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1552 SPEECH UNDERSTANDING

SPEECH UNDERSTANDING

Speech understanding is usually defined as a transduction
from an initial acoustic representation of speech to a rep-
resentation of meaning. For the purposes of practical sys-
tems, meaning can be defined operationally as that repre-
sentation from which actions performed by the system are
derived (Newell, 1975). Speech understanding is distin-
guished from speech recognition (qv), where the goal is to
relate an utterance to (a sequence of) unique words in a
dictionary. Until the early 1970s, most research focused
on recognition. The five-year ARPA-funded speech project
that began at that time made understanding, rather than
recognition, the primary research goal. It was felt that a
system’s ability to respond intelligently to speech was a
more meaningful criterion for the evaluation of speech
systems. In addition, it was believed that the speech sig-
nal was an impoverished source of information, and
knowledge of the context of an utterance was essential for
its successful recognition and interpretation. Speech-rec-
ognition systems based on dynamic programming, pat-
tern-matching techniques have been developed for utter-
ances that consist solely of isolated words chosen from a
small vocabulary, and to a lesser extent, the same tech-
niques have been extended to connected sequences of
words Rabiner and Levinson (1981). However, this ap-
proach, which works by finding the best match between
variably pronounced words and a vocabulary of stored
acoustic templates for words, is less suited to connected
speech because the acoustic input in this case cannot be
modeled effectively as a simple concatenation of the pro-
nunciations of its constituent lexical items. In connected
speech much of the variability that is factored out by pat-
tern matching conveys information useful for both recog-
nizing and interpreting the utterance. Therefore, it is nec-
essary to start with more basic linguistic units than
words, such as phonemes or distinctive features, and to
preserve information concerning the timing and duration
of the utterance. Once this step is taken, a knowledge-
based, rather than pattern-matching, approach to speech
processing becomes inevitable because to derive advan-
tage from the recognition of a particular linguistic unit in
the signal, it is necessary to know how that unit relates to
the rest of the language in question.

Almost by definition, speech-understanding systems
(SUSs) operate with connected, phrasal, sentential, or
even paragraph-sized chunks of speech because “under-
standing” isolated words can only mean the essentially
trivial process of associating some meaning with each
word of the system’s vocabulary and accessing this when
the word is recognized. Understanding connected speech
is a very complex task, and the design of SUSs has been
influenced by research in fields as diverse as acoustic sig-
nal processing, (neuro)physiology, (psycho)linguistics,
and psychology, as well as AL SUSs can be classified along
several dimensions; eg, number of speakers and dialects
accepted or coverage of target language. To date, SUS
have been built that understand a handful of speakers of
similar dialect, producing a grammatically restricted sub-
set of language with a vocabulary of about a thousand
words. Although there are many potential applications for

SUSs, their performance and reliability is still too poor for
the majority of these to be practical. By contrast, speaker-
dependent, isolated word-recognition systems for small
vocabularies using whole-word pattern matching haye
been employed in a variety of applications, such as air-
line-baggage handling. Nevertheless, it is generally ac-
knowledged that improvements to even this type of sys-
tem, such as bigger vocabularies or greater speaker
independence, will require a more knowledge-based ap-
proach.

