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Puheella on kaksi eri ilmenemismuotoa: akustinen (aani) ja visuaalinen (suun liikkeet).
Koska muodostuva &ani riippuu huulten ja muiden danielinten asennosta, vallitsee aanen
ja suun liikkeiden valilla tietty yhteys. Tata yhteytta on perinteisesti kaytetty huuliltalu-
kemiseen.

Kehittynyt tietotekniikka avaa lisad mahdollisuuksia hyddyntaa akustisen ja visuaalisen
puheen vélista korrelaatiota. Erds mahdollinen uusi sovellusalue on puheohjattu kasvo-
animaatio, jossa akustinen puhe pyritddn muuntamaan vastaaviksi suun likkkeiksi. Tata
voitaisiin hyddyntdd mm. kieltenopetuksessa, elokuvissa, tietokonepeleissa, seka kuva-
puhelimissa ja muissa visuaalisissa kommunikaatiosovelluksissa. Sellaista menetelm&a,
jolla tarvittava muunnos voitaisiin tarkasti ja luotettavasti suorittaa, ei ole kuitenkaan
toistaiseksi |0ydetty.

Tassa tutkielmassa tarkastellaan erasté kirjallisuudessa esitettyd lahestymistapaa puhe-
ohjatun kasvoanimaation toteutukseen. Erityisesti tutkitaan taman ns. foneettisen mene-
telmén soveltuvuutta reaaliaikaiseen kommunikaatioon. Menetelma on kolmivaiheinen:

(1) tunnistetaan akustisesta puheesta aanteet eli foneemit;

(2) muunnetaan foneemit vastaaviksi suun asennoiksi eli viseemeiksi;

(3) muodostetaan viseemien perusteella lopullinen animaatio.

Tutkielmassa tutustutaan lyhyesti kasvomallien muodostamiseen ja niiden animointiin
viseemien perusteella (vaihe 3), seka esitetaan foneettisen aakkoston kuvaus viseemeiksi
(vaihe 2). Padosin paneudutaan kuitenkin ensimmaiseen vaiheeseen, eli puheentunnis-
tukseen.

Yleisimmin kaytetyt ja tehokkaimmat puheentunnistusmenetelmét perustuvat tilastolli-
seen mallinnukseen, ja erityisesti ns. katkettyihin Markovin mallethoidén Markov
model, HMM). Tutkielmassa esitetddn HMM:ien matemaattiset perusteet ja tarvittavat
algoritmit, seka sovelletaan niitd kaytantdon. Lisaksi kasitelladn HMM-pohjaisen pu-
heentunnistuksen keskeisia ongelmia ja eraita niihin esitettyja ratkaisuja.

Lopuksi toteutetaan puheohjattu kasvoanimaatioprototyyppi ja tarkastellaan saatuja tu-
loksia. Tuloksista ilmenee, etté foneettisen lahestymistavan soveltuvuus reaaliaikaiseen
kommunikaatiokayttdon on huono, koska sen vasteaika suhteessa puheen kulkuun on
lian pitka. Mikali siis huulten liikkeet ja &&ni halutaan synkronoida, on &&nen toistoa
viivastettadva. Tama puolestaan on keskustelun sujuvuuden kannalta kiusallista. Tulok-
sista ilmenee myos, etta nykymenetelmilla saavutettava foneemien tunnistustarkkuus (n.
60 %) on lilan alhainen: tunnistusvirheiden suuri maéara aiheuttaa vaaria suun liikkeita.

Asiasanat:
puheentunnistus, foneemien tunnistus, viseemit, tilastolliset menetelmat, Markovin
mallit, puheohjattu kasvoanimaatio, visuaalinen kommunikaatio
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Speech is produced by the vibration of the vocal cords and the configuration of the arti-
culators. Because some of these articulators are visible, there is an inherent relationship
between the acoustic and the visual forms of speech. This relationship has been histori-
caly used in lip-reading.

Today's advanced computer technology opens up new possibilities to exploit the corre-
lation between acoustic and visual speech. One such possibility is speech-driven facial
animation, where the aim is to automatically convert acoustic speech into mouth move-
ments. This would have applications in education, movies and computer games, as well
asin video telephony and other kinds of visual communication. Unfortunately, a method
capable of doing the required conversion accurately and reliably is yet to be found.

In this thesis, one approach will be examined that has been proposed for the acoustic-to-
visual speech conversion task. The applicability of the method to real-time communica-
tionisstudied in particular. This so-called phonetic approach consists of three phases:

(2) recognizing the basic speech sounds, or phonemes,

(2) converting the phonemes to corresponding mouth shapes, or visemes,

(3) generating facial animation based on the visemes

The construction and animation of synthetic head models (phase 3) will be discussed
briefly. A mapping from phonemes to visemes (phase 2) will be devised, as well. For
the most part, however, we will concentrate on speech recognition.

The most common and successful speech recognition methods are based on statistical
modeling, and especially on hidden Markov models (HMMs). In thisthesis, the theory of
HMMs and the related algorithms will be presented, and then applied to speech recog-
nition. Additionally, the major problems in HMM-based speech recognition will be re-
viewed.

Finally, a speech-driven facial animation prototype will be developed, and the results
analyzed. The results indicate, that the phonetic approach is not very suitable for real-
time communication, because it causes too much latency with respect to the progressing
speech. In order to keep the animation and the sound synchronized to each other, audio
playback must be deferred to compensate for the latency. This, in turn, causes annoying
delays in the conversation. Furthermore, the accuracy attainable with current phoneme
recognizers (about 60 %) is too low: the errors in recognition are instantly reflected as
erroneous mouth movements.

Keywords:
speech recognition, phoneme recognition, visemes, statistical methods, hidden Markov
models, speech-driven facial animation, visual communication
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Introduction

Historically, audio and video have been treated as two independent streams of information, even

though they are often reflections of the same physical event. When a person is speaking in front

of a camera and microphone, for example, two forms of information are being captured — acous-

tic and visual. Although these information sources have vastly different characteristics, they are

not completely independent. Otherwise, lip-reading would not be possible.

One application that may exploit this interaction between audio and video is knepaechs

driven facial animation. Because there is significant correlation between the acoustic and visual

forms of human speech, it should be possible to design algorithms capable of analyzing acoustic

speech to predict the corresponding mouth shapes. This, if indeed possible, would open up in-

teresting opportunities in various fields, including the following:

Education. When learning foreign languages, for example, a student could see and hear a
synthetic human (or a human-like character) on a computer screen to repeat his words.
The character could then show how to pronounce those words more correctly. Moreover,
computer software in general could use animated user interface agents to guide inexperi-

enced users by spoken instructions.

Entertainment. Synthetic actors in movies or computer games could be made to speak

with the voice of a particular person, synchronizing their lip movements to that person's
speech. Also, existing video footage could be used to create automatically new video of a
person mouthing words that she did not speak in the original footage. This would be use-

ful in movie dubbing, for instance.

Communication. In videotelephony, the transmission of live video of a speaking person
could be replaced by animating, at the receiving end, a synthetic look-alike of the speaker
according to her speech. This would be useful if real video were not available (no camera
at the transmitting terminal) or could not be sent (not enough bandwidth). In some situa-
tions, one might not even want to transmit live images, but would rather use a predefined
synthetic model. Furthermore, the realism in virtual reality applications could be enhanced
if the characters in the virtual worlds were able to speak with each other naturally. Finally,
communication aids for the hearing-impaired — or for very noisy conditions — could be

implemented by generating lip-readable animation from acoustic speech.



In thisthesis, we will examine in detail one approach that has been proposed for synthesizing
lip movements from speech. It involves first performing speech recognition to identify the string
of basic speech sounds, or phonemes, that a given utterance consists of. The phonemes are then

converted to corresponding visual units (visemes) to animate a three-dimensional face model.

To realize such a phonetically based speech-driven facial animation system, we need the fol-
lowing components: (1) a speech recognizer to convert acoustic speech into phonemes; (2) a
means to convert phonemes to visemes; (3) a head model capable of being animated; and (4) a
system for animating the head model with the visemes obtained from speech. The most crucial
and difficult step in this approach is speech recognition: if phonemes can not be recognized accu-

rately enough, the resulting animation is bound to ook unsatisfactory.

Thisthesisis organized as follows. We will start, in chapter 2, with an introduction to three-
dimensional head models: how they can be captured, represented and animated. For animation
purposes, we adopt a set of visemes, and devise a mapping from a common phonetic alphabet to
the chosen visemes. In chapter 3, we give an overview of speech recognition. Even though we do
not actually need full-scale speech recognition here, it is useful to get an overall picture of the
field. In fact, speech recognition is nothing but phoneme recognition with some postprocessing.

Hence, the problems and potential solutions are roughly the same for both.

The standard paradigm in speech recognition is to use hidden Markov models (HMMs). They
are arobust mathematical tool for statistical modeling of various kinds of natural processes. In
chapter 4, we present the definition of the hidden Markov model, as well as several related algo-
rithms. In chapter 5, then, we apply hidden Markov models to speech recognition. The HMM
framework allows convenient and computationally efficient integration of the different recog-

nizer components.

In chapter 6, we present our experimental facial animation system. The prototype consists of
an HMM-based phoneme recognizer and a viseme-based facial animation module. We also pres-
ent the results achieved with the system, in terms of performance, accuracy and subjective qual-
ity. Finally, in chapter 7, we summarize the methods and results presented in this thesis, and con-

clude with directions for further research.



2 Facial Animation

2.1 Head model construction

Several methods of varying quality and complexity exist for capturing three-dimensional models
of real-world objects, such as human beings. The most accurate of these methods are based on
using lasers, either as range finders or illumination sources. In laser beam scanning, a beam of
laser is used to measure the distance to a particular point on the surface of an object. Repeating
this for thousands or millions of different surface points, possibly using an array of laser beams,
the 3D geometry of the object can be accurately captured. A whole-body scanner based on laser

range findersis shown in Figure 2-1.

Figure 2-1. A whole-body 3D scanner by Cyberware (www.cyberware.com).

In laser stripe scanning, athin laser stripeis projected onto the surface of an object while a
photograph is taken from a specific angle with respect to the object. Then, the stripe is moved a
very small step forward and a new image is taken. Thisis repeated until the whole surface of the
object has been covered (see Figure 2-2). In the resulting image sequence, the surface contour of
the object isilluminated by the laser and can be used to construct a 3D model of the visible part
of the object. Severa stripe projectors and cameras can be combined so that all parts of the object

arevisibleto at least one camera and one stripe projector.

Not surprisingly, the downside of laser scanning is the price of the required equipment. Fortu-
nately, ssmpler and cheaper solutions exist that are based on digital cameras and traditional light
sources, or no special light sources at al. Using just two digital cameras, placed afew centime-

ters apart from each other, a stereo image of an object can be acquired, similarly to the way our
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eyeswork. Again, only that part of the object that is visible can be modeled. Multiple cameras

can be used to get wider coverage, but at the expense of increasing algorithmic complexity.

CAMERA

%

STRIPE
PROJECTOR

CAMERA IMAGE

OBIJECT

Figure 2-2. 3D scanning with the laser stripe technique. A thin laser stripeis

moved along the surface of the object while a sequence of imagesis taken.

A 3D face model building scheme based on stereo imaging is outlined in Figure 2-3. Depth in-

formation is extracted by first identifying prominent regionsin either of the images, then locating

the same regions in the other image, and finally computing the distance between each pair of cor-

responding blocks. This knowledge can be used in geometric computations to get a depth map

of the object. To make depth information extraction easier, structured light can be projected onto

the surface of the object (see Figure 2-5). Stereo imaging, structured lighting and computer vi-

sion in general are discussed in, for example, chapter 24 of Russell & Norvig [27].

depth map

Depth Analysis
stereo image of <>
the subject o
Vectorization ——® 3D Face
Model

= Texture Analysis

segmented

texture

Figure 2-3. Constructing an artificial model of a human face by using stereo

iImaging. Vectorization is based on both depth and texture information.
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Using depth information, whether obtained by stereo imaging or laser scanning, a wireframe
model of the object can be formed (see the left half of Figure 2-4). The wireframe model consists
of pointsin three-dimensional space, connected together to form a polygon mesh. The number of
polygonsis usually in the order of thousands for complex objects like human faces. The polygon
mesh is by no means the only possible representation, although it is the simplest and aso the de
facto standard in 3D computer graphics. More elaborate schemes exist that are based on, for ex-

ample, parametric surfaces (see, e.g., chapter 6 of Watt [36]).

To make the model look less synthetic, texture information is needed. Texture can be cap-
tured simultaneously with structure: all that is needed is a couple of images taken without
any special lighting. By mapping the texture on the polygon mesh, we get a very realistic-
looking "3D photograph” (see the right side of Figure 2-4).

Figure 2-4. A three-dimensional artificial human head. The geometry of the
head is defined with a mesh of polygons (left). Texture mapping and shading
are applied on the polygonsto yield a realistic appearance (right).

Figure 2-5. Structured lighting Figure 2-6. Facial feature extraction [2].

(Www.inspeck.com).



If we are to animate human faces, the most difficult part still remains: finding the facial fea-
tures (eyes, eyebrows, lips, nose, chin, and so on; see Figure 2-6). Exact locations of the features
must be known so that transformations can be applied on them according to the animation. Find-
ing the lipsis particularly important, because the attention of human viewersis naturally focused
on their movement. Methods for facial feature extraction are discussed, for example, in Lanitis,

et al. [16] and Beymer [2].

Facial feature extraction involves several tasks, each of which israther difficult by itself: first
segmenting the texture, then finding correspondences between features and segments, discarding
segments that do not correspond to any important features, outlining the inner and outer bounda-
ries of the lips, and so on. Differing lighting conditions and backgrounds further complicate the
task. In fact, accurate and robust performance is not possible with current methods, unless some

simplifications are enforced (by using a static, single-colored background, for instance).

2.2 Speech animation

Assuming that a three-dimensional model of a human face has been successfully obtained with
the methods described in the preceding section (perhaps with some manual assistance, as well),

we may now confront the problem of making the head "talk".

Talking heads come in three varieties: synthesizer-driven, audio-driven and video-driven. The
first approach uses a speech synthesizer to produce both the speech sounds and the associated lip
movements. The latter two, on the other hand, control the animation with information extracted
from areal speaking person. In the audio-driven (or speech-driven) approach, the speech sounds
are used to infer the mouth movements. In the video-driven approach, lip movements are tracked

by a video camera and an image analysis system.

In thiswork, we will only consider facial animation driven by acoustic speech. Synthesizer-
driven animation will not be discussed, because synthesized speech is not suitable for video-
conferencing and similar applications. Video-driven animation, on the other hand, is not in the

scope of this project.

In the following, we will first introduce several concepts of phonetics that are necessary to
understand acoustic-to-visual speech conversion (and speech recognition). Then, we will pres-

ent two different approaches for converting speech into lip movements. The other aimsto find a



direct mapping from acoustic observations into mouth shapes, while the other uses an intermedi-

ate step of phoneme recognition.

