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Abstiract

A speech understanding system with learning capabllities is
presented.
Its relevan! aspects are:
a) the spoken sentence is represented concisely by a description that can be
used to reconstruct the sentence and to verify whether its meaning was not
degraded by the coding.

b) Syllables or broader coarticulation segments are the smallest unils.

c) The evaluation of an hypothesis is based on the probability that a syllable,
a word or the sentence can generate the specirogram of the spoken
message and that a synlaclic structure can generate ils pilch contour,

d) Coarticulation effects are described in terms of pattern grammars

generating all the possible formant trajeclories for a given utterance.

e) Spectral and prosodic features can be learned by inference of stochastic
finite-state—automata.
f) More formant choices are allowed for a single syllabic segment and an

algorithm Is provided for assigning to each choice a probability,

Introduction

Large efforis have been devoted in the last years to the design of
speech understanding systems (SUS) /1] = [J] These efforts have
revealed many aspects of the problem that are still open and whose solution is
a necessary condition for the success of such designs.

The purpose of this paper is to present a framework in which some

of the above problems can be solved with successive refinements, Particular
care is devoted lo the problem of emitting and verifying hypothesis at the

syllabic level;, this takes into account, as much as possible, the knowledge

about the sirucilure of speech tha ailable to a phonetician performing a

visual inspection of spectrograms,

On the line of a previous work [ 3 ], coarticulation effects are
laken into account by a grammar of speech that is inferred by an automatic
procedure.

Concepts from phonetics, syntaclic pattern recognition theory ,
grammatical inference, stochastic automata, information theory, Identification
and modelling, and natural language processing theories are used in this
project to characterize sources of knowledge and data bases atl different
levels of the processing, namely parametric, acoustic, phonological, lexical ,
syntactic and semantic,

The most relevant and original aspects of this project are the
following:

a) The spoken senlence is represented concisely by a description that can be
used lo reconsiruct the sentence and to verify whether its meaning was
not degraded by the coding.

b) Syllables or broader coarticulation segments are the smallest units,

c) The evaluation of a hypolhesis is based on the probability that a syllable,

a word,or lhe sentence can generate the spectrogram of the spoken message

and that a syntactic structure can generate its pitch contour,

d) Coarticulation effects are described in terms of pattern grammars generat-
ing al! the possible formant trajectories for a given utterance,
e) Speciral and prosodic features can be learned by inference of stochastic

finite-s

e-automala.
f) More formant choices are allowed for a single syllabic segment and an
algorithm is provided for assigning to each choice a probability,

The organization of the system and the hypothesis evaluation
algorittyn, operating at the syllabic level, allow one to recover information
lost due 1o errors in segnentation, spectral estimates, formant tracking and
formant coding.

The system has been designed also 1o be used to invesligate some

pivablems related to ficlds other than SUS, like speaker characterization

(1aty)

Investigation of phonetic rules In continuous speech and modelling of human
arch

speech perception. It has 10 be considered more an insirument for re

than a commercial implementation of a SUS,

The acoustic le

At this level the information about the spoken sentence is the time
waveform. It is sampled at 20 kHz and processed for extracting the amplitude
and pllch‘uslng an algorithm based on comb-filtering and pattern recognition .
Furthermore some global features are extracted by a bank of digital filters
operating in real-time,

The time evolutions of such parameters are describedby a very
simple language that is processed by a sel of finite-state automata (FSA) that
locate silences (SL), unvoiced tracts (UT), vowels (V) and tracts of successive
voiced consonants (VC). The details of the detection of such 'elemental
fragments' are reported in [J] and the description of the special purpose that
performs digital filtering in real-time can be found in [C]

The sequence of elemental fragments is then processed by a simple
FSA that locates the speech segmnents, called pseudo-syllable-segments (PSS),
where coarticulation is expected to Le more predominant. Notice that the PSSs
can overlap.

The preliminary segmentation has two tasks,

1 = It delimits the voiced tracts of the speech waveform on which the spectra
are compuled, using pitch-synchronous linear prediction, while for the
unvoiced tracts an asynchronous FFT is performed.

2 - The preliminary segmentation delimits the fields of specirograms correspon
ding to PSSs, in which possible formant paths are specified and organized
in a multilinked data structure, Furthermore this segmentation anchors on
the steady-state portions of vowels, the starting poinits of the estimates
of the best possible formants.

