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Abstract

Visemes are the visual equivalent of phonemes. Although/not preeisely defined,
a working definition of a viseme is “a set of phonemes which have identical
appearance on the lips”. Therefore a phoneme falls into one viseme class but a
viseme may represent many phonemes: a many.to one mapping. This mapping
introduces ambiguity between phonemes when“using viseme classifiers. Not
only is this ambiguity damaging to the petrformance of audio-visual classifiers
operating on real expressive speech, there is also considerable choice between
possible mappings.

In this paper we explore the issue of this choice of viseme-to-phoneme map.
We show that there is definite' difference in performance between viseme-to-
phoneme mappings and explore why some maps appear to work better than
others. We alsondevise a new algorithm for constructing phoneme-to-viseme
mappings ffom labeled speech data. These new visemes, ‘Bear’ visemes, are
shown_to perform better than previously known units.
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1. Introduction

Recognition and synthesis of expressive audio-visual speech has proven to be
a most challenging problem. When comparing audio-visual speech with acoustic
recognition, one can identify several sources of difficulty. Firstly, the visual
component of speech brings new problems such as pose, lighting, frame rate;
resolution, and so on. Secondly, old problems in acoustic recognition, such as
person specificity or the optimal recognition units, appear in new ways,in the
visual domain. While some of these aspects have been partially/studied, progress
has been hampered by very small datasets. Furthermoregreliable tracking has
eluded many researchers which in turn has led to sub-optimal feature extraction,
consequent poor performance and hence, incorrect‘eonclusions about the parts
of the problem that are tractable or intractable. Asfurther challenge is the lack
of consensus on the recognition units and it is commonplace to need to compare,
say, word error rates with viseme error rates'eomputed from a different set of
visemes. Our contention is that progress in\expressive audio-visual speech will
remain stunted while this fundamental uncertainty remains. In this paper we
review the choice of visual recognition’units and provide a comprehensive set of
evaluations of the competing phoneme-to-viseme mappings. We give guidance
on what works wellLand provide explanations for the differences in performance.
We also devise dew algorithms for selecting optimal visual units should this be
desired.

We should note that while this paper tends to focus on visual-only recog-
nitiony or lipreading, this aspect is by far the most challenging so progress on
lipreading can be used to provide more useful audio-visual systems.

The rest of this paper is structured as follows: we discuss the current re-
strictions on a conventional lipreading system and identify the limitation of
each upon the system. We then study the current sets of published visemes,
before presenting a new speaker-dependent clustering algorithm for creating
sets of visemes for individual speakers. We show that creating these speaker-

dependent visemes follows from simple clustering and merge algorithms. These
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new visemes are tested on both isolated words and continuous speech datasets
before we evaluate the efficacy of the improved performance against the extra
investment into a new lipreading system. Since it is computationally simple to
develop these speaker-dependent visemes we contend they are also a useful step
in the analysis of speaker variablity which itself is one of the more challenging

problems in general lipreading.

2. Limitations in lipreading systems

It is often said that lipreading is difficult because not.allysounds appear
on the lips'. This is true but in reality there are a ntmber of problems that
can corrupt the lipreading signal even before one reaches the problem of trying
to decode the visual signal. Table 1 provides a taxonomy of the challenges in
lipreading. Some of them relate to the problems.of extracting useful information
from the visual signal whereas some appearlater in the signal processing chain
and relate to the coding and classification of the visual signal.

Motion is an important partiof,almost all realistic settings. It is therefore
essential to have either some form ofitracking or to devise features that are in-
variant to non-informational motions. An early dataset which captured speaker
motion (not camera’motion)yis CUAVE [37]. Lipreading experiments on this
dataset such as38] examine two different features, one based on the Discrete
Cosine Transform (DCT) and another on the Active Appearance Model (AAM).
The AAM (which can be shape-only, appearance-only or shape and appearance
models) [4} sometimes preceded by Linear Predictors (LP) [2]. An AAM [4]
is a model/rained on a combination of shape and/or appearance information
from a/subset of video frames. The model is usually built from video frames
manually labeled with landmarks which are chosen to cover the full range of
motion throughout the video. In [38] they prefer the DCT but note that there

were implementation difficulties with the AAM which meant it was improperly

L[1] compares the performance of a system that measures, via electromagnetic articulogra-

phy, the hidden and visual parts of the mouth so the extent of this statement can be quantified.
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Table 1: Challenges to successful machine lipreading. Each challenge has some references.

Evaluation Previously studied?
Motion Yes, [2, 3, 4]

Pose Yes, [5, 6, 7, 8,9, 10, 11]
Expression Yes, [6, 7]

Frame rate Yes, [12, 13]

Video quality Yes [14, 15, 16]

Color Yes, [9]

Unit choice Yes, [17, 18, 19, 20421]
Feature Yes, [22, 23, 24/4, 3]
Classifier technology | Yes, [25, 26,27, 17, 28]
Multiple persons Yes, [29, 30, 31, 32]
Speaker identity Yes, [33, 34, 35]

Rate of speech Yes,\[36,21]

tracked. Further lip-reading experiments on CUAVE [39] clarifies how challeng-
ing comparing results is, because there is no agreed evaluation protocol which
could account for the motion challenge/face alignment. This is attributed to
their partial success with-particular speakers.

The majority, of automatic lipreading systems use a frontal pose in which
the speaker’s¥acial place is normal to the principal ray of the camera. However
in [7] for example, an improvement in expression recognition is seen by both
computers and humans when the pose is rotated to 45°. Other work [8, 9], looks
more specifically at visual speech recognition and suggests that a profile view
of ‘amspeaker may not lead to catastrophically low accuracies. This observation
is/consistent with [10] which measures human sentence perception from three
viewing angles: full-frontal view (0°), angled view (45°), and side view (90°).
In this single-subject study a post-lingual deaf woman was tested to measure
accuracy at the three angles independently. The three angles were randomly

presented in every lipreading session. The results indicated that the side-view



7%

80

85

90

95

100

angle is most effective. A model for pose-mismatched lipreading is presented
in [11] in which it is shown that without training data at the correct pose, the
recognition accuracy falls dramatically. However, the authors also show that
this can be mitigated by projecting the features back to a canonical pose. This
transformation principle is also used in [5] which presents a view-independént
lipreading system. This investigation uses a continuous speech corpus compared
to the small vocabulary dataset in [11]. This later study acknowledgés @ human
lipreaders preference for a non-frontal view and suggests it could"be attributed
to lip protrusion. They show that the 45° angle is preferable. \In short, when it
comes to pose, there is evidence that it can be accounted forgand need not be
insurmountable. Therefore, for this work we stick to frontal-pese.

Expression can be difficult to disentangle{withy the/ spoken word when
lipreading natural speech. Smiling (a happytexpression) has an known effect
on lip motions during speech [40]. Effects.on thevinner, outer lips and lip pro-
trusions have been measured in [41] who shews that smiling during speech (par-
ticularly vowels) places a restriction on lip motion with greater demand placed
on the inner lips as variation in outer lips and lip protrusion is reduced. This in
turn creates a greater challengexwhen lipreading non-neutral speech as gestures
become less distinct. Furthermore, expression also effects the temporal property
of speech [42, 43]s. When aparticular phoneme is uttered, its duration can be
shortened (for/example when angry and vowels particularly become shorter) or
elongatedyfor example when a speaker is sad.

Torthe bestyof our knowledge there is no systematic study which specifically
investigates lipreading expressive speech. Rather, tasks focus on either, synthe-
Sizing ekpression in faces [44, 45, 46] or expression recognition during speech
[47, 48, 49].

Studies such as [12] on the effect of low video frame-rate on human speech
intelligibility during video communications, suggest that lower frame rates, if
they are visible to the speaker, encourage humans to over-articulate to com-
pensate for the reduced visual information available, akin to a visual Lombard

effect. Accuracy is maximized when the same frame rate is used for both train-
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ing and testing [13]. They further recommend that when the training data
cannot be recorded at the same frame rate as the test data, then it is best if
the training data has a higher frame rate (for feature extraction) than the test
data. A further observation is that word classification rates vary in a non-linear
fashion as the frame rate is reduced.

When it comes to dependence of lipreading on video quality, an investiga=
tion into the effects of compression artifacts, visual noise (simulatedwith white
noise) and localization errors in training is presented in [15], and-in"[16]. The
authors undertake two experiments, of which the first includes some attention to
spatial resolution (the number of pixels). However, here, tesolution varies along
with other parameters. Neither of these papers considersthe.siimple removal of
information from a smaller image compared to adarger,.one. A more systematic
study of resolution can be found in [14] in which=video of varying resolution is
parameterized using AAMs [50]. This werk shows that machines can lipread
continuous speech with as little as two pixels per lip.

With regard to color, it has been surprisingly under used. In [9] algorithms
are derived which contain three keyncomponents: shape models, motion models,
and focused color feature detectors. In early works it was common to use colored
lip-stick or markers $6~help,track the lips (tracking remains challenging) but
many authors convertithe image to grayscale and use grayscale features.

Unit choice refers to the question of whether to use phonemes, visemes,
words or something else. Classifiers built on phonemes [18], visemes [19], and
words/[20] have all been previously presented. Sometimes the unit choice is
linked to,the’problem: word classifiers often use word units, whereas continuous
speech has to use phonemes or visemes. It is essentially a trade-off since using
phonemes means accepting that there will be units that do not appear on the
lips (the words “bad”, “pad”, and “mad” are usually said to be visually indis-
tinguishable) whereas using visemes leads to better unit accuracy but there is
then the problem of homopheny (words that have identical visemic transcrip-
tions but different spellings). One study has reviewed how the unit selection

affects recognition in relation to the unit selection of the supporting language
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model [21] and have shown that phoneme networks work best for both phoneme
and viseme classifiers. However the practical reality is that many systems use
visemes and there is need to resolve which choice of visemes works best. Com-
parative studies such as [17] have attempted to compare some previous viseme
sets but, these often only consider a few different sets rather than the gulf
available.

Lan et al. present in [24] a comparison of different features first presented
in [4]. Revisited in [3], AAM features are produced as either model-based (using
shape information) or pixel-based (using appearance information). I [24] Lan
et al. observed that state of the art AAM features with appearance parame-
ters outperform other feature types like sieve features, 2D BET, and eigen-lip
features, suggesting appearance is more informativesthan shape. Also pixel
methods benefit from image normalisation to‘femove shape and affine variation
from region of interest (in this example,ythe mouth and lips). The method in
[24] classified words with the an Audi6-Visual dataset known as RMAV but rec-
ommended in future creating classifiers with viseme labels for lipreading, and
advises that most information is from the inner of the mouth. Some works have
attempted to adapt features toraddress different problems, such as motion de-
scribed above. For exampleyin [51] the authors suggest altering HMM modeling
to permit either frozen/or occluded frames, and demonstrate that even low level
jitter will significantly affect the quality of lip reading features.

When.t comes to the choice of classifier technology it is the norm that
machine lipreading systems adapt methods from acoustic recognition. This not
onlyfollows from the observation that visual and acoustic speech have the same
origins but also from the practical observation that language models are expen-
sive to create and it makes sense to re-use the models across the two modalities.
The conventional classifier process is 1) data preparation (an acoustic example
is creating MFCC’s [27], whereas a visual example might be [17]), 2) build Hid-
den Markov Model classifiers, and 3) feed the classification outputs through a
language network to produce a transcript. Like feature selection, the choice of

classifier is affected by the problem in hand. An optimal audio recognizer will
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not guarantee optimal performance in an audio-visual, or visual only domain.
In [52], for example, it is noted that their audio-visual results should not be
“read across” to lipreading.