2.2.1 Phonetic foundations

Human speech is produced by the vibration of the vocal cords and the configuration of the vocal
tract that is composed of articulatory organs, including the nasal cavity, tongue, teeth, velum and
the lips. Because some of these articulators are visible, there is an inherent relationship between

acoustic and visual forms of speech.

The main assumption underlying speech-driven facial animation is that the visual component
of speech is more or less redundant. That is, it is presumed that sufficient portions of the visual
information can be inferred from the acoustic information. Whether thisis in fact the case, de-
pends on what is considered sufficient. For the purpose of merely creating an illusion of visual
speech, the assumption most certainly holds. Recovering the necessary information from the
audio, however, remains a major problem. On the other hand, if we require visual reproduction

that is accurate enough to allow lip-reading, the assumption might not always hold anymore.

In thiswork, we are not aiming for entirely faithful reproduction of visual speech. Rather, an
illusion of speech that is accurate enough to fool a casual observer from a distance would be con-
sidered sufficient. Even this relaxed goal is by no means an easy one to achieve, especialy given

that the acoustic-to-visual conversion should take place in real time to enable communication.

Phonemes are defined as the smallest acoustically distinguishable units of speech, or equiva
lently, the set of speech sounds that is sufficient to describe every possible word in a language.
Despite the seemingly clear definition, phonemes are merely abstract units whose pronunciation
depends on contextual effects and the speaker’s characteristics. A unit called phoneis defined as
the acoustic realization of a phoneme, to differentiate between the linguistic units and the actual
speech sounds. Minor variants of phones, in turn, are called allophones. As an example of alo-
phonic variations, consider the words top and put. In top, the [t] is aspirated (due to the vowel

that follows), but the [t] in put is not.

Should a phonetic alphabet differentiate between allophones, and to what extent? Unfortu-
nately, there is no general agreement. Some authors prefer arestricted set of phonemes, while

others advocate allophonic alphabets. In any case, about 40 phonemes are needed to describe



the English language. A phonetic alphabet for English that is often used in practice isthe TIMIT*
48-phoneme set (Table 2-1). Another popular phoneme set for English isthe ARPABET, which
is approximately the same asthe TIMIT set.

Finnish is much more coherent than English regarding the relationship between the written
and spoken forms of the language. There are aso |ess phonemes and allophones. As aresult, the
Finnish phonetic alphabet is easier to define: it is generally agreed to be roughly the same as the
written alphabet. The main exception to thisrule is that the phoneme [ng] does not have a coun-
terpart in the written alphabet. The same holds for some non-native speech sounds that are fairly
common in everyday speech, e.g. [sh] asin shakki. Conversely, there are several foreign letters
(namely, c, g, w, X, zand &) that do not have their own phonetic representations, but whose pro-
nunciations map to the native Finnish phonemes. For example, ¢ mapsto [s] in some situations

and to [K] in others.

Table 2-1. The TIMIT 48-phoneme set with example pronunciations.

aa car ey make r ray

ae hat f far S sea

ah cut g agree sh she

ao score hh  hay t tea

aw house ih bit th  think

ax about ix  accident uh  book

ay pie iy  sea uw boot

b bed jh joke v voice

ch choke k key w  way

d day / lay y yard

dh that m  mill V4 zone

dx dirty n nine zh  measure
eh get ng sing cl  <closure>
el  bottle ow boat vel  <closure>
en button oy boy epi <silence>
er  bird p put sil  <silence>

LTIMIT isafully transcribed multi-speaker speech database developed by Texas Instruments (T1) and the Massa-
chusetts Institute of Technology (MIT). It iscommonly used in developing and eval uating speech recognizers.



Visemes are the visual equivalents of phonemes: the smallest visually distinguishable units of
speech. There are far fewer visemes in alanguage than there are phonemes, because many of the
acoustically distinguishable sounds are visually ambiguous. For example, the phonemes[p], [b]
and [m] are all produced with the mouth closed. Similarly, [K] and [g] belong to the same visual

group. Hence, there is a many-to-one mapping between phonemes and visemes.

Not al phonemes can be classified as unambiguously as the above examples. For instance, the
phonemes [K] and [t] may or may not belong to the same visual class. Their difference liesin the
place of articulation: [K] isvelar (tongueis against the soft palate) while [t] is alveolar (tongueis
against the dental ridge). This difference, however, may not be visible. Some studies classify the

two phonemes in the same group while others do not.

Asisthe case with phonemes, there is no general agreement over the alphabet of visemesin
English. One attempt in standardizing a set of visemes for English isincluded in the MPEG-4
standard [10]. The MPEG-4 viseme set includes 15 mouth shapes: nine for consonants, five for
vowels and one for arelaxed mouth position. The classes are defined by one or more phonemes

each: for example, viseme #1 is the mouth shape that occurs when pronouncing [b], [p] or [m].

Our classification of the TIMIT 48-phoneme set into the MPEG-4 visemesis shown in Table
2-2. Most phonemes belong to a specific class by definition, but the others have been classified
using phonetic knowledge (see Jones [13]), intuition and experimentation. In many cases, thereis
no single appropriate class for a phoneme: preferring one group to another islargely a matter of
taste. Also, diphthongs must be represented by a sequence of two consecutive visemes, and some

phonemes have no associated facial expression at all.



Table 2-2. TIMIT phonemes grouped into MPEG-4 visemes. Phonemes that

define aviseme arein bold. Note that [oh] isnot inthe TIMIT set.

MPEG-4 Viseme Single Phonemes Viseme Pair Diphthong
0 (relaxed mouth) sil <10, 12> ay

1 (bilabial; lips closed) b, p, m <10, 14> aw

2 (labio-dental) f,v <13, 12> oy

3 (dental) dh, th <13, 14> ow

4 (alveolar) d, t, dx

5 (velar) g, k, ng

6 (palato-alveolar) ch, jh, sh, zh

7 (blade-alveolar) 4

8 (alveolar) I, n, el en

9 (post-alveolar)
10 (open, neutral lips)

r
aa, ah, ae, ax, er

11 (half-open, spread lips) eh, ey
12 (half-closed, spread lips) iy, ih, ix, y
13 (half-open, rounded lips) (oh), ao

14 (half-closed, rounded lips)
skip (no facial expression)

uw, uh, w
hh, cl, vcl, epi

2.2.2 Acoustic-to-visual speech conversion

There are two essential requirements that speech-driven facial animation must fulfill in order to
look satisfactory. First, the mouth movements must be synchronized with the speech. The mouth
must start moving when the sound starts, and stop moving when the sound stops. Second, the
mouth movements must imitate those of areal, speaking person. For example, when the sound
[uw] is uttered, the lips should be half-closed and rounded. Of these two criteria, thefirst is per-
haps the more important one, because synchronization errors can be easily seen even without
knowing the language. Minor errors in mouth shape, such as having the mouth wide open when it
should be rounded, go more easily unnoticed. (This can be experimentally verified by watching

movies dubbed in alanguage you do not know:.)

There are two primary approaches to acoustic-to-visual speech conversion. In the func-
tional approach, one attempts to find an optimal mapping from the space of acoustic observa-
tions into the space of parameters that describe the mouth shape. Using audio-video footage of
speaking people, a mapping from acoustic observations into mouth shape parameters can be

devised as follows.

Short intervals (~10 ms) of speech are analyzed to yield a set of acoustic features that describe

the sound during the analysis interval. Meanwhile, the video images corresponding to the same
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interval are analyzed to find values for a selected set of parameters that describe the mouth shape.
With large amounts of training material, correlations between the acoustic and visual observation
gpaces can be identified, and the required statistical predictor function formed. The function can
be realized using, for example, hidden Markov models or artificial neural networks. This type of
acoustic-to-visual speech conversion is discussed by, e.g., McAllister, et al. [21], Lavagetto, et
al. [17, 18], Rao, et al. [26] and Luo & King [20].

The functional methods work very well, but there are some drawbacks, too. First, rather large
amounts of video footage must be collected. Second, image analysis techniques must be applied
(and devel oped) that extract mouth shape parameters from the video so that associations between
acoustic and visual observations can be established during the system training phase. Third, the
mapping may not always work very well for people other than those in the training videos, or in
different acoustic conditions. This s perhaps because only very low-level analysis of the speech

signal is performed, compared to speech recognition systems (or humans).

In the phonetic approach to audio-to-visual speech conversion, the transformation is done via
the intermediate step of phoneme recognition. The phonemes, in turn, are converted into visemes
(as described in the previous section). The advantage of this approach is that the information pre-
sent in the speech signal (and even other linguistic information) can be utilized fully. Thisis
helpful in abstracting over variations in speakers, environmental conditions, speaking styles, and
so on. Another advantage is that no video footage or image analysis systems are needed. Also,
speech recognizers are publicly available, so that they only need to be trained or adapted to the
task at hand, instead of building a system up from scratch.

The downsides of the phonetic approach include the fact that no current phoneme recognizer
isableto attain very high levels of recognition accuracy for unrestricted speech. The best results
so far (for English) are no better than about 60% in accuracy. This means that there will always
be errors in the recognized phoneme string, which will reflect to the visemes and consequently to
the observed visual quality. Another problem is caused by delays in recognition: a phoneme can
not possibly be recognized the moment it starts, but only after sufficient acoustic data has been

obtained. This has implications for real-time applications.

A phonetic approach to audio-to-visual speech conversion has been adopted by, for example,
Bothe [3] and Jones & Dlay [12]. The visual quality of their systemsis apparently good. Their
methods are not geared towards communications applications, however, and do not operate in

real time.
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3 Speech Recognition

Speech recognition is the process of transcribing acoustic speech into text — or more generally,
into a sequence of labels. That talent comes so naturally for us humans that the difficulty of en-

dowing a computer with an equal capability has repeatedly been underestimated.

Speech recognition systems were built in the 1950's for vowel recognition and digit recogni-
tion, yielding creditable performance. It was thought that these results could be extended in a
natural way to more sophisticated systems. Unfortunately, the techniques did not scale up — a
situation all too familiar from many other frontiers of artificial intelligence. The real world with
its immense proportions and diversity proved impossible to handle for techniques that were de-

veloped for simple, constrained tasks.

In the first section of this chapter, we will discuss some of the reasons that make speech rec-
ognition so difficult. Then, in section 3.2, we will introduce a mathematical formulation of the
speech recognition problem. The formulation is based on probabilities, leading to a convenient
decomposition into easier to treat subproblegpeech analysis, |language modeling andacoustic
modeling. The first two subproblems will be introduced briefly in sections 3.3 and 3.4. Acoustic

modeling will be discussed in more detail in chapter 5.

3.1 The challenge in speech recognition

At first glance, speech recognition might not seem so difficult. The definition does not even ap-
pear to require that the spoken words be understood in any way. Solving the problem should be a
matter of deciding which phonemes were uttered and then looking up the corresponding words

from a pronunciation dictionary.

Unfortunately, there is much more variability in speech than one might think. The variability
is caused by different speakers, speaking styles, environments, vocabularies, task constraints, and
so on. No current method is capable of dealing with all these sources of variability; the task must
somehow be simplified to reduce variability. Of course, these simplifications also limit the type
of input that the system can handle, so there is a tradeoff involved. In the following, we will pre-
sent several dimensions along which variability can be reduced, and along which the intrinsic dif-
ficulty of a specific recognition task can be evaluated. We will conclude by characterizing several

typical tasks in terms of these dimensions.
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3.1.1 Dimensions of difficulty

The most influential decision in speech recognizer design is whether to allow continuous speech
or to require pauses between words. Continuous speech is much more difficult to recognize than
discrete words, for three main reasons. First, word boundaries are very hard to detect. Second, the
pronunciation of a phoneme may depend on the preceding and following phonemes in a complex
manner (thisis called coarticulation). Third, articulation in everyday speech is not very precise to

begin with: common words are abbreviated, vowels are formed sloppily, and so on.

As an example that illustrates why continuous speech is so difficult to recognize, consider the
words "did you". Articulated clearly, with a silence in between, they are pronounced [dihd sil y
uw]. In fluent speech, however, acommon pronunciation is[d ih jh ax]. All of the three phenom-
ena discussed above occur in this example. First, the words are blended together so that there is
no silence between them. Second, coarticulation transforms [d y] into [jh]. Last, [uw] is replaced
with the neutral vowel, that is easier to articulate quickly. These changes make no difference for
ahuman listener, but a computer algorithm will have a hard time finding a matching word for [d
ih jh ax] in a pronunciation dictionary. Worse till, the phonemes may not be very accurately rec-

ognized to begin with, making the task even more difficult.

Significant variability in acoustic speech is caused by variations in people's voices and speak-
ing styles. For example, the voice and speaking style of aten-year-old girl are remarkably differ-
ent from those of aman in his seventies. Speaker-dependent recognizers are trained exclusively
for asingle speaker, whereas speaker -independent systems attempt to handle input from anyone.
The former need only consider within-speaker variabilities (such as the speaking rate or physio-
logical state), whereas speaker-independent systems must also abstract over variabilities among
different people: dialect, gender, vocal tract features, and so on. Obviously, speaker-dependent

systems are potentially much more accurate.

Perhaps the most evident source of performance degradation in speech recognition is noise.
Noise can be classified as either environmental (traffic, rain, other people talking) or speaker-
induced (coughing, sneezing, swallowing, breathing, chewing agum). Additional noiseisintro-
duced in the recording and digitization process (static hum, quantization error). If arecognizer is
to be used in noisy conditions, noise compensation and elimination schemes must be explicitly
employed in its design. Also, the speech data used in training the system should be noisy; a sys-

tem trained only on clean speech will not perform very well when noise is introduced.
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Another important factor in recognizer performance is the vocabulary. It is rather easy to cor-
rectly recognize a sentence if there are only afew possible words to choose from. If there are, for
example, 10 words in avocabulary, then there are 10" possible sentences of N words. Searching
through all of them isarealistic possibility for small N. Further, it is possible to separately design
an acoustic model for every word, if there are not too many of them. With large vocabularies, on
the other hand, an exhaustive search through all possible sentencesis out of question, asis con-
structing word models by hand. Most commercia applications of speech recognition are based

on asmall vocabulary (in the order of 100 words), but large vocabulary systems are emerging.

The number of possible sentences can be restricted by imposing syntactic constraints using a
grammar. For example, agrammar can be defined that only accepts command phrases. A gram-
mar that restrictive would reduce the search space dramatically, but at the expense of severely
limiting the style of input. For general purpose dictation and many other tasks, a grammar must
allow more freedom in formulating sentences. Ideally, ungrammatical phrases should be permit-
ted as well.

The combined effect of vocabulary size and grammar can be measured with perplexity: the
average number of words that can occur at any decision point (see Jelinek [11] for a precise defi-

nition). The greater the perplexity, the harder the task.