These formants are used to emit the first hypothesis about the
possible syllables present in the spoken sentence, while the reques! for a
hypothesis verification from higher levels resulls in a searching for paths In
some specific allowed passages. This search is carried out in the multilinked
data structure and if possible paths are found, their probablilities are also
computed.

A node in the data structure conlains information about & freguency
interval of a given spectrum, where a concentration of energy and the maximum
<f this energy have teen found.

The organization of the data structure and the algorithms for
formant tracking are reporied in [5] The way in  which probabilities are
assigned will be described briefly at the end of this paragraph. The possibility
of performing pitch-synchronous FFT on the voiced tracts is also allowed.

The difference between FFT and linear prediction (LP) In this
application is that FFT generally introduces many spurious palths in the
spectrogram, while LP requires a careful operation of gap-filling; both the
aspects are treated by the formant tracking algorithm, but one method can be
better or poorer than the other, depending on the waveform.

Formants, amplitude and pilch are presented at the higher levels
as a list of descriptions; the form of these descriptions are introduced in the

following account,

Amplitude description (ADES)

The amplitude description has the primitive forms repr

ented by
the following non-terminal alphabel:

v, lBLT' c1, cz2, €3, ca} ;

These forms are related (o a terminal alphabet containing three
syinbols representing a linear aproximation of the amplitude curve; the terminal

alphabet is:



V’ - {h: horizontal tracts, a: ascendent tracts,
d: descendent Iracts } :
and the composition rules are:
(8LT) = (€3)® (€1 (ca)®
C! = ad ¢+ ahd

dC2a = dha
Cla = aha
dC4 = dhd

The compositions are performed by a simple finite-s automaton,
operating in a time close to the real-time.

Each primitive symbol is followed by four attributes: the duration,
the amplitude of the first point, the abscissa and the amplitude of the maximum,
These parameters allow one 1o reconsiruct the amplitude waveforms with a

polynomial approximation.

Plich description (PDES)

Plich description is very similar to the amplitude description ,

except that a new symbol is provided for the silences or the unvoiced iracts.

Description of spaciral features for an entirely voiced PSS

The description SDES of an entirely voiced PSS Is characterized
by the following rules:
soes — Ap° ,
B = FIT ¢ F2T 4 F3T ¢ FAT ¢ FST ,
where FIT Is a tract where | formant lines have been detecied.
The descriptions of such tracts are:
FIT = (FID) (AID) (b)
F2T = (FIF20) (A1A2D)
F3T = (FIF2D) (A1A20) (F3D) (A3D)
FAT = (FIF2D) (A1A2D) (F3F4D) (A3A4D)
FST = (FIF2D) (A1A2D0) (F3D) (A3D) (FAFSD) (ASASD)
Where FhD is the description of the time evolutions of the h-th formant

frequency;
“aP is thy descriptizn of the time evoliitlons of the h=th  formant

amplitude;

(b) Is a set of symbols describing the 1 4 10 kHz spectrum of voiced
fricative and voiced stop sounds;

FiFJO is the description of the evolution of FI and F, in the FI - F“
plane;

AIAJD is the description of the evolutions of the amplitudes Al and A

]
in the Ai—A plane.

The discriplloﬂl have two types of primitive forms, namely lines
and stable zones.

These primitives are detected using an algorithm presented in el
A stable zone corresponds to a quasi-stationary portion of the speech waveform
and is represented by a symbol S with the following attributes: the duration
and the gravity center coordinates of the points belonging to the stable zone.

The lines are represcnted in the SUS by one of eight slope
symbols, k, |, m, n, o, p, q, r, corresponding to angular sectors of 45°,
followed by two numerical atiributes: the duration and the line length.

The choice of the maximum allowable error in linear approximation
is a ccmpromise between compression and fidelity. This value certainly need
not fall below the limens of the perception of formants, that is JZ of the
formant values.

The maximum error has been selected inorder 1o obtain the
detection of a single stable zone for all the non reduced vowels in a corpus
of 50 sentences. Values of 70 Hz for the first formant, 150 for the second
and 30O for the third, have been io’md.

