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The essential representation of speech on the computer the
acoustic signal (Figure 1). During speech input, acoustic
waveformsor impulses are captured by a microphone, and are
translated into long strings of numbers, i.eacousticsignals
before they are interpreted bygpeech recognition algorithnis
During speech output, the final, synthetform is nearly always
an analogous acoustic signal, which now traverses the inverse
path between numeric form and the acoustic waveform issuing
from aloudspeaker or earphones. The I/0 processes mediating
between the acoustic waveform and the correspondirgggnal
are handled in fairly standard fashion, andre thus not of
interest here. The cruciakelationship that a computer has to

1 Please note the use of the term “speech recognitionihstead of the
popular term “voice recognition”, throughout thwelume. The difference

is semantically relevant. The recognition of the voiagd a particular
speaker, as suggested by the term*“voice recognition”, is used in
applications that determine access to informatioor to locales on the
basis of the identification of voice characteristio$ a speaker. As Chapter

7 by Gérard Chollet indicates, “voice recognition” or “speaker recognition”
is a special area of investigation, quite separate its aims, objectives and
working principles from the area of speech recognition proper.
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deal with in speech synthesis andpeech recognition is the
higher-level relationship between thecoustic signal and a
chain of language symbols.

The first few chapters of this book explain the main
characteristics of this relationship. In the firsthapter by
Keller, the emphasis is on the basinature of the link between a
given speech sound(a “phoneme” ora “speech segment”), its
articulatory realisation and its acoustic waveformhis chapter
illustrates therefore thesegmental aspect of speech and
provides an explanation of the basic concepts of speech analysis.

speech
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waveform I/O signal and symbols
synthesis
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Figure 1. The position of speech recognition and speech synthesis in the
relationship between sound input/output (1/0), acoustic signhals and
language symbols.

In the chapter by Werner and Keller, relationships
involving longer-term parameters, known as “supra
segmental” or “prosodic” parameters, are explained. Common
supra-segmental parameters are intonationrhythm and
phrasal timing. Prosodic parameters are used to distinguish
between statements (“declarative sentences’”), questions
(“interrogative sentences”), and commands (“imperative
sentences”). They are alscemployed to clarify the sentence
structure and to indicate emphasis.

The third chapter by Zellner addresses a related seif
concepts in the organisation ofpeech, temporal structure and
pausing. The importance of this arearises from the very
nature ofthe link between the acoustic signal and the various
elements of the language chain. Much as in music, the key
element of successful synthesisis the correctly-timed
Keller, E. & Caelen, J. (1994). 4
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orchestrationof all components. Synthesised speech with bad
timing is just as difficult to understand as speech made uptbk
wrong speech sounds. If computer speech is sbund anything
like human speech, ifit is to be comfortable and pleasant to
listen to, itwill therefore have to implement pauses very much
as human speakers do. Consequently a sophisticated
understanding of speech timing is required for the
implemention of satisfactory synthesis models.

Even speech recognition — which so far has ignored timing
and pausing issues— may benefit from this type of knowledge.
Zellner indicates that speech employpauses to structure the
various chunks of meaning in a messag®auses may ultimately
be just as important as segmental information faaeriving
meaning from connected speech.

Keller, E. & Caelen, J. (1994). 5
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In speech synthesis and speech recognition, the “state tfe
art” is a moving target. For thiseason, no attempt was made to
provide extensive descriptions of existinggynthesis and
recognition systems in this book. Instead, it was deciddo
concentrate on the fundamentatechniques of the field. While
marketed systems evolve rapidly, and areften shrouded in
commercial secrecy, the fundamentalechniques they employ
remain quite stable. The chapters dhis section introduce these
techniques, and they provide a great manyseful references to
further readings in the field.

The sectionbegins with a number of chapters on speech
synthesis. Synthesised speech is in essence *“re-composed
speech”, i.e. speech reconstituted inne way or another from
elements or portions of previously recordegpeech. One of the
crucial issues in synthesiconcerns the elements that go into
the reconstitution.