Table 3-1. Dimensions of difficulty in speech recognition.

EASIEST TASK SPECIFICATION | HARDEST TASK SPECIFICATION
Continuity of speech | isolated words normal fluent speech
Speaker variability single known user multiple unknown users
Amount of noise clean speech speech corrupted by noise
Vocabulary size small large or unlimited
Sentence structure restricted unrestricted

3.1.2 Typical recognition tasks

Speech recognition systems and tasks can be characterized along the described dimensions of dif-
ficulty (summarized in Table 3-1). For example, a database front end for processing spoken que-
ries ("Show all employees with salary greater than ten thousand") should be speaker-independent
and allow continuous speech. On the other hand, the vocabulary need not be very large, and are-
strictive grammar can be employed to reduce the number of possible interpretations. This type of

systems are already commercially available and in productive use.
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Another commercial application of speech recognition is voice dialing, used in some mobile
phones. The perplexity of avoice dialing application istypically rather low, due to arestrictive
grammar and asmall vocabulary. What makes the task challenging is the requirement to recog-

nize fluently spoken digit strings and commands in environments with different kinds of noise.

Recently, several commercial large-vocabulary dictation systems have al so been introduced.
These systems are basically speaker-independent, but often require an adaptation period for each
new user. Vocabulary size in dictation systems is typically in the order of 10000 words, but with
only a subset of the vocabulary active at atime. Continuous speech is generally allowed as input,

but recognition accuracy is better if words are articulated more clearly than usual.

Finally, humans are capable of accurately recognizing fluent speech in noisy environments,
spoken by anyone, with a potentially unlimited vocabulary and a very diverse sentence structure.
Performance of that level isfar beyond the capabilities of any current speech recognizer, and is

likely to remain so for several more years.

3.2 Speech recognizer design

Early speech recognizers used a method known as template matching. It is based on perhaps the
most obvious idea of solving the speech recognition problem. First design a prototype (or tem-
plate) for each word in the vocabulary, then compare the unknown input utterance to the proto-
types and find the best match. A word template can be derived by recording multiple spoken in-

stances of the word and then averaging them in some suitable way.

This simple scheme produced very good performance for isolated word recognition with small
vocabularies. Unfortunately, it does not scale up to handle continuous speech and long sentences.
It would be impossible to even construct a template for every word in alarge vocabulary, not to
mention the computational cost of comparing the input with all the templates. The lack of detect-

able word boundaries would make the search space astronomically large.

In order to derive amore formal and scalable solution than template matching, we need to de-
fine the speech recognition problem mathematically. The fundamental insight behind the defini-
tion, to be presented shortly, is that words cause signals. The speech recognition problem, then,
is to diagnose the cause of a perceived signal — that is, the spoken words. The problem is hard
because the causal relationship between words and signals is nondeterministic, involving many

uncertain factors. These are best dealt with using a probabilistic formulation, as follows.
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Let A denote the acoustic evidence (percepts) based on which the recognizer will make its de-
cision about which words were spoken. Without loss of generality, we may assumethat A isa

seguence of symbols drawn from some (possibly very large) alphabet <
A=a,8a,,...,a, alov. (32
The symbols can be thought to have been generated in time, asindicated by theindex i. Let

W =w,W,,...,W, w, O¢ (3.2

n

denote a string of n words, each belonging to afixed and known vocabulary ¢’. The task of the
recognizer, then, isto find the most probable word string, given the acoustic evidence. In other

words, the recognizer should decide in favor of aword string satisfying
W =argmax P(W |A), (3.3)
w

where P(W|A) denotes the conditional probability of W, given A. The above formula can not be
evaluated as such, because there are just too many possible pairs (W, A) to allow finding the
most probable one in any reasonable time. However, using the well-known Bayes formula, the
right-hand side probability can be rewritten as

P(W)P(A W)
P(A)

P(W |A) = , (3.4)

where P(W) isthe prior probability that the word string W will be uttered, P(A|W) is the prob-
ability that when W is uttered the acoustic evidence A will be observed, and P(A) isthe prior
probability of observing A. Because P(A) is constant with respect to the maximization in (3.3),

its value need not be computed. This simplifies the recognizer’s task to find the following:
W =argmax P(W)P(A |W). (3.5)
w

Now, what do we need to solve the task? First, we need to decide what the alphabets </ and
<@ will look like. Then, we need to find means to compute P(W) and P(A|W) for individual W
and A. Last, we need a search algorithm, guided by the computed probabilities, for finding the

maximizing word string.

Choosing the aphabet < amounts to designing afront end that converts the pressure wave-
form, which iswhat sound is, into the symbols &; that the recognizer can deal with. The front end

thus includes a microphone, a means of sampling the signal, and a method for processing the se-
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guence of samples to produce the symbols a. Speech analysis methods and front end design will

be discussed in the next section.

The nature of the speech recognizer’s output is determined by the vocabulary €. Usually, the
vocabulary consists of ordinary words found on a dictionary. However, the words may as well be
labels of any kind that suit a particular purpose. For example, the vocabulary might consist of

syllables or phonemes (asis the case in thiswork), or of larger units such as short phrases.

The most critical stage in speech recognition is estimating the probabilities P(A|W) for all
possible pairs of A and W. Clearly, the number of combinationsis far too large to permit the val-
ues to be precomputed and stored in atable. The probabilities P(A|W) must therefore be comput-
able at run time. For this purpose, we need an acoustic model of the speaker’s interaction with the
front end. This interaction includes factors like pronunciation, environmental noise, the nature of
processing performed by the front end, and so on. Acoustic modeling will be discussed in chapter

5, after having presented the basic theory of hidden Markov models.

Apart from the acoustic model, we need alanguage model to provide the recognizer with val-
ues of P(W) for al W. Again, the values cannot be computed accurately but must be estimated at
run time, using, for example, statistical techniques. Language modeling on a general level will be
discussed in section 3.4. Later, in chapter 5, we will apply certain language modeling techniques

to the hidden Markov modeling framework.

Finally, a search algorithm for finding the maximizing word sequence must be developed. An
exhaustive, unguided search through all possible W is certainly out of question. Thus, some kind
of heuristics are needed to focus the search on the most promising alternatives — those that are in
some way suggested by the acoustic evidence and are not considered impossible by the language
model. The search algorithm to use depends on what kind of acoustic models and language mod-
els are employed. If both models are based on HMMs, the search can be conducted using a very

efficient technique known as th&terbi algorithm (to be introduced in chapter 4).

The described mathematical formulation of speech recognition gives rise to the interpretation
given in Figure 3-1, due to Jelinek [11]. The human speaker is seen as consisting of two parts:
the brain and the vocal apparatus. The mesgagefirst formulated in the mind, and then sent
to the speech producer, which transforms the words into sound waves. At the speech recognizer,
the acoustic processor analyzes the sound in order to produce a sequence of acousti?®evidence
Finally, this evidence is processed by the linguistic decoder to find the most likely word string

A

W.
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In this communication theoretic view, the speaker's mind is seen as the source, the linguistic
decoder asthe receiver, and the speech producer and acoustic processor together as the channel.
The receiver models the source, using alanguage model, in an attempt to predict the message W.
It also models the channel, by means of an acoustic model, to find out the channel’s transmission

characteristics (that is, how a message may be modified and distorted along the way).

: | o 1 L,
i Speaker's | W Speech 1 i Acoustic A Linguistic | ' W
! Mind ! Producer o Processor i Decoder ;
"~ Speaker S Acoustic Channel | Speech Recognizer

Figure 3-1. The source-channel model of speech recognition.

3.3 Speech analysis

In principle, a pure digitized speech waveform could serve as the input to a speech recognizer.
The waveform, however, contains information that is considered redundant or even harmful for
speech recognition purposes. The perceptually relevant features of the signal are effectively hid-
den beneath the massive amounts of samples (ten thousand or more per second). The computa-
tional load of processing the raw data would also be prohibitive. Encoding schemes are therefore
needed that reduce the amount of data, while retaining and even enhancing the relevant features.
The encoding process — knownspsech analysis, speech coding or feature extraction — forms

thefront end of a speech recognizer.

There exist a variety of techniques to extract features from a speech signal. The most simple
ones are those that operate directly on the waveform, that is, in the time domain. These include

energy measurement and autocorrelation analysis, which will both be described in section 3.3.1.

Very useful information can be derived from a speech signal by first transforming it into the
frequency domain. The result of such transformation isgéstrum of the signal, and it displays
the amount of energy at selected frequency bands. In section 3.3.2, we will discuss spectral

analysis and how it can be used in classifying speech sounds.
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In the last section, the processing stages in atypical speech recognizer front end will be out-
lined. A front end usually performs not only one, but several types of analyses, and consequently

produces severa different types of features, as well.

Speech analysisis a science of its own with hundreds of publications each year. It is not pos-
sible to cover, even superficially, the whole field in just afew pages. We will thus present, on a
somewhat abstract level, only those ideas that constitute the most essential background for this
work. Most of the material in this chapter is collected from Rabiner’s articles and books [24, 25,

29]. To keep the presentation concise, references to those sources will be omitted.

3.3.1 Time domain analysis

One of the ssimplest representations of asignal isits energy. Denoting a discrete-time signal by a

sequence of samples x(n), the energy of the signal at time n can be defined as

N-1

B =) (x(n-m)*, (36)

where N is the number of most recent samples to include in the energy calculation. The function
is hence computed over afinite number of consecutive samples, or aframe. As more samples of
the signal are received, the frame is moved forward and the function re-evaluated. The same con-
cept isused in other analysis methods, as well. Frame lengths and step sizes of 5-30 milliseconds

are commonly used, with a short overlap between adjacent frames (see Figure 3-2).

Figure 3-2. A segment of speech that consists of an unvoiced sound followed
by avoiced sound. Framing is performed with roughly one-half total overlap

between successive frames.

Windowing (or weighting) can be applied to aframe to minimize signal discontinuities at the
beginning and end of the frame. The most common weighting scheme is the Hamming window,
which isillustrated in Figure 3-3. Samples at both ends of the frame are tapered towards zero by
applying small weights, whereas the samples near the middle are scaled down only dlightly.
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Figure 3-3. A typical weighting function known as the Hamming window. In

this example, the frame length is 100 samples.

The idea behind the energy function E(n) is that it displays the time varying amplitude proper-
ties of the speech signal. A segment of speech with high amplitude has high energy, and a low-
amplitude region has low energy. Because voiced sounds (such as the vowels) have considerably
higher energy than breathed sounds, the energy function isareliable aid in classifying a sound as

either voiced or unvoiced.

A more elaborate time domain analysis method is the autocorrelation. The autocorrelation

function of asignal x(n) is generaly defined as

N

d(m) = Li m ﬁn;‘x(n) x(n+m). (3.7)

In speech processing, autocorrelation is computed over a segment of samples at atime, asin
energy measurement. The function is useful in displaying structure in awaveform. For example,
if asignal is periodic with period P, i.e. x(n) =x(n+P) for al n, then it can be shown that @(m)=
¢o(m+P). Periodicity in the autocorrelation function thus indicates periodicity (with the same pe-
riod) in the signal. The periodic peaks are usually far more evident in the autocorrel ation function
than in the original signal. On the other hand, lack of predictable structure in the signal isindi-
cated by an autocorrelation function that is sharply peaked around m = 0 and falls off rapidly to
zero as mincreases. Sondhi [31] gives a decision algorithm that formalizes the process of locat-

ing these peaks from a sequence of correlation functions.

Periodicity and lack of structure are important criteriain voiced-unvoiced classification, be-
cause voiced sounds are periodic (see the figure below) and breathed sounds are not. Autocorre-
lation also helps in estimating the fundamental frequency of a periodic sound, allowing the sound

to be classified more accurately.
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Figure 3-4. A periodic (voiced) interval of speech. The arrows indicate the

fundamental period of the waveform.

3.3.2 Spectral analysis

The most important information to be extracted from a speech signal is the short-time spectrum,
which specifies the energy of the signal over arange of frequencies during a given interval of

time.

The basic idea in short-time spectrum analysis is that although speech is not a stationary sig-
nal, it is, however, relatively constant over short intervals (in the order of centiseconds). A se-
guence of short-time spectra can thus represent the signal quite faithfully. Such a sequence can be
graphically displayed as a spectrogram, which is atime-frequency plot of signal energy (see
Figure 3-5).

Each phoneme is characterized by a distinguished set of spectral properties. These properties
are, for the most part, visible in a spectrogram display. It is therefore possible to identify distinct
phonemes by inspecting a spectrogram. In fact, it is possible for a human expert to decipher an
unknown utterance by means of spectrogram reading (see Zue [37]). This means that a spectro-

gram contains, indeed, all the acoustic information needed for speech recognition purposes.

As an example of spectrogram reading, consider the section of speech after two seconds from
the start in Figure 3-5. The signal’s energy at that time is concentrated on the upper frequencies
(3-5 kHz), with no energy at all below 1 kHz. Thisindicates that either the unvoiced fricative 9]
or its voiced counterpart [Z] was uttered; a phonetician could tell the difference. The vowels, on
the other hand, manifest themselves as relatively long, dark bands concentrated under 3 kHz; see
for example thelong [iy] in "knees" (between 1.8 and 2.0 seconds).
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The doctor examined the  patient’s knees.
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Figure 3-5. The waveform and spectrogram of an utterance [23]. Signal energy

is represented by shades of gray: dark color indicates high energy.

Even though the spectrogram is a good representation of the speech signal in the sense that it
contains al the necessary acoustic information, it is rather fuzzy and obscure in character, as can
be seen from the above figure. Various kinds of smoothing operations and further transforma-
tions can be applied on the spectrum to make the critical features more concrete. These opera-
tions do not necessarily make any difference for a human, because our brain is good at interpret-

ing fuzzy images by nature, but algorithmic processing may become more tractable.

The human auditory system is also based on spectrum analysis, but in a more complex manner
than the traditional agorithmic methods. One basic observation is that human perception of high-
frequency sounds does not follow alinear, but alogarithmic scale. For example, a sound with a
pitch of 4 kHz is perceived to be less than twice as high as a 2 kHz sound. This knowledge has

been utilized in speech analysis by, for example, designing perceptually based frequency scales.

A recent trend in speech analysis is the attempt to emul ate the human auditory system more
accurately. Thisrequires very detailed knowledge of how the human ear works. If the human ear
could be accurately replicated, it is reasonable to expect that such a system would far surpass the
conventional techniques in performance. Unfortunately, not nearly all of the needed knowledge

to replicate the human auditory system is available yet.

