through the Internet. Most gch webcast media
are stored after being delivered live, and can be accessedusers through
interactive systems such as ePresendettp://epresence.tv/ ). A detailed
review of webcast systems can be found [Baecker, 2008

In contrast to archives of text documents, video and audio ahives pose

some challenges to their users:

diculty in retrieving a specic audio/video document from the

Useful Transcriptions of Webcast Lectures



4 CHAPTER 1. INTRODUCTION

archives, given a text query, and

di culty in browsing and skimming through a large audio and video

\document."

In the absence of transcripts, humans are faced with incres di culty
in performing tasks that are easily achieved with text docuents. For
example, a user must listen to or watch a long recording in oed to locate a
speci ¢ passage, instead of quickly skimming through the ntent of a text
document looking for visual landmarks and textual cues. Thirepresents an
important hurdle in making webcast archives the digital eqwalent (from a
user's perspective) of libraries. Various methods proposeproved access
to speech recordings by manipulating the audio playbackArons, 1997;
Sawhney and Schmandt, 20Q0or by delivering better keyword-based
indexing and searching through the audio streaniChelba et al., 2007;
Hori et al., 2007, as well as to webcast archives through a table of contents
[Baecker et al., 2003; Tomset al., 2004, although such methods have
certain limitations. User studies[Dufour et al., 2009 suggest, however, that
transcripts are a much-needed tool for carrying out compleasks that require
browsing, comprehension, and information-seeking from beast archives
| even in the presence of other tools, such as table of contestor search
capabilities.

Unfortunately, there are several challenges to obtainingrdanscripts of
spoken documents. Manual transcription is an expensive mess. Replacing
the transcript with a manually produced set of keywords is ab not a
solution { the human transcriber still must listen to the entre recording,

and the process does not always provide an acceptable salati{ mostly

Useful Transcriptions of Webcast Lectures
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because annotating natural-language-based resourcesigeneral susceptible

to inter-annotator disagreementg\eronis, 1999.

Ideally, audio documents should be processed through an AS#igstem
before being placed into the archive along with their transgpts. However,
despite e orts to improve the quality of ASR systems, currenASR systems
do not perform satisfactorily in domains such as transcribg lectures or
conference presentations. This is caused by poor acoustionditions,
diverse speakers (with particular speech styles and vari@accents, including
non-native ones), and large vocabularies (determined by ehlarge pool
of topics). In perfect conditions (anechoic room, slow spkiag rate,
limited vocabulary, ASR system previously trained on the sae speaker),
state-of-the-art systems can achieve a Word Error Rate (WER of less than
3%. For less restricted domains with good acoustic conditie (such as
broadcast news), the state-of-the-art WER is about 20-25%sauvain et al.,
2004. When acoustic conditions degrade, such as in lectures oméerence
talks, WER can increase to 40-459%_eeuwiset al., 2003; Parket al., 2005;
Hsu and Glass, 2006

We must therefore rst establish what a satisfactory qualiy for archive
transcripts is, in order to improve the overall webcast ardkes' user
experience. Equally importantly, since ASR techniques thiaachieve close
to 0% WER will likely not be available in the near future [Whittaker
and Hirschberg, 200B more studies are needed to understand users'

expectations from transcripts and to explore how imperfedtanscripts should

IWER is de ned as the edit distance, in words, between the corect sentence and the

output sentence from the ASR system.

Useful Transcriptions of Webcast Lectures



6 CHAPTER 1. INTRODUCTION

be integrated into a highly-interactive webcast system. Térefore, three
directions of research present themselves for supportindpet delivery of
useful webcast lecture transcripts: (1) studyindhow humans deal withand
what they expect from error-laden transcriptsparticularly in the context
of webcast archives, (2)improving ASR for lectures mainly by adapting
language models or the corpora used in building language nedslto dedicated
domains, and (3) nding HCI-based solutions for improving the usefulness of

transcripts.

1.3 Statement of Thesis

In this dissertation | show that users' access to and interéion with
information-rich media such as archives of webcast lectwean be improved
through an integrated, inter-disciplinary approach that @ombines research
in Automatic Speech Recognition and Human-Computer Intexdion. In
particular, | claim and demonstrate that the usefulness ofrahived webcast
lectures, as well as users' experience when interacting wthese, is improved
by enhancing webcast systems with automatically-generateranscripts of
Word Error Rate of 25% or less. | also show that signi cant trascript
quality improvements toward the acceptable Word Error Ratere achieved by
integrating speech recognition techniques speci cally @dessed at increasing
the accuracy of webcast transcriptions with the developmeénf an interactive
collaborative interface that facilitates users' editing 6 machine-generated

transcripts.

Useful Transcriptions of Webcast Lectures
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1.4 Contributions

As part of a larger research eort in the webcasting communyt to
make archives of webcast lectures and presentations the ithd) equivalent
of traditional libraries, my research goals focus on providg useful
transcriptions of lectures and presentations. One partidar research direction
in aid of this goal is enhancing webcasts with (automaticaltgenerated)
textual transcripts. The quality of automatically-generded transcripts
should also be a focus of any e ort directed towards improv access to
information-rich webcasts.
This dissertation's contributions are a reection of these two

inter-dependent directions:

A study of how humans deal with error-laden transcripts and w hat
they expect from them. | have determined theacceptable speech
recognition quality  for which transcripts of webcast lectures become
useful and improve the usability of archived webcasts, as well as
discovered howusers' performance and experience is in uenced

by the quality of transcripts

Improvement of Automatic Speech Recognition for lectures.
Several solutions are proposed to reduce the WER for both taces
and academic presentations by ways afomain-oriented language
modelling and automatically building webcast-specic

corpora .

HCI-based solutions for improving the usefulness of

2A de nition of these terms is given in Section 3.3.4.
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transcript-enhanced webcasts. In order to further improve
the quality of webcast transcripts, acollaborative and interactive
tool that supports user editing of transcripts is proposed and
evaluated. In addition to directly bene tting from the corrections
made by users, solutions are proposed thakploit the user edits to

learn ASR correction rules  that further improve transcript quality.

1.5 Structure of the Dissertation

Each research contribution is introduced in a separate chtgy. Chapter 2
introduces and outlines the topics addressed in the dissation, by surveying
related work. In addition, existing research relevant to ezn topic is presented

in the rst section of the corresponding chapter.

1.5.1 Research Design

The rst step toward proving the thesis stated in Section 1.3vas to identify
the acceptable threshold of quality for automatically-geerated transcripts of
webcast lectures when used in an information-mining and gsi@n-answering
task, as well as assessing the in uence of transcripts' gitgl on webcast
users' experience. After determining this threshold, | havinvestigated ASR
methods that improve the quality of lecture transcripts thiough topic-speci ¢
language modelling using lecture slides and relevant docants from the
World Wide Web. | have also proposed HCI-based solutions fanproving
the quality of such transcripts by developing and evaluatig an interactive

tool that allows users of webcast to collaboratively corrégecture transcripts.
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| then show that the transcript corrections enabled by suchatlaborative tool
can be used to learn patterns of errors that serve as a mechamiof further

improving the accuracy of lecture-speci c ASR systems.

1.5.2 Outline of the Proposed Research

The dissertation is structured as follows:

Chapter 2: Webcasting and Automatic Speech Recognition. This
introductory chapter presents an overview of webcastinghé problem
of enhancing the usability and usefulness of webcasts thigiu
transcripts, and de nes the problem of automatically obtaning
transcripts for lectures and presentations, outlining thechallenges

thereof.

Chapter 3: The Acceptable Word Error Rate of
Machine-Generated Webcast Transcripts. The research
introduced in this chapter focuses on determining the accible
speech recognition quality that enables the usefulness o¢lcasts and

enhances users' experience by adding transcripts.

Chapter 4: Improving Automatic Speech Recognition for Webc ast
Lectures. As part of my research on improving the ASR for
lecture transcription, several novel techniques are proped here
that address the problems of automatically building domaispeci c
language models and improving the transcription of lecturepecic

speech.
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Chapter 5: Wiki-editing of Webcast Transcripts. In order to further
improve the usefulness of transcripts for webcasts, an ingetive and
collaborative tool is introduced that allows users to cor errors
in transcripts while watching an archive of a webcast. Thisdol is
evaluated through several in-situ studies, and re nementt® the design

are carried out.

Chapter 6: Automatic Speech Recognition for Webcast Lectur es:
Learning from Wiki-enabled Transcript Corrections. In this
chapter, the research on improving ASR is integrated with t& HCI
aspects of my research, by exploiting edits carried out by es through
the collaborative editing tool to improve ASR even further: rules
extracted from the user-edited transcripts of the rst few nnutes of
each lecture are used to learn the most frequent ASR errorschadapt

the system to correct them automatically.

Chapter 7: Contributions, Conclusions, and Future Work. The nal
chapter contains further discussion of these contributian as well as a

presentation of future research directions stemming fronhis work.

1.5.3 Outline of the Surveyed Related Work
The existing research relevant to each topic is presented fmdlows:
Chapter 2 Webcasting and Automatic Speech Recognition:

webcasting, webcasting in education, human factors in uginvebcast

interfaces, speech recognition.
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Chapter 3 The Acceptable Word Error Rate of
Machine-Generated Webcast Transcripts: users dealing

with imperfect transcripts.

Chapter 4 Improving Automatic Speech Recognition for Webca st
Lectures: ASR for lectures and academic presentations, language

model adaptation to dedicated domains.

Chapter 5 Wiki-editing of Webcast Transcripts: computer-suported
collaborative work used to compensate for limitations in Ar cial

Inteligence systems.

Chapter 6 Automatic Speech Recognition for Webcast Lecture S:
Learning from Wiki-enabled Transcript Corrections:
bootstrapping ASR  from manual transcripts/corrections,

transformation-based learning in NLP and ASR.

1.5.4 Peer-Reviewed Publications

The contributions of this dissertation has been presentedt aseveral

peer-reviewed scienti ¢ conferences:

[Munteanu et al., 2006a; 2006b; 2006¢c ]: Chapter 3 Webcasting and

Automatic Speech Recognition.

[Munteanu et al., 2007]: Chapter 4 Improving Automatic Speech

Recognition for Webcast Lectures.

[Munteanu et al., 2006d; 2008a]: Chapter 5 Wiki-editing of Webcast

Transcripts.
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[Munteanu et al., 2008b]: a general overview of the research in

Chapters 3, 4, and 5, and summarized in Section 7.1.
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Chapter 2

Webcasting and Automatic

Speech Recognition

Internet broadcasting (webcasting) is becoming an increiagly popular
method of delivering lectures and academic presentationsen the Internet
[Baecker et al., 2003, mainly sustained by the increased availability and
a ordability of broadband Internet connections. For exampe, major media
corporations o er newscasts, and universities deliver leges over the
Internet. At the same time, more of these media are being ansled and
accessed by users through interactive systems.

While interactive media, such as webcasts of lectures andgsentations,
has become increasingly ubiquitous, current interfaces tonline media
archives do not provide the same experience in accessingoinfation as
humans are accustomed to when using traditional informatiorepositories
like libraries. This is in part due to the absence of transagots of

the digital media's audio channel. Spoken Language Procesgs and in

13
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particular Automatic Speech Recognition, is one of the reaech areas focused
on developing algorithms and technologies dedicated to et and more
naturally facilitating access to information stored in spken form.

In this chapter | will present an overview of webcasting andhe problem
of enhancing the usefulness of webcasts through transcep{Section 2.1).
I will then de ne the problem and outline the challenges of atomatically

obtaining transcripts of lectures and presentations (Seion 2.2).

2.1 Lecture Webcasting

Currently webcasting is a common medium found in numeroustkernet-based
applications, ranging from entertainment to news. Besidehe technological
advancements facilitating this, its widespread adoptionan also be attributed
to the fact that in most instances, users were already famali with
similar unidirectional broadcasting media, such as telesion. In contrast,
educational environments for which lecture webcasting appations are
developed are signi cantly more interactive and richer in riformation
exchanges.

Although lecture webcasting is still a research area in itHe there are
several webcasting system exclusively dedicated to leatst Among those,
University of California's BIBS [Roweet al., 2001 and University of Toronto's
ePresencdBaecker et al., 2003 are some of the early webcasting systems
that were extensively tested in academic environments (thBIBS system
is supposedly the rst lecture webcast system, having strezed the rst

on-demand replay of a seminar recording over the Internet ih995). More

Useful Transcriptions of Webcast Lectures
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recently, other systems became available, such as the MIT dtare Browser
[Glass et al., 2007 or the Microsoft Research LecCasting Systerfzhang
et al., 2004. A comprehensive overview of available lecture-dedicated

webcasting technology can be found ifDeal, 2007.

2.1.1 An Overview of Webcasting

Traditionally, webcasts di er from other broadcasts in tha the transmission
medium is the Internet (a review of webcasting can be found ifBaecker,
200d). More recently however, with the emergence of research oraking
webcasting more interactive, the delivery of richer mediasiincreasingly
seen as a mean to enhance the participation of webcast usensl 40 make
knowledge sharing more accessible.

A typical webcast archivé system allows users to access audio/video
recordings which are synchronized with other information edia, such as
slides, and often with higher-level content structure, sicas tables of contents
and time progress indicators. As a framework for my researdine ePresence
webcasting system littp://epresence.tv/ ) is used, which is part of an
ongoing research project that has the goal of making webcewsg highly
interactive, more engaging, and more accessible, and westcarchives more
useful and usable[Baeckeret al., 2003. As illustrated in Figure 2.1, the
ePresence system gives users full control of the archiverdbhgh the display
of slides used in lectures and video recording, through imgetion with a

table of contents (TOC { at the left of the screen, which contas \chapter"

Throughout this dissertation the terms webcastarchive or archives are used to denote

a collection (repository) of interactive recordings of weltasts.
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Mental Models

« Definition of mental models (Carroll, 1984)

— *__structures and processes imputed to a person's mind in
order to account for that person’s behaviour and experience.”

+ More generally (Carroll & Olson, 1988):
— “...all of what a user knows about using a particular piece of
software, including how fo use it, and how it works.’
* Mental models allow a user
— to understand a system

— to predict effects of actions
— to interpret the results

Role of mental model: to answer questions like
Conceptual Desian — What is X?

2. Scenarios in Conceptual — What happens when you do ¥?
Design

CD: Effectiveness
CD: Comprehensibility aClive Ciomg L Ronald M. Bescker
CD: Satisfaction
Cognition

Learning

Memuory

Magic Number 7, + or - 2

— Why is happening when | see Z7?

wom

10. The Seguences of Numbers

11. Uses of Cognitive Th in
Design

2. Rea=oning and Problem
Saolving

13. Mental Models
14, Mental Models: Drawing Tools

play/pause slides

15. Mental Models: Prototyping
Tools

16. Kinds of Models
17. Models (1)
18, Models (2)
15. Models (3)
20, User's Model Does Not Match e

Select Chapter:

I T I T 1T T 1T T T T I T T TI T T1 T
Select Slide:

Figure 2.1: The ePresence system displaying an archivedtige webcast.
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headings and the titles of the slides), and through the timale (an interactive,

clickable, ne-grained time-progress indicator).

2.1.2 Research Challenges

While development work for lecture webcasts is currently tmsed mainly
on facilitating remote viewing, either live or oine, reseach e orts are
beginning to be dedicated to improving (and enhancing) us€rexperience.
One important aspect being studied is that of webcast systenenabling users'
the same experience as attending in a lecture in persiBirnholtz et al., 2004.
However, since classrooms are complex environments witbhriinteractions,
webcasts do not provide a real substitute for most aspects thfe classroom
experience. Recent research showed that students do not @ave lecture
webcasts as replacing the classroom experieni®&rotherton and Abowd,
2004; Chandra, 200[7 but instead complement it. This nding can in part
be explained by some of the shortcomings of current webcagstems, such
as the lack of adequate support for real-time interactiodBrotherton and
Abowd, 2004 or a diminished sense of awareness among (remote) lecture
participants [Birnholtz, 2006).

Despite the current challenges faced by lecture webcast ®ms, the
use of webcasts for lectures is not only positively acceptdyy students,
some studies show improvement in students' activities, sicas lecture
reviewing [Brotherton and Abowd, 2004. Furthermore, it was reported
that students’ academic performance also increased whenings webcast
archives of pre-recorded lecturefDay and Foley, 2006 As illustrated in

the review by[Deal, 2001, several other studies show contradictory ndings.
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For example students indicated they consider watching a webst a better
academic experience than going to classes, although the samumber of
student mentioned that they would attend the classes even Webcasts are

available.

The ndings of the various studies on webcast lectures mepined
here suggest that such systems will not replace traditionakéducational
environments, but rather complement and enhance them. Asig pointed out
in [Day and Foley, 200§ webcasts can be used to deliver the main (static)
content of a lecture, allowing students to bene t from moreriteraction with
their instructor during regular classrooms. However, forugh changes to be
e ective, the webcast system must allow and facilitate e cent access to the

information delivered during lectures.

One research area that is recently receiving increased atit®n is that of
improving access to lectures. Although the main focus of this on facilitating
access for students with disabilities, it is to be expectedchat everyone will
benet from improved access to and interaction with lecturs' content (a
phenomenon known as \curb cuts e ects{Hesse, 199%. As webcasts can be
used to complement educational environments instead of aimy at replacing
physical classrooms, an interdisciplinary approach is nge&d for improving
students' experience when interacting with webcast lectas, from delivering
better information access tools to further analyzing the swal aspects of

web-based interactions in educational environments.

Several other research areas where information access is catical
importance have turned to Natural Language Processing, andutomatic

Speech Recognition in particular, to provide solutions. Hueever, such
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research has been rather limited in its application to lecne webcasts. Beside
the work presented in this thesis, only a small number of othéecture systems
(such as MIT's Lecture Browser[Glasset al., 2004, or Tokyo Institute of
Technology's Julius systen{Kawahara, 2004; Furui, 2005 look at ASR as
a solution for facilitating access to information. Unfortunately, these system
do not integrate the ASR-based advancements with extensitCl research
| although the MIT Lecture Browser (http://web.sls.csail. mit.edu/lectures)
0 ers a web-based interface for displaying transcripts syhronized with video

recordings of lectures, as illustrated in Figure 2.2.

Enabling speech recognition for lecture
webcasts o ers the opportunity to improve
access through a range of text-based tools,

ranging from full transcripts of a lecture

to summaries and to search and indexing.

However, advances in ASR research for

N e ==
lectures must be complemented by similar ... P—

reom to play with ... i-have a very special violin string ... has this

progress in all other critical ASPECLS  one.. nowhes inail .. these mail fram someone . with

st rang g and with rellable . that's hard ... yeah i'm someone is
vaur dues volts ... the what is your name 50 50 ... those if you're
sloan are ... good for you ... the market if you «can turn the light

related to Iectu re Webcastlng Such as down a little .. we have this this okay if you come a little bit
! this way now that's that's maybe one maybe maybe that’s a little
bit of gawe us a little little light so that they can get yeah i hear
that will and then well make it dark so that you see the rope so

Human'COmputer |I’]teraCt|0n (HCI) Or 2 no no no stay with large the air s not revival kollek ... they're

rewind yeah ... 50 now | have the string is very long stream ..
and i give it a certain tension which im not going to change ...

Computer-Supported Collaborative Work = ersete hejessn v eoa ltie b friher uck chay

W). Therefore, this dissertation will
(CSCW). Therefore, this dissertation wi Figure 2.2: The display pane of

focus on an interdisciplinary approach to
P y app the MIT lecture browser.

enhancing access to webcast lectures by
combining research in HCI, CSCW, and ASR.
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2.1.3 Integrating Text with Webcast Media

As more media become available on-line and more informatiaa shared
through webcasting, one of the striking di erences from trditional forms
of knowledge sharing is that newer media are often not accomped by
text. Although there are several proposals for audio-basddchniques that
improve access to recordingbArons, 1997; Sawhney and Schmandt, 20000
user studies|Dufour et al., 2009 suggest that transcripts are a much-needed
tool for carrying out complex tasks that require informatim-seeking from
archives of webcast media. Moreover, providing access teeuswith hearing
impairments [Wald and Basson, 200Bonly makes for an even stronger case in
favour of o ering text transcripts along with audio/video media in archives
of webcasts. Obtaining transcriptions for online media wdd also improve
the way human users search for, organize, and retrieve spednformation
from large collections[Hauptmann et al., 2003.

As mentioned in Section 1.2, given the increasing size ofonfnation-rich
media archives, automatic speech recognition is generaigen as a feasible
solution for generating text transcripts of such archivesThe following section
presents an introduction to the problem of automatic speed®ecognition and
the challenges in using ASR to automatically transcribe ahives of webcast

media such as lectures and presentations.

Useful Transcriptions of Webcast Lectures



2.2. AUTOMATIC SPEECH RECOGNITION FOR WEBCAST
LECTURES 21

2.2 Automatic Speech Recognition for

Webcast Lectures

2.2.1 An Overview of the Automatic Speech

Recognition Process

Speech recognition is a pattern matching proces§Schroeder, 1990
Statistical pattern matching techniques based on dynamicrpgramming and
Hidden Markov Models, together with the mathematical theoy of digital

signals and spectral analysis are the foundation of speedmpessing. A more
practical de nition is introduced in [Jelinek, 1997, along with a schematic

description (Figure 2.3):

A speech recognizer is a device that automatically transbes

speech into text.

speech acoustic word
- Acoustic processing| ————» |Linguistic decoding
signal symbols hypotheses

A A

Language models

Figure 2.3: The speech recognition process

As seen in Figure 2.3, the speech recognition process can bedéd into
two stages: Acoustic Processing, and Linguistic DecodingThe Acoustic
Processing stage transforms the electrical signal comingr a microphone

(capturing an utterance) into acoustic symbols, such as phemes or other
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ner-grained acoustic units (sub-phonemes). The Linguigt Decoding
stage then processes these symbols and outputs a set of woygdiheses,
representing (with a certain degree of probability) the tetof the utterance.
While acoustic processing is an important part of the speedecognition
process, this is not the main focus of the research presenteere. Instead,
this section is focused on Linguistic Decoding, and follovtke introduction
from [Jelinek, 1997. Complete descriptions of the speech recognition process
and of all methods involved can be found in several books, kuas[Rabiner
and Juang, 1998 [Becchetti and Ricotti, 1999, [De Mori, 1999, [Manning
and Schatze, 1999 [Deller et al., 2004, and others.

From a mathematical point of view, the input to Linguistic Decoding

can be viewed as sequences (with probabilities) of acoustigmbols A =

input to Acoustic Processing is a spoken utterance. The outp of Linguistic

Decoding (and of the entire speech recognition process) Wethen be

W = argmax P(WjA):
W

probable to have been spoken given the observed sequenceotiatic symbols
A.

Using Bayes' formula, the probability of a sequence of wordsven an

observed sequence of acoustic symbols can be written as

P(W)P(AjW)

P(WA) = =50
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Since A is xed (there is no other acoustic data), the output bthe speech

recognizer can be expressed as

W = argmax P (W)P (AjW):
W

Since P(AjW) cannot be computed beforehand (due to the extremely
large number of possible pairings between all words in theaabulary and all
acoustic symbols), this probability is computed during thespeech recognition
process. For this, aracoustic model(pronunciation model) is employed. This
would model the way a speci c word is pronounced. Acoustic rdels are
trained on transcribed speecH{i.e. aligned sequences of acoustic symbols and
linguistic units, words in this particular case). Usually,acoustic models are
built using Hidden Markov Models (HMMs) [Rabiner, 1989; Rabiner and
Juang, 1986.

Acoustic modeling alone cannot solve the speech recognitiproblem. A
language models also neededP (W) represents the probability of uttering
a speci c word sequenceN. More speci cally, the language model gives

the probability of uttering a speci c word w, after a sequences of words

various types of corpora, from transcribed speech to coltemn of texts from
the World Wide Web. Since many of the domains where ASR systanare
deployed are characterized by a certain topic, vocabulargr speaking style,
signi cant research e orts are spent on nding appropriate ways to build
corpora and to train language models that will better re ectthat particular

domain.
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2.2.2 Improving Automatic Speech Recognition

From a user point of view, as well as from a research perspe&etithe speech
recognition process can be viewed as structured on threedés: what can
be done on therecognition leve] on the evaluation side and on theresource
level It is not the purpose of this document to give a complete intrduction

to speech recognition. Therefore, | will only present a tofgvel view of
the recognition process, structured on these three levels, Figure 2.4, by

extending Figure 2.3 from Section 2.2.1.

~-Recognition level

A A

speech acoustic " word
- Acoustic processing| ————» |Linguistic decoding
signal symbols hypotheses

. Evaluation level
Acoustic models Language models vacuation feve

Resource level -

Figure 2.4: An overview of the automatic speech recognitioprocess, with
the di erent parts of the process grouped under three levelghe recognition

level the evaluation side and the resource level

The Recognition Level

This level refers to the direct manipulation of the multi-malal input channel.

For presentations, three modalities can be identi ed:

speech signal : needs to be processed, in order to extract the feature vecsor

used in recognition. Several particularities of the presttion speech
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may need special attention, such as the acoustic charactits (noise
level, reverberation level, etc.) of the presentation room A task
particularly important for lecture/presentation speech ecognition is
the segmentation of the speech signal based on topic, spealevents,

etc.

interaction : if possible, the movement and action of the pointing device

used by the speaker should be captured.

supporting text : includes any text (if available) that has been used in the
presentation, such as the content of the slides, preferalbdynchronized
with the speech signal. This supplemental data can complentethe

speech signal during the recognition process.

In my research, | will mainly focus on exploiting the supporhg text and

improve the linguistic decoding phase of the recognition pcess.

The Resource Level

The resources available for speech recognition are the masitical aspect
of the recognition process. Several kinds of corpora are ded: natural
language texts speech signal collectionsand presentation texts While
unannotated corpora are not a scarce resource, especialiyhvthe increased
amount of information available through the internet, it isannotated corpora
(much more expensive to be produced) that are needed for dy@ng better
speech recognition tools. Through training, these resow® lead to the
development of thelanguageand acoustic models used in recognition. A

signi cant part of the research on improving speech recogdion, in particular

Useful Transcriptions of Webcast Lectures



CHAPTER 2. WEBCASTING AND AUTOMATIC SPEECH
26 RECOGNITION

for automatic lecture transcription (including some of thdocus of this thesis),

is dedicated to building corpora and models speci c to a padular domain.

The Evaluation Level

The evaluation level consists of the word hypotheses propakby the speech
recognizer. At this level, accuracy evaluationcan enhance the output by
adding con dence labels to the word hypotheses. The con dege labels can
be used as a general measure for evaluating the speech reitmgn or can

be used for further improvements to the recognition proces#s part of the

speci ¢ research on lecture and presentation transcriptp my research is
focused on providing measures for assessing the quality of ASR system
that would better re ect the fact that automatically-generated lecture and

presentation transcripts are used by humans.

2.2.3 Research Challenges

The most commonly used measure for the quality of a speech ogaition
system is word error rate (WER), the percent of incorrectly @cognized words
in a spoken utterancé. In ideal conditions, an ASR system can produce a
WER close to 0 (typically 1-3%). In order to achieve this leveof accuracy,
the recording must take place in an anechoic room, the speakshould
speak at a very slow rate (e.g. text reading), with pauses he¢en sentences,

and the ASR system must be trained on previous recordings dfie same

2WER is de ned as the edit distance (percentage of substitutel, deleted, and inserted
words) between the correct sentence and the output sentendeom the ASR system[Huang
and Hon, 2001.
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speaker, collected in similar conditions. Several practt applications can
deal well with noisy conditions, but they usually carry withthem signi cant
restrictions (such as a vocabulary limited to numbers or addss book names
for voice dialing). State-of-the-art speech recognizersedicated to large
vocabulary, continuous speech (LVCS), such as broadcastweetranscription

systems, can achieve WERs around 20%.