At the most banal level, one can simplyecord whole
sentences and play them back as required. Indeed, fonany
common applications, thisremains the simplest and most
efficient solution (e.g. “4th floorHousehold appliances™). At the
next level, part of the recording is stable, and part is generated
from recordings of single words — agaia familiar solution for
information systems. For exampletelephone companies often
provide phone numbers accordingo the pattern: “The number
Is: 9-8-7, 3-5-4-6". The initial portion of the message is

Keller, E. & Caelen, J. (1994). 8



Introduction, Section 3: Challenges 9

recorded, and the numbers are generatedrom individual
recordings. In order tofacilitate comprehension, the number
preceding the comma is chosen from special set of numbers
having “pause characteristics”, i.e. lengthened final syllabsssd
special intonation contours.

However, such solutions tend to bef marginal interest.
The real challenge lies in reconstructing almost aispeech from
much smaller segments or even, from a set of abstract
elements. The three initial chapters of thsection discuss this
iIssue from different perspectives.

In the first chapter, Bhaskararao describes experiments
performed with minimalisbr near-minimalist systems. In this
case, exceedingly small segments of speech are stored and
concatenated as required. This approach is appropriaie cases
where computing poweris weak and available storage is
minimal (Bhaskararao’s own segmentinventory for Indian
languages is just 1.6 Mb in uncompressed formplowever, for
reasons indicated in the previous section, coarticulatory
information — and with it, a great deal of naturalnessseech—
Is all but lost in suchminimalist systems. In the second part of
his chapter, Bhaskararao explains how coarticulatory
information is bestincorporated into somewhat more powerful
systems, while respecting, as best as possible, the combinatorial
possibilities of various types of languages.

Pfister and Trabempresent the various choices that go into
designing the synthesis architecture fora mature
concatenative system,capable of dealing with free connected
text. From the perspective of their own, highly respect&&¥OX
system, they show that beyond the creation of a satisfactory
concatenative segmentinventory lies considerable additional
footwork associated with developing the grammatical
underpinnings of a synthesis systemGrammatical knowledge
(“syntax” and “morphology?) is required to disambiguate so
called homographs and tgrovide realistic-sounding prosodic

2 Syntax: The systematic order that language elements follow in an
utterance to convey a particular grammatical sense. Example: The
difference between normal (declarative) andnverted (interrogative)
word order, as “are you’vs. “you are” in “are you/you are in good
mood”. Morphology: Modifications of a base®rm designed to a convey
specific grammatical sense. Example: “see”—“sees”—"“seeingt “rose’>—

’roses”.
Keller, E. & Caelen, J. (1994). 9
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information. A common examplef an English homograph is the
word “record” which has two differentpronunciations
depending on its grammatical class andunction (e.g. “she
rec'ords'records”). Grammatical knowledge permits to identify
which form of the word is present, and thus permits the
selection of the correct pronunciation.

Styger and Kellerpresent a totally different approach to
the problem of speech synthesis. Instead of attempting “glue
together” pieces of pre-recordedspeech, relatively abstract
parameters, such asfrication, formants and amplitudes, are
stored away and recomposed asequired. This approach is
called “formant synthesis”, and over shostretches of speech,
it has been shown to be capable of generatingtterances that
are difficult todistinguish from those produced by human
speakers.

The reason behind thioutstanding performance again has
much to do with coarticulation. Coarticulatory effects carntend
over considerable periods of timeand often span more time
than even the longest stored segments of concatenative
system. Soeven very good and extensive inventories of speech
segments cannot account for all coarticulatory effedtisat are
possible in a language. Advanced formarstynthesis systems, on
the other hand, contain their own rules forisimulating
coarticulatory effects, which are theapplied to the calculation
of the right combination of formants.

Another improvement comedrom the generation of the
intonational contour. Segment-based systemsgenerally
perform considerable signal-analytic sleight-of-hatitb stretch
or squeeze the fundamental frequency periodef a speech
signal into a shape that produces the auditomeffects of higher
or lower voice pitch. Although modern techniqued this sort
can be very good, they do leavea distinct auditory trace.
Formant synthesis, onthe other hand, generates pitch from
first principles, and thus has the potential of producingrauch
cleaner speech waveform.