THEORETICAL BACKGROUND

The transduction from speech to meaning must be medi-
ated by a variety of components that utilize diverse
knowledge sources (KSs) because the speech signal en-
codes, in a highly compressed and integrated fashion,
many different types of information relevant to the recov-
ery of meaning. This knowledge-based approach contrasts
with that taken in whole-word template-matching SyS-
tems; variability in the pronunciation of words in con-
nected speech is no longer seen as a hindrance to pattern
matching but rather as an important source of informa-
tion, eg, concerning the location of word boundaries
(Church, 1983) or of contextually important (stressed) in-
formation in the utterance. Figure 1 illustrates one possl”
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ble organization for a SUS and the major KSs it requires
to function effectively. In this organization SUS informa-
tion flows upward as each component constructs interme-
diate representations, encoding (partial) hypotheses about
the input, on the basis of the type of knowledge available
to it. Acoustic signal processing digitizes the speech at a
_Sampling rate that preserves the acoustic cues relevant to
%ts comprehension. It also transforms the digitized signal
in various ways to represent these cues in a form amena-
ble to phonetic decoding (Flanagan, 1972; Rabiner and
Schafer, 1978). For example, a spectral analysis will prob-
ably be performed and, for each analyzed frame, addi-
tional parameters, such as fundamental frequency or
spectral center of gravity, computed. The parameterized
signal can then be labeled as a discrete sequence of phones
by searching for combinations of acoustic features. For
example, if the spectral frame contains areas of “fuzzi-
ness,” ie, low amplitude signals spread evenly across the
Spectrum, the sound is probably part of a fricative such as
[f] or [v]. If the frame has a value for fundamental fre-
quency, it must be a voiced fricative such as [v], etc. In
addition, each phone is marked with suprasegmental fea-
tures representing pitch, duration, and amplitude. The
acoustic-phonetic transformation is crucial for the effec-
tive operation of a SUS but is still one of the least-under-
stood aspects of speech processing. It was identified as the
?hief weakness in the five ARPA-funded SUSs developed
in the 1970s (Klatt, 1977). Following the acoustic-pho-
netic transformation, a phonological analysis s performed
on the phonetic representation, which identifies the lin-
Buistically important distinctions represented in the pho-
netic representation of the utterance, eg, levels and loca-
tions of stress, intonation contour, syllable structure, and
the sequence of phonemes underlying the utterance (Lass,
1984; Ladd, 1980). Phonological analysis is essential to
lexical access, which is the process of matching the pho-
netic form of the utterance with the canonical phonemic
Tepresentations of words in a dictionary to recover the
information stored there about their morphological, syn-
tactic, and semantic properties (see MORPHOLOGY; PARSING).
It undoes the effects of phonological processes such as as-
similation or contraction, which apply in fluent speech; for
example, the words “did” and “you” might be represented
in the dictionary as the following sequence of phonemes:
/dld/ and /ju:/. However, the acoustic-phonetic transforma-
tion might recover actual sounds, or phones, such as
[dIja); to relate this phonetic sequence to the canonical
Phonemic representations of “did” and “you,” it is neces-
sary to recognize that palatalization has occurred at the
word boundary, changing [dj] into [j], and that the un-
Stressed vowel of “you” has been reduced to schwa. Simi-
larly, phonological knowledge concerning allowable se-
quences of phonemes in syllables, often called phonotactic
constraints, can be used to recognize syllable, and hence,
word boundaries; for instance, in /hgumbhelp/ there must
be a boundary between /m/ and the second occurrence of
/h/ because no syllable in English can contain /mh/. Com-
Paratively simple information of this type, when com-
bined with lexical knowledge, makes the notoriously diffi-
cult task of reliably recognizing word boundaries in the
acoustic signal much more tractable.
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Once phonological analysis is complete, further pro-
cessing of the input will be very similar to text under-
standing (see NATURAL LANGUAGE UNDERSTANDING). Process-
ing will be entirely in terms of discrete symbol sets from
this point upward through the SUS, and therefore, it is
tempting to divide a SUS into a “recognition” phase and
an “understanding” phase. However, this view is mis-
taken because the further morphological, syntactic, se-
mantic, and pragmatic analysis of the utterance contrib-
utes to recognition by exploiting more of the redundancy,
in the information-theoretic sense, in speech. In some of
the ARPA projects, eg, there was a heavy reliance on syn-
tactic analysis to rule out word hypotheses on the basis of
syntactically inadmissable sequences. Before words hy-
pothesized in the speech signal can be matched to lexical
entries in the system’s dictionary, some morphological
analysis will be necessary to relate inflected variants of
words to their base forms (Matthews, 1974). Apart from
regular infectional morphology, such as plural /s/ or /z/,
there are productive derivational morphological processes
that cannot be dealt with exhaustively by expanding the
number of dictionary entries; for example, there is no
principled limit to the number of times “great” can be
collocated with “great-grandmother” to produce a new
compound noun. After morphological analysis the result-
ing morphophonemic representation of the speech input
can be looked up in the system’s dictionary to obtain syn-
tactic and semantic information about the sequence of
words hypothesized. Syntactic, semantic, and pragmatic
analysis are substantially the same for speech and text
understanding. However, there should be interaction be-
tween these and lower levels of analysis not only because
they will contribute to correct recognition of the utterance
but also because aspects of phonological analysis, particu-
larly that relating to stress and intonation, will contribute
to its interpretation. Stress, eg, is relevant to the identifi-
cation of contextually new information and to finding the
correct referents for pronouns. Thus, the degree of inte-
gration and interaction between different sources of infor-
mation in the speech signal prevents any principled dis-
tinction between recognition and understanding. Indeed,
the separation of the development of the recognition and
understanding components of the SUS developed jointly
by SRI International and System Development Corpora-
tion arguably explains why this major ARPA-funded SUS
never worked as an integrated system (Barr and Feigen-
baum, 1981).