One of the first attempts in human auditory modeling was made by Seneff [30]. Since then,
the idea has attracted an ever-growing amount of interest. Today, the best auditory-based meth-
ods already provide better performance than conventional front ends, especialy in noisy condi-
tions (see Rabiner & Juang [24], 134-139).
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3.3.3 A complete speech recognizer front end

A speech recognizer front end accepts as input a sequence of speech samples and produces a se-
guence of feature (or observation) vectors. Each observation vector attempts to characterize the
sound that occurred during the interval that it corresponds to. Perceptually similar sounds should
produce similar observations, while dissimilar sounds are supposed to produce dissimilar obser-

vations.

In atime-synchronous front end, the analysisinterval isfixed in length, whereas a segmenting
front end attempts to segment the input signal into acoustically homogeneous intervals of varying
length. Time-synchronous front ends are prevailing in practical systems. Thisis partly because
fixed-length frames are easier to handle with current acoustic modeling methods (particularly

HMMs), and partly because segmentation is difficult as such (and thus not always reliable).

The basic processing stepsin atypical time-synchronous speech recognizer front end include

the following (see Figure 3-6):

1. Framing and windowing. Theincoming waveform is segmented into frames of N samples
each. Adjacent frames are separated by M samples, with M < N. The samples contained in a

frame are weighted by a Hamming window, or similar, to reduce signal discontinuities.

2. Feature extraction. Several types of features are extracted from aframe. Typically, these
include a number of spectral parameters that specify the signal energy at selected frequency

bands, and an overall energy measure.

3. First derivative of features. The basic features alone are not adequate for phonetic classi-
fication: often the characteristics of asignal at a particular time are less important than the
way these properties are changing. The differentials are usually computed with respect to
both of the neighboring frames, not only the preceding frame. This yields better estimates,
but at the expense that the values can be computed only after the next frame has been ana-
lyzed.

4. Second derivative of features. Acceleration of change is crucial for detecting very rapidly
changing features. Acceleration is usually computed with respect to frames two or three

steps away in both directions. Of course, this causes further lag in output production.
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Figure 3-6. Simplified architecture of atypical, time-synchronous speech rec-
ognizer front end. Given awaveform, the front end outputs a sequence of fea-

ture vectors at fixed intervals.

Feature vectors can be sent to the acoustic modeler as such, if the modeler is capable of han-
dling vector-valued observations. If thisis not the case, however, the observations must first be
processed by avector quantizer. Vector quantization is the process of mapping avector into a

single integer, as briefly described below (see Gray [7] for a complete introduction).

Let the dimension of the observation vectors be L. The vectors can thus be regarded as points
in the L-dimensional observation space. By assumption, points that represent similar sounds will

be located close together, while points representing different sounds will be located farther away
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from each other. Clusters of pointswill thus be formed in the observation space, with each clus-

ter (ideally) representing a distinct type of sound.

In vector quantization, the observation space is partitioned into hon-overlapping regions ac-
cording to the clusters of points. A representative vector, called a codeword, is then chosen for
every region. Usually, the centroid of aregion is selected as the representative. Collectively, the
codewords form a codebook. Once a codebook has been constructed, the actual mapping of a
given vector into asingle integer is easy: just replace the vector with the codebook index of the

closest codeword.

Of course, vector quantization in general is not reversible, and important information may be
lost in the process. To avoid this unnecessary loss of information, most speech recognizers today
are capable of handling vector-valued observations directly. Nonethel ess, the use of vector quan-
tization is sometimes justified as a means of data compression or of reducing the running time of

the acoustic modeler.

3.4 Language modeling

Acoustic modeling of phonemes (or some other speech units) is not sufficient by itself, if word-
level transcriptions of spoken sentences are needed: there must also be some means to combine
the recognized tokens into words, and words into sentences. Thisis avery difficult task for con-
tinuous speech (see section 3.1.1), even if the phonetic transcriptions were 100 % correct. Y et,
the transcriptions are far from accurate. There is no way that the spoken words can be recovered
from error-ridden phonetic transcriptions without using some external information. That infor-
mation — linguistic knowledge, statistics — is contained irldhguage model, which guides the

recognizer by ranking hypothesized word strings according to how likely they are to occur.

The role of language modeling in practical speech recognizers is remarkable. In fact, not many
of the existing commercial speech recognition applications would be possible without powerful

language models and restrictive grammars.

In this section, we will first describe the properties of a good language model and then present
a mathematical formulation that supports those characteristics. Then, we will briefly evaluate dif-

ferent methods that have been proposed for language modeling.
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3.4.1 Definition and requirements

Thetask of alanguage model is to assign a probability to each of a (possibly infinite) number of
word strings. Mathematically, the language model should estimate P(W) for all word strings W.
The value of P(W) isinterpreted as the prior probability that the speaker will say the string W,

and is used to guide the search of the recognizer among competing (partial) text hypotheses.

How to derive the required probability estimates, then? At first, it might seem that a conven-
tional grammar would do: all ungrammatical sentences would be assigned a probability of zero.
But what probability should be given to the valid sentences? Clearly not all of them are equally
likely. Moreover, arecognizer that ssmply rejects all ungrammatical sentences would be very in-
convenient to use: just one hesitation or mispronunciation in mid-sentence, and one would have
to start all over again. No intermediate recognition results could be provided, either, because a
parser needs a whole sentence to do anything. Therefore, traditional parsers can at best serve as
final filters for word strings that were arrived at using a more appropriate language model (for
example, Tsukada, et al. [33] propose re-evaluation of competing final hypotheses using a con-

text-free grammar).

A more suitable language model can be developed by decomposing the probability estimation
problem into parts. Using elementary rules of probability theory, the language model’s probability

P(W) can be written as
P(W) = P(w,)P(w, |w,)P(w, | Wy, W,)---P(W, Wy, W,,...,W,_;), (3.8)

which states that the choice of w; depends only on the history of words, not in any way on the
future. This sequential decomposition is an appropriate one, because it leads to the devel opment
of natural intermediate decision criteria, allowing aminimal delay in the response of the recog-

nizer to the progressing speech.

Now, the language modeling problem is reduced to estimating the conditional probabilitiesin
the above formula. Suitable estimates can be derived by analyzing alarge training corpus of text
using statistical techniques. Of course, the probabilities P(w; | w1, Wa, ..., Wi.1) would be impos-
sible to estimate as such for even moderate values$-of example, with a vocabulary of 10000
words, there are 100096 10 different three-word histories. Only a tiny fraction of these histo-
ries will ever occur in practice. Thus, there is no data for most of the histories to support any es-

timates.
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It follows that the various possible conditioning histories must be distinguished as belonging
to some manageable number of different equivalence classes. Let ® be a many-to-one mapping
of historiesinto some number M of equivalence classes. If ®[ws, ..., W] denotes the equivalence

class of the stringsn, ..., w;, then the probabilit{?(W) can be approximated by
P(W) = P(Wl)P(Wz |¢[W1])P(W3 |CD[W1’W2])"' P(Wn |¢[W1’W2'~~-’Wn—1]) : (3-9)

The selected classification scheme @ will necessarily be a compromise between two conflict-
ing requirements: (1) the classification must be sufficiently refined to provide adequate informa-
tion about the history so it can serve as a basis for prediction; (2) when applied to histories of a
given training corpus, the scheme must yieldihgossible classes frequently enough so that the

probabilities for each word conditioned on each class can be reliably estimated.

3.4.2 Methods

The prevailing paradigm in language modeling-gram modeling. It is based on a very simple
equivalence classification: histories are equivalent if they end in thersam®rds. In the most

common case af = 3, we have th&igram model:
P(W) = I_1I P, |W;_,,W,_,). (3.10)

Most trigrams never occur in any given training corpus, even a large one, but are still not im-
possible or even unlikely. To avoid assigning a zero probability to a trigram that is not encoun-
tered in the training phase, the trigram probabilities must be averaged in some wagnaith

(one-word history, on = 2) andunigram (no history) probabilities (see Jelinek [11], chapter 4).

The purpose of a language model for speech recognition is not meaning extraction, but an ap-
portionment of probability among alternative futures. In this sense, language modeling closely
resembles text compression, where the aim is to guess the next character based on past charac-
ters.Variable-order n-gram models (i.e.,n-gram models whene is not fixed) have proven ef-
fective in text compression, so it is not surprising that similar techniques have been introduced to
language modeling. For instance, the General Dynamic Markov Compression (GDMC) algorithm
[32] is used in a recent language modeling scheme called Refined Probabilistic Finite Automata,
or RPFA [9].

Another type of approach is to udgeision trees in the equivalence classification of histories.

Building a decision tree in the training phase is time-consuming and complicated, but the result-
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ing language model appears to be more powerful than simple bigram and trigram models (Jelinek
[11], chapter 10).

Perhaps the most obvious equival ence classification method would be to categorize words ac-
cording to their grammatical function (determiner, noun, preposition, and so on). The process of
assigning grammatical labels or tags to words in a sentence is called part-of-speech tagging. The

tags may also be based on semantics (e.g., proper names and addresses could be identified).

To illustrate the way that tags can be used in history classification, consider the case where the
two previous words are in the. These would be tagged as a preposition and a determiner, respec-
tively. Now, the next word is very likely to be a noun, but definitely not a verb or a determiner.
Using this type of knowledge and grammatical inference rules, perhaps coupled with a standard

n-gram model, a more powerful language model can be built than with statistics alone.

The problems with part-of-speech tagging in language modeling are similar to those of formal
grammars. First, a complete sentence is needed for best results. Trigram-based statistical taggers,
which provide for intermediate decisions, display an order of magnitude higher error rate than the
state-of -the-art sentence-based linguistic tagger of Voutilainen, et al. [28]. Second, both stochas-
tic and linguistic taggers have a problem with ungrammatical sentences that commonly occur in
spoken language. Consequently, tag equivalence classification is perhaps best suited for utterance

postprocessing only.

As aconclusion, the ssmple trigram modeling scheme is till far from being obsolete. It isthe
most commonly used and practical method, with a solid foundation of more than twenty years of
published research. It also integrates very nicely into the hidden Markov modeling framework, as
will be shown later. An issue worth noting is that part-of-speech tagging, parsing and some of the
other methods only apply if we want to recognize normal words — not when we need to recognize

phonemes or other subword units. On the other mgchm models have no such limitation.
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4 Hidden Markov Models

Since their invention in the late 1960's, hidden Markov models have seen increasing utility in
various scientific fields, including computational biology, speech recognition, speech enhance-
ment and pattern recognition. Hidden Markov modeling is based on sound mathematical princi-
ples of probability theory, information theory, formal automata, optimization, algorithmics, and
others. The basic definition of the HMM is often augmented, adapted and generalized in various

ways when applying the theory into practice, but the underlying ideas remain the same.

In this chapter, we will formally define the hidden Markov model, as well as present severa
related algorithms and ideas that are crucial to using HMMs in modeling real-world phenomena.
Our presentation draws from several sources, including the classic tutorial article by Rabiner [25]
and the more recent textbooks by Rabiner & Juang [24] and Jelinek [11].

4.1 Definitions
4.1.1 Markov chains

Let{S, S, ..., S, ...} beasequence of discrete random variables assuming valuesin afinite al-
phabet = {1, 2, ..., N}. The random variables are said to form a Markov chain, if for all values

of i greater than zero
P(S =s S, =5,....545=5,)=P(S =s |S; =s,), 4.1)

where s 0 of. Thisassumption is known as the Markov property. It states that the conditional
probability of an event depends only on the previous event, not the ones before that. A Markov
chain is thereby a random process that has the minimum amount of memory. The output of the
process, or the observations, are the actual values s that the random variables assume from the
aphabet .

We can think of the elements of o as states. Thus, if S = j, the Markov processis said to bein
statej at timet. Since the process periodically moves from one state to another, the conditional

probabilities

a; = P(§ = jlS, =1) forali,jOcd (4.2
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are called transition probabilities. If the probabilities are independent of time, asis the case with
al models in thiswork, the transitions are stationary. The probabilities a; can be conveniently

presented as a transition matrix,

Q; &, - Ay
. :

Ea a cee a |:|
a=g P 7 g (43

%Nl ay, - aNNﬁ

where N is the number of states or, alternatively, the size of the alphabet . Thei:th row of A is
actually the conditional probability distribution of S, given that S_; =i. Therefore, the following

stochastic constraints must hold:
N
S a =1 foraliOdf, (4.49)
]=1

a, 20 foralli,j 0. (4.4b)

To fully define a Markov model, one more parameter is needed: the initial state distribution.
Theinitial state distribution I specifies, for all states, the probability that the process starts from
that state:

T = P(S, =i) forali O, (4.58)

n=(m,m,,..,m). (4.5b)

Figure4-1. An ergodic Markov model with three states.
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A Markov model can be displayed by an intuitive diagram, such asthe onein Figure 4-1. The
type of model in thefigureiscalled ergodic: every state can be reached from every other state in
afinite number of steps (assuming that a;; # 1 fori =1, 2, 3). Other types of models will be dis-
cussed |ater.

Summarizing, a Markov model A = (1, A) is characterized by the initial state distribution I
and the state transition matrix A. The state space of need not be mentioned, becauseit isimplic-
itly defined by either of the two parameters. The model generates as its output the state sequence
that it goes through.

4.1.2 Hidden Markov models

Markov models are only good for very simple modeling tasks, because a given state always gen-
erates the same output. Thisistoo restrictive for many problems of interest. In this section, we
will extend the concept of Markov models to include the case where a state is no longer associ-

ated with just one observation, but with a probability distribution over all possible observations.

A (discrete) hidden Markov model (HMM), denoted by A = (1, A, B), is characterized by the
initial state distribution I, the state transition matrix A, and the emission probability matrix B.
The emission probability matrix specifies, for each state, a probability distribution over the out-
put alphabet. The output alphabet need no longer be the same as the state space. Denoting the
output aphabet with @ ={1, 2, ..., M} we get amatrix with N rows and M columns,

DO b - bM)[
B_[bz(l) b,(2) -+ by(M)[
0 S
ﬁ)N(l) bN(Z) bN(M)E

where by (k) is the probability of symbol k being emitted from statei. The emission probability

(4.6)

matrix is another stochastic matrix, in the sense that each row sums up to one, and all elements

are greater than or equal to zero.

If we denote the random process that generates the state sequenceby { S }, i > 0, then we can
think of the emitted symbols as being selected by another random process{ O; }, i > 0. The two

processes are connected to each other by the emission probabilities:

b (k) = P(O, =k|S, =i) foraliOcs, kO ©andt>0. (4.7)
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One further simplifying assumption is needed to make hidden Markov modeling mathemati-
cally tractable: the emitted symbols are assumed to be conditionally independent? of each other,
given the state sequence. The choice of a symbol to be emitted is thus solely determined by the
probability distribution at the current state; previously emitted symbols have no effect. Formally,

P(Cy =0p,...,0r =07 |§=%,...,5 =§) = l] PG =0[S =5) =|TO| b, (0) - (4.8)

Without conditional independence, the simple multiplicands P(o; | s) in the above formula
would have to be replaced with much more complicated terms of the form P(o; | 0, ..., 0i.1, S).
That is, the whole history of emitted symbols would need to be considered. It is also worth noting
that { S} being aMarkov process does not imply that { O; } also were one; i.e., we cannot write
P(Oi | Oy, ..., Oi.1) as P(O; | Oi.1).

