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Speech Technology:

Past, Present And Future

TORBJYRN SVENDSEN

Speech technology is intended to enable human-machine communication by voice. This includes
making computers able to understand human speech, speech recognition, to produce intelligible and
natural sounding speech, speech synthesis, and to determine who is speaking, speaker recognition.
Unlike many other technology areas, speech technology is closely linked to an understanding of basic
human properties. Without knowledge of the fundamentals of human speech production and perception,
progress in speech technology will be difficult to achieve. In this paper we start out with an overview of
human speech communication before describing the main trends in the development of speech tech-
nology, from the early efforts of mimicking human speech production up till today’s, mainly data-driven
statistical approaches. Although the progress in speech technology performance has been great over
the last 25 years, the technology is far from perfect. Many useful products and services employing
speech technology exist today, but significant research issues need to be resolved before computers
can approach the performance of human listeners and talkers.

Introduction

The capacity for speech communication is atrait
that distinguishes man from other species. Con-
sequently, speech has also fascinated humans for
centuries. In ancient times, objects that seem-
ingly could produce and understand speech were
attributed with having supernatural powers. One
such phenomenon was the Greek oracles, which
would give cryptic answers and predictions to
the questions presented. Today, we know that
the voice of the oracle emanated from a person
hidden inside the oracle, speaking into a tube
that led into the oracle’ s head.

In more recent times, speech enabled objects are
still desired, although the supernatural notions
are long abandoned. Speech is asimple means
of communication for humans, and has the
advantage that communication can be under-
taken while your hands and eyes are busy with
other tasks. Speaking and listening does not
require that you learn motor skillslike using a
keyboard, and does not even require that you
are ableto read and write.

Speech technology can enable us to communi-
cate with machinery by voice. Thisincludes the
technology that can enable machines to produce
intelligible and natural sounding speech: speech
synthesis, and the technology for recognizing or
understanding what we speak: speech recogni-
tion. Combining these technologies is necessary
in order to produce spoken dial ogue systems,
systems where the interaction between user and
machine is based on speech.

In spite of intensive research efforts over nearly
half a century, making truly speech enabled
machines remains an elusive goal. Although the
technology has come along way since the first
efforts at producing electronic machinery for this
task, the current state-of-the-art systems can be

described as being at an early adolescent evolu-
tionary stage. The simple tasks are well mas-
tered. More complex tasks are also mastered
when the circumstances are favorable and the
environment well controlled, but the perfor-
mance tends to fail when thisis not the case.
The technology that will enable spoken human-
machine communication to be as effortless and
reliable as spoken communication between
humans, for all acoustic environments, topics of
conversation and speaker accentsis till far from
reality. Indeed, until we have a deeper and more
complete understanding of the human speech
communication process, and of how technology
can be applied to speech communication, speech
technology will only be successful in restricted
application domains.

What isit that makes speech communication
such adifficult task for machines? Most humans
master the process of speech communication
without much drama, although learning to speak
and to understand speech can take many years.
Once |learned, the human capacity for e.g. recog-
nizing speech in noisy environmentsis quite
amazing. Near perfect speech recognitionin
environments where the noise level exceedsthe
speech level is something most people do with-
out too much effort. An automatic speech recog-
nizer on the other hand will be rendered nearly
useless if the SNR drops below 10-15 dB.
Changes in speech patterns, topic shifts etc. are
a so handled without problems by humans while
the machines have huge difficulties with situa-
tions that deviate from awell-defined and well-
known setting.

In this paper, we will take alook at some of the
main technology development trends in different
speech technology areas. We will begin with a
short description of the basics of speech commu-
nications, speech production and perception
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before moving to the technologies that aim to
enable machines to speak, and to recognize (and
understand) speech.

Speech Communication

Let ustake alook at the stepsinvolved in speech
communication. In Figure 1, acommunication-
theory inspired interpretation of the stepsin-
volved in the speech communication chain is
depicted [16]. The initial step is generation in
our mind of anotion or an idea that we wish to
convey. Thisis represented as an output, M,
from a message source, with an associated prob-
ability, P(M). The message will need to be for-
mulated in words, a transformation that is depen-
dent on the semantics, syntax and grammar of
the language. In the speech chain thisisillus-
trated by transmitting the message through the
linguistic channel, producing a word sequence
W. Since a message can be formulated in many
ways, the mapping is described by a probability,
P(W | M). The word sequence then triggers neu-
romuscular activity in the articulatory channel.
This produces the spoken message, whichisa
sequence of sounds, S, radiating as an acoustic
wave from the speaker’s mouth. The articulatory
channel will be different for every individual
speaker; the shape and length of the vocal tract,
the dimensions of the vocal folds and the mus-
clesthat control the articulators are different for
each individual. This makes it impossible for
two speakers to produce identical waveforms,
indeed, it is near impossible for a speaker to
reproduce a particular realization. The mapping
of words to sounds is ruled by the probability

P(SIW).

The acoustic wave from the speaker’s mouth

will be further affected by the transmission chan-
nel from the mouth to the receiver to produce the
received signal, X. The factors affecting the
transmission channel will depend on the type of
communication. In the simplest case of human
speech communication this transmission channel
will consist of the acoustic channel from the
mouth to the ear, defined by the propagation
properties of the room and the additive ambient
noise. If the speech communication is conducted
over the telephone, the channel will be combined
of the acoustic channel from mouth to micro-
phone (including effects of ambient noise on the
transmitting end), the telephone transmission
channel (including the transduction from acous-
tic to electric wave and back), and the acoustic
channel on the receiving end. If we are looking
at human-to-machine communication, the signal
received by the speech recognizer will at least be
affected by the acoustic channel from mouth to
microphone and the characteristics of the micro-
phone and A/D conversion. The mapping per-
formed by the transmission channel is given by
the probability P(X | 9).
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At the receiving end, the human listener will try
to reverse the production process to decode the
original message. This process includes the anal-
ysis of the speech signal performed by the ear,
which in turn produces electrical activity in the
auditory nerve. The brain then applies knowl-
edge of the language system in order to decode
and comprehend the original message.