This brief description of the contribution of different
KSs to speech understanding only covers the major pro-
cesses; eg, in a SUS intended to cope with several speak-
ers, variations of voice quality, accent, and dialect must
also be dealt with by the acoustic, phonetic, and phonolog-
ical components. Below some issues in the design of com-
ponents for the lower levels of speech analysis are dis-
cussed. The KSs deployed in speech understanding are
primarily linguistic in nature, and research on them is
mainly the concern of linguistic theory. However, the ef-
fectiveness of a SUS depends as much on using these KSs
efficiently as on developing their content. The major con-
tribution of AI has been to develop techniques for the
representation, interpretation, and integration of KSs in
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a SUS. The task of speech understanding is sufficiently
complex to strain the limits of current computing technol-
ogy. In existing SUSs the generally errorful nature of
acoustic-phonetic analysis, and the consequent unreliabil-
ity of many of the specific hypotheses under consideration
by a SUS at any given point, coupled with the frequent
genuine ambiguity of speech with respect to any given
KS, make issues of system organization and processing
strategies crucial for the construction of an effective SuUS
capable of functioning within practical time and space
constraints. Some representative solutions that have been
proposed for these problems are discussed in the following
sections.

ACOUSTIC-PHONETIC ANALYSIS

Undoubtedly the most crucial area in speech processing in
need of more research is acoustic-phonetic analysis. If
acoustic-phonetic analysis is errorful, false hypotheses
will propagate through a SUS, causing much unnecessary
computation and, in the worst case, an incorrect analysis.
However, if the initial phonetic representation(s) derived
from the acoustic signal could be guaranteed to be unique
and correct, the only indeterminacies a SUS would face
would be those arising from genuine linguistic ambigui-
ties, most of which are temporary indeterminacies resolv-
able in terms of further information available in the
speech signal. The segmentation and identification of the
acoustic signal into a sequence of linguistic units has
proved extremely difficult. First, speech is a code, not a
cipher (Liberman and co-workers, 1967); in other words
the acoustic cues associated with segments are not in a
one—one relationship with those segments; rather, these
cues are heavily influenced by neighboring segments and
so signal the presence of several segments in parallel. For
example, the spectral cues to the presence of /d/ in /di/ and
/dw/ are very different because they are influenced by the
following vowel. Moreover, it is not possible to divide the
acoustic signal into a /d/ and a following vowel in any
motivated manner. These observations prompted the the-
ory that the invariant aspect of these segments is an ab-
stract articulatory target that is not always achieved be-
cause of the continuous motion of the vocal tract and led to
accounts of speech perception as a process mediated by
speech production (Liberman and co-workers, 1967; Halle
and Stevens, 1964). Such analysis-by-synthesis or com-
pletely top-down models (see PROCESSING, BOTTOM-UP AND
ropr-DowN) would be, however, very computationally expen-
sive since they require that a SUS has the capacity to
generate, in principle, all possible utterances and test
them against the acoustic input. More recently, it has
been argued that acoustic cues to distinctive features
(Lass, 1984), as opposed to phonemes or allophones, do
contain invariant cues (Stevens and Blumstein, 1978), but
this claim is controversial (Lisker, 1985). Second, acoustic
cues are often very minimal in unstressed speech and con-
texts where there is more redundancy in the speech sig-
nal. This often causes many false hypotheses in systems
where the acoustic-phonetic component will hypothesize a
segment from a fixed inventory, say, an allophone or allo-
phones, for every portion of the utterance. An alternative

and more attractive approach is not to force an overly
specific hypothesis but to iteratively refine the analysis of
the acoustic signal from broad to detailed phonetic units
as far as the signal allows (Johnson and co-workers, 1985).
Thus, false hypotheses will not be propagated through the
SUS, although at points the phonetic analysis may lack
detail. Third, the acoustic cues to units vary from speaker
to speaker because of physiological differences in the
vocal tract, differences of characteristic voice quality, etc
(Laver, 1980). Human listeners are able to compensate for
these differences rapidly and fluently, but there is still
little understanding of how to model this process automat-
ically. Most commercial speech-recognition systems Té-
quire lengthy training sequences with users repeating
each word in the system’s vocabulary several times alflf1
are therefore very speaker-dependent. In the ARPA proJ-
ects several of the SUSs developed achieved a degree of
speaker independence by attempting to parameteriz.e
acoustic-phonetic analysis for a new speaker on the basis
of a training sentence the system knew and the user was
required to speak. A mapping could then be made between
portions of the utterance and a phonetic inventory.