Assuming a gaussian distribution of the errors over the stable
zone, a lotal average value of the errors over the three formant regions of SZ

is obtained. Similar resulls are oblained for the lines,

Silence and unvoiced tracts description

Silences are described by a symbol SL and its duration,
To represent the unvoiced tracts, the symbol -UT is used,
followed by a concise description of an average spectrum of the unvoiced

segment. For separating two successive fricatives an analysis of the spectral

derivate is performed, according to previous experiences in the segmeniation
of continuous speech.

Nasals and nasalized vowels often generate a segment of
spectrogram wlth more than three formants. The possibility of nasalization
depends on frequencies and amplitudes of the first formant, For 1hose
segnents for which this possibility is detected, a more accurate research for
clusters or other formant lines is started.

Two tracts having a different number of formanis can be concaten—
ated in different ways; these situations are described introducing predicates
tetween formant descriptions / 3 /.

The descriptions obtained in this way allow one to reconstruct and
listen to the spoken sentence and to evaluate if the sentence still preserves

its meaning.

Probability assignment

The influence of segnentation affects only the preliminary emission
of hypotheses about possible phonetic transcriptions of PSSs. In this operation
and In the complementary operation of hypothesis verification it is important

to know the probability P (d“/Ql) that the description d  truly represents

the segment @, of the spectrogram of the spoken umonclo'.
The subscripts of such parameters are 1o be interpreted as
follows:
d” : is the I-th possible description of the I-th spectral segment;
1 =1, 2, ...,L,
I = 1,2, coey l' »
whera L. is the number of segnents evidenced on the spectrogram at a certain
instant of the understanding,
Il is the number of possible descriptions of the | - th segment.
The probability P (dh/n.) will be used In the next paragraph for
the evaluation of a syllabic hypothesis,

Let nl have G formants; letF , F_. ..., F_ be the formants of

"2 G
0' 3 thus:
- P(F
P(d, /e ) = Pl '/ull PIF,/aF )... P(FG/Q'Fl,..F(_’_l) m
Let F‘ be the concatenation of U‘ paths n " n IPOREE 1\' D,y where

each path ends at a node where it can be followed by more than one way. Then
one has:

PIF |/n Il = P(n ”/i|) P(n |z/n "Q‘) o PL ) (2)

Q
"lu'/"ll "1t
The generic conditional probabllity in (2) is the probability that

given a path n R i s

i h i
12 "w on QI for the first formant, this path continues

ith n .
w 1 wel

This probability Is evaluated considering the

age amplilude ,

the number and duration of gaps and how far it Is possible to go following

r‘l Vet ! instead of the other possible directions.
With relations similar to (2) the other conditional probabilities in
(1) can be computed, remembering that, given the first f formants, the

(f+ l)-‘h' should be in a proper frequency range and above the first f
forrants .  This approach allows one to use the information about formant evo-
lutions that have been proven very significant by many perception experimenis,
Several possible formant patterns and their probabilities can be oblained avoi-
ding that an error in formant tracking compromise irreparably the success in

recognition,

The gyllabic_level

At the syllabic level the information about the spokep sentence is the
description d“ of the time evolutions of formants and amplitudes,together with
the probabilities P(d“/ﬂl) of the description d, .

The a-priori information source for the syllablc level is a
grammar of speech generating a launguage recognized by a set of stochastic -
finite=state automata (SFSA), with some auxiliary units that will be described
later on. The formant patterns corresponding to a given VCV ullerance pronou-
nced in various contexts cannot be random patterns, they have lo respect some
rules underlying the relations between the articulatory commands and the
spectra of the generated waveforms,On the other hand, the patterns are not
equal because some distortlions on the archelypes do not alter the interpretati-

on given by a listener to the original utterance and it is important to know



the statistics of such distortions.Thus the SFSA are a proper tool for repres-
enting the possible patierns of a given utterance. Their implementations and
their learning are also feasible because the segnents considered are short in

time and thelr p

Ible patterns are described by a concatenation of few symbols
belonging to a very small vocabulary.