A hidden Markov model thus consists of an underlying Markov chain with afinite number of
states, and a set of probability distributions, each associated with its respective state. At discrete
instants of time, the Markov chain changes state according to the transition probability matrix A.
An observation o [J @ is then generated according to the probability distribution at the new state.

Thisisillustrated in Figure 4-2, where atotal of seven observations are emitted from three states.

An outside observer can only perceive the generated observations, not the states where they
came from. Because the same symbols can be emitted by any of a number of states, it is not gen-
erally possible to deduce with certainty the state sequence from observations. The state sequence

is therefore hidden.

Figure 4-2. A discrete hidden Markov model generating observations.

2 The symbols O,.; and O, are conditionally independent, given the state S, if and only if P(O;| O.1, S) = P(O; ] S).
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4.1.3 Three basic problems

Having formally defined hidden Markov models, we may now turn to the three classical prob-
lems that must be solved in order to apply hidden Markov modeling to real-world tasks. These

problems are the following:

(1) Evaluation, or computing P(Observations | Model). This alows us to find out how well a
model matches a given observation sequence. The main concern here is computational ef-
ficiency: finding an algorithm with only a polynomial running time. Such an algorithm is

presented in section 4.2.

(2) Decoding, or finding the hidden state sequence that best corresponds to the observed sym-
bols. Because there are generally many sequences that give rise to the same symbols, there
isno "correct" solution to be found in most cases. Thus, some optimality criterion must be
chosen. The most widely used criterion is to find a path through the model that maximizes
P(Path | Observations, Model). The Viterbi algorithm, presented in section 4.3, finds such

apath in time linear on the number of observations.

(3) Training, or finding the model parameter values A = (I, A, B) that specify amodel most
likely to produce a given sequence of training data. In other words, the objective isto con-
struct amodel that best fits the training data (or best represents the source that produced
the data). Thereis no known way to analytically solve for the best model, but an iterative
algorithm exists that often yields sufficiently good approximations. The training problem

is discussed in section 4.4.

4.2 Probability evaluation

Computing P(Observations | Model) istrivial for observable Markov models, because the state
sequence S= (o, St, ..., S) O STt isequal to the observation sequence O = (0, ..., or) O @™
Thatis, 8 =@ ands = o; for al i. Thus, all that needs to be doneis to follow the T-length path
through the model and multiply together the transition probabilities a;; along the way:

T

POIA)=P(SIA) =7, []a

1=1

s (4.9)

Things get more complicated with hidden Markov models, as the state sequence is no longer

known. A straightforward solution would be to enumerate all possible paths SO ™, compute
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the probability of each using equation (4.9), then multiply in the observation probabilities for
each individual path using equation (4.8), and finally sum up the path probabilities:

POIN= Y

) T, b, (0,) |j a, b (o). (4.10)
<5 =

Although this gives the correct answer, the computational load is prohibitive. If there are N
states and the model is fully connected, the number of T-length pathsis N™. If amodel does not
have atransition from every state to every other state, the number of pathsis smaller, but still
generally exponential on T. Because O(T) multiplications are needed to evaluate the probability

of one path, equation (4.10) has a running time of O(TN").

Fortunately, there is a better way: the forward algorithm. We first describe the algorithm for
observable Markov models to fix ideas, and then extend it in a straightforward way to handle

hidden Markov models. Let usfirst define the forward variable for Markov chains:
aj(t):P(S = j|A) foraljOd andt> 0, (4.11)

i.e., the probability of being in state j at timet, given the model (the conditioning model is omit-
ted in the following to clarify notation). For Markov chains (but not for HMMs), a (t) is a prob-
ability distribution over the state space. At timet = 0, a (t) is obviously equal to theinitial state

distribution .

A computationally efficient formula can be derived for the forward variable as follows. First,
using Bayes rule, we write the definition in terms of the previous states. Then, we notice that all
but the immediately preceding state can be forgotten, due to the Markov property. Finally, we get
aformula (illustrated in Figure 4-3) for a (t) that only depends on a (t-1) and the transition prob-
abilities a;. Formally,

G]-('[):F)(St = ])
=P(S = 150, S0 S)P(S0, S )
=P(§ =1S4)P(S4) @12
=Y P(S =184 =)P(S =)
= Zai(t - Da;

iUy
This so-called forward algorithm is based on the realization that al paths ending in a particu-

lar state have exactly the same possibilities of taking the next step. Extending a path that ends in
a certain state automatically extends all the other paths ending in that state, as well. Since there



are N states and at most N transitions from each, the number of operations needed to extend all

paths is O(N?). The total running time of the algorithm is thus merely O(TN?), in contrast to the
exponential running time of the naive algorithm (4.10). The forward algorithm can be thought to
proceed through @ellis structure (see Figure 4-4), whereas the naive algorithm searches through

a tree with a branching factor Nf

Sate;
Sate,

Sate;

Statej

Satey

-1 t
a(t-1) a; (1)

Figure 4-3. The forward algorithm. The probability of being in st timet
can be computed using jus(t-1), the state probability distribution at tir:é,

and the transition probabilities.

t=0 t=1 t=2 t=T-1 t=T

Figure 4-4. The trellis structure of the forward algorithm. All paths ending in a
particular state are equivalent with respect to taking the next step. The algorithm

proceeds from left to right in a breadth-first manner.
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In order to finally solve the evaluation problem, we need to extend the forward procedure to

handle hidden Markov models. We first redefine the forward variable as
aj(t):P(OO:oO,...,Ot:ot,st:j|)\), (4.13)

so that also the observations up to timet are accounted for. Note that the forward probabilities at
timet do not generally sum up to one. This means that the variables no longer constitute a prob-

ability distribution over the state space, as was the case with Markov chains.

We can solve for the forward variable inductively in the same manner as before; the emission
probabilities just need to be multiplied in. We also introduce a terminating condition: once we
have the forward probabilities for all statesat time T (the final time frame) we sum over the state
space to yield the quantity that we were looking for in the first pld&(@-+21). This is the fastest

known way to compute the likelihood of an HMM, with a running time in the ordisf.of
(1) Initialization:
a;(0)=m;b;(o,) forallj O andt = 0. (4.14a)
(2) Induction:

aj(t):Zai(t—l)aijbj (o,) forallj O andt> 1. (4.14b)

1Ly

(3) Termination:

P(OJ|A) = z a, (T) fort=T. (4.14c)

1Ly

4.3 Decoding: finding the best path

The forward algorithm allows the probability of an HMM to be evaluated with respect to a given
observation sequence, but it does not give any indication as to the underlying state sequence. As
a remedy, we will present théterbi algorithm, which can be used to find the most likely path

through a model (this is known amquential decoding).

The Viterbi algorithm is similar in structure to the forward procedure presented in the previ-
ous section. Both have a similar kind of induction step, but whereas the forward algorithm sums
probabilities over the state space, the Viterbi algorithm takes the maximum. Since the basic idea
is already familiar, we may proceed directly to the hidden Markov model case, without separately

explaining the algorithm for observable models.
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The Viterbi algorithm requires keeping track of two quantities for every state and every time
frame. These are the highest probability at timet along any single path that endsin state j (and

accounts for the observations up to time t):
(1) :(Sorp?é ) P(S=S0:--:S 3 =54,S = ],04,...,0,|A) , (4.15)

and the maximizing path S= (S, Sy, ..., S1, j) O ST itself. The path is kept track of implicitly in
the form ofback pointers, as described shortly. Note that the path must, indeed, be a legal state

sequence in the HMM: there must be a transition from stades.; for allt> 0.

Initially (at t = 0) there is only one path leading into sfatbe zero-length path whose only
element ig itself. The probability of this path is the initial state probability of gtdienes the
probability of emitting the first symbak while in statg:

0,(0)=m;b, (0,) forallj O andt = 0.

An inductive formula fo®; (t) can now be derived in the same way as for the forward variable
in (4.12). The terminating condition occurs when the final observation atftisprocessed, and
the §; (T) values have been calculated forjallhen, the probability of the best path through the
model, denoted (T), is simply the maximum of thi (T)'s:

O, (t) =max g, (t —1)a; b, (0,) forallj O andt>1,

08

5 (T) =max d,(T) fort=T.

jOs

The above scheme finds the probability of the most likely path, but does not enable the path
itself to be identified. This is easily remedied by saving the maximizing state(s) at every step in

an auxiliary variable:
P, (0) =0 forallj Od& andt= 0,

P, (t) =argmax d,(t —Da;b;(0,) foralljd andt>1,
i0s

Y (T) =argmax 5, (T) fort=T.
i0s

Since there can be several preceding states maximize the probability, the auxiliary vari-
abley; (t) is actually a set of states. In practice, it suffices to select just one of the maximizing
states and discard the rest. Naw(T) specifies the state) where the most likely path ends.

The whole path can be retrieved by following the back pointers:
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S =W(T), 5 =W, (T-1), 5, =W, (T=2), ..., =0, (0).

The Viterbi algorithm isindeed very similar to the forward procedure. They both carry out a
breadth-first search in atrellis structure (see Figure 4-5). The major difference is the maximiza-
tion over previous states instead of summation. Also, to retrieve the state sequence, a backtrack-
ing stage is needed. The computational cost of Viterbi search isthe same as that of the forward
algorithm, O(TN?), because backtracking has only alinear cost. As a summary, we formally state

the Viterbi algorithm for hidden Markov models as follows:
(D) Initialization:
8,(0) =1,b (0,) forall j0¢ andt=0, (4.16a)
W, (0)=0 forallj 0 andt=0. (4.16b)
(2) Induction:

6j(t):n%§x6i(t—1)aijbj(ot) fordljOdd andt>1, (4.16¢)

(o,) foraljO0s andt>1. (4.16d)

W, (1) =argmax 5, (t-Dayb,
(3) Termination:

o (T)= max 3, (T) fort=T, (4.16¢€)
jos

P (T) =argmax d,(T) fort=T. (4.16f)

jints

(4) Path backtracking:

P () =Wy (t+D) fort=T-1,T-2, ..., 1, 0. (4.1609)
t=0 t=1 t=2 t=T-1 t=T
St
S
S; @ cie @
S4

Figure 4-5. The Viterbi algorithm. At every time step, the single most probable
path is retained for each state. In this example, the best path ending $a atate

timet=2is &, &, ).
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4.4 Training: estimating model parameters

In the preceding sections, it was assumed that appropriate Markov models were available, but it
has not been told how such models can be constructed. Not surprisingly, constructing modelsis

more difficult than using them.

In this section, we will discuss the problem of making the parameters (1, A, B) of ahidden
Markov model to fit some given training data as well as possible. Thisis known as parameter
estimation or training. We assume that the state space f, the output symbols ¢ and the accept-
able transitions &; # 0 have been defined beforehand, because that must be done experimentally.
There is no generic algorithm to choose a suitabl e topology or an appropriate output al phabet for

agiven task. We will return to this problem in the next chapter.

4.4.1 Maximum likelihood recognition and training

The training problem for hidden Markov models is to estimate the transition probabilities, the
initial state distribution and the emission probability distributions from sample data. The ideaiis
that when the model is later presented with data from an unknown source, it will recognize the
dataif it has the same characteristics as the training data. Typically, we have multiple models, all
trained to represent a separate source. In the recognition phase, the models compete against each
other to see which one of them best matches the unknown data. The data can then be classified as

having been produced by the source corresponding to the best matching model.

Suppose, now, that we have several different HMMs and a sequence of observations gener-
ated by some process. Which of the models best represents that source, or recognizes the obser-
vation sequence? A natural choiceisthe model with the highest probability with respect to the

observations, i.e., the one that maximizes P(Model | Observations):

P(OIA) PAA) _

A ue = argmax P(A|O) = arg max = argmax P(O|A) P(A). (4.17)
A A P(O) A

Thisis called the maximum a posterior (MAP) estimate. The second equality follows from Bayes
rule and the definition of conditional probability. The denominator P(O) can be omitted because

it is constant over the models, and so does not affect the maximization.

If meaningful values for the priors P(A) cannot be found, as is often the case, they can be as-

sumed to have the uniform distribution. This makes also the term P(A) constant over the models,
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effectively removing it from the above formula. The only term that isleft, P(O | 1), is called the
likelihood function of the model, and correspondingly

A, =argmax P(OJA) (4.18)
A

is called the maximum likelihood (ML) estimate. The best model in maximum likelihood senseis

therefore the one that is most probable to generate the given observations.

For the training problem, several different mathematical solutions can be derived. Thetask is
to optimize amodel or a set of models with respect to some optimization criterion. If the optimi-
zation criterion isto maximize the likelihood function P(O|4), O being the training observations,
apractical solution called the Baum-Welch algorithm applies. We will present the algorithm on a
schematic level, omitting technical details and mathematical proofs. More thorough explanations
can be found in any tutorial article or textbook on hidden Markov models (e.g., Rabiner [25] or

van Alphen [34]). For a proper mathematical treatment, refer to Koski [14].

The Baum-Welch algorithm is an iterative procedure that progressively refines the model pa-
rameters 1, A and B until a maximum of the likelihood function isreached. Thisisillustrated in
Figure 4-6. Notice that the parameters from the previous round are always used as the basis for
the next iteration. For this reason, the procedure is often called reestimation. Note, also, that the
likelihood of the model is strictly increasing: at every step, the likelihood is either improved or
the procedure is terminated. This, unfortunately, implies that thereis no way to back off from a
local maximum (by means of temporarily decreasing the likelihood) to find higher peaks else-

where.

Initial model
A=(A, B, M)

yes
e the previo
rt:f)del topesg:n::[se Does the new model
2 new model improve P(O|A) over
A=(A, B, M) the previous model?
no
Training data (O) ready

Figure 4-6. Maximum likelihood training of hidden Markov models [34].
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The convergence of the Baum-Welch algorithm to alocal maximum of the likelihood function
can be proven [14]. However, agloba maximum is attained only if theinitial parameter values
lieinits attraction domain. Even then, the model will not necessarily be optimal performance-
wise: maximum likelihood does not equal maximum recognition performance. Further, no train-
ing procedure can overcome an unsuitable model topology or observation alphabet, or the effects

of poorly chosen training data.

The following set of reestimation formulas can be shown to find parameter values that yield a

local maximum of the likelihood function (given sufficiently many iterations):

T, = Expected number of timesin statei at timet =0 (4.199)
5 = Expected number of transitionsfrom statei to state j (4.190)
! Expected number of transitionsfrom statei '
-b~j (k) = Expected number of times instate j and observing symbol k (4.190)

Expected number of timesinstate |

All the expectations are of course conditioned on the (current) model A and the particular obser-

vation sequence O that is used in the training.