In addition to segmentation into some inventory of
units, phonetic analysis must include a representation of
the prosodic, suprasegmental aspects of speech, such as
stress and intonation. The acoustic cues associated with
these phenomena are fundamental frequency, duration,
amplitude, and pausing. Reliably measuring fundamental
frequency is difficult, as is factoring out the effects of in-
trinsic fundamental frequency and duration of segments
from genuine suprasegmental phenomena in order to rec-
ognize stressed syllables, intonational contours, and into-
national phrasing. In ail of the ARPA project SUSs, supra-
segmental acoustic-phonetic analysis was virtually non-
existent and segmental analysis inadequate. The final
performance of each system was mainly determined by
the effectiveness of higher levels of analysis in correcting
errors at the phonetic level. Thus, constraints on the mi-
croworld in which each SUS operated and on the range of
constructions accepted were exploited in syntactic and se-
mantic analysis to predict what was being said. More reé-
cent systems employ more sophisticated acoustic-phonetic
analysis, integrating information from a variety of trans-
formations of the acoustic signal and constructing several
types of phonetic representations, but performance is stil
limited to an average 70% successful recognition of pho-
nemes from utterances produced by a small number 0
speakers (De Mori and co-workers, 1983).

PHONOLOGICAL ANALYSIS

Phonology is concerned with the linguistically significant,
meaningful patterns of sound in a particular languageé,
including the linguistically significant aspects of supra-
segmental, prosodic phenomena. A phonological compo-
nent is essential for any knowledge-based connect.e

speech-processing system because the system will requireé
knowledge of the phonological processes active in the laq-
guage, and their domain of application, to recover canonl-
cal pronunciations for words that can be matched against
a dictionary entry, and to derive further cues to the syn-




tactic and semantic/pragmatic interpretation of the utter-
ance. Phonological components were developed for the
ARPA project SUSs and other systems developed during
this period (Cohen and Mercer, 1975). However, they were
largely restricted to lexical, segmental processes and
mostly dealt with phonologically governed variation by
generating alternative pronunciations for individual lexi-
cal items and storing these in an expanded dictionary.
This approach cannot deal adequately with phonological
Processes that span word boundaries, such as palataliza-
tion described above (Klatt, 1980). The largest domain of
application for a phonological rule is the intonational
Phrase, which is often coextensive with a full sentence;
therefore, phonology cannot be treated in terms of variant
Pronunciations for lexical items. Because phonological
Processes are rule-governed and part of the language sys-
tem, a phonological analysis provides much important in-
formation for a SUS; for example, different types of phono-
logical rule are blocked by different types of linguistic
boundaries between segments, so the nonapplication of a
Phonological rule in an appropriate segmental environ-
ment is a clue to the presence of a boundary that blocks its
application. As argued above, this is useful to aid segmen-
tation of speech into syllables and words, but it can also
Provide clues for syntactic analysis; palatalization spans
word boundaries but is blocked at the boundaries of major
Syntactic constituents (Cooper and Paccia-Cooper, 1980)
80 its nonoccurrence can be used to resolve an ambiguity
Concerning the presence of such a boundary at that point
In the speech signal. Phonological rules also vary between
dialects; therefore, a SUS capable of understanding speak-
ers of different dialects would require knowledge of these
differences and an ability to reconfigure itself for their
Speech. Palatalization, eg, occurs more frequently and
more freely in dialects of American, than British, English.

At the time of the ARPA project, phonological theory
Was stagnant, and in particular, there was little interest
In extending the domain of injury beyond segmental pro-
cesses. However, since the late seventies a number of new
approaches to phonology have been developed, such as
autosegmental, metrical, and dependency phonology,
which take as their central concern suprasegmental phe-
nomena (Smith and van der Hulst, 1982). Few of these
developments have been incorporated into SUSs, al-
t}_lough some have been incorporated into speech-synthe-
sis gsystems (Pierrehumbert, 1981; Williams, 1985) and
much of this work is precise and formal enough to be
Suitable for machine applications. Improvements in the
Performance of SUSs will certainly require that these de-
velopments be incorporated into a much enhanced phono-
logical component that can provide more than variant pro-
Nunciations for individual words.