The conditions for webcast recordings are in stark contrasvith these
ideal conditions. The archives consist of diverse speakd¥sith particular
speech styles and various accents, including non-nativejgrious acoustical
conditions (regular lecture or meeting rooms), and the vobalary is
extremely large (determined by the large pool of topics). Tk makes
the archives unsuitable for training an ASR system. The regmition
task for ePresence archives can be classi ed B¥CS, speaker-independent,
noisy-background ASRAs mentioned previously, the state-of-the-art WER
for LVCS ASR (broadcast news transcription) is about 20%, ah for
conference talk ASR (described throughout Section 4.2) idaut 40%.

As shown in [Weintraub et al., 1994, recognition accuracy could be
degraded by a factor as large as 1.5 for each external conaliti that
becomes non-optimal for speech recognition (such as movingm reading to
conversation, as well as from conversation to spontaneoysesch). Therefore,
it should be expected that automatically-generated webcasranscriptions
will have a lower WER than those of conference talks, given ¢hmuch more
hostile (both acoustically, linguistically, and pragmatcally) environments of

ePresence recordings (lecture, open meetings, etc.)

Due to the adverse conditions characterizing lecture spéedypical WER
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for lecture speech can reach rates as high as 50% when genguabose
ASR systems are usedPark et al., 2005; Munteanuet al., 2004. While
transcription accuracies in the range of 25%{30% WER can beclaeved
for lectures [Furui, 2005b; Fagen et al., 2006b; Glasset al., 2007, these
are possible only under strictly controlled ASR training coditions, such as
using very large quantities of manual transcriptions of thesame speakeér
or of lectures on the same topic. Unfortunately, the requireent for such
training conditions makes these methods unpractical for géoyment in
real-life webcast systems, especially if the goal is a \pltand-play" webcast
operation where the recording, production, and publishingycle is to be

completed with minimal human intervention.

3Glasset al., [2007] report lecture WERs as low as 17% when transcripts fo29 hours

of previous lectures by the same instructor are available.
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The Acceptable Word Error
Rate of Machine-Generated

Webcast Transcripts

Despite e orts to improve the quality of ASR systems, currenASR systems
do not perform satisfactorily in domains such as transcribg lectures or
conference presentations. This is caused by poor acoustionditions,

diverse speakers (with particular speech styles and vari@accents, including
non-native), and large vocabularies (determined by the lge pool of topics).
In perfect conditions (anechoic room, slow speaking rateplited vocabulary,

ASR system previously trained on the same speaker), statétbe-art systems

can achieve a Word Error Rate (WER} of less than 3%. For less

lwhile WER might not always be an adequate measure of transcpt quality [Wang
and Chelba, 2003, it is widely used due to practical considerations. Thus, itwas also our

choice as a measure of ASR accuracy.
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restricted domains with good acoustic conditions (such agdmadcast news),
the state-of-the-art WER is about 20-25%[Gauvain et al., 2004. When
acoustic conditions degrade (such as in lectures or confece talks), WER
can increase to 40-45% eeuwiset al., 2003, although some reports suggest
a 20-30% WER for lectures given in more arti cial and better ontrolled
conditions [Rogina and Schaaf, 2002; Katet al., 2004.

Mental Models

Definition of mental models (Carroll, 1984) )

— "...structures and processes imputed to a person's mind in Il
order to account for that person's behaviour and experience.” L

More generally (Carroll & Olson, 1988): E )

- “..all of what a user knows about using a particular piece of previous
software, including how to use it, and how it works.”

Mental models allow a user: Iﬂ )

— to understand a system

- to predict effects of actions lE )

- to interpret the results first shide
Role of mental model: to answer questions like e
Conceptual Design ~ — What is X?
Scenarios in Conceptual — What happens when you do ¥Y?

Design

CD: Effectivensss
CD: Comprehensibility
CD: Satisfaction

= Why is happening when | seg Z7

3 A
Cognition of of metaphor :
Learning s0 | start
now entity ban an all models
5. Memory kahn

5. Magic Number 7, + or - 2 their couple of
fairly abstract f. issues the mental models

Sailthe SEotcpoes db limbees on jack hero back in nineteen eighty four

11. Uses of Cognitive Theory in =ad =
Design structure sin process c.'s imputed for person's my SYﬂChI’OﬂIZ&d
17. Reascning and Problem he nor door top for that person's be here and clickable
Solving an experts .
3. Mental Models ok what is i - Hanscopts
i : real wet this reminds is of
1+, Mental Models: Drawing Tools iz the we real we really and some level have now half so notion of wha
15. Mental Models: Prototyping pecples minds
Tools am it our first a look into some
L&. Kinds of Models some these nine
A radic in crashes distinctly can report army
Models (1) yes | understand that yes i can see
13, Models (2) that
19, Models (3) this desktop is organized in a guy files and folders on the
20. User's Model Does Not Match v T_n_e.tief Er_a_ctc_fo:nlefhl_n_gl IEED_EhE i e ot

Select Chapter:

T T T 1T T T 17T T 1T T T L T T T T
Select Slide:

Figure 3.1: The transcript-enhanced ePresence system.
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In this research, manually and semi-automatically-geneted transcripts
were introduced into webcast archives, and are investigati the in uence
of WER on the usability and usefulness of these archives. Tde research

questions were asked:

What is the relation between WER and the usability and usefuless of

transcript-enhanced webcast archives?
What is the relation between WER and the webcast users' expgence?

What is the minimum level of WER for a transcript to be useful ad
accepted by users as a feature of webcast systems? Is the eoity
or near-future achievable WER for lectures good enough to want

including transcripts into archives?

To answer these questions, an ecologically valid experinh@vas designed,
where users performed various tasks using a transcript-emiced version of
the ePresence webcast systenht{p://epresence.tv/ ). Figure 3.1 shows
a screen capture of the system, with transcripts of 45% WERPeesence is
part of an ongoing research project that has the goal to makeelcasting
highly interactive, more engaging, and more accessible,chto make webcast
archives more useful and usable.

The ePresence system gives users full control of the archivamainly
through the display of the slides used in lectures and the \a@ recording,
through interaction with a table of contents (TOC { at the left of the screen,
which contains \chapter" headings and the title of the slids), and through
the timeline (an interactive, clickable, ne-grained timeprogress indicator).

For our experiment, transcripts were added to the system. Tehlines were
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time-synchronized with the video, by boldfacing the currenline of the
transcript, thus emulating a closed captioning system, wta fully displaying
the transcript of the segment of lecture for the current slid. The line breaks
do not represent ends of sentences, but rather correspond gauses longer
than 200ms? To further enhance the user's control over the lecture, user
can re-synchronize the playback of the video by clicking on lme in the

transcript.

In this chapter | will survey the existing research on how huans
deal with imperfect transcripts and how to improve their ineraction with
online repositories of multimedia (Section 3.1). | will the formulate
several research questions and hypotheses related to thefutness of ASR
transcripts for webcast archives and the relation betweenanscript quality
and users' experience (Section 3.2), introduce the designdasetup of a
human experiment (user study) for testing the hypotheses (Section 3.3),

and present the results of this experiment (Sections 3.4 arglb).

2Since the lecture recordings employed in all the evaluatios described in this
dissertation were transcribed by several transcribers, ararbitrary (200ms), but easier to
visually detect, pause metric was chosen in order to ensurenier-transcriber consistency.
Such a metric is preferable to automatic silence detection lgorithms, such as that
of Placeway et al., [1997], because the latter requires manual ne-tuning to naintain

consistency across speakers.
SWhenever used throughout this dissertation, the term user study denotes an

experiment with human subjects through which some hypothess were tested.
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3.1 Related Work

As more media archives become available, research is stagtito emerge on
users' strategies for navigating through such informationich repositories.
Studies on how archived webcasts are usédufour et al., 2004, and on the
e ectiveness of navigational tools for webcast archivedoms et al., 2004
provide clues as to how users access information in webcasianscripts
seem much needed to aid navigating through a webcafbufour et al.,
2004 or accessing information in spoken medifwald and Basson, 2008
Research is therefore needed to establish what is a satisfeg quality
for archive transcripts, and to develop better ASR systemshat deliver
transcripts with lower WERs. Equally important, since ASR techniques that
achieve close to 0% WER are not likely to be available in the ae future
[Whittaker and Hirschberg, 2003, more studies are needed to understand
users' expectations from transcripts and to explore how ingsfect transcripts
should be integrated into a highly-interactive webcast sysm.

Transcribing lecture/presentation speech is a research g still in its
infancy. The challenges met by the task of recognizing opeiemain,
speaker-independent, large-vocabulary, continuous, andisy speech are very
hard to overcome. While a signi cant amount of research e drhave been
spent on improving speech recognition for lectures and pesgations [Kato
et al., 2000; Rogina and Schaaf, 2002; Leeuvasal., 2003; Parket al., 2003,
the quality of the transcripts (typically WERs of 30-40%, atmost 20% in
particular conditions) is still below that for other domains, such as broadcast
news transcriptions.

For certain automated applications, where transcripts olgined through
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ASR are used by a machine (e.g. travel reservation systemsckuas ATIS
[Ward and Issar, 199), a lower WER might not aect the system's
performance, as long as keywords are recognized accuratélpwever, when
transcripts are to be used directly by humans, the overall @ity of the text

could be more critical. Unfortunately, the research that imestigates how
humans deal with error-ridden transcriptions and which aagacy rates can

be deemed acceptable is scarce.

One of the few existing studies of users needs with respecttte ASR
accuracy sought to assess users perception of improvementgecognition
accuracy[Van Buskirk and LaLomia, 199%. The result of a Wizard of Oz
simulation showed that humans are only able to perceive dirences in WER
greater than 5-10% when asked to directly rate the quality dfanscriptions.
A previous study on handwriting recognition systems by theane authors
[LaLomia, 1994 showed that users' expectations of accuracy vary with how
critical the domain of the application is; participants wee less willing to
accept higher error rates for documents to be sent to their Be than for
documents of personal use. This shows that while users' peption of
transcript quality is very subjective, it is also coarse-gtined. Unfortunately,
this research does not measure the perception of the recdgm accuracy for

scenarios in which users perform speci c, information-amnted, tasks.

A study based on recognition accuracy that assessed humanilip
to use transcripts is presented in[Stark et al., 200d. Users performed
summarizations and relevance judgements of audio matesdrom the HUB
news corpus, using transcripts of various WERs obtained byi drent

state-of-the-art ASR systems. As expected, the better therdnscript
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accuracy, the better users performed on several measuresgcls as time
to solution, solution quality, amount of audio played, and pobability of

abandoning the transcripts.

This study served as a motivation for the SCANMail system
[Whittaker et al, 2004, a voicemail user interface that oers
synchronized browsing/skimming through a voicemail mesga and its
automatically-generated transcription. While the SCANMa study revealed
that users spent less time performing their tasks when theyouald browse
through speech and text simultaneously, their performansewere lower for
keywords that were not properly transcribed. Also, subjestwere sometimes
misled in their tasks by transcription errors, assuming thta transcripts
accurately re ected the content of the voice message. Anath nding was
that users were looking in the voice messages mostly for @l information
such as phone numbers or names, and that phone numbers esg§cheeded

to be recognized accurately.

It is to be expected that users' performance, when faced witn errorful
transcript in the context of a speech browsing interface, cabe improved
by providing additional information-mining tools. Indeed it is shown in
[Whittaker and Hirschberg, 2003, in a similar context as[Stark et al., 2004
(the retrieval of spoken news documents) that, when userseausing a search
tool to retrieve documents matching their query, providingzisual information
extracted from transcripts about their search results can é more e ective
than displaying only the (errorful) transcript of the news s$ory. Thus,
appropriate choices for the design of multimedia browsingool can o set

some of the shortcomings of having imperfect transcripts.
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Unfortunately, while these studies provide valuable inskgs into the users'
handling of errorful transcripts, they do not study the relgion between
performance and WER, nor do they provide insights into whatevel of
WER is acceptable for a transcript to be included in a browsmp interface.
Furthermore, research is also needed to investigate how tseompensate for

errors in transcripts.

3.2 Research Questions and Hypotheses

The purpose of this research was to assess the usefulness of
automatically-generated transcripts for webcast archiweand their in uence

on the usability of webcasts. For this, | have studiethow partially correct
transcripts would a ect user performance and user percepti on of

the system , and thus would suggest an appropriate level of WER in which

to aspire. Speci cally, this research is proposing to test:
Performance-Quality Hypothesis: User performance  will

decrease with increased WER. It is expected that users' performance
to be in uenced by the accuracy of the transcripts; the perfiamnance should
increase as the quality of transcripts improves. It is expésd that transcripts
become useful (users perform tasks at the same level as ortéethan

without transcripts) when the WER of the transcripts is 25% o less.
Experience-Quality Hypothesis: The quality of the user's

experience will decrease with increased WER. It is expected that

users' perceptiofA of their experience in completing tasks is in uenced by

4User perception was not measured as a single value, but reented instead as a series

of indicators each with its own result (as discussed in the net section).
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the accuracy of the transcripts; positive experiences shduincrease as the
quality of the transcripts improves. It is expected that uses appreciate
transcripts as a feature of the system when the WER of the traaripts is

25% or less.

3.3 Methods

3.3.1 Overview

In order to test these hypotheses, a within-subjects study ag designed
in which participants were exposed to multiple levels of WERN their
interaction, in a typical webcast use scenario { that of the ndergraduate

student responding to a quiz about the content of a class lecte.

3.3.2 Independent Variables

The independent variable in this study was the WER. The WER ofa
transcript was computed as the average WERs of the sentend@sanscript
lines), of length at least 3 words. We assessed the e ect of the WER at four
levels:

WER=0 {0% WER (manual transcription).

WER=25 { 25% WER. This is the WER that current ASR systems are
able to achieve for broadcast news transcriptions.

WER=45 {45% WER. This is the WER reported in the literature for the

task of transcribing lectures and conference talks, in reéfe conditions (bad

SMost 1 and 2-word lines were just breathing noises or repetibns.
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acoustics and diverse speakers).

WER=NT { No transcripts were used (baseline case).

3.3.3 Task

Each participant completed a quiz consisting of ve questizss for each
webcast viewed. Each webcast was on a dierent lecture. The-3ninute

lectures came from a a third year undergraduate cours@he Design of
Interactive Computational Media Participants were required to complete
each quiz in 12 minutes, which forced them to nish the quiz whout listening

to the entire lecture. Of the ve quiz questions, at least ondad the answer
on the slide, and at least two did not have the answers on a sticand were
obscured by the errors in the transcripts. The quizzes conteed only factual

questions, speci c to each of the lectures, and answers waypically very

short (e.g. \Who developed PICTIVE?" { \Michael Muller").

3.3.4 Measures and Instruments

As stated in the introduction to Section 3.2, the purpose ofhe research
presented in this chapter was two-fold: rst, to assess the sefulness
of automatically-generated transcripts for webcast arcties and how this
usefulness is a ected by transcription quality, and secondo investigate how
transcripts (of various levels of quality) in uence the ushility of webcast
archives.

Although usefulness and usability are closely related andmetimes it
is di cult to clearly divide them [Landauer, 199§ de ning these terms is

needed in order to justify the choice of measures and instriemts used to
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verify the hypotheses formulated in Section 3.2Usefulnessis a term that is
rarely introduced formally in the HCI literature; however, it is often used to
describe the degree to which a system performs the functioisvas designed
to perform. It is sometimes referred to as utility, de ned asthe question of
whether the functionality of the system in principle ca do wht is needed"
[Grudin, 1994. Usability is a key concept in HCI research and several authors
proposed various de nitions, most of them having the interetion between
users and system at their core: \the question of how well usercan use
[a system's] functionality" [Grudin, 1994 or \the quality of a system with
respect to ease of learning, ease of use, and user satisfa‘tiiRosson and
Carroll, 2002.

Therefore, to compare the e ect of each level of WER from thegrspective
of these two important HCI concepts, two types of data were dected: Task
performancedata and User perceptiondata. The instruments used to collect
these data are included in Appendix C. Through task perfornrece data we
will assess the relation between WER and the usefulness oémiscripts for
archives of webcast lectures. The analysis of user perceptidata will provide
information related to users' subjective experience whemdwsing and mining
for information in archives of webcast lectures, and, thrah several of
the indicators described in the following paragraphs, to # in uence that
transcripts (and their quality) has on various aspects of te usability of

webcast archives.
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Task Performance Data

This was assessed by the accuracy of responses to a quiz orptiesentation.
Each ve-question quiz had a maximum value of 10 points, witlwo points
for each correctly answered question. The questions weresigged in such
a way that answers were unambiguous. Therefore, no partiabmts were
awarded, except for answers that were half-complete, whidleceived one
point. Typically, half-complete answers were those for wti participants
found a partially correct answer, caused by speech recogait errors, in the
transcript, but did not verify its accuracy by listening to the corresponding
audio stream.

In order to eliminate the e ects that dierences in diculty among
lectures may have on quiz scores, the scores (referred fromstmoment
on asraw quiz score¥ were averaged across participants for each lecture, and
relative quiz scoresde ned as the di erence between the raw quiz score and
the lecture average, were used. For the four lectures usedtire experiments
the raw quiz averages were 4.10, 5.62, 6.18, and 6.67. Therefrelative quiz
scores could range from -6.67 to 5.90. For example, quiz ®opon the most
di cult lecture (of 4.10 average) could have ranged from -4L0 (a raw score
of 0) to 5.90 (a raw score of 10).

User Perception Data

User perception was assessed using a series of indicatorsveld from
two instruments: a post-quiz questionnaire completed after each quiz that
assessed user perception of the task at a specic level of WEBNd a

nal post-sessionquestionnaire which re ected the in uence of WER on
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users' experience. These instruments consisted of mulgpthoice questions
and/or indicated agreement/disagreement with various stements. The
user perception indicators include:

Perception of task di culty. Participants rated the di culty of each
quiz relative to a preliminary quiz.

Condence in performance. Participants assessed the correctness
of their answers to the quiz, by choosing one of \All correct"Mostly
correct"/"Some correct”/"Mostly wrong"/"All wrong" choi ces for the
question \I think my answers on the quiz were...".

Perception of speech recognition errors. Participants indicated their
degree of agreement/disagreement with two statements: \Eherrors in the
transcript didn't stop me from solving the quiz" and \I was bahered by the
errors in the transcript." These statements were includedrdy for tasks in
which transcripts were present. Another statement assesgi directly their
perception of errors (\I haven't noticed signi cant di erences in the quality
of the transcripts for di erent lectures") was presented ornthe post-session
guestionnaire.

Perception of usefulness of transcripts. Participants indicated
agreement/disagreement with statements referring to trastripts as being
helpful in solving the quiz better, and in solving the quiz fater, while
on the post-session questionnaire they indicated their aggment with the
statement \I would rather have transcripts with some errorsthan not have
transcripts at all.”

Perception of wusability of transcript-enhanced webcasts.

Participants, through the post-session questionnaire, dhicated which
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feature they used to compensate for errors in the transcript We also
assessed the usability of making transcripts \clickable,both to compensate
for errors in the transcript and as a general browsing featar

Con dence in using the entire system. Participants indicated the
context in which they would choose to use the transcript-erdnced ePresence
webcast system. The contexts ranged from very critical to $8 critical:
\Prepare for an examination instead of going to classes,” \fepare for an
examination in addition to going to classes," \Prepare for a assignment,”
and \Make up for a missed class." For each context, participas could
choose \Yes," \No," or \Only if transcripts have no errors."

The user perception data consist of ordinal and discrete wads,
representing either choices on a rating scale or agreematifagreement with
various statements. In order to eliminate the dierences irthe lectures'
di culty, the post-quiz raw data were translated into relative values, in
the same manner as the quiz scores. Data collected from thespsession
guestionnaires were not adjusted, since these questiomesi addressed users'

overall experience with the enhanced ePresence system.

3.3.5 System

A Wizard-of-Oz-like study was conducted in order to deternme these
relations, as this simulation method is one of the most apppoiate for

studying the natural language-based human-computer intaction [Bernsen
et al., 1998; Lifeet al., 1994. Although Wizard of Oz's drawback resides
in the need for a skilled human wizard, this method is prefeed (instead

of prototyping), since the cost of building a full-featurednatural language
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Variable Values

Size (in sentences) of lecture corpus20, 50, 100, 200, al

Modi ed lecture sentence lengths 1, 5, 7, original
Number of added HUB-4 sentences 0, 650, all

Modi ed HUB-4 sentence lengths 1,5, 7, original

Table 3.1: The variable used to control the training (over ting) of the lecture

language models.

prototype is often prohibitive. However, the proposed simation method
provides the convenience of Wizard of Oz setups while behagilike a true
prototype system, with no on-line wizard intervention.

As the goal is to evaluate the user performance at four pretgemined
levels of WER (see Section 3.3.1 for the rationale of choogithese levels),
it was important to maintain a realistic scenario for the Wiard of Oz
simulation, as it is recommended for studying natural langage-based
human-computer interaction[Dahlback et al., 1993. For this, an ASR system
was designed that allowed for controlling the level of WER, ybdeveloping
language models (LMs) and vocabularies that were over- t teach lecture.
Transcripts of 0% WER were obtained through manual transcpiion.

To achieve the desired levels of less-than-perfect WERS€etiASR system
was built using the SONIC toolkit version 2.0.4Pellom, 2001. Transcripts of

25% and 45% WER were obtained by over tting models to each lecture (in

SWERs that are usually reported in the literature for current broadcast news (25%) and
lecture speech (45%) ASR systems. Future work will take in cosideration ner-grained

levels of WER.
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Lecture 1 2 3 4
Number of
sentences in lecturg 1280 928 811 972
Variables /
values for WER= 25% | 45% | 25% | 45% | 25% | 45%| 25% | 45%
Size in sentences
of lecture corpus 100 20 200 20 100 20 50 20
Modi ed lecture
sentence lengths | original | 5 |original| 5 |original| 5 |original| 5
Number of added
HUB-4 sentences 0 650 0 650 0 650 0 650
Modi ed HUB-4
sentence lengths - 1 - 1 - 1 - 1

Table 3.2: The training (over tting) variables' values for the target WERsS

of 25% and 45%.
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particular, to segments of lectures containing a variableumber of sentences).
The following sections describe the design and setup of a WERntrolled

ASR system, as well as details about the audio material useql testing.

3.3.6 Acoustic Models

The acoustic model (AM) that is part of the SONIC toolkit was wsed in our
experiment. The decision tree state-clustered HMMs moded built on 30
hours of data from 283 speakers from the WSJO and WSJ1 subsetshe 1992
development set of the Wall Street Journal (WSJ) Dictation @rpus [LDC,
1994. The WSJ Dictation Corpus is a collection of microphone reedings (1
channel, 16-bit, 16KHz sampling rate) of WSJ news texts reda journalists
(not necessarily with experience in dictation). Both for tle AMs and for
the recognition process the acoustic vectors were represehusing SONIC's
default” Perceptual Minimum Variance Distortionless Response (PM®YR)
cepstral coe cients, with a 39-dimensional feature vector(12 PMVDR

parameters) computed over 10ms audio frames and 20ms Hamgiimindows.

3.3.7 Language Models

Several alternatives exist for simulating the errors prodied by ASR systems,
from a simple, but unrealistic solution of replacing words ni manual
transcripts, to complex algorithms that mimic the mismatcles caused by
both acoustic and language models (such as [Bchatzmannet al., 2007).

Since the focus of the ASR research presented in this dissgidn was on

"Overall, we were pleased with SONIC's out-of-the-box featuves pertaining to the

acoustic part of the ASR process.
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improving LMs for lecture transcription, all the experimens conducted as
part of this research used speaker-independent acoustic dets. As such,
for the experiment described in this Chapter, ASR errors wersimulated by

controlling the LM training process.

In order to have a greater control of the over tting processthe training
sentences were mixed with the transcripts of the 1997 LDC Badcast News
(HUB-4) Corpus [Stern, 1997 Evaluation Set. Although tri-gram® LMs
were built on the training corpora, further variability was introduced in the
training process, by altering the length of the training setences (this was
achieved by concatenating all sentences in the corpus ancethsplitting them
in new sentences of equal length). A summary of the variablased to control
the training/over tting process is presented in Table 3.1.The tri-gram LMs
were built in ARPA format using the CMU-Cambridge Statistical Language
Modeling toolkit [Clarkson and Rosenfeld, 199and converted to the SONIC

binary format.

3.3.8 Lexicon

The pronounciation dictionary was build to cover all words dund in
the manual transcription, thus, there were no out-of-vocaldary items.
Individual lexicons were built for each segment of the lecta corpus on which
LMs were trained. The CMU Pronouncing Dictionary v.0.dCMU, 1994 was

used to extract the pronounciations for the lecture words. d¥ technical words

8A description of tri-gram language models is given in Annex BGlossary of Technical

Terms.
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not in the dictionary®, the SONIC's sspell lexicon access tool was used to
generate pronounciations using letter-to-sound predictns from a decision

tree which we trained on the entire CMU Pronouncing Dictiongy.

3.3.9 Recordings

The recordings used for our study were collected in a large,
amphitheatre-style, lecture hall (200 seating capacity),using the AKG
C420 head-mounted directional microphone. The lecturer imale, early
60s, and a native speaker of English. The recordings were natrusive,
and no alterations to the lecture environment or proceedingvere made.
The 1-channel recordings were digitized using the TASCAM U822 audio
interface as uncompressed audio les with 16KHz samplingteaand 16-bit

samples.

3.3.10 Recognition

The recognition was performed on each set of sentences uding language
model that was trained on data consisting of or containing th same set.
For an individual lecture, a set of models that produced the esired average
WER was chosen, such that all models in that particular set we trained
using the same values for the training variables presented Table 3.1. The
variables' values for the target WERSs of 25% and 45% are outid in Table

90nly few technical words were not found in the CMU Pronouncirg Dictionary. Also,
as it will be shown in Chapter 4, if lectures are accompanied ¥ slides, the LMs can be
easily adapted to include such words. As such, the realism ahis simulation is not likely

to be a ected by the lack of OOV items.
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3.2.

The SONIC decoder performs recognition in two passes. Thestrpass
decoding uses the speci ed AMs and LMs. After the rst pass isomplete,
an unsupervised Maximum Likelihood Linear Regression (MLR) of the AM
is performed using the output of the rst pass (ASR hypotheseare labeled
with con dence scores). The second pass uses the MLLR-adagtAM. Since
the recognition is performed in two passes, each of them proadng its own
hypotheses, we also considered using as one of the WER-coltitng variables
the pass from which we selected the ASR output. However, as miened
in [Pellom, 2001, SONIC's MLLR adaptation in the second pass usually
produces an output of a slightly lower WER. Thus, we found thiathe output
of the rst pass was always a better choice for our purpose.

Besides allowing for a greater control of the WER variable he method
used to generate lecture transcripts ensured that users \eeexposed to
transcripts generated by a real ASR system. Transcripts wht these levels
of WER as well as no transcript were integrated into an exigtig webcasting
system that additionally provided the following componers: video of the
presentation, slides, table of contents, and timeline. Thisetup allowed us
to design an ecologically valid experiment as in a Wizard of simulation,

without the need for the on-line intervention of a human wized.