To solve the reestimation formulas we first need to define the backward variable. Recall that
the forward variable a;(t) denotes the probability of the joint event that (oo, ..., 0;) are observed
and the system stopsin state i at timet. The corresponding backward variable f3;(t) denotes the
probability that (O, ..., Or) are observed and the system starts from state i at timet. The back-
ward variable can be evaluated recursively (proceeding backwards from time T) in the same way

asthe forward variable.

The expectations in the reestimation formulas can be written in terms of the current model pa-
rameters and the forward and backward variables, yielding a computationally efficient parameter
estimation procedure. We will not derive these formulas for al of the required expectations, but

will give an exampletoillustrate how it can be done.

Consider the probability of being in statei at timet while observing the whole observation se-
guence O, P(Op =0y, ..., Oy = 0r, § =i | A). This can be written with the forward and backward
variables asi;(t) fi(t). Dividing by P(O | &), we get P(S =i | 0o, ..., O, ), which is the probabil-

ity of being in state at timet, given the observations and the model:

1o < POS =T o, () B, (1) _ o, (0B, (1)
PREIONT0m T RO ya,m

finzy

(4.20)
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The first equality holds by basic rules of probability theory, the second by the definitions of o
and 3, and the third by equation (4.14c) from section 4.2.

By summing the values of (4.20) over al t, we get a quantity that can be interpreted as the ex-
pected number of times that statei is visited — that is, the denominator of (4.19c). The remaining

expectations can also be written in terms of gugt, A, B andIl.

4.4.2 Alternative criteria for parameter estimation

The basic philosophy of hidden Markov modeling is that a signal (or observation sequence) can
be well modeled if the parameters of an HMM are carefully and correctly chosen. The problem
with this philosophy is that it is sometimes inaccurate — either because the signal does not obey
the constraints of the HMM, or because it is too difficult to get reliable estimates of all HMM pa-
rameters. To alleviate these problems, at least two alternatives to the maximum likelihood opti-

mization criterion have been proposed.

The first alternative +naximum mutual information (MMI) — is based on the idea that several
HMMs are to be designed at the same time, in such a way so as to maximize each model's ability
to distinguish between the output of the correct source and that of alternative sources (that corre-
spond to other models). The model set is therefore optimized as a whole, rather than treating all
models individually. A concept from information theomyjtual information, is used as a meas-
ure of discriminative power among the models. Unfortunately, no analytical or reestimation type

solutions for the MMI optimization problem are known [25].

The second alternative optimization criterion is knowmasmum discrimination informa-
tion (MDI). This criterion allows us to relax the — often false — assumption that the source to be
modeled obeys the Markov property. Each model is, again, optimized in isolisonmina-
tion information®, another concept from information theory, is used to measure the distance be-
tween the set of observed signal probability densities and the set of HMM probability densities.
Techniques for minimizing that distance by choosing suitable HMM parameters are highly non-

trivial, and will not be discussed here.

The idea of MMI optimization was first proposed by Bahgl. [1], and MDI optimization by
Ephraim,et al. [6]. The three modeling approaches — ML, MMI and MDI — and the relationships

% Also known as cross entropy, relative entropy, divergence or Kullback distance.
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between them are discussed by Ephraim & Rabiner [5]. Note, finally, that the different criteriain
parameter estimation do not affect the recognition phase. The recognition decisions can be made

on maximum likelihood basis, regardless of the training philosophy.



5 Hidden Markov Models in Speech Recognition

Hidden Markov models have enjoyed widespread popul arity in speech recognition research for
the past two decades. The success of HMMs in speech processing is mostly explained by three
factors: (1) they have a sound mathematical basis and practical algorithms for training and use;
(2) they are good at modeling one-dimensional time-varying signalsin general; (3) they are good
at modeling uncertainty and do not require too many assumptions to be made about the source or

process that is to be modeled.

In this chapter, the theory and equations presented in the previous chapter will be adapted for
speech observations. A front end similar to the one described in 3.3.3 is assumed to produce the
observations. We will start by applying HMMs for the most essential task in speech recognition,

namely acoustic modeling.

Language models and grammars may also be represented as Markov chains, as described in
section 5.2. In section 5.3, we will devise an integrated recognition network, encompassing both
the acoustic models and the language model. Computationally efficient searching through the
recognition network will also be discussed. We will conclude by identifying several drawbacks

and limitations of HMM-based speech recognition.

5.1 Acoustic modeling

As described in section 3.2, the task of an acoustic model in speech recognition isto estimate, at
run time, the probabilities P(A|W) for any acoustic data string A = a, ay, ..., an and hypothe-
sized word strinyv =ws, Wy, ..., Wn. In other words, the task is to estimate the probability that

when the speaker uttevg, the acoustic processor outpALs

In this section, we will apply hidden Markov models to the acoustic modeling task. This is not
simply an issue of setting up some arbitrary model and then training it with a sufficiently large
speech database. Instead, the system designer must use his or her knowledge and experience to

make a number of critical design choices. These include the following:
(1) What kind of model topology to use?
(2) What kind of speech units to model?

(3) What kind of observations to use?



5.1.1 Model topology

Unless the states of a hidden Markov model correspond directly to some known physical states,
the model topology must be chosen in an ad hoc manner. There is no generic algorithm to decide
the number of states a Markov model should have, or which states should be connected to each
other. Practical experience in the application areais the main factor in determining the type of

model to use.

In many fields, such as speech recognition and biological sequence analysis, the custom isto
use so-called | eft-to-right models. Left-to-right models obviously have no transitions from right
to left, or more formally, from higher-index states to lower-index states. Thisimplies that the
rightmost state is an absorbing state: once it has been reached, there is no way to get out. Every
other state istransient, because the chain will eventually leave that state without ever returning to
it.
Left-to-right models have several advantages. For time-varying signals like speech, the nature
of the signal isreflected in the model topology. The number of possible paths through the model
is also reduced significantly (compared to ergodic models), ssimplifying computations. Because
the number of states and transitionsis relatively small, estimating transition and emission prob-
abilities becomes more tractable — fewer parameters to estimate implies more reliable estimates.
Finally, practical experience in speech recognition shows that the left-to-right topology performs

better than any other topology.

Figure 5-1 shows a left-to-right model of the most simple kind. Each path through the model
must visit each state at least once. This means that sequences shorter than the number of states ir
the model can not be generated. Alternative (shorter) routes through a model are often added by

state skipping. This is illustrated in Figure 5-2.

Usually, the number of states in a phonetic HMM is small (from 3 to 7), and the same for all
models. The length of a left-to-right HMM may also be decided according to the average dura-
tion of the unit that it represents, or manually by phonetic considerations. In practice, these kinds
of enhancements have not increased recognition accuracy. Other, more fundamental flaws in

HMM-based recognition apparently undermine any minor improvements in model topology.
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Figure5-1. A ssimple left-to-right model with five states and no state skipping.

Thelast state is absorbing, the others transient.

Figure 5-2. A left-to-right model with skip states. There are shortcuts to the fi-
nal state either directly, via state 5, or viaboth 5 and 6.

5.1.2 Subword modeling units

In continuous-speech recognition, subword models are required to account for differencesin pro-
nunciation and for the possibly infinite vocabulary. The subword models are then used as build-
ing blocks for whole-word models. For example, an acoustic model for the word candy can be
constructed by concatenating the five phoneme models for k, ae, n, d and ih, or the two syllable
models for kaen and dih. Thisisillustrated in Figure 5-3.
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Figure 5-3. A word HMM composed by concatenating phoneme HMMs. Each
state in the word model is actually an HMM representing a specific phoneme.

Subword units should be consistent and trainable. Consistency means that different instances
of the same subword unit have similar acoustic characteristics. Consistency is important because
it improves the discrimination between different subword units (the better the discrimination, the
higher the accuracy). Trainability means that each unit can be trained on sufficiently many exam-

ple pronunciations.

If we have infinite training data, consistency is the only property of interest. However, because
training datais not only finite, but often limited, trainability becomes an important issue, as well.
Trainability can be achieved either by using very general units — at the cost of inconsistency — or

by sharing among units.

Monophone models are the most obvious choice for a subword unit: each model represents
one phoneme. Since there are only about 50 phonemes in English, monophone models can be
sufficiently trained with a relatively small number of sentences. However, monophone models
assume that a phoneme in any context is equivalent to the same phoneme in any other context.
Yet, this is far from the truth. The acoustic realization of a phoneme is strongly affected by its

neighboring phones (coarticulation), as discussed earlier.

There are two principal ways of dealing with coarticulatory effects: (1) using larger units of
speech, such as syllables, and (2) using an allophonic alphabet. With syllable-sized models, any
allophonic variations of the central phonemes in syllables (e.ga¢hi[bat) are well accounted
for. The central phonemes are therefore consistent. On the other hand, the starting and ending
portions are still susceptible to coarticulation effects, and thus not consistent. The main problem,
however, is with trainability: there are over 10000 syllables in English. Parameters for that many

models are very difficult to estimate reliably.

Constructing a consistent, yet sufficiently refined allophonic alphabet by hand would require
considerable phonetic skill and a lot of hard work. In addition, a large amount of training data

would have to be manually labeled with the allophones. Thus, the only practical option is to
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automatically select the allophones in a data-driven manner. Triphones and biphones can be used

for this purpose.

A triphone is the acoustic realization of a phoneme when surrounded by two specific phones.
For example, the triphone [b-ae-t] denotes the acoustic realization of [ae] when preceded by [b]
and followed by [t]. A biphoneis similar, but with only the left or the right context involved. A

good exposition of triphones and other context-dependent modelsis given by Lee[19].

With a phonetic alphabet of 50 symbols, each phoneme has theoretically 50% = 2500 different
contexts, yielding 125000 triphonesin total. Only afraction of these actually occur in speech, but
even the remaining couple of thousand are too many for reliable training. Fortunately, many of
the acoustic contexts are so similar to each other that they can be modeled as one. Consider, for
instance, the triphones [v-ae-n] and [f-ae-n]. The only difference between them isin voicing: [V]
isvoiced while[f] is not. Because the vocal tract configurations are the same, both triphones rep-

resent the same alophone of [ag].

Triphone models need not be clustered manually. Information theoretic measures can be used
to find similar triphone models from alarger set. The identified triphones can then be combined,
and the resulting model retrained using all the training data of the original triphones. Typically,
clustering alows the number of triphones to be reduced by an order of magnitude, without sig-

nificantly degrading consistency.

To further increase the trainability of triphone models, they can be inter polated with biphone
and monophone models. Biphones and monophones are easier to train reliably, because they oc-
cur more often. For example, the reliability of the triphone model [X-ae-Y] can be improved by
computing aweighted average of the original [X-ae-Y], the biphones [ X-ae] and [ae-Y], and the
monophone [ag]. Interpolation is particularly beneficial for uncommon triphones, for which not

enough training material is otherwise available.

Triphone models have proven to yield better recognition accuracy than monophone models.
However, the difference is not always decisive; other factors may dominate the overall perform-
ance. Monophone models are also easier to construct, so using them instead is often well justi-
fied.
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5.1.3 Observation densities

Anissue of considerable practical importance is the nature of the observations. So far, we have
only considered discrete HMMs, where the observations are drawn from afinite alphabet. This
is, however, a suboptimal design for speech recognition, where the incoming data is inherently
continuous. Quantizing the continuous feature vectors into single integers obviously introduces
distortion and loss of information (as pointed out in section 3.3.3). This can be avoided by using
continuous HMMs, in which a continuous probability density function (PDF) is attached to each
state. Such an HMM no longer generates discrete symbols only, but continuous values from the

observation space.

In order to use a continuous observation density, some restrictions have to be placed on the
form of the probability density function to ensure that its parameters can be estimated in a con-
sistent way. A simple way to form a more generalizable PDF that still obeys some parametric
shapeisto use aweighted sum of two or more PDFs. Thisisreferred to as a mixture distribution.

Formally, the PDF of aweighted mixture distribution is
N
f0=3 i), (5.2)
where the mixture gains ¢; are non-negative and sum up to one, and the f;’s are probability density
functions. This ensures that the resulting PDF is properly normalized. Usually, the mixture com-
ponents are Gaussian densities, so that we have
N
f(0=Y et (1,0), (5.2)
1=1
where o/ (i, 6i) is the normal distribution with mean y; and variance o;. AS an example, afour-

component mixture of Gaussian densitiesis shown in Figure 5-4.

Specifying a one-dimensional continuous density is not enough, however. The feature vectors
are multidimensional, so we need a multidimensional PDF, aswell. Theoretically, this causes no
complications: the reestimation formulas can be readily adapted to handle multivariate Gaussian

mixtures (see Jelinek [11], chapter 9), of the form

(=3 ¢ (u,U)). (53)

where the one-dimensional mean has been replaced with a mean vector and the variance with a

covariance matrix. The mixture gains must still satisfy the usual stochastic constraints, so that
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the (N-dimensional) volume of the PDF is normalized. To illustrate, atwo-dimensional mixture

density is shown in Figure 5-5.

Figure 5-4. A continuous probability density function specified as a sum of
four Gaussian PDFs. The four Gaussians are weighted uniformly by 0.25, as

shown, so that the mixture density has an area of 1.

S
":‘:'/"7} 275
SN DN\ R
SN | A\ R
e I’ll\s@?}:{:%t%\e

NI AN

:'?i' SN
g
7\

[/
Rz

Figure 5-5. A two-dimensional probability density function specified as a

mixture of eight two-dimensional Gaussian PDFs. The mixture components are

not shown.

The main practical difficulty with multivariate densities is the large number of parametersto

estimate. With typical 30-component feature vectors, we need to estimate 30 means and 30 x 30
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=900 covariances for every mixture component in every state. This has proven to be too much.
One solution isto use diagonal covariance matrices, i.e., setting all the off-diagonal elementsto
zero. This causes no magjor degradation in accuracy, but decreases the amount of required training

data significantly.

Another possibility to reduce the number of parametersisto use semi-continuous HMMs (also
known as tied mixtures). This method tries to cover the observation space with a set of independ-
ent Gaussian densities. The resulting set of means and covariancesis stored in a codebook, while
the state-specific PDFs are defined as mixtures of selected Gaussian densities from that codebook.
Semi-continuous HMMs have proven to give results no worse than fully continuous models, and

consistently better than discrete models.

5.2 Language modeling

As suggested in section 3.4, some of the language modeling techniques can be conveniently inte-
grated into the hidden Markov modeling framework. In this section, we will show how to repre-
sent certain types of language models as Markov chains. In the next section, we will integrate

them with acoustic models.