Two operations are performed at the syllabic level, namely hypothe-
sis emission and verification,

At the beginning of the understanding, the segnenter represents the

spoken sentence as a continuous sequence of PSSs. This sequence the first

segmentation hypothesis. Then for the voiced portions of each PSS, the most
likely formants are extracted and a description is generated. The descriptions
are processed under the control of a grammar of speech and are translated
into possible phonetic transcriptions, with associated the probability P(Sj/n')
that the syllable Sj corresponds to Q| , the I-ih segnent of the spectrogram of
the spoken sentence,

The grammar of speech is a stochastic grammar representing the
possitle patterns for each coarticulation instance, corresponding to the concat-
enations of elemental fragments generated by the segnentation grammar.

The starting symbol of the grammar of speech is PSS; the terminal
alphabet contains all the symbols with which the descriptions are made; the non—
terminal alphabet contains all the possible concatenations of phonemes for which
coarticulation affects the formant patterns even after the descriplion approxim=-
ations. The non-terminal alphabet contains also the symbols emitted by the au-
xiliary units preceding each SFSA, and acting as iranslators of the_descript-
ions made of symbols, atiributes and probabilities into Eymboll and probabilit-
les, provided that some relations hold between the atiributes. Finally , the
productions of the grammar of speech are right-linear stochastic rewriting
rules, derivable from the SFSA inferred by the procedure that will be presen—
ted in the next paragraph.

The operations of hypothesis emission and verification contain hyp~

othasis evaluation as a comnonent: thus this operation will be described first.

Speaker
dependent
modifiers
texical
modifiers
i Stochastic
?e“r'mmn Finite-state
-—a‘“_" ""0'7"'" S, Automaton
for syllable
S
i

Fla,/9;) Plg, /S )

(]
I S —
Algorithm | __P(S)
| ASP i

fo—ee (g )
il

P(sj/a. )
'

Fig. | - Scheme for hypothes

Hypothegls evaluation

Hypothesis evaluation is performed with a procedure whose block
diagram is shown in fig. 1,

When a syllable or a coarticulation segment is hypothesized on a
certain portion of the specirogram, the SFSA of that segment and the correspo-
nding description translator are built up from the grammar of speech.

This operation is simple and fast due 1o the straightforward relat-
ions between the productions and the automata. The syllable description is
processed by the description translator (DT). The DT iranslates a primitive
form, with its atiributes to describe correctly some formant evolutions, into a
symbol and ils associated probability. The symbol is emitled only if some con-
ditions on the attributes are verified. These conditions are stored for a talker
and a typical lexical position of the segment and can be modified by some speg
her dependent modifiers, acling mainly on the formant loci for the stable-zones
constraints, In addition, some lexical-dependent modifiers, acting mainly on
the durations , change the consiraints in accordance with the stress of the
segment. The design of such modifiers that also involves the knowledge of

probability distributions is actually limited to spectral loci and the influence of
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the stress on the durations, pitch and amplitudes. A lot of investigations are
still to be done for characterizing the individual influence on formant evolution
and loci for syllables embedded in continuous speech and the approach followed
here should be considered a first approximation. The input to the OT is the

description d“ The output of the DT is a string 9“ of symbols without at-
tributes obtained from d“ which is a string of symbols with attributes, toge—

ther with g the probability P(d“/gn) is obtained. Finally, the g, 's

i

processed by the SFSA and, if the s, is recognized, the probability

P(g,I/SA) is given. All the obtained probabilities are processed by the follo~
' ]

wing algorithm ASP, that gives P(Sj/ul).

Algorithm ASP
Remembering that the syllable SJ is the union of all the descrip—

tions recognized by the SFSA, i.e :
Kj )
S = (3)

i Hl e

where G [g‘ ’ 92 2 eeey gk b eeey 'k,) is the set of all the descriptions
recognized by the SFSA of the syllable $j

; the following relation can be

written : ]
k | P(q‘)

- —_— 4

P@/S) k§_‘ Pla/g) ws,) (a)

Combining (3) and the following relation:

oy} Hgos)

wE) " Eey L tPE/ ) i
one gets :
W
Pla/s) - 3 eeye) P /s) )
k=1
where P(gi £ Sj) can be obtained at the output of the SFSA when gi are
recognized,
Let now :