However, the great promise of thispproach is also its
greatest pitfall. Typical formant synthesis systems manipulate
arrays of between 40 and 6(parameters, and generate a new
set of parameters every 5-10 ms. Opinions are still sharply

3 They apply a so-called PSOLA, a “pitch-synchronous overlap and add”

operation to the signal (see Pfister and Traber’s chapter).
Keller, E. & Caelen, J. (1994). 10
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divided on whether this is goracticable task. John Local (York
University, UK, see Chapter 12has shown that outstanding

results are possible in the generation of any two-syllable
English word by the applicationf a few hundred, well-designed
rules. However some other authors remain exceedingly
sceptical of the general viabilitgnd commercial applicability of
this approach.

The final two chapters in thisection by Chollet and
Torkkola deal with speech recognition. GérarKechollet has taken
upon himself the considerabletask of providing a first
introduction — in just a few pages — to the enormous fiedd
speech and speaker recognition. The essential question in
recognition concerns the ultimate application. Command
recognition to control a computer, a chirurgical instrumeoit
aircraft operation is rather different from the recognition of
connected speech In interactive information systems.
Recognition without any or with verlimited training involves
quite different algorithms and currentlynakes much more
limited promises, than recognition after a morer less
considerable trainingperiod. Finally, speaker recognition is
quite different fromspeech recognition. Required computing
power and algorithms, as well as the system’s ultimate
constraints are directly related to the specifpurpose that the
recognition capacity is supposed to satisfy.

Torkkola’s chapter links up directly with thedssues by
discussing the two main computational approaches to
recognition.In contrast to synthesis where phonetic and
linguistic considerations are in théoreground, statistical and
still to a lesser degree, neuro-computationalgorithms are in
the foreground iIin current-dayspeech recognition. Torkkola
explains in some detailthe advantages of both approaches.
Statistical (or “Markovian”) techniqugsredominate in current
applications, but foma humber of relatively technical reasons,
neuro-mimetic approaches shoveonsiderable promise of being
able to surpass statistical approaches. Their ascendancy iIn
desktopcomputing has recently been reinforced by the mass
production of affordable neurocomputing chigBaran, 1994).
It is likely that this type of computing capacity will sodoe
applied to speech recognition where it will nhdoubt have a
massive impact.

Keller, E. & Caelen, J. (1994). 11
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The “Challenges” section of this book occupies about halfitg
chapters. The reader is warned thathere is a substantial jump
in difficulty as one moves from the first tithe second half of
this volume. If the subsequent chapters define soniduture
challenges” for our field in generathey may also represent a
“more immediate comprehension challenge” for the new
reader.

For this reason, we begin the section with a somewhat
more detailed discussion of theentral issue which inspired the
assembling ofthe “Challenges” chapters in the first placét is
the question of how much knowledge about human speech
processingis required for developing speech synthesis and
speech recognition devicesMany of the argumentan the first
half of this book have already demonstrated thatpeech
synthesis cannot operate without direct referencdo the
human model. Without being a carbon copgf human speech
production,synthesis must necessarily be structured along
parameters and principles that are similar tihose that govern
human speech. However, is the same true ofspeech
recognitior? Many observersresolutely maintain that that is
not so.

INn automatic speech recognition, a difference can be made
between systems based on artificial intelligence (Al), and those
that emerge from various techniques of pattern recognition

Keller, E. & Caelen, J. (1994). 15
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and thus proceed by the identification of prototypes (DTW:
“Dynamic Time Warping”, HMM: “Hidden MarkoModel”, NN:
“Neural” or “Neuromimetic Network™). Overall, the Ilatter
systems (e.g. the Markovian models)have shown better
performance than Al-type systemswithout being by any
means inspired or necessarily similar in operation tmuman
perceptual andcognitive processes. Indeed, judging exclusively
by results obtained, or bysystems in current use, it would
seem that reference to the human cognitive model mot at all
required for good performance in speech recognition. As
consequence, muchcognitively-, linguistically- or Al-oriented
research in speech recognition has beenotally abandoned
over the last few years.