In order to better understand the rationales
behind various approaches to speech recognition
and synthesis, we will spend alittle time looking
at some fundamental's of speech production and
perception before going into speech technology
issues.

Speech Production

Speech isair pressure waves radiating from the
mouth and nostrils of the speaker. The main
components of the human speech production
apparatus are the lungs, the glottis and the vocal
tract. The driving sourceisair from the lungs.
At the glottis, the vocal cords constrict the path
from the lungs to the vocal tract. In voiced
sounds, air pressure from the lungs build up
behind the closed vocal cords, until they abrupt-
ly open to release a burst of air before closing
again. The cycle repeats and produces a quasi-
periodic sequence of excitation pulses. The
inverse of the pulse period is called the funda
mental frequency, which determines the per-
ceived pitch of the speech signal. In unvoiced
sounds, the vocal cords are open. The intonation
of speech is determined by the variations of the
fundamental frequency.

The excitation isfiltered by the vocal tract to
produce the sounds. The shape of the vocal tract,
i.e. the position of the jaws, the opening of the
lips, the shape of the tongue and the opening or
closing of the velum will determine the fre-
guency response of the vocal tract. Analysis of
the vocal tract shows that the frequency response
will typically be dominated by a small number
of resonances, the formants. As we speak, we
change the shape of the vocal tract, and thus the
frequency response of the filter, in order to pro-

P(M) P(W[M) P(SIW)

Message Linguistic Articulatory

source channel channel

Figure 1 A communication-
theoretic view of the speech
communication chain
(adapted from[16])
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duce different sounds. The positions of the for-
mants are the most significant factor in terms of
human identification of speech sounds. Vowels
can to alarge extent be identified on the basis of
the position of the two lowest formants, F1 and
F2 (see Figure 2). However, the distribution of
F1L/F2 values for the different vowels has over-
lapping regions where the formant information is
insufficient for making unambiguous decisions
on vowsl identity.

The smallest distinguishing unit of alanguageis
the phoneme. The phoneme is an abstraction,
covering amultitude of possible actual realiza-
tions, phones, of the sound. Different sounds are
created by moving the articulators (e.g. tongue,
lips, jaws). The articulators are physical entities
with a mass, which means that their movement
cannot be instantaneous. Thus, the redlization of
a phoneme will depend on the articulator posi-
tions of the preceding and the succeeding
sounds. This phenomenon is called coarticula-
tion. An accurate modeling of the coarticulation
phenomenais vital for the performance of both
speech recognizers and speech synthesizers.

Hearing and Perception

The human ear consists of three sections, the
outer ear, the middle ear and the inner ear. The
received air pressure wave travels trough the
outer ear and sets up avibration at the eardrum.
Vibration at the eardrum is picked up by the tiny
bones of the middle ear which connect to the
inner ear through the oval window of the
cochlea. The cochleaisaliquid filled organ that
connects directly to the auditory nerve. Vibra
tions at the oval window cause a displacement of
theliquid along the basiliar membrane of the

cochlea, the place of maximum displacement
being dependent on the frequency content of the
vibration. The displacement causes hair cellson
the basiliar membrane to be bent, resulting in
neurological firings to the hearing nerve.

Human speech perception is dependent on the
frequency of the stimulus. The cochlea performs
afrequency analysis of the sound and decom-
poses it into spectral components, similar to a
bank of overlapping bandpass filters where the
bandwidth of each filter isincreasing with the
center frequency. It has been demonstrated that
the bandwidth increase follows an exponential
rule for frequencies above approximately 1 kHz
and iscloseto linear below 1 kHz. This has
prompted the use of the mel and Bark scalesin
speech analysis.

In terms of perception, the formants and the fun-
damental frequency are the factors that are the
most important. Flanagan [13] reports results of
aseries of experiments aimed at determining the
smallest deviations in isolated parameters for
speech production that could be perceived by
humans. The most sensitive parameter isthe
fundamental frequency where a deviation of
0.3-0.5 % could be detected. The frequencies
and amplitudes of the two lowest formants were
a so parameters where small changes were easily
detected. The formant bandwidths were less
important, and humans seem to be fairly insensi-
tiveto deviations in the “ spectral valleys’,
between the formants.

Speech Technology

Speech technology comprises a number of dif-
ferent technologies. In the interest of space, this
treatment will concentrate on automatic speech
and speaker recognition and speech synthesis,
excluding interesting areas such as speech cod-
ing, language identification and speech enhance-
ment.