KNOWLEDGE-SOURCE INTERPRETATION

A KS is of no use in a SUS if the knowledge it encodes
Cannot be represented in a way that allows its interpreta-
tion and deployment by machine. The notation employed
to represent knowledge in a given field is most naturally
fletermined by the experts in that field of knowledge; for
Instance phoneticians typically use the International Pho-
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netic Alphabet for phonetic labeling. However, since
choice of representation affects the application of knowl-
edge, the representation systems of KSs in SUSs have
often been a compromise between descriptive adequacy
and computational efficiency. For instance, in the ARPA
project every SUS, with the exception of HWIM (Woods,
1980), employed a syntactic representation thought to be
unable to express all of the grammatical possibilities of
“nglish. Formal language and automata theory offer effi-
cient algorithms for the application of KSs expressed as
sets of rules with the appropriate formal properties (Aho
and Ullman, 1972), and much research on representations
for KSs, both in theoretical linguistics and Al, has at-
tempted to develop descriptively adequate notations with
these formal properties. For example, minimally aug-
mented context-free notations have been argued to be de-
scriptively adequate for English syntax (Gazdar and co-
workers, 1985) and phonology (Church, 1983). Similarly,
finite-state transducers have been developed for morpho-
logical analysis (Koskenniemi, 1984). However, successes
of this kind do not lead automatically to computationally
tractable KSs since the rule sets required to express
knowledge in this form may be extremely large. In addi-
tion, it seems unlikely that all KSs employed in a SUS can
be expressed within such restricted notations; therefore,
more specialized and powerful techniques have also been
developed, such as interpreters for production systems
(McCracken, 1981) (see RULE-BASED sysTEMs) and aug-
mented transition networks (ATNs) (Woods, 1975) (see
GRAMMAR, AUGMENTED-TRANSITION-NETWORK). Some expert-
system shells (see EXPERT sysTEMS) appear to have promis-
ing applications for the acoustic-phonetic transformation
because of the more inferential and therefore principled
nature of rule application (De Mori and co-workers, 1983)
and the ability to factor different aspects of knowledge,
which will aid parameterization of the system for different
speakers (Thompson, 1984). In addition, other Al tech-
niques associated with knowledge representation and text
understanding are relevant to interpretation of KSs in a
SUS. The better the understanding of a particular do-
main, the greater the chance of representing that knowl-
edge both adequately and efficiently. Moreover, it is likely
that different representation schemes will be most effec-
tive for different KSs; therefore, SUS architectures that
impose a uniform scheme on all KSs, such as HEARSAY-
II (qv) (Erman and Lesser, 1980) or HARPY (qv) (Lowerre
and Reddy, 1980), are not ideal.

Choice of representation is affected by factors other
than the availability of an interpretation technique for a
particular scheme; for example, several SUSs do not at-
tempt to map directly between the acoustic signal and the
phonetic alphabet but construct intermediate representa-
tions, marking acoustically salient features such as nasal-
ity, to aid the process of recognizing individual phones.
This reflects the difficulty, discussed above, of relating
phones to distinct and invariant sets of acoustic features
and a trend away from pattern matching against a contin-
uous representation of speech toward processing of dis-
crete symbol sets as early as possible in this process. Rep-
resentations are also affected by the order in which
different KSs are brought to bear on the speech signal and
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the overall architecture of the SUS; recently, it has been
proposed that initial phonetic analysis should mark conso-
nants, vowels, and stressed and unstressed syllables and
that this simple representation should be used to derive a
set of word candidates from a suitably organized dictio-
nary (Huttenlocher and Zue, 1984). Detailed phonetic
analysis would then be applied to the stressed syllable(s)
to discriminate between candidates. In a SUS employing
this approach, lexical constraints are applied before de-
tailed phonetic analysis; therefore, the role of phonetic
analysis is redefined quite radically.