3.3.11 Experimental Design

A repeated-measuregwithin-subjects) design was followed: each participant
completed four quizzes, one for each level of the indepentieariable. Each

quiz was administered on a di erent lecture.
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A Latin square design (of size four) was chosen to randomizeetorder in
which participants were exposed to the four levels of the iegpendent variable
[Kirk, 1995]. For the 48 participants, 12 squares were used. The squaresrev
designed such that each level of the independent variable svenatched with
one of the four lectures an equal number of times, and such theach of
the four lectures appeared in every position in the sequengiven to the

participants.

3.3.12 Participants

The study was conducted using 48 students (26 female and 22le)aat the

undergraduate level, recruited from various disciplines.

3.3.13 Procedures

Participants rst completed a preliminary quiz that consided of the questions
from all four quizzes used in the experiment as well as llerugstions, to
eliminate the potential for confounding e ects that might have been caused
by a previous exposure to the course lectures used in the spudOnly two
participants correctly answered questions on the prelimary quiz (and only
one question each). One of them answered the same questiorrexily on
the quiz during the experiment { the answer was ignored and &hscore on
the quiz was adjusted for a maximum of 8 points instead of 10. hE other
participant did not answer the question due to a lack of time {thus no
adjustment was needed.

After becoming familiar with the system, participants comjeted a

warm-up quiz while reviewing a lecture not included in the ma experimental
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data. Next, each of the four quizzes and the correspondingctares were
presented to participants. Upon completion of each quiz, pacipants
were assigned a very brigbost-quiz questionnaireo assess user perception.
Breaks were permitted between quizzes. After all quizzes neecompleted, a
post-session questionnaireollected additional comparative user perception

data and demographic information.

3.3.14 Data Analysis

The most suitable statistical test for within-subjects deign with various
confounding eects and multiple-level independent varidles is the
repeated-measures ANOVAHowell, 1999, which can be carried out in SPSS
through the General Linear Model Repeated Measures procedu[SPSS,
2004. All tests were run using a signi cance level of = :05 as the size
of the null hypothesis' rejection region. For the ANOVA proedure, the
independent variable WER was used with its four levels: WER8, WER=25,
WER=45, and WER=NT. Although we tested the data for normalcy, a
non-parametric (distribution-free) test, Friedman's Raik Test for Correlated
Samples[Howell, 1999, was also run and 2-scores were computed, in order
to con rm the validity of the F-scores obtained through ANOVA. Beside the
tests for statistical signi cance, simple descriptive stiastics are also presented

for each level of the WER variable.
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3.4 Results: Task Performance

Synopsis: Transcripts of WER=0 led to best Task performance, followed
(in decreasing order) by WER=25, WER=NT, and WER=45.

The Performance-Quality Hypothesis was tested through thé&NOVA
procedure. Also, a trend analysis was performed in order tstanate the
nature of the relation between the scores corresponding t@ah level of
WER. As indicated in [Howell, 1997 and [Howell, 2002, for independent
variables with ordinal values (such as the WER variable), #nd analysis
is more meaningful than multiple (pairwise) ANOVAs among leels of the
independent variable in revealing the kind of relationshiphat exists between
the independent and the dependent variable. As the WER varide has a
mixture of ordinal (0%, 25%, and 45% error rates) and categoal (NT { no
transcript) levels, two trend analyses were run: one usingnty the ordinal
levels (to reveal the in uence of error rates on performangt@nd one using
all levels, in which WER=NT is considered equivalent to an atinal level of
unknown value (to estimate the WER threshold above which tnascripts
become useful). Also, since WER=NT is a categorical value, set of
pairwise ANOVA comparisons were performed between WER=NTral each
of WER=0, WER=25, and WER=45 to con rm the ndings of the tren d

analysis.

3.4.1 Performance-Quality Hypothesis

Synopsis: Users' performance is indeed in uenced by WER. Also, WER=25

is above the WER threshold for achieving the same performamcas no
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WER 0 25 NT 45

Mean Score| 0.907| 0.071| -0.373| -0.605
ANOVA F(3;141) = 7:264 p < :001
Friedman 2(3) =18:325p <:001

Table 3.3: Mean relative quiz scores for each level of WER, drtests of

signi cance over all levels of WER.

transcripts. However, the increase in performance does ndiminish as
quality improves. Instead, the trend analysis (detailed Hew) suggests that

performance varies linearly with the transcript's quality

The ANOVA using all levels of WER shows a signi cant relatiorbetween
quiz scores and quality of transcript (Table 3.3). The restd are also
con rmed by the distribution-free test (Friedman's Rank test). The trend
analysis carried out on the ordinal values of WER shows a sigrant linear
relation (Table 3.4), WER=0 having the highest score, and WR=45, the

lowest.

In order to assess whether WER=25 leads to a better performea than
having no transcripts, we consider WER=NT as an ordinal vala (being
equivalent to a transcript of unknown WER). The trend analyss (Table 3.4)
reveals that the quiz scores for WER=NT fall between those fOWER=45
and those for WER=25 (Table 3.3 shows the average scores fachk value of

WER), the relation still being best approximated as linear.

A set of multiple (pairwise) comparisons (Table 3.5) was adscarried

out between the categorical value of WER (WER=NT) and each othe

Useful Transcriptions of Webcast Lectures



3.4. RESULTS: TASK PERFORMANCE 53

WER Trend

0, 25,45 | Linear: F(1;47) =20:133 p <:001
0, 25, NT, 45| Linear: F(1;47) = 23:477.p <:001

Table 3.4: Trend analyses over the ordinal values of WER ander all values

of WER.

WER | Comparison with WER=NT

0 F(1;47)=18:498 p<:001
25 F(1;47)=1:428 p= :238
45 F(1,47) = :405p= :527

Table 3.5: Multiple comparisons between WER=NT and each ofrie ordinal
levels of WER.
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ordinal levels (WER=0, WER=25, and WER=45). While the dier ence
in means can be attributed to the quality of transcripts for WER=0 when
compared to WER=NT, the di erences between WER=25 and WER=NT
and between WER=45 and WER=NT are not signi cant. This con r ms the
trend analysis ndings that the performance for WER=NT is close to both
WER=25 and WER=45 (falling in between them) and signi cantly lower
than the performance for WER=0.

3.4.2 Performance-Quality Hypothesis: Breakdown by
Quiz Question Type

A similar analysis was also performed on@nSlide / NotOnSlide breakdown

of quiz scores. Some of the quiz questions (typically 1 or 2toof 5 for

each quiz) could be answered without listening to the lecter (the answer
was found on the slides). Therefore, a separate analysis weeried out

for quiz scores that summed up only the questions with ansveepn slides
(OnSlide score¥ and, independently, for those that required a thorough
listening of the lecture (or reading of transcripts) in orde to answer the
guestions (NotOnSlide scores.

When considering only theOnSlide scores, there are no signi cant e ects
of having di erent values for the WER variable. However, thedi erences in
WER values have a signi cant e ect on the NotOnSlide scores (Table 3.6).
The trend analysis (Table 3.7) clearly shows a linear relath between WER
values (0, 25, and 45) and quizNotOnSlide) scores. Interestingly, the scores
(Table 3.6) for WER=NT are now marginally lower than those fa WER=45.

Indeed, the trend analysis over all levels of WER (Table 3.7dicates a linear
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WER 0 25 45 NT
Mean Score| 0.287| -0.024| -0.121| -0.140
ANOVA F(3;141) = 8473 p < :001

Friedman 2(3)=18:175p <:001

Table 3.6: Mean relativeNotOnSlide scores for each level of WER, and tests

of signi cance over all levels of WER.

WER Trend
0, 25, 45 Linear: F(1;47) =18:139p <:001
0, 25, NT, 45| Linear: F(1;47) =29:293 p <:001
Quadratic: F(1;47) =4:01Q0p= :051

Table 3.7: Trend analyses over the ordinal values of WER ander all values

of WER for NotOnSlide scores.

WER

Comparison with WER=NT

0

F(1;47) = 27:996 p < :001

25

F(1;47) = 1:447p= :235

45

F(1;47) = :034p= :855

Table 3.8: Multiple comparisons between WER=NT and each othie ordinal

levels of WER forNotOnSlide scores.
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WER 0 25 NT 45

Mean Score| 0.812| 0.261| -0.438 -0.635
ANOVA F(3;117) = 5:567 p= :001
Friedman 2(3)=12:570p= :006

Trend Linear: F(1;39) = 18:207 p <:001

Table 3.9: Mean relative scores for each level of WER acrossvite users,

and tests of signi cance and trends over all levels of WER.

relation between WER values and scores, with a slight quadra component
explained by the close means for WER=NT and WER=45. Howeverin
terms of post-hoc analysis between WER=NT and the ordinal iels of WER
(Table 3.8), the e ects of WER=25 and WER=45 are, as expectedstill not
signi cantly di erent than those of WER=NT.

The analysis ofNotOnSlide scores indicates that the WER threshold for
which transcripts yield better performance than having no ranscripts lies
in the upper part of the interval 25{45% for questions that donot have the
answer on slides. This suggests that in instances when théarmation users
are searching for is present only in the spoken track, trangots of poorer

quality (e.g. WER of 45%) would still be useful.

3.4.3 Performance-Quality Hypothesis: Breakdown by

Demographic Information

While ANOVA tests and trend analyses allow inferences abouhe data

collected through the experiments, in many cases it is alsmportant to take
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Figure 3.2: The histogram of the relative quiz scores for WERS
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Figure 3.3: The histogram of the relative quiz scores for WERS (only for

subjects that haven't used the system or a similar one befgre
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a closer look at simple descriptive statisticfHowell, 1999. In particular for
our experiment, examining the histograms of quiz scores feach level of

WER leads to some interesting observations.

Although the distributions of quiz scores for each value of BR can be
approximated as normal, the histogram for WER=25 (Figure 2) shows an
almost bi-modal distribution, with scores between -3 and -®ccurring 14
times, while scores between 1 and 2 occur 12 times. In orderdetermine
the cause for having scores distributed around 2 poles for VRE25, we
looked at the demographic information collected through t post-session

questionnaire.

The demographic information consists of: familiarity with webcast
systems (e.g. using the system or a similar one before), astied number of
hours of daily internet usage, interaction with media contet on internet, eld
and year of study, enrollment in the course where the recordjs of lectures
come from. The histograms for each demographic factor wereadyzed, and
only the used a similar system beforéactor (8 subjects out of 48) produced
a change in the shape of the histogram (Figure 3.3 shows thestoigram for
WER=25 with these 8 subjects removed). The distributions fothe other

levels of WER are not a ected by this factor.

The same analyses that were carried out for testing the
Performance-Quality Hypothesis were also performed usitiige 40 subjects
that never used a similar system beforenpvice user3. While there is still
a signi cant e ect of the WER variable on quiz scores (Table 3®) and
a linear trend can also be observed among all levels of WER,ettmean

scores for WER=25 for novice users are higher than for WER=2&cross

Useful Transcriptions of Webcast Lectures



CHAPTER 3. THE ACCEPTABLE WORD ERROR RATE OF
60 MACHINE-GENERATED WEBCAST TRANSCRIPTS

all participants, while scores for WER=0 and WER=45 remain elatively
unchanged. A possible explanation of this is that similar vieast systems
(as well as previous versions of the ePresence system) do mmiude any
transcripts in the interface, thus participants that used sch systems were
not accustomed to handling transcripts. While perfect traascripts (WER=0)
equally helped such users and novice users, and poor-qualitanscripts
(WER=45) lowered the performance for experienced users andovice
users alike, transcripts that are useful but not perfect (WR=25) required
participants to employ strategies to compensate for errorg transcripts
that might be more easily to be developed by novice users thdwyy more
experienced users, as novice users have no prior expectaiabout the

system.

3.5 Results: User Perception

Synopsis: Transcripts of WER=0 led to best user experience, followedn

decreasing order) by WER=25, WER=NT, and WER=45.

As previously mentioned, the user perception data were oetited
through post-quiz questionnaires (post-quiz perceptionada) and through the
post-session questionnaire (post-session user percaptiata). The post-quiz
data were analyzed through Repeated Measure ANOVAs (F-ses), in the
same manner as the relative quiz scores. Trend analyses walso carried
out, as well as multiple comparisons between WER=NT and eachf the

ordinal levels of WER.

Since the post-session user perception data were colleci¢the end of the
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WER 0 25 NT 45

Con dence | Mean level| -0.220| -0.026| 0.009| 0.238
in perform. | ANOVA F(3;141) =5:369 p= :001

Percep. task| Mean level| -0.339| -0.151| 0.245| 0.245
di culty ANOVA | F(3;141) = 6:201p < :001

Table 3.10: Mean relative perception of diculty and condence in
performance levels for each level of WER, and tests of sigoance over
all levels of WER. Lower values mean increased con dence ¢(ibe 1 on
questionnaire indicated being very con dent) and perceptn of an easier

task (choice 1 indicated a very easy task).

study and refer to users' overall experience (and as suchgamot in uenced
by the independent variables), no tests of statistical sigitance needed to
be performed. Instead, simple descriptive statistics aresad to present this

post-experiment analysis of user perception.

3.5.1 Experience-Quality Hypothesis

Synopsis: Users' experience is indeed in uenced by WER. Also, WER=25
is above the WER threshold at which users welcome transcriptis a feature
of the system. However, the increase in user experience does always
slow down as quality improves. We found that some user perdem data
(perception of task di culty and con dence in performance) exhibit only
a linear relation with WER, while other data (perception of ranscripts'

usefulness and perception of errors in transcripts) show amcrease in user
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WER Trend { linear:

Con dence 0,25,45 | F(1,47)=13:108p= :001
in perform. | 0, 25, NT, 45| F(1;47) = 12:006 p= :001
Percep. task| 0, 25,45 | F(1;47)=10:735p= :001

di culty 0, 25, NT, 45| F(1;47) = 12:857 p= :001

Table 3.11: Trend analyses over the ordinal values of WER arder all values

of WER for perception and con dence levels.

experience as quality improves, but seem to level o at lowesalues of WER.

Perception of task di culty and con dence in performance

These were the user perception data collected at all level$ WER. The
ANOVA shows that WER a ects users' experience both for pergaion of
task di culty and for con dence in performance (Table 3.10).

The increase in users' experience (over the ordinal value$ WER)
is linear both for con dence in performance and perceptionfadi culty
(Table 3.11). For con dence in performance, multiple-conmgrisons (pairwise)
ANOVAs between WER=NT and each ordinal level of WER show a
signi cant e ect (Table 3.12) between WER=NT and WER=0 and b etween
WER=NT and WER=45, but not between WER=NT and WER=25.
Indeed, the mean relative level of con dence for WER=NT is wy close
to that for WER=25, which is con rmed by the trend analysis of all levels
of WER. This is still a linear relation, since the con dencedor WER=25

and WER=NT are very close when compared to those for WER=0 andor
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WER | Comparison with WER=NT

Con dence 0 F(1;47)=4:399 p= :041
in perform. 25 F(1;47)=0:126p= 724
45 | F(1;47)=4:642p= :036
Percep. task| O F(1;47)=12:242 p= :001

di culty 25 F(1;47)=4:797.p= :034
45 F(1;47) = 0:000 p=1:00

Table 3.12: Multiple comparisons between WER=NT and each ahe ordinal

levels of WER for perception and con dence levels.

WER=45. For perception of di culty, pairwise comparisons (Table 3.12)
reveal signicant e ects between WER=NT and WER=0 and between
WER=NT and WER=25, but not between WER=NT and WER=45.

Perceived di culty levels for WER=NT and WER=45 are equal, t hus the
trend analysis over all values still shows a linear relationTherefore, it can
be concluded that WER=25 is at least equal or even better in iproving

users' experience as having no transcripts.

Perception of speech recognition errors

Participants indicated their agreement/disagreement wh two statements
that appeared on post-quiz questionnaires that were admatered only after
quizzes where transcripts were present. \The errors in theanscript didn't
stop me from solving the quiz" and \I was bothered by the err@ in the

transcript.” For both questions, the level of agreement wasigni cantly
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in uenced by WER (F(2;94) = 7:060 p = :001 andF (2;94) = 12:212p <
:001 respectively). A trend analysis shows that the relatiobetween WER
and participants' perception of error rates is linear for bth questions
(F(1;47) = 12:746 p = :001 andF (1;47) = 20:699 p < :001 respectively),
with users being more aware of the errors in transcripts of giner WER.
The perception of errors in transcripts was also assesseddhgh the
post-session questionnaire. Participants indicated theagreement with the
statement \I haven't noticed signi cant di erences in the quality of the
transcripts for dierent lectures”. 64% of subjects disagged or strongly
disagreed with the statement, while only 19% of subjects aggd or strongly
agreed with it. This further shows that participants were flly aware of the

di erences in transcripts' quality levels across sessions

Perception of transcripts' helpfulness

Participants indicated their agreement with two statemens from post-quiz
questionnaires administered only when transcripts were @sent: \Transcripts
helped me solve the quiz faster" and \Transcripts helped meobe the
quiz better.” For both questions, the level of agreement wasigni cantly

in uenced by WER. However, the trend analysis shows (Table.B3) both
a linear and a quadratic component of the relation between pmeption of
transcripts' helpfulness and WER (transcripts of WER=0 beng perceived
as more helpful than those of WER=25, which in turn are more Hpful

than those of WER=45). The quadratic component is explainedy users'
perception of helpfulness for WER=25 being closer to that fAVER=0 than

to the perception for WER=45 (Table 3.13).
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WER 0 25 45

Solved| Mean Score | -0.345| -0.282| 0.627

faster ANOVA F(2;94) = 20:164 p < :001
Trend: linear | F(1;47) = 24:790 p <:001
& quadratic | F(1;47) =11:594 p= :001
Solved| Mean Score | -0.283| -0.240| 0.523

better ANOVA F(2;94) =14:721,p < :001
Trend: linear | F(1;47) = 18:884 p <:001
& quadratic | F(1;47)=8:051p= :006

Table 3.13: Mean relative perception of helpfulness leveter each level
of WER, and tests of signicance and trends over all levels oWER.
Lower values mean increase helpfulness (choice 1 on questaire indicated

transcripts helped solved the quiz faster/better).

Besides the statements from the post-quiz questionnairesysers’
perception of usefulness was also assessed through one toquen the
post-session questionnaire, by indicating their agreemntenith the statement
\I would rather have transcripts with some errors than not haing transcripts
at all". 91% of subjects indicated (agreed or strongly agrdgtheir preference
for having access to transcripts, even if their quality is rtoperfect. This
further demonstrates that 25% error rate is acceptable fronthe users'

perspective.
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Perception of usability of transcript-enhanced webcasts

The post-session questionnaire also asked participants todicate which
features they used to compensate for the errors in the tranguts, by
indicating their agreement with statements such as \When tnscripts
seemed to be full of errors, | used to nd the answer,” with X being each of
\slides," \audio playback," \table of contents,” and \time line." Slides, audio
playback, and table of contents were equally favoured by use(about 65% of
subjects agreed or strongly agreed with each) as navigatedrtools useful in
compensating for speech recognition errors in transcripimeline was used
by only 18%). Of these, the table of contents was the highesated (31%)
as the rst choice (strongly agreed that it helped compensatfor transcripts'
errors), followed by the audio playback (23%). Participarg also indicated
(over 80% agreed or strongly agreed) that being able to plagdividual lines
from transcripts both made the tasks easier to accomplish drwas useful

when transcripts had errors.

Participants were also asked (on the post-session questiaire) to rate
all features of the system from an overall usefulness perspee. About 95%
of subjects rated all features except the timeline as usefot very useful (the
timeline was rated as useful or very useful only by 59% of thelgects). The
table of contents was rated the highest for rst choice onlyvery useful for

79% of the subjects), followed by transcripts (62%).

This analysis leads to the conclusion that appropriate nagational tools

improve users' experience when errorful transcripts are ggent.
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Con dence in using the system

Users' overall con dence in using the system was also assekswvith respect
to the importance of the application where the system is to besed. When
asked if they would use the system to \prepare for an examinan instead of
going to classes," 33% of respondents chose \no," while 37¢#th@m indicated
\only if transcripts have no errors.” Unsurprisingly, their con dence changed
when asked if they would use the system to \prepare for an examation in

addition to going to classes™": 75% opted for an unconditiohdyes." With

respect to less critical tasks (preparing for an assignmégnt72% indicated
they would use the system, while 21% conditioned it by havinganscripts
with no errors. Meanwhile, using a system to make up for a m&g class
would not demand accurate transcripts (93% would use the ggs for such
a task, only 4% conditioning it by having perfect transcrips). This shows

that transcripts' quality is more critical in some applicatons than in others.

3.6 Limitations and Generalizations

The experiment described in this chapter was carried out umd an
information-mining scenario in which students used a websasystem to
answer quiz questions about the content of lectures. The nmalimitation of
this task is in the types of information sources that are intgrated into the
webcast archives, speci cally the existence of a structuletable of contents
and of the slides used in the presentation.

Additional limitations may have been caused by the informabn-mining

aspects of the task that was carried out, as well as by the cloei of
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time-constrained factoid quizzes as a metric of user perfoance. Similar
research, such as that of Whittakeret al., [1999] and of Whittaker
and Hirschberg, [2003], explore the trade-o between acaosy and
time-to-completion as a measure of user performance whenalileg with
imperfect transcripts, under tasks that also include comghension (e.g.
writing summaries). While our choice of the task was based nhonly on its
typicality for educational activities, it was also based orpractical reasons |
comprehension tasks have more confounding variables, ané anore di cult
to assess quantitatively (as in the case of judging summasi¢Penn and
Zhu, 200§). Within the scope of information-mining tasks, other measres
besides quiz scores can be employed, such as the time-to{ol@tion used
by [Whittaker et al., 1999 or the rate of correct answers per second used by
[Lonsdaleet al., 2004; such measures, however, are not signi cantly di erent
than the scores of time-limited quizzes.

Under similar conditions, it is plausible that the ndings d this
research, especially the fact that WER is correlated with @ss' performance
and experience, can be generalized to other informationimmg and
comprehension tasks as well as presentation environmentsltijough the
quality threshold is likely to be lower for more informationcritical talks,

such as possibly some business presentations).

3.7 Summary and Discussion

One of the major drawbacks for the users of audio/video archas

(such as those of webcast lectures and presentations) is tliculty
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in performing operations typically associated with archied text, such as
scanning and browsing. While manual transcription is a vergxpensive and
time-consuming task, speech recognition systems can piwian alternative
solution. However, for lecture and presentation speech,dtpoor accuracy of

automatically generated transcripts makes their use quashable.

In this research, users' expectations for transcription aaracy in webcast
archives was investigated, and how the quality of the transipts a ects the
usability and usefulness of the archives was measured. Alffte investigation
looked at what other navigational tools (table of contentsslides, etc.) users
employ to compensate for errors in the transcripts. For thjsan ecologically
valid experiment was designed, where 48 subjects used a yid#atured
webcast browsing tool, while answering quizzes based onhaves of webcast

lectures.

The analysis of the task performance data revealed that uséer
performance correlates with the accuracy of speech recdgm. For
transcripts with a word error rate equal to or less than 25%, sers' task
performance was better than that of using no transcripts. Wal error
rate also in uenced users' experience, as shown by the arsily of the user
perception data. Error rates of 25% led to users' experien@bove that
achieved when using no transcripts. When exposed to trangats with WER
of 45%, both task performance and user experience were warsemost case¥

than if no transcripts had been provided.

10The usefulness threshold for transcript quality is in the proximity of 45% WER when
the information users are searching for is found only in the adio channel and not present

in any accompanying sources, such as the slides.
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As current lecture-dedicated ASR systems deliver, in reatic conditions,
WERSs of 45% or even greater, more research is needed in orderdaduce this
to the acceptable level of 25% as determined by the study pesged here.
As such, in Chapter 4 a solution for improving lecture ASR isnqoposed that

takes steps toward reaching this acceptable transcript qlity threshold.
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Chapter 4

Improving Automatic Speech
Recognition for Webcast

Lectures

Automatically transcribing lecture speech is one of the moshallenging areas
of ASR research. One direction of research where signi caatorts are being
spent is the improvement of Language Models (LMs) for lectartranscription.
The main goal of this direction is nding appropriate method of modelling
the dual nature of lecture speech: it is characterized as t@-vocabulary,
continuous-speech, speaker-independent and as topic- atmimain-speci c.
Usually for lecture transcription tasks only small amountsof training data
are available (compared with, for example, broadcast newsanscription).
Typically, solutions for this type of problem were sought byuilding separate
LMs targeting the reduction of WER independently for each othe traits

speci c to lecture speech, while the recognition was perfoed using an
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interpolated LM [Rosenfeld, 200D

One of the disadvantages of previous approaches is the mooenplicated
process of determining and acquiring the most appropriateopora for
building two or more separate models. Other shortcomingsdlude the need
to ne-tune the interpolation or hypothesis space combinabn parameters
and the diculties in (automatically or manually) extracti ng reliable
topic-speci ¢ keywords from additional knowledge sourcege.g. lecture
slides). The approach proposed in this chapter eliminateshé need for
multiple models, yet achieves similar or better WER reductins. Our method
exploits the slides used in the lecture or presentation to bteanscribed; by
using the entire content of the slides as web-search queridsretrieves web
corpora that can be used to directly train a single LM suital@ for both the
conversational and the topic-speci ¢ styles of lectures.

In this chapter, | will rst present a survey of the research a language
model adaptation as a solution to improve ASR for dedicated ainains
(Section 4.1), followed by a review of existing work on lecta ASR and
related domains (Section 4.2). | will then introduce a techque for improving
the ASR process for lectures and presentations and discussveral web
retrieval and training alternatives (Section 4.3). Beforeconcluding this
chapter, I will also compare the best solution with currentnterpolation-based

LM adaptation methods (Section 4.4).
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4.1 Existing Research on Adapting and
Building Language Models for Dedicated

Domains

It is an undeniable fact that automatic speech recognitionystems are
improving constantly nowadays, some reaching accuracietose to 100%
(in user-dependent, limited vocabulary, dedicated applations). One of
the reasons for such improvements resides in the increasedikbility
of resources (e.g. extremely large amounts of recordingspr fsuch
applications, that support the development of accurate laguage and acoustic
models. Unfortunately, the availability of such resourcess limited in
the large-vocabulary, continuous-speech, lecture domaiand applications
targeting new domains face some of the challenges existingtems had to
cope with in the past. As a result, increasingly signi cant esearch has been
directed toward porting existing systems to new domains (nialy by adapting
their LMs), without having to pay the high price of collecting the required
amount of data.

As mentioned in Chapter 3, the WER of current systems is stilhigher
than the minimum level for which transcripts are accepted byhumans.
During recent years, several approaches were proposed topiove the
ASR systems used in lecture transcription. Although some ggii cant
improvements can be achieved through acoustic model adapiten if manual
transcripts of the same lecturer are available[Park et al., 2005; Fugen
et al., 2006d), most research on speaker-independent lecture ASR have

turned to the LM as the focus of their eorts ([Leeuwis et al., 20083;
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Kato et al., 2000).

Of potential interest to the task of lecture/presentation geech recognition
is the domain of broadcast news transcription. These two dams share
some important aspects, such as: speaker independencegdavocabulary,
less-than-optimal acoustic conditions (for lectures, caed by the lecture
room, and for broadcast news, caused by external disturbas; such as
background music for studio broadcasts or background nossdor outside

broadcasts), or the occurrence of speaker interruptions.