Speech Recognition

A speech recognizer is basically adevice that
upon the presentation of a speech utterance per-
forms a predefined action. The predefined action
can be to present awritten transcription of the
spoken utterance; to perform the action the utter-
ancerefersto (e.g. “Turn on thelight”, “Open
the last accessed document in Word”) or to
extract the information in the spoken utterance
that is relevant for a specific task and to interpret
the meaning of that information (e.g.; if auser
says“| need to go to the city to meet afriend,
and | am running late. Can you tell me when the
next bus from the University leaves?’ the essen-
tia information a system for bus traffic informa-
tion needs to extract is “ Give departure time for
next bus from University to city”).
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A speech recognizer can be viewed as aclassi-
fier. Thetask of aclassifier isto determine
which class an observation belongs to. The num-
ber of classesis normally limited. For the speech
recognizer the classes can be e.g. the words con-
stituting the vocabulary of the recognizer. A typ-
ical measure of the quality of aclassifier isthe
risk of misclassification. If we regard the speech
recognizer as aword classifier and define the
cost of erroneous classification uniformly to be 1
and the cost of correct recognition to 0, then the
misclassification risk equals the word error rate,
i.e. the expected percentage of words that will
not be correctly recognized. The word error rate
isthe most widely used quality measure for
speech recognizers.

The complexity of the task, and consequently the
performance of the speech recognizer will
depend on a number of factors. The most impor-
tant are:

Vocabulary. The size of the vocabulary, i.e. the
number of different words the recognizer is
trained to recognize, will depend on the task the
recognizer is designed for. Increasing the vocab-
ulary size will increase the footprint of the rec-
ognizer, and it will also increase the risk of mak-
ing errors. In addition, it isimportant to note that
the content of the vocabulary can influence the
performance of the system. VVocabularies con-
taining many short, phonetically similar words
aredifficult to handle. This can be an important
design factor for small vocabulary systems
where it is possible to custom design the voc-
abulary content.

Soeaking style. The speaking style can be iso-
lated utterances or continuous speech. Isolated
utterance systems are typically command and
control applications, where the system only
understands a limited number of commands. In
continuous speech, the words of the vocabulary
can be combined in any syntactically relevant
manner to produce sentences. Continuous speech
will typically allow an extremely high number
of legal utterances, and will yield more complex
systems than recognizers for isolated utterances.
Large vocabulary continuous speech recognizers
have traditionally required the user to speak in a
carefully articulated manner, similar to reading.
Spontaneous speech contains phenomena such
as significant speaking rate variation, sloppy
pronunciation, incomplete sentences and restarts,
“uhms’ and “ahs’, which most recognizers can-
not handle. These artifacts are present e.g. in dic-
tation, particularly if the user is not accustomed
to dictating. Even more of these artifacts are pre-
sent in conversations and dialogues, where prob-
lems like turn-taking and simultaneous speech
are also present. The difficulties presented by
speaking styleis clearly illustrated when looking
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at current state-of-the-art performance for con-
versational speech, which show word error rates
around 35-40 %.

Soeaker mode. The characteristics of speech
depend on the speaker. Thisis partly due to
physical differencesin the vocal apparatus,

e.g. differences in the length of the larynx, but
dialects and accents will also contribute strongly
to differences in the uttered speech. In order to
achieve the best performance, a recognizer
should ideally be trained on speech from the
target speaker. Thisisimpractical for most app-
lications. Most modern speech recognizers are
trained on speech from alarge number of speak-
ers, exposing the training algorithm to most nor-
mal variations in speech characteristics. For
many applicationsthisis sufficient to enable a
satisfactory performance. In order to enhance the
performance, the recognizer can adapt to the cur-
rent speaker using whatever speech is available.

Speaker Recognition

In contrast to speech recognition, where the task
isto identify what is spoken, the task of speaker
recognition is to identify who is speaking.
Speaker recognition can broadly be divided into
two main application areas. The first is the task
of verifying a speaker’s claimed or assumed
identity, speaker verification, which isabinary
(yes/no) classification problem. The second is
speaker identification, which is to determine the
identity of a speaker, either from aset of N
known speakers (closed set), or from an unlim-
ited set of speakers of which N are known to the
system (open set). Closed set speaker identifica-
tion is an N-class classification problem, while
an open set speaker identifier can be viewed as
an (N+1)-class classifier where class (N+1) rep-
resents al unknown speakers. As N increases,
the probability of correct identification will
decrease.

Speaker verification has received most interest,
both because it is seen as having the highest
potential for commercia applications (and is
more reliable), and because many speaker identi-
fication applications can be recast to be imple-
mented using speaker verification methods.
Today, both speaker verification and speaker
identification methods are based on very similar
statistical paradigms. Thus, speaker verification
will receive the greatest attention in this paper.

Speaker verification can be used for access con-
trol, which can include both physical accessto
restricted areas and logical accessto various ser-
vices. Examples of such services are telephone
banking; telephone shopping; information
access, travel services and computer account
access. Speaker verification can also be applied
to law enforcement by assessing the likelihood
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that the voice in audio recordings made from e.g.
telephone conversationsiis that of a specific per-
son. It should however be noted that the use of
speaker recognition is not admissible in a court
of law in many countries. Another use of
speaker recognition which lately has received
considerable interest is speaker detection, or seg-
mentation, which consists of identifying the cur-
rent speaker in a multi-speaker audio recording
such that segments of the recording can be auto-
matically labeled with the identity of the speaker.

The intended application will determine the app-
roaches to speaker recognition and to the relia-
bility of the recognition. The main factors are:

Speech modality: Isthe textual content of the
speech known to the system or not? If the text is
known, by requiring the user to speak a prede-
fined or prompted phrase, system reliability

can be very high. Such systems are termed text
dependent. In text independent systems, the
textual content is not known. The phonetic con-
tent of the input speech is thus also unknown,
and the system cannot utilize knowledge about
the speaker specific phone realizations, resulting
in lower reliability.

