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Visual speech in technology-enhanced learning

Abstract

This thesis investigates the use of synthetic nglkieads, with lip, tongue and
face movements synchronized with synthesized arrabspeech, in technology-
enhanced learning. This work applies talking hea&mlsa speech tutoring
application for teaching English as a second laggudrevious studies have
shown that speech perception is aided by visualmétion, but more research is
needed to determine the effectiveness of visuadizatof articulators in

pronunciation training. This thesis explores whetleg not visual speech

technology can give an improvement in learning pramation.

This thesis investigates techniques for audiovispaech synthesis, using both
viseme-based and data-driven approaches to imptemattiple talking heads.
Intelligibility studies found the audiovisual heatts be more intelligible than
audio alone, and the data-driven head was fourimktmore intelligible than the

viseme-driven implementation.

The talking heads are applied in a pronunciatiaming application, which is
evaluated by second-language learners to investityat benefit of visual speech
in technology-enhanced learning. User trials exqaahe efficacy of the software
in demonstrating the /b/-/p/ contrast in EnglisheTesults indicate that learners
showed an improvement in listening and pronunamtfier using the software,
while the benefit of visualization compared to aowdi training alone varied
between individuals. User evaluations found thatttiking heads were perceived
to be helpful in learning pronunciation, and theipee feedback on the tutoring
system suggests that the use of talking headscimédogy-enhanced learning

could be useful in addition to traditional methods.
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1 Introduction

The importance of human faces in communicationlés$o considerable interest
in computer facial animation and visual speech Issis. Human speech
perception is aided by visual information, suctiressmovement of the lips, which
aids intelligibility (Sumby et al. 1954; Summerfiel987). Speech comprehension
is also enhanced by facial expressions, which epmaeaning and thus support

communication (Massaro 1998).

This thesis is concerned withsual speech synthesisomputer-generated facial
animation synchronized with acoustic speech, taking heads physiological
models with audio-visual speech. This study alscoppasses animateyents
which interact with a user to emulate face-to-faoenmunication with a human
assistant. Talking heads can augment the intelityibof speech, and when
combined with animated agents can convey emotioms aifer more natural
interaction, and these advantages can make tharablalin technology-enhanced
learning applications. Animated agents are employed many software
applications, while talking heads with accuratebles articulation are attracting
increasing interest for use in pronunciation tragn{Hazan 2008). For example,
the talking head known as “Baldi” is an existingotufor speech production
(Massaro et al. 2008; Massaro 2012), and stathesktt technological advances
are being utilised in the “ARTUR” articulation tut¢Engwall 2008). Improved
modelling of internal articulatory organs has bean important recent

development in talking heads for pronunciationnireg (Badin et al. 2008).

This project applies talking head technology inpgexch tutoring application:

teaching English as a second language for adule. &im was to create a
pronunciation assistant, to complement traditionathods and to assist the work
of a human language tutor. The studies investigaebenefits of visual speech

technology in language learning.

The main research question addressed by this tiesmhether or not visual
speech technology gives an improvement in learpranunciation. From this
arise subsidiary issues, concerning how the qualfitthe technology affects the
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improvement, and whether it makes a differencee#orliing. This study seeks to
determine the benefit of visual speech in technglaghanced learning, and the

most effective implementations of facial animationmodelling visual speech.

Two approaches were chosen for the developmemtlohy heads: viseme-driven
and data-driven speech animation. Previous stunfigslking heads in speech
tutoring have used viseme-driven techniques (Massaal. 2008), which require
a smaller amount of data to create key poses tautators. A disadvantage of
data-driven techniques is that they require a lamgpus of captured data in order
to produce realistic results, and for internal al&ation, a corpus of internal
articulatory data is required, but the benefit afeda-driven approach based on a
real speaker’'s data is that it can create a mocerate model of articulator
movement. Therefore, after the acquisition of dafle corpus of data, a data-
driven head was also created, and the resultikintaheads were compared in
intelligibility tests.

The following experiment conditions are used witthia thesis:

. Audio alone - this is used in the intelligibilitests (Chapter 5) and the
speech tutoring trials (Chapters 6), in comparisgh the talking heads that have

been implemented.

. Viseme-driven, non-photo-based talking head (TH\\Nthis head was
created using a synthetic mesh in Facegen (Singularsions 2008). This head
is used in the intelligibility and naturalness se@hapter 5) and the first speech
tutoring trial (Chapter 6).

. Viseme-driven, non-photo-based talking head,uidiclg expression - this
head was created using a synthetic mesh in Faq&iyegular Inversions 2008).
Facial expressions including eye and head movenveerts added. This head is
used in the web-based naturalness test (Chapter 5).

. Viseme-driven, photo-based talking head (THVR®)is head was created
using photographs of the real speaker. This headisisd in the second
intelligibility test (Chapter 5) and the secondegtetutoring trial (Chapters 6).
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. Data-driven talking head (THD) — this head wasated at GIPSA-Lab,
Grenoble, using a corpus of data from a real spedites head is used in the
second intelligibility test (Chapter 5), the websbd naturalness test (Chapter 5),
and the final speech tutoring trial (Chapter 6).

. Real video - video recordings of the real speaHérs is used in the
intelligibility and naturalness tests (Chapter B) domparison with the talking

heads that have been implemented.

Each talking head was applied in a pronunciatiaming system, and user studies
investigated the use of the software in demonstyathe /b/—/p/ contrast in

English. Few previous studies have explored thigrast, which was chosen as a
case study after consultation with English languagers who revealed that one
of their largest groups of students was native Arapeakers, and the most
common difficulty for this group was /b/—/p/, besauthis contrast did not exist in

their native language. A difficulty with using /lahd /p/ as a case study for
pronunciation training is that the difference betweb/ and /p/ is produced by
voicing, which is difficult to show in a talking hd, and although /b/ and /p/ do
have some visible differences, as shown by (Laza@H), this difference may

not always be salient enough to aid discriminatitime experiments presented in
this thesis are widening the range of phonemicrestg which have been studied,
with a less visually salient contrast than thosprewvious research. The user trials
determined the impact of the software in learniegcpption and pronunciation,

and its effectiveness as a teaching tool was etedua

1.1 Contributions
The contributions of this thesis are as follows:

A software application using a talking head forcteag pronunciation, which

is the first of its kind for teaching British Engifi. This software was used in
experiments to investigate the use of talking headspeech tutoring. This

work was shortlisted in the UK ICT Pioneers Comjmati 2011 (EPSRC

2011).
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A novel corpus, comprising MRI, EMA and video datédnich is the first of its

kind for a British English female speaker. The esrpvas acquired at the
"Département Parole et Cognition", GIPSA-Lab, Gidaepduring a research
visit funded by an International Travel Grant by tRoyal Academy of
Engineering. This corpus was used to create a dfatan head in a
collaborative project at GIPSA-Lab. The MRI dataswssed to improve the
articulatory modelling of the viseme-driven heachight 2011).

New studies evaluating the visual speech in twéedsht talking heads; one
viseme-driven and one data-driven. Intelligibilitgests showed that the
audiovisual heads were more intelligible than awalane (Dey et al. 2010a).
The data-driven head was found to be more intbliégihan the viseme-driven
head.

Original studies evaluating the use of talking rseedlearning pronunciation
of British English as a second language. The resuolicate that learners
showed an improvement in listening and pronunamtefter using the
software, while the benefit of visualization comgmirto auditory training

alone varied between individuals. User evaluatitmend that the talking

heads were perceived to be helpful in learning pnaration (Dey et al.

2010b).

1.2 Thesis structure

The following chapters review the techniques usegrioducing talking heads,
and applications of visual speech. Chapter 2 begititsan overview of the field
of facial animation. It reviews existing literatuesd describes techniques for
producing talking heads and visual speech. It tieerews applications of talking
head technology, including second language leaynamydl the teaching of
pronunciation. Chapter 3 introduces how this projepplies talking head
technology in a speech tutoring application. Chapteand 5 describe the data
capture and implementation of two different talkingads. Chapter 6 describes
the evaluation of the quality of visual speech lné¢ talking heads. Chapter 7

discusses the evaluation of the speech tutoringcapipn, and details the studies
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in teaching English as a second language for aduitglly, conclusions and

future work are discussed in Chapter 8.
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2 Facial Animation, Visual Speech and Speech

Tutoring

Visual Speech unites the fields of speech syntlasgiscomputer facial animation.
While research in computer graphics involves maagland animation of the
face (Parke et al. 1996; Magnenat-Thalmann et @04 research in speech
synthesis focuses on production of acousticallyistia speech. Visual Speech
brings the two together in the synthesis of graghicand acoustically realistic
speech, complete with synchronised lip, tongue gwd movements and the
modelling of expression (Massaro 2012). The conoecbetween audio and
visual research is exemplified by the recent camfee Interspeech 2008 which
had two special sections, one on talking headsghg@008; Fagel et al. 2008)
and one on visible speech synthesis (Theobald.e20fl8). The modelling of
expression also incorporates research in Artifitélligence; thus conferences

on animated agents also include work on talkinglbéMartin et al. 2007).

The following sections discuss the physical medrasi of speech production,
followed by the main techniques for producing fa@aimation, visual speech,

and expression in speech animation.

2.1 Speech Production

The process of speech production has three phaspération in which the lungs
force air through the vocal tract and out thoughdhal and nasal cavities (Figure
2.1); phonation- the vibration of the vocal cords; aadiculation — the shaping

of the upper vocal tract to generate speech sounds.

Speech sounds can be categorised according totibelatory positions required
to produce the sound. A standard representationtréorscribing all possible
speech sounds has been established by the Intsralaf?honetic Association
(IPA) (Figure A.1) (International Phonetic Assdma 2005). Consonants are
defined by the place of articulation, its manned @honation. For example, the

place of articulation of the consonant /p/ bgabial, i.e. it is produced by
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constriction of airflow between the lips; its manns plosive i.e. the sound
occurs after a blockage of air flow is released] & phonation is that it is
voiced A voiced consonant is produced when the vocatisare vibrating,
whereas an unvoiced consonant is one in which dkcal\cords are not vibrating.
A table of all consonants, with their place of @rtation, manner and phonation is
shown in the IPA chart in Figure A.1. Vowels ardimied by the location of the
tongue within the oral cavity, and the roundingtwé lips is also a distinguishing

factor. The tongue position can range from filoat of the mouth, e.g. /i/, to the
back e.g. /u/, and the tongue height can range ttlmse e.g. //, toopen e.g. /al.

A diagram of the positions of all the vowels iswinan Figure A.1.

Alveolar mdge
Lipper gums

Figure 2.1: Anatomy of vocal tract, reproduced under Creative Commons Licence
(Flemming 2012)
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2.2 Facial Animation

Facial animation involves controlling a face modsging geometric manipulations
or image manipulations, although many approachesbo® several techniques.
The techniques can be classified as those involmagipulations of 2D images
or 3D models. The 2D approaches include image nwogphwhich allows
transitional images to be generated between agbdaarget images (Ezzat et al.
1997). Another image-manipulation technique for &imation is video-rewrite,
where video footage of an actor is segmented quorelng to phonetic units,
which are then concatenated to create animations speaker (Bregler et al.
1997). 2D methods have achieved more videorealissults than 3D methods
(Liu et al. 2008), and some 2D animations are guadly indistinguishable from
real video, yet still not as intelligible for ligading as real recordings (Geiger et
al. 2003). 2D methods can be unrealistic for h@agdements, and the viewpoint
is limited to that of the target images, whereas @&bmetric methods are

viewpoint-independent.

3D techniques involving geometric manipulation udd interpolation,
parameterization and muscle models. Interpolat@sed techniques involve
modelling portions of the face mesh to approximatg@ressions, and then
blending these different morph targets. This metisddst and offers high fidelity
of expressions, but involves intensive manual lapamd is specific to each
character. Parameterization was used by Parke,emagsal mesh of 3D points
was controlled by a set of conformation and expoesparameters (Parke et al.
1996). An advantage over interpolation is that pesi@rs can easily be combined
for a wider range of facial expressions. PhysichHged muscle models simulate
the physical and anatomical characteristics of bpn@ssues, and skin
(Terzopoulos et al. 1990; Lee et al. 1995). Sucthous can be very powerful for
creating realism, but the complexity of facial stures make them
computationally expensive, and difficult to creafehis complexity can be
avoided by using mesh deformation to simulate neusattion (Magnenat-
Thalmann et al. 1988). Pseudo muscle-based systétes use Ekman and
Friesen's Facial Action Coding System (Ekman etl@l(8), which defines 64

basic facial Action Units to represent facial moesns caused by muscles.
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Waters proposed a vector muscle model in which acieuwas modelled by a

linear deformation field affecting the surroundsign (Waters 1987).

Another technique for 3D animation uses motion waptto map recorded
movement onto a character (Zhao et al. 2010). Fegtaints on an actor’s face
are recorded, often using reflectance markers gdlawe the actor, which are
tracked by cameras. Ma et al (Ma et al. 2008) usa@al-time 3D scanning
system to record training data of the high-resotutjeometry and appearance of
an actor performing a small set of predeterminedafaexpressions. A set of
motion capture markers was placed on the faceatk tiarge scale deformations.
The large scale deformations were mapped to tlex 8nale deformations in the
form of deformation-driven polynomial displacemenéps, encoding variations
in medium-scale and fine-scale displacements. Kothssis, the polynomial
displacement maps were driven by new motion capdata from a sparse set of
motion capture markers. The technique producedratEueconstructions over
most of the face, but the tracking of the contoafsmouth and eyes was
insufficient for reconstruction of the detailed moots near the edges of the lips

and eyelids.

A key issue in motion capture is the accuracy atked data, which may include
noise from vibration. The motion data is filteregfdre it is transformed to drive a
computer model of a character (Deng et al. 20@{lifficulty which is especially

pertinent in facial animation is that feature psi@re not always visible, for
example, the corners of the lips may be occludethgwspeech. This is a problem
for optical tracking systems, which require tracksints to be within the line of
sight. Magnetic tracking systems do not have the-&f-sight problem, but are
usually less accurate than optical systems, althoap-invasive electromagnetic
systems are now available which are designed &wking speech-related facial

movements (Northern Digital Inc. 2012).

Markerless vision-based approaches, such as AcAppearance Models
(Tresadern et al. 2010), use estimation algorittortsack occluded points. These
can be limited in resolution (Poppe 2007), but thssie has decreased as camera
technology has improved, and recently markerlessifperformance capture has

achieved realistic pore-level geometric details, ilevhaddressing tracking
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problems caused by very fast motion or occlusi@eeler et al. 2011). Beeler et
al. identify anchor frames in a sequence, whichsarglar to a manually chosen
reference frame. Due to the similarity, the imageker can compute the flow
from the reference to each anchor independently vaitid high accuracy. For
example, in a sequence of lip movements where piperulip becomes occluded
by the lower lip, this method is able to track thmoer lip backwards from a later
anchor frame to the occluded frame, automaticadlstaring tracking after the
occlusion. A high-quality 3D reconstruction techmeqgave the mesh visually
realistic pore-level geometric detail. Another aygwh achieving photorealistic
detail combined optical flow and photogrammetrydgoonstruct 3D motion from
images (Borshukov et al. 2005). Five synchronizacheras captured the actor's
performance, and optical flow was used to trackhgaxel's motion over time in
each camera view. This data was combined with angth model of a neutral
expression of the actor and photogrammetric recaoctstn of the camera
positions. Manual correction of optical flow erronss required. The Digital
Emily Project (Alexander et al. 2010) used videsdsh motion analysis in a
manually guided process. The animated charact&’pd&e was manually set on
several example frames, and a model-based oplmaleglgorithm calculated the
required character pose in the intermediate frarAesadvantage over marker-
based techniques is that this process is baseddeo wf the entire face, which
provides more information about the motion of tlgeseand mouth than could be
recorded by motion-capture markers. However, thiscgss requires a large

amount of manual work to adjust any misaligned p@s®& remove artifacts.

The problem of following a feature point across libcation changes between
poses, and mapping it to a corresponding vertexa eéarget model is a feature
correspondence problem (Parke et al. 2008). Retiagy or cross-mapping, of

the geometry involves adaptation of the recordenicedata to a target character,
which need not have a direct resemblance to therded actor (Pighin et al.

2006).

The most popular method of producing facial aniorats currently interpolation,
because it quickly produces basic facial animatidlany other systems use

parameterization, and researchers has extended’®adtameterized approach to
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include more features and functionality; for exagnlglassaro’s Baldi talking head
was based on Parke’'s model (Massaro et al. 200%)e popularity of facial
animation has led to standardisation of the pararsgin the MPEG-4 standard,
which specifies feature points and facial animaamameters (Algirdas 2002)
(Ostermann 2002).

2.3 Visual Speech Animation

Visual speech animation is the synthesis of realidhcial animations
synchronized with acoustic speech. There are varteahniques for producing
automatic visual speech animation, which are intced below and discussed in

more detail in the subsequent sections.

Parke and Waters classify the approaches to atitospeech synchronisation by
the form of input, which may be text-based, presrded acoustic speech, or a
combination of inputs (Parke et al. 1996). Waterd &evergood’s text-driven
approach extracted from input text a timed sequehghonetic units and control
parameters to drive the speech output (Waters.et9l4). Lewis and Parke’s
speech-driven method adapted a common speech sintheethod, Linear
Prediction Analysis, to provide simple phoneticagwition from recorded speech
(Lewis et al. 1987). The recognized phonetic umtre then associated with
mouth positions to provide keyframes for animatising a parametric model of

the human face.

An alternative classification is by Deng and Nolnoxclassify the approaches to
visual speech by the method of output productidmctvmay be viseme-driven or
data-driven (Deng et al. 2007). The terisemeis defined by Fisher as a unit of
speech in the visual domain (Fisher 1968). Inmsealriven speech animation,
each key pose is associated with a viseme, i.eptiséion of the lips, jaw and

tongue when producing a particular sound. Exampfesystems that use this
approach are given in Section 2.3.1. Data-drivegr@gches do not require pre-
designed key shapes, but use a pre-recorded faotbn database for synthesis
using machine learning or concatenation of samata.Examples of systems that

use this approach are given in Section 2.3.2.
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A key challenge in visual speech animation is thate is great variation in the
realisation of visemes during the production ofunatspeech. This phenomenon
is termed coarticulation, which is the influencesofrounding visemes upon the
current viseme (Hardcastle et al. 1999). To accdontcoarticulation, current

systems either explicitly take into account contewten blending viseme

keyframes, or use a longer unit such as the diphohih starts at the centre of
one phone and ends at the centre of the nextassitions between phones are

preserved.

2.3.1 Viseme-driven approaches

Viseme-driven approaches require the creation gf k®uth shapes for each
phonetic realisation, and then smoothing functimnsoarticulation rules are used
to synthesize new speech animations. There aieudifés in defining visemes, as
there is asynchrony between the acoustic and thealvimodalities of speech,
where the onset of movement does not always canespo the onset of the
acoustic realisation of a phone. Also, allophonésclv sound similar can often
appear different visually. There is no consensus agich phones are grouped to
form each viseme, and how many visemes to usemptiehave been made to use
machine learning approaches to identify visemesatively (Hilder et al. 2010),
but these have yet to yield a generic set of veserdlowever, most viseme-based
approaches assume a many-to-one relationship betplenes and visemes, and
use an approximate set of mouth shapes; for examekalp and Ostermann used
14 visemes (Tekalp et al. 2000).

The most common approach to modelling of coarticutais by Cohen and
Massaro (Cohen et al. 1993), based on Lofgvist'stugal theory of speech
production (Lofgvist 1990), using dominance andnbiag functions. Each
dominance function represents the influence ovee tthat a viseme has on a
speech utterance. Typically the influence will beajest at the centre of the
viseme and will degrade with distance from the wisecentre. Dominance
functions are blended together to generate a sgegeltory, in the same way as
spline basis functions are blended together to rgéme curve (Figure 2.2). The

shape of each dominance function is different atiogr to which viseme it
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represents, and what aspect of the face is beinggadled (for example, lip width
or jaw rotation). This approach to computer-gereztapeech animation is used in
the Baldi talking head (Massaro 2012).

The Cohen-Massaro coarticulation model was exterdedCosi et al by the
addition of a temporal resistance function and apshfunction for more general
cases, such as fast or slow speaking rates (Cai2002). This approach is used
in the talking head LUCIA (Cosi et al. 2008). Le fGand Benoit proposed a
method to automatically extract the parametergiferdominance function from
data measured from a real speaker (Le Goff etl@96). King and Parent
extended the Cohen-Massaro model by using a corveplace a single viseme
target. Each facial model parameter has a curveattienates that parameter over
time. A parameter curve is created by blendingvieeme curves of the utterance
(King et al. 2005). Bevacqua and Pelachaud propaseditional qualifier
parameters to simulate expressivity in lip movermexisemes for each emotion
were derived from recorded speech motion dataaodjualifiers were added to
modulate the expressivity of a lip movement; tiesionqualifier was used to set
the intensity of muscular strain, and theticulation qualifier controlled the
degree to which a lip shape met its target apexdBgua et al. 2004; Deng et al.
2007).
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Figure 2.2: Cohen-Massaro Dominance Functions for the word “stew”, and corresponding

lip protusion values over time, reproduced with permission (Massaro 1998)

An alternative to dominance functions is a coaléitan model based on the
optimization of a system with constraints (Edge £08dge et al. 2004) The
system generates trajectories which pass througtoppate visemes, applying a
technique similar to the spacetime constraints otetiised for articulated body
animation (Witkin et al. 1988). This approach wagrded by Lazalde (Lazalde
2010), using motion-captured speech mapped to as\dithetic face model to
derive facial animation parameters and create fdatine coarticulated visemes in

the constraint-based approach (Lazalde et al. 2010)

2.3.2 Data-driven approaches

Data-driven approaches use video or motion capdata captured from a real
speaker, which is then used to drive a synthega&ohg head. Feature points can
be tracked using markers on the face or a marletiesking system. A 3D

surface mesh can be built by reconstructing théafageometry from feature
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points. A model of the speech movements can be, bioit example, using
Principal Component Analysis to parameterize thia ¢Bailly et al. 2009). The
recorded motion capture sequences can be parapeeteaind can be used to drive
the talking head directly, to create animationsresponding to the original
utterances, but this performance-driven animatgpr@ach does not scale to large
volumes of speech. Data-driven approaches extedatfctom the recorded corpus,
using concatenative or machine-learning approaches,synthesize novel

sequences.

2.3.2.1 Concatenative speech animation

Data-driven, concatenative speech synthesis usas baits that include context
(e.g. diphones, triphones etc.) extracted from exrpcorded corpus, instead of
visemes. As the basis units already incorporate véimgation of each viseme
according to context and to some degree the dymaaiieach viseme, no model
of coarticulation is required. Speech is generdtgdelecting appropriate units
from a database and blending the units togethas. iShsimilar to concatenative
techniques in audio speech synthesis (where, fameile, diphone units are
concatenated at the spectrally-stable centre poinghones, and the waveforms
are transformed so auditory discontinuities areirmsed). For auditory speech
synthesis a cost function is designed to maintaiaathness in the acoustic signal
across concatenation boundaries. The best matchimig is considered the
candidate that requires the least modificationotonf the join. For visual speech
synthesis a cost function is designed to ensurkientf and natural transition
between adjacent visual speech gestures (Theol@@ld).2The disadvantage to
these models is that a large amount of captureadidaequired to produce natural
results. For example, Huang et al used a corp@9@f sentences, each lasting 5-
10 seconds, recorded at 60 frames per secondy¢o9g000 video frames and a
database of 9580 triphones (Huang et al. 2002hgéo units minimise the
number of concatenations and preserve coarticulagifects to produce more
natural results, but these require larger corpmsssio ensure good coverage of

transitions between the units.
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2.3.2.2 Speech animation using Machine Learning

Speech animations can be generated directly fratrodwy using hidden Markov
models or neural nets to transform audio parametdcs a stream of control
parameters for a facial model. This method can leamdice context, rhythm,
tempo, emotion and dynamics without complex appnation algorithms and the
training database needs no phonetic units or visethe only data needed is the
voice and the animation parameters. An exampldisfapproach is the Johnnie
Talker system (Takacs et al. 2007). Another apgraaging machine learning
techniques uses Gaussian processes to model andigisual parameters in a
shared space (Deena et al. 2010). The limitatidhas phonetic labels, which are

time-consuming to produce, are needed for botlréieing and test data.