A regular grammar can be represented as afinite state automaton (FSA) [8]. A finite state
automaton, on the other hand, is actually aMarkov chain without the probabilities. Thus, an FSA
can be converted to aMarkov model by imposing the uniform distribution on the transitions. For
example, if a state has eight outgoing arcs, each of them will get the probability of '4. This way, a
task grammar that can be specified with aregular grammar (or, equivalently, with regular expres-
sions), can be represented as a Markov model and hence integrated into the overall HMM recog-

nition network. As an example, Figure 5-6 specifies a simple task grammar as an FSA.

Y

Y

show \A/ all
/’v\/\ row_f—o{messagesf—()

list any

Figure 5-6. A regular grammar for a command-and-control task, represented as
afinite state automaton (with symbols attached to states instead of transitions).

Null states are used to reduce the number of transitions.
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The n-gram language models (as defined in section 3.4.2) can also be represented as Markov
models. For n = 2, the conversion from atabular form is straightforward: every word in the vo-
cabulary gets an own state, and the bigram probabilities are attached to the transitions between
states. A separateinitial stateis aso required, aswell astransitions from the initial state to the
other states. If there are N words in the vocabulary, the number of states will be O(N) and the
number of transitions O(N?). A bigram language model for a three-word vocabulary is shown in

Figure 5-7.

P(wy [ wy)
w; P(wy [ ws)
A
o
P(w. Y
Start (w2) Wy
A
Vo)
",
\ A
W3
P(ws | wg)

Figure 5-7. A bigram language mode! for a three-word vocabulary represented
as a Markov chain. Some of the state transition probabilities are omitted for

clarity.

Representing a trigram language model as a Markov chain is more complicated. Thisis be-
cause the conditioning history is now two words instead of one, and each possible history must
have its own state. There will hence be O(N?) statesin the resulting Markov model. The transi-
tions are defined as follows: there is atransition from state (w;, w;) to state (wi, wi) if and only if
wi = w;. If thisisthe case, the transition will have the probability P(w | wi, w;). Thisimplies that
the number of transitions in the model will be O(N®): each of the O(N?) states will originate O(N)

transitions. Thisisillustrated in Figure 5-8 for atwo-word vocabulary.
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Figure 5-8. A trigram language model for atwo-word vocabulary represented
as a Markov chain. Some of the state transition probabilities are omitted for

clarity.

It is also possible to integrate a language model with aregular grammar (or the corresponding
Markov model). The grammar component then defines the set of permissible sentences, while the
language model allows these sentences to be ranked according to their probability. For abigram
model, the integration is easy: just attach the bigram probabilities to the transitions. For trigrams,

additional intermediate states and transitions have to be used in asimilar fashion asin Figure 5-8.

5.3 Integrated hypothesis search

Taking advantage of the fact that embedding HMMsinto an HMM yields anew HMM, we may
build amodel that conveniently integrates acoustic modeling and language modeling. Although
the model is actually just an HMM, it is often called a recognition network. In the following, we
will illustrate how to construct such a network, and then how to carry out a hypothesis search in

it.

The recognition network is composed hierarchically by first concatenating subword models to
form word models, and then replacing the states of an integrated grammar/language model with
the word models. Figure 5-9 illustrates this process for monophone acoustic models and a very

simple grammar with associated bigram probabilities.
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dog
walked
a man
(a) talked
the woman
T ate
P(w; = cat | w, = the) cal i !
P(w; = ate | w4 = catl)

Figure 5-9. Constructing arecognition network by hierarchical composition of

Markov models. (a) A regular grammar with bigram probabilities, represented
asaMarkov chain. (b) A word in the network is a Markov chain specifying the
word'’s phonetic spelling. (¢) Each phoneme is modeled with a three-state | eft-
to-right HMM. (d) Each HMM state has an associated probability density for

acoustic features.

How do we get any recognition results from the network, then? The optimal solution would be
to find for each candidate word string W the probability of the set of paths that correspond to that
W, and then identify the string whose set of paths has the highest probability. Unfortunately, this

is not computationally feasible with alarge network or along utterance.

An efficient, although not optimal, solution isto use the Viterbi algorithm instead. Aswe
know from section 4.3, the Viterbi algorithm finds the most likely path through an HMM. The

particular word string corresponding to that path is then returned as the recognition result. This
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string is not necessarily the same as the one whose set of paths has the highest probability. In
practice, however, it is very rare that the word string corresponding to the most probable set of
paths is the one actually spoken but the one corresponding to the most probable path is not. Con-

sequently, the error introduced by the Viterbi approximation will not be significant in most cases.

It should be obvious that the number of states and transitions in a recognition network may
grow very large indeed. To get an idea, consider a vocabulary of ten thousand words and a tri-
gram language model: there will be roughly 10° states and 10 transitions at the highest level of
the network. If the average word length is five phonemes, and each phoneme is modeled with a
four-state HMM, the number of states in the network expands to 5*4* 10° = 2 10°,

With state spaces this large (and with long observation sequences), even the Viterbi algorithm
reguires too much memory and processing power for practical use. The beam search, amodified
Viterbi search, has been proposed to ease this problem. The beam search allows trading optimal-

ity (in the sense of finding the best path for sure) for a drastically reduced search space.

The idea of beam search isto prune, at each step, all paths that fall below a certain probability
threshold. The threshold should be dynamic, based on the path with the highest probability at the
time. Thisis because the path probabilities never increase with more observations; they either
decrease or (rarely) stay the same. Using equation (4.16€) from the previous chapter, we obtain
the probability of the most likely path at timet, & (t). A dynamic threshold can now be defined,
for example by dividing & (t) by a suitably chosen constant K. Those states j whose score & i (1)
falls below the threshold will not be considered when taking the next step. That is, all paths
ending in those states will be purged.

Theidea of beam search now becomes clear: paths falling outside an imaginary beam of light
(i.e., aprobability range) are pruned. Setting the rejection threshold close to the probability of the
best path will terminate most of the paths, while alower threshold alows more paths to survive.
Beam search thus permits the search space to be reduced considerably, but at the risk of pruning
a path that would later become more probable — or even the most probable. With a high enough
threshold, it may even occur that only one path remains at some point, and that one path hits a
dead end so that we get no results at all. In practice, though, the degradation in recognition accu-

racy caused by the beam search is rather small.

Several other approaches have been proposed for dealing with very large search networks, in-
cluding, for example, different multi-pass strategies and tree-based searching. Jelinek [11] gives

an introduction to these and other hypothesis search algorithms.
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5.4 Limitations of HMMSs in speech recognition

There are severa drawbacks involved with the hidden Markov modeling approach to speech rec-
ognition. In the following, we will present some of the major limitations and briefly review the

various solutions that have been proposed to overcome them:

(1) Weak duration modeling. Given that aMarkov chainisin statei at timet, the probability
that it stays there for exactly d time framesin total is (a;)**(1-a), asis easily verified. The
self-transition probabilities therefore impose a geometric distribution on the state duration.
Thisisinappropriate for most physical signals. Incorporating explicit state duration densi-
ties allows for more accurate modeling, but at the expense of more complicated decoding,
evaluation and reestimation formulas [25]. The number of parameters to be estimated also

increases.

(2) Theassumption of conditional independence of observations, given the state sequence.
In reality, successive observations are rarely independent of each other. In fact, the reason
that the observation space is usually augmented with feature derivatives (section 3.3.3) is
that at least some of the time dependenciesin the incoming signal can be captured in that
manner. Relaxation of the assumption of conditional independence is widely recognized to

be useful, but tractable methods for doing it have yet to emerge.

(3) Constant length observation frames. The requirement that all observations represent a
fixed-length segment of speech restricts the possibilities on feature extraction (front end
processing). Better representations could potentially be extracted if the frame length were
decided dynamically by the front end. Then it would be possible for the front end to seg-
ment the incoming signal into acoustically homogeneous — instead of arbitrary — intervals.
Ostendorfet al. [22] have proposed generalized HMMs knowrsagsnent models (SMs)
to mitigate this problem. Whereas in an HMM, a state always generates one observation at
a time, a state in an SM may generasegaience of observations. In addition to allowing
segmental feature extraction, the SM paradigm also enables better duration modeling than
HMMs, as well as explicit modeling of correlation between observations. The drawback

of segment modeling is, as expected, a substantial increase in computational complexity.

(4) The Markov assumption. Hidden Markov modeling is based on the assumption that the
process to be modeled obeys the Markov property, which is not always the case. The MDI

optimization criterion discussed earlier allows this assumption to be relaxed, but again the
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reestimation formul as become more complicated. So far, only modest gainsin recognition
performance have been achieved with MDI training, although there appears to be potential

for more improvement.

(5) Lack of formal methods for choosing a model topology. Even though the left-to-right
architecture has been shown to perform better than the ergodic, a number of design deci-
sions remain that must be made in an ad hoc manner. For example, whether to have ater-
native paths through a model, whether to use the same topology for al modelsin the set,

and so on. There is really no general rule to solve these problems — except trial and error.

(6) Restricted output PDFs. The output PDFs of a continuous density HMM must adhere to
some parametric shape in order for the reestimation formulas to work. This means that the
shape of the PDF must be decided beforehand, and then the models trained as if this initial
assumption was correct. Inaccuracies will result if the selected shape does not fit very well
to the actual observed distribution. Mixture densities are commonly used to compose more
flexible shapes. Unfortunately, they are still parametric, whereas the output of a real-world
process need not obey any parametric shape. A nonparametric, arbitrary density would ap-
parently be useful in some situations. This can be accomplished by estimating the densities
using neural networks (Kurimo [15]), thus resulting in an HMM/ANN hybrid. This kind of

hybrid solutions have actually shown real improvement in recognition accuracy [12].

(7) Large amounts of training data required. There are so many parameters to estimate in a
typical set of acoustic HMMs that enough training data is hard to obtain. The various kind
of HMM extensions and generalizations introduced above do not help; in fact, they make
matters worse by introducing even more parameters. Techniques discussed earlier, such as
semi-continuous HMMs, triphone clustering and interpolation have been used successfully
to alleviate the adverse effects of insufficient training data. Numerous other solutions have
also been proposed. The most obvious solution, of course, would be to collect even larger

public speech databases than are available now.
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6 Experiments

In this chapter, we will discuss our experimental work based on the principles introduced in the
preceding chapters. A facial animation prototype, based on the phonetic approach to audio-visual
speech conversion, is developed and evaluated. The purpose of the prototype isto assess the vis-
ual quality achievable with the phonetic approach, as well as the feasibility of the approach for
real-time applications.

In the first section, the requirements for the facial animation prototype are laid out. In section
6.2, the functionality and implementation of the prototype system is discussed. An overview of
the system’s data flowsis given, as well as a brief description of its software architecture. Char-
acteristics of the selected speech recognizer, and those of the facial animation module, are out-
lined. Experimental results on the prototype’s performance and its visual quality are presented in
section 6.3. In the final section, we identify and analyze several important problems that degrade

the performance and the observed quality.

6.1 Prototype requirements

A facial animation prototype based on phoneme recognition is to be devel oped and evaluated.
Specia attention should be paid to the applicability of the phonetic approach to real-time visual

communications.

6.1.1 Input speech characteristics

The task of real-time phoneme recognition for facial animation can be characterized along the
classical dimensions of difficulty as shown in Table 6-1. First of all, the mode of speaking must
be continuous. A person-to-person communication device that requires leaving pauses between

spoken words would be useless. The system must be able to handle normal, fluent speech.

The vocabulary of the system is small: just the phonemes. Perhaps some non-speech sounds,
such as coughing, could be included as well. There is no need to produce aword string, so the
problems with matching phoneme strings to words are avoided altogether. No syntactic or se-
mantic analysisis needed, either. The phonetic alphabet is, on the other hand, very ambiguous,

including many phonemes that are easy to confuse with each other, such as[p], [b] and [t].
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There must be no grammatical or other restrictions on the style of speaking: people do not al-
ways speak in grammatical or even comprehensible sentences. The system need not, and must
not, try to correct any errors that the speaker makes. Basically, there should be no restrictions on

which phonemes may follow one another.

The system should be speaker-independent. A short adaptation period for new users could be
tolerated, though. Finally, an ability to work in noisy conditions is not required. The system can

be used in fairly noiseless conditions with a good microphone.

Table 6-1. Dimensions of difficulty in the phoneme recognition task.

DIMENSION REQUIREMENT

Continuity of speech | normal fluent speech
Vocabulary size small (phonetic alphabet)
Sentence structure unrestricted

Speaker variability multiple unknown users

Amount of noise fairly noiseless conditions

6.1.2 Response time constraints

In addition to the conventional sources of difficulty discussed above, there are added complica-
tions due to the requirement of real-time response. It is not enough that the system can keep up

with fluent speech; the latency or recognition delay must also be kept at the minimum.

There is an inherent delay between the time that the speaker starts uttering a phoneme, and the
time when there is enough acoustic data to enable that phoneme to be recognized. Once a sound
can be recognized and the artificia face animated, the speaker has aready moved hisor her lips
to a different posture. It is therefore not possible — not even in theory — to keep the animated face
synchronized with the original speaker. However, animation and audio can be synchronized with

each other, if not with the speaker, by delaying sound playback suitably.

Unlike inherent delayslgorithmic delays can be reduced by design changes or by trading off
accuracy. An example of such delays is the computation of forward feature differences between
speech frames, as described in section 3.3.3. By computing those differences only with respect to

previous frames, the latency can be reduced, but some relevant information might be lost.

Aside from the latency issue, there is the normal questialgoifithmic complexity. Speech

processing and recognition algorithms are very complicated, and not all of them can keep up with
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the incoming speech. Perhaps the most efficient solution for speech recognition, in terms of algo-
rithmic complexity and recognition accuracy, is hidden Markov modeling. Thus, an HMM-based

phoneme recognizer is probably the most suitable choice for our purposes.

6.2 Prototype implementation

The speech-driven facial animation prototype is based on two primary components. a speech rec-
ognition toolkit from an external party, and the custom-made Talking Heads animation software.
These are insulated from each other by modular object-oriented structures, so that either compo-

nent may be changed or updated without affecting the other.

6.2.1 System overview

An overview of how the prototype system works is shown in Figure 6-1. The incoming speech is
forwarded to the phoneme recognizer, which outputs phoneme timing information. The phoneme
timings are then converted to mouth shape timings. Finally, an animation stream is generated

(thisis covered more thoroughly in section 6.2.3).

The software architecture of the prototype application isillustrated in Figure 6-2. The arrows
denote functional dependencies. For example, the Recognizer Interface component depends on
the Result Buffer and on the particular recognizer that is being used. Notice that the recognizer
can be changed without modifying any existing code: the recognizer interface is just expanded

(by inheritance) to handle the new recognizer engine.

6.2.2 Phoneme recognition

The speech recognizer we are using is called HTK API (HAPI). It is developed by Entropic, Ltd.,
which is a Cambridge University spin-off company. HTK, or Hidden Markov Model Toolkit, isa
general speech recognition toolkit well suited for research and development purposes [37], and

HAPI isthe associated programming interface.