-ld", LR ¢|'I}

be the set of the possible descriptions of the spectral segment nl and

s )
O {"il""m""" k|M ]Co

the subset of descriptions of u' transiated by the DT of the syllable SJ Into

gi . Let M bo Iheir number.
Lel O be the set of all the possible descriptionsthat can be tran—

slated into 9 3 le( Nk, be their number. As the descriptions are disjoint ele~

ments one can write:

N
. kj s
iy i
P, /o)) E' Pl /dl ) a7 gl )
but:
. etd /o) Ple)
Ple, /o) ) —HO_L——L_ (8)
Plg )
n
The dnlcrlpuon. obtained by 9 must belong 1o the set D and those
that are mapped into gk and are obtained by n must belong to D‘ H lhul

(7) reduces to:

;P(d /9 ) Pla )

PR /gay —md 1 gl g
LD o) P ! B )

wh-rn the P(d /9:‘) are learned with the SFSA of the syllable S‘ and  the

P(d /u I) are obuimd from the descriptor.

Using the rel

ons obtained se far, the evaluation of the hypothesis
that the syllable S‘, is the trascription of the portion 9| of the specirogram,
can be computed as follows :

P2 /s ) P(S )
P(U )

P(s‘./ul)-
(10)
(s ) LY ( / ) Z ._ili)_ o j

- P(S, Plg /S
i Z 4" ot P(aj G klm/‘ﬁ(,

In practice, it is expected that often only one descriptien d“ Is
1
recognized and translated by the OT into a 9“ that is recognized by the SFSA;

in this case the hypothesis is simply evaluated as follows :



Pla, /s, ) P(g”/sj) (11)

P(d /e )
2 it
P - Pls ) —i—L-
(Sj/n') (SJ) P(d”)
where the three conditional probabilities are given respectively at the oulputs
of the descripior, the DT and the SFSA,
Let the description d“ be recognized as PSSs S'. Sz, sww Sj. oo

...,sw . The probabllity P(d”):nn be computed as follows :

Plg,,) -P(a"/s')p(s‘h op(a“/sl)p(s‘)' vion B

tP(d“/Sw)P(Sw) (12)

because Sl. 52, e ey Sj, are disjoint sels.

Each addend in (12) is obtained from the a-priori knowledge of the

eesy S
w
system,as follows :
F‘(au/sj)P(S,) -P(S‘./q')P(d“) -

- P(d“/ﬂ“j)P(gu/Sj) P(S)) (13)

The probabilities in (13) are the a-priori informations that need to
be iearned. There are several possibleapproximations for P(d“/ g”) that corre—
spond to different reductions in the computation of (11) and (12),

The simplest approximation consists in considering F(d“/gij) indep~
ondent from |, A better approximation, that seems to be very realistic, consists
in considering the probability of an atiribute of d" uniform over the range al-
lowed for this attribute, in order to iranslate d“ into g” . Inthis case, onc
need learn only the intervals allowed for the atiributes of d“ . Finally, the
exact distributions of the attributes of d“ over the allowed intervals of the DT
could be learned and used to compute p(d”/gij). This last approach would re—
quire a very large number of experiments, probably without greatly improving

the system performances,

Emission of hypoth S

When a PSS has been described, its description is processed in

order to decide whether or not it belongs to the llnéulgt generated by ihn
grammar of speech., The grammar of speech is ambiguous because a description
can be generated by many syllables; thus it may be recognized by differer.
SFSAs.This is one of the reasons why the linguistic approach previously foli-
owed / 3 ] has been extended now to the field of stochastic grammars. In pra=
ctice, it is time-consuming to try to find If the description of a PSS is recog-
nized by any among all the SFSAs of the grammar of speech. For this reason,
the PSS description is preprocessed by the FSAs shown in fig. 2. The outputs
of these automata define the sub-set of SFSAs thal may accept the unknown ,
description,

Only this subsetl is used to process the input description; the
syllable corresponding to those SFSAs that accept the description with an as-
sociated probability is emitied ashypothesis of the syllabic level, The set of
probabilities emitted by the SFSAs, allows one to compute the total probability
that the description belongs to the language generated by the grammar  of
speech.

From the PSS description, a first formant description (FFD), a

secor.d formant description (SFD) and the amplitude description (A1A2DES) ,

are extracied and proce: d separately.