More modern deep learning techniques for lipreading are an alternative ap-
proach which require much more training data [28]. A key disadvantage” of
these methods is a lack of understanding about what exactly a neural network
is learning in order for it to classify unseen gestures. So often the résults from
deep learning are good but the scientific insight can be poor. Thus recent work
has begun to demonstrate performance of different deep learning approaches
with a variety of neural network architectures. Convolutionsneural networks
(CNN) have been particularly prevalent for image classification ([53, 54]) and
Long Short Term Memory networks (LSTM) aré performing well on temporal
problems (e.g. language modeling [55] or, seéneslabeling [56]). For lipreading,
we have evidence that both of these achieve good,recognition rates in end-to-
end systems, in [57] a CNN achieves 61.1%'\top 1 accuracy and in [58] an LSTM
achieves 79.6% top 1 accuracy on a smalldataset. However, our lipreading is a
combination of these challenges, that is a temporal-visual classification problem.

For lipreading multiple persons, [30, 31] detailed human lipreading of mul-
tiple people, [30] recognizesiconsonants, and [31] visual vowels. [32] presents an
audio-visual systemn for' HCD which automatically detects a talking person (both
spatially and gemporally) using video and audio data from a single microphone.
In summary there is'no reason to think that multi-person lipreading is any less
viable/than single-person lipreading, although the challenge of variability due
to-speaker identity is real.

Speaker identity is a major challenge in machine lipreading because Visual
speech is not consistent across individuals. Sometimes this can be advantageous
as in [33] where they use lipreading to identify speakers. With known speakers
- lipreading recognition rates can be high, but with unknown speakers (referred
to as speaker-independent lipreading) this is as yet not at the same standard
as speaker dependent lipreading. In [34] results show that classifiers trained

and tested on distinct speakers compared to those trained and tested on the
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same speakers are statistically significantly different. This is supported in [35]
where the authors strive to discriminate languages from visual speech and they
conclude that in order to improve performance would be to move away from
speaker-dependent features.

For acoustic speech it is acknowledged that people have different speaking
styles, accents and rates of speech. For visual speech there is the additional
confusion of what we call a “visual accent” in which very similar sounds can be
made by persons with very different mouth shapes — examples of'visual accent
effects include people who talk out of the side of their mouths; ventriloquists
and mimics. The rate of speech alters both an utterance duration and articu-
lator positions. Therefore, both the sounds produced, but particularly, visible
appearance are altered. In [36], the authors presént an experiment which mea-
sures the effect of speech rate and shows theveffectnis significantly higher on
visual speech than in acoustic. Anecdotakevidencesuggests that speaker visual
style can evolve as speakers age duelto cofarticulation reduction as a person
travels/interacts with other adults [21].

In summary, while audio-visual speech processing has a great number of
challenges, one of the pivotal ones is the question of the visual units and how they
should be derived. Since allilanguage models are defined in terms of phonemes,
the practical quegtionds the choice of the mapping from phonemes to visemes.
The literaturethasypresented a great number of these phoneme-to-viseme (P2V)
mappings<and few consistent comparisons between them so this is the topic for

the next section.

3. Comparison of phoneme-to-viseme mappings

A summary of published P2V maps is provided in [59] Tables 2.3 and 2.4.
This list is not exhaustive and these mappings motivated by: a focus on just
consonants [60, 61, 62, 63]; being speaker-dependent [64], prioritizing particular
visemes [65]; or a focus on vowels [66, 67]. These are useful starting points, but

for the purpose of this study we would like the phoneme-to-viseme mappings to



include all phonemes in the transcript of the dataset to accurately reflect the

range of phonemes used in a full vocabulary. Therefore, some mappings used

here are a pairing of two mappings suggested in literature, e.g. one maps for

the vowels and one map for the consonants. A full list of the mappings used is

20 in Tables 2 and 3. Of these mappings , the most common are ‘the Disney/12’

[66], the ‘lipreading 18’ by Nichie [68], and Fisher’s [61].

Table 2: Vowel phoneme-to-viseme maps previously presented in literature.

Montgomery [67]

Neti [72]

Nichie [68]

Classification Viseme phoneme sets
Bozkurt [69] {7ei/ [afy {/ei/ Jef [/} {/3/} {/i/ 11/ Yoldyi} {/av/}
{/a/ fa/ o) Jes/} {/u/ [u/ [w/}
Disney [66] {7/ 0/} {/ea/ /3] Jai) [e/ [of} {/ i} {fva/ /o] [/}
Hazen [19] {as/ [of Juf Jes/ [of [wI[St¥n/ [a/} {/=/ [e/ /ai/ [ei/}
{/e/ 11/ i/}
Jeffers [70] {/af [/ /o) Jaifdfe/ jeif 1) /i /o) /o) i/} {/e1/ o/} {/au/}
{/3/ Jou/ [uf [u/}
Lee [71] {37 1y Arel [eif J=/} {/a/ Jav/ [aif [a/} {/o/ [o1/ Jeu/} {/u/ /u/}

{iLah/y {7e/ [/ [eif [aif} {/a/ /o] [a/} {/v/ /3] [o/}/>1/}

{73 /o f/as/ fou/} {/u/ [u/}

o/ /a1 [al /3] [o1) [av/ [6/} {/u/ [u] [eu/} {/e/ e/ [ei/ [ai/}
il 73/ /a/}

{aw/Y {/o/ fou/} {/av/} {/i) [a) Jay/} {/a/} {/iv/ J=/} {/e/ /w/}
{/u/} {/e/ /€i/}

In total, eight vowel- and fifteen consonant-maps are identified here and all

of these are paired with each other to provide 120 P2V maps to test.

Recent comparisons between maps include [17] and as part of [59]. In [59]

35 the following list of reasons are given for discrepancies between classifier sets.

e Variation between speakers - i.e. speaker identity.

e Variation between viewers - indicating lipreading ability varies by individ-

10
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Table 3: Consonant phoneme-to-viseme maps previously presented in literature.

Classification | Viseme phoneme sets

Binnie [60]

Bozkurt [69]

Disney [66]

Finn (73]

Fisher [61]

Franks [62]
Hazen [19]

Heider [74]

Jeffers [70]

Kricos [64]

Lee [71]

Neti [7

ichie

alden [63]

Woodward [75]

{/p/ 1o/ Jm/y {787 /v/3 {787 13/ {11 13/ {/%/ [/} {/w/}y {/x/}
{7 /Y {8/ 147 [s/ /1)

{re/ /87 /%) [0/ L) 1) /g Je/y K s/ (203 8 07 743/ /3% {78/
/¥ 48 v/} 4/p/ /o) /m/}

T YA R VAV RVATNATA R VOISR VYA R VA VAT LI LTS

I 47 iy Ayl el [/ 7o/}

{/p/ /b Jm/}y {/0/ 8/} {/w/ [s/} {/%/ /v [e/} {/1/
7RV RV A R VAT R VAV CY LY VNATS:

ST VY R Ve LTS VAV A TS R VAV LTI )
{78/ 74/ /n/ /87 /3] /2] [/ [r/ /\/}
{/p/ o/ /Y {5/} 4/x/) Jw/Y /17 /ds/ Jd/}

3 ey sy v/ e/} {md {/sN=/ /b/y LM/ 143/ /17 /373

{78/ 74/ 18/ /3] /8/ [x/} {/n v
o/ o/ /Y {5 /¥ s/ Je3 {07 7407 73/} 47073 {/n/ /) 14/}

3 A7/}
8 I~y U/ el Jw

/4] /iy

/b/ [m/} {/8/ /3/} {/t)/ /d3/ /I/ /3/}

{/s/ 12/} n/ /t/} {/8/ /%/ [0/}

{/v/ WY ey s 1l gs) ey

{ 3\ o/ [e/y {3 /87 13/ {18/ 73/ /48/ /d3/}

/d/ /2] /8] /3/} {/&/ /%/ /n/ /o) N [y/ /673 {/ds/ Je) 18/ 73/}

{ /YA viy /el /b Jm/}

A Ix) Iy/y Ast f2/3 el 14/ /m/y /087 73/ 143/ 60/} {/p/ /b/ /m/}
U/ /el IS T A/8) /8

YA R VA VA R VAV A 7S RVAVS VO EI R VA VA TV TA:

/Y Ly L7/ e/ fo/3 {76/} {78/ /47 /n/3 {/y/}

o/ o/ /Y /5] /v/3 {78 7873 {707 /33 {lw /Y A/s/) 12/} {/v/}

Y78/ 14/ /nl [%/ [/ 13/}

{/p/ 1o/ Jm/Y /8 v/} i Je) fa/}

{8 /4] /mf V) 187 /3] [s/ =/ 4] [ds/ /1] [3) 3] [%/ e/ [/}

11
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uals, those with more practice are better able to identify visemes.

e The context of the speech presented - context has an influence on how
consonants appear on the lips. In real tasks the context will enable easier

distinction between indistinguishable phonemes in syllable only tests.

o Clustering criteria - the grouping methods vary between authors. For
example, ‘phonemes are said to belong to a viseme if, when“clustered;
the percent correct identification for the viseme is above some threshold,
which is typically between 70 - 75% correct. A stricter grouping criterion

has a higher threshold, so more visemes are identified.’[59].

These last two points are reinforced by [17] whé achieved highest accuracy
with the phoneme-to-viseme map of Jeffers in an HMM-based lipreading system.
They attribute this to the use of continuous speech which encapsulates the same
viseme in more contexts within the trainingsdata, and suggest that the Jeffers
map has better clustering of consonant, visemes for those contexts.

In Table 4 we have describedithe sources and derivation methods for all of
the phoneme-to-viseme maps used inour comparison study. We see the majority
are constructed using hdman testing with few test subjects, for example Finn
[73] used only one lipreader;jand Kricos [64] twelve. Data-driven methods are
most recent, e.g#/ Liee’s)[71] visemes were presented in 2002 and Hazen’s [19] in
2004. The remaining yisemes are based around linguistic/phonemic rules.

As an‘example, the clustering method of Hazen [19] involved bottom-up clus-
tering using maximum Bhattacharyya distances [76] to measure similarity be-
tween the;phoneme-labeled Gaussian models. Before clustering, some phonemes

were manually merged, /em/ with /m/, /en/ with /n/, and /Z/ with /S/.

12
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Table 4: A comparison of literature phoneme-to-viseme maps.

Author ‘ Year ‘ Inspiration Description Test subjects
Binnie 1976 | Human testing Confusion patterns unknown
Bozkurt 2007 | Subjective linguistics | Common tri-phones 462
Disney — Speech synthesis Observations unknown
Finn 1988 | Human perception Montgomerys visemes 1
and /f/
Fisher 1986 | Human testing Multiple-choice 18
intelligibility test
Franks 1972 | Human perception Confusions among seunds | unknown
produced in similar
articulatory positions 275
Hazen 2004 | Data-driven Bottom-up clustering 223
Heider 1940 | Human perception Confusions.post-training unknown
Jeffers 1971 | Linguistics Sensory‘and cognitive unknown
correlates
Kricos 1982 | Human testing Hierarchical clustering 12
Lee 2002 | Data-driven Merging of Fisher visemes | unknown
Montgomery | 1983 | Human perception Confusion patterns 10
Neti 2000 | Linguistics Decision tree clusters 26
Nichie 1912 | Human observations | Human observation of unknown
lip movements
Walden 1977 | Human testing Hierarchical clustering 31
Woodward 1960 Linguistics Language rules unknown
and context

A P2V_map may be summarized as a ratio we call “compression factor,”

CFL

NV

CF. =15 (1)

which is the ratio of number output visemes, NV to input phonemes N P. The
compression factors for the P2V maps are listed in Table 5. Silence and garbage
visemes are not included in Compression Factors.

Because we have a British English dataset and some works were formu-

13



270

275

Table 5: Compression factors for viseme maps previously presented in literature.