Soeech quality: The quality of the recording will
have a strong impact on the performance of
speaker recognition systems. Channel and ambi-
ent noise in an application where the user is call-
ing the system from a mobile phone will cause
degradation in the system performance relative
to an application where the user is speaking
directly into the microphonein a quiet environ-
ment. Similarly, forensic speaker recognition
based on a (hidden) omnidirectional surveillance
microphonein areverberant roomisfar more
difficult than recognition from arecording of a
fixed line telephone conversation.

Amount of speech: Generally, a speaker recogni-
tion system will perform better the more speech
can be made available for recognition. In many
applications there will obviously be a trade-off
between reliable identification and user conve-
nience. A speaker recognition system requires
speech data to train the speaker models, i.e. to
“learn” the characteristics of the speakers. The
amount of speech data available for training will
have a strong influence on system performance.

Evaluation of system performance will be
dependent on the boundary conditions defined
by the application. For speaker verification sys-
tems there are two types of errors, false accep-
tance, i.e. that the identity claim/assumption is
accepted although the speaker is an imposter,
and falsergjection, i.e. that the identity claim
is rejected although the voice belongs to the
claimed speaker. The severity of the two error

types will vary depending on the application,
and deciding the relative costsis an important
design criterion. False acceptance constitutes

a security risk, while false rgjections mainly
impact on user convenience. A system designed
for a high security application will thus attempt
to minimize the fal se acceptances at the cost of
accepting a higher rate of false rejections.

Speech Synthesis

Speech synthesis is generally the act of making
the computer generate a spoken message from a
textual concept. If the message vocabulary is
small, the spoken message can be generated
either by simple playback of pre-recorded mes-
sages or by phrase concatenation. During sys-
tem design alibrary of pre-recorded phrases, i.e.
parts of sentences, are recorded. For atalking
clock alibrary consisting of the phrase “The
timeisnow” and pronunciations of the numbers
0-20, 30, 40 and 50 would suffice to enable the
compuiter to tell the time in hours and minutes.
For example, at 21:37 hours, the clock can say
the time by concatenating the carrier phrase
“Thetimeisnow” with the words “twenty”;
“one”; “thirty” and “seven”. In applications
where the output messages are syntactically
restricted and the number of messagesis limited,
aproperly designed phrase concatenation system
gives very high quality at alow cost. However,
if it is desirable to change the message vocabu-
lary acomplete redesign is usually needed —
unless the speaker that contributed the original
recordings is available and the recording envi-
ronment can be fairly closely reconstructed.

Although phrase concatenation has been widely
used in applications with limited message vocab-
ularies, the term “ speech synthesis’ is usualy
associated with text-to-speech synthesis (TTS).
TTSimpliesthat any text can be rendered as
speech by the speech synthesizer. An important
part of aTTS system will of course be the actual
synthesizer, i.e. the conversion of a (textual)
string of symbols to speech. But the TTS system
must also perform alinguistic analysis of the
input orthographic text in order to extract infor-
mation about pronunciation, stress and timing,
estimate where the emphasis should be put in a
sentence, disambiguate words and phrases when
multiple interpretations will yield different pro-
nunciations, etc.

The quality of aTTS system will depend on
both the linguistic processing and the speech
synthesis. The basic linguistic processing will
for instance ensure that numbers and abbrevia-
tions are correctly interpreted and pronounced
and is thus an important factor in the overall
quality assessment. However, the most wide-
spread assessment strategies for TTS emphasize
naturalness and intelligibility. Intelligibility is
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When is the next
bus to the city?

Where are you
leaving from?

often measured by the capability of human lis-
tenersto correctly identify the phonetic content
of short, nonsense words or the words of seman-
tically unpredictable sentences. Naturalness on
the other hand is typically measured using tech-
niques developed for evaluating speech com-
pression algorithms, such as a subjective evalua-
tion of quality by paired comparison or mean
opinion score (MOS).

Spoken Dialogue Systems

In a spoken dial ogue system, speech recognition
is used to convert spoken requests and informa-
tion to a symbolic form understandable by the
information retrieval module. The speech recog-
nizer can be used in conjunction with a semantic
analysis module which attempts to extract the
semantically meaningful part of the utterance,
or the semantic processing can be integrated in
the recognizer. Speech synthesis is employed to
prompt the user for information and to convey
the information the user has requested. In addi-
tion to the speech 1/0 modules, avital part of a

spoken dialogue system is the dial ogue manager.

The dialogue manager controls the dialogue,
keeps tabs on the dialogue flow so that the sys-
temisnot lost if the dialogue should not follow
alinear path, performs recovery from errors
made by the recognizer or the user, and acts as
an interface between the information retrieval
module and the speech modules. An example
dialogue system is depicted in Figure 3.

The Past and Present

This section will attempt to give a brief overview
of the most important devel opments in speech
recognition and synthesis up till today. By neces-
sity, the presentation will be rather superficial,
leaving out many significant contributions to the
development of speech technology.

Speech Synthesis

Early efforts at constructing speaking machines
were undertaken as early as the second half of
the 18th century. Wolfgang von Kempelen con-
structed a“ speaking machine” [18] which was
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an ingenious mechanical approximation of the
human speech apparatus, using a bellowsto sim-
ulate the function of the lungs, a reed to approxi-
mate the vocal cords and a flexible rubber tube
could be manipulated to shape the “vocal tract”
to produce the correct sound.

An electronic analogue to von Kempelen's
machine was demonstrated by Homer Dudley at
the 1939 World Fair [8]. In Dudley’s VODER,
the user could manipulate the resonances of the
vocd tract, thereby affecting the sound charac-
teristics, and the voicing and pitch could also

be controlled by levers and pedals. Making the
VODER speak was like playing an instrument,
and athough both the VODER and von Kempe-
len’s speaking machine demonstrated that it was
possible to make machines produce fairly intelli-
gible speech, it could not be done automatically.
Thefirst attempt at automating the procedure
was done in the early 1950s, when the pattern
playback machine [6] was designed to produce
a sound pattern that followed a spectrogram.