We would argue that this is aregrettable and short
sighted policy. It would seento us that over the long term, the
systematic neglect of Issues surrounding human
communicative, cognitive and linguistic behaviour is likely
lead to substantial confusion and to major limitations in
recognition systems. Systems that recognise by a set‘“magic
black boxes” (e.g. largearrays of markovian chains or
neuromimetic pattern recognisers, dealingn global fashion
with speech input) cannot be expectetb produce more than
the correct recognition of pre-stored speedequences and the
rejection of non-stored patterns. Unless a systeimdesigned to
learn specific types of cognitive or linguistic information, it
cannot be expected to generalise, oto “learn” parameters in
terms of familiar cognitive and linguistic categories.
Consequently,when such systems fail, debugging is severely
hampered by a lackof evident coherence, and by the lack of
expliciteness ofsystem parameters. Much like reptilians that
never evolved beyond a certain highlyefficient pattern
recognition, pattern-driven speech recognition cannot be
expected to evolve much beyond a fairly focused, anhus
admittedly highly efficient, recognition performance.

Thisis not to say that human computation cannot be
efficient as well. Current knowledgen the computations that
humans perform in order to understand complex
communicative interactions, for example, providenple reason
to argue that human computations, while vergomplex, can
also be highly efficient (for some appreciation of thlietails of
this argument,see Chapter 16). The supposed inadequacies of
human computation is therefore insufficientreason for

Keller, E. & Caelen, J. (1994). 16
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rejecting all anthropomorphic computemodels of speech
recognition. Quite the contrary. Studies ofhuman
communicative behaviour suggestthat human speaker
listeners operate withexceeding efficiency, and take into
account complex interactions betweersupporting forms of
evidence, In order to recognise and interpret spoken
information. The issue isnot so much one of efficiency of
computation, as it is an issue of knowingxactly what human
computations are performed in a given situation &orive at a
specific recognition or interpretation performance.

To further cement this argument]et us examine the
various aspectsof human recognition performance. This may
guide us in establishing which human-type computations
might be of interest when creating similar computer-based
algorithms.

1. Human perception is relativelyobust in the parameter
extraction of relevant acoustic datfrom noisy acoustic input
(cf. Chapters 14 and 15).

2. Human perceptionis fairly successful at calculating
distinctive features (bethey articulatorily or acoustically
based) for the discrimination of specific sounds or sound
patterns (see Chapter 9).

3. Human listeners show goodperformance at the
identification (sometimes “the active reconstruction”) tiose
phonological and lexical events that are moshelpful in
understanding a given passage — and that despite the fatiat
such events may be coarticulatorily angrosodicallyencoded
in literally thousands of different ways (see also Chapter 9).

4. Human listeners appear to maintain sets of local
identification hypotheses, which indicates thalbhey are capable
of dealing iIn an efficient manner with uncertain and
incompletely-decoded material.

5. Humans can exercise complex reasoningn evaluating,
completing or rejecting such partial hypotheses on the basils
multiple sources of heterogeneousknowledge (acoustic,
phonetic, lexical, syntactic, semantic or pragmatic knowledge).

6. Humans can apply sophisticated decision-making and
control strategiesin order to coordinate processing, and to
resolve coreferentialanguage phenomena such as anaphoras,
deictics, hesitations, error correctionsellipses, incomplete
sentences, etc. Evenmore sophisticated coordinate processing

Keller, E. & Caelen, J. (1994). 17
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occurs when multi-modal input is analysed (see Chapter 16).

7. Humans are well-equipped to adapt theiperceptual
mechanisms to novel situationand to new speakers, or to new
and complex tasks. Also, humans show exceptional ability to
learn new vocabulary andeven new language structures
throughout their lives.