Consonant Map V:P | CF | Vowel Map V:P | CF
Woodward 4:24 | 0.16 | Jeffers 3:19 | 0.16
Disney 6:22 | 0.18 | Neti 4:20 | 0.20
Fisher 5:21 | 0.23 | Hazen 4:18 | 0.22
Lee 6:24 | 0.25 | Disney 4:11 | 0.36
Franks 5:17 | 0.29 | Lee 5:14 | 0.36
Kricos 8:24 | 0.33 | Bozkurt 7:19 | 0.37
Jeffers 8:23 | 0.35 | Montgomery [/8:19 170:42
Neti 8:23 | 0.35 | Nichie 9:15 } 0.60
Bozkurt 8:22 | 0.36 | - - -
Finn 10:23 | 0.43 | - - -
Walden 9:20 | 0.45 | - - -
Binnie 9:19 | 0.47 |\- - -
Hazen 10:21 | 048, - - -
Heider 8:16%] 0:50 | - - -
Nichie 18:33 | 0.54 | - - -

lated using American English diacritics [77] we omit the following phonemes
from some mappings: /$i/ (Disney [66]), /axr/ /en/ /el/ /em/ (Bozkirt [69]),
Jaxr/ [em/Jepi/ [tel] [dcl] Jen/ [gcl/ kcl/(Hazen [19]), and /axr/ Jem/ [el/
/nx/ [en/ Jdz/ [eng/ [ux/ (Jeffers [70]). Moreover, Kricos provides speaker-
depéndent visémes [64]. These have been generalized for our tests using the
most common mixtures of phonemes. Where a viseme map does not include
phonemes present in the ground truth transcript these are grouped into one
viseme denoted (/gar/). Note that all phonemes in each P2V map are in the
dataset but no mapping includes all 29 phonemes in the AVL2 vocabulary.

14
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3.1. Data preparation

The AVLetters2 (AVL2) dataset [78] is used to train and test HMM classifiers
based upon our 120 P2V mappings with HTK [26]. AAM features (concatenated
as in (4)) are used as they are known to outperform other feature methods in
machine lipreading [17]. AVL2 [78] is an HD version of the AVLetters dataset
[22]. It is a single word dataset of five male British English speakersTegiting
the alphabet seven times. We use four of these speakers at the fifth/tracked too
poorly to have confidence in lipreading accuracy. The speakers”in® this,dataset
are illustrated in [79]. AVL2 has 28 videos of between 1,169 and 1,499 frames
between 47s and 58s in duration. As the dataset provides¥isolated words of
single letters, it lends itself to controlled experiments without needing to address
matters such as varying co-articulation.

Table 6: The number of parameters in shape, appearanee and combined shape & appearance

AAM features for each speaker in the AVLetters2 dataset’ for each speaker. Features retain

95% variance of facial information.

Speaker | Shape, ["Appearance | Combined
S1 11 27 38
S2 9 19 28
S3 9 17 25
S4 9 17 25

Table. 6 déscribes the features extracted from the AVL2 videos. These fea-
tures ‘have been derived after tracking a full-face Active Appearance Model
throughout the video before extracting features containing only the lip area.
Therefore, they contain information representing only the speaker’s lips and
none of the rest of the face. Speakers 2, 3 and 4 are similar in number of param-
eters contained in the features. The combined features are the concatenation
of the shape and appearance features [3]. All features retain 95% variance of
facial shape and appearance information.

The RMAV dataset consists of 20 British English speakers (we use 12 speak-
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Figure 1: Occurrence frequency of phonemes in the RMAV dataset.

ers,seven male and five female, who have been tracked to maintain comparability
with earlier work), 200 utterances per speaker of a subset of the Resource Man-
agement (RM) context independent sentences from [80] which totals around
1000 words each. The sentences are selected to maintain a good coverage all
phonemes [81] and to represent the coverage of phonemes in spoken speech.

The original videos were recorded in high definition and in a full-frontal posi-
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tion. Individual speakers are tracked using Active Appearance Models [3] and
AAM features of concatenated shape and appearance information have been
extracted.

Figure 1 plots the frequency of all phonemes within the RMAV dataset over
200 sentences and Table 7 lists the number of parameters of shape, appearance,
and combined shape and appearance AAM features where the features retain
95% variance of facial information.

Table 7: The number of parameters of shape, appearance, and combined/Shape and appear-

ance AAM features for the RMAV dataset speakers. Features retain 95% variance of facial

information.
Speaker | Shape | Appearance | Combined
S1 13 46 59
S2 13 47 60
S3 13 43 56
S4 13 47 60
S5 13 45 58
S6 13 47 60
S7 13 37 50
S8 13 46 59
S9 13 45 58
S10 13 45 58
S11 14 72 86
S12 13 45 58

3.2." Classification method

The method for these speaker-dependent classification tests on our com-
bined shape and appearance features uses HMM classifiers built with HTK [26].
The features selected are from the AVL2 and RMAV datasets. The videos are
tracked with a full-face AAM (Figure 2 (left)) and the features extracted con-

sist of only the lip information (Figure 2 (right)). This means that we obtain
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a robust tracking from the full-face model, then using this fit information, we
apply a sub-active appearance model of only the lips. The HMM classifiers are
based upon viseme labels within each P2V map. A ground truth for measuring
a0 correct classification is a viseme transcription produced using the BEEP Britis&
English pronunciation dictionary [82] and a word transcription. The pho
transcript is converted to a viseme transcript assuming the visemes in t Q
ping being tested (Tables 3 and 2). We test using a leave-one-o en-
cross validation. Seven folds are selected as we have seven

s alphabet per speaker in AVL2, this is increased to 10-fold cross-validation for
RMAYV speakers. The HMMs are initialized using ‘flat ’

alning and re-

estimated eight times and then force-aligned using, HTK!

S te. Training is
completed by re-estimating the HMMs three more ti th the force-aligned

transcript.

w0 3.3. Active appearance models

An example full-face shape model'e

landmarks, 34 of which are modeling

cample is in Figure 2 where there are 76

e inner and outer lip contours.

: Example Active Appearance Model shape mesh (left), a lips only model is on the
right.

E y The shape s of an AAM is the collection of coordinates of the v vertices
(landmarks) which make up a mesh,

s = ($17y17$27y27--~,$myv)T (2)
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These landmarks are aligned and normalized via Procrustes analysis [83] and

then analyzed via a Principal Component Analysis (PCA) to

s =589+ qu;si (3)
i=1

where sq is the mean shape, p; are coefficient shape parameters, and sjiare
the eigenvectors of the co-variance matrix of the n largest eigenvalues [3]-

Having built an Active Shape Model, the next step is to augment it with
appearance data and hence compute an Active Appearance Model (AAM): Each
shape model is used to warp the image data back to thé.mean shape. The
appearance of those warped images is now modeled again‘using PCA [4],

m

A(z) = Ao(x) + Y MiAi(z) Ve so (4)

i=1

where \; are the appearance parameters, Ag is the shape-free-mean appearance,

and A;(z) are the appearance image eigenvectors of the co-variance matrix.
Usually the best results are obtained using both shape and appearance in-

formation combined within a single AAM [25, 4]. Therefore, unless explicitly

stated otherwise, we use these:, Once an AAM is built and trained, we fit the

model using the Inverse Compositional algorithm [84] to all frames in the video

sequence [3].

3.4. Compazison oficurrent phoneme-to-viseme maps

Recognition performance of the HMMs can be measured by both correctness,

C, and,accuracy, A,

N-D-S N-D-§5-1

where S is the number of substitution errors, D is the number of deletion
errors, I is the number of insertion errors and IV the total number of labels in the

reference transcriptions [26]. An insertion error (which are notoriously common
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in lip reading [85]) occurs when the recognizer output has extra words/visemes
missing from the original transcript [26]. As an example one could say “Once
upon a midnight dreary”, but the recognizer outputs “Once upon upon midnight
dreary dreary”. Here the recognizer has inserted two words which were never
present and has deleted one?.

In this experiment, classification performance of the HMMs is measured by
correctness, C' (5), as there are no insertion errors to consider [26]. It4S acknowl
edged that word classification is not as high performing as viseme'classification.
However, as each viseme set being tested has a different number of phonemes
and visemes, words, are used so we can compare different. viseme sets. It is the
difference between each set, rather than the individual performance, which is of
interest in this investigation.

Figure 3 shows the correctness of each pairtofwiseme sets. On the top is
the isolated word case (the AVL2 data) and on the-bottom the continuous data
(RMAYV). Each diagram is ordered by theynean correctness over all speakers.
For the isolated words the Lee vowel andyconsonant sets [71] are the best with
the Montgomery vowels [67] and Hazen consonants [19] close behind. The worst
performers are Disney vowels [66] and the Franks [62] and Woodward consonants
[75]. For continuous speechithe,/Disney vowels are the best performer [66] as are
the Woodward consonants [75]. It is notable that for continuous speech the high
compression factor, visemes sets work better than those with larger numbers of
visemes. The most likely explanation is that continuous speech has additional
variability due.to co-articulation so a few coarsely defined visemes are better
than.a greater number of finely defined ones.

Figure 4 shows the mean word correctness, C, over all speakers, +1s.e for

20nce this utterance has been translated to one of viseme labels rather than words, as an
example using Montgomery’s visemes, this sentence becomes “v09 v12 v04 v05 - v12 v01 v12
v04 - v12 - v01 v10 v04 v11 v04 - v04 vO7 v16 v07 v16” (hyphens are included to show breaks
between words). In this case, the same insertion errors would create predicted outputs of “v09
v12 v04 v05 - v12 v01 v12 v04 - v12 v01 v12 v04 - vO1 v10 v04 v11 v04 - vO4 v07 v16 v07
v16 - v04 vO7 v16 v07 v16.”
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Vowel visemes

Lee Haz Nic Net Kri Fin Jef Wal Bin Dis Boz Hei Fis Fra Woo

Consonant visemes

Vowel visemes

Woo Fis Fra Dis Lee Hei Haz Fin Boz Bin Jef Kri Net Wal Nic

Consonant visemes

Figure 3: Speaker-dependent all-speaker mean word classification, C, comparing viseme classes

on isolated word speech (top) and continuous speech (bottom)
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Figure 4: Speaker-independent all-speaker mean word classification, C' £ 1s.e. For a given

mapping (z—axis) the performance is measured after pairing with all vowel mappings (left)

and vice versa on the right on AVL2 isolated words (top) and RMAV continuous (bottom)
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pairings of vowel and consonant maps ordered by correctness from left to right.
Again, isolated word results (the AVL2 data) at the top and continuous (RMAV)
on the bottom. As previously, for isolated words, the Disney vowels are signifi-
cantly worse than all others when paired with all consonant difference over the
whole group. The Lee [71], Montgomery [67] and Bozkurt [69] vowels are conSis-
tently above the mean and above the upper error bar for Disney [66], Jeffexs [70]
and Hazen [19] vowels. In comparing the consonants, Lee [71] and/Hazen [19]
are the best whereas Woodward [75] and Franks [62] are the bettom perform-
ers. There is a significant difference between the ‘best’ visemes for individual
speakers which arises from the unique way in which everyonesarticulates their
speech.

The continuous speech experiment results indFigure 4 (bottom) show that,
for vowel visemes, the Disney set surpassestallvothers, whereas Woodward’s
consonants are now a better fit. This isyinteresting as neither viseme set are
data-derived. We recall that Disney’s [66] are designed from human perception
for synthesis of characters, and Woodward’s [75] are from a pilot investigation
into phoneme perception in lipreading using linguistic rules. As we move to more
realistic data , continuous’speech, many of the data-driven approaches degrade
which implies that théy data used to derive these visemes was unrealistic. For
example the Lee visemeés [71] were derived without any use of video data at all
so it is hardlysurprising/that they are fragile when presented with more realistic
data.