One of the more recent attempts to port broadcast news recagon
systems is presented ifGiuliani and Federico, 2001; Bertoldet al., 2004. In
this research, a broadcast news transcription system foralian is ported to
the domain of spontaneous dialogue systems. The acoustic deb(HMMs)
is adapted through Maximum Likelihood Linear Regression (MLR). The
language model is adapted through recursive interpolatiofFederico and
Bertoldi, 2004, by combining trigrams from the source model with trigrams

computed on relatively small texts from the target domain.

Another adaptation example is provided by Arikiet al. [2003, in which
the target is a recognition system for sports broadcast spge The language
model was initially built on a collection of documents gathed from the
World Wide Web (by selecting documents related to a particar sport).
A smaller, adaptation corpus was also built using manual trascription of
sport event recordings. The nal language model was built bynterpolating
the initial and adaptation language models, a technique thancreased the
accuracy on two test sets by 16.8% and 11.1% respectively (details are

given on the baseline WER).
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Adapting existing models to the task of lecture/presentattn speech
recognition was also the solution chosen in \Spontaneous &gth Corpus
and Processing TechnologyfKawahara et al., 2001, a large project aimed
at the development,inter alia, of a corpus of spontaneous speech consisting

of lectures and oral presentations.

Broadcast news is not the only source for building languageaodels for
adaptation to particular domains. As presented in[Bacchiani and Roark,
2004, metadata can be used to condition the language model (in domst
to other approaches where the language model is conditioneg external
knowledge sources such as the topic). \Metadata" refers tong type
of knowledge external to the speech signal (for example, thecord of a
customer calling a company's customer service). The autl®wuse caller
IDs as metadata for their experiments with the SSNIFR corpugvoice mail
recordings at a customer care centre). They report up to 27% BR for
speech recognition on the SSNIFR corpus using metadata-gdad models,

compared to 30% WER using models trained on the SSNIFR corpus

When adapting language models to a new domain, a variety of har
sources of information can be used. For example, the World % Web
is employed as a source for building topic-speci c corporand language
models in several topic-dependent recognition tasks, sues call routing
applications (by extracting relevant semantic informatio from web data,
as in [Hakkani-Ter and Rahim, 2004)), telephone and meeting transcription
(by using N-gram statistics to retrieve web data that bettermatches the
conversational style of the recordingéBulyko et al., 2003), or transcription

of nancial transactions (by manually identifying topic-speci ¢ keywords and
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building web queries of keyword-centered N-grams extractdrom existing
transcriptions, as in [Sarikaya et al., 2004). However, such approaches
require the availability of either manual transcripts (cofly or impractical) or
of an automatic keyword extraction procedure (not necessbr guaranteed

to yield the most relevant keywords to a speci c topic).

A further example of using relevant textual information to Hild
topic-speci ¢ LMs is provided independently by Seymore andRosenfeld,
[1997 and Bigi and De Mori, [2004, where the output from a rst pass
of an ASR system through the speech document is used as the maource
of information for LM adaptation. Seymore and Rosenfeld[1997, used
the ASR output to detect a set of topics (from a pool of 5000 taps) that
describe segments of the speech document to be transcrib&gch detected
topic is then used to extract that topic-related part of the taining corpus
and build language models dedicated to the detected topicuéh topic-based

adaptation reduces the WER from 40% to 35%.

ASR output can also be used to reduce the Out-Of-VocabularyOQV)
rate, which is the focus of the work presented ifBigi and De Mori, 2004.
The authors employ Information Retrieval (IR) techniques lbsed on the
Kullback-Leibler Distance (a measure of divergence betweeprobability
distributions) to obtain relevant documents based on the hyothesized
transcription.  Such documents are then used mostly to buildbetter
vocabularies for a second ASR pass. While such technique daexploited

in LM adaptation, the main bene ts are a 28% reduction of the @V rate.

The OOV rate is also the focus ofSchwarmet al., 2004, as new words

needed by the target domain to which the language model is gutad, even
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if added to the new vocabulary, cannot always be integratedto the new
language models. This is mainly caused by a lack of su cientréining data
from the new domain, which typically leads to poor WER for voabulary
items that are speci c to the target domain. In particular, the authors are
concerned with such words in the context of automatic meetintranscription.
For this, a variety of information sources are used, rangingom e-mails sent
to the research groups which are the target of the meeting, fwapers related
to the topic of the meeting. Using linear interpolation of a gneral-purpose,
conversational language model with a domain-speci c modeh 9% overall
reduction in WER and a 61% reduction in WER for new vocabularytems

can be achieved.

Underlying problems related to LM adaptation are also addssed in
[Bechet et al., 2004. One issue resides in the adaptation process being
unable to properly re-train the language model (and thus, dhin n-gram
probabilities adequate to the new domain) due to the fact thathe adaptation
targets a domain signi cantly dierent than that of the source model.
Typically, the target corpus is signi cantly smaller that the source corpus,
and this creates a lack of evidence in the target corpus for ahging the
probabilities of existing n-grams. The authors propose a ried that is
based on Singular Value Decomposition (SVD) and which rement words
in a reduced space, with the assumption that semanticallyirsilar words
(determined by SVD) should have the same parameters in thenguage
model. In this way, words in the source model for which not engh evidence
exists in the target domain can have their n-grams' probabiles adjusted

based on evidence from other semantically-similar words. h& authors
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report a WER of between 1%% and 125%, although no baseline WER

iS mentioned.

4.2 Previous Work on Automatic Speech

Recognition for Lectures

Transcribing lecture/presentation speech is a research i still in its
infancy. The challenges met by the task of recognizing opeiemain,
speaker-independent, large-vocabulary, continuous, amubisy speech are
very hard to overcome. While a signi cant amount of researcle ort has
been spent on improving speech recognition for lectures apdesentations,
the quality of the transcripts (typically WERs of 30-40%, atmost 20% in
particular conditions) is still below that of other domains such as broadcast
news transcriptions.

An important e ort directed at lecture transcription has been carried
out by several Japanese research groups, as part of the largeoject, The
Corpus of Spontaneous Japanese. The approach proposed ia tontext of
this project [Kato et al., 2004, was to train the language model on corpora
consisting of lectures and presentation transcriptions. 33,000 words were
collected for this purpose, with a vocabulary of 32,000 unig tokens. The
language model is a tri-gram model trained on this collectio The model
is topic-independent, all words related to a specic lectw topic having
been removed. It is assumed that the remaining words (esp&ty those
which frequently appear across lectures) are related to vaus acts of the

presentation (ranging from ller words such as hesitationso commands for a
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voice-operated projector). The language model is then adapl to a specic
topic for recognition of individual lectures. The adaptaton is performed
through linear interpolation of the general model with a topg-dependent
model (trained on a collection of technical papers indicatieby the instructor
of each lecture as bibliographical and background mater)al The reported
improvement ranges from 18% to 26% WER for an arti cial evalation with

3 speakers, each giving a 10-minute technical presentation

Another approach also relying on presentation slides to aph the
language model was followed by Rogina and Schadf004, wherein all
content words extracted from the slides are ranked accordjrio their tf icf
scorest The most relevant content words, along with the out-of-vodaulary
(OQV) words are considered important, and used in web quesdo extract
documents containing these words. From the top 100 relevadibcuments
(ranked by the search engine), word quintuples centered ohé important
words are extracted. These are then used to transform the lgmage model
into a class-based model where OOV words can be added into eqriate
classes (de ned as clusters of words that co-occur in bigrain The OOV
words are also used to improve the acoustic models, by usintgat-to-speech
synthesizer to generate the pronunciation of the OOV wordsThe reported
word error rates are between 26% and 37% (a 14% relative WERdtetion
from initial values). Using the adapted language models, ¢hauthors also
implement a tracking system, for alignment of the transcripon with the

lecture's audio. The alignment is performed using a dynamitme warping

LA brief de nition of tf idf is given in Annex B Glossary of Technical Terms while a

more formal and detailed description can be found in[Manning and Schatze, 1999.
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algorithm, and achieves alignment error rates of 27%-31%hg authors did

not compare this to using manually-generated transcripts)

Signi cant progress has been recorded lately in improvinde recognition
of continuous, large-vocabulary, speaker-independent egrh (such as
broadcast news), mostly due to the increased availabilityf darge annotated
corpora. However, for the domain of lecture/presentation ranscription
such necessary resources are very scarce. For this reasanl.éeuwis and
colleagued2009 used the TED corpus combined with the American English
newspaper (Wall Street Journal) dictation corpus. The TED Translanguage
English Database) corpus, released by ELRA and LDC in 20023, a collection
of 188 manually transcribed recordings of talks given in Efigh at the
Eurospeech conference in 1993. Both the acoustic and langaanodels were
adapted. The acoustic model was adapted from the Wall Streelournal
on the TED corpus using Maximum Likelihood Linear Regressio(MLLR)
[Leggetter and Woodland, 1996 The language model was adapted through
recursive interpolation and non-linear smoothing from a 13nillion word
corpus of scienti ¢ papers and a 300,000 word corpus of corsegional speech
transcripts to the 55,000 word TED training corpus. The langage model
was then adapted to a speci c speaker by using various part§ the paper
presented. Word error rates were reported as 44.2% (adaptat using the
title), 43.9% (using the abstract), and 43.8% (using the ene text of the
paper) using Probabilistic Latent Semantic Analysis[Hofmann, 1999 to
perform the adaptation. Using the entire text and a mixture nodel (obtained
through interpolation at the level of relative frequencigsachieved a 39.2%

error rate.
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As webcast of lectures are becoming increasingly commonwn@search is
emerging on automatic transcription of lectures. Such a pject was recently
started by the Spoken Language Systems Group at MIGlasset al., 2004;
Park et al., 2005; Hsu and Glass, 2006 The goals of this project are
to improve upon the ASR process for lectures, mainly for theuppose of
document indexing. As part of this project, a lecture browsig interface
[Cyphers et al., 2009 (and illustrated in Figure 2.2 from Chapter 2) was
developed that assists users in querying a lecture for infoation. This
interface is not a multimedia visualization tool, instead king quite similar
to the story retrieval tool of Whittaker and Hirschberg [2003. The ASR
part of the project is focused on reducing the OOV rate and th&/ER. The
OOV rate is reduced by nding the appropriate adaptation copus { results
show that using textbooks reduces the OOV rate the most, altugh this
was only achieved for large vocabularies. WER is reduced bpth AM and
LM adaptation. The initial LM is trained on a mixture of textb ooks and
the Switchboard corpus (containing two-sided telephone nwersations on 70
di erent topics [Godfrey et al., 1992) { the use of telephone conversations
enable the LM to better re ect the free style of speaking comon to lecturers.
The initial AM is trained on manually-annotated non-CS lectires. The AM
is then adapted to the lectures by interpolation with a corpa consisting of
half of the lectures in a CS course series (while the other ha used as a test
corpus). The LM is adapted by adding transcripts of the sameadif of the
lectures and textbooks. The WER on the testing half of the l¢are series,
using the adapted LM, is reduced from 58% to 406%. In contrast to other

researches on lecture transcription, here the AM adaptatioappears to play
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a more signi cant role (WER with AM-only adaptation on the same corpus
Is 41:2%). This can be explained by the large amount of material fro the
same lectures used in the AM adaptation, which unfortunatg] is not always

a practical solution.

4.3 Web-Based Language Modelling for

Automatic Lecture Transcription

Signi cant research e orts are dedicated to the improvemenof LMs for
lecture transcription, the main goal being nding approprate methods
of modelling the dual nature of lecture speech: it is charastized as
large-vocabulary, continuous-speech, speaker-indepentiand as topic- and
domain-speci c. Typically, solutions for this problem wee sought by
building separate LMs targeting the reduction of WER indepedently for
each trait, while the recognition was performed using eitheinterpolated
LMs or separate models followed by a combination of the resinlg hypothesis
spaces.

One of the disadvantages of previous approaches is the mooenplicated
process of determining and acquiring the most appropriateorpora for
building two or more separate models (such as ifKato et al., 200q or
[Leeuwis et al., 2003). Other shortcomings include the need to ne-tune
the interpolation or hypothesis space combination paramets, as well as the
di culties in (automatically or manually) extracting reli able topic-specic
keywords from additional knowledge sources (e.g. lecturdides, as in

[Rogina and Schaaf, 2042 In contrast, the approach proposed in this
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Chapter eliminates the need for multiple models and for keywd-extraction
procedures, yet achieves similar or better WER reductiondlt exploits the
slides used in the lecture or presentation to be transcribgby using the entire
content of the slides as web-search queries, it retrievesbaarpora that can
be used to directly train a single LM suitable for both the coversational and
the topic-speci ¢ styles of lectures. This section presesthe implementation
details of the proposed method, discuss several web retaéwand training
alternatives, and compare the best solution with current irerpolation-based

LM adaptation methods.

4.3.1 General Algorithm

The fundamental principle of the proposed web-based langye modelling
method consists in treating the entire content of the lectwe/presentation
slides as the source of external knowledge used in buildinget dedicated
LMs. As it will be shown in this Section, this approach elimiates the need
to build both topic-dependent and general-purpose LMs.

Figure 4.1 describes the algorithm used to collect the welased corpora
used in training lecture-speci ¢c LMs. It assumes every legte is accompanied
by slides, which are mostly organized in bullet form (one i@deconstitutes a
line on the slide), however, every line on the slides is tread as a separate
web query (even if part of a larger text). Figure 4.2 shows seral examples
of typical queries based on lines from slides. There is no gseocessing of the
slides, each web query being an exact copy of a slide line. Nditlines consist
exclusively of topic-speci ¢ keywords (since many slide bBats do not contain

any keywords, while some lines are artifacts of the slide c@musion process),
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which ensures that the corpora retrieved using such queriegppropriately
matches both the topic-speci ¢ and conversation style of &¢tture. Figure 4.3
illustrates the dierences in the type of documents that areretrieved for

di erent queries.

for every slideS; in a lecture
for every lineL;; on slideS;
de ne T;; as the text of lineL;;
run web search with quer@ = T;;
retrieve most relevant rst N documents in PDF format

convert retrieved documents to text corpore&;;

Figure 4.1: The algorithm for using the lecture slides and #World Wide

Web to build corpora on which lecture-speci ¢ LMs are traind.

4.3.2 Corpora Adjustment

Several parameters can be adjusted both during corpora retval and

language modelling:

Number of documents to be retrieved for each slide linel in Figure 4.1),

which will be the main factor in uencing the size of the nal @rpus.

Percentage of non-dictionary words permitted (corpus ltering). For

each retrieved documentC;;, sentences (or lines) inC;; for which
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‘ Query T, : the role of scenarios

‘ Query T , : finish try to remember and

Query T__: definition of mental models

Query T : football is (like) war

Figure 4.2: Examples of slide bullets used as web queries.€eBb apparently
un-related examples are from the same lecture (\Conceptu@esign") of
the third year Computer Science undergraduate course \The d3ign of

Interactive Computational Media".

the number of words not in dictionary exceeds a desired thiesld are
removed from the corpus. This is useful for preserving thetagrity of

the LM with respect to the pronunciation dictionary.

4.3.3 LM and ASR Scope Alternatives

Once all corporaC;; are collected and lItered, LMs can be built using the
entire collection or a slide-speci c selection. Three alteatives are proposed:
one LM for the entire lecture, one LM for each slide, and one LNbr each
cluster of slides. For the latter two, the slides must be timéndexed (by

recording the time of each change of slides).

One LM per lecture: in order to obtain a single modelM for the entire
lecture, all collected corpora will be joined in a single cpus C =

ij Cij on whichM will be trained.

One LM per slide: for every slideS; of a lecture, a corresponding LIMV;
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Search | Document title Document source Document | Language | Relevant to
engine bype used the lecture
rank
Query T:sz: definition of mental models
1 Business Process IEEE Xplore — Proceedings of the Conference on | Scientific |Rigoroug, |Some
Reengineering Based on Wireless Communications, Networking and publication | concise | common
Improving Mental Models of | Mobile Computing keywords
Enterpriges
2 Chapter 7 SpringerLink — Book Chapter — ECO-Efficiency in |Scientific  |Rigorous, |Some
The decizion-maker’s mental | Industry and Science book less common
models concize | keywords
and values in inventory
analysig
3 Mental Models and Metaphor | The Anthology of the Asszociation for Scientific  |Less Mostly
Computational Linguistics publication | concize | overlapping
4 A Cage Study of Developing  |Hawaii International Conference on Education Scientific | Textbook- | Significant
Mental Models Through publication |like
Design
5 Dynamic mental models in Proceedings of the Human Scientific | Concige, | Significant
weather forecasting Factors and Ergonomics Society Conference publication | but less
rigorous
Query T, :finish try to remember and
1 Try to remember Zeitgeist Filmg Lid. Filn Informal |No
review
2 Try to Remember Cinematic | Performing Aits Journal Filn Informal |No
Year in Review 2002 festival
review
3 1/a (ironing help) Home products company User Informal, |No
manual /| directly
step-by- addresses
step guide |the reader
4 Rey Auditory Verbal Learning | Cognitive Research Group Test Direct Minimal
Test directions
5 Curriculum Vitae/Resume Personal Page at an Engineering College CV wiiting |Informal, |No
help directly
addresses
the reader

Figure 4.3: Examples of documents retrieved from the World Wfe Web,

relevant to two of the queries in Figure 4.2.
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: . P : iy
will be trained for everyC; = ; Cj; . During the recognition process,
a separate modeM; will be used for the audio segment of the lecture

corresponding to the time span of slid&;.

One LM per cluster of slides:  assuming slides are numbered
chronologically?, for each slideS;, a cluster of slides of range is
de ned asS;(r) = ka Sqji r k i+ rg. The related corpora are
also clustered in the same mannelC;(r) = ka Ciji 1 k i+rg,

where C, = Cyj. Thus, individual LMs M(r) are separately

j
trained on corpora clusters C;(r) and subsequently used during
recognition for the audio segments associated with the timspan of

§i(r).

4.4 Empirical Evaluation

An extensive evaluation of the approach proposed in Sectidii3.1 was carried
out, in which several combinations of corpora and LM scope ganeters were
tested (as the proposed method was not re ned during the ewation, no
developmental iteration was performed). The evaluation veacarried out
using the SONIC toolkit [Pellom, 200]. We used the acoustic model that
is part of the toolkit® (built on 30 hours of data from 283 speakers from
the WSJO and WSJ1 subsets of the 1992 development set of the W&treet
Journal (WSJ) Dictation Corpus [LDC, 1994).

2If the same slide is displayed more than once during a lecturée.g. it's re-visited by
the lecturer), the multiple occurrences of that slide are treated as separate slides and

numbered accordingly.
3The AM-related parameters were the same as those described detail in Section 3.3.
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For all the LMs used (web-based as well as baseline models), a
pronunciation dictionary was custom-built to include all vords appearing in
the corpus on which the LM was trained. The pronunciations we extracted
from the 5K-word WSJ dictionary included with the SONIC tookit and
from the 100K-word CMU pronunciation dictionary [CMU, 1994. For all
models, one non-dictionary word was allowed per line of carp (only for
lines longer than four words) { for non-dictionary words th&a remained in
each corpus the SONIC'ssspell lexicon access tool was used to generate
pronunciations using letter-to-sound predictions. The LM were trained
using the CMU-CAM Language Modelling Toolkit[Clarkson and Rosenfeld,
1997, with a training vocabulary size of 40K words (the out-of-voabulary
rate was low for all models { averaging 0.3% for the baseline@below 0.1%

for all other models).

441 Test Data

The test data consist of four lectures of approximately 50 mutes each,
recorded in di erent weeks of the same course. The recordggised for
our evaluation were collected in a large, amphitheatre-dty, lecture hall
(200 seating capacity), using the AKG C420 head-mounted dictional
microphone. The lecturer is male, early 60s, and a native sger of
English. The recordings were not intrusive, and no alteradths to the
lecture environment or proceeding were made. The 1-chanmetordings were
digitized using the TASCAM US-122 audio interface as uncomgssed audio
les with 16KHz sampling rate and 16-bit samples. The audioecordings

were manually segmented at pauses longer than 200ms.
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4.4.2 Web-Based Lecture Models

For each of the four lectures all LM training options descrieéd in Section 4.3.3
were considered (with a range = 1 for the cluster option). In terms of the
number of retrieved documents (Section 4.3.2), for each LMaining option
three values were allowed foN: 10, 20, and 30 documents per bullet (the
actual number was in some cases slightly lower thaw due to web retrieval
and PDF conversion errors). The Google APIshttp://code.google.com/ )
were used for returning the URLs of the web documents relevato each

query (the search was limited to documents in English).

4.4.3 Baseline Models

The transcripts of the Switchboard (SWB) corpus[Godfrey et al., 1994

were used for training the baseline model (SWB LM). The SWB cpus is

a large collection of about 2500 scripted telephone convatisns between
approximately 500 English-native speakers, making it a dable choice,
among general-purpose LMs, for the conversational style lectures (as also
suggested inPark et al., 2008).

In order to compare the proposed web-based modelling with eéhtypical
approach of using interpolation-based optimizations for a@main-specic
ASR, two more baseline LMs were built for each of the four lagtes: a
topic-speci ¢ model, and one built through the typical apppach of adapting
a general-purpose model to a specic topic. For these, a set keywords

relevant to each lecture was manually extractédfrom the slides by the

4While several automatic, both supervised and unsupervised keyword extraction

algorithms exist [Turney, 2000], they do not produce entirely accurate results (a

Useful Transcriptions of Webcast Lectures



CHAPTER 4. IMPROVING AUTOMATIC SPEECH RECOGNITION
90 FOR WEBCAST LECTURES

teaching assistant associated with the course. A query wagnstructed with
the selected keywords, and 200 relevant web documents weetrieved on
which a language model (KEYW LM) was trained. Finally, the KEYW
LM was statically interpolated (with an interpolation weight = 0:5) with
the SWB LM to generate the third baseline LM. Each of the basgle LMs
was accompanied by a lexicon constructed in the manner dabed at the

beginning of this section.

LM Docs per Lecture
scope | slide bullet 1 2 3 4
10 42.34 | 41.38 | 44.19 | 48.35
Lecture 20 41.71 | 40.70 | 44.18 | 47.56
30 42.03 | 41.01| 43.73 | 46.95
10 51.02 | 51.25| 50.63 | 57.29
Slide 20 48.37 | 49.06 | 49.79 | 55.26
30 47.38 | 47.63| 49.04 | 54.60
10 46.94 | 46.99| 49.02 | 54.41
Cluster 20 46.17 | 46.24 | 49.43 | 52.89
30 4521 | 46.31| 48.36 | 52.65

Table 4.1: Web-based lecture LM: the WERSs corresponding tdé training

options described in Section 4.3.3.

human-based assessment of such algorithms producing rebawe scores in between 60% and
80%). As such, the evaluation of LMs was restricted to using ranually extracted keywords
in order to avoid confounding this evaluation with the keyword extraction algorithm.
Furthermore, keyword selection is regarded by other discifines, such as Information
Studies (e.g.[Gross and Taylor, 2005), as a subjective and task-dependent process that

cannot always be quantitatively compared to automatic methods.
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Lecture
LM 1 2 3 4
SWB 47.26| 48.08| 48.71| 50.48

KEYW 44.04| 45.39| 46.39| 50.39
SWB+KEYW | 41.11| 43.43| 42.64| 46.39
LECT 41.71| 40.70| 43.73| 46.95

Table 4.2: The WERs corresponding to the best web-based lat models
(LECT), compared to the baseline model built on general-pypose
conversational texts (SWB), to the baseline model built usg
manually-extracted keywords de ning the lecture topic (KEYW), and
to the baseline obtained through interpolation (SWB+KEYW).

4.4.4 Results: WER Reduction

Table 4.1 presents the WER for each of the four lectures on ASfans using
the LMs described in this section. The lowest WER among the Wwebased
LMs is achieved for training over the corpus relevant to thergire lecture,
where the number of documents retrieved for each slide bullanges from 20
to 30. Comparatively, as described in Table 4.2 and illusttad in Figure 4.4,
the baseline model (SWB LM) yields WERs higher on average bglatively
11%, while the average di erence between the web-based LMs anlet best

model trained with manual supervision (SWB+KEYW) is less than 1% .
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LM Docs per Lecture
scope | slide bullet 1 2 3 4
Precision

Lecture 20 93.41 | 91.64 | 92.02 | 87.70

Lecture 30 92.79 | 91.33| 93.01 | 87.90

SWB 91.39 | 87.22| 90.20 | 83.24

KEYW 93.01| 89.88| 91.26 | 85.71

SWB+KEYW 93.99 | 90.60| 92.78 | 85.52
Recall

Lecture 20 81.04 | 81.94 | 71.49| 67.72

Lecture 30 80.26 | 81.44 | 71.49 | 68.99

SWB 57.92 | 51.55| 57.02 | 48.73

KEYW 79.48 | 75.52| 69.01 | 64.56

SWB+KEYW 77.14 | 74.48| 69.01 | 59.81

Table 4.3: Precision and Recall scores for keyword detectiozvhen using the
best training options (as indicated in Table 4.1) for the welbased models,
compared to the baseline model built on general-purpose eensational
texts (SWB), to the baseline model built using manually-exiacted keywords
de ning the lecture topic (KEYW), and to the baseline obtained through
interpolation (SWB+KEYW).
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Figure 4.4: Average WER scores across all lectures for thesetine model
built on general-purpose conversational texts (SWB), thenterpolation-based
optimization (SWB+KEYW), and the best web-based LMs (LECT).

4.4.5 Results: Precision & Recall of Keywords

Text transcripts are often used in automatic information rérieval tasks
(e.g. using queries to search a webcast lecture repositor fa particular
topic). However, one of the challenges associated with suobtrievals is
the accuracy of keyword transcription during the ASR proces For this,
the proposed web-based modelling was also evaluated fortlees through
the Precision and Recall of the transcribed keywords (measured against
the manual transcripts). Since no general agreement existm how to
automatically identify such keywords, a manually-generad list of keywords

was used (an approach similar to that taken infPark et al., 2004 where

S5A de nition of Precision and Recall is given in Appendix B: Glossary of Technical

Terms.
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Figure 4.5: Average Precision and Recall scores for keywatetection across
all lectures when using the baseline model built on genenalipose
conversational texts (SWB), the interpolation-based opthization
(SWB+KEYW), and the best web-based LMs (LECT).
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the course textbook's index was used). For each lecture, thist was set
to an arbitrary length equal to 1% of the number of words in themanual
transcript of each lecture, and words on the list were selexd by the teaching
assistant associated with the course from all words appeagi on slides.
Table 4.3 compares the Precision and Recall scores of the taest web-based
models with that of the baseline and the keyword-based model As can
be observed (and also illustrated in Figure 4.5), Precisioscores are higher
for the web-based models than for the Switchboard models amsimilar to
those for the keyword-interpolated Switchboard model, whe Recall scores
are higher for web-based models even than those for the malyasupervised
SWB+KEYW model.

4.5 Limitations and Generalizations

The solution proposed in this chapter relies on the textual antent of
lecture slides and related documents retrieved from the Wdr Wide Web
to improve the accuracy of lecture ASR systems. Thereford, is expected
that its applicability will be limited © to classes that are accompanied by
slides containing most of the information in textual, natual language, form.
Furthermore, it is expected that the lecture content (congats, examples, etc.)
delivered by the instructor will be contained within the cotent summarized
by the slides, although as shown by the evaluation (Section444), the order

in which the content is delivered does not need to be the sams that of the

6Section 7.2.1 discusses various proposals for future workat include enlarging the

applicability of the proposed solution to other domains and conditions.
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slides.