SYSTEM ARCHITECTURE

The bulk of the Al literature on SUSc concerns intercom-
ponent communication during processing. This issue is
crucial because ambiguities need to be resolved rapidly to
avoid unnecessary computation and because redundancy
between KSs can be used to factor out false hypotheses
caused by either system errors or genuine ambiguity in
the speed signal. For example, the acoustic-phonetic com-
ponent might hypothesize an aspirated /p/ or /b/ followed
by a vowel and /t/, which would result at least in the word
candidates “put” and “but.” However, it is likely that one
of these could be rejected on the basis of syntactic analysis
since verbs and conjunctions do not occur in the same
syntactic environments. Similarly, there might be a genu-
ine syntactic ambiguity in an utterance, such as “He gave
her dog biscuits.” in which “her” may be functioning as an
adjective or noun. But in this case the ambiguity can be
resolved by the different stress and intonation that will
accompany the two interpretations. The architectures pro-
posed are basically hierarchical, like that of Figure 1,
with a serial flow of information through a chain of compo-
nent KSs, or heterarchical with no constraint, in princi-
ple, on the flow of information between components
(Reddy and Erman, 1975). The advantage of the hierarchi-
cal approach is that there appears to be a natural order for
the application of KSs to speech input; syntactic analysis
can only proceed on the basis of lexical information, etc.
Moreover, overall system control is simple. However,
there are many occasions when nonserial interactions be-
tween the chain of components are useful; for example,
aspects of the prosodic, suprasegmental structure of an
utterance will be relevant to its phonological, syntactic,
semantic, and pragmatic interpretation. Nonserial inter-
action can be achieved within the hierarchical model by
passing up all of the possible analyses compatible with a
given component to the next component, which then se-
lects a subset of analyses, etc. But this only works if the
intermediate representations passed up through the SUS
are enriched to include all of the information analyzed so
far that may be of use to some higher component; thus, the
input to the syntactic component, in addition to syntactic
information about words, must include all of the available
information of potential relevance to syntactic analysis,
such as prosodic information, and all information relevant
to semantic/pragmatic analysis must be carried through
as well. This is likely to strain representation schemes
and is computationally expensive because many unneces-

sary, false hypotheses are computed. These false hypothe-
ses are often avoidable, in principle, because the disambi-
guating information is temporally available, encoded in
the part of the speech signal already analyzed by lower
levels, but in the hierarchical model it is not applied until
this input reaches the appropriate component in the serial
chain. Heterarchical systems avoid this inefficiency by al-
lowing components to apply in the most efficient order for
a given input at the expense of a very complex flow of
control within the system and considerable intercompo-
nent communication complexities. Each component must
be provided with the means to request and receive infor- -
mation from, or start specific processing in, any other com-
ponent. This requires specialized communication chan-
nels between every component in the system. Developing
an adequate control system for such a model may well be
impossible because it involves envisaging all possible
flows of control at the design state. Attempts at develop-
ing such models have been reduced to human simulation
of each component (Woods and Makhoul, 1973). In prac-
tice, workable heterarchical models for SUSs have been
restricted to uniform representations across KSs and 2
single global data structure, as in blackboard systems
(gw).

Since the ARPA project there has been much interest
in SUSs that can be run on parallel machines (Fahlman
and co-workers, 1983) and the emphasis has been on hier-
archical systems that still achieve interaction through se-
lective filtering of hypotheses. Thus, a simple architecture
is maintained and more powerful hardware used to cop¢
with the extra computation. One recent major project pro-
poses to use the chart (Kay, 1973) as a global data struc-
ture within a hierarchical architecture, employing a5
much parallelism as the linearized nature of speech input
will allow (Thompson, 1984). This approach shares the
advantage of a global data structure with the blackboar’
architecture but does not require a uniform representd-
tion scheme across components. None of these propOSfJlls
represents a theory of nonserial interaction in speech un-
derstanding; rather, they offer general architectures that
attempt to support any interaction that may be required:
The designers of the blackboard specifically wanted an
architecture capable of supporting arbitrary interaction®
and thus application to other tasks, such as vision (Erm?n
and Lesser, 1975). An alternative approach is to spec! y
explicitly the interactions required in a SUS and to de-
velop a specialized architecture capable of supporting
them; this approach requires a better understanding ©
speech than is current but offers the possibility of far more
efficient and effective SUS architectures (Briscoe al
Boguraev, 1984).