Theé idea that vowel and consonant visemes should be treated differently is
no“surprise./ The suggestion that vowel visemes are essentially mouth shapes
and the/consonants govern how we move in and out of them was first presented
by Nichie in 1912 from human observations by a profoundly deaf educator [68]
and is supported by results in [86] which show we should not mix vowel and
consonant visemes for best results. Therefore, it is reassuring to see that the bet-
ter speaker-independent phoneme-to-viseme mapping for continuous speech is a
combination of two previous maps, where the two maps have differing derivation

methods; perception and language rules.
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Generally speaking the continuous case (bottom of Figure 4) gives improved
accuracies compared to the isolated word case (top of Figure 4. The first re-
sponse to explain this is to suggest the increase is caused by better training
of classifiers with the greater volume of training samples in RMAV than in
AVL2. However, we should note that this effect is marginally countered by/the
co-articulation effects in continuous speech, so a set of classifiers trained on'a
larger isolated word dataset and compared to AVL2 would providé a)greater

increase in recognition.

Consonants Vowels
cb

L

1514131211109 8 7 6 5 4 3 2 1

I N N Y I cD

—
n
o 8 7 6 5 4 3 2 1
- Woodward 18— L 225 | Ll T T |
g Franks 13— L 25 Hazen
Disney 110625 | L3875 pichie
el Heider 106875 | L 49375 Ney
L Fisher 28125 25 walden Disney &—— L 19 e
E Bozkit 2 S Jeffers Jeffers 65667 L 28333 pontgomery
[e) Finn 85625 875 Kricos Hazen 22333 3.1667 Nichie
] L 84375 gimie Neti 49667 | L3333 pogunt
cb
L
1514131211109 8 7 6 5 4 3 2 1

| (| Lol bl
=
) cD
8
% 8 7 6 5 4 3 2 1

Nichie 15— 1 L1375 woodward - L | I I

% Neti 135 L1875 Figher
Q Walden 13— L3125 Fpanks
g Kricos 18— | L 4625 pigney
— Jeffers 10 5625 |ee Montgomery 22— L—1 Disney
E Binnie 25 6.125 Heider Nichie 8.2667 | L 20667 jefiers
o Bozkit 2125 875 Hazen Bozkurt 53333 L 32 Hagen
O L 85 iy Lee 52 43333 Netj

Figure 5: Critical difference of all phoneme-to-viseme maps independent of phoneme-to-viseme
pair partner./Vowel maps are on the left side, consonants on the right. Isolated words are in

the top row, and continuous speech along the bottom row.

Figure 5 are critical difference plots between the viseme class sets based
upon their classification performance [87] with isolated word training. Critical
difference is a measure of the confidence intervals between different machine
learning algorithms derived from Wilcoxon tests on the ranked scores (here

p = 0.05). Two assumptions within critical difference are: all measured results
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are ‘reliable’, and all algorithms are evaluated using the same random samples
[87]. As we use the HTK standard metrics [88], and use results with consistent
random sampling across folds, these assumptions are not a concern. We have
selected critical differences here as these evaluate the performance of multiple
classifiers on different datasets, whereas such as [89, 90], often require paired
data or identical datasets.

Figure 5 shows a significant difference between some sub-sets of visemes.
This is shown by the horizontal bars which do not overlap all viseme sets. Where
the horizontal bars do overlap, this shows the viseme sets areindistinguishable
at a 95% confidence. When comparing isolated words with-eentinuous speech
we see fewer significant differences with continuous,speeeh despite there being
more test data.

Table 8 summarises the best-performing visemes:(consonant and vowels) for
the isolated and continuous word data. yThe first,column shows that the Lee
consonants are the best performing for isolated words. But also that Hazan,
Nichie, Neti etc are indistinguishable from Lee (they within Lee’s critical differ-
ence). For continuous speech, the Woodward consonant visemes are the best but
Fisher, Franks Disney et¢’are indistinguisable. In bold are the viseme sets that
are common to both isolated words and continuous speech: Lee, Hazen, Finn
and Fisher. For the vowels (second column) there are no common sets. However
if we look at bestpand second-best (the third column of Table 8) then Hazen
and Neti einerge as common. Looking across all sets the common method that
performs nearthe top is that due to Hazen [19]. Interestingly these visemes were
derived using the most realistic data (an audio-visual corpus based on TIMIT)
and formed by a tree-based clustering of phoneme-trained HMMs. Note that
the Hazan visemes were derived from American English data whereas here we
use British English speakers.

The effectiveness of each mapping as a function of compression factor is
presented in Figure 6. The two plots representing continuous speech (bottom
of Figure 6) show improving performance with decreasing compression factor —

we speculated earlier that the coarser visemes were better able to handle co-
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Table 8: Critically different viseme sets changes with isolated word and continuous speech

data. Sets are listed in the order they appear in Figure 5.

First Position Consonants | First Position Vowels | Second Position Vowels
Lee Lee Montgomery
Hazen Montgomery Nichie
Nichie Nichie Bozkurt
Neti Bozkurt Hazen
Walden Neti

Jeffers

Kricos

Binnie

Finn

Bozkurt

Fisher

Woodward Disney Jeffers
Fisher Jeffers Hazen
Franks Hazen Neti
Disney

Lee

Heider

Hazen

Finn

articulation. For the isolated word case (top) there is little difference. Very
roughly, the best performing methods appear to have around 2 to 4 phonemes
per viseme.

So far we have seen that there are noticeable differences between classifi-
cation performances associated with a variety of viseme sets in the literature.
Given that quite a few of the viseme sets are incremental improvements on pre-

vious sets, it is good to see confirmation that these sets are have rather similar
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45 performance. We have identified the best sets for the various conditions and
have used critical difference plots to explain the similarity between methods.
We have identified that the most robust methods seem to be based on cluster-
ing large amounts of data but a questions arises when it comes to individua,

speakers — is it viable to create viseme sets per speaker and, if so, how si

a0 are they? This is the topic of the next section. \(
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Figure 6: Scatter plot showing the relationship between compression factors, CFs (z-axes),
and word correctness, C, classification (y-axes) with consonant phoneme-to-viseme maps (left)
and vowel phoneme-to-viseme maps (right), isolated word results are at the top, and contin-

uous speech along the bottom.
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4. Encoding speaker-dependent visemes

In the second part of our phoneme-to-viseme mapping study, two approaches
are used to find a better method of mapping phonemes to visemes. These ap-
proaches are both speaker-dependent and data-driven from phoneme classifica-

tion. Two cases are considered:

1. a strictly coupled map, where a phoneme can be grouped intewa, viseme
only if it has been confused with all the phonemes within the viseme, and
2. a relaxed coupled case, where phonemes can be grouped into ajviseme if

it has been confused with any phoneme within the(viseme.

With all new P2V mappings each phoneme can be ‘alloéated to only one
viseme class. These new P2V maps are tested on, thetAVL2 dataset using the
same classification method as described in ‘Section 3:2. The results from the
best performing P2V map from our compazison study (Lee [71] or Woodward
[75] and Disney [66]) is the benchmark to measure improvements with respect

to the training data.

4.1. Viseme classes with strictly confusable phonemes

Our approaches for-identifying visemes are speaker-dependent, data-driven
and based on phenemé confusions within the classifier. The idea of speaker-
dependent visémes, is not new [31, 34] but our algorithm is, and in conjunction
with the fixed outputs available from HTK enables easy reuse. The first under-
taking/in\thistwork is to complete classification using phoneme labeled HHM
classifiers. The classifiers are built in HTK with flat-start HMMs and force-
aligned training-data for each speaker. The HMMs are re-estimated 11 times in
total over seven folds of leave-one-out cross validation. This overall classifica-
tion task does not perform well (see Table 9) particularly for an isolated word
dataset. However, the HTK tool HResults is used to output a confusion ma-
trix for each fold detailing which phoneme labels confuse with others and how
often. For both data-driven speaker-dependent approaches, this is the first step

of completing phoneme classification is essential to create the data to derive the
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Table 9: Mean per speaker Correctness, C, of phoneme-labeled HMM classifiers.

Speaker 1 | Speaker 2 | Speaker 3 | Speaker 4

Phoneme C' 24.72 23.63 57.69 43.41

P2V maps from. This is completed for each speaker in both AVL2 and RMAV
datasets. Now, let us use a smaller seven-unit confusion matrix example, as,in

Table 10, to explain our clustering method.

Table 10: Demonstration confusion matrix showing confusions between phoneme-labeled clas-
sifiers to be used for clustering to create new speaker-dependent visemes. Trué positive clas-
sifications are shown in red, confusions of either false positives-and false negatives are shown

in blue. The estimated classes are listed horizontally and the real classes are vertical.

/p1/ | /p2/ | /P3/ | /pAledei®Dn| /P6/ | /PT/
/pl/ 1 0 0 0 0 0 4
/p2/ 0 0 0 2 0 0 0
/p3/ 1 0 0 0 0 0 1
/pd/ 0 2 1 0 2 0 0
/p5/ 3 0 1 1 1 0 0
/p6/ 0 0 0 0 0 4 0
/p7/ 1 0 3 0 0 0 1

For thestrictly-confused’ viseme set (remembering there is one per speaker),
the segond step of deriving the P2V map is to check for single-phoneme visemes.
Any. phonemes which have only been correctly recognized and have no false
positive/negative classifications are permitted to be single phoneme visemes. In
Table 10 we have highlighted the true positive classifications in red and both
false positives and false negative classifications in blue which shows /p6/ is the
only phoneme to fit our ‘single-phoneme viseme’ definition. /p6/ has a true
positive value of +4 and zero false classifications. Therefore this is our first
viseme. /vl/ = {/p6/}. This action is followed by defining all combinations

of remaining phonemes which can be grouped into visemes and identifying the
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grouping that contains the largest number of confusions by ordering all the

viseme possibilities by descending size (Table 11).

Table 11: List of all possible subgroups of phonemes with an example set of seven phonemes

{/p1/,/p2/,/p3/,/PA/, [P5/, [P7/}  {/p1/,/P2/,/PA/}

{/p1/./p2/,/p3/./PA/, /P5/}
{/p1/,/p2/,/P3/, /PA/, /PT/}
{/p1/,/p2/,/p3/, /P5/, /P7/}
{/p1/./p2/, /4], /P5/, /P7/}
{/p1/./p3/,/p4/,/P5/, /PT/}
{/p2/,/p3/, P4/, /P5/, /P7/}
{/p1/,/p2/,/p3/, P4/}
{/p1/,/p2/,/p3/, /P5/}
{/p1/,/p2/, /3], /P7/}
{/p2/,/p3/,/p4/, /[P5/}
{/p2/,/p3/, 4/, [pT/}
{/p3/,/p4/,/p5/, /p7/}
{/p1/,/p3/,/p4/, [P5/}
{/p1/,/p4/,/p5/, [pT/}
{/p2/, /4], /5[ 0T/}
{/p1/, /p2/, /D3}

{/p1/,/p2/, /P5/}
{/p1/,/p2/, /p7/}
{/p2/,/p3/, /p4/}
{/p2/,/p3/, /p5/}
{/p2/,/p3/, /p7/}
{/p3/, /pa/, [P5/}
{/p3/, /p4/, DT/}
{/pL a3 /xlpt/}
{/p4/, /P51, /p7/}
{/pl/. P4/, /p5/}
W2/, /p4/, /p5/}
{/p1/,/p5/, /p7/}
{/p2/,/p5/, /p7/}
{/p3/,/p5/, [p7/}
{/p1/,/p3/,/P5/}
{/p1/,/p3/,/P7/}

{/p1/,/p4/, v/}
{/p2/, A/ D7/}
{/p1/, [p31}
{/pV). /4] }
{/p1/,/p5/%
{1/ 707/}
Up2/, /p3/}
{/p2/, /pA/}
{/p2/,/p5/}
{/v2/,/p7/}
{/p3/, /pA/}
{/p3/,/p5/}
{/p4/, /p5/}
{/p4/, /p7/}
{/p5/,/p7/}

Owr'grouping rule states that phonemes can be grouped into a viseme class
only ifiall of the phonemes within the candidate group are mutually confusable.
This means each pair of phonemes within a viseme must have a total false
positive and false negative classification greater than zero. Once a phoneme has
been assigned to a viseme class it can no longer be considered for grouping, and
so any possible phoneme combinations that include this viseme are discarded.
This ensures phonemes can belong to only a single viseme.