8. Current artificial recognition systems are
comparatively ill-prepared anckasily derouted in face of a
series of higher-level tasks. For example, thesannot “guess”
at the meaning of a new,unfamiliar word the way human
language users can, they cannot coalescenformation from
multiple sources (e.g.when several speakers talt the same
time), nor can they compensate foerroneous pronunciations,
or adjust to a strongforeign accent. The best current systems
(the statistically-basedksystems) are not advanced enough to
be able to draw inferences from and to improve updheir own
performance; bothof these are abilities in which humans excel.
Consider also that humans can reasoabout events that have
never even occurred, and which are therefore (by definition)
beyond the grasp of statistical systems.

Reflections such asthese amply motivate the position
we’ve taken inthis volume. In our perspective, development
on synthesis as well as recognition devices can profit from
looking at human speechperformance. However, this position
must be understood correctly. We do not propose that
machines should be constructed exactly like humans. As
proponents of the non-cognitive approach likeo point out,
when humans learned to fly, the winning design was not an
articulated, highly flexible, bird-like wing, but Mvas a
relatively simple, fixed-wing design. For ariety of excellent
reasons, recognition devices built for machine&gll necessarily
operate differently than those of humans.

However, consider also that it wasn’t bgyoiding the force
of lift and the law of gravity that flight was mastered. In terms
of the flight analogy, the current statusf automatic speech
recognition beargreater resemblance to the achievements of
the Wright brothers than to currenfixed- or rotary-wing
flight. The*“thing” flies, often just barely, but a great deal more
theory needs to be understood and intelligentlsgpplied to
operational systems tansure “secure flight” under the most
exacting conditions. With this in mind, let us examine same
more detail a number of currentapproaches to speech

Keller, E. & Caelen, J. (1994). 18
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recognition.

Which Speech Recognition System?

Outside of the statistical systems, the principles of whialne
explained in Torkkola’s chapter (Chapter 8), the majoriby
current knowledge-oriented systems are constituted of a
community of “experts” (or “agents”) that exchange
information in a proposal/verification modEor example, there
might exist an “expert” orfundamental frequency whose job is
to identify different prosodic structures in the inpsgtream.
These recognition systems are mainly distinguished bghe
strategy that they employ, more than by theknowledge
sources that they use.In fact, all of these systems manipulate
knowledgeabout roughly the same acoustic, phonetic, lexical,
prosodic, syntactic and semantic information.

In such systems,the “experts” — each related to one or
several knowlege sources — operate either ircoordinated
fashion under the directionof an external supervisor, in
autonomous fashion, or indistributed fashion. In thecase of
coordinated operation under asupervisor, the recognition
strategy is determined by a centralisedrocess which activates
the experts according to a hierarchicgbacerdotti, 1977) or an
“opportunist’* plan (Hayes-Roth and Hayes-Roth,1979).
Several layers of experts, andhus several supervisors, are
also possible (Gong and Haton, 1987; Sabah, 1988, 1990).

In the cases ofautonomousand distributed systems, the
agents cooperate actively to resolve thproblems with which
they are confronted. They not only communicate exchange
data and knowledge which they requirto solve a problem, but
they also maintain control information abodkeir own status.
In these latter systems, a level ofmetacommunicationis thus
required where agents must inform each other aboutheir
internal status. Wewill examine the major types of these
autonomous or distributed models next.

The Multi-expert Models

4 In the sense of “exploiting opportunities when they present themselves™.
Keller, E. & Caelen, J. (1994). 19
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In the so-called “blackboard®’ systems, such asHearsay Il
(Erman et al, 1980), the processing modules called “experts”
are guided by the data. In contrast to the hierarchical systems
where expected solutions are made available blyigher-level
processes, here solutions “risepontaneously to the surface”,
and are assembled into a&complete interpretation as different
experts complete their analysis on the basis of available data.