PROCESSING STRATEGIES

Various processing strategies have been imposed on dif-
ferent SUS architectures in an attempt to reduce the co™”
putation required for successful analysis in the norma
case. Both hierarchical and heterarchical systems can 0P
erate bottom-up, in an essentially data-driven way, 0T t?p‘
down, using knowledge to produce hypotheses concerning




the input (see PROCESSING, BOTTOM-UP AND TOP-DOWN). How-
ever, most recent SUSs have operated bottom-up because
of the rather weak predictability of speech on the basis of
the KSs that can currently be deployed effectively in a
SUS. Similarly, SUSs can explore the search space in a
depth-first or breadth-first manner (see SEARCH; SEARCH,
DEPTH-FIRST). Most have operated breadth-first because of
the uncertain and errorful nature of many hypotheses but
have employed scoring techniques to keep the size of the
active search space manageable. One such technique,
S!'lortfall scoring, which involves measuring the summa-
FlOn of individual word candidate scores against a theoret-
lcal upper bound for this score and process the hypothesis
with the least difference first, guarantees that a SUS will
find the best scoring complete hypothesis for the utterance
first (Woods, 1982). However, this does not guarantee that
the highest ranked hypothesis is correct; the effectiveness
of the components that contribute to the generation of
word hypotheses is still the crucial factor in the overall
Performance of the system. The scoring of partial hypothe-
Ses throughout a SUS in a more linguistically motivated
fashion is extremely difficult. Scores must be carried
across components and should reflect the differing contri-
butions of each KS. However, the weight that should be
i_'lttached to any KS must vary with context; for instance,
In the recognition of an unstressed and phonetically re-
duced preposition, syntactic analysis should be weighted
more highly relative to acoustic analysis than in recogni-
tion of a stressed syllable. In addition, analyses must be
Scored through time; an analysis that starts with low
Scores may end with the highest because redundancy in
the information encoded in speech propagates both left
and right through the input. Although some scoring
Schemes that have been used in implemented SUSs do
Improve performance, this is either for theoretical reasons
Connected with the scoring technique, as with shortfall
Scoring, or because they have been developed by trial and
error and evaluated solely on the basis of run-time perfor-
Mmance, as with the focus-of-attention mechanism in the
HEARSAY-II blackboard system. In the former case the
t?Chnique is useful but limited; in the latter case poten-
tially valuable insights into the task of speech under-
Standing become lost in the scoring technique (Hayes-
Roth, 1983).

_ Analysis of the speech signal can proceed from left to
Tight through the linearized signal or middle out in both
fllrections from islands of greater acoustic reliability. This
1§1and-driven approach has the advantage of taking rela-
tively error-free phonetic data as its starting point at the
€xpense of a more complex control structure and system
organization, as in HWIM (qv) (Woods, 1982). Human lis-
teners appear to pay greater attention to stressed sylla-
bles (Cutler and Norris, 1985), which are generally more
clearly enunciated and therefore more easily analyzed
Phonetically. In addition, the phonological structure of
English vocabulary is constrained in such a way that a
Unique word can usually be derived from a crude phonetic
analysis of syllable structure coupled with detailed analy-
S1s of its stressed syllable (Huttenlocher and Zue, 1984).
Therefore, the island-driven approach is essentially cor-
rect, although it would be more effective if processing be-
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gan at stressed syllables by explicitly searching for them
rather than at arbitrary high scoring portions of the
acoustic signal. A related approach that avoids the extra
overheads in HWIM caused by middle-out analysis is to
use an appropriate scoring strategy in a left-to-right sys-
tem, which is able to take account of forthcoming speech
events in the right context of the existing partial hypothe-
sis (Johnstone and Altmann, 1984).

CURRENT TRENDS

Since the ARPA project in the seventies there has been a
period of problem-oriented, rather than system-building,
research in speech understanding. Much of this research
has focused on the acoustic-phonetic transformation as a
result of new evidence demonstrating the informational
richness of the acoustic signal (Cole and co-workers,
1980). Now there is renewed interest in building complete
systems (Thompson, 1984) incorporating this research
and renewed concern with issues such as system architec-
ture. However, the majority of the knowledge-based sys-
tems that are being developed are restricted to continuous
speech recognition rather than understanding. Improve-
ments in acoustic-phonetic analysis suggest that higher
levels of analysis are not crucial for recognition of contin-
uous speech, contrary to prevailing opinion at the time of
the ARPA project. In addition, the problems of under-
standing, such as knowledge representation (qv) issues,
the restriction to a microworld, etc, remain unsolved.