By iterating though our list of all possibilities in order, we check if all the

phonemes are mutually confused. This means all phonemes have a positive
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confusion value (a blue value in Table 10) with all others.
The first phoneme possibility in our list where this is true is {/p1/, /p3/, /p7/}.
This is confirmed by the Table 10 values:

also,

N{/p1/|/p3/} + N{/p3/|/p1/} =0+1=1>0 ,Q(Q

N{/p1/I/pT/} + N{/p7/|/p1/} =4+1=5>0

and,

N{/p3/|/p7/} + N{/pT/|/p3/} = 1+ 3 =

This becomes our second viseme and thus our current, vi e list looks like

Table 12.

Table 12: Demonstration example 1: first-iteration”of\clu; , a phoneme-to-viseme map

for strictly-confused phonemes. m

Viseme | P em&

Jvl/
/ {/p1/,/p3/,/p7/}

We now only have threeremaining phonemes to cluster, /p2/, /p4/ and /p5/.

This reduces ourlist of possible combinations substantially, see Table 13.

Table ist possible subgroups of phonemes with an example set of seven phonemes

after t rst viseme is formed.

{/p2/,/p4/, /P5/}
{/p2/, /p4/}
{/p2/,/p5/}
{/p4/,/p5/}
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The next iteration of our clustering algorithm identifies the combination of
remaining phonemes which correspond to the next largest number of confusions,
and so on, until no phonemes can be merged. This leaves us with the final
visemes in Table 14.

Table 14: Demonstration example 2: final phoneme-to-viseme map for strictly-confused

phonemes.

Viseme | Phonemes

/vi/ | {/p6/}

/v2/ | {/p1/,/p3/,/p7/}
/v3/ | {/p2/,/p4/}

/vd/ | {/p5/}

Our original phoneme classification has produced confusion matrices which
permit confusions between vowel and,consonant’phonemes. We can see in Sec-
tion 3.1 (Tables 2 and 3), previously ‘presented P2V maps that vowel and con-
sonant phonemes are not commonly mixed within visemes. Therefore, we make
two types of P2V maps: enepwhich/ permits vowels and consonant phonemes
to be mixed within the same viseme, and a second which restricts visemes to
be vowel or consonant only, by putting an extra condition in when checking for
confusions greater than zéro.

It should™be remembered that not all phonemes present in the ground truth
transcripts will have been recognized and included in the phoneme confusion
matrixe/Any of the remaining phonemes which have not been assigned to a
viseme are grouped into a single garbage /gar/ viseme. This approach ensures
anysphonemes which have been confused are grouped into a viseme and we do
not lose any of the ‘rarer’, and less common visual phonemes. For example,
Jea/, Joh/, Jao/, and /r/ are not in the original transcript and so can be
placed into /gar/. But for Speaker 2, /gar/ also contains /ay/ and /p/, and
for Speaker 4 /gar/ also contains /p/ and /z/, as these do not show up in the

speaker’s phoneme classification outputs. This task has been undertaken for all
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four speakers in our dataset. The final P2V maps are shown in Table 15.

Table 15: Strictly-confused phoneme speaker-dependent visemes. The score in brackets is the

compression factor.B1 is listed on top, B2 visemes are listed at the bottom.

Classification | P2V mapping - permitting mixing of vowels and consonants

Speakerl {/a/ [ai/ [if /n/ [eu/} {/b] [e/ [ei/ [y/ } {/d/ /s/} {/tS) /i {/o0d/v/}

(CF:0.48) {w iy 87y kY e/ /v/y {/d3/ /2/} {/a/ [u/} {/t/}

Speaker2 {/e/ 1aif [eif /i) [s/} {/e/ [v/ [w/ [y/} {/V /m/ /i) {707 /d/ /p/}

(CF: 0.44) {2/} {6/} {76/} {/a/} {/ds/ [x/} {/a/ /873 {/e0] /u/}

Speaker3 {rei/ /1) /n/y /) /v/ /p/3 {/b/ [/} {71/ i/} L[/ Tel} {/i/} {/u/}

(CF: 0.68) {/asy {/ds/y {/eu/} {/2/3 {/y/3 {703/ {/aif} {af) {/a/} {/d3/} {/ou/}
\WAYNAZARVAVSRVETS:

Speaker4 {/af 7ai/ /i) [eif } {/m/ /n/} Hefofelo/p/Y {/k/ /w/} {/d/ [s/} {/d3/ /t/}

(CF: 0.64) 1 vy Uary {7273 {7u/3 {7013 £/e0/} {/eu/} {/1/} {/u/} {/b/}

Classification | P2V mapping - restricting/mixing of vowels and consonants

Speakerl {as 1if Jou/ Juyg {/al/eify {/a/ Je/ [ei/} {/d/ [s/ [¢/ Y {/8) )\ } {/k/}

(CF:0.50) {2/} {w/y L8} {hm/ /n/} {/ds/ /v/} {76/ [/}

Speaker2 {/ai/ /eif [if Juf} {/o0/} {/0/} {/e/} {/a/} {/a/y A/v/ /Wit {/d3/ [p/ /y/}

(CF: 0.58) ay vy /Y /x/y {787y {1 Jm/ o/} {/8/ /s/}

Speaker3 {eififi/} A1/} {/o/ e/} {/a/} {/d/ /) /473 A /m/} {/k/ Jw/} {/v/}

(CF: 0.68) sy /e /3 v/} {/a/y {7/} {2/} /8 /n/} {7/ /s/} {/d3/}

Speaker4 {747 [aif [if [eif} {/o/ Je/} {/m/ /n/} {/k/ /1/} {/d3/ /t/} {/d/ /s/} /4073

(CE:0.65) {70/} {/y/Y {/u/y {/a/} {/w/3 {78/} {/v/} {/b/}

4.2mViseme classes with relazed confusions between phonemes

A disadvantage of the strictly confusable viseme set is that it contains some

spurious single-phoneme visemes where the phoneme cannot be grouped be-

cause it is not confused with all other phonemes in the viseme. These types of

phonemes are likely to be either: borderline cases at the extremes of a viseme

cluster, i.e.

they have subtle visual similarities to more than one phoneme
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Table 16: Demonstration example 3: final phoneme-to-viseme map for relaxed-confused

phonemes.

Viseme | Phonemes

Jvl/ {/p6/}
/v2/ {/p1/,/p3/,/p5/, /P7/}
Jv3/ {/p2/, /p4/}

cluster, or they do not occur frequently enough in the training data to,be dif-
ferentiated from other phonemes.

To address this we complete a second pass-throughr of'the strictly-confused
visemes listed in Table 14. We begin with the visemes as‘they currently stand
(in our demonstration example containing four classes)rand relax the condition
requiring confusion with all of the phonemes. ‘Now any single phoneme viseme
(in our demonstration, /v4/) can be allocated,to a previously existing viseme if
it has been confused with any phoneme in the viseme. In Table 10 we see /p5/
was confused with /pl/, /p3/, andy/pd). Bécause /p4/ is not in the same viseme
as /pl/ and /p3/ we use the value of.confusion to decide which to allocate it to

as follows.

N{/pl/)/p5/} + N{/p5/|/p1/} =0+3 =3
NYy/p3/1/p5/} + N{/p5/I/p3/} =0+1=1
N{/p4/|/p5/} + N{/p5/|/p4/} =2+1=3
Therefore; for p5 the total confusion with /v2/ is 3 + 1 = 4, whereas the total
confusion with /v3/ is 3. We select the viseme with most confusion to incorpo-
rate the unallocated phoneme /p5/. This reduces the number of viseme classes
by merging single-phoneme visemes from Table 14 to form a second set shown
in Table 16. This has the added benefit that we have also increased the number
of training samples for each classifier.
Remember, as we have two versions of Table 14 - one with mixed vowel and

consonant phonemes and a second with divided vowels and consonant phonemes
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Table 17: The four variations on speaker-dependent phoneme-to-viseme maps derived from

phoneme confusion in phoneme classification.

Bearl, B1: Bear2, B2:
Mixed vowels and consonants Split vowels and consonants

+ +
Strict-confusion of phonemes Strict-confusion of phonemes
Bear3, B3: Beard, B4
Mixed vowels and consonants Split vowels and consgnants

+ +
Relaxed-confusion of phonemes | Relaxed-confusion“ef phonemes

- the same still applies to our relaxed-confused visemesset$. This means we end
up with four types of speaker-dependent phoneme-to-viseme maps, described in
Table 17. For our strictly-confused P2V maps in Table 15, these become the
relaxed P2V maps in Table 18. In Table 17 we have labeled each of the four
variations B1, B2, B3 and B4 forease of reference.

Now, and this is why these visemes are defined as relaxed, any remaining
phonemes which have cenfusions, but are so far not assigned to a viseme, the
phoneme-pair confusions areused to map the remaining phonemes to an appro-
priate viseme, even though'it does not confuse with all phonemes already in it.
Any remaining phenemes which are not assigned to a viseme are grouped into
a new garbage /gar/ viseme. This approach ensures any phonemes which have

beendconfused with any other are grouped into a viseme.
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Table 18: Relaxed-confused phoneme speaker-dependent visemes. The score in brackets is the

ratio of visemes to phonemes. B3 visemes are on top, and B4 listed below.

Classification | P2V mapping - permitting mixing of vowels and consenants
Speakerl {/v/ fe/ [eif [p/ [w/ [y/ [/} {/a/ /3l [T] [ils/mify/n/ fou/}

(CF:0.28) WETAVETS R VCV A R VYT ATS VA VIV Ve VATAN) TR VETATA:

Speaker2 {/a/ Jo/ [aif [eif [i] [s/ [tf/} {/e/ [E/v/ [/ [y/} {/1) /m/ /n/}

(CF: 0.32) {/as 187} {7273 {70/ 14/ [/} {/eu/ fu/} {/ds/ /k/}

Speaker3 {/a/ [aif Jeif B /i) [n/} {/e/ ol [y/ /t8/} {/v/ [s/ /v/} /Y /m/ [u/}
(CF: 0.40) {/ds/} {/eu/} {/2/} {/d/ /u/ Teld ATx/ [w/} {/a/}

Speaker4 {/as faif Jof) [if Jei/ S/ a/ Y m/ Ju/ /Y {/e] Je/ [/ [v] [y/}

(CF: 0.32) {/ds/ 6/} {/k/ A/ {Jou/Y (/47 /8] [/} {/b/}

Classification | P2V mapping - restricting mixing of vowels and consonants
Speakerl {al i) feu/ Jufy {/a/ [aif} { /o] Je/ [ei/} {/b) [w/ [y/}y {/d/ /f] [s] /t/}
(CF:0.47) {7y /2% Um/y {13 {4/} {/ds/ Jx/ v/ 2/}

Speaker2 {/a/ [af7/a/ [aif [eif [i] feu/ [u/Y {/K/) [t/ v/ [w/Y /80 /A /m/ [/}
(CF: 0.29) {ETs/y {/ds/ /p/ [y/} {/b/ [/} {/2/}

Speaker3 {/a/ [aif [if [eif} {/o/ Je/} {/b/ /s/ /v/} {/d/ o/ /t/} {/1/ /m/}
(CF:056) Uy /¥ {/ds/y {/eu/} {/2/} {/u/} {/e/ Je/} {/%/ /w/Y {/t/ /n/} {/a/} {/t/}
Speakerd {/af faif [if Jeify {780/ </ NN fw /Y /) /87 [s/ /v /Y {/m/ /n/}
(@E0.50) | {/6/} {/a/} {/ds/ /t/} {/ou/} {/u/} {/v/} {/b/}
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4.8. Results analysis

Figure 7 (top) compares the new speaker-dependent viseme method with
the Lee visemes which are the benchmark from the isolated word study. For
Speaker 1 and Speaker 3, no new viseme map significantly improves upon Lee’s
performance although we do see improvements for both Speaker 2 and Speaker
4. The strictly-confused and split viseme map improves upon Lee’s previous
best word classification.