Two-dimensional shape and appearance models hare used to create near-
video-realistic synthetic talking faces (Theobatdak 2004). Englebienne et al.
used an Active Appearance Model to extract featfn@® video frames, and a
Hidden Markov Model to align phoneme labels to thelio stream of video

sequences, and this information was used to laleetdrresponding video frames
(Englebienne et al. 2007). Their model, trainedtlese labelled video frames,
was able to generate new video-realistic sequeffice® unseen phoneme
sequences. In a web-based test where 33 volunteerpared 12 pairs of video
sequences, many of the sequences generated weas@nguishable from real

video sequences. The limitations of this approaehtlaat the dataset was from
only a single speaker reading aloud, and applylmesde methods to different
contexts, such as conversational speech, woultkélg to result in very different

results. Also, with no explicit model of coartictitan, effects such as anticipatory
coarticulation were not captured as well as theylccbe if a model of phonetic

context was added.

2.3.3 Expression in Speech Animation

A complete facial animation system would includefatial expressionsA fully
expressive automated character animation needsisfglag emotions, head
movements such as nodding, and eye movements suainking, and eye gaze.

Queiroz et al proposed a model for the automatnegeion of expressive gaze by
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examining eye behaviour in different affective ssatQueiroz et al. 2008). Ekman
(Ekman 1989) defined facial expressions of emotaifiect displays), and the
following non-emotional expressions: Emblems, engdding in agreement;
Manipulators, e.g. blinking; Signals, e.g. raigs@ébrows signalling a question;
Punctuators, movements at pauses, e.g. smilingRagdlators, e.g. turning head
to listener. These expression overlays were indudeEkman’s procedure for
complete speech animation. This entailed compuimghapes by applying rules
that transform phonetic units to action units, tlsemputing all action units for
emotion and expression. This was followed by €plinterpolation between
phonetic units, and finally the generation of tbenplete facial expression image.

Pelachaud’s work in facial animation considers lthk between intonation and
expression. Intonation is the melodic feature olttarance, and is linked to the
attitude of the speaker and conveys emotional EgfRelachaud 1991). It has
three components: type of utterance, attitude anadtien, and affects the pitch,
loudness, tempo and pauses within speech. In Reldhsystem, each emotion
corresponds to a particular set of values of ti@eaational parameters. Emotion
affects lip shapes during speech, influencing tlhiscte tension and the degree of
hyper-articulation or hypo-articulation, so thesggmeters must be modelled in
order to give a talking head expressivity (Bevaceual. 2004).

Cao et al. used a machine learning approach to Ineagecssive visual behaviour
during speech (Cao et al. 2005). A database of tighity speech-related facial
motions with variations across multiple emotionsswacorded with an optical
system, tracking markers on the face with 8 camekasaining set of speech
related motions was used to derive a generativeemotl expressive facial
motion. The input of the system is a spoken utesgaand a set of emotional tags
which can be specified by a user or extracted ftbe speech signal using a
classifier. The output is realistic facial animatithat is synchronised to the input
audio and conveys the specified emotions. A lindtatof this approach is its
dependency on the quality of the motion and spedatia, and building the
database requires laborious manual processing.
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2.4 Talking Heads in Speech Tutoring

Applications of talking heads in speech tutoringlulle pronunciation training for
speech-impaired children; speech reading for deddren, and teaching English
as a second language for adults. Traditionally eksl children are explicitly

trained to make articulatory gestures to form waisse et al. 1999). Dyslexic
children have been found to have difficulty in segghe position of the tongue,
teeth and lips whilst making a specific sound, andalentifying the appropriate
picture depicting these positions (Montgomery 19819ntgomery suggested that
dyslexic children would benefit from training in amness of articulation
processes with single phonemes. Therefore a talkead with correct tongue

movements for individual phonemes could be beradfinitongue training.

Visual speech can be valuable in speech tutoringicgtions because vision
benefits human speech perception, for three ream®ssggested by Summerfield
(Summerfield 1987): It helps speaker localizatidngontains speech segmental
information that supplements the audio, and it @les complimentary
information about the place of articulation (Potanas et al. 2004). Potamianos
et al. state that human speech perception is bimodaature: Humans combine
audio and visual information in deciding what hasel spoken. The visual
modality benefit to speech intelligibility in noisges been quantified by Sumby
and Pollack, who found that the visual contributionintelligibility ranged from
77% to 81% as the Signal-to Noise ratio increasenhf-30 dB to -6 dB, for a
test using a 32-word vocabulary (Sumby et al. 19Bénhoit and Le Goff found
that visual speech adds intelligibility to the dady information when the
acoustics are degraded (Benoit et al. 1998). Visymdech is of particular
importance to the hearing impaired, for whom mauthvement has an important
role in communication (Marschark et al. 1998).

There are several theories behind why visual feeddban be beneficial in speech
tutoring. Bullock offers theoretical evidence fohyspectrograms (visualization
of waveforms of acoustic speech) can be usefulpgesh therapy for children
(Bullock 2011a). Established theory is that asdrkih learn phonology, their

expressive representations of phonemes (articylatmovements, auditory
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feedback) connect with their receptive represemmati (auditory features of
speech). For some children there is a mismatch dmstvitheir expressive and
receptive representations of phonemes. Therefamethar form of feedback
should be given so that the learner does not havely on their own auditory
perception.

Another theoretical framework is the Directionsolntelocities of Articulators
(DIVA) computational model (Guenther 2003). It posps that a child learning to
speak is informed by two neural systems. The fssa feed-forward control
system, which consists of the speech sound mapo(npdén), the cerebellum
(coordination and smoothing of movement), and aldiory velocity and position
maps (motor cortex). These systems inform thelksgpeahat to do in order to
produce a given sound. The second is the feedbgstiem, which consists of
orosensory (how the sound feels) and auditory médion. Speech production
involves a “target” that the motor system aims ¢biave in order to produce a
particular speech sound. Targets in the DIVA maad&k the form of convex
regions in a planning space consisting of auditorg orosensory dimensions (for
example, vocal tract constrictions), which are nedr by infants during the
babbling phase, when they recognize a specific Ivore&t configuration as
producing a speech sound. For example, the regiofpf does not vary over the
dimension of lip aperture, because all bilabiapstbave full closure of the lips,
so it is learned that lip aperture is an importdimhension for producing the
bilabial stop /p/. Since convex region learningie®lon language-specific
recognition of phonemes by the infant, the shagethe resulting regions will
vary from language to language. At first a childstmrely more on the feedback
system than the feedforward system because thememis are not yet mapped.
As the child practices speech, it stores more mé&iion in the feedforward
system about the movements and their associatetbaudonsequences, which in
turn will inform future sound productions. If a kthihas difficulty perceiving the
correctness of a production, its feedback systermaaadequately inform the
feedfoward system. Bullock argues that an additiéeedback component, such
as a spectrogram, can help students make judgrabatg their productions and

make adjustments to the feed-forward system. At,fthe learner must rely more
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on visual feedback and learn to ignore the audipoductions. When sufficient
correct productions have been practised and thechpsound and articulatory
movement maps have been adjusted, the learnerheanstart to rely on their

auditory feedback system (Bullock 2011c).

These theories are concerned with children learaifigst language, but some of
the implications can also be extended to secongukage learning. Most current
approaches to second language acquisition caniviged into two groups:
nativist models and empiricist models (MacWhinn891). Nativists view second
language acquisition as repeating the course siflinguage acquisition, which is
aided by a universal language instinct. Empiri@giproaches argue that in
childhood there is a critical period for languagarhing, after which the learner
can no longer rely on the universal language instm facilitate second language
learning. The empiricist approach emphasizes the gbinput in both first and
second language learning and the role of transidr generalization in second
language learning. TheCompetition Model of MacWhinney and Bates
(MacWhinney 1992) takes an empiricist approach whiews both first and
second language learning as data-driven procekaesely not on universals of
linguistic structure, but on universals of cogretistructure. This model attributes
development to learning and transfer. It assumaisath mental processing uses a
common, interconnected set of cognitive structufdsus a second language
learner will initially experience a large amount thnsfer from their first
language to the second language. Inappropriatdentéace effects in phonology
are eliminated by unlearning some of this direahsfer. Some new sounds are
learned that do not mirror first-language soundsother cases, newly acquired
words need to be unlinked from sounds influenceditsy-language segments.
Learning at this stage progresses by correct ragjsh of the phonology of the
second-language target lexical items. The learnestine encouraged to perceive
the mismatch between their output forms and therecorinput forms.
MacWhinney suggests that this could be achievedutiir a process in which
learners attempt to match their own productionsaimputer-controlled digitized
speech (MacWhinney 1992).
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For second-language learners a common difficultyhes conceptual distinction
between sounds which are allophones in their ndsimguage (for example, /p/
and /b/ are allophones in Arabic, and /r/- /Il atphones in Japanese.) The
learner needs to work on hearing and producing dbwtrast in the second
language, so practice is essential to activate oemcepts relevant to the new
language. Listen-and-repeat practice can be heipfattively learn new concepts
at a subconscious level (Fraser 2006). Verbal egblans of pronunciation can
be difficult for students with limited vocabularg tinderstand, and a benefit of
visual representations is that they are languadependent. Another benefit of
using speech tutoring software, which applies wtaxkcond language learners as
well as children learning a first language, is thatnables independent drill to
take place. When students use visualization to fp@dticulatory movements, if
they can recognize the salient visual featureshef targets, they are actively
involved in their learning and this increases thwiderstanding.

2.4.1 Existing Speech Tutoring Software

Applications using talking head technology for satdanguage learning have
been developed, but are not in common usage, ansoftware used by language
schools generally uses video recordings rather slyathesized talking heads. For
example, the English Language Teaching Centre eatUthiversity of Sheffield

currently uses the Sky Pronunciation Suite softwareaching (SKY). This uses
video and audio recorded from a real human rathen &a synthesised talking
head. It includes training in the Phonemic Alphalpetvhich the system plays a
recording, and the user has to click on the comsgotbol, and the system gives
feedback as a score. The system plays video regwsdif a real mouth, which
shows the correct mouth movements for each itene. System can record the
user’'s voice, and they can play it back while plgya model speaker’s voice
simultaneously, so the user can hear how they tievieom the correct

pronunciation. They can also visually compare tlaeforms. Such spectrogram
data, although it can be difficult to read, hasrbshown to have a beneficial
effect when used by speech therapists (Bullock BR1This may be because a
student who cannot determine when they are produaim incorrect sound is

unlikely to change their productions without anytegral feedback, and the
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spectrogram provides an alternative mode of feddbadhat the learner does not

have to rely on their own auditory perception.

The usefulness of visual feedback depends on hailyeacan be interpreted.
Visual displays of the acoustic signal may be impcal as a therapy aid due to
the abstractness and complexity of the displays Thiwhere talking heads can
provide an advantage. Displaying animated modeteefrticulators can give the
learner visual information which is easy to undamgt For example, the Speak As
You See (SAYS) pronunciation software uses 3D atana to show exactly
where to place the tongue in relation to the padaue teeth, in order to produce
the correct sounds (Learning Technologies Inteonati 2012). This software is
used in conjunction with a mirror so that the learrtan view their own
movements simultaneously. The developers of SAY& ghat in an initial test,
some students improved their ability to differetgtitheir pronunciation of /r/ and
/Il sounds after using the software for as litdel& minutes.

Other existing applications of talking heads foadieing English as a second
language include Cohen and Massaro’s Baldi (Mas?2a@d). Baldi uses terminal
analogue synthesis (Klatt 1987), which mimics thmlf speech product rather
than the physiological mechanisms that produc&tie software is based on
Parke's talking head, with additional and modifemhtrol parameters, texture
mapping, and the addition of a tongue. Cohen andskla developed a new
visual speech synthesis coarticulatory controltsgyg using dominance and
blending functions (Massaro 1998). Baldi also hastols for paralinguistic

information so he can display facial expressiond gestures, and affect in the
face, so he can show anger, happiness and sadviassafo et al. 2005). The
system offers text-to-visible speech synthesis aighment with natural speech.
Baldi can be displayed in various configurations, éxample, the skin can be
made transparent so that the tongue and insidieeofmbuth can be viewed, and
the head can be rotated to be seen from the baslder(Cosi 2002). Baldi has
more recently been augmented with a body, to extammdmunication through

gesture (Massaro et al. 2005).

Baldi has been used in multiple languages (Co822QOuni 2003), (Massaro et

al. 2005), (Ouni 2005). For example, Baldi was usedrain eleven Japanese
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speakers to identify and produce American Englishard /I/, using two methods;
instruction illustrating the internal articulatoprocesses of the oral cavity, and
instruction providing only the normal view of thetdr's face (Massaro 2004).
The perception and production of words by the Japarnrainees improved after
training. However, this study did not indicate wiet the display of internal
articulators gave an advantage over displaying tmdyexternal face. In a more
recent study, sixteen native English speakers wmeieed on pairs of similar
speech segments in Arabic (/k/ and /g/) and in Mand(/i/ and /y/) (Massaro et
al. 2008). Participants were trained with auditspgech versus both auditory and
visual speech, and with a frontal view versus aidm view of the vocal tract. The
participants showed improvements after traininghwiite talking head, compared
to the control groups, but the differences were sighificant (Massaro et al.
2008). It is possible that the sample sizes weasestoall, and a larger study could
yield more significant results. A tentative findiogthis study was that the outside
of the face seemed to be more easily processedatBagittal viewing illustrating
the tongue, palate, and velum. This study did rwiclusively show that the
visualisation of internal articulatory movementssweffective in pronunciation

training, which supports the view that further @sh is needed.

Baldi has been used to teach vocabulary to deddrehi and also for language
learning with autistic children (Massaro 2012). Bpeech tutor for deaf children
uses Baldi's internal productions. By making thanskansparent or by showing a
sagittal view, Baldi can illustrate pronunciatiohsmunds that are not normally
visible. In a trial of the system for the preseiotatf the internal visemes to deaf
children, a significant improvement in learning wiasind in post-test speech
production compared to pre-test. The lack of arcbmgfroup raises the possibility
that some of this learning was independent of tamihg. However, follow-up
tests six weeks later showed that the subjectdumiions had deteriorated since
the post-test productions, without continued usehef Baldi tutoring system,
which suggests that the training system had bedactor in the post-test
improvement in speech production (Massaro et &4p0

The ARTUR (ARticulation TUtoR) project aimed to prde computer assisted

pronunciation training for hearing- or speech imgdi children and second
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language learners. ARTUR is a virtual speech twtuich uses three-dimensional
animations of the face and internal parts of theautmdao give feedback on the
difference between the user's deviation and comextunciation. The facial data,
such as jaw position and mouth opening, was exdaitom video images of the
face. Experiments showed that the augmented resiitg-view did not help

subjects perform better overall than with the fraetv only, but it was beneficial

for the perception of some articulatory featureshsas palatal plosives (Wik et
al. 2008) . The automatic mispronunciation detectiould make errors, so a
Wizard-of-Oz test was used in which a human setdettte appropriate feedback
and audiovisual instructions based on the usersprciation. The subjects’
change in articulation during the practice sesswa&s monitored with an

ultrasound probe. The ultrasound measurements stgghéhat an improvement
was made by following articulatory instructions givby the computer-animated
teacher (Engwall 2008).

Other applications in speech therapy include thekweb Kroger, who conducted a
pilot study using a visual articulatory model asisual stimulation technique in
therapy of articulation disorders and apraxia aegh. The visual recognition of
sounds and syllables over the course of therapyewakiated, and a significant
increase in recognition rate was found (Kréger let2805). Grauwinkel and
Fagel's talking head with three-dimensional anioratiof internal articulator
dynamics was investigated for use in speech thei@pghildren with interdental
lisps (Grauwinkel et al. 2007). The results showet most of the children were
able to visually identify correct and wrong prodans of the talking head. The
evaluations showed that the lesson improved thiastlproduction of two of the
three children. In a subsequent study by the sarttees, children’s productions
of words containing the sounds /s/ and /z/ weremtsd and evaluated before and
after two short learning lessons with an experimenising the virtual head to
explain the correct pronunciation of these soumissults showed that several
children significantly improved their speech protioe of the /s/ and /z/ sounds
(Fagel et al. 2008).

Badin et al. developed a French-speaking audiolvitalsing head that can

display all speech articulators. Three-dimensianablels of speech articulators
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were derived from volume MRI and multiple view videnages acquired on one
speaker (Badin et al. 2002). Linear component aimlyas used to model these
articulators as the weighted sum of a small nunolbdmasic shapes corresponding
to the articulators’ degrees of freedom for spe@@adin et al. 2006). Control
parameters for animation were derived from poimshe articulators of the same
speaker tracked by Electro-Magnetic ArticulograpBgadin et al. 2008). Badin et
al. found that tongue reading can take over tltBoaimformation when the latter
is not sufficient to supplement lip reading (Bae@inal. 2010). This finding has
important implications for developing speech tutgriapplications, as it lends
support to the notion that visualization of tonguevements can contribute to

speech perception.

2.5 Summary

The development of a complete facial animationesystombines visual speech
animation with expression modelling. The most comrtechniques for computer
facial animation involve geometric manipulation 8D facial models, using
interpolation or parameterization, to produce gregdly realistic computer-
generated heads. Visual speech synthesis usesaghme-driven or data-driven
approaches to produce graphically and acoustiaafistic speech. Viseme-
driven speech animation requires a smaller amoludéata to create key poses for
internal articulators. A disadvantage of data-dritechniques is that they require
a large corpus of captured data in order to prodeedistic results, and for
internal visualization, a corpus of internal artatary data is required, but the
benefit of a data-driven approach based on a medker's data is that it can
create a more accurate model of articulator movém@iven the necessary
visemes, key-frame interpolation is the simplest tastest technique to produce
animation. However, parameterization can more yasimbine expressions, so
may be more suitable for producing emotionally esgive speech. Expression
overlays convey signals such as the display of em&thead movements and eye
movements, to improve the naturalness of non-vesbaimunication. All three

need to be integrated for the production of beliéwaalking heads.
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There are several existing systems which use tlkmeads in teaching
pronunciation, for both second learning and speleehapy, but talking heads are
currently not commonly used in speech tutoring.sixg software for teaching
second languages generally uses video recordingsabhumans talking, which
can be useful but cannot show the internal movesnéumting articulation. This is
an advantage of talking heads, which can providkipheiviews of the mouth and
vocal tract. Previous research has suggested sieabfutalking heads can lead to
an improvement in speech production, but more rebeia needed to determine
which aspects of talking heads, for example thsualization of internal

articulators, are the most effective in training.
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3 Talking Heads in Speech Tutoring

This chapter addresses how this project appliddantalhead technology in

learning applications. Cole suggests that pedagbggents, represented by
talking heads or human voices, inspire social ageimc interactive media,

enabling users to interact with the program as th&gract with people (Cole et
al. 2007). Studies have shown that users learneck rand reported greater
satisfaction using programs that incorporated ®irtatumans or human voices
(Moreno et al. 2001; Baylor et al. 2005). This pd@s motivation for the use of
talking heads in tutoring systems.

Existing computer-based speech tutoring systemi ascBaldi (Massaro 2012)
are assistants used alongside a speech theragtis¢r than standalone tutors
performing the complete role of teaching. “It ispantant to point out that even
the best computer program could never replacehbmpist but only assist and
facilitate his or her work. Computer-aided spee@ining is a complement to

traditional methods and has a pedagogical valu¢htherapist who has a good
knowledge of articulatory and acoustic phoneticswadl as of the computer

technique” (Oster 1996). This research therefoneedito create a pronunciation

assistant rather than a complete tutor.

3.1 Teaching English as a second language for adults

The chosen study was teaching English as a se@ngudge for adults. The
talking head teaches a particular language featareuitable test case was
identified in consultation with teachers and usersletermine what would be
beneficial to the students. The University of Sieddfs English Language
Teaching Centre (ELTC) runs courses for non-nasipeakers to improve their
English; full-time courses to help students reach appropriate level of
proficiency in English for entry into universitynd summer schools for students
preparing to enter university. Tutors and studéms the ELTC were consulted
to research how technology could be of benefithie teaching of English as a
second language. Six members of staff and two stadeere interviewed for
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their opinions on the use of technology in secamyjlage learning. The findings
were that technology is not used a lot in teaclhgronunciation, as most tutors
demonstrate speech live. The possibilities fohnetogy are with the routine
work of repetition and drilling of vocabulary, whiccannot be done to a great
extent in class because it can become tediousadked & lot of time. The ELTC
currently use software, Sky (SKY), which showsedd of lip movements for
teaching pronunciation. The tutors consulted théoupat a 3D model with
tongue movements and cross-section visualizationldvibe useful; for example,
when demonstrating glottal stops, it is difficudt éxplain how the vocal tract is
used, but an image would make it easier. The tutorsently use charts of
dissected heads, and they thought that anything nizkes the demonstration
seem more alive would be a good asset. One of shailents concurred that it is

helpful in class when the pronunciation tutor destrates tongue positions.

The most common native languages of the studentth@rELTC courses are
Chinese and Saudi Arabian. The most common problerntke Chinese speakers
are /r/ - /I/; for the Arabic speakers, /p/-/b/josrd and unvoiced similar sounds. A
tutor suggested that a suitable test case wouldhse sentences, which can be
broken into sounds, so students can practise stoongs, weak forms and elision.
This is because the way a word sounds in isoladiffers from the way it is
pronounced in connected speech. For example tribvegsform of a word, where
it is stressed, is phonemically different from theak form of the word, where it
IS unstressed. Moreover, elision, the omission oungls often occurs
unintentionally in natural connected speech. Thmeefit is important to train
using sentences rather than just individual woidsprder to teach natural-

sounding speech.

Oster defines guidelines for clinical application$ computer-based speech
training for children with hearing impairment (OstE996). Oster states that a
visual speech training aid has a number of impomaguirements, which include
iImmediate visual feedback of the child’s voice amwticulation, and contrastive
training, i.e. the correct model of the therapistl dhe deviant production of the
child are shown simultaneously and compared witthesher. These guidelines

had implications for the design of this system; svaf providing immediate
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visual feedback were investigated, while contrastraining could be achieved by
adding functionality to play back a recording ofethluser’'s production for

comparison with a model speaker.

3.2 Design of Talking Head

In the design of the Talking Head, one issue tosimt was whether to have a
whole face or just mouth movement. This researghoegs what style of talking

head is sufficient. For example, the system of Messt al allows internal

articulatory movements to be viewed, and learniag wnproved, but this did not
prove the effectiveness of showing internal arataly movements for

pronunciation training (Massaro et al. 2008). Arglish language tutor from the
ELTC said that cross-section visualization of tomgusitions would definitely be

useful, because it is useful to have a practicatatestration of the way lip and

tongue positions affect speech. Therefore it wasded that internal visualization

would be included in the speech tutoring systermaf@r 4).

The level of natural gestures required was alssidened, for example, whether
users would respond better to a moving talking hwaal stationary talking head.
Conversational signals could make the face appess ftigid, to increase its
believability. However, the naturalness survey hlrafter 6 found that adding eye
and head movements did not improve the perceivedralaess; so these
movements were removed to make the animation isscting for the users, so
they could focus on the mouth movements. Psychcdbgtudies have found that
eye-gaze patterns are concentrated on the “conerésa of the face: the nose, the
mouth, and especially the eyes (Walker-Smith etl@lf7). If the eyes were
hidden, it could help a learner to focus on the,liput being able to see the whole
face can aid intelligibility, as other parts of tHace can emphasise the
movements. It could be useful to over-accentuagontant mouth movements by
using caricatures rather than realistic modelsthad differences between poses
are more identifiable (Frowd et al. 2007). Othsues considered were whether to
make the face a cartoon-like character or photdgcaprepresentation.
Caricaturizing some features, for example by makigmouth larger, could give
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the head a more cartoon-like appearance to matehetiel of realism of its

behaviour, which could make it more acceptablestrsi(Mori 1970).

The chosen embodiment for the first talking head tased on an average female
face from Facegen (Singular Inversions 2008) (HdaiR). The facial features of
this face are the average of all races, in antetifobbe inclusive of all the potential
users of this application, as suggested by theukage tutors surveyed. A hair
model from Facegen was added. A female embodimexst selected as some
studies have shown that female agents are mordy ltkepositively influence
learning (Baylor 2005). The talking head was narffeda” (Talking Ar ticulation
Assistant).