This type of organisatiorappears the most attractive of all
major model types, since at least in theory, coordination
becomes unnecessary. In reality however, errors and
uncertainties are not checked bynigher-level processes and
are thus allowed to propagate across levels. To impede such
error propagationan expert module must therefore be able to
guestion its own results at all times, anchust be given the
power to refine or modify its predictionSince it cannot always
make these decisions alone and dathe right moment, it must be
able to refer to other “experts” taoesolve open issues. For
example, some phonetic decisions depend on lexical and
prosodic information, and vice versa, some lexicaecisions
depend on phonetic information. In Hearsay IlI, am all
“autonomous” systems, data mustthus be corrected, and
hypotheses must be enlarged.This is where the problem
occurs. The same experts may thus beeactivated several
times, which inturn can create infinite loop conditions, since
knowledge sources are no longer independent of each other.

In systems with a hierarchical strategy, such as HWIN,
this type of problem does not arise, bus a consequence of the
hierarchical schema,the general strategy remains static —
which sometimes leads t@ processing inadequacy with respect
to available data andto a certain lack of subtleness in the
management of hypotheses andtests. Improvements thus
consist of either creating &focussing strategy”, whose purpose
IS to activate experts that stand the greatest chance of
advancingthe understanding process, or of implementing an
“opportunist strategy”’where some form of metaknowledge is
applied to the problem and to the performance of the experts.

5 In these systems, a “blackboard”, om central exchange for ongoing
hypotheses is maintained where experts deposit information sopport

or reject the hypotheses.
Keller, E. & Caelen, J. (1994). 20
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The Multi-agent Models

As in general application programminglarge recognition
systems become close to unmanageable when constructed
entirely according to traditional procedural programming
principles. Object-oriented (OO) models were thiistroduced in
order to improve on the structure ofecognition systems.
From the start, the notion of “frame” (Minsky, 1975), arater,
the object-oriented approach proved to bea powerful
representational tool, since it offered a rich andxplicit
organisational structure for thgarious operating elements. OO
techniques have sincebeen applied extensively to so-called
“high-level” problems in visual recognition and in natural
language processing.

Despitethe success of OO-based systems, procedural or
rule-based systems have also proved to be useful in a
complementary role to OO-based model¢Nazif and Levine,
1984; McKeown, 1985). Procedurabpproaches are “action
centered”,i.e. have an organisation focused on the “reasoning
process” required to explain aparticular activity. Such
techniques have thusturned out to be successful at low-level
types of processing, such as feature detection. Altogether, a
variety of multi-agent architectures have been tested,
representing various compromisesbetween object-oriented
and task- or rule-oriented types of processing on the ohand,
and between spatial exploration, coordination and planning
strategies on theother (VISIONS system, Hanson & Riseman,
1978; SIGMA system, Matsuyama and Hwang, 1985).

In terms of their theoretical orientation, these muiti
agent systems are based on twodifferent organisational
paradigms, a sociopsychological and a neuropsychological
paradigm. In systems based onsociopsychological notions,
agents must have “beliefs’and “intentions”, in order to solve a
given problem in collective and coordinated fashion. These
“beliefs” are cognitive operations thaprovide more or less
well-defined representations of their environment, whithe
“iIntentions” are premises ofllocutory language acts (Searle,
1969; Searle and Vanderveken, 1985) which thegntertain in
their communicationsln this type of organisation, each agent
Is of sufficient size to detain eertain “intelligence” of its own. It

Keller, E. & Caelen, J. (1994). 21
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Is therefore capableof reacting to itself and to its environment.
Its behaviour is the consequence of its observations, its
knowledge, its particular competence and itdntentions.
Currently, systems based on this typef schema have not
grown much beyond ten agents because of the extensive flol
information that must be maintained between all agert$ the
system.

In systems basedon neuropsychological notions, agents
are microscopic reactivesystem (“feature detectors™) that
respond in automatic fashionto certain stimuli. They are
conceived as specialised modules, similar to neuraésponse
columns or Fodor’s (1983)“modules”. Such systems can
comprise up to several hundred agents, each of whose
individual competence is rather limited, but whosglobal
behaviour “appeargantelligent” (Minsky, 1986). The advantage
of this architecture is that communicative pathetween such
units can remain rather limited.

