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ABSTRACT natural-sounding gech is paraount [5]. In the areas of spch
recognition and understanding in spite of the potential benefits

This paper describes the development of three alternatisom prosodic information its involvement up until now there has

techniques for the classification of syllable stress in fluent speecheen limited [1]. Syllable stress can be useful in facilitating

They are based on: (1) neural networks that use contextul@xical access inisolated word recognition systems. It is estimated
syllabic information, (2) first and second order Markov chains thathat 75% of content words begin with a strong syllable and lack of
depend on a new dynamic vector quantization approach, and (3gcent is a reliable indication of a function or repeated word [6].

rule-based approach. Both the neural network and the statisticairess also indicates new information in dialog sentences. In
approach achieved performance above 80%, with the neurBloneme recognition stress classification can be useful for
networks slightly outperforming the Markov models. identifying vowel phonemes that are moaccurately and

Experimental results also show that stress classification cougPnsistently articulated, in other words stressed, and which are
enhance speech recognition. unlikely to be missed or substituted by the recognition system.

1 INTRODUCTION The acoustic correlates of stress that can be objectively measured
' are (1) the signal intensity, which corresponds to the effort exerted
As the demand for more advanced speech recognition applicatiofﬂgr('jng spt_aech pgugtlct)rr:, (Z)Ilthtfl fudnda?]entallzfre?huerii/ (FO)_and
increases, there is strong motivation for providing additionafS dynamics, and (3) the syllable duration. For the latter, primary
information, such as from the suprasegmental level, to speeaﬁ‘d secondary-stressed sylla_lbles are anger than thpse with no
processing systems. Extracting that information from continuoudress- In a syllable, durational variations are carried by the

speech, utilizing it effectively and measuring its contributionsvowels’ while the consonants are more duration invariant [7].

could be important for new challenging applications currentlygy asq jevels cannot be expressed in terms of fixed feature values
under consideration, including the recognition of spontaneous; are realized by combinations of relative changes of different

speech, extracting the meaning of spoken messages and ustic features of speech. In this work, the features used for
processing of fluent dialogs. stress classification are listed in Table 1, and nucleus denotes the

Prosody is such information, usually associated with higher IevePéOWEI part of the syllable.

of linguistic processing and it provides significant additiongat
details about the sgch signal and the knowledge it conveys, such

Features used for classification

as word meaning, intonation, rhythm, emotional state, attitudinal peak-to-peak amplitude integral over syllable nucleus (f1)
state and speaking rate [1]. Prosody encompasses e energy mean over nucleus (12)
suprasegmental phenomena of speech that extend over regiens -

larger than the underlying consonants and vowels [2]. Prosody is nucleus duration (f3)

perceived by changes in pitch, loudness and segment length|[3]. syllable duration (f4)

A principal component of prosodic structure is stress pr
prominence. The underlying temporal structure &esp can be
defined in terms of syllables, and therefore syllable stress|or mean pitch over nucleus (f6)
prominence conveys important prosodic information about a
sentence.

maximum pitch over nucleus (f5)

Table 1: Features used for syllable stress classification

Syllable stress results from a stronger force that gives syllablésx@mination of the means and variances of the used syllable
more prominence [4]. While there are several stress types g;atures_ indicated that while some features had good spatlal_
levels which have been considered elsewhere, in this work thré§Paration, others were closely located. Because syllable stress is
types of stress were used: primary, secondary or zero stre€s/elative quantity, context was used to provide the additional
Primary stress (PS) is assigned to most prominent (strongé formation required for classification, by including syllables prior

syllables or syllables that carry the rhythmic beat of a spokel? the one under consideration.

sentence. ~ Secondary stress (SS).iS assigned 1o any remairgr}% speech material used for this work came from the TIMIT
strong syllgt;lesilbut W_e‘i"‘ef tTf‘EIpr'mary' Zero or no stress (N ?)eech database and it comprised twelve female and twenty four
IS assigned fo all remaining syllables. male speakers from dialect 1, each uttering eight different

Syllable stress is extremely useful in speech processing. MoSgntences. The formation of the syllables was facilitated by the
pioneering work in utilizing stress has been in the area of text-tg2"onemic transcription of the spoken text and by the markings

speech synthesis, where the need fadpcing intelligible and provided in this fully annotated corpus. For the development of
the reference material, two expert listeners independently



identified each syllable according to each of the PS, SS, Nfsults with this type of classifier were obtained for contexts 1-0
classes. This subjective perceptual classification resulted &nd 2-0, and they are shown in Table 2, for the different hidden
82.5% overall agreement between the two evaluators, 92.5%yer sizes and training enhancements used.