3.3 Graphical User Interface for Speech Tutoring Application

The talking head, Tara (Talking Articulation Asaist), developed as described in
Chapter 4, was integrated into a Graphical Usezriate for a speech tutoring
application, developed using the QT framework (@D9. The speech tutoring
application demonstrates how to pronounce soundghanetic, word and

sentence level, displaying the appropriate mouthvaments, and displays a
transverse cross-section though the head, sholwenghbvement of internal parts
such as the tongue during speech (Figure 3.1).rdeca controller was added to
allow the user to rotate the head, and buttons agded to show a close-up of the

talking head’s mouth in the front view.
The speech tutoring application consists of 10eseshown in Appendix B:

1: Introduction

N

: Listening Practice: Sounds

w

: Listening Practice: Words

IN

: Listening Practice: Phrases

o1

: Listening Test: Sounds

(o}

: Listening Test: Words

\‘

: Speaking Practice: Sounds
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8: Speaking Practice: Words
9: Speaking Practice: Phrases

10: End of Lesson

Click on a word and repeat what you
hear.
Press the Start Recording button to
record your voice.
Then play your recording.

| Start Recording |

| Play Recording |

Figure 3.1: Screenshot of Speech Tutoring Application used in Tutoring Study 1

Functionality was added to allow the user to redbsdr voice and play back the
recording. Simple speech recognition was implentenogng Microsoft 5.1 SAPI
and Microsoft English (U.S.) 6.1 Recogniser. To imaze the accuracy of the
speech recognition, a forced-alignment approach wessl, with a grammar to
constraint the recognized vocabulary to the wordkhimv the application, and
similar variants of these words to allow for vaoas in speakers’ accents e.g.
“bat, pat, but, ptit This allowed the speech recognition to detelsemwa speaker
had said /b/ or /p/, so the talking head could deedback when it detected the
correct sound, for example, sayinyVéll done!” in response to a correct
pronunciation. Figure 3.2 shows a diagram of thenmmnents of the speech

tutoring system.
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Figure 3.2: Diagram of Speech Tutoring Application used in Tutoring Study 1

Page 43




Visual speech in technology-enhanced learning

4 Development of Viseme-Driven Talking Head

This thesis considers two approaches for the dpwedmit of talking heads:
viseme-driven and data-driven speech animation.edesdriven techniques
require a smaller amount of data to create key pdee articulators. A
disadvantage of data-driven techniques is that tleeyiire a large corpus of
captured data in order to produce realistic resaltigl for internal visualization, a
corpus of internal articulatory data is requiredf the benefit of a data-driven
approach based on a real speaker’s data is tbat itreate a more accurate model

of articulator movement.

This chapter describes the two viseme-driven hessigted. The first (THVN) is a
generic, non-photorealistic head, while the seceisdme-driven head (THVP)
was given a more photorealistic appearance usiotpghaphs of a real speaker,
and the modelling of the internal articulators wwaproved by the use of MRI
data from the same speaker. The following chap@#rapter 4) describes the
acquisition of the corpus of MRI, EMA and video aatn collaboration with
GIPSA-Lab, Grenoble, and the creation of a dataedrhead (THD).

4.1 Implementation of Viseme-Driven Talking Head (THVN)

A viseme-driven, non-photorealistic talking headH{IN) was implemented in
C++ on the Windows XP platform, using a Text-To-&ge synthesizer to
generate audio to drive the animation (Figure 4FBce models were created
using Facegen modelling software (Singular Inversi@008), which provided
face meshes for 15 distinct visemes (Figure 4r2pddition to the neutral face

and facial expressions.
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synthesize audio Audio output audio
phonetic synchronize
TTS labels 4
and output
text timinas ) e
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- 1 Viseme = Animation ] View -
Generate
Utterance _ user input
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- Analyze pronunication
User Input - detection Speech - user speech
Recognition

Figure 4.1: Diagram of Speech Tutoring Application

Figure 4.2: Facegen models for visemes (with names used by Facegen)

4.2 Internal articulator models

The tongue meshes provided by Facegen were desigredk plausible in the
frontal external view, but these tongue shapes weterealistic when viewed
mid-sagittally, so would be of limited validity ia tutoring application for
demonstrating correct tongue positions during dpedisemes for the tongue
positions were initially adapted from Oscar Martineazalde’s tongue models
(Figure 4.3). However, the internal mouth visudliama using Lazalde’s teeth and

tongue models (Lazalde et al. 2008) required furtle¥elopment to display more

accurate articulatory movements.

Tutoring
Application
GUI
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Figure 4.3: Tongue Visemes and Teeth Model (Lazalde et al. 2008)

The Visible Human Project (EPFL 2009) female pregich dataset for tongue
anatomy, but more data was needed for modellinguerdynamics. Badin et al.
(Badin et al. 2008) have used MRI, Electro-Magnétiticulography and video

data to produce articulatory models, and Cohenl.etCahen et al. 1998) and
Engwall (Engwall 2003) have used MRI and electrafmgraphy data in tongue
modelling. The Artimate framework uses EMA data &sticulatory animation

synthesis, to provide animation of the tongue aetht for a virtual character
(Steiner et al. 2012). Existing vocal tract vismafion tools include ArtiSynth

(Fels et al. 2007) and Vocal Tract Lab (Birkholz &t 2007). A corpus of

articulatory data, MOCHA-TIMIT, has EMA, EPG andryagograph data of

teeth, tongue and velum (Wrench 1999). The “mnged¥pus consists of MRI

data of a single British English male speaker (&tieet al. 2012).

In order to achieve the most accurate articulagorynation, the speaker used as
the source of data for the geometry of the arttomjaorgans should match the
speaker used as the source of the motion captuee d@his approach would
capture the correct geometric degrees of freedonmfidelling articulation, and
also respect speaker-specific articulatory stratedklisei et al. 2001). For this
project, a corpus of articulatory data of a BritiShglish female speaker was
required, and since none of the existing corporeevgeitable, a new corpus was
created in collaboration with GIPSA-Lab, as destiin Chapter 5.
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4.2.1 MRI Tongue Contours

The mid-sagittal contours (Figure 4.5) from MRI aldFigure 4.4) captured at
GIPSA-Lab as described in Chapter 5 were usedntodel the tongue visemes of
the viseme-driven talking head. For each vowel, cbeesponding articulation
was chosen, while for each consonant, the /e/ ggnfer example ép€, was
chosen because it was the vowel with the most @letdngue position (Figure
A.1). The vertices of each contour were importdd BDS Max, and aligned with
the head meshes (Figure 4.6). The tongue meshremasdelled, and deformed
manually for each viseme, until its outline waslse a match as possible to the
corresponding MRI contour in the mid-sagittal plafégures 4.7- 4.8). It now
became clear that the visemes had to be reclakdifieexample the tongue shape
for /m/ was not the same as that for /b/-/p/; tferee a separate viseme was
created using the tongue contour for /m/. There neas a total set of 20 visemes
(Table 4.1).

Figure 4.4: Mid-sagittal MRI scan for articulation of vowel /e/
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Figure 4.6: Alignment of head meshes with mid-sagittal MRI contours for vowel /e/
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Figure 4.7: Comparing original tongue mesh with mid-sagittal MRI contour

Figure 4.8: Modelling tongue mesh based on mid-sagittal MRI contour
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Index| Sound | IPA
1 neutral| silent
(jaw
closed)
2 a(in
calm)
3 b, p
4 ch, j,
sh
5 d, t
6 ee (in
beep)
7 e (in
less)
8 f,v
9 i(in
sit)
10 K, g

Internal Index | Sound| IPA | Internal
Viseme Viseme
11 n

12 O (In rECv ORI~
fond)

13 | oo (in
fool)

14 r

15 th

16 I

17 m

18 S

19 ng

20 w

Table 4.1: Reclassified Visemes
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4.3 Text-To-Speech Synthesis

A text-to-speech (TTS) synthesis system was reduioegenerate the auditory
speech and phonetic labels to drive the animafidnis was chosen from the

existing systems available, which are describetierfollowing sections.

4.3.1 Festival Speech Synthesis System

Festival provides a general framework for buildsmeech synthesis systems. It
offers full text to speech. The system is writterC++ and uses the Edinburgh
Speech Tools Library for low level architecture ahds a Scheme-based
command interpreter for control (CSTR 2008). MBRORvides voices which
can be used with Festival (MBROLA). Festival hasrbesed in existing talking
heads (Edge 2004), (Lazalde 2010).

4.3.2 Microsoft Speech Application Programming Interface

The Microsoft Speech API provides a TTS engineViindows applications. The
Microsoft voices available, such as “Microsoft Margounded too robotic, but
the Microsoft Speech SDK 5.1 could be linked witlBBROLA (MBROLA) for

more natural-sounding voices.

4.3.3 HTS Hidden Markov Model-based Speech Synthesis

Model-based systems are an alternative to condatersystems such as that used
by Festival. An example of a HMM-based Speech S3githSystem is HTS (HTS
2011). HTS can be more consistent but less nasaa@hding than concatenative
synthesis. An HTS sample, compared with a concttengestival voice sample,
was more intelligible, but sounded monotonic. HESasier to manipulate than
concatenation; for example, with concatenation, tker does not have much
control over prosody and pauses. With concatenalienuser can only produce
what is pre-recorded in the database, whereas eoryhHTS can generate
anything, because it uses statistical models rathen a large database. A
drawback of HTS is that it is less real-time thamaatenation, so it is less
suitable for conversation; for example, it coulket@-3 seconds to convert text to

speech, which would be a noticeable pause in airealinteractive application.
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4.3.4 Loquendo TTS

Loquendo TTS is a commercially-available concaigrapeech synthesis engine
(Loquendo 2008). Loguendo TTS 7 was chosen for TexBpeech conversion,
because compared to the non-commercial systemklleaat the time, such as
Festival, Loquendo provided more natural-soundinges, although it still has

some artefacts.

Most sentences were automatically generated by émdm with the correct
pronunciation of segmentals, prosody, intonatiod @mphasis. There were some
difficulties with the synthesis of some words; fexample, the isolated word
"agée' could sound like aitch’, and “dug’ could sound like duck. The word
stress sounded unusual in some contexts, bugtet' in the sentenceShe said
the butter's bittér. However, these issues could usually be overcbynesing
annotation to control how to pronounce these sauAdsajor benefit was the
option to use XSAMPA notation to specify exactlyigthphonetic units would be
pronounced. This feature was important when useth&ypronunciation-tutoring

application to produce instructions on how to pramee individual sounds.

There were three British voices available, two fEm@nd one male. The voice
chosen was “Kate”, a British female with an Engl®éceived Pronunciation (RP)
accent, which was selected as the most suitablthéoapplication. The C API of
Loquendo TTS was used to integrate the TTS intoath@ication. The callback
mechanism of Loquendo TTS provided a means of dtitiguphoneme labels and
durations which could be used directly by the agtion to produce speech-

synchronised animation for the talking head.

4.4 Text to Visual Speech

The application takes input as a text file contagnihe words to be spoken. This
text can be annotated with Loquendo markup tagsotudrol voice parameters

such as speed, prosody and pitch. Loquendo TTSr@fesespeech, saves it to a
.wav file, and outputs phonetic labels and duratidihe outputted phonetic labels
are in the XSAMPA format, a machine-readable fornfat phonetic

transcriptions. Each phonetic label is mapped td-awegen mesh for the

Page 52



Visual speech in technology-enhanced learning

corresponding viseme. When the animation is rus ajppropriate viseme mesh is
displayed for a particular frame and interpolatisnused to create in-between
frames. The quality of this interpolation procesfluences the quality of the

resulting animation. A diagram of this processhisvgn in Figure 4.9.

Text |heﬂn

Time | 0:00:200 | 0:00:300 | 0:00:400 | 0:00:500 | 0:00:600

Audio

)
L

Phoneme

Viseme
-

Animation
sequence

Figure 4.9: Viseme-driven speech synchronised animation

4.5 Interpolation

Initially, linear interpolation was used to blendet meshes for a smoother
transition between visemes. Linear interpolatiothessimplest and fastest method
of calculation, but sharp changes of gradient ahdeeyframe can be visually
disturbing. An alternative method which was impleteel is Catmull-Rom spline
interpolation, which overcomes the gradient chamgeblem and fits the
keyframes more smoothly. A Catmull-Rom spline isudic curve which passes

through all control points (Catmull et al. 1974).

For a keyframe with value at time t, where the following keyframe has a value
Vi:1 at time 3 (Figure 4.10)s is an interpolation factor in [0, 1) computed from

the keyframe times (Equation 4.1):

S=(t-0/(t1-t)
[Equation 4.1]
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Vv
‘ Vi+1
W\.
G i1

Figure 4.10: Spline Interpolation, adapted from (Dunlop 2009)

Tangents are defined at the end points of the cuawve segment; at the start

point, andT ;1 at the end point. The interpolation of the curaa be expressed as

follows:
|s°| |22 11| lvi |
|s? | |-3 3-2-1 | | Vier |
= H= C=
|s | | 0010 | | T% |
|1 | | 1000 | |T1i+1|

The valuevs of the curve at positioscan be calculated using the formula given in
Equation 4.2:
Vs=S'HC
[Equation 4.2]
A standard Catmull-Rom spline assumes that ther&mg values are evenly
spaced in time, and calculates the tang&fitand T as centred finite differences
of the adjacent keyframes (Equation 4.3):
Ti — (Vi+1 'Vi-1)
2
[Equation 4.3]
In order to allow for non-uniform spacing of keyfras, additional scaling values
are applied to compensate for irregular keyframmeingy, and the resultant

tangents are given by Equations 4.4 and 4.5, wtherescaling factors are given

by Equations 4.6 and 4.7 respectively:
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Toi =F -i Ti
[Equation 4.4]
TH=F%T,
[Equation 4.5]
where:
=2 (tisa - 1)
(tis - tig)
[Equation 4.6]
F* =2 (ti -ti4)

[Equation 4.7]
Fo=F'9=Fn1=F"\1=0
[Equation 4.8]
The tangents of the segments at the extreme erntte apline are undefined, and

are given a value of 0 (Equation 4.8) (Nokia Cogton 2005), (Watt et al.
1992).

4.6 Principal Component Analysis

In order to reduce the computation time for theretion, Principal Component
Analysis (PCA) was carried out. PCA reduces theedisionality of the data by
transforming it into uncorrelated variables, callgihcipal components, which

capture the maximal variation in the data.

Any element,v, in the original dataset can be represented uBigation 4.9,
where is the mean vector;ie theiwn principal component, and theare weights

uniquely definingv.

Equation 4.9
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The e principal components can be calculated by findimg @igenvectors of the
covariance matrix for the observed dataset, with ¢brresponding eigenvalues
representing the varianc®, accounted for by each component. Components with
low eigenvalues represent only small variationthm dataset, and may be culled
with little loss of accuracy in the model (Edge 20

Code by Lazalde (Lazalde et al. 2008) was usedatoulate the PCA and
reconstruction functions. The PCA code was run iatldb, separately for the
internal vertices and external vertices, to créaiacipal Components (PCs) for
the final set of 20 visemes. The number of PCs seisto 7 for the internal
meshes and 7 for the external meshes, giving & abtd4 PCs, which showed
little noticeable loss of accuracy compared to gishe maximum 20 PCs. The PC
data was loaded into the talking head applicatidmere the dominance functions
were applied to the PCs. These PCs were then s&ooted into meshes during
the generation of frames for animation. Using P@duced the computation time,
because the dominance functions were being appiehly a small number of
PCs instead of to every vertex of a mesh of 221&8ices (Figure 4.11). The
application of PCA involved a trade-off between mmising the number of PCs to
reduce computation time and minimising loss of datiaich could cause loss of
subtle but salient details in the lip visemes. $agaPCA was run for the external
and internal parts, which maintained separatiothefPrincipal Components, and
the mesh could be segmented further to apply I&@A to different facial
regions, which would simplify each feature space, dive better PCA

approximations.
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Figure 4.11: Mesh for Talking Head (THVN)

4.7 Coarticulation

The Cohen and Massaro model for coarticulation waglemented, using a
dominance function to represent the influence diwee that a viseme has on a
speech utterance (Cohen et al. 1993). Typicallyitifleence is greatest at the
centre of the viseme and degrades with distance ffee viseme centre (Figure
4.12). The shape of each dominance function isewdifft according to which
viseme it represents, and what aspect of the fadeeing controlled (e.g. lip
width, jaw rotation.) Each speech segment hasdom@nance function for each
articulator. Articulatory dominance functions caiffed in time offset, duration,
and magnitude; different time offsets can captufferénces in voicing, while the
magnitude can represent the relative importance dfaracteristic for a segment
(Massaro 1998).
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Figure 4.12: Cohen-Massaro Dominance Functions for the word “stew”, and
corresponding lip protusion parameter values, reproduced with permission (Massaro
1998)

4.7.1 Tuning visual speech model parameters by observation of video

The coefficients of the dominance functions wesels/ observation, comparing
the synthesized visual speech in the external dtomew against video recordings
of a real person saying the same words, until yimhesized speech looked like
the recorded speech. The word lists used for tumalgded each sound in initial
and final positions, e.g. for the sound /b/, therdgohad bed bud bib bob ebb
were used. The dominance functions of each segmerd blended together to
generate a speech trajectory.

For example, in the wordstew, the /s/ and /t/ segments have low dominance
compared to /u/ (Figure 4.12), and the low anti@parate of /u/ causes its
domination to extend far forward in time. The régal that the lip protrusion
extends forward in time from the vowel (Figure 4.IBhe animation frames were
compared against the video frames (Figure 4.13),tha coefficients were tuned

to give the closest match that could be found bgeolation. Since manually
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tuning was a time-consuming process, the numbevartls that could be used
was limited, and not all contexts could be includ€de words chosen for tuning

included each consonant viseme in initial and fpwitions (Table 4.2).

Viseme| Words

—~+

bmp | bad bed bib bob men pu

=)

kg cat could kick great agai

dst dad did said tip tongue it

fv face fall if off of van have
nh nan and on had how hello
ri rat red rare are lips loll all

=)

chjsh | show she jam judge chi

th thin teeth mouth the then

Table 4.2: Example words used in tuning visual speech

Figure 4.13: Animation and Video frames for “stew”
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4.8 Synchronisation between audio and video

Synchronisation between audio and video was actidwe using the audio
playback loop to determine which frame to displayeach time step. The
playback offset time is updated by the audio deewery 25 milliseconds, so the
maximum possible frame rate for playback is 40 FRSupersampling technique
was employed to smooth the animation. Frames werergted at double the
frame rate (80 FPS), averaged in pairs, and theaged frames were played at 40
FPS.

The frame rate of 40 FPS did not always give smaoimation, so a smoothing
filter was applied to the animation. The methoddut® smoothing the serieg
was to calculate a weighted moving average by éinstosing a set of weighting

factors (Equation 4.10):

k
W1, Wy, ..., W] such that  w, =1

n=1
Equation 4.10

These weights are used to calculate the smoothéststss; (Equation 4.11):

K

§ = WX n WX TWo X g HoF WX oy
n=1

Equation 4.11

Two filters were tried: a three-value filter withet weights [1, 2, 1], and a five-
value filter with the weights [1, 3, 4, 3, 1]. Thee-value filter was found to give
smoother animation than the three-value filter, @nd not cause perceptible

blurring between speech segments.

A graph display window was implemented to displaytex values of animation
frames over time. This was used to view the smasdhof the trajectories. Figure
4.14 shows an example for one vertex, at the cafttbe bottom lip edge. The
graph plots the vertex coordinates against timen(ifiseconds), creating three
trajectories: Z at the top, X below, and Y at tlo¢tdim.
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oo EO0 mz

Figure 4.14: Trajectory for sentence “Hello, how are you?”

4.9 Expression modelling

Facial expressions, such as blinking, eye movenamdssmiling, were modelled
using Facegen morph targets (Figure 4.12). Headements, eye movements,
and blinking were displayed when the head was i) sequences based on

Pelachaud’s timings (Pelachaud 1991).

Figure 4.12: Facegen meshes for facial expressions

4.9.1 Photo-based viseme-driven talking head (THVP)

A second viseme-driven head (THVP) was created wittmore photo-realistic

external appearance than the previous viseme-dhead (THVN). Facegen was
used with three photographs from the video corpaken from three angles
(Figure 4.13), with feature points including the utto corners, nose tip and chin
marked on each photograph, to create a head bas#ute qohotographs (Figure
4.14). Internal visemes (Figure 4.15) were creaedlescribed in Section 4.2.1.
Audio recordings of the speaker, taken from theewiccorpus, replaced the

synthetic speech.
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Figure 4.13: Photos used to create photo-based viseme-driven head

Figure 4.14: Photo-based viseme-driven head (THVP)

”
oW

Figure 4.15: Internal view of photo-based viseme-driven head (THVP)
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5 Development of Data-Driven Talking Head

At the "Département Parole et Cognition", GIPSA-L&benoble, a collaborative
project was undertaken to acquire corpuses of spasing various articulatory
measurement methods, and to build a set of artaylanodels for a British
English talking head. The process involved capturimagnetic-resonance
imaging (MRI) scans to create static models ofrimaearticulators during speech,
electromagnetic articulography (EMA) recording tpture dynamic motion of
the articulators, and 3D video of the face, tracgednultiple cameras, to create a
model of the speaker’s head and a corpus of audi@al speech of English

speech.

5.1 Data collection

The first data capture session involved three hoti2D MRI recording, to create
mid-sagittal scans (Figure 5.1) of the speakeftiewdation of a set of vowel and
consonant contexts, to be used to create a tongdelrm the mid-sagittal plane.
Next, in a six-hour session of video capture on tameras, three hours of video
data were recorded, consisting of three views efdpeaker’'s head with facial
markers for motion tracking. The video corpus ideld vowel and consonant
sequences, English words and sentences, and &afaetab expressions and neck
movements. Four hours were spent recording EMA, deith magnetic coils for
motion tracking attached to the speaker’s tongeethtand nose, with the same
corpus content as for video. Finally a 3D MRI capuas recorded in a two-hour
session, creating a set of slices through the wbbtee head, for a set of vowel

and consonant articulations.

5.1.1 2D MRI

2D MRI data was captured on a 3 Tesla MRI scanteehe used to create a
tongue model in the mid-sagittal plane. A corpuss wadgsigned to cover the
maximal range of English articulations that thead®e could utter. The corpus
consisted of vowels and vowel-consonant-vowel coiions (VCVs). The
sounds needed to be sustained for eight seconifRofcapture, so long vowel
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sounds were chosen for the VCVs because they were sustainable than short
vowels. Since the MRI images would not show diffees in voicing, only

unvoiced consonants were recorded.

12 vowels were chosen, to cover most of the longelsounds in the English
language. These were combined with the 12 unvaioadonants of the English

language, to create 72 articulations.
Vowels: inbeep; incalm incork; infool; inburn; insit; in

less; inapple; infond; income; infull; in above

VCVs (6 vowels * 12 consonants = 72 articulations)

*

E.g.

Reference scans were also taken with the incisocemtact, and a dental cast of
the speaker’s teeth was also scanned in the mittadggane, to be used to help

model the teeth.

Figure 5.1: MRI scan for articulation of vowel /e/
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5.1.2 Video Capture on Three Cameras

The video capture session used three cameras valerthree different views of

the speaker. The subject's face was marked witb 4p8 coloured beads glued to
the mouth, jaw, nose, cheek, neck and eyebrow .aF@as a small subset of the
video corpus was recorded with a small number ofafamarkers (Figure 5.2).

Then a larger corpus was recorded with the fullsdeharkers (Figure 5.3). The
corpus with the full set of markers would look lesgural, but was mandatory to
recover a full 3D surface, and would lead to moceusate visual speech

synthesis.
The corpus for video consisted of the following:

MOCHA TIMIT corpus sentences (Wrench 1999)
VCVs: as for MRI, plus voiced consonants (6 x 2550)

" # $ % & ( ) *
Phrases specifically needed for the tutoring apfibe (Appendix C)
Modified Rhyme Test words (Meyer Sound 2010) (Apgig D)

The dynamic corpus with the small set of 40 markeskided the following:

Small set of vowels: in calm, inbeep, (u)in fool, in sit, ein less,
in fond, in above

Small set of VCVs, for the most extreme vowel afations: | +

Phrases specifically needed for tutoring applica{dB8 phrases)
MOCHA-TIMIT subset (Appendix C)
Modified Rhyme Test words (50 tuples) (Appendix D)

The dynamic corpus with the full set of 168 markecduded the following:

48 phrases for tutoring application (Appendix C)
MOCHA-TIMIT corpus (460 sentences)
Modified Rhyme Test words (50 tuples) (Appendix D)
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A full set of 72 VCVs

A set of facial expressions: neutral, closed snafgen smile, blink, look up,

look down, look left, look right

A set of neck movements: turn left/right, up/dowtilt left/right,

forward/backward, shift left/right, lift/release

Figure 5.2: Video capture with small set of 40 facial markers

Figure 5.3: Video capture with full set of 168 facial markers

5.1.3 EMA corpus

For EMA recording, 6 coils were attached to theakpes articulators (Figure
5.4):

1. Reference point on bridge of nose, at the paimth does not move during

speech
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2. Upper incisor

3. Lower incisor

4. 0.5 cm from tip of tongue

5. Tongue blade (middle of tongue)
6. Tongue dorsum (back of tongue)

The corpus for EMA was the same as for the videpux While the EMA was
recorded, video was also recorded with a smallofemarkers on the facial

articulators.