The automata of fig. 2 are determinisiic,

The first automa‘on (FBA: front-back automaton) processes FFD ,
recognizes if there is one or two vowels in the PSS and if they are front (F)
or back (B).

The second automaton (HMLA: high, middle, low automaton) recog-
nizes if the vowels are high (H), middle (M) or low (L).

The third automaton recognizes if the consonant between the vowe-
Is is nasal (N), voiced stop or fricative (VSF), liquid or glide (LG), or other
(O). The automaton may recognize more than one of such classes because of
the ambiguity of the consonant segment or of the presence of two consonants.

Such automata are learned without problbilillol'uling the same
procedure presented in the successive paragraph.

Verification of hypoth

When an hypothesis about a syllable Sj has to be verified on a
certain portion of the description,

=

the description is processed by SFSA of

; If a portion of the description is recognized, the recognition probability
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is emilted as a measure of the verification.

Otherwise, possible insertions, omissions or substitutions on the
description are considsred in order to recognize the syllable.
The description modifications are then verified in the spectral da-

ta base and if they are found possibletheir probabilitie e computed and the

-sel of modifications which make the highest probabilily of recognition of the

syllable is accepted, The corresponding probability is"assumed 1o be the

measure of the verification. If these modifications alter the previous segmen—

tation, new hypotheses are generated at the syllabic level.

If some of the description modifications are found 10 be inconsistent
with the speciral data base, a loss function is compuled that increases with
the units of information of the events that are nol received at the proper time
by the SFSA, If many solutions are possible, the one corresponding to the mi-

nimal loss is chosen,

Learning of syilabic features

Learning Is accomplished through the construction of a stochastic

finite-sta

automaton for a finite set of stochastic sirings of symbols descri-
ving the same syllable /8 /.

Every string with probability of being different from zero is gene-
rated by the grammar associated with the automaton, while none of the other
strings can be generated.

The samples of information are presented sequentially to the infe-
rence machine, which determines a siochastic finite-state automaton after the
t-th observation on the basis of the t-th sample and of the automaton generated
after the (1-1)-th observation.

The probability of generation assoclated with each string is obtal=
ned by the relative frequency of occurrence and is approached as! approaches

infinite,
The learning system is based on an Iinteractive procedure with a

human trainer. The teacher checks for the correspondence of the siring to an
acceptable phonetic description of a given syllable and decides if it must or
must not be learned by the inference machine.

He can be helped to decide by listening to the synth

s of the sil=
lable obtained with the phonetic description paramelers,

The stochastic finite-state automaton satisfies two conditions: it is
unambiguous and it has the minimal number of states. A straighiforward proce-
dure gencrates from it a right-linear grammar with a minimal number of non
terminal symbols,

The grammar inferred can be continuously updated during recogni-
tion by adding new stales and transitions to the SFSA if a configuration is not
recognized, or by refining the probabilily assignments if the configuration is
recognized. The SUS can in this way update continuously its knowledge. A me-
asurement of the stability of this knowledge is obtained considering a syliable
as an information source; the possible speciral configurations of the syllable
are the messages emitted by the source. As the probabilily of each message

can be obtained by the SFSA, the entropy of the source can be measured in



different moments of the learning. When the entropy remains quasi-stationary
after a large enough number of experiments and no new configurations are
learned, a good degree of knowledge has been reached.

The learning of syllable confi gurations is performed in accordance
with the theory of mechanical inference of SFSAs /7/. The following aspects
clarify why the learning of syllabic featlures is practically feasible and do not
require a large amount of memory and computation.

1) The strings to be learned have a limited length. Neither recursion nor ccn=-
catenations of the same symbol can be present.

2)

3)

The terminal alphabet has few symbols.
The syllable patterns should respect the phonetic structure of the syllable.
Thus the variety of descriptions accepted by a syllable automaton canriot be
very large,even if the number of patterns can be very large. In fact each
line can be generaled by concatenation of elemental arcs connecting two
points and the number of such arcs can be largely variable.

A detailed deccription of the inference procedure is described in
another paper [ 8] and is only summarized in the following.