agreement in Stress/No-stress classification, and 89% agreement
in the PS/NS task. Conflicts were resolved in a common Iistening_ontext Method| Data Set | Overall Primary | Secondary| Zero
session. idden layer size Rate Stress | Stress Stress
1-0, adap33, biased 82.0¢ 84.83 68.69 85.p2
In order to gauge performance for new speakers and n¥p and 7 unbiaseq 84.24) 88.96] 70.48 86.84
sentences, biased and unbiased testing sets were formed. |TH& adap55, biased | 820§ 8483  68.69 85.p2
biased set consisted of new syllables from speakers and sentepk@gnd 7 unbiased 8458 88.34] 71.43 86.D6
used for training. The unbiased set contained syllables frgdi0 2dap33, biased | 81.68 8690  69.70 83.116
sentences and speakers not seen before. 13 and 10 unbiased 84.24 87.73 72.38 86.54
2-0, adap55, biased 81.87 87.59 70.71 82.82

Table 2: Best neural network test set recognition rates (%) for the
Three different approaches were developed in order to address #lpspeaker group and two stress classes.

automatic syllable stress classification problem: a connectionist

approach, a stochastic approach, and a rule-based approach. $op Probabilistic Classification
the first two methods the values of the extracted syllable features

were normalized in the [-1, +1] range. Speech mduction has been scessfully modeled as a stochastic
. process, and the hidden Markov model is a powerful technique
2.1. Neural Network Classification used for speech recognition. There are many similarities with the

task of syllable stress classification where probabilities of left-to-
Syllable stress classification depends on context. In neurgight state transitions must be determined and no recursions are
networks under supervised learning, recurrent architecturgsermitted. The difference in this case is that syllabification is
include context temporally, while feedforward architecture camlready provided and thus the need for hidden states does not
include it spatially . In a previous study both types of networksirise. As a result, in this work Markov chains were used to model
were examined but best results were obtained with thetress in continuous epch. The system training ammted to

feedforward network and was therefore chosen for a completecifying the number of states and determining the state
investigation of this classification problem [8]. The standardransition probability matrix [9].

sigmoidal activation function was employed. Training was

implemented using a fast version of backpropagation with twdhe feature space was discretized in 32 or 64 vectors. bGokie

additional enhancements to further speed up training. They wegesign was based on the Euclidean distance metric and the basic

“adapt33”, which initially updated the network weight valuesISODATA algorithm [10]. Both supervised and unsupervised

every 3 examples and then increased this update size by 3 evégsign approaches were examined. In the supervised case, the

twenty epochs, and “adapt55” which worked the same way but aportions of the codebook were reserveddach stress class, with

5 examples. a 30-20-50 split for the PS, SS, NS classes respectively.
However, no performance benefits were gained from this method

The feedforward network consisted of input, hidden and outp§ver an unsupervised codebook design, which was finally
layers, and best results were obtained with two hidden layergdopted.

whose sizes were empirically determined. The output layer had
three neurons; one for each stress type. fipetilayer size was a Every syllablen is part of a spoken sentence consisting of
multiple of the number of signal features used (i.e., six). syllables 1 (first syllable) to N (last syllable), and it is
characterized by a feature vectpr= {fn1, T2, faz s fos Taete In
Syllable context was involved by including up to threethe codebook design process every syllable feature vector was
neighboring syllables, as represented by their correspondingssigned to a vectds, {k=1,..., K}, with K = 32 or 64. Syllable
features in network development and testing. This way, a numbgpntext 1-0 was modeled in a first order Markov chain with state
of input syllable configurations were tested ranging from thes being the past syllable and st&e representing the present

syllable in question and three syllables before it (context 3-Okyllable. This way, the transition probability from the past to the
making a total of four input syllables, to one syllable before ityresent state can be written as:

(context 1-0), for a total of two input syllables. For reasons of
economy in computation, smaller input configurations were pr(s2 = (k,, j)) = p.(@ = (k, j} $= (K—l»:
favored over larger ones which were discarded if no improvement

was provided. wherej = {0, 1, 2} and it is the stress type (NS, SS, PS). The state

For all neural architectures tested, classification of secondafj2nsition matrix had the form:
stress in the three stress classes problem failed. However, when

the overall performance rate was computed it exceeded 70%.

Performance of the biased set was better than the unbiased set.

The two stress type (Stress/No-stress) situation was also tested by

considering PS and SS as a single stressed class. The final best



S =(k, i) Codebook Index | Data Set | Overall | Primary | Secondary | Zero
10 11 12 « K,0 K. 1K, 2 Tie Method : Rate Stress Stress Stress
10 0 25 train 88.73 8828 76.32 9275
: g 0 default biased 78.13 77.93 61.62 83.85
S_L - ( K‘I—l) 0 0 unl_.uased 80.34 78.53 64.76 86.34
K+1 O g 25 train 88.66 88.28 76.32 92.62
=] enhanced biased 78.13 77.93 6162 83.85

unbiased | 80.34 79.14 . X
Vecto_r K+1 represen_t(_e(_j the default for syllable at n = 0, {33 train 88.02 gzéz 32;; gg,gﬁ
undefined sentence-initial context. Syllable context 2-0 ' | default biased 77.76 77.93 56.57 84.88
modeled in a second order Markov chain with s@teand S, unbiased | 77.12 77.30 57.14 83.54
representing the past syllables and stajeb&ng the presen |33 train 88.02 | 86.62 76.54 | 92.21
syllable. In this case, the transition probability can be written ¢ enhanced biased 77.57 77.93 56.57 84.54
unbiased | 77.29 7791 58.10 83.23