Figure 5.4: EMA recording
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5.1.4 3D MRI corpus

For 3D MRI capture, first it was necessary to fimdchine settings that would
give images of sufficient quality within a reasoleatecording time. Neutral-pose
3D MRI images taken at various settings were viewsthg ImageJ imaging
software, to find the setting which produced thstlapiality images. Eventually a
3D MRI corpus was recorded with articulations sustd for 13.6 seconds. The
corpus was a subset of the 2D MRI corpus, with V@dsthe most extreme

vowel articulations.

Vowels: i (i) in beep, (a)in calm, in cork, uinfool, inburn, insit, e
in less, @ in apple,in fond, income, infull, (q)in above

VCVs: [ iu]*[ptkf s lrmnng]

5.2 Internal Articulatory Modelling

The captured data was processed in order to buildeta at GIPSA-Lab. The
contours of the rigid bony structures involved e wocal tract (jaw, hard palate,
nasal passages, nostrils and sinuses) and thenuddla structures (tongue,
velum, nasopharyngeal wall) were manually registere the 2D mid-sagittal
MRI images, using a program in Matlab to trace ¢batours as planar B-spline
curves controlled by a limited number of pointsg{ifes 5.5 - 5.6). This MRI
data, combined with the EMA data, was used by GHR&A to make a first data-
driven tongue model in the mid-sagittal plane, gsaninear modelling approach,
involving guided PCA, whera priori knowledge was introduced during the
linear decomposition (Badin et al. 2006). A firstérsion model was created to
map the EMA data to articulatory parameters, anehtbo 2D contours. A
limitation of this model was that the back of tlendue was not realistically
modelled, due to the EMA coil being too far forwafeurther work would be
needed to process the 3D MRI data, in order to naakdl 3D tongue model, and
visualize this in a 3D talking head (Badin et &08).
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Config: [ae]

50 100 150 200
Left: switch to edition mode - Right: next image

Figure 5.5: MRI contour tracing

Figure 5.6: MRI contours

5.3 External Articulatory Modelling

The audio and video recordings were annotated @mtily the vowel and
consonant articulations, and the facial marker de#s processed in order to
extract motion sequences. These were used by GLRBAe create a data-driven
model of the external articulators (Badin et al02p0 (Figure 5.8). The 3D
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movements of facial points were acquired using icauttera photogrammetry
(Elisei et al. 2001) (Figure 5.7). A shape modebkvimilt using guided PCA
where a priori knowledge was introduced during lthear decomposition. This
allowed the extraction of six components relatedgeech movements: The first
controlled the opening/closing movement of the jathree parameters related to
the lips: one controlled a protrusion/spreading emognt of both; another
controlled the upper lip raising/lowering movemesmpther controlled the lower
lip lowering/raising; the second jaw parameter \@asociated with a horizontal
forward/backward movement of the jaw; and the spdnameter was related to

the vertical movements of the larynx (Bailly et2009).

The shape model of the facial movements was thed ts guide a multi-view
tracker of the beads using correlation-based teci@si. The initial shape model
helped to constrain the search space within regibnisterest for each vertex of
the facial mesh. Automatic tracking of the beadsswesombined with
semiautomatic correction (Bailly et al. 2006). \fises were selected from the
video corpus, and the most salient frames weragalycmarked by hand, adding
any untracked beads, for example, beads at thes sifithe head which could
disappear from some of the views. The 3D data wgsplemented by lip
geometry that was acquired by semi-automaticattingg a parametric lip model

to the speaker-specific anatomy and articulaticalfyBet al. 2009).

To achieve a photorealistic appearance, an appsararodel was used for
computing the colour of each pixel of the face. eSd images of all

configurations used for estimating the shape madsie warped to a neutral
shape, to give shape-free images (Bérar et al.)2008ar regression was used to
relate the RGB colours of each pixel of the shape-fimages to shape
parameters. The texture model computes texture ,nvelpish are extracted and
blended according to articulatory parameters, €oRIEGB values of each pixel
vary with the values of the articulatory parametefdie texture maps are
computed in three steps. First, the shape modelksésl to track articulations
marked by a small subset of beads (Section 5.102)pne target image per
allophone. Next, shape-free images are extractegamping the selected images

to a neutral shape. The third step is the linegression of the RGB values of all
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visible pixels of the shape-free images, by theu@slof articulatory parameters
obtained in the first step. The speaker-specifepshand appearance models are
thus driven by the same articulatory parameterdlyBzat al. 2009). The resulting
talking head is a data-driven facial clone of tipeaker (Figure 5.9). In the
resulting animation frames, some black areas wisibl® on the lower teeth when
the mouth was open, so this could affect the n@atiEsome animations. This was
due to these areas appearing and disappearingheithpening and closing of the
mouth. To improve the appearance of the inner mquikcise prediction of the
jaw position and tongue position would be requiredrder to capture changes of
appearance due to speech articulation (Bailly.€2G09).

Figure 5.7: Facial geometric mesh
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Figure 5.8: Articulatory Model
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(el EIPER=lel

Figure 5.9: Data-driven talking head
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6 Evaluation of Quality of Visual Speech

The three talking heads described in Chapters 45aneleded to be evaluated to
assess the quality of the visual speech, to ertbat it was suitable for the task
of pronunciation training. This chapter describesvhthe visual speech was
evaluated using subjective user tests for intdliigy and naturalness (Dey et al.
2010a).

6.1 Evaluation Approaches

There are currently no standardised evaluation guhoies for visual speech.
Approaches can be objective, using algorithmic &tror subjective, using

human participants. A curve of the motion of a pan an animated face can be
objectively compared against a curve obtained frootion capture of a real
speaker, using a dynamic time warping algorithm feasuring similarity

(Salvador et al. 2004).

One subjective method is a Turing test, where viewage asked whether an
animation is real or synthetic, but this test cafy be applied to video-realistic
talking heads (Theobald et al. 2008). A possibletsm is to place markers on
both the real face and the synthetic face, and shewiewers the markers only,
so that they will compare the motion and not thedezing. Perceptual tests were
developed by Cosker (Cosker et al. 2005), who plareémations dubbed with an
audio word different from that of the video, andkex$ participants which word
they heard. This tested whether the lip-synchraoioisavas effective enough to
confuse the response, due to the “McGurk Effectt@udrk et al. 1976). This
approach can be used for non video-realistic tglkieads, but it only uses single
words so it cannot test coarticulation effectdh@ligh it could be extended to use
sentences. Ouni et al. (Ouni et al. 2007) evaludtedntelligibility of the Baldi
talking head by using a visual contribution me{@amby et al. 1954) to measure
the benefit to intelligibility provided by the symdtic animated face relative to the
benefit provided by a natural face. This methodngjtiad that Baldi was 93% as

accurate as a real face. Ouni et al also foundftinat natural face, the lips alone
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were almost as effective as the full face in ctwiiing to intelligibility, but for

the synthetic face the lips alone were much lefestfe for intelligibility.

6.2 Intelligibility Test 1 (THVN): Modified Rhyme Test

The intelligibility of the viseme-driven non-phogalistic talking head (THVN)
was evaluated subjectively using a Modified RhymestT(MRT), an ANSI
standard test for statistical intelligibility tasg (Meyer Sound 2010). The MRT
approach was previously used by Fagel to evalleeéntelligibility of a talking
head (Fagel 2008). Fagel found the word recognitade to be 27% for audio
alone, and 50% for audiovisual speech. The MRTd U@ six-word lists of
monosyllabic English words, and the words in easthdiffered only in the initial

or final consonant sound, e.ghbp, mop, cop, top, hop, pdp\ppendix D).

32 participants with normal hearing and vision wésted individually in an
acoustically-isolated booth, with visual imagesserged on a 15 inch computer
screen and acoustic stimuli presented binaurallr teeadphones. In each trial,
participants were shown a six-word list and askeddéentify which word was
spoken. Responses were scored as the number o wiedtified correctly. 20

words were presented for each of 3 conditions:

degraded synthetic audio speech alone
an external view of the talking head (THVN) withgdaded synthetic audio
speech

video of a real person with degraded audio

Different words were used for the 3 different cdimdis, in order to minimize
learning effects (Appendix D). In order to minimigequence effects, the order of
presentation was randomized. The audio was degraglediding speech-shaped
noise to the acoustic signal. First, the long-teanerage speech spectrum
(LTASS) of the speech waveform was computed, aomh fthis a finite impulse
response (FIR) filter was constructed. Gaussiartevhoise was generated and
convolved with the filter. The resulting speechythnoise was then added to the
original speech (Assmann 2010). Speech shaped-hasa similar effect to the

masking produced by multiple speakers speakinfpeatsame time, and is more
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suitable than white noise for speech perceptiots tess it simulates real life

situations.

The noise levels were chosen within a range in Wwhie words were barely
recognizable, after preliminary tests on one listenbelow -20 dB word
recognition for audio alone fell to chance level6%), while above -16 dB word
recognition for natural video became close to oglinfror 16 participants, the
SNR was set to -18 dB. For the remaining 16 padicis, all words for all three
conditions were presented at an SNR of -20 dB,taed repeated at -16 dB.

6.2.1 Results of Intelligibility Experiment 1

Visualization improved the intelligibility of thepgech at all three SNRs (Table
6.1 and Figure 6.1). The word recognition rate \wagher for the audiovisual
heads than for audio alone, and higher for therabhead than the synthetic head.
ANOVA over all conditions shows that the gain inteitigibility due to
visualization is highly significant (p = 0.01) aaah SNR. In post-hoc t-tests, at
SNR -16 dB, the natural head was significantly miotelligible than audio alone
(p = 0.1). Post-hoc T-tests (p = 0.1) found noeotkignificant differences
between any other conditions at any SNR.

In Table 6.1, Table 6.2 and Figure 6.1 there aedwups of participants, with a
different group for SNR -18 dB, which explains tleghtly lower intelligibility
for the synthetic head at SNR -18 dB, compared\B 0 dB.

At the lowest SNR the recognition rate for natwidleo was only slightly higher

than the synthetic head. At SNR -20 dB the improseinin word recognition due
to the visualization in the audiovisual synthetieatl, calculated using a
normalized measure (Sumby et al. 1954), was 39v@#8ite the improvement due
to the natural head was 39.9% (Table 6.2). TheaVisontribution of the synthetic
face relative to the natural face was not invarafound by (Ouni et al. 2007),
but was higher for the lower SNR of -20 dB, compai®-16 dB. The benefit of
visual speech relative to audio alone was higherttie lower SNR (-20 dB,

compared to -16 dB), a finding consistent with thiaBenoit (Benoit et al. 1998),
who found that the poorer the auditory scores theatgr the benefit of lip-
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reading. At a lower SNR the audio alone is lesslligible so listeners rely more

on lip movements to decide which word was said.

Mean % words correctly identified
audio alone Synthetic THVN natural SNR (dB)
30.3 57.8 58.1 -20
47.8 55.6 63.4 -18
56.9 67.2 86.6 -16

Table 6.1: Intelligibility Test 1: Mean % words correctly identified

Visual contribution to intelligibility (%)
Synthetic THVN natural SNR (dB)
39.5 39.9 -20
15.0 29.9 -18
23.9 68.8 -16

Table 6.2: Intelligibility Test 1: Visual contribution to intelligibility

Figure 6.1: Intelligibility scores. The error bars denote the standard deviation.
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The confusion matrix for the synthetic head THVNg(Fe 6.2) compares the
visemes presented against the visemes they weceiped as by the participants.
The number of identifications was summed over alttipipants, for all words
spoken by the synthetic talking head, at all SNR&ch sum was divided by the
number of occurrences of the animated viseme, e @ percentage of
identifications of that viseme. The area of eacbleirepresents the percentage of
identifications of that viseme. For example, visetn€@r/-/l/), was mistaken for
viseme 5 (/h/-In/-Ing/), as often as it was ideadifcorrectly. The two visemes
look similar from the outside, and the tongue mimigl may have been
insufficiently accurate to allow discrimination feten visemes 5 and 6. Also, in a
real speaker there is articulatory movement atbéhse of the tongue which is
visible below the jaw when pronouncing /n/, whiclasvnot modelled in the
synthetic head. On the whole, the matrix shows tthatorrect classifications (on
the diagonal) scored the highest, so overall teenaes were identifiable.

For the natural head, the confusion matrix showas tire visemes /h/-/n/-/ng/ and
/g/-Ikl were less well identified than other viseam@igure 6.3). This may be
because the tongue movements that distinguish ¥isemes from others were
less visible from the external view. This indica@dimitation of the viseme
classification: “there are some phones that doraqtire the use of the visual
articulators, and so phonemes such as /k/ or /bichware velar consonants
articulated at the back of the soft palate, arekalyl to have an associated
viseme” (Hilder et al. 2010).
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Figure 6.2: Confusion Matrix for Synthetic Talking Head

Figure 6.3: Confusion Matrix for Natural Head

Figure 6.4 shows the confusion matrix of the syttheead minus that of the
natural head. This highlights the differences betwihe two heads and shows the
weaknesses of the synthesised model. For exanmptmes 5 (/h/-/n/-Ing/) and 6
(/rl-N/) had high confusions compared with theunat head, and could be more

accurately modelled.
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Figure 6.4: Difference between Synthetic Head and Natural Head

6.3 Subjective test for naturalness (THVN)

The naturalness of the talking head THVN was evatliasing subjective quality
assessment (Theobald et al. 2008). Users were &skate the naturalness of the
visual speech along a five point Likert scale Hrik1932). After undertaking the
intelligibility test at an SNR of -18 dB, 16 paipants were presented with the
synthetic talking head, for 20 isolated words withaudio degradation, and were
asked to rate the naturalness of the visual spaleciy a 5 point scale, with 1 for

"very unnatural” and 5 for "very natural”.

The naturalness scores for the synthetic talkirmpghgere, on average across all
words and all participants, 3.5 on a scale of & {s.d. 1.0), so the visual speech
was rated as “moderately natural” overall, but $ome sounds the animation
could be more realistic (Figure 6.5). The word vhscored lowest,duck, has

little external mouth movement compared btmf', which scored highest, so this

may be a factor in the ratings for the animation.
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Figure 6.5: Naturalness Ratings
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6.4 Subjective Evaluations of Naturalness of Talking Heads
THVN and THD

Participants were asked to rate the naturalnesallohg heads THVN and THD

in two online surveys. The first survey was a pdata subset of conditions, and
the second survey used the full range of conditidim® same 2 sentences from
the MOCHA corpus (Wrench 1999), were used for eabbsen to cover a range

of sounds:

1. “Birthday parties have cupcakes and ice-créam.

2. “He will allow a rare lie”

The first sentence covered /b/, /p/ and /k/ visemb#e the second included /r/
and /I/. The first sentence had 10 syllables, wiiile second sentence had 7
syllables. These differences may have had effe¢herperceived naturalness, so

the two sentences were considered separately anlgsis.

6.4.1 Online Survey 1: Pilot Evaluation of Naturalness

For the first survey on 6 participants, four coiwtis were presented for each

sentence:

1. The viseme-driven non-photo-based head withget and head movements

(rigid viseme-driven head), with a synthetic vo{@é&lVN)

2. The viseme-driven non-photo-based head with ayd head movements

(expressive viseme-driven head) with a synthetices¢THVN + expression)
3. The data-driven head, with a natural voice (THD)
4. Natural video, with a natural voice

These were the original audiovisual conditionshef talking heads when created;
i.e. the viseme-driven heads were presented wsfmthetic voice, while the data-
driven head and the natural video were presentéd thie natural voice. The
synthetic voice was the “Kate” voice from LoquentddS (Section 4.3.4), while
the natural voice recordings were taken from tleeeicorpus (Chapter 5). The

eye and head movements were created using Facegeh targets (Section 4.8).
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Participants were asked to rate the naturalneseofip movements on a Likert

scale of 1-5, with 5 being the most natural.

A formula was used to convert each Likert score foercentage, which treated
each Likert value as the mid-range value in thesipes range of corresponding

percentage values (Equation 6.1).

likert vaUe_ 1 ,
likertscale 2" likertscale

likert topercentage 100

Equation 6.1

Table 6.3 and Figure 6.6 show that the viseme-driaéking head (THVN) was
perceived as the least natural, and the eye bhmkk head movements did not
improve its perceived realism. The data-driven head perceived as more
natural than the viseme-driven conditions. The r@tvideo was perceived as the
most natural of all conditions.

The second sentence was rated as slightly morgahatian the first, in all
conditions except natural video. It is possiblet ttee different visemes had an
effect, since the first sentence had /b/, /p/ &hdisemes and the second sentence
had /r/ and /Il visemes. However, although the MRR&lligibility experiment had
found /r/ and /I/ visemes to be less identifialde the viseme-driven THVN head
(Figure 6.4), this did not seem to affect the pewrxk naturalness here for the
second sentence. The first sentence had 10 sydlabldle the second sentence
had 7 syllables, so the longer sentence length inaag had an effect, because
users had more time to notice flaws in the modgléo they perceived the longer
sentence as less natural. For the expressive galiéad (THVN + expression),
both sentences were presented with a blink attdreand the end of the sentence,
so for the first sentence there was a longer gapdsn blinks, which may have

been perceived as less natural.
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Visual condition Auditory Mean Mean for the| Likert score
condition | response for pair of to Percentage
each sentences (%)
sentence
rigid viseme- synthetic 3.2 3.5 60
driven head voice 38
(THVN) '
expressive synthetic 3 3.4 58
viseme-driven voice
head (THVN + 3.8
expression)
data-driven head| natural 3.7 3.75 65
(THD) voice 38
natural video natural 4.8 4.75 85
voice 4.7

Table 6.3: Results of Online Naturalness Survey 1

100

Naturalness Ratings
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10
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O Rigid viseme-driven head, synthetic voice
m Moving viseme-driven head, synthetic voice
O Data-driven head, natural voice

O Natural head, natural voice

Figure 6.6: Naturalness Ratings in Online Survey 1
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6.4.2 Online Survey 2: Further Evaluation of Naturalness

For the second survey on 10 participants, eightlitioms were presented for each
sentence, which included all the audiovisual comtims, i.e. the viseme-driven
heads (THVN) were aligned with the natural voicad @ahe data-driven head
(THD) and the natural video were aligned with tiieteetic voice. For this survey

the Likert scale used was 1-7, to give more pregitiian a five-point scale.

In this survey, the mean responses showed thafirdtesentence was rated as
more natural than the second in some conditioreh) as THVN, but the second
sentence was rated as more natural for other gonslitsuch as THD. This

suggests that the differences between the two rsegge such as the number of
syllables, did not have much effect on the perakimaturalness. The modal
responses showed that the added expressivity Iglighproved the naturalness of
the viseme-driven head in some conditions, i.etHiersecond sentence with the
synthetic voice, and the first sentence with theeirad voice (Table 6.4 and Figure

6.7). However, the mean results were lower forekgressive head.

Naturalness ratings

100
90
80
70 4
60 -
50 4
40
30 4
20 4

Naturalness rating (%)

Type of talking head

O Rigid viseme-driven head, synthetic voice B Rigid viseme-driven head, natural voice
0O Moving viseme-driven head, synthetic voice O Moving viseme-driven head, natural voice
B Data-driven head, synthetic voice O Data-driven head, natural voice

B Natural head, synthetic voice O Natural head, natural voice

Figure 6.7: Naturalness Ratings in Online Survey 2
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Visual Auditory | Modal Mean Mean Mean

condition condition | Likert Likert Likert Likert
response | response| response |score to
for each| for each| for the pair| Percentage
sentence | sentence | of (%)

sentences

Rigid viseme-| synthetic | 2, 4 3.8 3.35 40.7

driven head voice

(THVN) 2 2.9

Rigid viseme- natural |3 4.1 3.85 47.9

driven head voice

(THVN) 2,4 3.6

Expressive synthetic | 3 3.2 3.2 38.6

viseme-driven | voice

head (THVN + 3 3.2

expression)

Expressive natural | 4 4.1 3.8 47.1

viseme-driven | voice

head (THVN + 2 3.5

expression)

Data-driven synthetic | 3 3.8 3.95 49.3

head (THD) voice 5 a1

Data-driven natural | 3,5 4.7 4.75 60.7

head (THD) voice 46 18

Natural video synthetiq 7 5.7 5.3 68.6

Natural video natural |7 6.2 6.1 80

voice 7 6

Table 6.4: Results of Online Naturalness Survey 2

The results of both surveys showed that naturadéd@pevas always perceived as
more realistic than synthetic speech, for eachadisandition. The real video with
the natural voice was perceived as the most natdirall conditions. Contrary to
expectation, the eye blinks and head movementsididmprove the perceived
realism of the viseme-driven talking head, whictigates that the modelling of
the movements could be improved. The data-drivexl lveas always perceived as
more natural than the any of the viseme-driven tmmg. A limitation of this
comparison is that this viseme-driven head THVN wealviously not
photorealistic, while the data-driven head THD wased on the same images as
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the real video, so this would be likely to influencatings, regardless of the
quality of the speech animation. Consequently aenmamoto-realistic viseme-
driven head (THVP), based on the same speakercarapared against the data-

driven head, as described in the next section.

6.5 Intelligibility Test 2: Modified Rhyme Test on 2 Talking
Heads (THVP and THD)

The visual speech of the data-driven head (THD)s wampared against the
photo-based viseme-driven head (THVP), againstoaathne, and against real
video, in a word identification test. The MRT wased as before, but with 14

words presented for each of 4 conditions:

degraded natural audio speech alone

an external view of the viseme-driven talking h€aéiVP) with degraded
natural audio speech

an external view of the data-driven talking heallD) with degraded natural
audio speech

video of a real speaker with degraded natural audio

Different words were used for the 4 different caiodis, in order to minimize
learning effects (Appendix D). In order to minimigequence effects, the order of

presentation was randomized.

The audio was degraded by adding speech-shaped twithe acoustic signal
(Assmann 2010). The noise levels were chosen wéhiange in which the words
were barely recognizable; below -20 dB word recognifor audio alone fell to

chance levels (16%), while above -16 dB word redagn for natural video

became close to optimal. For 12 participants, altds for all four conditions
were presented at an SNR of -20 dB, and then repedt-16 dB.

6.5.1 Results of Intelligibility Test 2

The results of the intelligibility experiment on Jarticipants are presented in

Table 6.5. The visual contribution to intelligilyliis given in Table 6.6.
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Mean % words correctly identified
SNR (dB) Audio Viseme-driven| Data-driven Natural
(THVP) (THD) video
-20 25.1 33.5 41.3 63.3
-16 35.9 48.3 52.6 67.4

Table 6.5: Intelligibility Test 2: Mean % words correctly identified

Visual contribution C = head score — audio scdre-/audio score (%)
SNR (dB) Viseme-driven| Data-driven Natural video
(THVP) (THD)
-20 11.2 21.6 51.0
-16 19.3 26.1 49.1

Table 6.6: Intelligibility Test 2: Visual contribution to intelligibility

Visualization improved the intelligibility of thepgech at both SNRs (Figure 6.8).
The word recognition rate was higher for the audio®l heads than for audio
alone, higher for the data-driven head than themesdriven head, and higher for
the natural head than the synthetic heads. At e€dR, ANOVA over all
conditions shows that the gain in intelligibilityofn visualization is highly
significant at p = 0.01 (SNR -16 dB, F (3, 44) €Z5; SNR -20 dB, F (3, 44) =
16.554). ANOVA over the audio condition and thetetic heads shows that the
gain in intelligibility from the synthetic headsyer audio alone, is significant, at
both SNRs at alpha=0.05 (SNR -16 dB, F (2, 33)97%. SNR -20 dB, F (2, 33)
= 3.781). A post-hoc T-test shows that the realewids significantly more
intelligible (p = 0.05) than audio at SNR — 20 d®st-hoc T-tests (p = 0.1) found

no other significant differences between any otlerditions at either SNR.
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@ audio alone

T - W viseme-driven head

O data-driven head

Oreal video

mean % words correctly identified

T

-16
SNR (dB)

Figure 6.8: Intelligibility scores. The error bars denote the standard deviation.