IN Search of a “Guided Dynamic
Organisation”

Both, multi-expert and multi-agentapproaches to speech
recognition pose some major philosophical problemg&ven
though it is possible to conceivef a competence distributed
over a large number of agents, the emergence of“aelf” (in the
sense of “awareness of self and its actions™) is more likdlye
result of acentralised than a distributed organisation. This is
because a structureneeds a central focus of operation in order
to be able to judge the value oifts input processes. This appears
to typify human behaviour. As we savabove, the ability to
draw Iinferences from and to iImprove upon one’®wn
performance is an important attribute of human speech
recognition performance.

In fact, the weakness of a strongly distributamrganisation
arises from its strict separationinto levels and from the
entirely ascendantnature of the modules, as well as from the
attendant problemsof synchronous processing and inter
module communication. “Detectors” in the strict sensae
autonomous. To maintain thiautonomy, a process must often
duplicate processingthat is also required elsewhere. The
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alternative is waiting for another module to finish itsvn
processing and to pass its resultdowever as was indicated
above, this can lead taunacceptable delays or to infinite loop
conditions.

So the essential difficulty is to develop a dynamic
organisational structure which canprofit from specialised
knowledge processing encapsuled in separate layers, dhe
same time asit can be guided by a “stronger self” which knows
when to pursue ananalysis path and when to abandon it.
Technically speaking, such an organisatiormay well be
modelled by neuromimetic networks —which are probably
more subtle in use and certainly more adaptive tharule-
governed structures — but much more importantly, the
structure must contain &onsiderable array of interdependent
communicative paths that can be selectively inhibited by
higher command. The crucial issue — ong&hat has been
insufficiently addressed by current systems and whiappears
to be admirably solved in human processing- is exactly how
such a “higher command” and its interaction withower
modules should be structured.

Further Question Marks

Current connected-speech recognition systems aselbject to a
series of further critiques, some of which magain find some
Interesting resolutions by a consideration othe human
analogy.

All current systemssuffer from considerableslowness
Hearsay Il, for example, was not able to meet the origirgdal of
real-time performance, as it had been set out bthe U.S.
Government-sponsored DARPA project. Part otfhe problem
again appears to berelated to its centralised control (which in
the case of Hearsay Il operated on a single process at a time).
However, evenparallel processing methods have not been able
to improve its speed of operation (Niil1986). Consider by
contrast human connected-speech processing whictan run
well ahead of real time. Quite often,listeners can
iInstantaneously complete well-formed sentences that are
stopped in mid-stream. Thidndicates that their recognition
processing is running minimallyn parallel with the perceived
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speech chain, and quite often formulatescompletion
hypotheses well ahead of the speaker.

Some aspects of the internal functioning of current
recognition systems arealso “counter-intuitive”, when the
human analog is considered. For example, automatiecognition
systems often operate bybackward consultation and by the
full-depth developmenbf all alternative solutions (comparable
to the typical computer chess strategy). Howevethere is
considerable psycholinguistic evidence that forhuman
listeners, the identification othe first word of an utterance
(and even the first syllable of the first word) reduces the
recognition uncertainty for the remaindef the sentence, and
that human processing proceeds largely left-to-right.
Furthermore, sentence complexity does not seem to lwelated
IN any systematic fashion to the type of reasoning usedahich
appearsmore in tune with the capacities of the human system
which is characterised by a relatively limited short-term
memory span (i.e. one typ®f processing where computers do
better than humans). Clearly, iIf computers are taspire to
human levels of speech recognition performance, the
implications of choosing a non-human like processing
architecture must be weighed carefully.

Challenges

It is evident from this shortoverview that there is
considerable richness in the human modeDnly few of the
challenges mentioned hereare covered in the succeeding
chapters. Nevertheless, there is ample material feome initial
discussion of several of the central issuesf speech synthesis
and speech recognition of the coming years.