The extremely large number and diversity of documents thatan be
retrieved from the World Wide Web suggest that relevant mateal can
always be found for any lecture. However, there might be lages on more
obscure topics for which less relevant training data is ra#ved. In such
cases, it is expected that the proposed web-based LM solutiavill still
produce adequate conversational models (as mentioned ingiChapter, the
non-topic parts of the lecture slides are responsible for éhconversational
aspect of the LM), while the Recall of topic-speci ¢ keywors will be lower!
Future work should explore combining the proposed web-basdéecture LM
with Information Extraction methods (such as in[Sarikaya et al., 2009) to
Iter the retrieved web corpora for more topic-relevant doaments when the

lecture topic is less popular.

Despite the limitations mentioned above, the proposed LM &dion
can be generalized to other domains. For example, in contta® the
approaches for improving lecture ASR that will be introduce in Chapters 5
and 6, the web-based lecture LM can be applied to tasks requig a faster
recording-to-transcript time. This can be as low as the redlme factor of
the ASR system employed, if lecture slides are available be¢ the lecture is
recorded (thus allowing for the web corpus to be retrieved drthe LM trained
on it). Furthermore, the proposed LM solution could serve athe basis of

LM methods that can be generalized to other domains. For exaie, if a

"As suggested earlier in this Chapter, the high Recall valuegor the topic keywords of
the web-based lecture LM is due to the straightforward slideto-query conversion, resulting

in many web queries containing only topic keywords.
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lecture or presentation does not have well-structured sks, the web-based
LM approach can be enhanced with topic modelling to identifyareas on
slides (or on other presentation materials) that are promisg candidates for

serving as web queries.

4.6 Summary and Discussion

A novel algorithm for corpora building and language modefig aimed at
improving the accuracy of automatic lecture transcriptionwas introduced
in this chapter. The proposed approach uses the entire conteof the
slides presented in a lecture to build a language model thaaptures both
the conversational style and the topic-specic content of Hat particular
lecture. This leads to a reduction in WER of up tol1% relative to baseline
algorithms using general-purpose language models, as shothrough an
empirical evaluation carried out over several recordingd aniversity lectures.

In contrast to existing optimizations that rely on the interpolation of very
large, general-purpose LMs with smaller, topic-speci ¢ nuels, the proposed
approach eliminates the need for multiple models. By usingp¢ entire content
of the presented slides as web queries, only a single webdahsorpus needs
to be collected (on which a language model is trained). The WREreductions
are similar or better than those of existing methods based dnterpolating
general-purpose with topic-speci ¢ models (as well as impred Precision and
Recall scores for keyword identi cation).

One of the drawbacks of interpolation-based optimizationss selecting

the keywords that de ne the topic of the recording to be transribed.
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This is needed to build an accurate topic-speci c LM; howeve manual
intervention or ne-tuning of an automated algorithm is usuwally required to
accurately de ne such keywords. Beside allowing for an ergly automated
lecture-speci ¢ modelling, the approach proposed in thihapter does not rely
on identifying keywords for each lecture topic. Therefordahis unsupervised
method is suitable for integration into webcast archive sysms such as
ePresence, where the process of publishing a recording mumst fully
automated in order to maintain its cost e ectiveness.

Despite the improvements to the ASR performance for lecture
transcriptions brought by the research presented here, the still exists a
signi cant gap between the desirable and actual WER: the légre-specic
Web-based modelling leads to average WERs of 43%, below theefulness
threshold of 45% for some tasks (as discussed in Section3.4but above the
desired threshold of 25% (determined for all tasks descrihen Chapter 3). As
such, Chapter 5 presents an HCI- (in particular, user-colteoration-) based

solution aimed at reducing, and in some cases, even elimimaf this gap.
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Chapter 5

Wiki-editing of Webcast

Transcripts

As manually transcribing the increasing amount of availalel on-line
recordings is an expensive solution, such task would idgabe accomplished
by an Automatic Speech Recognition (ASR) system. Howeverud to adverse
acoustic and linguistic characteristics (large vocabulgr speaker independent,
continuous speech, imperfect recording conditions), camtly-available ASR
systems do not perform satisfactorily in domains such as teces or

conference presentations.

As it was shown in Chapter 3The Acceptable Word Error Rate of
Machine-Generated Webcast Transcriptéand in [Munteanu et al., 20063),
when using a fully-featured webcast browsing tool, usersask performance
and perception of di culty was better than using no transcripts at all only
for transcripts with Word Error Rates (WERs) equal to or lessthan 25%.

It was also shown that, for most browsing scenarios, usersefer having
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transcripts even if their quality is less than optimal. Unfetunately, most
recognition systems achieve WERs of about 40-45% in the astically and
linguistically challenging context of lecture recording$Leeuwiset al., 2003;
Munteanu et al., 2004. Moreover, it is expected that such systems will not
reach perfect or near-perfect accuracy in the near futurBVhittaker and
Hirschberg, 2003

In order to achieve useful transcripts of archived webcastdtures, in this
chapter | am proposing and evaluating an alternative tool toseduce current
Word Error Rate (WER) levels of 40-45% to the desired 25% or ber. For
this, | have developed an interactive tool that extends theRresence webcast
system'’s functionality by facilitating, in a wiki manner, the collaboration
between users (mainly students attending such lectures) icorrecting the
ASR-produced errors in the lecture transcripts. The editig tool is seamlessly
integrated into the regular archive viewing mode of our welast system,
allowing users to make corrections \on-the-y" while viewng an archived
webcast. This tool was evaluated in a eld study, showing thait provides a

feasible solution for improving the quality of webcast lecire transcripts.

In this chapter, | will rst brie y survey other research e o rts directed at
improving the quality of ASR transcripts for lectures, as wi as examples of
research where human collaboration was employed to correstcompensate
for various computational shortcomings (Section 5.1). | glw how transcripts
can be integrated into webcast archives (Section 5.2) andgsent the design
and implementation of the wiki editing tool (Section 5.3). lthen describe the
evaluation of the editing tool through a eld study (Sectiors 5.4 and 5.5),

followed by an analysis of the collected data (Section 5.6nd the re-design
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and re-evaluation of the tool based on the ndings of the eldstudy
(Section 5.7).

5.1 Related Research

The most commonly used measure for the quality of a speech ogaition
system is the word error rate (WER) { the edit distance (numbe
of substitutions, deletions, and insertions) between an #&matically
transcribed sentence and its manual version. Current statef-the-art ASR
systems can deliver WERs of less than 10% in ideal conditio(esg. anechoic
room, read text, with proper intonation) or under signi cant restrictions
(limited vocabulary, ASR system trained on same speaker anthder same
conditions, etc.) However, due to the adverse conditions atacterizing
lecture speech, typical WER for lecture speech can reach eatas high as 50%
when general-purpose ASR systems are usiRhrk et al., 2005; Munteanu
et al., 2007. Despite signi cant research e orts [Leeuwis et al., 2003;
Munteanu et al., 20074, WERs are still greater than 40% under unsupervised
(un-controlled) training conditions, with further reductions of WER only
achieved by strictly controlling the ASR training conditions [Furui, 2005b;
Fagen et al., 2006b; Glast al., 2007.

As it is generally accepted that ASR systems are not likely tamprove
signi cantly in the near future [Whittaker and Hirschberg, 2003, alternative
solutions are needed to reduce the gap between currenthyhaevable WERS
and acceptable WERs for webcasts. A readily available, albugh expensive,

solution is human intervention. Unfortunately, to our knowedge, no research
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exists that address the cost of this approach for reducing ¢hWER of
transcripts. Human intervention, however, has been suca#slly used to
correct ASR errors, such as in the voicemail transcript editg system
introduced by Burke et al., [2006], which proposes solutions to assist users
in correcting transcripts when input capabilities are resicted, such as in

mobile environments.

In various other scientic

areas, computer-supported
y ) L Mental Models

CO||ab0rat|0n has emerged as Intaraciive Medi . [{eﬁnmon of mental models (Carroll, 1984)
an alternative to (single) user
intervention. For example, it was
shown in two separate studies - =
[von Ahn and Dabbish, 2004;

Volkmer et al., 2003 that the

task of indexing and labelling

wing Toals
5. Mental Madels: Prototyping
Tools

a large collection of images for o™
9. Models (3)

query-based retrieval can be [

T T
Select Slide.

carried out using web-based

collaboration. Collaboration has Figure 5.1: Our transcript-enhanced
also been successfully appliecePresence system, displaying a screen
to various other tasks, from capture of the system, with transcripts
controlling a mechanical robot of 45% WER.

over the Internet [Goldberget al.,

2004 to open source software developmerCrowston et al., 2004 and to

geographic information mappingLi and Coleman, 2002 Recent years have
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also witnessed an increase in online collaborative writingnainly in the
form of wikis, from large-scale encyclopediastfp://wikipedia.org ) to

classroom projectdForte and Bruckman, 2004

5.2 Enhancing Webcasts with Transcripts

For this research the transcript-enhanced version (illusated in Figure 5.1) of
the ePresence webcast system was employed. As describedhager 3, the
ePresence system allows users to control the playback antenmaction with a
video archive, as well as to access the slides used in the rded presentation
or lecture. The interactive (clickable) transcripts are sgichronized with the
playback, emulating a closed-captioned system, while fulldisplaying the
transcript of the segment of lecture for the current slide. amplete description
of this system is given in the introductory part of Chapter 3and detailed in

Figure 3.1 on page 30.

5.3 Managing Imperfect Transcripts

Current ASR systems deliver transcripts of webcast lectuse and
presentations of 40-45% WER, while the necessary WER threst is 25%
(as shown in[Munteanu et al., 2006d). The collaborative editing tool that
we developed for our webcast interface allows users to catreand edit
the transcripts. It extends the basic functionality of the gstem without
burdening the user at the same time.

During regular playback of a webcast archive, users can rigtlick
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on any transcript line (not necessarily the one currently beg played
back), and an edit box (Figure 5.2) is displayed, allowing @ss to make
corrections to the selected liné. This line becomes highlighted in red, which
potentially di erentiates it from the current line, which i s bold-faced. Besides
colour-highlighting, the edit box is popped up on the screembout two
transcript lines above the selected line, to maintain a visl connection with

the transcript context.

4 Edit Transeript

whlat i= financing laws the do | | Play || Save H Cancel |
why
Java| new W
: N Dasicaly
with eed it description of the functionality
where is financing laws the do
pearance
2 one bnce a most to lock
ers wow when should be had a. eve
) we = interactive behawvior in cell
¢ in what it vou deal conceptual model you're not describing any of these things in feet

Figure 5.2: Wiki-like editing of imperfect transcripts

To avoid editing con icts, a server-side locking mechanisiprevents users
from simultaneously editing the same line. When trying to etla locked line,

users are informed that the line is being edited by a di erentiser, and that

LWhile many systems that allow user correction of ASR transcipts employ text shading
as a method of conveying information about possible errorsgs in [Burke et al., 2008),
such methods rely mainly on ASR own con dence scores and areab always reliable.
Since other studies (e.g[Vertanen and Kristensson, 200§ suggest that ASR con dence
visualization does not always help users. As such, no ASR cafence information was

included in the proposed system.
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a browser refresh might be needed to update the transcript @acasts need
accurate time synchronization between all components, segularly checking
for transcript updates is not possible).

This on-the- y editing mode has the advantage of being lightveight on
the users { the tool is \invisible" unless explicitly invoked | while at the
same time allowing users to carry out corrections to the tracripts without
explicitly loading a dierent interface (the webcast playtack is resumed

automatically after the edit pop-up is closed).

5.3.1 Features of the Transcript Edit Tool

Edit area: users can freely make corrections to the transcript line gitayed

in the edit box.
Suggestion drop-downwhen right-clicking on words in the edit box, a list

of possible replacement words is displayed. These are clesiainder
consideration by the ASR system during the recognition pr@ss, and
extracted from the word lattices produced by the ASR system énly
words that overlap by more than 70% in time alignment with the

original word in the lattice are considered as alternatives
Play button: plays the audio recording corresponding to the selected

transcript line, extracted o -line from the original recording (before

processing and compression of the streaming video) to ersaptimum

quality.
Save: both the transcripts in the webcast window and the originalstored

on the webcast server are instantly updated.
Other collaborative features:users can verify the amount of editing work they

carried out, quanti ed as the number of word-level edit actins, viz.
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deletions, insertions, and substitutions. Also, editing ecess can be
restricted to certain users up to the level of transcripts aoesponding
to certain slides, which is useful for de ning a collaboratin model of

students' lecture transcript editing.

5.4 A Field Study

A eld study was carried out to assess the feasibility of the q@posed tool
and to obtain further insight into how users accept and manag lectures
with imperfect transcripts. In this section we describe thesetup of this
in-situ evaluation, while the following section will preset the results and

recommendations arising from the eld study.

5.4.1 Research Objectives

As we propose a collaborative tool that engages users to edid correct
imperfect transcripts of webcast lectures, we devised andraducted a eld

study whose main objectives were to assess:

The feasibility of the interface for wiki-editing of webcast transcripts as
a solution for completing the task of improving the quality of
computer-generated transcripts.

User experiencewhen using the transcript-enhanced webcast system and
the editing tool, encompassing several componentssers' acceptance
of such interface, transcript quality’'s in uence on user experience,

the attitude towards using it in a real lecture setting, and other
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indirect bene ts gained by users (such as better lecture comprehension).

Moreover, users'con dence in using the systenwas also measured.

Appropriate motivational schemesfor  increasing  users  (students’)
involvement and e ectiveness in wiki-editing of webcast lecture

transcripts.

General user feedbaclon the interface design elements that can be improved
in order to maximize the benets of transcript editing (suchas to
improve the amount of edits that can be done in a short periodfo

time).

5.5 Methods

The eld study was carried out in the context of a real classrom, over
a 13-week semester consisting of 21 lectures (each apprately one hour
long). The lectures are part of the same course (third year Gguter Science
course). Although the recordings took place in-classroongll measures
were taken such that the recording did not interfere with theregular
lecture proceeding. 26 students were enrolled in the coursehile typical

classroom attendance was approximately 15 students evergek. The lecture
recordings were made available online (using our webcastss®m) within a

day of the lecture date.

2Since our previous laboratory-based experiment[Munteanu et al., 20064 also
investigated users' acceptance of machine-generated traoripts as an enhancement of
webcast systems, a similar assessment was conducted for thpesent eld study in a

real-life setting.
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5.5.1 System

Our webcast interface is entirely web-based, and the recands can be
accessed through most browsers (Internet Explorer and Mdai Firefox) on
several platforms (Windows, Linux, Mac OS) without instaling additional
software (beside the Real Player plugin, which is freely alable for a variety
of browsers and platforms).

For every recorded lecture, the webcast system gives usarl €ontrol of
the archive, mainly through the display of the slides used ilectures and the
video recording, through interaction with the TOC (at the I€ft of the screen,
which contains \chapter" headings and the title of the slids), and through
the timeline (an interactive, clickable, ne-grained timeprogress indicator).

Textual transcripts of the recording are displayed below th slide. The
lines of text are time-synchronized with the video, by boldicing the current
line of the transcript, thus emulating a closed captioningystem, while fully
displaying the transcript of the segment of lecture for the wrent slide.
The line breaks do not represent ends of sentences, but rathmrrespond
to pauses longer than 200ms. To further enhance the user'sntol over
the lecture, users can re-synchronize the playback of thedeo by clicking
on a line in the transcript. The transcripts were editable, a described in
Section 5.3.

Transcripts were obtained using the SONIC ASR toolki{Pellom, 2001.
The lecturer is male, late 30s, native (but accented) speakef English. Due
to the high speaking rate, accent, and speaking style, the WEwas between
50 and 60%.

3The AM and LM used for this task were those described in detailin Section 3.3.
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5.5.2 Task and Procedures

Participants were provided access to the web-based intecta for accessing
webcast archives. No restrictions were imposed on how therpeipants
watched the recorded lectures. They were encouraged to makee of these
as an additional course material (and as thus, it was linkeddm the course
website). With respect to editing the lecture transcripts gsers were also left
the choice of which lectures and which parts of lecture to amct. Since the
purpose of the study was to investigate the use of the wiki ditig tool in a
real situation, no further requirements (beside watchingelctures and editing
transcripts) were formulated during the course of the in-8i evaluation. All
participants were required to complete a questionnaire anbrief interview
after the course was completed.

The rst 9 of the total of 21 lectures were freely accessibletall students
in the class, while the rest were available only to the partipants of the eld
study. Transcript editing was restricted to users regist&d as participants
in the study. The remaining 12 lectures could be accessed (ocked") by
participants through a credit-gaining scheme: for each us¢he number of
words edited was recorded as credits that can be exchangeddocess to the
restricted lectures.

In a previously-run pilot study, we have determined that stdents correct
an average of 300 erroneous words per hour. In agreement wilie course
lecturer*, the required amount of participants' involvement was setd 4 hours
during the entire semester (beside normally watching the deure recording).

As such, the amount of credits needed to \unlock" access to enecture

4The authors were not a liated with the course in which the stu dy took place.
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was set to 80 words (thus allowing full access to all lectures exchange
of 4 hours of transcript editing). As an additional incentie for editing
the transcripts, students received a small course grade henand a modest
nancial compensation according to the amount of transcrip corrections

(signi cant only for those dedicating more than 4 hours).

5.5.3 Participants

The study was conducted with 15 participants, all third-yea Computer
Science undergraduate students enrolled in the course thaias recorded
(participation in the study was not compulsory). Two partidpants had
previous experience with the webcast system (as it is used,ithout

transcripts, for other courses). However, due to the intuiteness of the
webcast interface controls, no training was required for thother participants
(beside a brief explanation of the system's web-based caoi8). Moreover, all
participants indicated they are familiar with various forns of Internet-based

media.

5.5.4 Instruments and Measures

In order to answer the research questions that motivated thi eld study,
four types of data were collectedtask completion datauser experience data
involvement and motivation dataand general user feedbacki he instruments

used to collect these data are included in Appendix C.
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Task completion

One of the objectives of this eld study is to assess the feadity of the

wiki-editing tool as a solution for improving the quality of the lecture
transcripts. As such, we have collected data indicating whgpercentage
of the lecture transcripts were corrected by users. As it wibe shown in
Section 5.6.1, the task completion is assessed through trergentage of edited
transcript lines (sentences), as well as through the relag WER reductions

(a commonly used measure of ASR accuracy).

User experience

A post-study questionnaire was used as the instrument for becting user
experience data. The questionnaire consisted of multiptdoice questions
and indicated agreement/disagreement with various stateemts. The user

experience was assessed through a series of indicators:

User acceptance.This indicator measured students' willingness to use the
transcript-enhanced webcast system through statementsauas \Being
able to access lectures through the webcast system helps mettér
review the course material”, \I would like to see the system sed
for more classes”, \I didn't need the lecture archives, thelides and
examples on the prof's page are enough”, and \l only need toview

parts of lectures occasionally, | don't need transcripts fahat".

Transcript quality 's in uence on user experience was assessed through the
answers to several statements: \I would rather use this sysh without

transcripts”, \Having transcripts for every lecture meansl don't have
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to attend classes anymore", \I think the quality of the tran<ripts was

good enough for what | needed".

Attitudes toward wiki editing. Measuring task completion rates as the
percentage of corrected words provides an objective assesst of the
feasibility of the wiki editing solution. However, a subjetive evaluation
(from the users' perspective) is also needed. For this, weveacollected
data related to users' attitudes toward the editing tool, manly focused
on determining if students perceive the editing tool as a uké addition
to the webcast system and if they are willing to use it. Severa
statements on the questionnaire were used for this, such a#eing
able to correct errors in the transcripts really improved awess to the
course material", \I think | also bene ted from other users'editing of
the transcripts”, \I would gladly help the class by editing transcripts
for lectures using the webcast system”, \I would have rathepayed
to access perfect transcripts than do my part of the editing"and \ |

rather go to class and take notes than edit transcripts".

Perception of indirect bene ts. Beside determining the attitudes toward
using the wiki editing tool, we queried students about how thy
perceived the educational bene ts of the editing tool (maily motivated
by the hypothesis that more exposure to the lecture materialvould
be bene cial). For this, we have asked questions such as: \lod't
think that my editing of the transcripts helped me better pregare for
the course”, \When editing the transcripts, | payed more aténtion
to the lecture”, and \I think editing the transcripts helped me better

understand the course material".
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Con dence in using the system.Similar to our previous study[Munteanu et
al., 20064 (and to compare di erences between the use of transcripts
in an arti cial experiment with that of a real lecture setting),
participants indicated the context in which they would choge to use
the transcript-enhanced webcast system. The contexts raed from
very critical to less critical: \Prepare for an examinationinstead of
going to classes," \Prepare for an examination in additiond going
to classes,"” \Prepare for an assignment,” and \Make up for a mmesed
class." For each context, participants could choose \Yes,\No,", or
\Only if transcripts have no errors.”. In addition to these, a new choice
was added to the possible answers: \Only if everyone is heigicorrect

the transcripts”.

Involvement and motivation

In order to determine if the wiki editing tool is an appropride solution for
correcting the automatic transcription errors, it is impotant to investigate
how much time students are willing to dedicate for improvinghe lecture
transcripts, and how to better motivate them. Multiple-chdce questions
on the study completion questionnaire were used to collectth about the
number of hours spent weekly for transcript editing, the ammt of time
willing to spent, and students' estimate of the amount of tine others would
be willing to spend.

Ideally, students would voluntarily edit the transcripts for the benet
of the entire class. However, this might not be a realistic @ectation

for smaller-size classrooms. Therefore, we have also itigeged possible
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motivational schemes. Beside the edit-for-access schemgpioyed during the
eld study, we have also asked students to indicate their pference for others,
such as cost increases, making transcript editing part of ase requirements,
and edit-for-access combined with course bonus marks foited) more than

the required minimum. Preference for each of the scheme waslicated by

choosing one of \Fair", \Maybe", or \Not a fair deal" options.

General user feedback

We have invited users to also provide free-form feedback (amswers to
an interview-like questionnaire), suggesting as possibtikmensions features
of the webcast system, features of the editing tool, posig¥negative

impressions of the entire system, and general comments.

Figure 5.3: The percentage of edited transcript lines and legive WER

reduction for each of the 21 lectures after all transcripts @re corrected.
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5.6 Results

5.6.1 Task completion

The improvements in transcript quality through collaboraive editing are
measured at sentence level (through the percentage of catexl transcript
lines), but also in terms of relative WER reductions. As Figte 5.3 shows,
most lectures had a signi cant number of sentences corredtéfor example,
16 of the 21 lectures had more than 75% of transcript lines cected). On
average, 84% of all transcript lines were edited. This resed in an average

relative WER reduction of 53%.

In order to facilitate users' editing of transcripts, no resictions®
were imposed with respect to what users were allowed to typa ithe
edit box, resulting in inconsistencies between the 12 participants (such
as abbreviations, formulas, proper names, even spellingras that do
not in uence the text readability { we allowed for such varidions when
computing the relative error reductions). Thus, determimg the WER of
the corrected transcripts is not relevant. As our previoustsdy showed
that lecture transcripts become useful for WER below 25%, wean note

that in the case of the present eld study, this goal was achied overall.

5The lack of restrictions was mainly motivated by the quest to understand the pattern
of edits carried out by users; however, as explained in Secth 5.7.1, users preferred to

re-transcribe entire lines.
5There were no spurious edits, as all transcripts correctios were logged under a numeric

user ID that was uniquely assigned to each participant. Howeer, future versions of this
system will include a spell-checker and other vocabulary-ased editing restrictions, in order

to ensure consistency across users' contributions.
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However, while the 25% threshold was computed over uniforyatlistributed
imperfect sentences, the wiki editing of lecture transcrip creates a slightly
uneven distribution of corrected sentences (as illustratein Figure 5.3 by

the non-linear variations in the percentage of correctednes and WER

reductions).
Strongly Strongly
% | Agree | Agree| Neutral | Disagree| Disagree
Q1 25 58.33| 16.67 0 0
Q2| 63.64 | 27.27| 9.09 0 0
Q3 0 33.33| 8.33 50 8.33
Q4 0 8.33 | 16.67 66.67 8.33

Q1: \Being able to access lectures through the webcast systehelps me
better review the course material”

Q2: \l would like to see the system used for more classes"

Q3: \l only need to review parts of lectures occasionally, | @h't need
transcripts for that"

Q4: \l didn't need the lecture archives, the slides and exanigs on the prof's

page are enough"

Table 5.1: User acceptance of the transcript-enhanced welst system.
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5.6.2 User Experience

As previously mentioned, user experience data was collett¢hrough a
guestionnaire administered at the end of the semester. Stents indicated
their level of agreement with several statements related tthe indicators

described in Section 5.5.4.

User acceptance

Participants indicated their agreement with four questios relevant to their
willingness to use the transcript-enhanced webcast systemAs Table 5.1
shows, most users consider it a necessary addition to traidmal lecture

preparation materials.

Strongly Strongly
% | Agree | Agree| Neutral | Disagree| Disagree
Q1 0 16.67 25 33.33 25
Q2 0 16.67| 16.67 41.67 25
Q3 0 33.33 25 33.33 8.33

Q1: \I would rather use this system without transcripts”

Q2: \Having transcripts for every lecture means | don't haveo attend classes

anymore"

Q3: \I think the quality of the transcripts was good enough fo what |

needed"

Table 5.2: Users' attitudes toward imperfect transcripts.

Useful Transcriptions of Webcast Lectures




118 CHAPTER 5. WIKI-EDITING OF WEBCAST TRANSCRIPTS

The in uence of transcript quality

Table 5.2 shows users' responses to questions assessing #doeeptance of
imperfect transcripts. While users indicate they prefer hang transcripts

(signi cant disagreement with Q1), these are shown to not mvide the same
experience as attending the lecture (disagreement with Q2he quality of the

transcripts continuing to pose challenges (Q3). It should d noted however
that responses to Q3 could also be the result of users beingpeged to
transcripts of varying level of correctness, as access totigre archives (as well

as transcript editing) was not uniformly distributed over the entire semester.

Attitudes toward wiki editing

One of the areas that was the main focus of this eld study is # users'
attitude toward wiki editing as a viable solution for improving the quality of
the transcripts. As illustrated in Table 5.3, students marfested a positive
attitude toward the system, not only as a transcript-corretton tool, but as

an enhancement of the classroom experience as well.