Each confusion matrix (Figures 6.9 to 6.12) compdine visemes (or phonemes,
in the case of audio alone) presented against thiegtt were perceived as by the
participants. The number of identifications was sad over all participants, for
all words spoken, at both SNRs. Each sum was dividg the number of
occurrences of the animated viseme, to give a ptage of identifications of that
viseme. The area of each circle represents thepege of identifications of that
viseme. On the whole, for each condition, the masthows that the correct
classifications (on the diagonal) scored the high&s overall the visemes were
identifiable. There was most confusion for the audondition (Figure 6.9),
followed by the viseme-driven head THVP (Figure(§,lthen the data-driven
head THD (Figure 6.11), and then the natural vidlégure 6.12). This shows that
the data-driven head THD was more intelligible andre accurately modelled

than the viseme-driven head THVP.
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Figure 6.9: Confusion Matrix for audio alone
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Figure 6.10: Confusion Matrix for Viseme-driven Talking Head
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Figure 6.11: Confusion Matrix for Data-driven Talking Head
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Figure 6.13 shows the confusion matrix of the vieairiven head minus that of
the natural head. This highlights the differencesveen the two heads and shows
the weaknesses of the synthesised model. For egawisemes 11 (/I/) and 12
(/n/) had high confusions compared with the natinehd, and could be more

Figure 6.12: Confusion Matrix for Natural video

accurately modelled.
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Figure 6.13: Difference between Viseme-driven Head and Natural Head

Figure 6.14 shows the confusion matrix of the dhataen head minus that of the
natural head. This shows that visemes 3 (/f/-/af) 42 (/n/) had high confusions

compared with the natural head, and could be murerately modelled.
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Figure 6.14: Difference between data-driven Head and Natural Head
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6.6 Conclusions from Intelligibility and  Naturalness

Evaluations

The naturalness surveys showed that for every hsualition, the talking head
with natural speech was always perceived as mdtgalahan the same head with
synthetic speech. This is unsurprising, and sholat the quality of the
synthesized speech is not yet sufficient for listeanto believe that it is real.
Psychological studies into the human reaction tdimmbave found that users are
more sensitive to audio quality than video qualapd audio quality has more
effect on the user’s attention, memory and opirbaut what is heard (Reeves et
al. 1996). However, these results show that tha-daven head, even with a
synthetic voice, was perceived as more natural tharviseme-driven conditions
with a natural voice; and the natural visual sigr@hbined with a synthetic voice
were always perceived as more natural than anyefsynthetic visualizations
with a natural voice. So this shows that the pdroppof audio quality does not
completely overrule that of video. Reeves and Naggested that poor audio
fidelity is more psychologically unfamiliar, as mi@poken audio is heard at high-
fidelity, whereas we are used to dealing perceftwath low visual fidelity, for
example in dim lighting. However, it could be ardubat we are also used to
dealing with noisy audio conditions; but it is threbotic” quality of synthesized
speech which is unfamiliar and has an eerie effedijcing our acceptance of the
synthetic-voiced talking head. The “uncanny vallegduld also explain why
adding eye and head movements, which were intendeddd more lifelike
behaviour to the non-photorealistic head, but waoé quite realistic enough,
reduced the acceptance of the moving head comgardae rigid head (Mori
1970).

The non-photo-based viseme-driven talking head (WNH\&howed a gain in

intelligibility compared to audio speech alone, amals almost as intelligible as
the video of a real speaker at SNR -20 dB (Figut¢ @ey et al. 2010a). Certain
visemes, such as (/r/-/l/) and (/h/-/n/-Ing) weoafased with others (Figure 6.5),
and could be improved by modelling the internakatators more accurately, and
then reclassifying the visemes into more categpf@sexample, separating (/r/)

from (/I/), which has different tongue movementsve€ll the visemes were
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identifiable. In the subjective naturalness tesitg, visual speech was rated as
moderately natural overall. The data-driven head perceived as more natural

than this viseme-driven head.

An intelligibility test comparing the photo-basedseme-driven talking head
(THVP) against the data-driven head (THD) confirm#tht visualization
improved the intelligibility of the speech. The warecognition rate was higher
for the audiovisual heads than for audio alonehdrigior the data-driven head
than the viseme-driven head, and higher for therabhead than the synthetic
heads. This shows that the data-driven head wa® nmbelligible and more
accurately modelled than the viseme-driven hea.the viseme-driven head, the
reclassification of the visemes into more categpiier example separating /r/ and
/Il which had different tongue visemes (Table 4l&y§l to viseme (/r/) showing
few confusions, while (/I/) had some strong cordusi (Figure 6.13), which could
be improved by modelling the tongue dynamics maeuetely. Viseme (/n/)
could be improved by modelling the movement undier jaw more accurately.
The data-driven head showed fewer confusions tih&nviseme-driven head
(Figure 6.14), but also showed confusions for tleme (/n/), which could be
improved by modelling the movement under the jathwmore data for this area
of the articulators. On the whole, for each talkihgad, the visemes were
identifiable. Thus the talking heads were determhittebe sufficiently realistic to

be used to demonstrate pronunciation in a tutsysgem (Dey et al. 2010b).
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7 Evaluation of Speech Tutoring Application

The three talking heads (Chapter 4 and 5) wereiexpph the speech tutoring
system (Chapter 3), which was evaluated in usalstrExisting training systems
have been evaluated by experiments to assess tfeenp@nce improvement of
users after using the software. The evaluation l@§ ttutoring system’s
effectiveness in tuition followed a similar apprbdo that of Massaro (Massaro et
al. 2008), with the improvement in speech product@ssessed by human
judgment. The studies aimed to determine whethesyistem made a difference

to learning.

The evaluation of the experiments aimed to detezntie effect of using visual
speech in learning, and aimed to elucidate the rddgas and disadvantages of
using this technology. For example, the visual@atf the inside of the mouth,
showing the tongue movements during speech, ipostible using conventional
tutoring. The disadvantages of a computerised sysiee that its feedback is
limited, and it cannot offer as much interventienaahuman tutor, so it would not
fully replace a human tutor. However, the compsietem is intended for use as
an assistant, and could help a less experiencesbmpdo take the role of the
human tutor. A major benefit would be to enablersise use the tutoring system
at home in their own time, so students would be ablpractise their speech at

home with their families, outside of teaching hours

7.1 Choice of Case Study

Key aspects of pronunciation include segmentalspeesh sounds (vowels,
consonants), and suprasegmentals — rhythm (spassjng) and intonation, i.e.
prosody (Dabic 2010). For these studies, the fosas on segmentals, and
consonants in particular. Although the software sdaemonstrate the other
features indirectly, the featured lesson concestrain a specific consonant pair,
and only the perception and production of thesesapant sounds was assessed in

the experiments.
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The /b/—/p/ contrast was chosen as a case stuslycaftsultation with tutors from
the English Language Teaching Centre at the Uniyersf Sheffield. Six

members of staff and two students were interviefeedheir opinions on the use
of technology in second language learning. Thersutevealed that one of their
largest groups of students was native Arabic spealkend the most common
difficulty for this group was /b/-/p/, because tlaigntrast did not exist in their
native language. The /b/—/p/ difficulty can alsasein learners from other native
languages; for example, Korean (Bauman 2006), Gkijf§wan et al. 2001) and
Japanese; “The English /b/—/p/ voicing contrast rakEp lead to confusions as
voiceless plosives in Japanese tend to be unaspitd so English /b/ and

Japanese /p/ will be phonetically similar’ (Hazamle 2005).

A problem for some learners, for example, Korgagakers, is that the lower lip
is pressed too close to the top teeth, causingpration, which will produce a /v/
(Bauman 2006). Therefore, for those with this diffty, the internal visualization
could be useful, for demonstrating the lip andhgmasitions during pronunciation
of the /b/ sound.

Lazalde (Lazalde 2010) carried out an objectivelysma of the differences
between the visemes /b/, /m/ and /p/ for one raalé one female speaker, in
VCV contexts, speaking at speeds of 100 syllabérsnuinute and 200 syllables
per minute. The amount of mouth opening was foanoket larger for /b/, followed
by /m/ and then by /p/. Physical observation shotket/p/ usually required more
lip pressure than /b/ or /m/. Lazalde confirmedttii®ere was a significant
difference between the /b/, /p/ and /m/ visemegalde also found that better
results were obtained when synthesizing visual @pagesing separate visemes

rather than when using a single /b/-/m/-/p/ viseme.

A difficulty with using /b/ and /p/ as a case studdy pronunciation training is that
the main difference between /b/ and /p/ is produmedoicing, but it is difficult to
show voicing in a talking head; it would require thisualization of the glottals.
However, it may not be useful to show the movenoérnihe glottals because they
cannot be consciously controlled in the same way tasgue or lip movement.
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An existing approach used by clinicians is spectipgic displays which provide

feedback of subtle auditory features that arediftito detect otherwise, such as
voice onset time. Spectrograms can visualize tfferdnce between /b/ and /p/,
but it can be difficult to learn how to read suditad and since it is an abstract
representation, it is not clear how to apply ibte’s own productions.

Mahshie used visualization of the subject's owrflav as visual feedback for
teaching production of the voicing distinction beem /p/ and /b/ (Mahshie 1996).
A deaf subject took part in 12 sessions providedr ok weeks. The training
involved coordination of the laryngeal and oraltges required for production of
the voicing distinction for /p/ vs. /b/. It was fod that the appropriate production
patterns were observed with greater precision wisral feedback was provided
than when it was withheld. Evidence for internaiima of learning, as reflected in
the tests before training at the start of eachi@eswas not observed until later in
the training, after several sessions. When thekgpasaproduction was judged for
accuracy, while there was an improvement in thelpetion of /p/, the subject’s
production of /b/ segment voicing actually decréladé¢ahshie suggested that this
was probably the result of overgeneralizing thedpotion pattern. Therefore this
study showed that provision of the feedback reduiteimproved performance

during some phases of teaching, but not duringrsthe

A study by (Hazan et al. 2005) investigated thectfof audiovisual perceptual
training on the perception and production of costs by 39 Japanese learners
of English. This study included /b/-/p/-/v/, buasvtesting the labiodental contrast
of /b/ and /p/ against /v/, so they ignored anyedénce between /b/ and /p/.
Training took part in 10 sessions over 4 weeksed#th session, a perception test
was carried out in the form of a minimal-pair idéoation task. Results found
that audiovisual training using natural video géetter perception scores than
audio alone, which was better than video alonépalgh there was no significant
difference between any of the conditions. A secstudly investigated the /r/-/l/
contrast, which was less visually distinctive tltae labial/labiodental contrast of
/bl and /p/ vs Ivl. This study found that for erception of the /I/—/r/ contrast,
audiovisual training was not more effective thamlitary training. In a speech

production study of /r/-/I/, native talkers of Bsth English were asked to judge the
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speech produced by the learners, using a minimalig@ntification task and a
quality rating task. The increase in scores wasifsigntly greater for the learners
with natural audiovisual training than for audiora. The conclusions were that
perceptual training resulted in improvements to phenunciation of the trained
consonants in second-language learners, and tlaivésual training was more
effective than audio training when the visual castrwas sufficiently salient.
Visualization of speech led to a greater improvenierpronunciation, even for
contrasts with relatively low visual salience (Haz&ennema et al. 2005). The
findings of (Hazan et al. 2005) need to be verifieth a wider range of phonemic
contrasts. The experiments presented in this shea® widening the range of

contrasts studied, with a less visually salientticst.

For learning the distinction between /b/ and /pk usual technique used in
existing second-language tutoring involves listgntasts, because if a learner
cannot perceive the difference, they cannot produceTherefore the tutoring

application presented in this thesis provides ristg practice, comparing /b/
against /p/ sounds. Research has shown that \W@paakch complements the audio,
and the MRT experiments in Chapter 5 have showhn ftiraall these talking

heads, the visual signal gives a contribution telligibility of the speech. So the
visualization of the lips enhances the audio, saldionake a talking head in this
tutoring application more intelligible than auditor@e, and could therefore be

more useful than listening practice based on aaldioe.

In Chapter 6, the sounds /b/ and /p/ were separatéte confusion matrices, to

show how much they were confusable with each ofhlee. confusion matrices

show that /b/ was mistaken for a wider range ohslsu/d/-/t/ as well as /m/ and
/p/) in the audio alone condition than with theitad) heads, which shows that the
visualization does make a difference to the peroepihe /b/ and /p/ sounds had
less confusion for the data-driven head than teeme-driven head, which shows
that the data-driven head was more accurately reméhan the viseme-driven

head. The data driven head is modelled on reakdewys of the speaker saying
/bl and /p/, so it is more realistic than the visedniven heads in showing these
sounds. Figure 7.1 shows the animation frames @fdidita-driven head for the

word “bacK and Figure 7.2 shows the animation frames forvbed “pacK. The
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lips appear to be slightly more pursed when saypigin the first two frames of
Figure 7.2, than when saying /b/ in the first twanfies of Figure 7.1, and the rest
of the utterance appears to be pronounced more aiogly for “packK than
“bacK. Thus there are subtle visual differences, andeexents will indicate

whether these are salient enough to aid pronupaiati

Figure 7.1: Animation frames of data-driven head for the word “back”
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Figure 7.2: Animation frames of data-driven head for the word “pack”

7.2 Experiment Design

The studies carried out explored the role of visggech information on the
development of speech perception and productiofisski second language
learners. It is the presence of voicing and timdifferences that allow us to
distinguish /b/ from /p/. The visual differencestiming are very subtle and the
auditory differences in voicing can be difficult pgrceive for some non-native
learners. Vision and hearing are complementary each of these separate
channels is more efficient for different verbaldmhation (Ross 1999). Thus
putting the audio and visual modalities togethey tm@p more than one modality

alone.
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The experimental protocol took a similar approaghtiose used by (Mahshie
1996) and (Hazan et al. 2005), with a pre-testdeefaining at the start of each
session to give a reflection of internalized leagnia training period using the
training software first for listening practice, thér giving feedback on listening
and speech production; and finally, a post-trairiesf, to reflect the extent to
which the subject was able to produce the patteltoviing the training period.

The pre-test and post-tests recorded speech idigten{ng ability) with an

auditory detection task, to test whether phonolalgicepresentations were
accurate; and speech output (production of speeith)a task involving reading
words aloud. Different words were used for theelistig and speaking test stimuli
(Appendix E), and these differed from those usethe training application, in

order to test for generalization of the perceppooduction patterns to new words.

The studies conducted are describes in the follgw®ctions. First a pilot study
was conducted comparing head THVN against audioea(Dey et al. 2010b). A
small study was conducted using head THVP, to tiy&t® the effect of internal
visualization compared with external visualizatialone. Finally, a crossover
study of 17 participants was conducted comparirg data-driven head THD

against audio alone.

7.3 Tutoring Study 1: Evaluation of viseme-driven non-photo-
based head

A pilot study was conducted using the speech togosioftware with the viseme-
driven non-photorealistic talking head (THVN), witto head movements, eye
movements or facial expressions, and an earlierlemm@ntation of tongue

visemes, based on Lazalde’s tongue visemes, aslibin Chapter 4.7 (Figure
7.3).

The pilot trial was run with five native Arabic speers, learning English as a
second language, who worked through a sessiomdgstie hour with a repeat
session one week later. The participants wera@ih fthe same English language

class, with similar levels of English proficiency.
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A pre-test and post-test of pronunciation wereiedrout, in which the subjects
read aloud isolated words and sentences in Engfiditheir speech was recorded.
A listening pre-test and post-test was also caraet] in which the participants
listened to acoustic speech of isolated words aedtified which words they
heard (Appendix E.1 — E.3).

After the pre-test, the participants were presewititlal the Pronunciation Assistant
software, and asked to work their way though aoles3hree participants were
presented with the complete software, with theingllhead in an external frontal
view and an internal mid-sagittal view (Figure 7.8)d two were presented with
the software with no talking head visualization. heT lesson taught the
pronunciation of the sounds /b/ and /p/, a contralsich the students found
difficult because it did not exist in their natil@nguage. The lesson included
practice in listening to sounds, words and phraaed, pronunciation practice, in
which the software would demonstrate how to proeus sound, word or phrase,
and then the user would say it aloud, with theaypto record their own speech

and play it back.

After the session with the Pronunciation Assistaoftware, the post-test was
carried out, in which the listening test and spegkest were repeated. Finally the
participants completed a questionnaire about tkejperience of using the
software, which asked the users to rate on a foietpg.ikert scale how useful

they found each feature (Appendix E.4).

The pre- and post pronunciation tests were evaluayea native English speaker,
who was a tutor from the English Language Teackiagtre at the University of
Sheffield, and thus experienced in judging pronatien. The audio recordings
were presented to the judge in a random orderttangudge decided whether /b/
or /p/ was heard in the isolated words. For thedlissentences, the judge decided
whether each instance of /b/ or /p/ was pronourcm@dectly. The numbers of

correct pronunciations were counted to give anall/ecore.
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Figure 7.3: Screenshot of Speech Tutoring Application used in Tutoring Study 1

7.3.1 Study 1 Listening Results

The listening scores are shown in Table 7.1 andrEig.4. Users 1, 3 and 5 tried

the audiovisual (talking head) version of the saft®y while users 2 and 4 had

audio alone.
Study 1 Listening Scores (/b/ and /p/) %
User Condition Session |1Session 1 Session 2 Session 2
pre post pre post
1 audiovisual 75 75 90 90
2 audio 95 90 100 100
3 audiovisual 70 90 90 85
4 audio 60 60 80 60
5 audiovisual 95 85 80 85

Table 7.1: Study 1 Listening Scores (/b/ and /p/)
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On average, for /b/ and /p/, the talking head gavegher improvement (mean
improvement 6.67%) in listening than audio aloneegm improvement 2.5%).

The scores for /b/ and /p/ separately are presesdgpdrately in Tables 7.2 and

Figure 7.4: Study 1 Listening Scores (/b/ and /p/)

7.3:
Study 1 Listening (B) %
User Session 1 pre] Session | Session 2 pre Session 2 post
post
1 60 50 100 80
2 90 80 100 100
3 60 80 80 70
4 60 60 70 40
5 100 80 60 70

For listening to /b/ sounds, there was no improvenu: average for either the
audio or audiovisual conditions. However, consmgreach individual, 2 out of 3
participants with the head improved, and 1 out op&ticipants with audio

improved.

Table 7.2: Study 1 Listening Scores (/b/)
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Study 1 Listening (/p/) %
User Session 1 pre] Session | 3ession 2 pre Session 2 post
post
1 90 100 80 100
2 100 100 100 100
3 80 100 100 100
4 60 60 90 80
5 90 90 100 100

Table 7.3: Study 1 Listening Scores (/p/)

For listening to /p/ sounds, there was an improveno®m average for both the
audio (mean improvement 10%) and audiovisual candifmean improvement
13.3%), and this improvement was higher for the@usually-trained group than
audio alone. All participants with the head imprd¥eom the start of session 1 to

the end of session 2, while 1 out of 2 participavits audio improved.

7.3.2 Study 1 Speaking Results (/b/ and /p/)

Table 7.4 and Figure 7.5 show that for speaking &d /p/), there was an
improvement on average for both the audio (meanramgment 0.83%) and
audiovisual condition (mean improvement 1.67%), dmd improvement was
higher for the audiovisually-trained group than iaualone. All participants with
the head improved from the start of session 1 ¢oetid of session 2, while 1 out

of the 2 participants with audio improved.

Study 1 Speaking Score (/b/ and /p/) %
User Session 1 pre  Session Session 2 pre  Session 2
post post
1 88.3 88.3 90 90
2 85 98.3 96. 7 95
3 95 100 95 96.7
4 86.7 90 85 78.3
5 85 85 85 86.7

Table 7.4: Study 1 Speaking Scores (/b/ and /p/)
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Figure 7.5: Study 1 Speaking Scores (/b/ and /p/ combined)
7.3.3 Study 1 Speaking (/b/ scores)
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Figure 7.6 shows that for speaking /b/ sounds,etlvaso used the viseme-driven
head had an improvement in each session, so theseaw improvement overall
(mean

Figure 7.6: Study 1 Speaking Scores (/b/)

improvement 8.33%). Those who used audio hadimmediate

improvement in the first session, but not aftet,thad no overall improvement.

7.3.4 Speaking (/p/ scores)

For speaking /p/ sounds, those who used the viskimven head showed no
improvement (Figure 7.7). Those who used audiodratmmediate improvement

in the first session, but not after that. The atalome condition gave an

improvement overall (mean improvement 8.33%).
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Figure 7.7: Study 1 Speaking Scores (/p/)

7.3.5 Speaking and Listening Tests combined

The Speaking and Listening Tests were combinedaking the mean of each
corresponding score for listening and speaking I@'&5 and Figure 7.8). For
speaking and listening combined (/b/ and /p/), éhefas an improvement on
average for both the audio (mean improvement 1.2&8d)audiovisual condition
(mean improvement 2.92%), and this improvement wdgher for the

audiovisually-trained group than audio alone.

Study 1 Speaking and Listening scores combined %
User Session 1 pre  Session 1 poSession 2 pre| Session 2 post
1 81.7 81.7 90 90
2 90 94.2 98.3 97.5
3 82.5 95 92.5 90.8
4 73.3 75 82.5 69.2
5 90 85 82.5 85.8

Table 7.5: Study 1 Speaking and Listening Scores (/b/ and /p/)
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Figure 7.8: Study 1 Speaking and Listening Scores

Generally, there was an improvement in speakingliatehing, from the first test
(pre-test session 1) to the final test (post-tession 2), for both groups. When the
scores /b/ and /p/ sounds were considered separtiteie were some differences
between them. For speaking, the talking head gawvdamprovement for /p/
sounds; possibly because /p/ was the harder saunédatn for native Arabic
speakers, and this viseme-driven head did notcserfiily convey the difference
between /b/ and /p/. However, overall the talkirgadh gave a more consistent
improvement than audio alone. The fluctuationshim $cores were probably due
to individual variations and the small sample siZésture tests would require
larger groups of participants, and could requireglr training times, to show any

significant difference in learning.

7.3.6 Study 1 User Feedback
The user questionnaire asked the users to ratefeatire of the software on a
Likert Scale of 1-5 (1= Strongly Disagree; 2 = @se; 3 = Neutral; 4 = Agree; 5

= Strongly Agree). The responses are shown in Talble
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Study 1 User Feedback: mean response on Likere S€al
Question Audio Audiovisual
(2 responses)) (3 responses)
This software was helpful in learning.0 4.7
pronunciation
| found the external view helpful NA 4.0
| found the internal view helpful NA 4.3
| found the listening practice helpful 5.0 5.0
| found the listening test helpful 5.0 5.0
| found the speaking practice helpful 4.5 5.0
| found the recording function helpful 5.0 4.7
The content of the lesson matched my needs. 4.5 4.7
This software is easy to use 5.0 5.0
This software is engaging. 5.0 4.7
The talking head appeared natural NA 3.3
This software is satisfying to use. 5.0 4.7

Table 7.6: Study 1 User Feedback

The feedback from the questionnaires was genemadigitive. The students
enjoyed using the software, and found the contdénthe lesson useful. The
students who used the talking head agreed thaalkieg head external view and
side view were helpful. Students from both groufiseed the practice of

pronunciation of words and phrases.

The feedback for the talking head was similar &t flor audio; most participants
strongly agreed that the software was useful. echicipant was aware of only
one version, so they were not comparing the twd, those in the audio-alone
group were just as positive about the softwarethintalking-head group, when
asked if the talking head appeared natural, 66 Béeagand 33% disagreed. Those
who had the talking head version unanimously thodggt the visualization was

useful; 100% strongly agreed that the external weas useful, while for the
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internal view, 66% agreed and 33% strongly agréed the internal view was
useful. This indicates that the users thought that external view was more
helpful than the internal view, which may be beeatise internal view is an
unfamiliar view to most, and is not normally used traditional methods of
learning a language, or because the users dideeoa slifference between the /b/
and /p/ visualizations. This study suggested thatvisualization was thought to
be useful, but did not test whether it was therimdkor external visualization that

helped; this was investigated in the next study.