The sectionbegins with an article byBoé, Schwartz and
Valléewho address the question of how the humavowel space
Is subdivided in human speech processing. Thisroblem is
representative of a whole clasof typical speech processing
problems, since it poses the@roblem of dealing with the high
variability ofspeech parameters. For example, formant values
for a given vowel are not always the same, noare they
rigorously differentiated fromthose of another vowel,
particularly in fastspeech, and thus pose major detection
difficulty to acoustico-phonetic input processors. Thethors of
Keller, E. & Caelen, J. (1994). 24
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this chapter present the currenthinking and some original
experimentation to determine how this problenns to be
addressed.

The next chapter byGabioud takes usto the core of the
question ofhow a direct human analog of a speech processing
unit could be modelled. Therelatively complex chain of
processes and calculations requiredto produce speech
synthesis by a direct model odpeech articulation is described.
Gabioud indicates that the current limits of this approaale in
part rooted in the circumscribed availability of precise
empirical information abouthuman articulatory behaviour,
and thus points out one of the characteristic weaknessed
direct models of human speech behaviour.

The chapter byPerrier and Ostry addresses the question
of the direct model of articulation from dynamic perspective.
They indicate that models rooted irthe study of human
movement can be generalised to speech articulation3hey
demonstrate that without being complete algorithmic
descriptions of speech articulation, such models can
neverthelessoffer some interesting perspectives on traditional
areas of difficulty in the simulation of human speec$uych as
how to handle theso-called “vowel reduction” phenomena
occurring in fast speech.

The chapter by Local illuminates another problem of
developing synthesis devicesrom an interesting and unusual
perspective. The question is how tahodel the time stream of
the considerable number of parameters ina formant
synthesiser (42 parameters in Klatt’s originadynthesiser,
around 60 parameters in current, updatedersions). Issuing
from principles rootedn phonetic science and phonology, Local
develops an original theory (whosealidity is demonstrated by
a fully operational implementation) of hoto structure these
parameters over the duration of a complete syllable.

With Geneviéve Caelen-Haumont’s chapter, an entirely
different set of questions is raised. Assue is high-level control
over prosodic parameters. Do human speakers place emphasis
and intonational contoursin terms of their syntactic
knowledge, or do they apply semantic and pragmatic
principles? Caelen-Haumont’slata suggest that both principles
have their importance, probably adifferent points in the
development of a theme. Eventhough the transfer to
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computational algorithms appearsfraught with particular
difficulties in the case of suchigher-level control (especially in
the case of semantic or pragmatic principles), the
demonstration of their relevance to speech organisation poses
valid challenge for developers of natural-sounding speech
synthesis devices.

The next two chapters are probably best considered as
pair, since they both address théssue of how speech can be
identified againsta competing background of speech or noise.
Both issue from the same base literature, yet offer
complementary sets of solutiongooke andBrown first go over
the basic issues of soundseparation and then enter into a
detaileddescription of the principles that separating devices
can follow to attain similar performanceSummerfield and
Culling provide detailed illustration®f two processes which
illustrate the advantages of exploring the human moddlhey
arrive at logical, yet computationally surprising solutions that
not only appearto do the job of separating speech sources, but
also minimise the effects of potential hearing loss aredploit
the partial duplication and complementary information
available from the two acoustic inputs arriving via the two ears.

Thechapter by JeanCaelen closes out the volume with a
detailed illustration of the problems that arise wheapeech
recognitionis integrated into an operational application (in this
case, a simplegraphics editor) that can also respond to mouse
and keyboard input. The problems surrounding thilstegration
run the gamut from how todefine the extent of a series of
objects, to howto reconcile the different ways of pointing to a
set of objects by speech and bynouse action. Caelen’s article
demonstrates that issues suchas these will require a whole
new set of conventions and intelligent application design for
their successful resolution.

Altogether, themotivated reader will find a rich set of
materials here which amply demonstrates the dynamic
vibrancy of current efforts of bringing speech to the computer.
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