The early efforts at producing speaking machines
focused more on the sound production than on
text analysis. In fact, this has been the case up
till today. Y et, the quality of the linguistic analy-
sis of the text, including text normalization,
homograph disambiguation, stress analysis and
grapheme-to-phoneme conversion constitute will
define the upper bound on the achievable quality
of the complete TTS system. Still, here we will
only remark that the text analysisis developing
from atraditional, rule based approach to
include more and more data driven approaches,
e.g. by exploiting statistical methods for infer-
ring general rules from exposure to examples.
The remainder of this section will treat sound
production.

From the early days there were two competing
paradigms for speech synthesis. One approach
aimed at modeling the articulators of the speech
production mechanism in detail, articulatory
synthesis. The other approach was targeted at

11
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modeling the speech signd itself, through a
source-filter model [10]. Thisis often also
termed terminal-analog synthesis [12]. Model-
ing thesignal isintrinsically simpler than model-
ing the articulators, and the terminal-analog syn-
thesizers were dominant, with formant and linear
predictive synthesizers being prominent exam-
ples. Articulatory synthesis still remains an
activefield of research.

The formant synthesizer is based on synthesis-
by-rule. In a synthesis-by-rule synthesizer, rules
for parameter values and trajectories correspond-
ing to explicit phonetic phenomena are used to
drive the synthesizer. The parameters are typi-
cally divided into source and filter parameters,
e.g. voicing, durations, formant frequencies and
bandwidths. The rules are extracted from para-
meterized speech data, and the extraction and
refinement of the rules can be a grueling task.
Perhaps the most prominent example of formant
synthesizersis Dennis Klatt's Klattalk [19]
which was later commercialized as DECtalk [5].
The strength of rule-based synthesisisthat in
principle, the rules can be applied to e.g. change
the speaker characteristics and the speaking style
without the necessity of amajor redesign of the
synthesizer. The clear disadvantageisthat even
in the best systems, the naturalness of the syn-
thetic voiceislimited.

The linear predictive synthesizer was thefirst
example of concatenative speech synthesis
which deviates from the synthesis-by-rule para-
digm in that the synthesizer possesses avery
limited explicit knowledge; most is embedded in
the actual segments to be concatenated [9]. Ina
linear predictive synthesizer the filter parameters
are generated from analyses of actual filter tra-
jectories of speech segments. Since coarticula-
tory influences are smaller at the center of a
phoneme, and the transitions between phonemes
are perceptualy crucial, the diphone was pro-
posed as the basic synthesis unit. The diphone
isaunit which stretches from the middle of one
phone to the middle of the succeeding phone.
Thelinear predictive model of speechisasimple
source-filter model and lends itself readily to
prosodic modification by altering the excitation
(for pitch modification) or by interpolating the
filter parameters (for modifying segment dura-
tions). Yet, the model hasintrinsic weaknesses
in terms of the achievable quality of the syn-
thetic speech. The speech quality can beim-
proved by introducing better production models,
e.g. by the use of Multi-pulse excited LPC [1].
However, improving the production model
comes at the cost of making prosodic control
more difficult.

The next major step forward was the introduc-
tion of the Pitch-Synchronous Overlap Add

(PSOLA) technique [23]. The PSOLA approach
alows manipulating the prosodic features of
stored diphone waveforms, and the concatena-
tion of the prosodically altered segments can be
performed using the same paradigm. Thus, any
desired sequence of phones exhibiting adesired
prosody can in principle be generated from a
limited diphone inventory. In practice thereisa
limit to what extent the prosody can be manipu-
lated before it resultsin audible distortion. Also,
the technique does not directly solve problems
associated with spectral or phase discontinuities
at the concatenation points. Nevertheless, the
PSOLA technique was a quantum leap in terms
of improving the naturalness of synthetic speech.

Diphone based PSOLA techniques depend on
predicted prosodic characteristics, and the
speech quality is vulnerable to discontinuities at
the joints of the diphone segments. Unit selec-
tion synthesis (see e.g. [24, 4, 3]) isdesigned to
avoid these disadvantages by eliminating, or
greatly reducing, the need for prosodic manipu-
lation of the stored waveforms. Instead of having
acarefully designed diphone inventory with only
asingle, neutral realization of each diphone, unit
selection synthesis is based on the availability of
alarge speech database, containing most of the
natural prosodic variation. The basic ideais that
if adesired phonetic and prosodic context can
be found in a database of natural speech, nothing
can be more natural sounding than that. The
principle of unit selection synthesisisthat the
(appropriately processed and labeled) database
is searched for a sequence of units that best
matches the sequence that is predicted by the
text analysis part of the TTS engine. The search
of the database can be performed using dynamic
programming. The cost of using a specific unit
from the database is combined of two parts, the
target cost, which is a measure of the match
between the database unit and the desired unit,
and the concatenation cost, which is a measure
of the distortion that will arise by concatenating
the unit with a preceding database unit. Letting
the concatenation cost be zero for database units
that are spoken in succession leads the search to
favor unit sequences that occur naturally. This
reduces the amount of spectral discontinuities
and tends to imitate prosodic structures found in
the database. Unit selection synthesis can pro-
duce very natural sounding speech, but can also
fail miserably if the database does not contain
good matches. Critics of the technique empha-
size the data coverage problem as the main prob-
lem: due to the enormous variations in speech, it
isimpossible to collect (and use) a database that
contains al possible phonetic and prosodic vari-
ation. However, allowing limited, high quality
prosodic manipulation of the database units may
reduce the validity of this criticism.
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Speech Recognition

The first speech recognizer of sorts was demon-
strated in the late 1920s. Radio Rex was a
mechanical toy dog that would jump out of his
house when his name was spoken. The action
was basically triggered by the level of sound
energy around 500 Hz, which is the frequency
band around the first formant of the vowel ‘€
(which implies that Rex would jump into action
also as the result of other acoustic stimuli than
his name). The first real speech recognizer was
a device capable of recognizing the digits 0-9,
developed by researchers at Bell Labsin the
early 1950s[7]. This device identified the digits
on the basis of a crude estimate of the formants
of the vowels contained in the digits.