7.4 Tutoring Study 2: Evaluation of viseme-driven photo-
based head (THVP)

A user trial evaluated the viseme-driven photo-balsead, comparing external
and internal visualization (Figure 7.10), againgtemal visualization alone
(Figure 7.9). This experiment investigated whetlisplaying the internal
articulators made a difference to learning. Whileevipus studies have
investigated whether visualization of articulatagsses an improvement in
learning (Massaro et al. 2008; Wik et al. 2008}y feave investigated the impact
of expression in animated characters for speeatritgt (Massaro 2004), and

none have proved that talking heads give a sigmfianprovement in learning.

Figure 7.9: Screenshot of Speech Tutoring Application used in Tutoring Study 2
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Figure 7.10: Screenshot of Speech Tutoring Application used in Tutoring Study 2

7.4.1 Study 2 Experimental Design

The study was carried out in collaboration with @anCarmichael at AlGhurair
University in Dubai. The participants were nativeraBic speakers, of an
intermediate level of English proficiency. The rssavere divided into two

groups, to test the two different conditions. Thald were conducted in sessions

lasting one hour over one month.

A listening pre-test and post-test was carriediouhe form of a minimum-pair
identification task, in which the participants éised to acoustic speech of isolated
words and identified which words they heard. A f@ast and post-test of
pronunciation was carried out, in which the sulgeetd aloud isolated words and
sentences in English and their speech was recq@igoendix E.5 — E.7). The
words and sentences used in the speaking test meg¢rpresent in the tutoring
application itself, so this experiment would invgate whether the pronunciation

training was effective in generalization to new dsr

After the pre-test, the participants were presewid the Pronunciation Assistant
software, and asked to work their way though aolessThe lesson teaches the

pronunciation of the sounds /b/ and /p/, a contvasich does not exist in the
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users’ native language. The lesson includes prgatidistening to sounds, words
and phrases, and pronunciation practice, in whiehsbftware demonstrates how
to pronounce a sound, word or phrase, and themghe says it aloud, with the

option to record their own speech and play it back.

After the session with the Pronunciation Assistaoftware, the post-test was
carried out, in which the listening test and spegkest were repeated. Finally the
participants completed a questionnaire about tkeijperience of using the
software, which asked the users to rate how usiiey found each feature
(Appendix E.8 - E.9). For this survey the Likerakcused was 1-7, to give more
precision than a 5-point scale.

In order to analyze the speaking test recordingsatave English listener was
recruited as a judge, who assessed the speech forth of a listening test. The
reasoning was that if a second-language speakéd beuunderstood by a native
English listener, then they were pronouncing thenslocorrectly. For each word
or sentence presented, the judge was asked tordeéewhether what they heard
was /b/, Ip/, ambiguous or unintelligible. The judgwas carried out as a minimal
pair identification task, with carrier sentenceatttvould make sense with either
the /b/ or /p/ word; for example, “I would like put thebath here” /“ would like

to put thepath here”. The judge did not know what each item waspssed to be,
so they were making a decision purely on what thegrd, and was unaware of
which group each speaker was from, and unawarehether they were hearing
pre- tests or post-tests, so they were listenirjgatibely. The judge’s responses
were then scored as follows: a correct identifaatiscored 1; an incorrect,
ambiguous or unintelligible identification scored The scores were counted to

give a score for each participant’s pre-test arst-pest for each session.

7.4.2 Study 2 Listening Test Results (/b/ and /p/)

User 1, who had the internal visualization, showedimprovement in listening
for /b/ or /p/. User 2, who had external visualzat only, did show an
improvement in listening for /b/ and /p/, sepamatélables 7.8 and 7.9) and
combined (Table 7.7).
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Study 2 Listening Test %
User Session 1 prg¢-Session 2 post-Internal Visualization
test test (1) or External only (X)
1 85 80 I
2 60 85 X

Table 7.7: Study 2 Listening Scores (/b/ and /p/)

7.4.3 Study 2 Listening Test /b/ sounds

User Session 1 pre- | Session 2 post Internal Visualization
test test (I) or External only (X)
1180 70 I
2|50 80 X

Table 7.8: Study 2 Listening Scores (/b/)

7.4.4 Study 2 Listening Test /p/ sounds

User Session 1 pre- | Session 2 post- | Internal Visualization
test test (I) or External only (X)
1 90 90| I
2 70 90| X

Table 7.9: Study 2 Listening Scores (/p/)

7.4.5 Study 2 Speaking (/b/ and /p/ combined)

Both users showed an improvement in speaking foard /p/ combined (Table

7.10). User 2, who had external visualization onshowed a greater

improvement.
Study 2 Speaking %
User Session 1 prg¢-Session 2 post-Internal Visualization
test test () or External only (X)
1 52.5 57.5 I
2 65 72.5 X

Table 7.10: Study 2 Speaking Scores (/b/ and /p/)
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7.4.6 Study 2 Speaking (/b/)

Both users showed an improvement in speaking fqiTéble 7.11).

User

Session 1 pre-
test

Session 2 post-
test

Internal Visualization
() or External only (X)

40

50

75

80

X

Table 7.11: Study 2 Speaking Scores (/b/)

7.4.7 Study 2 Speaking (/p/)

User 1, who had the internal visualization, showedmprovement in speaking

for /p/. User 2, who had external visualizationyprdid show an improvement in

speaking for /p/ (Table 7.12).

User Session 1 pre- | Session 2 post- | Internal Visualization
test test (1) or External only (X)
1 65 65| |
2 55 65 [ X

Table 7.12: Study 2 Speaking Scores (/p/)

Overall, User 1, who was trained with both interaald external visualization,
showed no improvement in listening, but some imprognt in speaking. User 2,
who was trained with the external visualizationypnimproved in both listening
and speaking. It may be that for the /p/ and /lihgls, the internal visualization
was not helpful because the tongue is not used nmuphoducing these sounds,
so not much difference was seen between the visti@ins. In this experiment,
the user with version X saw two views of the exéérnew, whereas the user with
version | saw one of each view, so the lips mayehasen more useful for /b/ and
/p/ than the internal view. A limitation of this gariment is that no immediate
post-test was carried out after the first sessamal no pre-test was carried out at
the start of the second session, so in the intarggreriod between sessions, there
could be influences other than the software aiffigctine users’ performance,
which were unaccounted for. Furthermore, the numloérparticipants was too

small for the results to be conclusive. Howevemeopositive feedback was
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obtained (Table 7.13). User 1 moderately agreetttigasoftware was useful, and
strongly agreed that both the external and intewels were useful. The user
liked the talking head and found it to be userrdly. User 2 strongly agreed that
the software was useful, and moderately agreedtleatxternal view was useful.
Both users strongly agreed that the software wiasasting and satisfying to use.

Study 2 User Ratings on each feature of the so&war
User 1 (Group 1) User 2 (Group X)

The Pronunciation AssistapntModerately agree Strongly agree
software was helpful in learning
pronunciation.

| found the external view of theStrongly agree Moderately agree
talking head helpful.

| found the internal view of theStrongly agree NA

talking head helpful.

The talking head lookedModerately agree Strongly agree
realistic.

The speech animation appearddeutral Slightly agree
natural.

| found the listening practiceStrongly agree Strongly agree

with the talking head helpful.

| found the listening test withStrongly agree Strongly agree
the talking head helpful.

| found the speaking practiceMloderately agree Strongly agree
with the talking head helpful.

I found the recording functionSlightly agree No response
in the Pronunciation Assistant
software helpful.

The Pronunciation AssistanStrongly agree Strongly agree
software is interesting to use.

The Pronunciation AssistanStrongly agree Strongly agree
software is satisfying to use.

The content of the lessqrModerately agree Strongly agree
matched my needs.

Table 7.13: Study 2 User Feedback
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7.5 Tutoring Study 3: Evaluation of data-driven head (THD) in

a tutoring system

This experiment investigated whether the data-dritagking head (Figure 7.11),
with a photo-realistic appearance and an articujatoodel based on a real

speaker, was more effective in teaching pronurariatian audio alone.

Figure 7.11: Screenshot of Speech Tutoring Application used in Tutoring Study 3

The data-driven talking head was evaluated by sktamguage learners. Each
participant took part in two one-hour sessions,clwhivere carried out within 1
month. The participants were divided into two grewith a crossover design, so
that one group, A-AV, were first given the softwaveéh audio alone, and then
were given the talking head in their second sessitiiie the other group, AV-A,

were given the talking head first, and then autbo@in their second session.

In each one-hour session, a participant first tpakt in a pre-test listening test,
where they listened to 20 words and selected wiwaid they heard, and a pre-
test speaking test, where their voice was recovd@te reading aloud a list of 20
words and 20 sentences (Appendix E.5 — E.7). They tised the speech tutoring
software, which demonstrates the /p/ and /b/ soum@nglish. After this training

they took part in a post-test listening and spegpkest, which took the same
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format as the pre-tests. Finally they completed ugstjonnaire asking their

opinions of the software (Appendix E.9 — E.10). Thsers rated on a 7-point

Likert scale how useful they found each featurghbir second session they were
asked to rate whether they preferred the versiahekoftware with audio alone

or the talking head, and their reasons for thisepesce.

Participants for the experiment were recruited fittve student population of the
University of Sheffield. The volunteers were of elise backgrounds, with a range
of native languages including Arabic, Vietnamesetdan, Chinese and Japanese,
and various levels of English proficiency, from reaate to proficient. The results
presented are for the 17 participants of the crassexperiment; 8 in group AV-
A and 9 in group A-AV.

In order to analyze the speaking test recordingsatave English listener was
recruited as a judge, who assessed the speech forth of a listening test. The
reasoning was that if a second-language speakéd beuunderstood by a native
English listener, then they were pronouncing thenslocorrectly. For each word
or sentence presented, the judge was asked tordegewhether what they heard
was b, p, ambiguous or unintelligible. The test @Wasigned to use minimal pairs
of words containing /b/ or /p/, and carrier senéemnbad been created that would
be semantically valid with either the /b/ or /p/rdpfor example, “I would like to
put thebath here” / “I would like to put thgath here”. The judge did not know
what each item was supposed to be, so they weréengnakdecision purely on
what they heard, and was unaware of which group speaker was from, and
unaware of whether they were hearing pre-tests ast-fests, so they were
listening objectively. The judge’s responses waentscored as follows: a correct
identification scored 1; an incorrect, ambiguousuaintelligible identification
scored 0. Thus points would only be awarded forargleunambiguous
pronunciation. The scores were counted to giveoaesior each participant’s pre-

test and post-test for each session.

The results are presented in the following sectioRsst, the participant
information is given in Table 7.14. Next, the lisiteg results are shown for /b/
and /p/ combined, and then for /b/ and /p/ seplgralben the speaking results are

presented similarly. Finally, the subjective ussgdback from the questionnaires
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is presented. In the tables, the yellow shadingatds the talking head condition,

while the unshaded rows are for the audio condition

7.5.1 Study 3 Participant Information

User| Group Native Language Level of EngliskELTS score
(self-rated)

1 AV _A Arabic Moderate 5.5

2 AV_A Arabic Moderate 5

3 AV A Kurdish fluent -

4 AV_A Kannada fluent -

5 AV A Tamil fluent -

6 AV _A Farsi Moderate -

7 AV A Chinese beginner 6.5

8 AV A Korean Moderate 6

9 A_AV Vietnamese Proficient 8

10 | A AV Arabic Proficient 5.5

11 A AV Urdu Proficient 7

12 | A AV Malay Moderate 6.5

13 | A AV Japanese beginner -

14 A AV Farsi Moderate 6.5

15 | A AV Japanese Moderate -

16 A_AV Turkish Proficient -

17 | A AV Japanese beginner -

Table 7.14: Study 3 Participant Information

7.5.2 Study 3 Results of Listening Test (/b/ and /p/)

Most users showed an overall improvement from thg sf session 1 to the end
of session 2 (Figure 7.12). The standard deviatvas high, because individual

variations caused fluctuations in scores. Usen1®roup AV-A had an unusually

low score at the end of the session with the tglkmead (Table 7.15), which

caused the average score for the talking head deedse (Table 7.16). Another
user (User 17) scored 100% in the first listeniegt,tso there was a ceiling effect
for his listening results. (This user was stilllided in the analysis because his
speaking scores were lower, so he had the potefaialimprovement in

pronunciation.)
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Study 3 Listening (/b/ and /p/) %
User Session L Session 1 Session 4 Session 4 Group
pre-test post-test | pre-test post-test
1 55 60 75 80 AV-A
2 75 85 80 90 AV-A
3 85 80 95 90 AV-A
4 90 85 90 90 AV-A
5 90 90 90 85 AV-A
6 90 90 95 100 AV-A
7 90 95 90 100 AV-A
8 95 95 90 90 AV-A
9 60 75 85 85 A-AV
10 65 60 75 55 A-AV
11 85 85 90 90 A-AV
12 85 90 80 95 A-AV
13 85 100 100 100 A-AV
14 90 90 95 90 A-AV
15 95 95 95 95 A-AV
16 95 95 95 95 A-AV
17 100 95 100 100 A-AV
Table 7.15: Study 3 Listening Scores (/b/ and /p/)

Study 3 Mean Scores for Listening (/b/ and /p/) %
Group Session 1 prg¢-Session 1 Session 2 pret Session Y,

test post-test test post-test
AV-A 83.8 85 88.1 90.6
A-AV 84.4 87.2 90.6 89.4

Table 7.16: Study 3 Mean Listening Scores (/b/ and /p/)

Group AV-A, who had the head first, improved aftising the talking head, and

this group had a greater improvement overall. Thdia condition showed a

higher average improvement than the talking headpth groups. (If the outlier,

user 10, was removed then all groups and conditizmmaild show an

improvement, but the audio condition still wouldgjia greater improvement than

the audiovisual condition.) Combining the groupferé was an overall

improvement for both audio (mean improvement 2.64%d audiovisual (mean

improvement 0.07%), and the improvement from awdis higher.
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Figure 7.12: Study 3 Listening Test /b/ and /p/ scores

7.5.3 Study 3 Lowest Listening Scores

There was a large variation in the scores becauseusers were of diverse
backgrounds, with a range of nationalities and otei levels of English

proficiency. To separate out those with a cleaf/gb/difficulty, the results of

those who scored 80% and below are presented ile TTab7. These users were
one Vietnamese and 3 Arabic native speakers, atnm@diate levels of English.
The results show that individual variations ard &igh. Two of these users (1
and 2) improved in both conditions, one improvedhwaudio alone, and one
showed no improvement in either condition. Thisvehdhat some individuals

benefit more than others from different ways ofréag. User 10 scored lower
after both training sessions. Overall for listenirmgidio alone gave a greater

improvement than the talking head (Table 7.17).

User Session [LSession 1 Session 4 Session 4 Group
pre post pre post

1 55 60 75 80 AV-A

2 75 85 80 90 AV-A

9 60 75 85 85 A-AV

10 65 60 75 55 A-AV

Table 7.17: Study 3 Lowest Listening Scores (/b/ and /p/)
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7.5.4 Study 3 Listening (/b/ sounds)

Group AV-A, who had the head first, improved aftising the talking head, but

showed no improvement in their second sessionguailio (Table 7.18). Group

A-AV, who had the audio first, improved using audbut not in their second

session, using the talking head. The individuaéhsg scores for /b/ are shown

in Table 7.19. Overall, the head gave no improvenf@nlistening to /b/ sounds,

while audio alone gave some improvement (Figur&)7.1

Study 3 Mean Scores for Listening (B sounds) %

Group Session 1 prg¢-Session 1 Session 2 pref Session 2
test post-test test post-test
AV-A 83.8 85 90 90
A-AV 80 86. 7 92.2 88.9
Table 7.18: Study 3 Mean Listening Scores (/b/)
User Session [ Session 1 Session 24 Session Group
pre-test post-test | pre-test post-test
1 50 70 100 80 AV A
2 80 80 70 90 AV A
3 80 80 100 90 AV A
4 80 80 90 90 AV A
5 90 90 90 90 AV A
6 100 80 90 100 AV A
7 100 100 90 100 AV A
8 90 100 90 80 AV A
9 40 70 90 80 A AV
10 70 50 90 60 A AV
11 70 70 80 80 A AV
12 80 100 80 90 A AV
13 70 100 100 100 A AV
14 100 100 100 100 A AV
15 90 90 90 90 A AV
16 100 100 100 100 A AV
17 100 100 100 100 A AV

Table 7.19: Study 3 Listening Scores (/b/)
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Figure 7.13: Study 3 Listening Test /b/ scores

7.5.5 Study 3 Listening (/p/ sounds)

User| Session 1 pr¢Session 1 Session 4 Session 4 Group
% post pre post
1 60 50 50 80 AV A
2 70 90 90 90 AV A
3 90 80 90 90 AV A
4 100 90 90 90 AV A
5 80 80 90 80 AV A
6 80 100 100 100 AV A
7 80 90 90 100 AV A
8 100 90 90 100 AV A
9 80 80 80 90 A AV
10 | 60 70 60 50 A AV
11 100 100 100 100 A AV
12 | 90 80 80 100 A AV
13 100 100 100 100 A AV
14 | 80 80 90 80 A AV
15 100 100 100 100 A AV
16 | 90 90 90 90 A AV
17 100 90 100 100 A AV

Table 7.20: Study 3 Listening Scores (/p/)
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Study 3 Mean Scores for Listening (/p/ sounds) %

Group| Session 1 prefSession 1 post-Session 2 prerSession 2 post-
test test test test

AV-A 82.5 83.8 86.3 91.3

A-AV 88.9 87.8 88.9 90

Table 7.21: Study 3 Mean Listening Scores (/p/)

Listening Test averages

100
95
90 - 1 4 t
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A A-AV wk1l (audio)
a AV-Awk2 (audio)
o A-AV wk2 (head)

score %

Figure 7.14: Study 3 Listening Test /p/ scores

Both auditory and audiovisual training resultedaim improvement overall for
listening to /p/ sounds (Table 7.21 and Figure ).T?he improvement was
slightly higher for auditory training (mean improwent 1.94%) than audiovisual
training (mean improvement 1.18%). 4 out of 17 ipgrants improved from
audio training, and 5 out of 17 participants imgadvrom audiovisual training. 4
out of 17 participants improved more from audiontladiovisual training, while
4 out of 17 participants improved more from audsonal than audio training
(Table 7.20).

An incubation effect was observed, as the usersawga between the two
sessions. Incubation is defined as a process obnseous recombination of
thought elements that were stimulated through donscwork at one point in
time, resulting in enhanced performance at song [aint in time (Seabrook et

al. 2003). The results indicate that this effeatuwsted, as users consolidated the
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training into memory and improved their performarme the start of the next

session, without any additional practice in thectfjetask.

An order effect was observed, as those who hadaydiraining first did not
benefit from the audiovisual training in their sedosession, but those who had
the audiovisual training first did benefit from aody training in their second
session. This could be due to “stimulus blockingamin 1969); training with the
impoverished signal first caused the second sessitinan enhanced signal to
make no difference, because the subject had ledmoedto perform with an
impoverished signal, and so they would need toarnl¢his before the enhanced
signal could be of benefit. This finding suggestattthere is value in using the

audiovisual head, and that it should be used fiefipre audio alone.

7.5.6 Study 3 Speaking Results (/b/ and /p/)

Both groups improved in each training session, vétlistrong within-session
improvement each time (Table 7.22 and Figure 7.@8)ch suggests that the
software is beneficial. However, the users detatext between sessions, so there
was no incubation effect. This suggests an intenfeg effect (Tomlinson et al.
2009), as in the intervening week they revertedh&r previous ways, which
were incompatible with the new training. The ineatrhabits would have to be
unlearned before the users could learn new hadnitd,one week may not have

been enough time for this to occur.

Study 3 Mean Scores for Speaking (/b/ and /p/ seu¥d

Group Session 1 prg¢-Session 1 Session 2 prer Session y,
test post-test test post-test

AV-A 67.5 72.8 62.8 66.9

A-AV 71.1 79.2 70.8 76.1

Table 7.22: Study 3 Mean Speaking Scores (/b/ and /p/)
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User | Session 1 prg Session 1 post Session 4 pre Seéspmst| Group
1 50 72.5 47.5 55 AV A
2 57.5 57.5 40 40 AV A
3 62.5 62.5 55 65 AV A
4 62.5 75 62.5 65 AV A
5 77.5 85 80 80 AV A
6 65 65 77.5 72.5 AV A
7 80 85 65 82.5 AV A
8 85 80 75 75 AV A
9 75 87.5 82.5 77.5 A AV
10 52.5 45 52.5 60 A AV
11 70 87.5 62.5 87.5 A AV
12 62.5 77.5 80 67.5 A AV
13 75 75 60 67.5 A AV
14 80 82.5 72.5 75 A AV
15 60 87.5 80 87.5 A AV
16 85 85 87.5 85 A AV
17 80 85 60 77.5 A AV

Table 7.23: Study 3 Speaking Scores (/b/ and /p/)

Speaking Test averages

100
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60 -
55
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Figure 7.15: Study 3 Speaking Test (/b/ and /p/ scores)

Combining the groups together, the mean improverme® higher from audio
(6.06%) than from using the head (5.30%) but tlanddrd deviation is high,

showing that there was a lot of variation in theults. 6 out of 17 participants
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improved more from audio than from head, while & o@l 17 participants
improved more from the talking head than from audibis shows that some
individuals benefit more than others from the vimaion. For the speaking test,
the visualization may help with speech productiblowever, /p/-/b/ is a very
subtle visual difference, and is mainly learnedlisyening to the contrast, so
audio alone can be more beneficial in learningdmcgive the distinction, which

may in turn lead to better speech production.

On average over all users, there was an improvefnemt the start of the first
session to the end of the second session. Terciparits improved using the
audio version, and an equal number improved ugiaghead (Table 7.23). Thus
the majority did improve from using the softwareo® of those who did not
improve were those who achieved higher scores ¢inbgith, so had less room

for improvement.

In Table 7.24 the results are considered for dméyfour users who scored lowest
overall (users 1, 2, 9 and 10). For speaking /b/ /ah for the 4 users who were
the lowest scoring users overall, the mean impr@aregnwas higher for the head
(6.25%) than for audio (3.13). On average for thesdrs who were the lowest
scoring users overall, audio was better than tlzel e the listening test, but the
head was better than audio for the speaking t8etthis result indicates that for
some of those with a definite difficulty in percg /p/ vs /b/, the audio alone
was more effective when practicing an audio discration task, but when

practicing speech production, the visualization waare effective than audio

alone for teaching how to pronounce the sounds.

User Session l1Session 1 Session 24 Session 3 Group
pre post pre post

1 50 72.5 47.5 55| AV A

2 57.5 57.5 40 40| AV_A

9 75 87.5 82.5 77.5| A AV

10 52.5 45 52.5 60| A AV

Table 7.24: Study 3 Lowest-scoring users’ Speaking Scores (/b/ and /p/)
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7.5.7 Study 3 Speaking Test /b/ sounds

Both conditions gave an improvement overall forakieg /b/ sounds (Table
7.25). The improvement was higher for audio (4.278&n audiovisual (0.59%).
The individual speaking scores for /b/ are showihable 7.26.

Study 3 Mean Scores for Speaking (/b/ sounds) %
Group Session 1 prg¢-Session 1 Session 2 prer Session Y,
test post-test test post-test
AV-A 65.6 66.3 60 61.9
A-AV 76.1 82.8 75 75. 6

Table 7.25: Study 3 Mean Speaking Scores (/b/)

User| Session 1 pr¢ Session 1 ppst Session 2 pre Se8giost| Group
1 50 65 35 30 AV A
2 45 30 20 20 AV A
3 60 70 60 70 AV A
4 80 75 75 80 AV A
5 70 80 75 65 AV A
6 65 65 80 70 AV A
7 80 85 70 85 AV A
8 75 60 65 75 AV A
9 60 80 80 75 A AV
10 | 70 50 60 55 A AV
11 85 90 85 95 A AV
12 70 85 80 65 A AV
13 80 75 70 70 A AV
14 | 75 85 70 75 A AV
15 70 100 85 85 A AV
16 85 85 95 80 A AV
17 90 95 50 80 A AV

Table 7.26: Study 3 Speaking Scores (/b/)

7.5.8 Study 3 Speaking Test (/p/)

The audiovisual condition showed a higher mean awgment (10.0%) than
audio alone (7.85%) in speaking for /p/ sounds [@ab27 and Figure 7.16). 11
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out of 17 participants improved from audio and 12 af 17 improved using the
head. 6 out of 17 participants improved more usindio, while 8 out of 17

improved more using the head (Table 7.28).