SYSTEMS

The main SUSs developed in the ARPA project were
HARPY, HWIM, HEARSAY-II, and SRI/SDC. HARPY
came closest to the performance criteria specified for the
project (Newell and co-workers, 1973). However,
HARPY’s architecture required precompilation of all KSs
into a single finite-state network so the language accepted
by the system was more restricted than that for the other
systems (Hayes-Roth, 1983). Each of these systems is
briefly described by its chief designer in Lea (1980) and
evaluated in Klatt (1977) and Barr and Feigenbaum
(1981). A system of the same period developed at IBM but
with improved performance over HARPY on the same
subset of English is described in Bahl and co-workers
(1976). The HEARSAY-II system is reimplemented as a
production system in McCracken (1981), and extensions
and improvements to the original blackboard architecture
are described in Hayes-Roth (1983). Several SUSs have
been developed for European languages, such as KEAL
(Mercier and co-workers, 1980) and MYRTILLE-II (Pier-
rel and Haton, 1980) for French and EVAR (Niemann,
1982) for German. However, these systems have not sur-
passed the ARPA project systems in performance or de-
sign. An automated airline reservation system that incor-
porates continuous speech understanding is described in
Levinson and Shipley (1980). This system, developed at
Bell Laboratories, conducts a dialogue over a telephone to
establish the appropriate reservation. It employs whole-
word template-matching techniques to recognize words
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from a 127-word vocabulary but relies on semantic con-
straints deriving from this very restricted task domain
and syntactic constraints imposed by a restrictive finite-
state grammar to achieve robust performance.

FURTHER READING

The best introductions to speech understanding are Lea
(1980) and Reddy (1975). Two further more recent collec-
tions are Cole (1980) and Simon (1980), and Fallside and
Woods (1985) provide an up-to-date, advanced course. Ar-
ticles on the higher levels of speech understanding can be
found in the journals Artificial Intelligence and Computa-
tional Linguistics. Issues relevant to acoustic-phonetic
analysis are dealt with in Journal of the Acoustical Society
of America, Journal of Phonetics and Language and
Speech. Many articles on whole-word template-matching
techniques for isolated and connected speech and on
speech signal processing can be found in the journal of the
Institute of Electrical and Electronic Engineering, Acous-
tics, Speech and Signal Processing. Articles on the appli-
cation of speech-processing systems can be found in
Speech Technology, and Human Factors sometimes con-
tains performance evaluations of systems. The Interna-
tional Journal of Man—Machine Studies also publishes ar-
ticles on speech processing. Many conference proceedings
also contain relevant articles, such as the International
Joint Conference on Artificial Intelligence, COLING, Asso-
ciation of Computational Linguistics, Acoustic Society of
America, International Conference on Acoustics, Speech
and Signal Processing, and others.
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SPHINX

SPHINX is the first speech recognition system that
achieved high performance on a large vocabulary, speaker
independent, continuous speech task. The system uses
stochastic hidden Markov models (HMMs) to learn and
generalize from a large multi-speaker database. SPHINX
also uses techniques such as multiple codebooks, general-
ized triphones, and function word models. On a 1000-word
task, SPHINX recognizes continuous speech from any
speaker with an accuracy of 96% (see K. F. Lee, Automatic
Speech Recognition: The Development of the SPHINX Sys-
tem, Kluwer Academic Publishers, Boston, Mass., 1989).

Kai-Fu Lee
Apple Computer, Inc.

SSS. . .

SSS. . . (Summarization Summarization Summariza-
tion. . .) was developed to explore the utility of the encod-
ing relationship between semantic memory and text (see
R. Alterman and L. Bookman, “Reasoning About a Se-
mantic Memory Encoding of the Connectivity of Events,”
Cogn. Sci., in press.) An important idea developed in the
work on SSS. . . was the notion of conceptual roots.
Roughly, the conceptual roots correspond to the basic no-
tions of the narrative text: the framework in the terms of
which the narrative was developed. SSS. . . determined
the conceptual roots from a directed acyclic graph struc-
ture that represents the coherence of the event concepts in
the text as derived from the encoding provided by seman-
tic memory. An interesting property of the conceptual
roots are that they are the minimal set that covers the
semantic memory-based graph encoding of the case.
SSS. . . used the conceptual roots to succinctly explain
the connection between any two concept coherent events
in the narrative. Also implemented in SSS. . . was a mea-
sure of importance that quantifies the conceptual empha-
sis of the narrative. Given this measure of importance, it
was shown that each of the important nodes is either a
conceptual root or covered by one of the conceptual roots.
Lastly, SSS. . . combined evidence from semantic mem-
ory-based coherence graph of the case, the conceptual root
analysis and the importance measure, to generate a de-
scription of the basic event content of the narrative (ie, a
basic summary) [see R. Alterman and L. Bookman, “Some
Computation Experiments in Summarization, Discourse
Processes 13, 143-174 (1990)].

RICHARD ALTERMAN
Brandeis University
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