With the advent of the digital computer more
sophisticated methods were made possible. In
speech recognition the two most important con-
tributions to the progress were the introduction
of dynamic programming techniques for time-
scale adjustments when comparing patterns and
the introduction of robust and efficient methods
for spectral estimation.

Temporal variation in speech tends to be non-
linear. In order to compare two patterns of dif-
ferent length, but where theratio of the durations
of the speech sounds in the two patterns is not
constant, the use of dynamic programming for
time alignment was introduced ([17, 25]).
Dynamic Time War ping was a dominant tech-
nique for speech recognition until the mid-
1980s, and systems using this simple method for
matching time patterns can still be found. Still,
most important was the introduction of dynamic
programming methods to speech processing.
Dynamic programming is avery powerful tool
and is extensively used in current speech pro-
cessing algorithms (see e.g. [21]).

The speech waveform itself exhibits too much
variation to be well suited for speech recogni-
tion. Even in the early systems it was realized
that the spectral domain iswell suited for distin-
guishing between sounds. The introduction of
short-term spectral estimation methods and cor-
responding distortion measures that were reason-
ably robust to speaker variations and which cor-
responded well with hearing constituted a major
step forward. Several of these innovations came
from outside the speech recognition community
(e.g. linear prediction analysis, cepstral represen-
tation of the spectrum, distortion measures), but
were readily applicable to ASR.

The early systems for speech recognition tended
to adhere to two paradigms: pattern matching
and/or acoustic-phonetics. Pattern matching sys-
tems based on Dynamic Time Warping tried to
match incoming speech patterns with stored ref-
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erence patterns, taking into account the non-lin-
ear time variation exhibited. The reference pat-
terns were typically word-length, making it diffi-
cult to construct large vocabulary systems. Sys-
tems based on acoustic-phonetics originated in
the study of the properties of the speech sounds,
the phonemes. The phonemes can be classified
depending on how and where in the vocal appa-
ratus they are generated; i.e. the articulatory con-
figuration typically observed for each sound.
There are two main problems with the acoustic-
phonetic approach: the difficulty of reliably esti-
mating the articulatory features from a speech
sample, and the insufficient description of the
variability in real, spontaneous speech, often
contaminated by noise. Thus, these approaches
could be successful for limited vocabulary sys-
tems with carefully articulated speech, but were
not adequate for solving the genera problem of
speech recognition.

A major step forward came with the introduction
of statistical approaches for speech recognition.
Hidden Markov Models (HMM) were proposed
for speech recognition in the mid-70s ([2, 15])
and were within a decade to become the de facto
standard approach to speech recognition. The
success of the statistical approach, and HMM

in particular, can be attributed to the following
main factors:

1 The statistical approach has the capability of
modeling the variation found in normal
speech.

2 The emergence of large databases made it pos-
sible to obtain reasonable parameter estimates
for the complex statistical models needed to
describe this variation.

3 The statistical framework is applicable to
modeling the probabilistic mappingsin the
speech communication chain, in principle
enabling a unified approach to decoding the
underlying message.

Most research has concentrated on modeling the
acoustic and linguistic mappingsin Figure 1.
The optimal classifier for determining the word
sequence, W = (wy, W, ..., Wy) that isthe
source of an acoustic observation, X, will select
the sequence W’ that maximizes the a posteriori
probability, i.e.

W= P(W|X

arg Vrvnax{ ( | )}

: M
E

Since the maximization is independent of P(X),

this term can be neglected. Thus, the choice of
the optimal word sequence is dependent on two
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Figure 4 Satistical speech
recognizer
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terms, the acoustic likelihood, P(X|W) and the
language model P(W). A simplified block dia-
gram of a statistically based speech recognizer
isshownin Figure 4.

The task of the statistical recognizer isthusto
find the most likely word sequence for an
observed spoken utterance, represented by a
sequence of feature vectors produced by the sig-
nal analysis. In order to do this, statistical mod-
elsfor the various speech sounds must be esti-
mated in atraining phase. Normally, several
models are produced for each speech sound,
dependent on the phonetic context surrounding
the target sound. Thisis donein order to model
coarticulation effects. In order to describe the
words of the recognizer vocabulary, a pronun-
ciation lexicon defining the words in terms of
phone sequences is required. Also, alanguage
model must exist. Thiswill in most cases be a
statistical N-gram mode!, i.e. amode that esti-
mates the probability of an N-tuple of words.
For example, atrigram language model restricts
the language modeling by assuming that the
probability of atarget word is only dependent on
its two most recent predecessors, i.e. P(W,, | W1
W2 ... Wo Wy) = P(Wp, | W1 Wi0). Then, the
probability of aword sequence (e.g. a sentence)
W ={wy, Wy, ..., Wy} can befound as

P(W]_WZKWN) N P(W]_WZK WN) 2

Other notable advances in automatic recognition
include the use of a perceptually based warping
of the frequency axis when performing the sig-
nal analysis, and the use of a decorrelating
(cosine) transform for producing mel-cepstrum
feature vectors as the input to the statistical clas-
sifier. Mel-cepstrum feature vectors augmented
by estimates of their first and second order time
derivatives are standard features of current
speech recognizers.