Study 3 Mean Scores for Speaking (/p/ sounds) %
Group Session 1 prg¢-Session 1 Session 2 pref Session Y,
test post-test test post-test
AV-A 69.4 79.4 65.6 71.9
A-AV 66.1 75. 6 66. 7 76.7
Table 7.27: Study 3 Mean Speaking Scores (/p/)
User Session [LSession 1 Session 4 Session 24 Group
pre post pre post

1 50 80 60 80 AV A
2 70 85 60 60 AV A
3 65 55 50 60 AV A
4 45 75 50 50 AV A
5 85 90 85 95 AV A
6 65 65 75 75 AV A
7 80 85 60 80 AV A
8 95 100 85 75 AV A
9 90 95 85 80 A AV
10 35 40 45 65 A AV
11 55 85 40 80 A AV
12 55 70 80 70 A AV
13 70 75 50 65 A AV
14 85 80 75 75 A AV
15 50 75 75 90 A AV
16 85 85 80 90 A AV
17 70 75 70 75 A AV

Table 7.28: Study 3 Speaking Scores (/p/)
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Figure 7.16: Study 3 Speaking Test Scores (/p/ sounds)

7.5.9 Study 3 User Feedback

The user questionnaire asked the users to ratefeatire of the software on a
Likert Scale of 1-7:

1= Strongly Disagree

2 = Moderately Disagree
3 = Slightly Disagree

4 = Neutral

5= Slightly Agree

6 = Moderately Agree

7 = Strongly Agree

The responses from the two Groups AV-A and A-AV gnesented first
separately (Table 7.29) and then combined (Tal3@)7.
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Study 3 Mean response on Likert scale 1-7

Question Group | Group Group | Group A-
AV-A AV-A A-AV AV
Audio Talking Audio Talking

head head

The Pronunciation Assistant.5 5.8 6.2 6.3

software was helpful in

learning pronunciation.

| found the external view gfNA 6.3 NA 6

the talking head helpful.

The talking head lookedNA 6.4 NA 6.2

realistic.

The speech animatianNA 6.1 NA 5.8

appeared natural.

| found the listening practice6.4 6 6.3 6.4

with the talking head helpful.

| found the listening test with6.3 6 5.4 6.2

the talking head helpful.

| found the speaking practi¢es.5 6.4 6.3 6.7

with the talking head helpful.

| found the recording function6.4 6.1 6.4 6.4

in the Pronunciation Assistant

software helpful.

The Pronunciation Assistan6.1 6.5 6.7 6.2

software is interesting to use.

The Pronunciation Assistan6.3 6.1 6 5.9

software is satisfying to use.

The content of the lessqrb.6 5.6 5.6 5.6

matched my needs.

Which version did you prefen?5.7 NA (their| NA 5.4

(A rating above 4 shows |a first week) | (their

preference of the talking head first

over the audio version) week)

Table 7.29: Study 3 User Feedback
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Combining the two groups, the mean responses dfthesers are in Table 7.30.

Question Audig Talking | Audio Talking
head Likert to | Head
% Likert to %
The Pronunciation Assistant.4 6.1 84.3 80

software was helpful in learning
pronunciation.

| found the external view of theNA 6.1 NA 80
talking head helpful.

The talking head looked realistic. NA 6.3 NA 82.9
The speech animation appearddA 5.9 NA 77.1
natural.

| found the listening practice with6.4 6.2 84.3 81.4
the talking head helpful.

| found the listening test with thes.8 6.1 75.7 80
talking head helpful.

| found the speaking practice witt6.4 6.5 84.3 85.7
the talking head helpful.

| found the recording function in6.4 6.3 84.3 82.9

the Pronunciation Assistant
software helpful.

The Pronunciation Assistant.4 6.4 84.3 84.3
software is interesting to use.

The Pronunciation Assistant.1 6 80 78.6
software is satisfying to use.

The content of the lesson matchesl6 5.6 72.9 72.9
my needs.

Which version did you prefer? (A 5.55 72.1

Likert rating above 4 shows |a
preference of the talking head over
the audio alone.)

Table 7.30: Study 3 User Feedback (combined groups)

On average, the users agreed that the software vefgful in learning
pronunciation. Group A-AV, who had used the audaysion before the head,
gave the head a higher rating, whereas Group A\ay¥eghe head lower ratings,

but that was in week 1, before they had tried thgicaversion.

Most agreed that the external view of the head useful. All agreed that it

looked realistic, and most agreed that the speachation looked natural. The

Page 130



Visual speech in technology-enhanced learning

ratings for most of the tutoring lesson featuresengimilar for the audio and
audiovisual versions. One user found the speedygretion was not very accurate
for his voice, and would like this to be improvéte stated that the software was
most useful for listening practice. Some users cented that they would like the
software to demonstrate a wider range of consomaxmbwel sounds, rather than
just /b/ and /p/, as not all had a specific /b/gmiblem; some had more difficulty
with another set of sounds, while others wishenijarove their pronunciation in

general.

Most preferred the talking head, and when asked, wigny commented that it
was useful to see the lips. One reported that shddaprefer the audio version so
she was not distracted with visuals, but this vis@sanly comment in favour of the
audio alone. One user reported that the head madéehl as if he was practicing

with a real tutor. One user preferred audio aldng,showed an improvement in
speaking after using the head, and was worse aftelio, and showed no
improvement for listening. Another user slightlyefarred audio, but this user’s
pronunciation improved more from the head. Corelgrsthose who did not

improve using the head, still rated it as usefllef® was no correlation between
the users’ opinions and their scores. So in comahsthe talking head was

strongly preferred over audio alone by the majaitysers.

7.5.10 Study 3: Summary of Results

Most users showed an overall improvement from tad sf Session 1 to the end
of Session 2, although this improvement was noniggnt given the small
number of subjects. The standard deviation wadsh, hlgecause individual
variations caused fluctuations in scores. Theremeasignificant difference found
using T-tests (p = 0.1) between audio alone andalkeng head. On average over
all 17 users, there was an improvement after uthegtalking head, and after

audio alone, for listening and speaking.

Overall, for the listening test, audio alone gaveater improvement than the
talking head. An explanation for this result istttiee listening test performance is
improved by the practice of listening to the audimtrast. Visualization may not

help in this task because the animation may distraers from listening to the
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audio contrast. One user, who preferred the aueisian, did comment that the
animation was distracting. Another who moderatelgfgrred the audio version
commented that the motion in the animations was &l thought that sequential
photos would be better. Long animated sequences qaage learners to have
difficulty in remembering the entire process. Canstmotion can be disturbing,
and learning can improve when there are visuakyest memory is enhanced
when users can stop and think (Reeves et al. 20Q0@xefore for the listening

test, the audio alone gave higher improvement, usscdhis allowed users to
practise listening without the distraction of thenaation. Also, since the pre/post
tests involved listening to audio alone, withou¢ thid of visualization, it was

harder for the audiovisually-trained group, who Hads practice of listening

without visualization, whereas the audio-trainedugr had been trained to listen

with audio alone, so they performed better in théi@alone listening post-tests.

For speaking, the audio alone gave a higher impneve than the talking head for
/bl sounds, but the talking head was better thatoaior /p/ sounds. Therefore
the visualization was more helpful for /p/ than fof. This could be because this
talking head showed more emphasis for the /p/ sguindm observation of the
data-driven head, the /b/ sounds do not show ashripanovement as the /p/
sound, which had more prominent lip movements. Bbrsounds, the voicing
difference could be heard in the audio, so theabdlped more than the video for
/b/. Another explanation is that for Arabic speaké/ is easier to pronounce than
Ip/ , because the /p/ sound does not exist in thaive language (Thelwall et al.
1990), so they may pronounce /p/ as /b/. Also &mahese speakers the /p/ sound
Is unaspirated so it can sound like an Englisi{Hiaizan et al. 2005). Therefore it
could be expected that many of the participanthis experiment would find /b/
easier than /p/. The scores for /b/ and /p/ werdlaénsame range on average, due
to the diversity of the participants’ native langea and levels of English.
However, looking at those with the lowest scorbeytscored lower for speaking
/p/ than /b/ in the first pre-tests, so they hadenmom for improvement with
speaking /p/ than /b/. Therefore for those withdefinite difficulty, the

visualization was more beneficial.
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On average for the 4 lowest scoring users ovetal head was better than audio
for the speaking test, but audio was better thanhtad in the listening test. So
this result indicates that for those with a deérdifficulty in perceiving /p/ vs /bl,
the audio alone was more effective when practieinqaudio discrimination task,
but when practicing speech production, the visaéilin was more effective than
audio alone for teaching how to pronounce the ssuhidwever these findings
are limited, and would have to be repeated on taggeups to be able to give

significant results.

The talking head was strongly preferred over aathoe by the majority of users,
as shown by the final rows of Tables 7.29 and ABtre the Likert ratings were
all greater than 4, showing a preference of thdnglhead over the audio alone
(Appendix E.10 Question 13). The feedback on &l fimatures of the software
was positive, with many users reporting that theyught the talking head was

useful, realistic, and interesting to use.
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8 Conclusions and Future Work

This thesis has explored the application of visspéech in perception and
pronunciation training. It has developed and euveallia new software application
featuring a talking head as an aid for pronuncmpoactice in second language
learning, which is the first of its kind for BritisEnglish. This thesis has provided
empirical data which shows that learners liked gisialking heads in second
language learning, and some learners improved rmome using talking heads

than from audio alone.

This thesis investigated the development of thrakking heads and their
deployment in second language learning. Its coumtiob is to explore a range of
techniques, compare different approaches and spetddn the advantages and

disadvantages of the different approaches to agé#iking heads.

The studies began with a completely generic visdmen synthetic head, not
based on any person, with a synthetic voice. Rdrthe talking head were then
replaced with parts specific to one speaker: amotteeme-driven head was
created with a photo-based face, tongue positiased on MRI images of that
speaker, and the real voice of that speaker. Alrmv@us was acquired during a
research visit to the "Département Parole et Cagnit GIPSA-Lab, Grenoble,

comprising MRI, EMA and video data, which is thesfiof its kind for a British

English female speaker. Finally, collaborationhw@IPSA-Lab produced a new
data-driven head with facial geometry and lip mogata modelled on one British

English female speaker.

The quality of speech animation was evaluated imifitd Rhyme Tests, which
found all the synthetic heads to be more intellgiihan audio alone, though less
intelligible than real video. The non-photo-baseseme-driven head showed a
gain in intelligibility compared to audio speechora, and was almost as
intelligible as the video of a real speaker undeiilar noise conditions. Certain
visemes were confused with others, and could beettemtimore accurately, but
overall the visemes were identifiable. In a suljectnaturalness evaluation
survey, the visual speech of the non-photo-basseinwe-driven talking head was
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rated to be moderately natural. A Modified RhymestT®und the data driven
head to be more intelligible than the photo-baséseme-driven head. A
naturalness survey showed that the data driven ksl perceived as more
natural than the non-photo-based viseme head. Tiessdts show that the data
driven model is more accurate than viseme-drivdns TS because the viseme-
driven model is more generic, not entirely modelted real data, and only an
approximation of abstracted parameters, whereaddtaedriven model is derived
from real data from a video corpus of a specifieaiqer, and captures more

subtleties.

The efficacy of the talking heads in a tutoringteys was evaluated in three user
trials involving second language learners of Emgli§he studies aimed to
determine the benefit of visual speech in secomgjuage learning, and its

effectiveness as a teaching tool for this applicati

A pilot trial of the non-photo-based viseme-driieead was run with five native
Arabic speakers learning English as a second laygyuRositive feedback was
received from the students, who enjoyed using thiéware, and found the
visualization useful. Generally, there was an improent in speaking and
listening, from the first test to the final tesby footh groups. Overall the talking

head gave a more consistent improvement in proatianithan audio alone.

The photo-based viseme-driven head was trialled twib native Arabic speakers
learning English as a second language. The ushrthgtinternal view showed no
improvement, while the user with the external vighhowed some improvement.
Their questionnaire feedback showed that the uberggh that both the internal
and external views were useful. Previous studiese Head similar results, for
example, Baldi users reported they preferred tternial visualization to external
alone, although no significant difference was fohthssaro et al. 2003). More
research will be needed to show whether internabialization can make a

difference in learning pronunciation.

The data-driven head was evaluated in a crossoymrienent with 17 second-
language speakers, comparing the data-driven rggadst audio. Generally, there

was an improvement in speaking and listening, ftbenfirst test to the final test,
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for both groups. For the listening test, audio alogave slightly greater
improvement than the head. An explanation for tlsult is that the listening test
performance is improved by the practice of listgnio the audio contrast, and
visualization may not help in this task becauseahenation may distract users
from listening to the audio contrast. Therefore flois listening test, the audio
alone gave a higher improvement, because this etlavgers to practice listening
without the distraction of visualization. Incubatieffects were observed, as the
users improved their listening ability between te sessions. The order in
which the training was administered made a diffeeeto the users’ listening
performance. An interference effect was observdtresthose who had auditory
training first did not benefit from the audiovisuedining in their second session.
This suggests that for maximum benefit, the audigai training should be

administered first.

For the speaking test, some users showed more vement in the audiovisual
condition, while others improved more in the audandition. The visualization
may help with speech production, but although fidl #/ do have some visible
differences, this difference may not always be esdli enough to aid
discrimination: “The distinction between /p/ and/ /s not likely to be

disambiguated by visual cues as visual cues citlgy ihformation to the voicing

distinction.” (Hazan et al. 2002). The main diffece between /b/ and /p/ is in
voice onset time, and this difference may be male§rned by listening to the
contrast. The speaking results showed that thaummation of /p/ improved

more after audiovisual training, whereas /b/ imgemore from audio training.
A similar disparity was also found by (Hazan et 2005), who found that /r/
pronunciation improved more for the audiovisualnirag group than the audio
training group, but that /I/ pronunciation did not

The experimental findings are consistent with prasiresearch which found that
talking heads did not improve listening perceptimer audio alone. (Hazan et al.
2005) found that for the perception of the /l/fhtrast, audiovisual training was
not more effective than auditory training, and ¢gneatest increase in scores was

seen in the audio-trained group.
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The experimental results also support evidencettigacombining of audio with
visualization may be useful to some and not othieasge individual variations
were also experienced by (Hazan et al. 2005), whmd that some learners
improved their pronunciation significantly more thathers. “It is well known
that individuals vary significantly in terms of thépreading skills ... and also in
their ability to integrate auditory and visual infwation ... Indeed, it is plausible
that, for some learners at least, perceptual trgimill be more successful when
focused on a single modality, with the visual maglahcting as a distractor.”
(Hazan et al. 2005). Individual learners may usey different learning strategies.
Hazan and Kim investigated whether specific auditor cognitive skills were
linked to initial sensitivity to a novel phonetiortrast or to the degree of learning
following computer-based phonetic training, andnfduhat rate of learning was
not correlated with any of the auditory or cogretigkills tested (Hazan et al.
2010). Therefore it is difficult to predict whickedrners will benefit from

computer-based phonetic training.

These findings verify existing work, and extendyt showing that the findings
from the experiments by Hazan et al., which usddrahaudiovisual stimuli, are
also true for a synthetic talking head. These erparts have also extended the
range of phonemic contrasts which have been studieerall, no significant
improvement was found for any of the audio or audigal conditions, and in
each experiment no significant difference was fobatliveen the two conditions.
This is not only due to the small sample sizeslargk individual variations, but
also because over the short training periods, mpyavement in pronunciation is
likely to be very small. In each experiment, ondge was used for all of each
speaker’s responses, to keep the scoring consisteinmultiple judges could be
used, taking the average of their judgments. Th#atan of the experimental
results shows that it is difficult to measure prociation improvement in such a
precise way. The approach usually used by Enghbstgdage tutors is more
holistic, assessing the overall quality and ingdility of the speech. Many
teachers do not consider it important to test $pef@atures, because in real-life
situations the context allows learner to interpwdiat they hear, or to be

understood even if the sounds are not pronounceeatly. Moreover, testing
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oral skills is often difficult to administer givehe large number of students to be
tested (Bobda 2006). Future studies would be nwrgitudinal, training students
with the software over several months, involvingithown tutors and possibly
their examination scores from their usual Englesiguage classes to assess their

long-term improvement.

One benefit of visualization is to make learningrenmteresting. Animation can
bring learning points to life, and relevant imagémgreases retention (Shepard
1967). Even if there is very little visual diffelmn between /b/ and /p/, the
animated head makes the application more integestiruse, so users are more
motivated to concentrate. Fatigue may be reductukifepetitive practice is made
less boring with visual stimuli. Even though no nsfigant improvement was
found in listening or pronunciation, the feedback the questionnaires was
positive and the majority of users reported thayttiound the external and
internal visualization useful. These results @vasistent with previous studies
(Massaro et al. 2003). Baldi was used for /r/¥irting on 11 Japanese speakers.
Since /r/ and /Il have different tongue positionsauld be expected that internal
visualization would be helpful in their studies;wever, tests on Baldi did not
find a significant improvement, and no differencsviceen internal and external
visualization, although users said that they pretethe training with the internal
view. While studies to date have not shown a figamt difference from using
talking heads, this research and previous resdmred shown than users believe it
to be helpful. Since users like the talking heatt$ @njoy using the software, they
may be more motivated to use it for practice, armmtivation is an important
factor in pronunciation learning. Factors influeargcimotivation can be negative,
e.g. fear of derision (which would not occur usthg talking head, as tuition
could take place alone with the computer), andtpesie.g. desire to study for the
sheer pleasure of learning. A learner who is stsontptivated is more likely to
focus on the training, practise more, and succeeadproving their performance
(Dabic 2010). Computer-based instruction can pmvah increased level of
participation through interactivity, which leads togher levels of cognitive

engagement and therefore higher levels of reteiffiobias et al. 2011).
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This research has provided a tool for teaching ymoration, using a computer-
generated head to visualize internal articulatotionoin a way which cannot be
demonstrated by a human tutor alone. Evaluationshasvn that the software
improved perception and production, even if it whs audio modality which
helped more than the visualization, in some casiésough the experiments have
not shown definitively that the visualization impes performance over audio
alone, the feedback from users shows that thewidé& it is helpful. The software
can be useful for perception training, giving listey practice and feedback, and
by extension of learning perception, speech prodmatan be improved. The
application can be used in speaking practice whsees listen to sounds and then
try to reproduce them, and can listen to their awoordings to compare for
themselves their production against the exampleneSepeech recognition has
been incorporated to give feedback on pronunciaatthough it is not definitive
and does not give specific feedback tailored touker, so it cannot replace a
human tutor, but can be used as an aid to solia@gtice. A major benefit is that
students can use the software for practice outsideaching hours, in their own
time, at home or anywhere in the world. The salédied nature of computer-
based tuition can also lead to higher retentiornthascontent is followed at the
rate which suits the learner, who can stop anceketfbuilding internal models,
and relating new knowledge to existing knowledgel eepeat the lesson in a way
that is not possible in classroom-based tutoringlikket al. 1991; Tobias et al.
2011).

8.1 Future Work

A guestion to consider is why Computer Assistedduemge Learning (CALL) has
not yet been taken up by many users. A problerthas the technology for
providing feedback has not advanced enough toceplse need for human tutors,
and there are unsolved issues with the unnatusaloEsharacter embodiment.
The realism and believability of appearance, behavand interaction need to be

improved to increase acceptance of talking hedthtdogy.

Further work could improve the realism of the visspeech. The viseme-based

head was shown to be less intelligible than thex-datven head, with more
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confusion between visemes, so these could be nurerately modelled. For
example, a perceptual test based on the McGurktdfécGurk et al. 1976) could
help to identify weaknesses in the synthesis ofagervisemes (Cosker et al.
2005). Lazalde has shown that using separate visearegive better results than
a single B-M-P viseme (Lazalde 2010). Utteranceth wess mouth movement
were rated as less natural in the experiment inti@@e®.3, so adding extra
emphasis could increase the perceived naturaliMes® expressive speech could
appear to be more natural, because face and headmmats may distract
attention from the lips, as well as presenting mbfelike behaviour. The
perceived intensity of facial expressions can loesiased by increasing shape and
motion information, and including eye motion (Wallen et al. 2008). The
modelling of non-verbal behaviour could be improvém example, with more
realistic eyelid kinematics (Steptoe et al. 201Burther experiments could
investigate whether a more expressive talking heg@erceived as more realistic,
and whether this is preferred in the tutoring aggilon. Empirical studies (Reeves
et al. 1996) have found that people are inclineds¢e media as living and
animate, and there is a tendency to anthropomapblzects, for example,
inferring a positive attitude and personality frahe perception of a smiling
expression, so it is likely that more expressivdawor would increase the

illusion of humanity, and increase the acceptari¢heotalking head.

Future work could use the 3D MRI data collectedhi&a corpus to make the first
full 3D data-driven articulatory model of a Briti®nglish female speaker, using
similar techniques to those used for a French seakGIPSA-Lab (Badin et al.
2008). This would then produce a full 3D internati@xternal model of a British
English speaker to be used in a speech tutorinicapipn. Further experiments
would investigate whether the internal view with mnoaccurate articulation

modelling would give a greater improvement in légrmpronunciation.

Further studies on larger groups of participantddinvestigate whether a more
natural head has a greater effect on learning,cantt determine the benefits of
using talking heads in learning a language. Furtiadies could compare the
effects of various aspects of the animation oftétiing head, such as the impact

of more natural facial expressions. Longer trairpegiods would be required on
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larger groups of participants to determine whetheruse of talking heads can be

of benefit in learning pronunciation.

There are many different configurations and vagahlVhich could be investigated
further. Every speaker has their own articulatitmategy, and their own unique
facial geometry, and the data-driven head was nextleh only one speaker, so it
demonstrates how that person speaks, rather thawe Swleal” based on the
average articulations of many speakers. It maydssible that this particular
data-driven head improved learners’ pronunciatibmpb because this particular
speaker’s facial geometry and articulation stratggywed greater emphasis in the
production of /p/ sounds, making this speaker adgmndidate for demonstrating
that sound. Other speakers could have thinnemliygsmay not show as much lip
protrusion or movement, which could affect the hssurhe tutoring application
could be extended to include a wider range of segghesounds, and other
features of pronunciation, such as prosody. Fustudies could experiment with
other data-driven and viseme-driven heads, crastied different approaches and
a range of speakers. The synthetic heads couldrbpared against natural video,
as a baseline for realism. (Hazan et al. 2005)ddbat when comparing the Baldi
talking head against natural video, those train@ti e synthetic face showed
less improvement than those trained with audio dh wmatural audiovisual
stimuli, but this may be because the quality of $gathetic heads was not yet
sufficiently intelligible. The Modified Rhyme Tesis Chapter 5 found the data-
driven head to be more intelligible than the visaingen head, yet still not as
intelligible as natural video. It is expected thadre realistic movements would be
better for teaching pronunciation, so it is expedieat the natural video would
give better performance in tutoring than the exkrof the data-driven head,
which would be better than the external view of ileeme-based head. However,
the internal views of the synthetic heads coulcegin advantage, so these could

be used in training in addition to natural video.

A possible future study could experiment with exagging and slowing down
articulations, which is another possible benefitsghthetic heads, which could
make the correct lip and tongue positions easiese® than in natural imaging

techniques. Spectrographs show that the sound elangolved in the difference
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between /p/ and /b/ last only a few hundred mitisseds, and these rapid changes
can be too brief for dyslexic children to recogn{3traub 2001). Tallal found that
children with developmental language learning peoid are impaired in their
ability to process brief, rapidly successive acieustimuli, specifically in the tens
of millisecond time window. Children were trainemrecognize sounds by using
modified acoustic speech to amplify and temporaktend the brief, rapidly
successive cues, and through adaptive trainingspeech was gradually made
faster, until it was the normal rate. Trials fouhdt intensive daily training (two
hours a day, five days a week, for four weeks) Iteduin highly significant
improvements in speech discrimination and langya@eessing compared to a
control group (Tallal 2001). A similar approachuttb be extended to visual
stimuli, and studies could investigate whether sldwlown, hyper-articulated
speech animation could improve learning better thaturally-articulated speech

animation.