Perception of indirect bene ts

One of the hypotheses that motivated the eld study was that duser editing
of transcripts not only as a solution for improving the accuacy of the
transcripts, but as having the added bene t of providing stdents with more
exposure to the lecture materials. Indeed, as Table 5.4 imdites, most users
perceive this as a benet (by disagreeing with Q1 and agregrwith Q2),
although such bene ts do not seem to stem from increased attion to the

lecture (slight preference for disagreement with Q3).
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Strongly Strongly
% | Agree | Agree| Neutral | Disagree| Disagree
Q1 8.33 58.33| 33.33 0 0
Q2 25 50 8.33 16.67 0
Q3 8.33 83.33| 8.33 0 0
Q4 0 0 16.67 33.33 50
Q5| 8.33 25 16.67 50 0

Q1: \Being able to correct errors in the transcripts really immproved access

to the course material"

Q2: \I think I also bene ted from other users' editing of the transcripts”

Q3: \I would gladly help the class by editing transcripts forlectures using

the webcast system”

Q4: \l would have rather payed to access perfect transcripthan do my part

of the editing"

Q5: \ | rather go to class and take notes than edit transcripts

Table 5.3: Users' attitudes toward wiki editing.
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Strongly Strongly
% | Agree | Agree| Neutral | Disagree| Disagree
Q1 8.33 16.67| 16.67 41.67 16.67
Q2| 16.67 | 41.67 25 0 16.67
Q2 0 16.67| 41.67 25 16.67

Q1: \I don't think that my editing of the transcripts helped m e better prepare
for the course"

Q2: \I think editing the transcripts helped me better undergand the course
material”

Q3: \When editing the transcripts, | payed more attention tothe lecture”

Table 5.4: Users' perception of the indirect benets of wikiediting of

transcripts.
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Only if Only if everyone
% | Yes transcripts | is helping correct| No

have no errors| the transcripts

Q1| 25 16.67 0 58.33
Q2| 75 0 8.33 16.67
Q3| 41.67 8.33 0 50

Q4 | 83.33 8.33 0 8.33

Q1: \Would you consider using the ePresence system to prepafor an
examination (instead of going to classes)"

Q2: \Would you consider using the ePresence system to pregafor an
examination (in addition to going to classes)"

Q3: \Would you consider using the ePresence system to preparan
assignment”

Q4: \Would you consider using the ePresence system to make igo a missed

class"

Table 5.5: Users' con dence in using the system as a relatiaf transcript

quality.
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Con dence in using the system

Similar to our study that determined the minimum WER level fa useful
transcripts [Munteanu et al., 20064, we have assessed users' overall
con dence in using the system, with respect to the applicatn where the
system is to be used. The responses (presented in Table 5.6 eonsistent
with the ndings of our previous study { the transcript quality is critical

in more important applications. Compared to the previous stdy, a fourth
condition was available now as an answer: \Only if everyons helping correct
the transcripts”, although this does not seem to signi carly in uence the

relation between transcript quality and application's imprtance.

5.6.3 Users' Involvement and Motivation

Out of the total fteen participants, two chose to contribute more than
the required 4 hours of transcript editing. The combined cdributions of
these two participants accounted for approximately 75% ofhe transcript
corrections. Ten more participants contributed the full rguired amount
of editing (thus gaining access to the entire archive of lastes). Three
participants contributed less than the required amount andlid not respond

to the questionnaires.

Users' level of involvement was also assessed through thealn
questionnaire. Participants indicated that they are willng to spend an
average of approximately 50 minutes a week for transcript gthg (two users
indicating 2 hours, while other two indicating only 15 minuges). However,

when asked about other students' willingness to edit trangipts, most of the
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twelve responses estimated 15 minutes (four responses) ortime (also four
responses). Participants were also asked to estimate how much time they
spent weekly editing transcript during the eld study { the majority (six
responses) indicated one hour, although two (likely the mbsictive users)
indicated more than two hours a week.

In terms of users' preference for the motivational scheme,5% of
respondents indicate they consider as fair crediting the dnscript editing
work (as the number of corrected words) and use this credit tgain access
to lectures. This percentage increased to 83% for the saméame that also
allow students to gain course marks for additional editing ark. As expected,
increasing university costs to provide perfect transcrigt was rejected by
all participants, however, requiring transcript editing & part of the course
requirements was accepted or somewhat accepted by nine ot ttwelve

respondents.

5.6.4 General User Feedback

Given the particularities of this eld study, mainly evaluating a completely
new concept (wiki editing of imperfect transcripts) in a rebsetting (students
attending lectures during an entire semester), participds’ feedback is one of
the most important aspects of the data collection. Beside vi@aus comments
related to the web interface (such as video player plugin), ost of users'
feedback was focused on the editing tool and on the integrati of transcripts.

While the shortcomings of the editing tool (and the measuretaken

’A plausibility argument on the cost-e ectiveness of ASR improvements through

wiki-enabled user corrections is given in Section 7.2.7.
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to address them) are discussed in the following section, thetegration of
transcripts into the webcast system generated several s@gions from users.
Both our previous study [Munteanu et al., 20064 and the analysis of the
data collected during this eld study show that transcriptsare regarded as a
necessary addition to the webcast system (even if they arelofver quality).
However, the participants indicated that the sheer amount fotranscripts
make them di cult to be skimmed through. This suggest a more ompact
representation (either as a summary or another high-leveepresentation of
the lecture content) may be more appropriate, especially fdectures that
are accompanied by information-rich slides or discussin@gics (such as a

programming language) that are easily accessible elsewder

5.7 Interface Re-design and Re-evaluation

5.7.1 Assessment of Current Design

In terms of the wiki editing, the feedback provided by partigpants highlighted
the need for a more versatile editing tool. Due to the initialrecording
segmentation process (by pauses of 200ms, as described rti@e 5.2) and
given the fast speaking rate of the lecturer, some lines ofatscript were
spanning longer audio segments (15-20 seconds). This resilin di culties
when correcting the transcripts, and as such, users suggasbetter playback
control for the editing interface.

The second signi cant suggestion involved users' approat¢h correcting
transcripts. Both through the open-form responses and thugh specic

questions on the nal questionnaire, it emerged that our intial model of
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editing \on-the- y" is mainly applicable to occasional corections of the
transcripts. However, in the context of the large-scale dthg needed to
correct entire lectures, an editing tool that incorporategranscript navigation
is needed (7 of the 12 participants indicated they prefer toonisecutively edit
several transcript lines, without switching to lecture wathing). Therefore,
a second editing tool was integrated with the interface thaincorporates
multi-line transcript editing with slide navigation and better playback

control.

5.7.2 Extended Editing Mode

The \on-the- y" editing tool is activated by right-clickin g on transcript lines
during regular webcast viewing, and does not obscure the veast interface
while active (being implemented as a small pop-up window)nicontrast, the
extended editing tool replaces the webcast viewing mode whactivated, as
it is designed for longer editing tasks. For this, users carick on the \Edit
this slide" button from the slide navigation panel on the ridnt of the webcast
interface.

The extended editing mode (Figure 5.4) allows full editingfaa transcript
line, similarly to the editing box. In addition, the extended mode provides

enhanced features for:

Transcript navigation: users can navigate through all transcript lines
corresponding to the current slide.

Enhanced audio playbackthe audio segment associated with the line of
text being edited is controlled through the visually-intutive playback

panel of the Real Player plugin[RealNetworks, 200% Users can

Useful Transcriptions of Webcast Lectures



126 CHAPTER 5. WIKI-EDITING OF WEBCAST TRANSCRIPTS

Figure 5.4: The extended editing mode, allowing for full cdrol of the audio

playback and for editing of consecutive transcript lines.

play/pause/stop the audio segment, fast-forward throughtj or use
the slider for more accurate positioning. This allows for leer visual
synchronization between the length of text and the audio sagent, as
requested by participants after the rst eld study.

Enhanced editing:the text area is no longer limited to a single row,
facilitating editing of longer transcript lines. Users arealso provided
with an \Undo" options. The \Save" button will instantly upd ate
the changes in the original transcripts stored on the servemnd, since
multiple lines of text can be edited in the extended mode, Wikalso
advance to the next transcript line.

Return to archive: exits the extended editing mode and returns the user to
the webcast viewing mode.

Locking mechanism:similar to the pop-up editing tool, a server-side locking

mechanism prevents simultaneous corrections to the samedi For the
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extended editing mode the lock is engaged only when the usetick
inside the text edit area, avoiding unnecessary locks whesers do not
edit the current line. When advancing to a locked line, the atlbuttons
(Save and Undo) and text area are gray-shaded and inactive li€king
on the text area of a previously-locked line or of a line that dcame
locked after the user advanced to it activates a prompt infoning the

user that the line is currently edited by a di erent user.

5.7.3 Evaluation of the Re-designed System

The re-designed webcast system (enhanced with the extendediting tool)
was deployed for use by students in a dierent lecture { a fouln year
undergraduate Computer Science class. The same data wasleméd in
this follow-up study as in the initial eld study, under the same evaluation
protocol. However, based on the feedback from the initial &y, the
motivational scheme was modi ed: the incentives to correcthe transcript
were limited to course bonus marks (instead of both marks andancial
compensation).

As this follow-up study took place during the Summer term (whn
students typically work full-time and enroll in at most one ourse) and due
to the weaker incentives, enrollment in the user study waswer than in the
initial study. Moreover, the overall interest in viewing the lecture archives
was signi cantly lower, in part explained by the very informative lecture
slides and the comprehensive reading package. Five stude(from a class of
30) participated in the follow-up study, and four of them corpleted the nal

questionnaires.
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Since the focus of this re-evaluation was to test the changiesthe design
of the transcript editing mode, we will discuss here the mainli erences
in collected user experience data, in motivation data, anchigeneral user
feedback.

User Experience

With respect to the wiki editing of imperfect webcast transdpt, data
collected from two indicators of user experience was anadgk attitudes
toward wiki editing and perception of indirect bene ts

In terms of attitudes toward wiki editing the four participants in the
follow-up study responded mostly as in the initial study, asllustrated in
Table 5.6. Compared to the initial data (described in Table 8), a slight
shift toward positive attitudes was observed for Q2 and Q3 \Disagree"
responses for Q2 and only \Agree" responses for Q3). Howewtie responses
for Q1 were divided, one of the four participants indicatinglisagreement with
Q1 and the rest indicating agreement, a di erence from the ihal study that
can be explained by the fewer overall corrections of the lece transcripts.
Di erences were also observed for G4and Q5, where most responses were
centered around the neutral answers (a possible consequen€the part-time
nature of summer courses, consisting mainly of full-time wking students).

The analysis ofperception of indirect bene ts data showed more divided
responses than in the initial study. Two of the four particignts indicated
they saw an overall learning bene t from transcript editing This di erence

can also be attributed to the higher availability of lecture preparation

80ne of the participants did not answer Q4.
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Strongly Strongly
% | Agree | Agree| Neutral | Disagree| Disagree
Q1 0 75 0 25 0
Q2 25 50 25 0 0
Q3 0 100 0 0 0
Q4 0 0 66.67 | 33.33 0
Q5 0 25 50 25 0

Q1: \Being able to correct errors in the transcripts really inproved access

to the course material"

Q2: \I think | also bene ted from other users' editing of the transcripts"

Q3: \I would gladly help the class by editing transcripts forlectures using

the webcast system"”

Q4: \I would have rather payed to access perfect transcripthan do my part

of the editing"

Q5: \ | rather go to class and take notes than edit transcripts

Table 5.6: Users' attitudes toward wiki editing (with the redesigned system).
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materials than during the initial eld study.

Motivation

Although we expected students' preference for motivatiohascheme to be
signi cantly dierent in the follow-up study (due to the di erent course
setting), participants indicated the same preference (75%or using the
credit earned for transcript editing to gain access to lectes. Moreover, all
respondents supported the same scheme, that also allowseiging of course

bonus marks for additional editing.

General User Feedback

Our analysis of participants' free-form feedback and of theresponses to
questions of preference for editing modes indicated a pagit response to the
introduction of the extended editing tool. Compared to the nitial study,

the same preference for editing larger ranges of transcriptas manifested
(three of the four participants indicated a strong preferece for this, while
one response indicated a preference for a mixed mode). Onetipgant

explicity commended it for allowing fast transcript corretions. No other
negative comments were collected regarding the editing mes] suggesting
that providing both alternatives for editing (\on-the-y" and extended) is

the appropriate solution for facilitating transcript editing.
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5.8 Limitations and Generalizations

The research presented here and the ndings of the eld stues are mostly
applicable within the scope of university lectures, and rglon the availability

of speci ¢ incentives to elicit users' contributions. Someontributions of this
research can be generalized to other environments such agéa(and popular)
online repositories of information media, where either ekpit motivation

(e.g. gaining access to recordings, receiving nancial cpensations, etc.) or
intrinsic motivation (e.g. users' altruism) is present. Havever, due to the
high importance of the motivation for the success of the prased solution,
more investigation is needed to determine the applicabiitof these ndings

to other domains and under di erent assumptions.

5.9 Summary and Discussion

The usefulness and usability of webcast archives of lectsrand academic
presentations can be signicantly improved by the integrabn of text

transcripts. Unfortunately, manual transcription can often be logistically or
cost-ine ective. At the same time, ASR systems for lecturegield error rates
of 40-45% under realistic conditions, below the 25% threddoof usefulness
as determined in[Munteanu et al., 20064 and presented in Chapter 3.

As a solution to bridging the WER gap, we have developed a catiorative
tool that extends the basic functionality of a transcript-eahanced webcast
system by engaging users to collaborate in transcript ediy and correction
for webcast lectures and presentations. We have evaluateaig tool through

a eld study carried out in the context of a real classroom, ash have shown
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that this is a feasible solution for alleviating the ASR erros of webcast lecture
transcripts.

The editing tool was evaluated iteratively by integrating t with the other
educational resources available to the students of two Commer Science
courses. We have analyzed not only the improvements in tracrgpt quality
brought by the editing tool, but also looked at how students g making
use of transcripts in general and of the wiki-editing tool, @d what is their
attitude toward such enhancements of webcast systems. Wevieafound that
wiki-editing is well received by webcast users, and that stients are willing
to contribute to the improvement of lecture transcripts. Ou study revealed
that access to transcript editing must be facilitated by preiding both the
option of \on-the- y" editing and that of mass-editing.

Since providing various academic or even nancial inceniés for
transcript editing may not always be feasible, particulagt outside the
classroom environment, there might be cases where the sadut described
in this chapter will lead to only a part of the transcripts benhg corrected.
In Chapter 6 | will propose to combine the HCI- and ASR-based @ts
to improve lecture transcript quality by introducing a method that exploits
users' corrections of the early parts of a lecture to furthemprove the ASR

system.

Useful Transcriptions of Webcast Lectures



Chapter 6

Automatic Speech Recognition
for Webcast Lectures: Learning
from Wiki-enabled Transcript

Corrections

Improving access to archives of webcast lectures is a taskath by its

very nature, requires research e orts common to both Automta& Speech
Recognition (ASR) and Human-Computer Interaction (HCI). e of the
main challenges to integrating text transcripts into archves of webcast
lectures is the poor performance of ASR systems when tranbing lectures.
This is in part caused by the mismatch between the language et in a
lecture and the predictive language models employed by theSR system.
The solution proposed in Chapter 4 and ilMunteanu et al., 2007 addresses

this issue through an information retrieval technique thatexploits lecture
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slides by automatically mining the World Wide Web for documats related
to the presentation topic, and using these to build a betternatching language

model.

Despite the improvements to ASR performance on lecture traoriptions
(11% relative WER reduction) brought by the proposed lectug-specic
language modelling, there still exists a signi cant gap beteen the actual
WER and the established quality threshold of 25% presented iChapter 3
and in [Munteanu et al., 2006d. To reduce { and possibly eliminate
{ this gap, we have turned our attention to HCI, in particular, to
Computer-Supported Collaborative Work, a solution often sed to overcome
the limitations of or enhance other Articial Intelligence (Al) systems, as
in [von Ahn and Dabbish, 2004 The solution proposed in Chapter 5
and in [Munteanu et al., 20084 facilitates the editing of ASR-generated
transcripts, and under certain conditions (e.g. proper stlent motivation),

leads to entirely corrected transcripts.

One of the research questions that remains open is deternmgi the
appropriate motivational method for eliciting the necessg user participation
that leads to satisfactory correction of webcast transcrig in more general
scenarios, particularly outside the classroom environmerHowever, research
evidence suggests that further WER reductions are possibie subsequent
lectures when manual transcripts of large enough number adréier lectures in
a series are used to re-train an ASR systeftlasset al., 2004. For this, the
corrected transcripts can be employed to address one of theaim problems
that ASR systems face in large-vocabulary and unconstraidelomains (such

as lectures): the lack of previously-collected data on theuse topic and from
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the same speaker.

Our previous work on improving the quality of lecture transdpts found
that users of web-based lecture viewing systems can suctdis contribute
to the reduction of WER. Although it is possible to entirely orrect the
transcripts for a lecture, this usually requires additionkhincentives. We have
observed (Chapter 5,[Munteanu et al., 2008d), however, that manually
transcribing the rst 10 to 15 minutes of each lecture is a gdahat can
be easily achieved. In this chapter we will look at exploitig this nding to

further improve the quality of lecture ASR systems.

A solution for improving the quality of automatically-geneated webcast
lecture transcriptions is introduced in this chapter. In catrast to the
approach of [Glass et al., 2007 that uses the manual transcripts of the
lectures from the rst half of a semester-long course, the pposed solution
makes use of a minimal amount of manual transcripts (correspding to as
little as the rst ten minutes of each hour-long lecture). Trese transcripts
are obtained through user collaboration enabled by the wilediting system
described in Chapter 5. The WER reductions exhibited by the rapirical
evaluation demonstrate that wiki editing of imperfect webast transcripts not
only directly improves the quality of the transcripts, but can be successfully
used to further improve the ASR output, despite the signi catly small size

of the user-corrected transcripts.

In this chapter | will review the existing work on improving ASR for
lectures by making use of existing manual transcripts (Seon 6.1), and
present a brief introduction (Section 6.2) to Transformatn-Based Learning

(TBL), a method used in various Natural Language Processintpasks to
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correct the output of a stochastic model. | will then introdice a TBL-based
solution for improving ASR transcripts for lectures (Sectn 6.3), followed
by a description of an empirical evaluation of the proposedhition and an

analysis of its results (Section 6.4).

6.1 Related Work

Several ASR research directions are focused on improvingetlguality of
lecture transcripts, from better acoustic modelling [Park et al., 2005; Fagen
et al., 20064) to lecture-speci ¢ language modelling [Leeuwiset al., 2003;
Kato et al., 2000; Munteanuet al., 2007). Many of these approaches, even
those that propose unsupervised LM adaptations for lectusesuch agNanjo
and Kawahara, 2003; Niesler and Willett, 20d2equire the presence (usually
in large amounts) of manual transcripts, either from the samn instructor
or from lectures on the same topic. Unfortunately, these armot always
available for all lectures. Other ASR areas have proposedri@us solutions
for improving speech recognition systems when partial omfited amounts
of transcripts are available, such as Itering the corpus omwhich LMs are
trained in order to retain parts of it that are more similar to the correct

transcripts for a particular task or domain [Klakow, 200d.

Since manually transcribing a one-hour recording can oftdre carried out
in as little as 5 hours by quali ed transcribers[Hazen, 2006 or in roughly
10 hours by students enrolled in the lecturefMunteanu et al., 20084, one
can hardly justify the business case for manually transciibg one half of a

semester-long course series only to slightly reduce the WIBR the remaining
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lectures (instead of completely transcribing the entire aose). In contrast,
if a university aims to improve access to its (potentially lege) collection of
online lectures by o ering transcripts for each lecture, tk costs of manually
producing such transcripts would be prohibitive. Therefa, as argued in
[Hazen, 200§ any ASR improvements that rely on manual transcripts need
to o er a balance between the cost of producing those transpts and the

amount of improvement (i.e. WER reductions).

Since manual transcripts are a costly resource, several gasch e orts
have looked at more e ciently exploiting limited amounts ofthem. One such
approach is active learning, where the goal is to select orrgate a subset
of the available data for which the manual transcripts wouldbe the best
candidate for ASR adaptation or training[Riccardi and Hakkani-Tur, 2005;
Huo and Li, 200%. Usually the goal of this research is to reduce the size of
the training data, without an increase in WER { Riccardi and Hakkani-Tur
[2005] report a 30% WER with 68% less training data than theibaseline on

transcribing human-computer spoken dialogues.

While most ASR research e orts that make use of limited traiing data
are looking at improving various components of the recogioin system (e.g.
LMs, AMs), reductions in WER can also be achieved by correcty the
ASR output itself. These can be performed directly on transipts, for
example by treating the ASR output as being in a \foreign" laguage and
trying to translate that into the target language through the noisy-channel
method used in Machine TranslatiorfRingger and Allen, 199& This reduced
WER from 41% to 35% on a corpus of train dispatch dialogues. lother

examples, post-ASR improvements are achieved by combinirgther the
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transcripts or the word lattices (from which transcripts ae extracted) of two
complementary ASR systems, a technique rst perfected by SIT's ROVER
system|[Fiscus, 1997 with a 12% relative WER reduction, and subsequently

widely employed throughout the ASR community.

Most of the ASR research surveyed here (and in particular fati cult
tasks such as lectures) requires large quantities of manlyahnnotated
training data. Only a few approaches, e.g[Munteanu et al., 2007, try
to solve the problem in a realistic scenario, such as in lecas for which
collecting extensive training data is not practical. In thé Chapter, an
enhancement of Transformation-Based Learning (detailech iSection 6.2)
is proposed for automatically correcting ASR transcripts. Our approach
uses minimal training data that can be easily obtained, sucls through
the wiki editing system proposed in[Munteanu et al., 2006d; 2008hand
described in Chapter 5. Transformation-Based Learning (TB has been
successfully applied to other Natural Language Processi(igLP) tasks, such

as Part-of-Speech taggingBrill, 1992].

In recent years TBL has received increasing attention in théASR
community, being used, for example, to improve the word laites from
which the transcripts are selectefMangu and Padmanabhan, 20d1resulting
in a relative WER reduction of 5% over test data from a genergurpose
conversational corpus (SWITCHBOARD) using a language modethat
is trained over a diverse combination of broadcast news anctléphone
conversation transcripts. Unfortunately such approachesre not suitable for
cases in which the particular combination of acoustic and tguage models

leads to word lattices that have a limited number of paths though them
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(as anecdotally evidenced during our evaluation of the wdiased lecture
modeling described in Chapter 4). An alternative is to direty correct
the ASR transcripts through n-gram word-level editing ruls, such as in
[Peters and Drexel, 2004 which reports a 9.6% relative WER reduction

on a professional dictation corpus with a 35% initial WER.

What is shown in this chapter is that a true WER calculation isso
valuable that a manual transcription of only about 10 minuts of a one-hour
lecture is necessary to learn the TBL rules, and that this sntl@ar amount of
transcribed data in turn makes the true WER calculation comptationally
feasible. With this combination, we achieve a greater avega relative error
reduction (12.9%) than that reported by Peters and Drexel,Z004], on their
dictation corpus, and a relative reduction over three timegreater than that
of our reimplementation of their heuristics on our lecture dta (3.6%). This
is on top of the average 11% RER from language model adaptation the
same data. We also achieve this reduction from TBL without ta obligatory
round of development-set parameter tuning required by theheuristics, and

in a manner that is robust to perplexity. Less is more.

Section 6.2 briey introduces Transformation-Based Leaing (TBL), a
method used in various Natural Language Processing tasks torrect the
output of a stochastic model, and then introduces a TBL-basesolution for
improving ASR transcripts for lectures. Section 6.3 destrés the proposed
TBL approach to lecture transcript correction, while Sectin 6.4 presents the

setup of the experimental evaluation and analyses its ressll

Useful Transcriptions of Webcast Lectures



CHAPTER 6. ASR FOR WEBCAST LECTURES: LEARNING
140 FROM WIKI CORRECTIONS

6.2 Transformation-Based Learning

Historically, research in Natural Language Processing cdre divided into
two major approaches: statistical-driven and rule-basedwith statistical
approaches being more recently predominarfRoche and Schabes, 19p5
However, research has emerged that successfully combinekde ttwo
approaches, such as Brill's Part-of-Speech (POS) taggi@rill, 1992].

Brill's tagger introduced the concept of Transformation-Bised Learning
(TBL). The fundamental principle of TBL is to employ a set of mules to
correct the output of a stochastic model. In contrast to tradional rule-based
approaches where rules are manually developed, TBL ruleseautomatically
learned from training data. The training data consist of samle output
from the stochastic model, aligned with the correct instares. For example,
in Brill's tagger, the system assigns POSs to words in a texiyhich are
later corrected by TBL rules. These rules are learned from maally-tagged
sentences that are aligned with the same sentences taggedtbg system.
Typically, rules take the form of context-dependent trangirmations, for
example \change the tag from verb to noun if one of the two preding
words is tagged as a determiner[Brill, 1992].

An important aspect of TBL is the rule scoring (and ranking). While
the evidence from the training material can suggest a certatransformation
rule, there is no guarantee that such a rule will indeed cortce (and improve)
an NLP system's output. In order to ensure that rules will notbe used to
(falsely) transform correct output, a scoring function is ged to rank rules.
From all the rules learned during training, only those sconig higher than a

certain threshold are retained. For a particular task, the ®ring function
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ideally re ects an objective quality function.

Since Brill's tagger was rst introduced, the TBL approach tas been used
for other NLP applications. One recent example is the systerdescribed
by [Peters and Drexel, 200§ in which TBL rules are employed to directly
correct ASR output (a graphical illustration of TBL used forASR corrections
is presented in Figure 6.1 in Section 6.3). In this case, theles consist of
word-level transformations that correct sequences of wadn-grams). One
of the main challenges is the heavy computational requiremts of the rule
scoring function [Roche and Schabes, 1995; Ngai and Florian, 200 his
is particularly prevalent in applications of TBL to ASR corrections, where
large training corpora are needed. Therefore, while the dajtive function
for improving the ASR transcript is the WER reduction, the u® of this for
scoring the TBL rules is prohibitive. For example, Peters ath Drexel, [2004],
had access to a very large amount of manually transcribed @at so large,
in fact, that the computation of true WER in the TBL rule selecion loop
was computationally infeasible, and so they used a set of fas heuristics
instead. In Section 6.3, a solution for correcting ASR tramsipts for lectures
is presented that makes use of minimal amounts of training tafor short,
one-time, recordings, and as such, can employ the WER as thde scoring

function.
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6.3 Minimally-Trained Transformation-Based

Learning for Webcast Transcription

The underlying concept behind transformation-based leaimg is the use of a
scoring function to rank rules for correcting the output of gredictive model.
For ASR systems, such rules are typically applied to eitherhe compact
search space from which the transcript is generated (i.e. whblattices),

or directly to the rst-best path through this space (the ASR transcript

itself). In both cases, a large training data size is requideto robustly

learn transformation rules. This requirement is more critial for ASR, where
the large vocabulary can lead to potentially many more errarthan, for
example, POS tagging, where the set of tags is quite limitedAs such,
TBL applications to ASR traditionally employed heuristic goproximations

of transcript quality improvements in order to score rules.

While the objective function for improving the ASR transcrpt is WER
reduction, the use of this for scoring TBL rules can be compationally
prohibitive over large data-sets. Peters and Drexel, [20p4address this
problem by using an heuristic approximation to WER insteadand it appears
that their approximation is indeed adequate when large amais of training
data are available. Our approach stands at the opposite siad this trade-o
| restrict the amount of training data to a bare minimum so tha t true WER
can be used in the rule scoring function. As it happens, the mmum amount
of data is so small that we can automatically develop highlyamain-speci c
language models for single 1-hour lectures. We show here ttlthe rules

selected by this function lead to a signi cant WER reductionfor individual
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lectures even if a little less than the rst ten minutes of thelecture are
manually transcribed. This combination of domain-speciity with true
WER leads to the superior performance of the present methodf least in
the lecture domain (we have not experimented with a dictatio corpus).
Another alternative would be to change the scope over whichBL rules
are ranked and evaluated, but it is well known that globallyscoped ranking
over the entire training set at once is so useful to TBL-baseapproaches that
this is not a feasible option | one must either choose an heustic approach,
such as that of[Peters and Drexel, 200§ or reduce the amount of training

data to learn su ciently robust rules.

6.3.1 TBL Algorithm for ASR Output Correction

As our proposed TBL adaptation operates directly on ASR trascripts, we
employ an adaptation of the specic algorithm proposed byPeters and
Drexel, 2004, which is schematically represented in Figure 6.1. This irutn

was adapted from the general-purpose algorithm introduced [Brill, 1992].