Pl'(Ss, = (ij)): P'(53: kn }52= kh-1)51= (- 2)' Table 2: Recognition rates (%) for all speakers, two stress
By combining states this model was reduced to a first o ¢lasses, context 1-0 using codebooks of size 32.
Markov chain and the corresponding state transition matrix we

$ =(k,in)
10 11 12 - K,0 K,1K,2

11 0 |
. O O
' D D . .

1K+l 0 B 2.3. Rule-based Classification

S = (k-2.kn-2) O O

K+11 B .S This study was completed with the development of a rule-based

: 0 0 classifier for the classification for contexts 1-0 and 2-0. The first
K+1K+1 % _H step in the method used for generating rules was to measure stress

. ) classification performance in the absence of context. This was
whereS, andS, merged into a new, and news, is same as the  qone py testing if any of the features used were sentence maxima
original stateSs. or minima as in [11], and then automatically assigning them to be

During testing, two problems had to be overcome. One probleI;?]rimary stressed (stressed for two stress classes) or zero stressed

was the resolution of ties in the state transition matrix for which 5espect|vely. For the complete training set, it was found that

default and an enhanced method were used. The first used rﬂélables had at least two maxima and minima in their feat!”e
vector. No syllable feature vectors contained both three maxima

{NS, PS, SS} ordered list of preferences, with no stress being th d th T thi th llest b I din th
most frequently occurring and secondary stress being the leddpd three minima, so this was the smalflest number aflowed in the
signment of stress. This approach was moderately effective in

likely to occur. The second method selected the stress ty| lassificati ith best Its obtained f ¢ d
according to the type that occurred most often during training, fclf ress classiiication, wi est results obtained for zero stress an

that codebook vector. The other problem was caused from t Q" the unbiased data set.
zero entries in the transition matrices which resulted from certaiaphe remaining step for rule generation was to meaningfully

syllable sequences not being seen during training . In this casey)de the context. This was achieved by resetting all context
scheme for alternative assignment of state transitions Wagaures f, to be the difference between their corresponding

deVelOPed, which Shlﬁ:ed states in the transition maFrix, in turn%y”ame featuresyll(fi), and the original context featurtﬂ)nt,m(fi),
according to the distance that had to be covered in the featusg ¢5ows:

space by each attempted shift. Stress type was then decided based
on the new transition that was assigned, which was closest to the cont,en(fi) = sylf i) — contyy(f )
original and had occurred at least once during training. '

Th i f d i for this classif Iso | A statistical analysis of these context 1-0 and 2-0 differenced
€ recognition of secondary stress for this classilier was also 00y res was performed for both the female and male speaker
but quite better than for the neural networks. Performance of tl

biased set better than th biased set f t aining sets on the basis of the stress class type of their
lased set was Detler than the unblased set for separate speq ?Fesponding syllablsyll. Examination of the means revealed
genders. Best recognition results for Stress/No-streig

N ; ~“good separability between the three stress classes for both of the
classification were obtained for context 1-0 and codebook of si P Y

32 as shown in Table 2. Codebook index denotes the method o?nteXt differenced means, particularly 1-0, for most features.
selecting every 2% or 33° training syllable for the initial By using the context differenced feature means, thresholds were
assignment of centroid vectors at the start of the iterativg|located to each feature to determine whether it was likely to be
codebook design process. Classification success during trainingg§sociated with a syllable of a specific stress class type. First, for
also included for reference. each feature and context type, the smallest primary stress mean
and the largest secondary stress mean in the two training sets were
chosen. Then, the thresholds for the primary stress class, for both
contexts considered, were calculated by taking the average of



these two values. Similarly, for each feature and context type, the 4. SUMMARY

smallest secondary stress mean and the largest zero stress mean in

the two training sets were chosen and then averaged togetherfigis paper presented two new stress classification methods. The

get the thresholds for the secondary stress class, for both contefi#st was based on neural networks and it achieved performances

considered. of 81-84%. The second was a Markov chain which achieved
L erformances between 78-80%. These were contrasted with a

For the two stress class situation two types of thresholds we

- i - 0,
calculated. The type 1 thresholds were simply a copy of th Gle-based system which had performances of 67-75%. In a

. Eontinuous speech recognition system vowels classified as
associated context and feature secondary stress thresholds, si ssed, using the developed techniques, could be correctly

the stressed class was comprised of both the primary aMfentified 70% more often that those marked as unstressed. This
secondary stress classes. On the other hand, the_ type 2 thresh %rmation could be used to enhance speech recognition.
were the computed average between the associated context an

feature primary and secondary stress thresholds. Acknowledgment
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