A future direction for research would be for théoting system to give better
feedback to the users, and to achieve this, a raocerate speech recognition
system would need to be integrated. For exampleynhédden Markov model
(HMM) recognisers can output a goodness-of-fit piulity score indicating how
acoustically similar an utterance is to a pre-defiideal (Green et al. 2003). This
would allow the system to rate more precisely htogaly a learner’s production
matches the target the recogniser has been treorexpect, for example, a model
British English speaker’'s production. Visual feeclhbacould be tailored to
represent the user’s score, which would give therns@al target to aim towards,
and an indication of their own improvement, as usethe Ortho-Logo-Paedia
articulation program, which provides immediate wisteedback on performance,
which can be “right’/"'wrong” or graduated (Hatzi$ al. 2003). Research in
speech therapy suggests that feedback must beahditory and visual (Palmer
2004). An interesting direction for future reseawabuld be visual feedback based
on analysis of the users’ articulator movementse @pproach is to use acoustic-
to-articulatory inversion (Ben Youssef 2011) ttowal the system to infer which
articulator movements the user has made from asabfsthe acoustic signal.

Alternatively, computer vision techniques can bedjssince machine-based lip-
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reading systems can now outperform human lip-readéitder et al. 2009). It has
been shown that acoustic-to-articulatory inversgam be improved by adding
visual features extracted from the speaker's faa®,important articulatory
information can be extracted using only a few faai@asurements (Kjellstrom
2009). Tongue movements can then be reconstruobed the audio and video
information (Kjellstrom et al. 2006). Then the fallx head could display the
user's own movements, and display what the comemtements should be for
comparison, and give appropriate instruction spetofthat user. If such a system
could give accurate feedback to a user, then tbiddcbe of great benefit in
practicing speech without the presence of a hurator and would be a major
benefit of using talking heads in addition to ttamtial methods.
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Appendix A: International Phonetic Alphabet

Figure A.1: International Phonetic Alphabet Chart, reproduced with permission

(International Phonetic Association 2005)
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Appendix B: Speech Tutoring Application

Screenshots

Figure B.1: Introduction

Figure B.2: Listening Practice: Sounds
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Figure B.3: Listening Practice: Words

Figure B.4: Listening Practice: Phrases
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Figure B.5: Listening Test: Sounds

Figure B.6: Listening Test: Words
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Figure B.7: Speaking Practice: Sounds

Figure B.8: Speaking Practice: Words
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Figure B.9: Speaking Practice: Phrases

Figure B.10: End of Lesson
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Appendix C: Words for Video Corpus

C.1: Phrases for tutoring application

All the phrases used in the tutoring applicatiod amcorded in the video corpus

are listed below.

Hello!

Welcome to today's lesson.

Work your way through the sections.

correct

incorrect

Click on a letter to listen to its sound.

b@

p@

. Click on a word to listen to its sound.

10.Bat

11.Back

12.Bore

13.Rubber

14.Stub

15. Pat

16.Pack

17.Poor

18. Supper

19. Stop

20.Click on a phrase to listen to its sound.

21.Betty Botter bought some butter.

22.But she said the butter's bitter.

23.1f I put it in my batter it will make my batter bdr.
24.But a bit of better butter will make my batter leett
25. Peter Piper picked a pack of pickled peppers.
26. A pack of pickled peppers Peter piper picked.
27.1f Peter Piper picked a pack of pickled peppers,
28.Where's the pack of pickled peppers Peter Pip&ediz
29.Click on the Play button and then click on thedettou hear.
30. Click on the Play button and then click on the wgod hear.
31.By

© NGOk wWwDdPRE
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32.Ban

33.Pie

34.Pan

35.Click on a letter and repeat what you hear.
36. Press the Start Recording button to record youreroi
37.Then play your recording.

38. Put your lips together.

39. Using your voice, open your lips.

40.Repeat after me...

41.b@, b@, b@:

42.0pen your lips with a puff of air.

43.p@, p@, p@

44.Click on a word and repeat what you hear.
45.Click on a phrase and repeat what you hear.
46. Well Done!

47.You have reached the end of the lesson.
48. Goodbye!

C.2: MOCHA -TIMIT subset

The subset of sentences from the MOCHA-TIMIT corpi8rench 1999)

recorded in the video corpus is listed below.

011. He will allow a rare lie.

014. Before Thursday's exam, review every formula.
035. Help celebrate your brother's success.

037. Critical equipment needs proper maintenance.
038. Young people participate in athletic actiwtie

077. Bagpipes and bongos are musical instruments.
109. Birthday parties have cupcakes and ice cream.
158. Our experiment's positive outcome was unexplect
241. Clear pronunciation is appreciated.

438. The fifth jar contains big, juicy peaches.
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Appendix D: Stimulus Words of MRT

The 300 Stimulus Words of the Modified Rhyme Té&eyer Sound 2010):

1 went sent bent dent tent rent

2 hold cold told fold sold gold

3 pat pad pan path pack pass
4 lane lay late lake lace lame

5 Kit bit fit hit wit sit

6 must bust gust rust dust just

7 teak team teal teach tear tease
8 din dill dim dig dip did

9 bed led fed red wed shed
10 pin sin tin fin din win

11 dug dung duck dud dub dun
12 sum sun sung sup sub sud
13 seep seen seethe seek seeny seed
14 not tot got pot hot lot

15 vest test rest best west nest
16 pig pill pin pip pit pick

17 back bath bad bass bat ban
18 way may say pay day gay

19 pig big dig wig rg fig

20 pale pace page pane pay pave
21 cane case cape cake came cave
22 shop mop cop top hop pop
23 colil oil soll toil boil foll

24 tan tang tap tack tam tab

25 fit fib fizz fill fig fin

26 same name game tame came fame
27 peel reel feel eel keel heel
28 hark dark mark bark park lark

29 heave hear heat heal heap heath
30 cup cut cud cuff Cuss cud

31 thaw law raw paw jaw saw

32 pen hen men then den ten

33 puff puck pub pus pup pun

34 bean beach beat beak bead beam
35 heat neat feat seat meat beat
36 dip sip hip tip lip rip

37 Kill kin Kit kick king kid

38 hang sang bang rang fang gang
39 took cook look hook shook book
40 mass math map mat man mad
41 ray raze rate rave rake race
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42 save same sale sane sake safe

43 fill Kill will hill till ill

44 sill sick sip sing sit sin

45 bale gale sale tale pale male

46 wick sick kick lick pick tick

47 peace peas peak peach peat pea

48 bun bus but bug buck buff

49 sag sat sass sack sad sap

50 fun sun bun gun run nun

D.1: MRT words used in Intelligibility Test 1. Audio Alone

Yellow shading indicates the chosen word usedertaist.

Test MRT Sound Initial

stimulus| List tested| (i) or

number | number Final
(f)

1 27 peel | reel | feel| eel keel| heel p [

2 35 heat | neat fealseat | meat| beaf s [

3 36 dip sip | hip | tip lip rp h i

4 38 hang| sang bang|rang | fang | gangb [

5 39 took | cook| lookl hook shook| book| sh i

6 42 save| sam| sale | sane| sakel safe | f

7 43 fill kil | will | hill till bill  w [

8 46 wick | sick | kick| lick | pick | tick | p i

9 47 peace peas| peal peach| peat | peal| ch f

10 48 bun | bus | but| bug buck buff n f

11 27 peel | reel | feel | eel keel | hee] r i

12 35 heat | neaf feat | seat | meat bedgt f i

13 36 dip sip hip | tip |lip rp I i

14 38 hang| sang bangang | fang | gang| g [

15 39 took | cook look hook | shook book| h [

16 42 save | same¢sale | sane| sake safe v f

17 43 fill Kill | will [hill till bill |t [

18 46 wick | sick | kick | lick | pick | tick | k [

19 47 peace peas| peak peach| peat | peal| s f

20 48 bun |bus | but | bug | buck| buff s f
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D.2: MRT words used in Intelligibility Test 1: Synthetic Talking
Head (THVN)

Test MRT Sound Initial

Stimulus| List tested| (i) or

number | number Final
(f)

1 4 lane | lay | late lake| lacg lame| m f

2 7 teak | team teal teach| tear | teasech f

3 11 dug | dundg duck | dud | dub | dun| Kk f

4 13 seep| seen seef seek| seemseed| k f

5 15 vest | test | rest best west nest v i

6 16 pig | pill | pin pip | pit pick | | f

7 17 back| bath| bad | bass | bat ban| s f

8 18 way | may| say pay | day | gay| s [

9 21 cane| casq cape | cakel camecave| p f

10 22 shopl mop cop top| hop | pop | h [

11 30 cup | cut | cud cuff| cus§ cud p f

12 31 thaw | law | raw paw | jaw | saw| th [

13 33 puff | puck| pub pus | pup| pun| f f

14 37 kil | kin | kit kick | king | kid | ng f

15 40 mass math map | mat | man| mad p f

16 41 ray | raze| rate raveg rake rage vy f

17 44 sill | sick | sip sing | sit sin p f

18 45 bale| gale] sale|tale | pale | malet i

19 49 sag | sat sass sack sgsap | p f

20 50 fun | sun| bun gunjrun | nun | r [
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D.3: MRT words used in Intelligibility Test 1: Natural Video

Test MRT Sound Initial

Stimulus| List tested| (i) or

number | number Final
(f)

1 1 went | sent | bent | dent| tent| rent] b [

2 2 hold | cold | told | fold | sold | gold| c [

3 3 pat pad pan | path | pack| pass th f

4 5 kit bit fit hit |wit | sit f i

5 6 must | bust| gust rust dugjust | ] [

6 8 din dill dim | dig |[dip | did p f

7 9 bed led fed [red | wed | shed] r i

8 10 pin sin tin fin | din [win |w i

9 12 sum | sun sung| sup| subl] sud n f

10 14 not tot got | pot | hot | lot p i

11 19 pig big |dig | wig | rig fig d i

12 20 pale | pace| page panheay |pave | Vv f

13 23 coil | oil soil | toil |boil |foil |o [

14 24 tan tang| tap tack tan] tab b f

15 25 fit fib fizz |fill |fig fin z f

16 26 same| nam{ game| tame| came| fame | g i

17 28 hark | dark| mark bark parlark || [

18 29 heave hear | heat | heal| heap heath f

19 32 pen hen mer then | den | ten th(d) i

20 34 bean| beach| beat | beak bead| beamch f
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D.4. MRT words used in Intelligibility Test 2: Audio Alone

Test MRT Sound Initial

Stimulus| List tested| (i) or

number | number Final
(f)

1 27 peel | reel | feel | eel keel| heel p [

2 47 peace peas| peaK peach| peat | peal| ch f

3 35 heat | neat feat | seat | meat| beat f [

4 46 wick | sick | kick | lick | pick | tick | k [

5 38 hang| sang banrang | fang | gangr [

6 12 sum | sun |sung| sup sub sud ng f

7 3 pat pad | pan|path | pack | pass th f

8 2 hold | cold| told| fold |sold | gold| s i

9 39 took | cook| look| hook| shookbook]t [

10 42 save | same| sale | sane| sake safe m f

11 8 din |dill |dim |dig dip did | | f

12 48 bun | bus | but | bug | buck buff n f

13 28 hark | darkl mar| bark | park | lark| b [

14 43 fill kil | will |hill till bill  w [

D.5: MRT words used in Intelligibility Test 2: Viseme-Driven
Synthetic Talking Head (THVP)

Test MRT Sound Initial

Stimulus| List tested| (i) or

number | number Final
(f)

1 40 mass mathmap | mat | man| mad p f

2 7 teak | teamteal |teach|tear | teasech f

3 33 puff | puck | pub pus | pup| pun| f f

4 13 seep| seen seet seek | seemseed| k f

5 50 fun | sun | bun gunfrun | nun | r i

6 37 kil | kin | kit kick | king | kid | ng f

7 31 thaw | law | raw paw | jaw | saw| th i

8 18 way | may| say pay | day| gay| s [

9 4 lane | lay | late lake | lace| lamet f

10 18 way | may | say pay | day| gay m [

11 31 thaw| law | raw paw | jaw | saw| | [

12 50 fun | sun| bun gun| runjnun | n i

13 45 bale | gale| sale tale| pale malb i

14 15 vest| test| rest beg west | nest| w [
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D.6: MRT words used in Intelligibility Test 2: Data-Driven
Synthetic Talking Head (THD)

Test MRT Sound Initial

Stimulus| List tested| (i) or

number | number Final
(f)

1 21 cane| cas€g cape| cakg camg cave p f

2 22 shop| mop| cop| top| hop| pop sh [

3 30 cup | cut | cud|cuff |cuss| cud| f f

4 49 sag | sat sasy sack | sad sap| Kk f

5 36 dip | sip hip | tip lip |rip r i

6 44 sill | sick | sip |sing | sit sin ng f

7 17 back| bath | bad | bass bat ban th f

8 41 ray | raze| rate| rave rakjrace | s f

9 4 lane | lay |late | lake| lace | lame t f

10 22 shop| mop | cop | top | hop| pop| m [

11 16 pig |pill |pin |pip | pit pick | | f

12 11 dug | dung duck dud duldun | n f

13 19 pig |big |dig | wig | rig fig b [

14 1 went| sent| bent| dent tent rent w [

D.7: MRT words used in Intelligibility Test 2: Natural Video

Test MRT Sound Initial

Stimulus| List tested| (i) or

number | number Final
(f)

1 14 not tot got |pot | hot | lot p [

2 34 bean | beach| beat | beak bead| beam ch f

3 5 kit bit fit hit |wit | sit f [

4 26 same| nam¢ game| tame| came| fame | ¢ i

5 9 bed led fed [red | wed | shed] r i

6 24 tan |tang | tap tackl tam| tab ng f

7 32 pen hen men then | den | ten th(d) i

8 23 coil | oil soil | toil | boil | foil |s [

9 29 heave hear | heat | heal| heap heath f

10 6 must | bust | gust] rusf dust just m i

11 20 pale | pace| pag| pane| pay | pave| n f

12 25 fit fib fizz | fill  |[fig fin I f

13 23 coil | oll soil | toil | boil |foil |b [

14 10 pin sin tin fin | din [win | w [
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Appendix E: Tutoring Study Stimuli

E.1: Study 1 Listening Pre/Post Test Stimuli
1. path
2. bath
3. best
4. pest
5. bit
6. pit
7. bop
8. pop
9. pun
10. bun
11. tab
12. tap
13. nip
14. nib
15. hob
16. hop
17. pub
18. pup
19. cob
20. cop
E.2: Study 1 Pre/Post Test Speaking Words:
1. pair
2. bear
3. pond
4. bond
5. sub
6. sup
7. cub
8. cup
9. rp
10. rib
11. beep
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12.
13.
14.
15.
16.
17.
18.
19.
20.

m
W

© © N o g bk~ 0 Dd e

I I
A

peep
beach
peach
pin
bin
pill
bill
bale
pale

Study 1 Pre/Post Test Speaking Phrases

Bagpipes and bongos are musical instruments.
It's absorbed into the bloodstream.

The benefits claimed in the report were substant
The team involved in the project avoided thebfam.
The blackberries were baked in a pie.

Help celebrate your brother's success.

Our experiment's positive outcome was unexpected
A batch of biscuits was in the box.

Young people participate in athletic activities.
Clear pronunciation is appreciated.

Birthday parties have balloons and banners.

Basic equipment needs proper maintenance.
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E.4:. Study 1 User Questionnaire

Part 1: Personal Information

1.In what age group are yo
O 19 and under

O 20-29

O 30-39

O 40-49

O 50-59

O 60 +

2. Gender:

O Male

O Femalt

3. Please ate your level of Englist
IELTS Level:

4. Please state your primary or native language.

Part 2: General Questions
1. What have you found most difficult in learnipgpnunciation?

2. What particular aspects of learning pronunciatiio you think software
could be useful for?

3. Have you used any other pronunciation softveafere? If so, please give
details.
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Part 3: To be completed after software use

After using the software, please indicate the e which you agree or disagree

with the following statements:

SD = Strongly Disagree

D = Disagree
N = Neutral
A = Agree

SA = Strongly Agree

This software was helpful in learniO SDO DO NO A O SA
pronunciation

| found the external view helpful OSDO DO NO A O SA
| found the internal view helpful OSbDO DO NO A O SsA
| found the listening practice helpful OsSDO DO NO A O sA
| found the listening test helpful OSDO DO NO A O sA
| found the speaking practice helpful O SDO DO NO A O SA
| found the recording function helpful O SDO DO NO A O SA
The content of the lesson matched O SDO DO NO A O SA
needs

This software is easy to use OSDO DO NO A O SA
This software is engaging OSDO DO NO A O SsA
The talking head appeared natural OsSDO DO NO A O SsA
This software is satisfying to use. OsSbDO DO NO A O sA
4. What particular aspect(s) of this softwareyhd like?

5. What particular aspect(s) of this softwareybd dislike?

6. Do you have any suggestions for improvement?
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m
o

m
o

Study 2 and 3 Pre/Post Test Listening Words

path
bath
big

pig

bit

pit

bark
park
. pun
10.bun
11.tab

12.tap

13.sub
14.sup
15.bale
16.pale
17.pub
18.pus
19. best
20.pop

© o NGOk wWDdPRE

Study 2 and 3 Pre/Post Test Speaking Words

bond
pull
beep
peat
bang
rib
peep
hob

. pond
10. pay
11.rip
12.symbol
13.board
14. bull

© o No Ok wdPRE
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m
\l

15.bay
16.hop
17.poured
18.beat
19.pang
20.simple

Study 2 and 3 Pre/Post Test Speaking Phrases

| would like to put the bath here.
| brought a bin

| put the bills on the table.

Put this blanket on your back.

| put the cub in the basket.
Look at how big that bear is!
Did you see that pike?

Her buns are awful.

| will put the patch here.

10.He has too many pets.

11.1 would like to put the path here.
12.1 brought a pin.

13.1 put the pills on the table.

14.1 put the cup in the basket.
15.Did you see that bike?

16. Put this blanket on your pack.
17.1 will put the batch here.
18.Look at how big that pear is!
19. Her puns are awful.

20.He has too many bets.

© 0N Ok WDdDPE
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E.8: Study 2: User Feedback after using Pronunciation

Software Version | (internal and external visualization)

1. Participant ID:

After using the Pronunciation Assistant softwarksape indicate the extent to

which you agree or disagree with the following esta¢nts.
2. The Pronunciation Assistant software was helpfléarning pronunciation.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree  disagree agree agree agree Applicable

e C C C B C e C

3. | found the external view of the talking heady(dip and tongue movements

viewed from the front) helpful.

Strongly Moderately Slightly Slightly ModeratelyStrongly Not
: : . Neutra :
disagree disagree  disagree agree agree agree Applicable

» C e C E C » C

4. | found the internal view of the talking headg(dip and tongue movements
viewed from the side) helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra .
disagree disagree disagree agree agree agree Applicable

C C L C C L C C

5. The talking head looked realistic.

Strongly Moderately Slightly Slightly Moderately Strongly Not
: : . Neutra .
disagree disagree  disagree agree agree agree Applicable

» C L C B L » C

6. The speech animation appeared natural.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra .
disagree disagree disagree agree agree agree Applicable

Page 164



Visual speech in technology-enhanced learning

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: : . eutra ;
disagree disagree  disagree agree agree agree Applicable

e e € e e L e e
7. 1 found the listening practice with the talkingad helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra .
disagree disagree disagree agree agree agree Applicable

C C L C C L C C

8. | found the listening test with the talking hewdpful.

Strongly Moderately Slightly Slightly Moderately Strongly Not
: : . Neutra .
disagree disagree  disagree agree agree agree Applicable

» C e C E C » C

9. | found the speaking practice with the talkirggatl helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree disagree agree agree agree Applicable

» C E C B C » C

10. | found the recording function in the Pronutioma Assistant software helpful.

Strongly Moderately Slightly Slightly ModeratelyStrongly Not
: : . Neutra :
disagree disagree  disagree agree agree agree Applicable

C C L C C L C C

11. The Pronunciation Assistant software is int@mggo use.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree disagree agree agree agree Applicable

e C C C B C e C

12. The Pronunciation Assistant software is satigfyo use.

Strongly Moderately Slightly Slightly ModeratelyStrongly Not
: : . Neutra :
disagree disagree  disagree agree agree agree Applicable

C C L C C L C C
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13. The content of the lesson matched my needs.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra .
disagree disagree disagree agree agree agree Applicable

C C L C C L C C

14. What did you like about this software?
15. What did you dislike about this software?

16. Do you have any comments or suggestions foraugment?

E.9: Study 2 and Study 3: User Feedback after using

Pronunciation Software Version X (external visualization)

1. Participant ID:

After using the Pronunciation Assistant softwarkeape indicate the extent to

which you agree or disagree with the following eta¢nts.
2. The Pronunciation Assistant software was helpflg#arning pronunciation.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: : . eutra ;
disagree disagree  disagree agree agree agree Applicable

» C E C B C » C

3. | found the external view of the talking heady(dip and tongue movements
viewed from the front) helpful.

Strongly Moderately Slightly Slightly Moderately Strongly Not
: : . Neutra .
disagree disagree  disagree agree agree agree Applicable

» L i L L » L

4. The talking head looked realistic.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra .
disagree disagree disagree agree agree agree Applicable

C C L C C L C C
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5. The speech animation appeared natural.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra :
disagree disagree  disagree agree agree agree Applicable

C C L C C L C C

6. | found the listening practice with the talkingad helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree  disagree agree agree agree Applicable

e C C C B C e C

7. 1 found the listening test with the talking hesedpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree  disagree agree agree agree Applicable

» C e C E C » C

8. | found the speaking practice with the talkireatl helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree  disagree agree agree agree Applicable

» C E C B C » C

9. | found the recording function in the Pronuno@atAssistant software helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree  disagree agree agree agree Applicable

» C e C E C » C

10. The Pronunciation Assistant software is int@mgdo use.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree  disagree agree agree agree Applicable

» C E C B C » C
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11. The Pronunciation Assistant software is satigfyo use.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra .
disagree disagree disagree agree agree agree Applicable

C C L C C L C C

12. The content of the lesson matched my needs.

Strongly Moderately Slightly Slightly Moderately Strongly Not
: : . Neutra .
disagree disagree  disagree agree agree agree Applicable

» C L C B L » C

13. What did you like about this software?
14. What did you dislike about this software?

15. Do you have any comments or suggestions foraugment?

E.10: Study 3: User Feedback after using Pronunciation

Software Version A (audio alone)

1. Participant ID:

After using the Pronunciation Assistant softwarksape indicate the extent to

which you agree or disagree with the following esta¢nts.
2. The Pronunciation Assistant software was helipfléarning pronunciation.

Strongly Moderately Slightly Slightly Moderately Strongly Not
: : . Neutra .
disagree disagree  disagree agree agree agree Applicable

» L i L L » L

3. | found the listening practice with the Pronaticin Assistant software helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra .
disagree disagree disagree agree agree agree Applicable

C C L C C L C C
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4. | found the listening test with the Pronunciatissistant software helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . ) eutra .
disagree disagree disagree agree agree agree Applicable

C C L C C L C C

5. | found the speaking practice with the PronuimieAssistant software helpful.

Strongly Moderately Slightly Slightly Moderately Strongly Not
: : . Neutra .
disagree disagree  disagree agree agree agree Applicable

» C L C B L » C

6. | found the recording function in the Pronuno@atAssistant software helpful.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree disagree agree agree agree Applicable

» C E C B C » C

7. The Pronunciation Assistant software is inténgsio use.

Strongly Moderately Slightly Slightly ModeratelyStrongly Not
: : . Neutra :
disagree disagree  disagree agree agree agree Applicable

» C e C E C » C

8. The Pronunciation Assistant software is satigfyto use.

Strongly Moderately Slightly N Slightly Moderately Strongly Not
: . : eutra -
disagree disagree disagree agree agree agree Applicable

» C E C B C » C

9. The content of the lesson matched my needs.

Strongly Moderately Slightly Slightly ModeratelyStrongly Not
: : . Neutra :
disagree disagree  disagree agree agree agree Applicable

» C e C E C » C

10. What did you like about this software?

11. What did you dislike about this software?
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12. Do you have any comments or suggestions foraugment?

13. If this is your 2nd session, and you have usédferent versions, which did

you prefer?

Strongly Moderatelysnghtly Slightly Moderately Strongly
prefer . prefer prefer prefer Not
. prefer audic. " Neutra,_, . prefer . .
audio audio talking . alking Applicable
alone talking hea
alone alone head ead
C E E E E E L C

14. If you prefer one version, please comment oy. wh
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