6.3.2 Rule Discovery for Lecture Transcripts

The TBL rules are represented as contextual replacement md to be
applied to ASR transcripts. The rules are learned by performg a
word-level alignment between corresponding utterances the manual and
ASR transcripts of training data, and extracting the mismathed word
sequences, anchored by matching words (that serve as comtgx The rule

discovery algorithm, outlined in Figure 6.2, is applied to wery instance of
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For the available training data » Foreachrule rin R,
align ASR output text T pAsr

with manual transcripts T y
(at utterance level) Determine the best-scoring rule

Vpest— argmax . S(r, T asr,T)

Y
Discover all word-level
(n-gram) differences between No

aligned T and T pssr.

Yes

Y
Reformat text differences

as the set R of
replacement rules \i
Apply rper t0 T asr and

Place 1,4 in the ordered set Ryt

TEMOVE i, from Ri,

Y
Retain replacement rules R, that

occur more frequently than  /
a threshold value Apply all rules r in R, to the

output text T' ogr of the test

data in decreasing order of S

Figure 6.1: The TBL algorithm for correcting ASR output. Transformation
rules are learned from the alignment of manually-transcradd text (T)
with automatically-generated transcripts (Tasg) of training data, ranked

according to a scoring function §) and applied to the ASR output (Tz)

of test data.
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mismatching word sequences between the utterance-levéffaed manual and
ASR transcripts.

For every matching sequence of words, a set of transformati¢contextual
replacement) rules is generated. The set contains the omngi matching
sequence (and its replacement part) by itself and together it three
alternatives where it is surrounded by the left, right, or bth anchor context
words. In addition, all possible splices of the matching segnce and the
surrounding context words are also consideréd.Rules are represented as
replacement expressions in a sed-like syntax (eayery match of the left side
of the expression in the automatically-generated transptiis to be replaced
with the correct instance on the right side Rules that would result in
arbitrary insertions of single words (e.g= =w; =) are discarded. An example

of a rule learned from transcripts is presented in Figure 6.3

6.3.3 Scoring Function for the TBL rules

As described in Section 6.2, the scoring function that rankeules is the
main component of any TBL algorithm. The goal of this functim is to
select rules that, when applied to unseen (test) data, wilekd to a reduction
in the error rate. Typically for speech recognition tasks, lte goal is the
reduction of Word Error Rate (WER). Ideally, TBL rules would be scored by

a function that directly correlates with WER. However, for Brge-vocabulary

1The splicing preserves the original order of the word-levelitterance alignment { the
output of a typical dynamic programming implementation of t he edit distance algorithm
[Gus eld, 1997]. For this, word insertion and deletion operations are treaied as insertions

of blanks in either the reference (manual) or ASR transcript
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for every sequence of wordgw; : ::w,C; in the ASR output that is deeme
to be aligned with a corresponding sequengsv?: : : w2 c; in the manual

transcript:

add the following contextual replacements to the set of digered

rules:
I Cowp::iiwne / cow?:::wlcy /
I Cowy:iiWy / cow?:::wl /
[ Wyiiiwae [ wiiiwle /
[ wyiiiwy [ wdiiiwg, /
for eachi such thatl i min(n;m):

add the following contextual replacements to the set of digered
rules:
I cowy:iiwg [ ocowd::iwie /
I wiziiwae / woiiiwle /
I owyoowg [owdiow /

Iowgziwg /owfiowg /

Figure 6.2: The discovery of transformation rules, as partfothe TBL

algorithm described in Figure 6.1.
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Utterance-align ASR output and correct transcripts:
ASR: the okay one and you come and get your seats
Correct: ok why don't you come and get your seats
+
Insert sentence delimiters (to serve as possible anchorsrfthe rules):
ASR: <s> the okay one and you come and get your seats /s>
Correct: <s> ok why don't you come and get your seats</s>
+
Extract the mismatching sequence, enclosed by matching gmars:
ASR:  <s> the okay one and you
Correct: <s> ok why don't you
+
Output all rules for replacing the incorrect ASR sequence vih the correct text,

using the entire sequence (a) or splices (b), with or withousurrounding anchors:

(@) the okay one and / ok why don't

(@ the okay one and you / ok why don't you
(@ <s> the okay one and / <s> ok why don't
(@) <s> the okay one and you / <s> ok why don't you
(b) the okay / ok

(b) <s> theokay / <s> ok

(b) one and / why don't

(b) one and you / why don't you

(b) the okay one / ok why

(b) <s> the okay one / <s> ok why

(b) and / don't

(b) and you / don'tyou

Figure 6.3: An example of the rule discovery mechanism fromgtre 6.2.
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ASR such as broadcast news transcriptions (especially foasks covering
multiple speakers and several sub-topics), the size of thening corpus must
be large in order to avoid selecting rules that are scoringdt only locally.
Thus, various heuristic approximations are employed for wth rules will be
assigned scores that can be globally optimized in a compuiatally-feasible
manner. Furthermore, a development corpus is needed on whiseveral

parameters of the heuristic approximation are ne-tuned.

As outlined in both the introduction to this Chapter and Secton 6.2,
for the task of transcribing lectures, the availability of taining data is very
limited. Furthermore, it is often impractical to manually transcribe large
parts of lectures in order to establish a development corpysarticularly when
the goal is the transcription of a single, one-hour lectureien by a one-time
speaker, such as the case of invited presentations. Howe\as demonstrated
in Chapter 5 and in[Munteanu et al., 20084, manual transcripts of the rst
10-15 minutes in a lecture can be easily obtained.

Assuming a relatively small size for the available traininglata, a TBL
scoring function that directly correlates with WER can be coducted globally
over the entire training set. In keeping with TBL tradition, however, rule
selection itself is still greedily approximated. Our sconig function is formally
described in Equation (6.1), and an example of the rule scog process is

given in Figure 6.4.

Swer (I Tasr;T) = WER(Tasr; T) WER( (;Tasr);T);  (6.1)
where (r; Tasr) is the result of applying ruler on text Tasr:

( is more formally introduced in Section 6.3.4)
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Training text (WER = 45%)

the okay let's start after R7:

questions one and twg ok let's start

WER = 43%

questions one and two

the okay let's start

WER = 48%

Selected rules:

questions why don't twog

Rules: i Scores (S,..): «

.I.?‘7: the okay / ok .I.2‘7: score = +2%

----- R7: score = +2%

i.?.12: one and / why don't i'.\‘.12: score = -3%

Figure 6.4: An example of rule scoring and selection.

As outlined in Figure 6.1, rules that occur in the training saple
more often than an established threshold will be ranked aaabng to the
scoring function. The ranking process is iterative: in eacthteration, the
highest-scoring rulerpes is selected. In subsequent iterations, the training
data Tasg Will be replaced with the result of applying the selected rel
on it (Tasr (rvest; Tasr)) and the remaining rules will be scored on
the modi ed training text. This ensures that the scoring andranking of
remaining rules takes into account the changes brought by ¢happlication
of the currently-selected rule to the training transcript. The iterations stop
when the scoring function reaches zero: none of the remaigirules improves

the objective function (WER) on the training data.
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6.3.4 Rule Application

During the training phase, the best-scoring rule in each itation is selected
(as described in Section 6.3.3). On testing (unseen) datajles are applied
to ASR transcripts in the same order in which they were selead.

As shown in Figure 6.2 and discussed in Section 6.3.2, we hat®sen a
sed-like representation for the replacement rules. There®, rule application
(as exempli ed in Figure 6.5) is a straightforward processfor each ruler =
=wq ;1 iwp=wd 11wl =, the new transcript (r; Tasg) is obtained by replacing
all instances of the n-gramw; :::w, appearing in the ASR transcript Tasgr

with the n-gram w{:::w?.

ASR: the okay let's start
+
Insert sentence delimiters:
ASR: <s> the okay let's start </s>
+
Identify a rule that matches the original ASR text:
| <s> the okay / <s> ok /
+
Apply the rule (replace the incorrect ASR sequence with theatrect text
ASR (corrected): <s> ok let's start </s>
+

Remove sentence delimiters:

ASR (corrected): ok let's start

Figure 6.5: An example of rule application.
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6.4 Empirical Evaluation

The proposed TBL-based approach to ASR transcript corredn was
evaluated over several lecture recordings. Several conddions of TBL
parameters were tested. As the proposed method was not redheuring the
evaluation, and since one of the goals of our proposed appebas to eliminate
the need for developmental data sets, the available data veepartitioned only
into training and test sets?

The empirical evaluation was conducted using the SONIC tokit [Pellom,
2001]. We used the acoustic model that is part of the toolkit, builton 30
hours of data from 283 speakers from the WSJO and WSJ1 subsefsthe
1992 development set of the Wall Street Journal (WSJ) Dictadn Corpus
[LDC, 1994.

6.4.1 Evaluation Data

The evaluation data consist of a total of eleven lectures ofpproximately
50 minutes each, recorded in three separate courses, eachgtd by a
di erent instructor. For each course, the recordings were grformed in
di erent weeks of the same course. The recordings were coted in a
large, amphitheatre-style, lecture hall (200 seats), usinthe AKG C420
head-mounted directional microphone. The recordings weret intrusive:
no alterations to the lecture environment or proceedings we made. The

mono recordings were digitized using the TASCAM US-122 infiace as

2With the exception of one hour of lecture recording, used as d@estbed during code

development and debugging.
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uncompressed audio les with a 16KHz sampling rate and 16tbsamples.
The audio recordings were segmented at pauses longer thaQ28, manually

for one instructor and automatically? for the other two.

The evaluation data are described in Table 6.1. Four evaluans tasks
were carried out { for instructor R two separate evaluation session®-1 and
R-2, were conducted, using two di erent LMs (a description of tle language

models is given in Section 6.4.2). Transcripts were obtaid@sing the SONIC

ASR toolkit. 4

Evaluation task name| R-1 R-2 G-1 K-1
Instructor R. G. K.
Gender Male Male Female
Age Early 60s Mid 40s Early 40s
Segmentation manual automatic | automatic
Number of lectures 4 3 4
Lecture topic Interactive media Software Unix
design design | programming
Language model | WSJ-5K | WEB-LECT | ICSISWB WSJ-5K

Table 6.1: The evaluation data.

3The automatic segmentation was performed using an implemenation of the silence

detection algorithm described in [Placeway et al., 1997, manually ne-tuned for every

instructor in order to detect all pauses longer than 200ms whie allowing a maximum of

20 seconds in between pauses.
4The AM-related parameters were the same as those described tetail in Section 3.3.
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6.4.2 Language Models

The four evaluations were carried out using the language meld mentioned
in Table 6.1, either custom-built for a particular topic or the baseline models

included in the SONIC toolkit, as follows:

WSJ-5K is the baseline model of the SONIC toolkit. It is a 5K-word moel
built using the same corpus as the base acoustic model inohatdin the
toolkit: 30 hours of data from 283 speakers from the WSJO and $VU1
subsets of the 1992 development set of the Wall Street Joutrn(&/SJ)

Dictation Corpus.

ICSISWB is a 40K-word model created through the interpolation of LMs
built on the entire transcripts of the ICSI Meeting corpus ad the
Switchboard corpus. The ICSI Meeting corpus consists of i@clings
of university-based multi-speaker research meetings, tding about 72
hours from 75 meetingdJanin et al., 2003. The Switchboard (SWB)
corpus[Godfreyet al., 1994 is a large collection of about 2500 scripted
telephone conversations between approximately 500 Englinative
speakers, suitable for the conversational style of lectge as also

suggested inPark et al., 2004.

WEB-LECT is a LM built for each particular lecture, using information
retrieval techniques that exploit the lecture slides to auimatically
mine the World Wide Web for documents related to the presentk
topic, and uses these to build a language model that better nthes

the lecture topic® A pronunciation dictionary was custom-built to

5A complete description of this LM solution can be found in [Munteanu et al., 2007
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include all words appearing in the corpus on which the LM wasdined.
The pronunciations were extracted from existing initial ditionaries:
the 5K-word WSJ dictionary included with the SONIC toolkit and
the 100K-word CMU pronunciation dictionary [CMU, 1999. Only
one non-dictionary word per line of corpus was allowed fornks
longer than four words { for non-dictionary words that remaned
in each corpus the SONIC'ssspell lexicon access tool was used
to generate pronunciations using letter-to-sound predicins. The
LMs were trained using the CMU-CAM Language Modelling Toolik
[Clarkson and Rosenfeld, 1997with a training vocabulary size of 40K

words.

6.4.3 Training and Test Data Partitioning

As previously mentioned in the survey of related work (Secn 6.1),
most approaches to ASR improvement that operate on the transpts
themselves (such as TBL-based corrections) need both a taig and a
development corpus. Furthermore, these are often up to veirhes larger
than the test corpus on which the methods are evaluated, andoth the
test and the training set must be subsets of the same cohesieerpus.
While such requirements can be favourably met for larger-aie applications
(e.g. broadcast news transcription), they are rarely satisd for lecture
transcription.

Despite the challenges facing automatic lecture transctipn, even in the

more realistic scenario of transcribing a single lecturene rather important

and in Chapter 4.
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condition is met: it can be assumed that a one-hour lecture\gn by the
same instructor will exhibit a strong cohesion, both in tog and in speaking
style, between its parts. Therefore, in contrast to typicallBL solutions, we
have decided to evaluate our TBL-based approach by partitiong each 50
minute lecture into a training and a test set, where the traimg set is smaller
than the test set. As mentioned in the introductory part of ths chapter, in
a real-life scenario a feasible solution exists to obtain maal transcripts for
the rst 10 to 15 minutes of a lecture. As such, the evaluatiowas carried
out with two values for the training size: the rst fth ( TS = 20%) and the
rst third ( TS = 33%) part of the lecture being manually transcribed.

6.4.4 Scoring Functions

Three scoring functions were assessed through the expenmad evaluation:

the proposed TBL scoring function, as well as two baselinerfations.

XER is the baseline used in this evaluation. Since our TBL solun
is an extension of the solution proposed irfPeters and Drexel,
2004, this baseline is a simple implementation of the heuristic,
approximation-based TBL approach introduced there. The seing

function for this baseline is theexpected error reduction
XER = ErrLen (GoodCnt BadCnt);

a WER approximation computed over all instances of rules by
applicable to the training set and re ecting the di erence ketween true
positives (the number of times a rule is correctly applied terrorful

transcripts { GoodCnif) and false positives (the instances of correct
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text being unnecessarily \corrected" by a rule {BadCnt), weighted
by the length in words (ErrLen ) of the text area that matches the

left-hand side of the replacement rule.

XER NoS An analysis of the rules selected by both TBL implementatios
revealed that using the XER approximation leads to several
single-word rules being selected, such as rules removingiredtances of
frequent stop-words such as \the" and \for" or pronouns suclas \he".
Therefore, an empirical improvement XER  NoS) of the baseline
was implemented that, beside pruning rules below thBT threshold,

omits such single-word rules from being selected.

Swer IS the proposed TBL scoring function, formally introduced n
Equation (6.1). This function directly correlates with WER and scores

rules gloally, over the entire training set, as described iSection 6.3.3.

6.4.5 Results

Beside the training size parameter, during all evaluationessions a second
parameter was also considered: the rule pruning thresholdRT). As
described in Section 6.3.1, from all the rules learned dugrthe rule discovery
step, only those that occur more often than the threshold arscored and
ranked. This parameter can be set as low as 1 (consider all @g) or 2
(consider all rules that occur at least twice over the traimg set). For
larger-scale tasks, this threshold serves as a pruning manism in order to
reduce the computational burden of scoring several thousdnules (especially

when the scoring function is not a simple approximation of # objective
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function). However, a larger threshold could potentiallyéad to discrediting
low-frequency but high-scoring rules. Therefore, due to ¢hsmall size of the

training data for lecture TBL, the lowest threshold was setd RT = 2.

When a development set is available, several values for tRE parameter
can be tested and the optimal one chosen for the evaluationsta In our case,
a development set is not available. As such, we have testedatvinore values
for the rule pruning threshold: RT =5 and RT = 10.

Tables 6.2, 6.3 and 6.4 present the evaluation result for ingctors R and
G. The transcripts were obtained through ASR runs using the di erent
language models. The TBL implementation with our scoring foction Syer
brings relative WER reductions ranging from10.5% to 18.0% (with an

average 0f12.9%).

These WER reductions are greater than those produced by theER
baseline approach. It is not possible to provide con dencatervals since the
proposed method does not tune parameters from sampled datahich we
regard as a very positive quality for such a method to have). @ speculative
experimentation with several values fofT S and RT, however, leads us to
conclude that this method is signi cantly less sensitive toariations in both
the training size TS and the rule pruning thresholdRT than earlier work,
making it suitable for application to tasks with limited training data { a result
somewhat expected since rules are validated through dirédtER reductions

over the entire training set.

As for how the transcripts improve, words with lower inform#on content
are corrected more often and with more improvement than wosdwith higher

information content. The topic-speci ¢ language model adaation that the
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TBL follows upon benets words with higher information content more.
It is possible that the favour observed in TBL with Sygr towards lower
information content is a bias produced by the preceding rowhof language
model adaptation, but regardless, it provides a much-neede€omplementary
e ect. This can be observed in Tables 6.2 and 6.3, in which TBproduces

nearly the same relative error reductions in either table faany lecture.

The empirical improvement XER  NoS) of the baseline functionXER
slightly improves the performance of the approximation-bsed TBL for some
values of theRT and T S parameters (as outlined in Tables 6.2, 6.3 and 6.4).
However, it still does not consistently match the WER redudgbns of the

globally-scoped scoring function.

While the evaluation presented in Table 6.3 is carried out @ the same
lectures as those in Table 6.2, it is worth noting that the LM eployed here
(WEB-LECT) is a lecture-speci ¢ model (as described in Semn 6.4.2 and
in [Munteanu et al., 2007). Despite this being already optimized for each
task, the TBL with Syer scoring is able to bring further WER reductions,

resulting in average WERs of40% over the four lectures from instructor R.

Although the empirical evaluation shows positive improveents in
transcript quality through TBL, in particular when using th e Syer scoring
function, an exception is illustrated in Table 6.5. The reaalings for this
evaluation were collected from a course on Unix programmingnd lectures
were highly interactive. Instructor K used numerous exampk of C or
Shell code, many of them being developed and tested in clasd/hile the
keywords from a programming language can be easily added toet ASR

lexicon, the pronunciation of such abbreviated forms (espially for Shell
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programming) and of mostly all variable and custom functiomames proved
to be a signi cant di culty for the ASR system. This, combined with a high

speaking rate and often inconsistently truncated words, deto few TBL rules

occurring even above the lowedRT = 2 threshold (despite many TBL rules
being initially discovered). Anecdotal evidence colleaiefrom users of the
transcript correction system showed they often paraphradehe speaker due
to a lack of guidelines for how to deal with such di culties in transcribing

the recordings.

As previously mentioned, one of the drawbacks of global TBluke scoring
is the heavy computational burden. However, the empirical valuation
conducted here showed an average learning time of one hour peae-hour
lecture, reaching at most three houfsfor a threshold of 2 when training over
transcripts for one third of a lecture. Therefore, it can be ancluded that,
despite being computationally more intensive than a heutis approximation,
a TBL system using a globally-scoped, WER-correlated scag function is
not only a better performing, but also a feasible solution tamproving the
quality of lecture transcripts when manual transcripts forthe beginning of

each lecture are present.

6.5 Limitations and Generalizations

The TBL scoring function proposed in this Chapter is mostly pplicable

to the improvement of single (e.g. one-hour) lectures, dedired by one

81t should be noted that, in order to preserve compatibility with other software tools,
the code developed for this evaluation was not optimized fospeed. It is expected that a

dedicated implementation would result in even lower run-times.
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Instructor =\ R", Language model =WSJ-5K

Lecture:

1

2

3

TS (%):

20

33

20

33

20

33

20

33

Initial WER:

50.48

50.93

51.31 | 51.90

50.28

49.23

54.39

54.04

XER

RT =10

49.97

49.82

49.27 | 49.77

46.85

48.08

52.17

50.58

RT =5

50.01

50.07

49.99 | 51.13

48.39

47.37

50.91

49.62

RT =2

49.87

51.75

49.52 | 51.13

47.13

47.31

52.70

50.56

XER-NoS

RT =10

47.25

46.82

49.98 | 48.72

48.44

45.21

51.37

49.73

RT =5

49.03

48.78

47.37 | 51.25

47.84

44.07

49.54

48.97

RT =2

52.21

53.47

49.31| 52.29

50.85

49.41

50.63

51.81

SWER

RT =10

45.18

44.58

49.06 | 45.97

46.49

45.30

49.60

47.95

RT =5

44.82

43.82

46.73 | 45.52

45.64

43.18

47.79

46.74

RT =2

44.04

43.99

45.81

45.16

44.35

41.49

46.89

44.28

Table 6.2: The WER values for instructor R for which the ASR otput (using

the WSJ-5K language model) is corrected by TBL rules that arecored by
the approximation functions XER and XER-NoS (as baselinesiand by the

proposed globally-scoped, non-heuristic scoring functi®yer .
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Instructor =\ R", Language model =WEB-LECT
Lecture: 1 2 3
TS (%): | 20 33 20 33 20 33 20 33
Initial WER: | 45.54 | 45.85 | 43.36 | 43.87 | 46.69 | 47.14 | 49.78 | 49.38
TBL with RT =10 | 4291 | 43.90| 42.44 | 43.81 | 46.78 | 45.35| 46.92 | 49.65
XER RT =5 | 43.45| 43.81 | 42.65| 44.37| 46.90 | 42.12 | 47.34 | 46.04
scoring RT =2 | 43.26| 45.46 | 44.19 | 44.66 | 43.77 | 45.12| 61.54 | 60.40
TBL with RT =10 | 43.51| 42.97| 42.11 | 41.98 | 44.66 | 46.59 | 47.24 | 46.30
XER-NoS RT =5 | 4496 | 4298 | 40.01 | 40.52| 44.66 | 41.74| 47.23 | 44.35
scoring RT=2 | 46.72| 48.16 | 44.79 | 4587 | 40.44 | 44.32| 61.84 | 64.40
TBL with RT =10 | 41.98| 41.44| 42.11 | 40.75| 44.66 | 45.27 | 47.24 | 45.85
SWER RT =5 | 40.97| 40.56 | 38.85| 39.08 | 44.66 | 40.84 | 45.27 | 42.39
scoring RT =2 | 40.67 | 40.47 | 38.00 | 38.07 | 40.00 | 40.08 | 43.31 | 41.52
Table 6.3: The WER values for instructor R for which the ASR otput

(using the WEB-LECT language model) is corrected by TBL rule that are

scored by the approximation functions XER and XER-NoS (as [slines),

and by the proposed globally-scoped, non-heuristic scogifunction Syer -

The average WER when using th&, gr function and the training parameter
RT =2 is 40%.
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Instructor =\ G", Language model =ICSISWB

Lecture: 1 2 3
TS (%): 20 33 20 33 20 33
Initial WER: | 50.93 | 50.75 | 54.10 | 53.93 | 48.79 | 49.35

TBL with RT =10 | 46.63| 49.38 | 49.93| 48.61| 49.52 | 50.43
XER RT =5 | 48.34| 49.75| 49.32 | 48.81 | 49.58 | 49.26
scoring RT =2 | 54.05| 56.84 | 52.01 | 49.11 | 50.37 | 51.66

TBL with RT =10 | 49.54| 49.38 | 54.10| 53.93 | 48.79 | 48.24
XER-NoS RT =5 | 49.54| 49.31| 56.70 | 55.50 | 48.51| 48.42
scoring RT =2 | 59.00| 59.28 | 57.61| 55.03 | 50.41 | 52.67

TBL with RT =10 | 46.63 | 46.53 | 49.80 | 48.44 | 45.83 | 45.42
Swer RT =5 | 46.63| 45.60| 47.75| 47.23 | 44.76 | 44.44
scoring RT =2 |44.48 | 44.30 | 47.46 | 47.02 | 43.60 | 44.13

Table 6.4: The WER values for instructor G for which the ASR otput (using
the ICSISWB language model) is corrected by TBL rules that & scored by
the approximation functions XER and XER-NoS (as baselineshnd by the

proposed globally-scoped, non-heuristic scoring functi®yer .
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Instructor =\ K", Language model =WSJ-5K
Lecture: 1 2 3

TS (%): | 20 33 20 33 20 33 20 33
Initial WER: | 44.31| 44.06| 46.12| 45.80| 51.10| 51.19| 53.92| 54.89
TBL with RT =10 | 44.31| 44.06| 46.12| 46.55| 51.10| 51.19| 53.92| 54.89
XER RT =5 |44.31| 44.87| 46.82| 47.47| 51.10| 51.19| 53.96| 55.56
scoring RT =2 | 47.46| 55.21| 50.54| 51.01| 52.60| 54.93| 57.48| 60.46
TBL with RT =10 | 44.31| 44.06| 46.12| 46.55| 51.10| 51.19| 53.92| 54.89
XER-NoS RT =5 |44.31| 44.87| 46.82| 47.47| 51.10| 51.19| 53.96| 55.56
scoring RT =2 | 46.43| 54.41| 50.54| 51.01| 53.01| 55.02| 57.47| 60.02
TBL with RT =10 | 44.31| 44.06| 46.12| 45.80| 51.10| 51.19| 53.92| 54.89
SWER RT =5 | 44.31| 44.05| 46.11| 45.88| 51.10| 51.19| 53.92| 54.89
scoring RT =2 | 44.34| 44.07| 46.03| 45.89| 50.96| 50.93| 54.01| 55.16

Table 6.5: The WER values for instructor K for which the ASR otput (using

the WSJ-5K language model) is corrected by TBL rules that arsecored by

the approximation functions XER and XER-NoS (as baselinesyand by the

proposed globally-scoped, non-heuristic scoring funati®y er .
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instructor. The ASR system used to transcribe such lecturesust have
pronunciation dictionaries that cover topic-specic keywrds. Since the
experimental evaluation showed reductions in WER when ugirthis scoring
function over eleven hours of recordings from two di erentistructors, it can

be expected that the results of this research are generalita to most lectures
for which the manual transcripts of the rst ten minutes of the lecture are
available. However, as pointed out by the results on one pa&tilar instructor

(lecturer K), the proposed method, and in fact, any other TBLsolution, will

not produce signi cant WER reductions for lectures charaarized by the
frequent usage of numerous technical terms for which pronciations are not

available (such as the name of variables or functions in C oh8ll script).

A visual inspection of the rules selected by the proposed st function
reveals that most of these rules repair ASR errors pertairgnto a particular
instructor's speaking style and to the genre of lecture spee (instead of
topic-speci ¢ errors). As such, the applicability of this esearch can be
extended to other domains where the transcripts of the rst @ or 15
minutes of an approximately one-hour recording are availédy provided that
these introductory parts of the recording are representate of the speaker's
speaking style, that such recordings are from a single speakand that they

belong to a genre characterized by a limited number of speai styles.

6.6 Summary and Discussion

One of the challenges to reducing the WER of ASR transcriptis of lecture

recordings is the lack of manual transcripts on which to trai various ASR
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improvements. In particular for one-hour lectures given bgi erent lecturers
(such as, for example, invited presentations), it is oftenmpractical to
manually transcribe parts of the lecture that would be usefuas training
or development data. However, transcripts for the rst 10 mmutes of a

particular lecture can easily be obtained.