Speaker Recognition

The development of speaker recognition tech-
nology has to alarge extent paralleled the evol-
ution of speech recognition. As for a speech
recognition system, an operational speaker
recognition system will consist of an analysis

Acoustic
models

stage and a pattern matching stage. The analysis
isaimed at extracting features that are robust and
that are able to represent the speaker characteris-
tics. Identity information that is embedded in the
speech signal includes information on the physi-
ology of the vocal tract, suprasegmental infor-
mation like pitch and stress patterns and higher
level information such as pronunciation, word
and phrase frequencies and syntax. Supraseg-
mental and higher level information are rela-
tively easy to mimic (these are features typically
used by human mimics), and are not well suited
for most applications of speaker recognition.
The features used for speaker recognition are
basically the same as used for speaker indepen-
dent speech recognition, namely spectral fea-
tures containing information on the vocal tract
shape. Thisisintriguing, as the aim of the fea-
ture extraction in speaker recognition isto
extract parameters that consistently and robustly
emphasi ze the differences between speakers,
while a speech recognizer front end should pre-
serve the phonetic characteristics and aim to
minimize the influence of speaker variations.
However, both the main phonetic and the
speaker dependent characteristics are dependent
on the shape of the vocal tract, which is effi-
ciently described by the smoothed spectral en-
velope that can be represented by e.g. cepstral

or mel-cepstral parameters. Interestingly, the use
of dynamic parameters (time derivatives of e.g.
mel-cepstral parameters) was first proposed for
speaker verification [27, 28] but is now common
in both speech and speaker recognition systems.

The pattern matching stage compares the
extracted features to stored models for each
speaker known to the system in order to find the
best match. Early systems used simple template
matching techniques. More advanced template
matching methods employing statistical feature
averaging were introduced for text-independent
speaker recognition in the 1970s. Here, atem-
plateis created for each speaker by averaging
the feature vectors over the training speech. In
recognition, a distance measure evaluating the
deviation between the test speech and the stored
template is evaluated and constitutes the basis
for the decision. Dynamic Time Warping, which
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was introduced for speech recognition around
1970 was quickly adapted to speaker recogni-
tion, particularly for text-dependent applications.
Here, templates representing words or utterances
are created during training, and the test speechis
compared and evaluated against these reference
patterns.

The predominant approach to speaker recogni-
tion over the past 15 years has been based on
probabilistic modeling. Nearest Neighbor mod-
eling, which is anon-parametric approach, is
based on representing each speaker’s acoustic
space by a collection of feature vectors. The col-
lection can consist of all feature vectorsin the
training speech [29] or avector quantization
codebook designed from the training speech
[30]. The distance between an input feature vec-
tor and its nearest neighbor is a measure of the
probability of the assumed speaker, and isthe
basis for calculating the speaker score, which
can be viewed as an estimate of the probability
that the test speech emanates from agiven
speaker.

Y et, the parametric approach of Hidden Markov
modeling has lately been the most successful
approach to speaker recognition, asit has been
for speech recognition. The basic HMM para-
digm can be applied to both text-dependent and
text-independent speaker recognition. In text-
dependent speaker recognition, speaker models
are created as word models or phone models,
depending on the application. Using phone mod-
s, the speaker models can be used to verify any
spoken word sequence. Word (or phrase) models
restrict the application to a predefined vocabu-
lary. For text-independent applications, a single-
state HMM is used to model each speaker’s
acoustic space. This approach, usually referred
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to as Gaussian Mixture Models (GMMs) [31],
can aso be viewed as modeling a speaker asa
probabilistic source with a probability distribu-
tion that is aweighted sum of multivariate Gaus-
sian densities. Recognition will then basically
consist of estimating the likelihood of the speech
being produced by a speaker and making a deci-
sion based on the estimated likelihoods.

The likelihood score obtained using HMM app-
roaches can exhibit significant variation due to
factorsthat are not related to the speaker, such as
noise; microphone, channel and text variability.
These effects can be reduced by processing the
extracted feature by e.g. cepstral mean normal-
ization [34]. An efficient method for reducing
these effects are imposter models, which are
used to normalize the likelihood score by letting
the input speech be scored against both the target
speaker and the imposter models [32, 33].

In speaker verification systems, it isvital to min-
imize the risk of accepting imposters. The algo-
rithms for speaker verification take thisinto
account by basing the decision on features that
describe the vocal tract, afeature that is hard

to mimic. However, in many applications one
needs to consider the possibility of intruders
using analog or digital recordings of a speaker.
This can successfully break the system security
if it istext-independent, or if fixed pass-phrases
are used. Because of this, most current applica
tions use prompted phrases. The system will
generate a sentence which the user is asked to
utter. In thisway, the verification can be text-
dependent (as the system knows which sentence
to expect) but since the same sequence of words
are never repeated; recordings cannot be used to
defeat the system.