The second set of our experiments with continuous speech”training data
(RMAV) is to repeat our investigation with speaker-dependent visemes. These
have been derived with the same methods described in Section 4.1 & 4.2 and
are listed in full for each speaker in Appendix A. Our classification method is
identical to that used previously with HMMs. Inthe'previous work of [86], we
see limited improvement in word classification®with wiseme classes due to the
size of the dataset.

In Figure 7 (bottom) we have plotted the word correctness achieved for each
RMAYV speaker using all four variants ofi.the speaker-dependent visemes. Our
first observation is that on this figure, the correctness scores achieved range
from 26.67% to 41.53%, whereas in Figure 7 (top) the values range from 20.60%
to 36.53%. As befores/this gverall increase is attributed to the larger volume of
training samples in RMAV compared to AVLetters2.

Compareddto the benchmark of the Disney vowels and Montgomery con-
sonant visémes which has been plotted in black on Figure 7 (bottom) we see
that the comparison between speaker-dependent visemes and the best speaker-
independent/ visemes is subject to the speaker. For three out of 12 speakers
(sp01, sp03, sp05), the speaker-dependent visemes are all worse than our bench-
mark. For another three of our 12 speakers (sp02, sp09, sp14) all of the speaker-
dépendent visemes out-perform the benchmark. For all six remaining speakers,
the results are mixed. This suggests that it is possible that speaker-dependent
visemes could improve on speaker-independent ones, but that it is essential
that they are exactly right for the individual otherwise they become at worse,

detrimental, or a lot of effort for no significant improvement.
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Careful observation of Figure 7 (top) shows that when considering the perfor-
mance of mixed or split visemes, split visemes signfificantly (> 1se) outperform
mixed. When considering relaxed versus split the split has a marginal advantage
but it is not significant (<1se).

The comparison of strict and split visemes for continuous speech (Figure 7
(bottom) is consistent with the isolated word observations. The strictly-confused
visemes perform better than those with a relaxed confusion, but not statistically
significantly (<1se). Again, we see that mixing vowel and conson@nts phonemes
within individual viseme classes reduces the classification performange but not
significantly.

In Figure 8 we have plotted accuracy, A, and correctness, €yfor our best per-
forming speaker-dependent visemes (B1) on continuous speech. We also plot,
the accuracy scores of our benchmark from< Weoedward and Disney’s visemes.
These are compared with the correctness,scores as a baseline to show the im-
provement. Whilst the improvement{of speaker-dependent visemes is not sig-
nificant when measured by Correctness, by plotting the accuracy of the viseme
classifiers we can see that they do have a positive influence in reducing insertion

errors which are a bugbear of lipreading.
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e accuracy change between strict and relaxed visemes to show the
curacy /reduction in insertion errors for all 12 speakers in continuous speech.

e correctness classification which ignores insertion error penalties.
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5. Performance of individual visemes

In Figures 9 and 10, the contribution of each viseme has been listed in
descending order along the x—axis for each speaker in AVL2. The contribution
of each viseme is measured as the probability of each class, Pr{v|0}. These
values have been calculated from the HResults confusion matrices.

This analysis of visemes within a set is also used in [91], which proposes a
threshold subject to the information in the features.

The same viseme comparison analysis has been repeated for our continuous
speech recognition experiments and the results are shown in-Figures/11 and 12.

In the isolated word data (Figures 9 and 10) the difference between a high-
performing speaker map and a poor one is striking.Speaker)3 for example has at
least five visemes in which Pr{v|0} = 1 (more in seme configurations) whereas
Speaker 1 has only one good viseme. Referring to Tables 15 and 18 there is
no consistency on the best viseme although generally visual silence appears to
be easy to spot. This variation is to'be expected — speaker variablity is a very
serious problem in lipreading.

Figures 11 and 12 show the same thing for the continuous speech data. Now
there is a shallower drop-off to the curve and there are certainly no visemes for
which Pr{v|0} = 1. Althoughthere appears to be less variablity among speakers
this is an illusion caused.by the poorly-performing visemes to be similar among
speakers — within the top five visemes there are significant differences among

speakers.
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Figure 9: Individual viseme classification, Pr{v|0} with speaker-dependent visemes for four

speakers with isolated word training of classifiers B1 visemes (top) and B2 visemes (bottom).
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Figure 10: Individual viseme classification, Pr{v|0} with speaker-dependent visemes for four

speakers with isolated word training of classifiers. B3 visemes (top) and B4 visemes (bottom).

44



ACCEPTED MANUSCRIPT

1001 _
90+ Speaker 1 b
Speaker 2
801 Speaker 3 n
e Speaker 4
= 701 Speaker 5 7
>
- ~ Speaker 6 v
=~
A, 60- Speaker 7 n
g Speaker 8
pe 501 Speaker 9 B
% Speaker 10
S 40- g
<
(s
301 *
20 I b
ok i """"" - Tog |
| | | | | | | | | | | | | | | | | |
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Ordered viseme classes
-_—mm—" 7
T T T T
1001 _
90+ o Speaker 1 h
o Speaker 2
80 o Speaker 3 7
. o Speaker 4
% 70 o Speaker 5 n
- o Speaker 6
a, 60r o Speaker 7 7
g o Speaker 8
£ 50- o Speaker 9 7
5 o Speaker 10
S 401 g
]
o=t
301 *
20r- *
‘ 10r .
ot i 3 .
| | | | | | | | |

| | | | | | | | |
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Ordered viseme classes

Figure 11: Individual viseme classification, Pr{v|0} with speaker-dependent visemes for twelve
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(bottom).
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Figure 12: Individual viseme classification, Pr{v|0} with speaker-dependent visemes for twelve
speakers with continuous speech training of classifiers. B3 visemes (top) and B4 visemes

(bottom).
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6. Conclusions

While lipreading and hence expressive audio-visual speech recognition face a
number of challenges, one the persistent difficulties has been the multiplicity of
mappings between phonemes and visemes. This paper has described a study of
previously suggested Phoneme-to-Viseme (P2V) maps. For isolated word classi-
fication, Lee’s [71] is the best of the previously published maps. For continuous
speech a combination of Woodward’s and Disney’s visemes are better. The best
performing viseme sets have on average, between two and four phonentes per
viseme.

When looking at speaker-independent visemes, whilst most viseme sets do
not experience any difference in correctness betweéen isolated and continuous
speech, it is interesting to note that Woodward censonant visemes are better
for continuous speech and are linguistically derived, whereas Lee visemes are
better for isolated words and are data-deriveds,This suggests that an optimal
set of visemes for all speakers would need ‘to consider both the visual speech
gestures of the individual and the'rules of language. Which in essence is the
dilemma for visemes: does_one choose units that make sense in terms of likely

visual gestures or in terms of the linguistic problem that is trying to be solved.

Track Visual feature
face extraction

,

I Train and build

Il phoneme classifiers
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I Language model
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Ty T N
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I phonemes into X X .

| . " viseme classifiers decoding

| visemes

Figure 13: A simple augment to the conventional lip-reading system to include speaker-

dependent visemes.

47



690

695

700

705

710

We have also derived some new visemes, the ‘Bear’ visemes. These new data-
driven visemes respect speaker individuality in speech and uses this property
to demonstrate that our second data-driven method tested, a strictly-confused
viseme derivation with split vowel and consonant phonemes, can improve word
classification. The best of Bear visemes is the strict confused phonemes with
split vowels and consonants (B2) for both isolated and continuous speech.

Furthermore, a review of these speaker-dependent visemes (listed in Tar
bles 15, 18, and Appendix A) shows that formally ‘accepted’ visemes such as
{/p/ /b/ /m/ } and {/[/ /3/ /d3/ /tJ/} are no longer present. Similarly with
our previous vowel based visemes, six of our eight priof. viseme sets pair /a/
with /a/ (albeit not as a complete viseme, others are also\present) but with our
best speaker-dependent visemes these two phonemes are not paired. This is an
interesting insight because it suggests that formerly»‘accepted’ strong visemes
might not be so useful for all speakers, and some‘adaptability, or further inves-
tigation into understanding viseme variation is’still needed. Our suggestion at
this time, is that linguistics or co-articulagion in continuous speech, are a strong
influence causing this variation.

In practical terms, ouwr" new viseme derivation method is simple and can be
included within a conventional/lipreading system easily. This is demonstrated
in Figure 13 where our/clustering method is shown in dashed boxes. We recom-
mend this approach for ¥iseme classification since speaker-independent visemes
are unlikely to perform well.

In general, for cases, Speaker-dependent visemes reduce insertion errors when
classifying continuous speech. This is thought to be because the phoneme con-
fusions in  speaker-dependent visemes are affected by speaker specific visual co-
articulation. For all viseme sets, not mixing vowel and consonant phonemes

significantly improves classification.
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ACCEPTED MANUSCRIPT

Appendix A. RMAYV Speaker-dependent P2V maps

Table A.19: A speaker-dependent phoneme-to-viseme

nition confusions for RMAV speaker sp01

mapping derived from phoneme recog-

Speaker Bearl Bear2 Bear3 Bear4
Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes
JVOL/ | fds/ fm/ NOL/ | fef [a] [o] [ay/ INOL/ | fie] [t /8] Juw/ NOL/ | ) /8] )
/¥02/ | [3/) /o] [iv] K/ feh/ [w/ 1/ [iv/ /2]
/n/ /o] ) fs) ) w02/ | o) feu/ N02/ | [3) ) Jiy] k)
J¥03/ | fey/ J¥03/ | /o] [3] [ey/ /n/ fo/ [/ /s/
/v04/ | o) /8] [e/ [eh/) | [vO4/ | [a/ [sil) /sil/ /sil/ [sil) [sp/
v/ JVO5/ | fuw/ [gar/ | [gar/ [a] [®] [s] [o]
/v05/ | [a/ /¥06/ | fu/ o/ [ay/ /o] b/ %1/
J¥06/ | f1of [t/ [8] fuw] | ]NOT/ | [oo] 14714/ 13/ ¢/ /e
2/ JNO8/ | for/ feh/ Jey] Ji] gl | Jgar/ [af [o] [av] [o]
N7/ | [of [ev/ /o] [w] | [N09/ | [o/ /8/ 13/ [ey/ [e/ G/
JNO8/ | I/ 10/ | fas/ 8/ [d3/ [o/ [eu/ [o1]
/v09/ | [o/ L/ /v)d] e k] [/ [90] [u] [aw] /5]
sp01 J¥10/ | fee/ fm/ /nf [l [v/ [x/ /3/
U A/ Jef /6] e/ [sl 1t/
/v12/ | /b/ ¥12/ | /3] [ds/
N3/ v/ A/ W LINATA T
JN14/ | [a] fay/ /2]
N15/ | 3/ N1/ | e/
V16/ | Joo/ V15 |t/ 6/
1T/ it/ /¥16/ | /3]
V18/ | [o/ /sil/ /sil/ /sil
o) | g/
[v20/ | [o/ j
/v21/ | Jas/
Jgar/ | [gar/ [sp/
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Table A.20: A speaker-dependent phoneme-to-viseme