HTK supports continuous, multi-dimensional mixture distributions for emission probabilities,
so that real-valued feature vectors (as produced by the acoustic front end, also included in HTK)

can be used without vector quantization.
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Figure 6-2. Functional dependency graph of the prototype system.
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The recognizer supplies time-stamped phonemes (start-end-label triplets) progressively while
recognition proceeds. The phonemes are then converted to visemes by means of alookup table.
The viseme set consists of 10 predefined mouth shapes. The viseme set does not adhere to any

standards, for historical reasons, but the MPEG-4 viseme set is to be implemented in the future.

6.2.3 Facial animation

The three-dimensiona head models used in the prototype are captured with a system, devel oped
earlier, that is based on stereo imaging. Therefore, only the frontal parts of the heads are covered.
The models support a predefined set of distinct mouth shapes, and linear interpolation between

those. Currently, no other kind of animation except mouth movement is supported.

An animation sequence is generated from phoneme timings as follows. At phoneme start time,
the corresponding mouth shape is displayed. The mouth posture is then deformed (interpol ated)
towards the next mouth shape, which will be displayed at the next phoneme’s starting time. The
mouth shape at any time during the animation is alinear combination of the current shape and

the next shape:
Shape = ¢, x Shape, + ¢, x Shape, , (6.1

where ¢; and ¢, are weighting coefficients (0 < ¢, <1 and ¢; + ¢c,= 1). The weights are adjusted
dynamically to interpolate from one mouth shape to another. In the table below, an animation se-

guence that deforms shape 3 into shape 5 is shown.

Table 6-2. Linear interpolation from shape 3 to shape 5.

t =50 ms: Shape 3, weight 1.0 Shape 5, weight 0.0
t =70 ms: Shape 3, weight 0.8  Shape 5, weight 0.2
t =90 ms: Shape 3, weight 0.6  Shape 5, weight 0.4
t=110ms:  Shape 3, weight 0.4  Shape 5, weight 0.6
t=130ms:  Shape 3, weight 0.2  Shape 5, weight 0.8
t=150 ms: Shape 3, weight 0.0 Shape 5, weight 1.0

6.3 Performance

In this section, we will present and evaluate our experimental results with the prototype. The re-
sults will be analyzed from three perspectives: (1) The recognizer’s accuracy; (2) The recognition

latency incurred by HAPI; and (3) The observable visual quality of the resulting facial animation.
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We will start by evaluating the recognizer’s accuracy, but first we need to define what we mean

by "accuracy".

Recognition results are evaluated by string alignment: the reference transcription is aligned
with the recognizer’s transcription using dynamic programming (see Cormen, et al. [4]). Then,
the differences are counted. There can be three different types of errors: substitutions, where the
recognizer has mistaken one phoneme for another, deletions, where the recognizer has failed to
recognize a phoneme altogether, and insertions, where the recognizer has recognized extraneous

phonemes. These cases areillustrated below.

Ref: dh ow z sil m| y |uw z ihshjihin z hhlaalm ax n ay
Rec: dh ow z sil m uw z ih shjehin z hhlax| m ax n ax|ay ih| z
D S S I I

Once we know the number of deletions, substitutions and insertions, and the total number of
phonemes in the reference transcription, we can compute two informative values: accuracy and

correctness. Thisis done as follows:

N-S-D-I

Accuracy = — N (6.2
Correctness = N_TS_D , (6.3)

where N is the total number of phonemes in the reference transcriptions, Sis the number of sub-
stitution errors, D is the number of deletion errors and | is the number of insertion errors. Note
that correctness is the proportion of recognized phonemes that are actually correct, whereas accu-

racy takes into account also those cases where the recognizer has inserted excess phonemes.

The recognizer characteristicsin the experiment were as follows. We use a 39-element subset
of the TIMIT 48-phoneme set (afew pairs of very similar phonemes, such as[ix] and [ih], are
mapped together). There are 39 acoustic models, one for each phoneme in the phonetic a phabet.
The models are conventional 3-state |eft-to-right monophone HMMs with no state skipping. The
emission probabilities are specified by a weighted mixture of several Gaussian densities. Every
state has its own output PDF, i.e., none of the states are tied together. The models were trained
on a subset of the TIMIT database.

The front end was set to output 39-component, real-valued feature vectors. 12 components for
perceptually based spectral coefficients and one for signal energy, 13 for feature deltas and 13 for
delta-deltas. These settings are obviously fixed: changing the feature vector type would require

training new acoustic models.
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No language model or grammar is currently being used: any phoneme can follow any other,
and all choices have an equal probability. In reality, of course, not all phoneme combinations are
equally likely; for example, [may] is much more probable than [m g]. This suggests that asimple
bigram or trigram language model for phonemes could be employed. Transition probabilities for
the model could be estimated by counting the relative frequencies of each phoneme pair or triplet
in alarge, phonetically labeled database, such as TIMIT. Whether such alanguage model would

improve accuracy remains to be tested.

Figure 6-3 shows recognition accuracy and correctness for several test runs of 192 utterances
from 24 different speakers, taken from the TIMIT database. The utterances consisted of roughly

7000 phonemes in total. None of the test utterances was used in the training phase.

75.0
70.0
60.0 —— %Corr
55.0 —A— %Acc
50.0 ﬁ_&
45.0 —
40.0 ,

1 2 4 8 16

# of Gaussians in output pdf

Figure 6-3. Recognition accuracy and correctness with the output probability
densities approximated by a mixture of 1, 2, 4, 8 and 16 Gaussians (N = 7215

phonemes to be recognized).

The results indicate that increasing the number of Gaussians in the mixture densities improves
recognition accuracy. With more mixture components, the estimated output PDFs can be made to
fit the actual statistics of the training material better. However, with more than 16 components a
phenomenon known as overfitting occurred: the estimated PDFs matched the training statistics
too closely, degrading recognition accuracy. The best results — 70 % correctness and 53 % accu-

racy — were obtained with 16-component mixtures.

The following table shows the distribution of substitution errors among selected consonants
(plosives, nasals and some fricatives). As might be expected, the table shows that a significant
amount of p's is recognized ap['s, and vice versa. Alsat]’s and fi]'s are mixed up a lot.

These errors are not too bad, because the phonemes map to the same visemes, anyway. On the

other hand, the matrix also shows th@is[are often recognized a$g, which is bad — this error
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causes the mouth to be open when it should be shut. For the same reason, the numerous confu-

sions of [v] vs. [b], [dh] vs. [b], [th] vs. [p] and [M] vs. [n] are harmful.

Recognized As
m nngth f v b ddh g p t dx k

m [l
n [N
ng m

th ]

Correct Phoneme

~oaQ@ Zaoc< -

dx !
K 0

Figure 6-4. Confusion matrix for selected consonants.

Confusions among vowels are shown in the next table. The table shows that al of the vowels
except for [iy] and the diphthong [ey] are very often mistaken to be the neutral vowel, [ax]. Also,
all but [aa] and [aw] are often recognized as the short [ih] (asin bit). A very disturbing observa-
tion is that the short [uh] israrely recognized correctly; it is almost always mistaken for [ih].
However, this might be partly due to the very low number (less than 20) of [uh]’sin the test ma-
terial. Considering mouth shapes, the following errors are among the most severe: [eh] mistaken

as [ax], [uw] as[iy], [oy] as[ih], and [oy] as[aa].

Recognized As
iy eh ey ae aa aw ay oy ow uh uw ax ih

iy [l
eh

ey ||

ae L

aa O

aw

ay |

oy |

ow |

uh

uw O

ax L]
ih ]

Figure 6-5. Confusion matrix for vowels.

Correct Phoneme
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To assess the system’s applicability for real-time use, it isimportant to know how long does it
take for the recognizer to recognize a phoneme. We have measured the delay to be about 100 ms
on the average, relative to the ending time of a phoneme. Most of this delay is caused by HAPI —
it would be technically possible, in the HMM framework, to guess a phoneme's identity while it

is still being uttered, but HAPI just cannot do it.

The thing that matters in the end is how the mouth movements actually look. Unfortunately,
the quality of the reproduced mouth movements has been deemed no better than "bearable" by
observers. The quality is not sufficient to fool anyone into thinking that the Talking Head is an
image of a real, speaking person. Also, the need to buffer the incoming audio and play it back
with a delay of several hundred milliseconds, due to latencies in recognition and animation,

would be annoying in real-time communications.

6.4 Discussion

In order to direct further research towards relevant subgoals, the most critical factors affecting
the system's visual quality and its applicability to real-time use must be identified and analyzed.
Some of the problems are related to the recognition phase, while others are due to the keyframe-

based animation principle.

6.4.1 Problems in phoneme recognition

The main problem with phoneme recognition is the high error rate. The accuracy of HAPI with
the current recognition network is less than 55 %, which means that nearly half of the phonemes
are recognized either wrong or not at all. Accuracy at viseme level is somewhat better, because
the mapping from phonemes to visemes is many-to-one. However, the recognizer's discrimina-
tion between certain visually distinctive phonemes should clearly be improved, as indicated by
the confusion matrices. Triphone modeling or a simple language model could perhaps improve

the results.

Another problem with phoneme recognition is the latency between the time when a phoneme
begins and when that phoneme is recognized. This delay appears to be at least 200 milliseconds,
evend400 ms, depending on the length of the phoneme. Of the delay, about 50-150 ms is caused
by inherent reasons that cannot be avoided, such as waiting for enough acoustic data to become

available. The rest of the delay, however, is mostly caused by HAPI. There seems to be no theo-
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retical or technical reason for that delay; it just works that way. Some other recognizers would

perhaps do a better job in this respect.

6.4.2 Problems in facial animation

Linear interpolation between predefined keyframesis not quite sufficient for realistic animation,
because it produces too abrupt movement. The whole idea that a mouth shape can be defined as a
combination of two predefined mouth shapes may not be sound, either. Furthermore, keyframe-

based animation does not permit emotions to be displayed while speaking.

The above problems could be partially solved by parameterizing the mouth shape (in terms of
width, height, roundness, jaw rotation, tongue position, and so on). Thiswould require changes
in both the face model construction system and the animation component. Designing a paramet-

ric facial animation system is, nonetheless, atask that needs to be undertaken in the future.

Another problem related to animation is the fact that we cannot start deforming the current
mouth shape until we know the next shape, aswell (see Table 6-2). That is, we need to have a
lookahead buffer of one phoneme. This causes an additional latency of 50-300 ms (depending,
again, on the phoneme length), and must also be compensated for by delaying audio playback.

For optimum quality animation, a one-phoneme lookahead is not even enough. To account
properly for coarticulation (i.e., contextual effects), alookahead of two or three phonemes would
be preferable. The actual mouth shape would then be a function of more than just two visemes.
Using alookahead of multiple phonemes would, however, cause too much delay for real-time

use.
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7 Conclusions

We have explored the possibility of making a synthetic human head to imitate areal, speaking
person by taking advantage of the correlation between the acoustic and visual components of
human speech. Application areas that would benefit from such ability to convert acoustic speech
into mouth movements include, for example, virtual reality, videotelephony, education, rehabili-

tation of the hearing-impaired, and entertainment.

We first discussed methods for capturing and animating three-dimensional models of human
heads. A smple and cost-effective scheme based on stereo imaging and structured lighting was
described for obtaining a static representation of a person’s facial geometry and texture. For ani-
mation purposes, we adopted a set of 15 distinct mouth shapes (visemes) that relate to the basic
speech sounds (phonemes). We then devised a mapping from a common phonetic al phabet to the

set of visemes. Thisis known as the phonetic approach to speech-driven facial animation.

In order to extract phonetic information from acoustic speech, phoneme recognition is needed.
Although full-scale speech recognition is not necessary for our purposes — we do not need the
words, just the phonemes — it is useful to have an overall picture of the field. Thus, we started by
analyzing the major sources of difficulty in speech recognition. We then presented the classical
probabilistic formulation of the speech recognition problem. The formulation allows the task to
be decomposed into three primary subtafesure extraction, acoustic modeling andlanguage

modeling. Of these, acoustic modeling is the most important in phoneme recognition.

The standard approach to speech recognition is thidden Markov models (HMMs). They
are generally effective when there are a lot of data but little knowledge. The mechanisms of hu-
man speech production and perception are still largely unknown (and very hard to formalize), but
a large amount of speech data is available. Thus, HMMs are potentially well suited for the speech

recognition task.

We formally defined hidden Markov models, also presenting the baigation, decoding
andtraining algorithms. We then applied HMMs to speech recognition, describing HMM-based
acoustic models and language models, as well as their integratiorssatatanetwork. Finally,
we identified several key problem areas in HMM-based speech recognition. The shortcomings of
HMMs are mostly related to the underlying modeling assumptions. Several recent proposals aim
to relax some of these assumptions without incurring an exponential growth in algorithmic com-

plexity. Practical implementations of these generalized models have yet to emerge, however.
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A speech-driven facial animation prototype was devel oped to assess the feasibility of the pho-
netic approach to audio-to-visual speech conversion. The prototype consists of a phoneme recog-

nizer, coupled with a custom facial animation module.

Several experiments were made with the prototype. The results indicate that the phonetic ap-
proach is not suitable when real-time response with avery low latency is required. First of all,
there is an inherent delay in phoneme recognition of probably at least 50 milliseconds. Thisis
because a certain amount of acoustic datais necessary to recognize a phoneme. Second, |ook-
ahead information is needed when generating animation, due to interpolation from one mouth
shape to another. This causes an additional lag of one or more phonemes (at least 100 ms on the
average). To compensate for the latency, audio playback must be deferred correspondingly. If

thisis not an option, aternatives to the phonetic approach have to be examined.

Certain functional conversion schemes can map audio to mouth shapes with alag of less than
50 milliseconds, at least in principle. No lookahead information is needed, either, because short
(20-50 ms) speech segments are directly mapped to mouth shape parameters. Hence, thereis no
need to interpol ate between the shapes. The functional approach potentially allows a much faster
response to the incoming speech than the phonetic approach. However, it remains questionable
how well the functional methods cope with unknown speakers, or variations in acoustic condi-

tions.

Further research should be focused into three relatively independent areas. Firstly, the current
prototype should be improved. Different phoneme recognizers should be evaluated in an attempt
to find one with as little latency as possible. A simple bigram language model could be employed
to increase recognition accuracy. Acoustic modeling could be improved by using triphonesin-
stead of monophones. Secondly, some of the functional conversion methods should be examined
more closely. Finally — so that any functional method could be used in the first place — the head
model capturing software and the facial animation module should be improved by implementing

parametric mouth shapes.

Both speech recognition and facial animation are extremely challenging problems that are far
from being solved. Considerable advances will have to be made in both fields until highly realis-
tic facial animation imitating a human speaker can be generated from that person's speech alone.
Nonetheless, the potential benefits of such technology, as well as the sheer challenge of realizing

it, will continue to motivate research efforts in this area.
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