In this chapter a solution is presented that improves the qudy of ASR
transcripts for lectures { the WER is reduced by10% to 18% (in average
by 12.9%) relative to initial values. This is achieved by making use fo
manual transcripts from as little as the rst 10 minutes of a one-hour
lecture (TS = 20%). Such transcripts are collected through a wiki-like
interface from users of a lecture webcast system. The progdssolution
learns word-level transformation-based rules that attentpto replace parts
of the ASR transcript with possible corrections. The empiogal evaluation
carried out over eleven lectures from three di erent courseand instructors
shows that, in most cases, wiki editing of lecture ASR trangpts can be

successfully used to further improve the lecture-speci c 3R system.

In particular, this chapter demonstrates that a true WER-baed scoring
function for the TBL algorithm is both a feasible and an e ecive solution to
overcome the limited amount of training data and the lack of evelopment
data for lecture transcription. The proposed function asgns scores to TBL
rules that directly correlate with reductions in the WER of the entire training
set, leading to a better performance than that of a heuristiapproximation.
Furthermore, a scoring function that directly optimizes fo WER reductions
is more robust to variations in training size as well as in thealue of the

rule pruning threshold. As little as a value ofRT = 2 can be used for the
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threshold (practically scoring all rules that occur at leatstwice), with limited
impact on the computational burden of learning the transfanation rules.
The ASR improvement proposed in this chapter can be combineaslith
other lecture-speci ¢ optimizations, resulting in averag WERs of 40% over
the lectures where such combinations were evaluated. Spe®WERs on these
lectures ranged from 38% to no more than 43%. This brings thedture WER
closer to the levels for which transcripts become a usefuldition to webcast
archives (under certain tasks, as mentioned in Section 324. It shows that
combining HCI and ASR e orts is a promising path toward deliering useful

lecture transcripts of WERs below 25%.
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Chapter 7

Contributions, Conclusions,

and Future Work

Improving access to archives of webcast lectures is a taskathby its very
nature, requires research e orts drawn from several disdipes, such as
Human-Computer Interaction, Natural Language Processingin particular
Automatic Speech Recognition), and Computer-Supported daborative
Work. In this dissertation, | have measured the threshold ofjuality for
integrating transcripts into webcast archives and proposk solutions for
improving the usefulness of automatically-generated tracripts of webcast
lectures and academic presentations. | have shown that suichprovements
are possible through just such an interdisciplinary apprad integrating
novel speech recognition techniques with the development an interactive

collaborative interface.

Having determined the acceptable quality of automaticalhgenerated

transcripts to be included in webcast lectures archives, lhewed that
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users' performance and transcript quality perception are ected by the
Word Error Rate. With this precisely determined goal in mindfor ASR
performance, two solutions were proposed that aimed to bgnthe quality
of ASR transcripts to these desired levels. The two methodadependently
address aspects of usability and transcript quality for léare webcasts from
the perspective of HCIl and ASR respectively. The ASR-sped improvement
makes use of an information retrieval technique that explts lecture slides
by automatically mining the World Wide Web for documents refited to the
presented topic, and then uses these to build a better- ttig language model
for lecture transcription. The HCI- (and CSCW-) based solubn consists
of a collaborative tool that extends a webcast system's futionality by
allowing users to edit and correct the webcast transcriptsnia wiki-like
manner. Lastly, a joint HCl and ASR method was introduced in hat further
improves the quality of webcast lecture transcripts by makig use of the
transcript corrections collected through the wiki editingtool to learn a set

of transformation rules that improves the performance of ta ASR system.

7.1 Contributions: How Good is Good
Enough and What to Do When It Isn't

7.1.1 ASR: how good is good enough?

Through an extensive user study, | have investigated the usaeeds for
transcription accuracy in webcast archives. For this, a whtin-subjects study

was designed, in which 48 participants were exposed to mple levels of
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WER in their interaction, in a typical webcast-use scenarigstudents writing

a quiz based on a lecture). The results showed that users' pmmance and
transcript quality perception is linearly a ected by WER, with transcripts

of WER equal to or less than 25% being useful and accepted byeus of
webcast archives. This was determined by assessing usemsifprmance in
a question-answering task, their perception of transcripguality, as well
as users' con dence in their performance and their perceivdevel of task
di culty. The study also revealed that for most browsing scenarios, users
prefer having transcripts even if the quality of those tranwipts is less than

optimal.

7.1.2 What to do when ASR is not good enough { the
ASR approach

Spoken Language Processing and in particular, Automatic $pch
Recognition have long focused on methods and technologidsatt would
ultimately mimic human performance when transcribing spea to text. In
this vein, | have worked on improving the accuracy of ASR sysins for
lectures by building statistical, predictive language moels specic to the
topic and genre presented. One of the common challenges whemscribing
lectures is the mismatch between the language used in a leeuand the
predictive language models employed by the ASR system. In mdyssertation
| have proposed a solution that addresses this issue through information
retrieval technique that exploits lecture slides by automigcally mining the
World Wide Web for documents related to the presented topicand using

these to build a better- tting language model. Such an apprach overcomes
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the need to (manually) ne-tune the process of interpolatig two models (a
large, topic-independent, one and a smaller, topic-speci model), and avoids
relying on often imprecise algorithms (or manual procedusg for extracting
keywords needed to build topic-speci ¢ models. The solutioproposed in

this dissertation achieves a relative WER reduction of up td1%.

7.1.3 What to do when ASR is not good enough { the
HCI approach

Despite improvements to the ASR performance for lecture trecriptions,
there still exists a signi cant gap between the desirable ahactual WER.
To reduce (and possibly eliminate) this gap, | have develogeand evaluated
an iterative design of a collaborative tool that, in a wiki-lke manner, allows
users of webcast archives to edit and correct the transcrgption-the- y",
while viewing an archived webcast. The editing tool was evated iteratively
by integrating it with other educational resources availale to the students
in two Computer Science courses. The eld studies showed ththis is a
feasible solution for alleviating the errors of ASR webcastcture transcripts:
when fully engaged and properly motivated, students compkdy corrected
the transcripts for almost all lectures in the course. | havalso found that
wiki-editing is well received by webcast users, and that stients see the
ability to correct transcripts as an enhancement of the clasoom experience

and are willing to contribute to the improvement of lecture tanscripts.
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7.1.4 What to do when ASR is not good enough {
putting it all together

Although engaging users to collaboratively correct the ASRranscripts of
webcasts can lead to WERs of close to zero, it is not always $éale to rely
exclusively on this approach for improving the quality of wiecast transcripts.
However, in most cases, such as webcasts of lectures, traipss for the rst
10 minutes of an hour-long presentation can be easily obtad. As such, in
my dissertation | have proposed a joint HCI- and ASR-based @poach in
which partially corrected transcripts can be employed to attess one of the
main problems that ASR systems face in large-vocabulary anshconstrained
domains (such as lectures): the lack of previously-collett data on the same
topic and from the same speaker. The proposed method employsers'
transcript corrections to learn word-level transformatio-based rules that
attempt to replace parts of the ASR transcript with possiblecorrections.
This leads to WER reductions of between 10% and 18% relative initial
values, with an average of close to 13% even on transcriptsaibed by using
language models already optimized for the lecture topic. S results show
that wiki editing of imperfect webcast transcripts not onlydirectly improves
the quality of the transcripts, but can be successfully usei further improve
the ASR output. By pursuing this approach, the user is no lorgy be a simple
recipient of an ASR system's output, but rather an active camibutor to the

system's internal operation.
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7.2 Future Work

As traditional forms of sharing and preserving informatiorare continuously
being replaced by online multimedia, it becomes increasiggimportant to
provide users with e cient and usable information-accessdols. Future
work should continue on the interdisciplinary path of advaning Human
Computer Interaction and Spoken Language Processing resgato improve
the usability and usefulness of information-rich media in grticular within

educational environments.

7.2.1 Enlarging the Scope of Current Research

As mentioned in theLimitations and GeneralizationsSections (3.6, 4.5, 5.8,
and 6.5) of this dissertation, the research presented hereasvconducted
within the scope of university lectures, in which the instrators follow very

detailed slides. While certain aspects can be generalizeds(discussed
in the aforementioned Sections), one direction that futureesearch should
explore is the applicability of this research to completelyli erent settings,

for example, measuring the acceptable transcript quality fopresentations
in information-critical domains (such as business meetisy or investigating

topic-speci ¢ language modelling approaches for lecturesd presentations
that do not use slides or that make use of other visual aids (sl as interactive

examples).
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7.2.2 User-Motivated Measure of Transcript Quality

One of the rst steps toward the goal of improving users' exp&nce when
accessing media archives is the development of a user-matid measure of
transcript quality. WER is the de facto standard for evaluating Automatic
Speech Recognition, but it is exclusively based on a blind roparison
with a reference text. This bears no resemblance to how impect ASR
output is used by humans, where various aspects of text redulty become
relevant, as shown by Jonegt al., [2003]. Some researchers have started
to question the adequacy of WER in language understanding gks, such as
automatic knowledge extraction from ASR transcripts[Wang and Chelba,
200d. Unfortunately, no similar research was conducted (to ourrlowledge)
on tasks involving humans. As such, one of the goals for futuresearch
is to formulate a scientic measure of the usability of traneripts. This
putative computationally feasible measure would be based dext features
that correlate with human indicators of success in readingha@ comprehension
tasks, particularly in the context of using transcripts of nformation-rich

webcasts such as those of lectures and presentations.

7.2.3 Rening the Acceptable Quality of ASR

Transcripts

The study presented in Chapter 3 is limited to one specic tds (quiz
answering) under strict time constraints and to an undergrduate-level
student population, most of whom used such a system for the st time.

While the ndings of this research can be generalized, as iiwdted by the
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post-session questionnaire, to various academic actieii, such as making up
for a missed class or preparing an assignment, future work stiextend this

study to a broader pool of participants (such as corporate Wweast users,
for which accuracy might be more critical), and to more divese tasks and

conditions (such as presentations for which no slides areagable).

With respect to more accurately determining the relation bveen
transcript quality and usefulness of webcasts, experimentshould also be
carried out with ner-grained levels of WER (e.qg. in incremats of 5%) around

the threshold of 25% determined in Chapter 3.

The trend analysis of the data collected in the experimentsedcribed
in Chapter 3 showed that there is a statistically signi cante ect on users'
performance and experience caused by the di erent experintal conditions,
in the order WER=0%, WER=25%, \no transcript’, and WER=45%
(with the exception of situations where the information uses searched
for was not present on lecture slides, in which case there was ordinal
inversion of the \no transcript” and the WER=45% conditions). In terms
of pairwise comparisons between the immediate values of WHR5%, \no
transcript”, and 45%), not all measures indicated a statistally signi cant
categorical di erence. As such, it might not be possible to etermine an
accurate gold standard for the quality of webcast transcrig; experiments
with ner-grained levels of WER, however, could reveal, wh statistical
signi cance, an interval in which such a \true" WER usefulness threshold

lies.

Finally, this research must be extended to include any usenotivated

text quality measures as proposed in Section 7.2.2.
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7.2.4 Higher-Level Text-Based Representations of

Lectures and Presentations

ASR systems are not likely to improve signicantly in the nea future,

and thus transcripts of webcasts may not reach the same uskfess levels
as perfect (manually generated) transcripts. As such, altugh several
experimental ndings, including those presented in this disertation, highly
commend the importance of transcripts for webcast systema, higher-level
text-based representation, but more comprehensive than alile of contents,
of lecture or presentation content is also needed. Future woshould look
at enhancing current webcast interfaces with other, more owact textual

representations of lectures and presentations, such as suaries, hierarchical

tables of contents, or slide annotations.

7.2.5 ASR-Based Search Tools for Webcast Archives

Existing literature, as well as the research evidence preded in this
dissertation, indicate that transcripts are a much neededobl in improving
users' browsing and information mining through webcast ahives. However,
certain tasks would bene t from the availability of a reliade search function;
for example, retrieving a recording from a large collectioaf webcasts based
on a user-speci ed topic description (i.e.document retrieva), or locating
a point in the archive of a lecture webcast when an instructomentioned
a particular concept (i.e. utterance retrieval). These operations are not
possible without searching through (and indexing) the audi channel of the

archived webcasts. There is an increased interest in the AS®mmunity
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in improving the spoken document/utterance retrieval and ndexing, in
particular on performing these operations without the needor accurate
transcripts [Saraclar and Sproat, 2004; Horet al., 2007 and within the
context of large-scale Internet-based repositories of (@io) recordings[Zhou
et al., 2004. Beside the challenges of improving the speech searchinglan
indexing algorithms, this area presents some interestingoportunities for
future HCI research as well: while many solutions were proped (and
successfully adopted) for the problem of displaying, in a able manner,
results of queries over text collections, searching throhgepositories of and
within information-rich mixed-media presentations is stl an open research
problem (the MIT lecture browser being one of the few exampeof webcast
systems that allows users to interact with ASR-based searaesults, as

illustrated in Figure 7.1).

Figure 7.1: The ASR-based search interface of the MIT lecterbrowser.
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7.2.6 Further ASR Improvements for Webcast Lecture

Transcription

Since one of the typical sources of recognition errors is d¢@ vocabulary and
language model size, future work should look at improving éhweb-based
retrieval of relevant corpora introduced in Chapter 4. Corps (and text)
similarity measures could be considered that select, fronhe retrieved web
corpus, only those documents that better maximize the matchetween the
retrieved corpus and the conversational style of a lecturend of a particular
lecturer. Some simple lexical measures of corpus similgtitwere already
employed with moderate, but promising success | such as ass&ng the
e ect on the perplexity of a language model brought by the reoval of
documents from the training corpus for a broadcast news traoription task
[Klakow, 200d. Given the less scripted nature of lectures, it is expected
that instructors' particular speaking styles will be re eded more in their
lecture speech. As such, the suitability of syntactic simakity measures used
in authorship attribution, especially for short texts as in[Hirst and Feiguina,
2007, should also be investigated.

As was shown in Chapter 6, transformation-based (TBL) ruleghat
correct the ASR transcripts and reduce the WER by up to 18% calme learned
on manual transcripts corresponding to as little as 10 mines of a one-hour
lecture. Future research should consider other methods ahproving ASR
systems that make use of only small amounts of training dataAmong these

methods are TBL approaches that operate at the word latticeelvel or at the

1An extended survey of corpus similarity measures can be fouhin [Kilgarri and Rose,
1994.
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phonetic transcription level.

7.2.7 Maximizing the Trade-o between User Editing

and ASR Improvements

The method proposed in Chapter 6 improves the ASR for a lecterby
exploiting the manual transcripts of the rst 10 minutes. A possible direction
of future research is the exploration of various trade-o s étween the amount
of manual transcripts used and the reductions in WER. This iparticularly
relevant in the context of keeping the users in the ASR editm loop (e.g.
combining user edits with TBL in a cycle converging to lower \ER values).
Previous research, such as that of Glass$ al., [2007], shows that manually
transcribing one half of the recordings in a course seriesngcathrough a
combination of AM and LM adaptation, reduce the WER on the remaining
lectures below 20%. While such a low WER value is certainly sieable, the
nancial proposition of manually transcribing lectures mght not warrant it.
For example, as a plausibility argument, if a typical base &b of a course
is $20,000 ($10,000 in instructor fees and another $10,000 Wniversity
overhead), and considering a standard student-work pay raif $12.50/hour,
transcribing 20 hours of lectures in a 40-hour semester wducrease the
entire cost of the course by 12.5% or $2500. However, if theets are kept
in the ASR improvement loop (e.g. the ASR system improves cstantly as
users correct the transcripts), this cost can be reduced ther. For this,
future work should focus on developing better editing intéaces that would
facilitate faster correction of ASR errors by webcast userg\ssuming that the

threshold at which correcting errors is faster than re-trascribing is also at
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25% WER, the mark-up costs of providing useful transcriptios for webcast
lectures can be reduced to below 10% of the total course codtsirthermore,
if the course is to be taught again by the same instructor in fisequent
years, the initial WER will potentially be lower (if, for example, the previous
speaker-adapted AMs are used). As such, the number of wikiabled user

corrections required for useful transcripts can be even lew

7.2.8 Other Collaborative Approaches to Webcast

Usability Improvement

Another research question that remains open is that of deteining the
appropriate motivations for subjects to participate in cdaborative transcript
correction. Combining lecture access limitations with ackemic and nancial
incentives yielded su ciently many contributions from students even in a
smaller-sized class. Weaker incentives coupled with comepensive lecture
materials (slides, readings) resulted in both signi cangl fewer contributions
and reduced interest in archived lecture viewing. Evaluatg the wiki editing
concept in a larger-sized class with reduced availabilityf @ourse materials
should also be considered.

The ePresence system is used not only for webcast lecturesit thor
other genres of presentations, which are archived and awle through
the ePresence.tv media portal. Many of these archives are accessed by
several thousand viewers. Such communities have alreadyemome the
issue of reaching a critical mass of contributors, and theyypically o er
intrinsic motivations to contribute [Kuznetsov, 2006 Future development

e orts should be dedicated to integrating the wiki editing nterface into the
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ePresence portal.

Besides investigating the use of automatically generatedextual
projections of lectures (such as summaries), future work ahld expand the
scope of collaborative solutions to encompass all text-lekrepresentations
of webcast archives. In the lecture domain, for example, ame materials
such as class handouts are a common textual resource that @opanies
lectures, and students typically enhance its content throgh handwritten
notes (annotations) taken during lectures. Natural languge processing can

be combined with collaborative approaches to generate hamat annotations.

7.3 In Conclusion

In this dissertation | have shown that an interdisciplinary approach
combining research in Automatic Speech Recognition and Ham-Computer
Interaction can improve the access to and the interaction #i online archives
of webcast lectures and academic presentations. For thishé&ve proved that
integrating automatically-generated transcripts of WordError Rate of 25%
or less into archives of webcast lectures enhances the u$igbof archives,

and results in improved usefulness of archived webcast lexas. | have also
shown that signi cant transcript quality improvements toward the acceptable
Word Error Rate can be achieved achieved if speech recogoititechniques
speci cally addressed at increasing the accuracy of webtdgnscriptions

are integrated with the development of an interactive collaorative interface

that facilitates users' editing of machine-generated trasctripts.
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Appendix A

Abbreviations

AM : Acoustic Model.

ANOVA : ANalysis Of VAriance

ASR : Automatic Speech Recognition.

CSCW : Computer Supported Cooperative/Collaborative Work.
HCI : Human-Computer Interaction.

HMM : Hidden Markov Model.

LM : Language Model.

LVCS : Large-Vocabulary Continuous Speech.
MLLR : Maximum Likelihood Linear Regression.
NLP : Natural Language Processing.

OOV : Out-Of-Vocabulary (rate).
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PMVDR : Perceptual Minimum Variance Distortionless Response.
POS : Part-Of-Speech.

SVD : Singular Value Decomposition.

TOC : Table-Of-Contents.

TBL : Transformation-Based Learning.

WER : Word Error Rate.
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Appendix B

Glossary of Technical Terms

Acoustic Model : a statistical model of how speci ¢ words are pronounced {
allows an automatic speech recognition (ASR) system to mag@ustic
features extracted from the speech signal to sub-word unifgalled

phonemes).

Hidden Markov Model : a statistical model used to determine the underlying
characteristics of a source signal when having access ordyobservable

properties of the signal. For more details, sd®abiner, 1989.

Language Model: statistical predictive models of language that narrow dow
the possible choices of words when transcribing speech toxtte An

n-gram language model gives the probability of uttering a speci ¢ ard

Maximum Likelihood Linear Regression: a process in which the parameters
of a stochastic model are transformed in order to better t toa new

set of training (adaptation) data. For more details, seéLeggetter and
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Woodland, 1995.
N-gram Model : see Language Model.

Out-Of-Vocabulary : the percent of vocabulary items in the actual utterance

not appearing in the language model

Perceptual Minimum Variance Distortionless Response an algorithm for
extracting acoustic features from the speech signal. For meodetails,

see[Yapanel and Dharanipragada, 2043

Precision : Given a number of keywords §) transcribed by an ASR system,
the precision with respect to these keywords i&l=S, where N is the

number of keywords correctly transcribed by the system. Sciatly,

precision = e BOes = { @ high precision score means
few \false positives" (e.g. in the context of a keyword-basksearch,
there will be less search results that actually do not contaithe searched

keyword).

Pronunciation dictionary : sometimes referred to agexicon contains all
possible phonetic transcription of the words that an ASR sysm is

expected to encounter.

Recall : Given a total number of keywords T) identi ed in the manual
transcript, the recall of the ASR system with respect to thes keywords
isN=T, whereN is the number of keywords correctly transcribed by the
system. Succintly, recall = true_positives { a high recall

true positives + false negatives

score means few \false negative” (e.g. in the context of a kegrd-based
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search, more of the transcript lines that actually contain e search

keyword will be included in the search results).

Singular Value Decomposition: a method for factorization of rectangular
matrices. In NLP it is often used for dimensionality reducton tasks,

such as latent semantic indexingHofmann, 1999.

Supervised training : typically refers to ASR training for which manually
annotated data is provided. Often during supervised traimg, other
forms of manual intervention are also present, such as makgiimformed

decisions about training data selection or ne-tuning parmeters.

tfidf term frequency inverse document frequency, an
information-retrieval measure useful for determining theterms
that are salient to a particular document in a collection (&g. terms
that appear often in that document, while being infrequent o not
appearing at all in other documents). It can also be used to a@ the

relevance of documents with respect to a query term.
Tri-gram Model : an n-gram model withn = 3 (see Language Model).

Unsupervised training : the opposite of supervised training { the ASR

system being provided un-annotated (unlabelled) data durg training.
Webcast : Internet-based (often interactive) broadcasting.
Wiki : a tool for mass collaborative writing.

Word Error Rate : the edit distance between the correct sentence and the

output sentence from the ASR systemWER = *2*L whereS;D; |
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are the number of substitutions, deletions, and insertionaeeded to
transform the output sentence into the correct sentence, drlL is the

number of words in the correct sentence.
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#1
$ %
!
!
!
$ &
%
!
% !
(! % ) %
I

+! $ %

% !

Figure C.1: Consent Form (page 1) for the experiment in Chapt 3.
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H | ]
$ % & !
% & #
() *
+ 0, - I ./0 1$ 1$2#
13 # A 44#) +
#/5, 6 , # #
057 # % !
%
O [ 8
! % #
% 1% &

999999999999999999999999999%®9999999999999999999999999999999999999
' D 8 ' D, *

9999999999999999999999999999999999999999999999999999
1% : 8 ' : 8 +

Figure C.2: Consent Form (page 2) for the experiment in Chapt 3.
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#
$
%
!
&
http://test.kmdi.utoronto.ca/cosmin/
% !
0/0 "
( % (
$ %
% $
) * $
| | *

+ ! $ $

Figure C.3: Consent Form (page 1) for the main study in Chapteb.
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! " #
$
% %
&
' %
(
)
* + ,
/
0 1 O 2
3 4 5 " 6*06(* "
7 "/ 8 3 9 2:0
; 9 <+ = , -14°1

SSSSS5SS3SS533S53S535555SS5S3535553553553ISS55553555>

0 o ? 0 4 2
SSSSSSSSSSSSSSSSSSSSSSSS>> S>>>>>SSSSSSSSS>>>>>
@ ? 0 ? 3

Figure C.4: Consent Form (page 2) for the main study in Chapteb.
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#
$
%
!
&
http://test.kmdi.utoronto.ca/cosmin/
% !
% mn
( % (
$ %
% $
) * $
| | *
+ ! $
% , ==, J)I0S
.1 % + $ !

+1 %

+//

Figure C.5: Consent Form (page 1) for the study following thenterface

re-design in Chapter 5.
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# # 08 | #
% % | #
| #
&#
' # % !
#
(! |
) | I #
*+ ,
#
/
11 # |
0O 1 O 2
3 4 5 A 6*()6( *
7 / 8 3 9 2:0
; 9 <+ = ¢ , -4 1
Il = ! #

SSSSS5SS5SS5SDS3DSS5SS5S5SS5SS53353355355ZISSS355355>>

0 o 2 0 4 2
SSSSSSSSSSSSSSSOSSSSS>SSS> SSSS>>>>>S>>>>>
@ ? 0 ? 3

Figure C.6: Consent Form (page 2) for the study following thenterface
re-design in Chapter 5.
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What is a metaphor?

What does a prototype give you a sense of?

Why does the summative evaluation has this name?

In what kind of respondend strategy are we asking people about
themselves and their work?

What kind of design is grounded in cognition?

Where was the mobile device shown as an interface sketch
example intended to be used?

How many hours are needed for a careful analysis of one hour
of audio/video recording?

Figure C.7: The introductory quiz (page 1) administered beire the start of

the experiment in Chapter 3.
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How many usability principles guidelines does Nielsen's
heuristic have?

What other program beside KidPix is given as an example of
mental models of painting?

Who developed Pictive?

Why is it difficult to get people to think aloud?

What is the name of the colleague from xerox park that did the
airport video project?

What company has become the leading vendor of personal
financial management software?

What drawing package was used to create some of the ePresence
interface prototypes?

What user-related concept is described as "more in vogue now"?

Figure C.8: The introductory quiz (page 2) administered befre the start of

the experiment in Chapter 3.
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What lab had the slogan "demo or die"?

In participatory design, the users participate on the design
team as what?

What do you ask yourself in information design?

What do you actually do when doing user testing?

What does the HCI research suggests from an engineering point
of view?

Figure C.9: The introductory quiz (page 3) administered beire the start of

the experiment in Chapter 3.
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What are the most effective icons?

What concept is given to us by the visual
psychologists?

Where and when were the Gestalt principles
first formulated?

What is a relevant example of a good choice
of imagery?

What controls are a relevant example of the
good use of both psychology principles and
graphic design?
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| # $ |
%
| # $ |
&
| " # $ |
%

| # $ |
( % %

! # $ ]
(

) ! )

* +

) ! )
* % +

Figure C.11: The questionnaire administered after a sessiwith a level of

WER of either 0, 25, or 45 from the experiment in Chapter 3.

Useful Transcriptions of Webcast Lectures



221

! #
$
! #
%
! #
! #
&& &
$
! ( ( !
) & & *
( + (
) & % & *

Figure C.12: The questionnaire administered after a sessiwith a level of

WER of NT (no transcripts) from the experiment in Chapter 3.
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! V#
$ % &
! !
(
! 1 #
&
L) L& ) I
+ ( %
! 1 #
$ wa
I, ( ! '$ ( &
)
! 1) ! | ! !
/ 0 121.3
N1 ! I #
& &
4 2 & 2 & 4
/0 ! ! ! [
2 I ! [ !
5 [ ! ! [
5 1 [ ! [ [
5 ! ! ! !

Figure C.13: The questionnaire (page 1) administered at thend of the

experiment in Chapter 3.
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Figure C.14: The questionnaire (page 2) administered at thend of the

experiment in Chapter 3.
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1) .
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Figure C.15: The questionnaire (page 3) administered at thend of the

experiment in Chapter 3.
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Figure C.16: The questionnaire (page 4) administered at thend of the

experiment in Chapter 3.
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Figure C.17: The (web-based) questionnaire (page 1) adnstered at the
end of the eld study in Chapter 5.
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Figure C.18: The (web-based) questionnaire (page 2) adnstered at the

end of the eld study in Chapter 5.
Useful Transcriptions of Webcast Lectures




228 APPENDIX C. INSTRUMENTS USED IN EXPERIMENTS
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Figure C.19: The (web-based) questionnaire (page 3) adnsiered at the

end of the eld study in Chapter 5.
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$ % ! !

Figure C.20: The (web-based) questionnaire (page 4) adnstered at the
end of the eld study in Chapter 5.
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