ACCEPTED MANUSCRIPT

nition confusions for RMAV speaker sp02

mapping derived from phoneme recog-

Speaker Bearl Bear2 Bear3 Beard
Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes
V0LV Jm/ [n/ fp/ INOL/ | [of Jay/ [e] [eh/ | [vOL) | [o/ Jay/ [b] [d] [NOL/ | [o] Jay[ [e] [eh
/s 5116 INT s Jey/ 1/ [/ [eh/ [ey/ /dz/ ley/ 1/ [iy/
/w/ N02/ 1 /o] [1of o] Jou/ | [v02/ | i Jm/ /n] [p/ [¥02/ | [/ [m] [
N2/ Jel [6) o] )i/ N03/ ) [w] [a] Jas] o/ [s1 151181 INT Il
/x/ [v04/ | [u/ Juw/ Jw/
/¥03/ | [o/ Jay/ b/ Jd] | [v05/ | [oa] /sil/ /sil/ /sil/ [sp/ /sil/
/eh/ [ey/ [d3/ /¥06/ | /sil/ [ear/ | [gax/ [af [/ [s] /5] | [eay a
[v04/ | Ja/ [o] /¥OT/ | Ja/ o 1411 [el 13/ 1] /o] 14 /4] /8] /1]
ool [¥05/ | /3 Jaw/ [y] [2/ | [vO8/ | /b] /m/ /n/ [/ [t [s/ 18] o] 1/ /1] /¢l 16/ o/ [d3/
/¥06/ | [/ [ou/ [l I8 18] 1 ] Nl fisl %) ]/ &/ [\ o] [/
NOT/ | ][] [as] [o] ARAIRA N /o] [ou] [/ 8] [/ [21] [8] [0/ [u]
/v08/ | /i [n/ /%3] /¥09/ | /d3/ [v/ [/ [3]
/v09/ | Je/ /¥10/ | /) /3] /1] [s/
/¥10/ | /4] /6] [kl 1V
ACYARNEY A Nl
v/ | J/ v/ 3/
JV13/ | /sil/ /sil/ /sil/ [sil/ [sp/
/gar/ | [gar/ [o/ [sp/ [ear/ | [gar/ [o/

Table A.21: A speaker-dependent phoneme-to-viseme mapping derived from phoneme recog-
nition confusions for RMAV sp sp03
Speaker Bearl Bear2 Bear3 Beard
Viseme ‘ Phonemes Xiseme onemes Viseme | Phonemes Viseme | Phonemes
e/ /3] [$il] Jaw/ | NOV) | ey] JE 1 fiv/ /¥01/ | Jay/ [eh/ [ey/ /1]
v/ [%/ [\ Jm/ [nf [1] liy/ [o] Jou/
fay/ [en/ [ey/ o/ " /¥02/ | [g/ [k /1] fm]
fiv/ v/ [ou/ [v02/ | e) [x] [s] [t o/ /] /s 6] 18/
/o/ /2] 8/
/29/ /sil/ /sil/ [sil/ [sp/ /sil/ /sil) [sil/ [sp/
f®/ [a] [o/ [gar/ | [gar/ [a [®] [s] [o] | [gar] | [gar] [a] [®] [s] [5]
o/ o/ [ay/ [o] b/ [ti/ /o] /o] b/ /t5] [d]
Jaw/ 145/ 14/ /3] [eh/ [3/ 14/ 8/ [¢/ |3/ /]
0 INOTE | fof Jay/ b J8) | V09| faf 3/ /&l 1G] )/ Jn/ [t/ /) /ds/ [u/ [/
/¥08/ | /n/ J¥10/ | Jg/ [k/ /1] Jm/ M/ o] fos] [/ [/ o1/ [I] 2] [6] [uw/
/¥09/ | /6/ /ol [x] [s] 18] 19/ o/ 18/ [/ 6] [v] faw/ [v) jw) [y] 2]
/v10/ | Ja/ [eb/ /3] /8/ NIl Iy] s /2] I3/
VUL feof [/ A A LI
N2/ | A e/ N2/ | fds) ] ) [
N3/ | 5/ J¥13/ | /v/
/| e/ )] s
V15[ | fas/ V15| 6/ fn/
Jear/ | [gar/ [o1/) [sp/ /sil) | /silf /sil) fsp/
Jgar/ | [gar/ [o1)
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Table A.22: A speaker-dependent phoneme-to-viseme mapping derived from phoneme recog-

nition confusions for RMAV speaker sp05

Speaker Bearl Bear2 Bear3 Bear4
Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes
0L/ | =] [of [o] (3] [NOL/ | [/ [o] [o] [en/ [¥01/ | Jay/ /b/ [d] fw] /01| Jay/ faw/
3/ [ey] I/ [iv] [k/ Jey/ 1/ iyl [of fov] | [v02] | [/ [o] [of [3] /N02/ | [d) 3] ]/
%/ /) /nf Jouf 13/ [ey] I/ [iv] [k/

/¥02/ | o/ [/ [s] v [v02/ | Je/ [/ %/ N I/
/2 /v03/ | Jay/ fuw/ /sil/ /sil/ /sil/ [sp/ /sil/

J¥03/ | o] [u/ Juw] [v/ [v04/ | [oa] Jear/ | [gax/ [a/ [a] [av/ [o] | [gar/

[v04/ A\ J4) o/ [¥05/ | /af Jas/ /¢ /1] /8] /6] J1o]

/N05/ | [ay/ /b] [d] [w/] /¥06/ | Ja/ o] w0/ [ds/ jm/ v/ /o]

/¥06/ | [f] jm/ 0T/ | Jef 6] /8 v/ o/ [/ [ov) [v/ [r/

005 NOT/ ) faf Je) /6/ [v08/ | [p/ [w/ v/ Ix/ s 1] 1t/ 18] [/ [o] [ov] [/
/v08/ | fov/ /1] [¥09/ | /d/ [3] [t/ [ds/ 8/ /03] [u] [uwil /v o/ /vl [t] /8] [/
/¥09/ | [ds/ NN fm) ) [ s/ ATV 4 [/ [s] [¥] %] [y/
/¥10/ | [ds/ /s/ 11/ N 1yl 14l 13/

o fel v/ /v10/ | /u/ [0/

/v12/ | /6] AR LTAL!)
I3/ s Jav/ 12/ s/

v/ s/ [sil) | /sil/ [sil] Jsp/
/¥15/ | [oo/ [gar/ | [gar/ [o] [or/
/¥16/ 1 [if /n/

[ear/ | [gax/ /o] /2] [sil/ [sp/

Table A.23: A speaker-dependent phone

¢

-to-viseme

mapping derived from phoneme recog-

Speaker

Viseme ‘ Phonemes

Bearl

Jaf [/ s/ |3/
/5 10/ 2o/
Juw/

fuw/

/vl 4] [/
/o/ /ds/

/3/

/sil/

/o/

Jav/

Juf jw/

/gar/ o1/ [sp/

Bear3 Beard
onemes Viseme | Phonemes Viseme | Phonemes

[af [=] s/ [o/ [NOL/ | /6] fu] o] [ou/ N1/ faf [/ [a] o/

3/ [o] [/ [o] [ov] | [¥02/ | [o/ Jay/ [d] /3] 3/ 0] i/ [o] fou/

fouv/ feb/ /1) [%/ [\ o) Jou/

/sl Juw/ /n/ v/ Is/ 1t/ /N2 | %) 1) fm/ /n/

fay/ [ey] [iy] [s/ | /sil) | [sil] [sil) [sp/ [/ 18] 18] 18 v

[av/ [oo] [gar/ | [gar/ [a] [w] [s] [o] AN

/e/ o/ Ib] 1] [3/ [ey/ | [sil) | [sil/ [sil/ [sp/

/o/ fey/ /1] [/ /o] [iy] | Jeax/ | [ear/ [o] [av/ [ay] [of
0T/ | [o/ [fiy/ [ds) [m] [o/ [/ 147147 /3] [e] [ey/]
[NO8/ | /&) [\ fm/ [n/ /3 /5] 18] [oo] [u] fey/ /¥ Je/ /6] Jiy/

/x/ IsI 1IN o] ] [v]fw] ] fiv/ /ds/ [/ [/ /6]

W] y] e v/ 12 /3] 18/ /03] [v] [uw/ 3/
[¥09/ | /b J55] /4] /8] /3/

/el /ds/

ACVARNEY
YA

12/ /)

/sil/ /sil/ [sil/ [sp/
[gar/ | [gar/ [or]
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Table A.24: A speaker-dependent phoneme-to-viseme mapping derived from phoneme recog-

nition confusions for RMAV speaker sp08

Speaker Bearl Bear2 Bear3 Beard
Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes
/¥01/ | Jeh/ [t/ /6] /1] [NOL) | faf [w] [5] [of /¥O0L/ | Jen/ [t] /6] )1/ JNOL/ | Ja) [/ [o] [o]
N/ fmf ol /o] [x/ feh/ [ey/ )/ [iy/ [uw/ N fw/ [/ o] [x/ Jeh/ Jey/ /1] [iy,
/l Ist 1t fuw/ I/ /sl It Juw/
/N02/ | Jaf [w] [o] [of /v02/ | [/ /sil) | /sl /s [sp/ N02/ ) k)
Jey/ n/ Ju/ /¥03/ | [/ [ou/ [gar/ | [gav/ [a] [] [s] [o]
/N03/ | Jay/ [bf fuw/ [v04/ | 1o/ o/ Jay] o] b/ Jti]
/vo4/ | Jef /N05/ | Jav/ [e/ J60/ /41 /3] [/ /3] /sil/
/NO5/ |/t /N06/ | /o] /3] /3/ [ey/ &/ [0/ [d3/ | [ga
NO6/ | /1) )y/ N7/ | fe/ [ds/ [k/ [n] [o] [ou/
op08 o7/ | o/ [NO8/ | %/ /1] /n/ [p/ [os/ [/ [I] /0] 5] /8 Jeff/6] w0/ [d3/
/v08/ | Jk/ s/ 4] 18] Iv) [fw] o0/ [u/ Jaw] [v] Jm/ [n/ /o] [/
/¥09/ | /d3/ /w/ |2/ /) [y] /2] | fov/ o) [J] %] |5/
/N10/ | J3) ) W] [z /¥09/ | /d/ /8] /1] [6/ [u/ [yl I3/
| /e fs/ /n/
N2/ | /3] feo/ /¥10/ | [g/ [d3/
N3/ | Jav/ fou/ /N1 | o]
/NU4) | /a) Je) 12/ /s/
/V15/ | Joof N3/ v/
/v16/ | [of /sil/ /sil/ [sil/ [sp/
Jgar/ | [gar/ /o) /sil/ [sp/ | [gax/ | [gar/ [0/ [0/
Table A.25: A speaker-dependent p -viseme mapping derived from phoneme recog-

nition confusions for RMAV speaker sp09

Speaker Bearl Bear2 Bear3 Bear4
Viseme ‘ Phonemes /Wise 'honémes Viseme | Phonemes Viseme | Phonemes
/o1 | /3] el /3] ] / /3/ N1/ | [of [nf [of [eu/ INOL/ | /] fou/
/% N/ 1¥02/ ) faf [ /o] Jo] /¥02/ | /8] [e] /3] [8/ /v02/ | o] [®] [o] [o]
[ev/ fey] i/ [iv] /o] /%) N fw] [/ [v/ [ev/ fey] /1] [iv] /o]
v/ v/ v/
/8] /1] J¥03/ | o] faw/ /N3 | Jay/ Jx/ [s] /1] J¥03/ | [k/ )\ fm] /n/
(e /N04/ | oo NIl 2] /ol [x) [st 18] T
A/ [3] b/ /¥05/ | [1of Jsil) | /sil/ /sl fsp/ 1%/ 18/ /2|
/¥06/ | [av/ Jgar/ | [gax/ [a/ [w] [s[ fas/ | s/ | /sl /sl fsp/
ey/ [t/ 1/ INOT/ | /] fou/ /o/ /b W] [df [eb/ | Jear/ | [ear/ [as/ [o] [b] [t/
/ [v] /o] fou/ [v08/ | /sil/ Jeb/ fey/ 1] /8] Jo] 13/ [e] /3] 1t/ [8/
0 N3/ Y faf [¥09/ | [k V) Jm/ [/ /1] v/ [ds/ [ /6] [&/ [6] [/ [d5/ [o1]
/y08/ | [a/ o/ [x] /s 18] 1t 18/ %] [/ [aw] [y/ o1/ [o3f [u] Jaw/ [v]
v09/ | v/ fuw/ 1t/ 18/ [2/ /5l 13/ vl ] 5]
/vi0/ | /ds/ ALVaN N
ALty WA U/ fd) 8] fds/
12/ s/ N2) o el )y
/V13/ | Joof /v13/ | /b/
Jvi4/ | /sil/ /v14) | )[R/
/v1s/ | /6/ /V15/ | /3]
/V16/ | Jav/ /sil/ /sil/ [sil/ [sp/
T/ faf [af Jeax/ | [gar/ [o] [or/
/gar/ | /ear/ /o] [o1/ [sp/
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Table A.26: A speaker-dependent phoneme-to-viseme mapping derived from phoneme recog-