Let F‘S (n) be the SFSA of the syllable S‘, after n samples have
been learned. L et r‘(n) be the corresponding non-stochaslic automaton,Beca-
use of the absence of recursions in r‘(n) it is easy 1o consiruct a correspon-
ding regular expression R'(n). Let I(n+1) be the information to be learned

because it is not recognized by rj(n). A new regular expression:

Rlne1) = R'(n) + 1(ne 1)
is consldered and the new automaton [ ‘(m 1) is constructed,considering the
derivatives of R"(nq!) with respect 1o all the first symbols, the derivatives of
the derivatives with respect 1o their first symbols and so on.Thenthe probability
distribution on the automalton is computed. This operation is performed easily,
because for each transition in the stored automaton the total number of times
this transition has been executed is stored with the transition itself, The oc-
currencies of the transitions in the new automaton are computed from the kno—
ledge of the old ones.

The state minimization problem is simplified by the fact that no re~
cursions are allowed. Thus all the slates from which the same final state is
reached,with the same strings of length 1 and with the same probability,are
equivalent and can be merged. This consideration can be extended to merge the
states from which the same state is reached with same strings with the same
probability .

' With the above considerations, the research of equivalent states
can be performed sequentially, going from the final state back to the Initial
one considering tails of strings of increasing length. Fig. 4 shows the automa-
ton of the pseudo-syllable "umA "', the operation of the corrisponding iransla=-
tor s summarized in table AT,

When the automaton corresponding to a given PSS has been lear-
ned an algoriihm described in [8] is applied to check if the considered PSS
can be subdivided into acoustically Independent units, Furlhermore,mony auto-
mata, corresponding to syllables whose phonemes differ for few distinctive fea-
tures, have considerable portions in common (e. g. the formant amplitude patte~
rn). These automata can be reduced to a single one where some translations or
trans.tions are valid only for some syl!lables. The structure of the source kno-
wledge at the phonetic level is characterized by stochastic rules that will be
refined dur .ng learning when more insight in the properties of the auditory pat-
terns is gained. Finally, the stochastic rules partially refer to different
pcssibilities of articulation and partially to the noise iniroduced by the algor-
ithvns that transforms the speech waveform into auditory patterns, The noise
effects are probably independent from the particular syllable compositions and
could be characterized by a single grammar induced by error trasformations

using an algorithm proposed by Fung and Fu [9] 5

The lexical, semantic and syntactic levels
These levels have been conceived In a simple way and will be
described brietly. The protocol used so far was Introduced only for experimen
tal purpose and refers to an automated reservation and information system for
travels. The vocabulary is actually of about 200 words and the syntax and
semantics are described by simple networks, The semantic network contains
a small set of key words for each node and Issues the main requests for hypo-

thesis verification,
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The lexicon contalns a stochastic finite state automaton for the
root of each word, corresponding to the different ways the word can be prong
unced. The probablility assignment Is strongly dependent on the speaker and
his dialect; the possibilities for each word are few because the Itallan Languace
does not allow a large variety of reallzations.

The different pronunclations taken Into account refer to utterances
that are perceived as clearly different during the learning of such rules,
Problems of alterations in word concatenation are also very limited in the
Italian Language.

The syntactic network refines the hypotheses in order 1o creale
or recognize a sequence of words that Is grammatically correct, Furthermore,
a stochastic automaton, that is learned by experiments, qives the probability
of having a certain description of the pltch contour, given a syntactic form,

The hypotesis about a sentence is evaluated by the probability of
that sentence, given the spectrogram and the pltch contour. If the sentence does
not match the spectrogram or the pitch contour, a general loss functlion is eva-
luated, proportional to the information carried by the components of the senten
ce that are not matched. Generallzing such approach requires an evaluation of
the information carried by the various elements of a spoken sentence; the pro-
bability of such clements (syllables, words, phrases) depends on the contexi,

The likelihood function and the loss functlons are the main factors
on which the control strategy is based. Given a certain knowledge about a
spoken sentence and a set of syllables detected with a proper probablility, the
hypotheses to be verified first are those corresponding to the maximum like-

i1hood and/or tho minimum loss among the possiblities that are semantically
and syntactically correct, A successful verlification of an hypothesis can
alter the segmentation and the set of detected syllables on which the choice

of the successive verification is based.

Conclusion

A project for SUS has been presented. Some methods have been
Introduced for evaluating rigorously an hypothesis made on a spectirogram or
on a pltch contour.