Figure5 Speaker identifica-
tion and verification
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Brief Summary of the
State-of-the-art

Speech synthesizers have during the last decade
moved from being fairly intelligible but not very
natural sounding to being (at best) quite natural
sounding through the application of PSOLA-
techniques and unit selection synthesis. For
speech synthesis within a specific task domain,
e.g. reading of news reports, unit selection syn-
thesis currently produces (on average) quite nat-
ura sounding synthetic speech, although the
prosodic variation is more limited than in human
speech. For general reading machines, where it
is desirable to produce a multitude of speaking
styles, including the ability to express emotions,
unit selection synthesisis currently not applicable.
Itisstill an open question whether thiswill be
attainable using corpus based speech synthesis.

Two of the mgjor problems associated with unit
selection synthesis is the footprint of the system
and the complexity of creating new voices. The
size of the database used in the synthesis will
reflect on both memory requirement of the syn-
thesizer and the computational requirements.
Database design and organization are important
issuesif unit selection synthesis shall be avail-
able e.g. for handheld devices. Creating a new
voice will include the recording and annotation
of alarge speech database. In particular, the pro-
cessing and annotation of the dataistime con-
suming and costly if done manually. Recent
efforts at automating the process [26] have
shown very promising results, and can lead to
great savingsin time and cost of creating new
synthetic voices.

The state-of-the-art in speech recognition is
mainly dependent on speaking style and the
noise environment. For clean speech, i.e. when
the effects of ambient or transmission noiseis
negligible, the performance of current speech
recognizers is adequate for alarge number of
tasks as long as the input speech isfairly well
articulated and fluent. Dictation systems for
limited domains, such as radiology, where the
amount of variation in syntax and vocabulary is
limited, and the speakers are used to dictation,
have been well received. Good performance for
general speech-to-text remains amore elusive
goa. When it comes to spontaneous and con-
versational speech, the performance of current
speech recognizersis far below what is accept-
able for most applications. Systems for automat-
ically transcribing spontaneous monol ogues or
natural conversations are beyond the capabilities
of today’ s technology.

One of the main problems for current speech
recognizers is the performance in the presence
of noise. Humans have little problems with
understanding noisy speech, even at high noise

levels, but speech technology has yet to find
good methods for handling the effects of addi-
tive or convolutional noise. Many approaches
have been investigated, but the problem isfar
from solved. Even relatively simple tasks, such
as isolated word recognition for command and
control applications, can be severely affected if
the noise conditions do not match the environ-
ment for which the recognizer was trained.

Systems for spoken dialog, e.g. for automated
information retrieval, have been successfully
deployed. The complexity and performance of
these systems depend on the dial og structure
adopted. System driven dialog systems for
restricted tasks can be well performing, particu-
larly if techniques such as word spotting or con-
cept spotting is employed, allowing words not
relevant for the task to be ignored or even mis-
recognized. Mixed initiative, or even user initia-
tive systems such asAT&T's “How may | help
you?" system for routing telephone calls [14],
are not quite as readily deployed, although very
encouraging results are obtained.

The Future

One of the major trends that can be observed
from the progress in speech technology over the
past decades is that there is a convergence of the
techniques employed in the various disciplines.
Itisaclear tendency to rely on data driven meth-
ods, using statistical tools for modeling. In
speech synthesis this is exemplified by the cor-
pus based unit selection synthesis, the HMM-
based methods for segmenting and labeling the
speech databases, and also statistical methods
for linguistic analysis.

In speech recognition, statistics has ruled the
ground for the past 15 years, dominating both
the acoustic modeling and the language and
grammar. Even for semantic processing, statisti-
cal methods have shown great promise. On the
other hand, speech recognition has over the same
period of time moved from being amore or less
pure signal processing discipline to requiring the
use of explicit linguistic knowledge. Thisis of
course connected to the evolution of the task
complexity, which in many cases today requires
the application of knowledge of linguistic, pho-
netic and discourse structures.

One interesting recent development is the inter-
est in finite state automatons for speech recogni-
tion. Although finite state networks have been a
useful representation of both simple grammars
aswell as the state networks used for HMM
decoding, work at AT&T has introduced a
weighted finite state transducer (FST) formalism
for describing the entire decoding process,
including the acoustic models, the vocabulary
and pronunciation lexicon, context dependency

Telektronikk 2.2003



and language model [22]. The immediate advan-
tage of the FST formulation isthat it allows for
designing faster and more efficient decoders.
However, the formalism can also give new
insights into speech recognition and allows for
avery interesting connection to the use of finite
state machine formalisms in text-to-speech syn-
thesis and in computationa linguistics.

In spite of the convergence of techniques, there
is still no “Grand unifying theory of speech” that
can guide the way to better speech technology.
We still lack some of the fundamental under-
standing of speech and language communication
that can produce truly speech understanding sys-
tems, generation of natural sounding (emotional)
synthetic speech from a concept, and conversa-
tional machines. We are currently making up for
some of the lack of theory by employing statis-
tics, with some degree of success.

Conclusions

Speech technology has come along way from its
primitive origins, and the technology is currently
at a stage where a significant number of useful
and profitable applications can be made. Still, it
isimportant to be aware of the limitations of the
current technology, both for designing good and
user-friendly systems today, and for aiming to
solve the challenges of tomorrow. Speech tech-
nology is not mono-disciplinary, and in order to
be able to create a speech-enabled machine that
can pass the Turing test, the collaborative efforts
of scientists from many areas are needed.

Among the immediate challenges are: how to
design speech recognizers that are robust to
speaker accents and dialects as well as to noise
contamination, how to create speech synthesiz-
ersthat are able to convey emotions and can
adopt speaking styles appropriate for any given
text, how to deal with multi-linguality, how to
attack the problem of recognizing spontaneous
speech, just to name afew. Many problems have
been solved, but speech technology research will
not lack challengesin the years to come.
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