ACCEPTED MANUSCRIPT

nition confusions for RMAV speaker sp10

Speaker Bearl Bear2 Bear3 Beard
Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes
SOV |/ i) fds) )| N0/ Jef fay/ [eb) [s/ | NOL) | fof fuw/ [] fw/ N1/ | ][] [o] [/ K
v/ Nl fiy] ol v/ | N02)\ [6) /n] o] feu/ /¥02/ | [o] [ay] [eb/ [3/
[v02/ | (8] [nf [of Jeu] | v02/\ [w] [a] [o] [u/ v/ Is] [e] 10/ Nl fiy] [ol [ou,
[/ /] 16 /8] | /v03/ | [oa/ silf | fsil) [sil) [sp/ /¥03/ | /) /3 [f]
/¥03/ | /b/ /N04/ | Je] Jaw/ Jear/ | [ear/ [af [w] [s] [5] NN/ i /]
NO4/ | fw) fd) /) e/ | OS5/ | Ja/ [1o] Jay/ o/ /b [t/ [/
ley/ [t/ /¥06/ | Jav/ /4] /3] ¢/ [eb/ [3/
[v05/ | [k/ 0T/ ) /sl /3/ [ey! [t/ [g/ /o] | [v04]
[NO6/ | [of Juw/ [v] [w] | vO8/ | for] [/ 1/ [/ [ds/ [k/ | /sl
10 N7/ Jay/ J1) [/ /¥09/ | Jo/ YL TR T e
[v08/ | [/ /¥10/ | /) (3] /1] 6/ Jouf 81 1] 1] J2f 1™
[N09/ | /sl [o] [2/ N/ fwf o/ v/ [x/ /2 I3/ N1 18/ [90] [ww] /5]
/v10/ | /o] S Ist e V] ) /3/
NI e/ /v 2]
N2/ | fe] /3 ALty
13/ | [a/ fas/ N2/ | Jef [d3/ v/
N1/ | 3/ N3/ | o) ]
V15[ | [o9/ ¥4/ 3/
Jv16/ | /o) /v15/ | /8/
[ear/ | [gar/ [sp/ /i) | [sil) [sil/ [sp/
Table A.27: A speaker-dependent phoneme: iseme mapping derived from phoneme recog-
nition confusions for RMAV speaker
Speaker Bearl Y Bear3 Bear4
Viseme ‘ Phonemes es Viseme | Phonemes Viseme | Phonemes
NOL/ | Jiy/ &/ Jmf o/ NOL | /o) [of Jay/ [t/ INOLS | e [of Jay/ [ef
/ol o] [/ [s|/ 4] xf /o] [ay/ [e] ley/ 3/ Jey] 1/ i/
3/ fey/ 1/ fiy/ | [v02/ | /d] /8] [F] /¥02/ | /ds/ [k/ /1] Jm/
Ja/ /¥03/ | Jfiy/ [¥/ fm/ [n/ LI
/al [o] fouf /o) [/ /x] Is] Jt] 18w/
/o/ A fsil) | /sil) [sil) fsp/
o/ fsil) | /sil/ /sl fsp/ Jear/ | [ear/ [a] s/ [o] Jav/
/%] [ear/ | [ear/ [a] [w] [a] [av/ b/ 14/ 14/ 18] /1]
/sil/ v/ [e] /3] &/ 6] 1t/ [e/ /6] fof o/
/o 8/ w0/ /1] [d3/ )1/ /o] fov/ [o1] /1] /8]
/1] N s/ [orf /1] 16/ 18/ [0/ [/ Juse/ [v/
11 Jav/ 18/ %] [o] Juw] v/ I Iy) 2] [s]
N1o/ | Jeu/ V12/ s/ k) 1w/ AN I,
w/ | fel Jy/ /e /ol [l /x] Is] e /3/
/¥12/ | /61 16 1w/
18/ | J19] fuw/ J¥8/ | /4] /8] e/ [/
/v14/ ) 3/ LS A
V15) ) e/ NS/ ] 2]
/¥16/ | /sil/ /¥16/ | /3] [0/ v/
/T | /ds/ ST )
VI8/ ) [ef /V18/ 1 /3/
Jgar/ | [gar/ [0/ [sp/ /¥19/ 1 /b/
/sil/ /sil/ [sil/ [sp/
/gar/ | /gar/ [o/
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Table A.28: A speaker-dependent phoneme-to-viseme mapping derived from phoneme recog-

nition confusions for RMAV speaker sp13

Speaker Bearl Bear2 Bear3 Bear4
Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes Viseme | Phonemes
IO/ | /o] A 1 fk] VOV | ] [o] [o] [ay/ OV [of Jd) [y [x/ INOL/ | ] [o] [o] [ay/ ‘(
/n/ v/ s/ [uw/ [v/ 13/ Jex] Il 1/ [iv/ /n/ [vf [s] Juw] [v] /3/ [ey/ ] /1] [}
Il 12 [5] fiv/ NG fiv/
[v02/ | /] [¥02/ | Jef [of [ov/ fuw/ | /sl /sl [sil] [sp/ [¥02/ | /4] /5] [g)
N3/ | /3] [ Je) x/ J¥03/ | Jau/ Jear/ | [gar/ [a] [w] [a] [av] /m/ [n/ [v/
[v04/ | /b/ 8] [/ Jeh/ INO4/ | /a] Ju/ [ay/ [a] [v] [t/ /8]
/v05/ 1 /4] J¥05/ | [af [oaf 108/ [e] [eb] [3/ [ey/
/¥06/ | Jav/ fiy] o] fou/ | [v06/ | [sil/ fey/ 1] Je/ 8/ )o/ | [sil/
/NoT/ | [af [/ o7/ | fo/ 1/ fiy/ /d3/ [m/ [n] | /g
p13 V08 | ] [a] [o] [ay/ Jv08/ | a3/ [x/ [I] [y] M/ [of Jes] [/ [r/
V09 | Jaf [y/ J¥09/ | fdf /8] [g] [k/ [ 116 18] [od]
[v10/ | /m/ [sil] [t] /8] [/ [nf [v] [/ [s] /%] o] %/ [y/ v/ /1] 19/ /%3] [/
ALY i /sl 181 ] W] 2] o] Juwe/ [y] /3]
12/ | Jey/ /2]
V13/ | foof Jw/ /vio/ | R/
AR AR NLNCINL
[gar/ | /gax/ [or/ [sp/ 2/ /s
/V13/ | [0/
/sil/ /sil/ [sil) [sp/
ear/ | [gar/ /o)

Table A.29: A speaker-dependent phoneme isemé mapping derived from phoneme recog-
nition confusions for RMAV speaker
Speaker Bearl Bear2 7 Bear3 Beard
Viseme ‘ Phonemes es Viseme | Phonemes Viseme | Phonemes
N1/ | /) fiy/ [ds/ fm/ z/ 3] [o] [ay/ N0/ | Je] /3] ey] [T/ N1/ | Jw/ [of [o] [ay/
Jou/ v/ [t/ /s, 3/ Jey] I/ [iv] | [¥02/ | JS) [5] 1w Ty Jeb/ /3] Jey/ hf Jiv/
1t/ 18/ /¥03/ | /] Jiy/ [ds/ /m/ Jiy/
/¥02/ | fo/ Jay/ fou/ o/ [x] [s] [t/ | [v02/ | [8] [E] /6] [%/
4/ 10/ /m/ n/ [x] [s] /5]
[¥04/ | J1of [o] [ou] /v04/ | Jof Jb] [/ /3] (RN
/v05/ /a/ [sil) 1/ /sil/ /sil/ [sil/ [sp/
/¥06/ | Jas/ /sl | /sil/ /sil/ fsp/ Jgar/ | [gar/ [a] [a/ Jav] [o]
/NOT/ | Jaf Jgax/ | [ear/ [a/ [a] Jas/ [o] 8/ 14/ [8] 0/ [d3/
/¥08/ | Ja/ /o] ¢/ [8] /6] J1o] a3/ [/ [o] [ou/ [/
/¥09/ | foo/ 1/ [%/ [/ [o] [/ 1/ o/ [0/ /oo [u/
/N10/ | [a) [a) o1/ %] v/ Juw] /5] o/ fuw/ s/ /2] |5/
SN | [8) 8 /6] [/ /3/ /3/
/m/ [nf [x] [s] /1]
(RN
N12/ | 2/
N3/ v/
¥4/ | /o) e/ ) [6)
16/ | [if [a) /N15/ | [/
Jear/ | [gar/ [o] /o] [sp/ | /v16] | [/
1T/ /ds/ o/
/N18/ | /3/
[sil/ /sil/ [sil/ [sp/
Jgar/ | [gar/ [o] [/
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Table A.30: A speaker-dependent phoneme-to-viseme mapping deri fi phoneme recog-
nition confusions for RMAV speaker spl5 &
Speaker Bearl Bear2 Bear4
Viseme | Phonemes Viseme | Phonemes Viseme | Phe Viseme | Phonemes
J¥O01/ | o) [d] /3] Jey/ JNO01/ | o/ [ay/ [eh/ [ey/ | [vO1/ JNO01/ | /o] [ay/ [eh/ Jey/
N/ fiv] [k/ )\ fm/ [iy/ [ou] [uw/ fiy/ [av/ Juw/
/m/ /n/ v/ /v02/ | /8] [o] [as] [e/ /v02/ | /v/ /4] /3] /1]
502/ | J1o] [p] [x/ [s] o1/ %/ N\ fm] /n] [n/
14 10/ |2/ /v03/ | /o] /[ /af =] [s] [o] /n/ v/ v/
/v03/ | Jeh/ [ou/ [v04/ | fa) =] /3] ay/ /o) /b Jti] Je/ | /sl | /sil/ [sil] [sp/
J¥04/ | Jaf Jee/ [a] [5] /¥05/ | /sil/ [oo/ e/ [en/ /3] Jg/ /6] | [gax/ | [gar/ [a [/ [/ [o]
/¥05/ | [0/ /¥06/ | fu/ [/ /1] [d3/ [n/ [o/ /o 145/ [e] I3/ /6]
/¥06/ | Ju/ Juw/ v/ N7/ | o/ /o] [ou] [/ [v/ [x/ /6i/ /1o [ds/ [o] [or]
w15 o7/ | Ju/ /v08/ x/ [s/ 151 18] 18/ [/ [x/ [s] [§] 16/
/¥08/ | g/ /6] /d3/ 8/ [53] [u] Jus] v/ 14 101 [0o] [u] Jw]
/v09/ | /3/ N Iw] 2] ]3] I/ Iy/ J2] |3/
/¥10/ | /v/ Jt/
Y2 YA WEY
12/ | Jay/ e/
/v13/ /sil/ Jo
12/ | /w/ [y/
i3/ | 6/
v/ |/
/sil/ /sil/ [sil/ /sp/
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