It became evident that a lot of experimental work has to be done in
learning spectral and prosodic features and in correlating them with the stru
cture of the language. A tool for this purpose has been provided.

A sistematic application of the proposed algorithm for mechani—
cal Inference will help In investigatling how the syllabic features can vary for
a single speaker, how they are affected by the context and in which cases they
can be subdivided Into shorter segments Indipendent each other or when
segments larger than syllables have to be considered as units for speech
understanding.in fact the elements of a description, that correspond to primi
tive spectral forms, have a probabllity that depends on the previous elements
Iike In a Markov process, but it is not known how many should be these previ-
ous elements,

Certainly a special purpose hardware able to allow a parallelism
of many simple operations will be suitable for carrying enough experiments and
reaching an acceptable degree of learning. it is hoped that the development
of speech understanding systems wiil help In conceiving and check models or

theorles on human speech perception,
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Appendix 1

This appendix presents an example of the evaluation of a syllabic

hypothesis. Fig. 3 contains the frequency and amplitude patterns of the PSS
*unaA® belonging to the spoken sentcrice: vorrei prenotare una vettura (I would
tike to rent a car). The phonetic transcriptions are made by hand on the pictu-
res and have becn deduced by the patlerns of the time evolution of the para-
meters. In fact, time flows according with the arrows in the pictures, bu! the
durations cannot be read from the drawings. The amplitudes are in base-two
logarithmic scale and are normalized with respect 10 a reference Ao' The pic-
ture shows also the slope-code. Lines have two parameters: duration in hun=
dreds of microseconds and lengths in hertz for frequencies and conventional
logarithmic units for amplitudes.

The stable zones are represented with a symbol S and three para-

melers: the duration, and the coordinates of gravity centers with the same

0 100 200 msec
u n A

Fig. 3a - Formants of the syllable‘um\'

units used for lengths.
The description d' of the syllable is :
FIF20 : S(6, 500, 700) o (4, 430) | (5, 420)
s(6, 700, 1300) pla, 410)

A1A2D :  S(7, 1.5, 1.4) r (5,0.5) n (3, O.9) I (2, O.4)
S(s, 1.8, 2,0)

F3IF4D : S(e, 2250, O) « S(6, 1800, 3200) = S(11, 2400, O)

A3ALD S(8, 0.8, O)*s(6, 0. 085, 0.08)°

Ss(11, 1,2, O)

The formants have been extracted with linear prediction and have
probability | (non alternative paths were possible).

The description translator (DT) for the syllable S’ = UnA opera-
tes according with table A1, where le is for length, d for duration, bI and bz
are respectively the first and second gravity center coordinates for the stable

zone, the probabilities are assumed to be 1 for sake of simplicity.

Table Al

Symbol of the
output description

A S

Symbol of the

Constraints
input description

(Jootb“eoo 4 bzﬁsoo)

(500£b'£1900 i 1200£b, = 1800)
(20005b|s 2300; b, = o)

(b'» 2300; b, = o)

(1500%b £ 2200 ; 2800%b, = 3500)
(b|s 400 ; IZOO‘bzﬁlSOOI

(b'zl,h i by 2 1,2)

(D'ZO,S iby = o)

(byco.1; b,< o.1)

(by21; by<O. 7)

(e 2 200)

(1e 2 200)

T O 00 uononaenon

m (le 2 200)
c (le = 2CO)
r (0.341e k1)
n (0.3%1061)
! (0.3%1e£1)

Q (0.341e41)
.
The description coming out from the translator Is :

*C 4 W DOsSPDVDZICMXTATMOOD

9] = ACQBPKRSTKC:E:DLM-L

The SFSA for this syllable is represented by the diagram of fig. 4,

On the basis of that grammar, the input syllable G Is recognized with a proba-

Litity :
Rls) / s)-0.02.
F2 (KHz)

18

13

08

F1(<(H2)
9 02 04 06 08

Fig. 3 - Paramelric represenitation of F' and Fi
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Fig. 3c - Formani amplitudes of the syllable "una "

ta, Av/a,
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Fig. 3 - Parametricrepresentation of A’ A.
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Fig. 3d - Parametric representation of A' Az

slope code
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Flg. 4 - SFSA of the syllable " una',
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