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ABSTRACT models for both the subword units maximizing the likeli-

State-of-the-art ASR systems typically use phoneme as thehOOd (.)f the F“’““'T‘g data. During recognition, we perform
. . ) . decoding using either one or both the subword units. This
subword units. In this paper, we investigate a system where

i . ; system is similar to factorial HMMs [4], where there are
the word models are defined in-terms of two different sub- . : T
o ; several chains of states as opposed to a single chain in stan-
word units, i.e., phonemes and graphemes. We train models

. . .~ “dard HMMs. Each chain has its own states and dynamics;
for both the subword units, and then perform decoding using but the observation at anv time depends uoon the current
either both or just one subword unit. We have studied this y b P

svstem for American Enalish lanauade where there is Weakstate in all the chains. One of the first attempts in this direc-
y g guag tion has focussed upon dividing the states itself into chains
correspondence between the grapheme and phoneme. Tt}e

. . .. _for task such as phoneme recognition, which did not yield
results from our studies show that there is good potential in .~ . o
. - . significant results [5]. In our case instead of dividing states
using grapheme as auxiliary subword units.

representing the same subword units into chains, there are
two chains corresponding to each of the subword units.
1. INTRODUCTION In literature, good results have been reported using graph-

emes as subword units [6]. The main advantage of using
State-of-the-art HMM-based ASR systems made}, X), graphemes is that the word models could be defined easily

the evolution of the hidden space= {q1, - , gn, - qn} (orthographic transcription) and it is relatively “noise free”
and the observed feature spaXe= {1, -, zn, - zn} as compared to word models based upon phoneme units, for
over time framel, - - - , N [1]. The states represent the sub- ¢ 4 the word”OW can be pronounced as /k/ /ol v/ or /k/

word units (typically, phonemes) which describe the word /53¢ jy/; but the grapheme-based representation remains as
model. The feature vectors are typically der.|ved from the C][O][W]. At the same time, there are drawbacks in using
smoothed spectral envelope of the speech signal. In recengraphemes too, such as, there is a weak correspondence be-
studies, it has been proposed that modelling the evolution ofyyeen the graphemes and the phonemes in languages such
auxiliary informationZ, = {ly,--- ,l,,---In} along with 55 English, e.g., the grapherf@ in the case of the word

Q and X (i.e. p(Q, X, L) instead ofp(Q, X)) could im- & A7 associates itself to phoneme /k/, where as, in the case
prove the performance of ASR [2]. The auxiliary informa- - of the wordC' HU RCH it associates itself to phoneme /C/.
tion that were mainly investigated in the past are the ad- pyrthermore, the acoustic feature vectors typically depict
d!tlonal features obtalped from the speech signal such asne characteristics of phonemes. In [6], this problem was
pitch frequency, short-time energy, rate-of-speech etc [3]. In h5ndled by using a decision tree based, graphemic acous-
these studies, the auxiliary information has been observedi: sybword units with phonetic questions. This, however,
throughout the training similar t; but during recognition  makes the acoustic modelling process complex. As we will

it has been either observed or hidden. _ see in the later sections, the proposed system provides an
_ Inthis paper, we extend this strategy of modelling aux- easy approach to model relationship between two different
iliary information to model an information which is hidden  g;,pword units automatically from the data.

both during training and recognition similar ©. Basi- We study the proposed system in the framework of state-
cally, this system_could be seen as a system Whe_re Wordof-the-art hybrid HMM/ANN system [7], which provides
models are described by two different subword units, the g6 adgitional flexibility in modelling and estimation. In

phonemes and the grapherhe®uring training, we train Section 2, we briefly describe the system we are investigat-

1a written symbol that is used to represent speech. For e.g. alphabetdN- SeCtion 3 present; the experimental ?tUdieS- Finally in
in English language. Section 4, we summarize and conclude with future work.




2. MODELLING AUXILIARY INFORMATION

Standard ASR modejs(Q, X)? as

Z Hp xn“]n :

Q n=1

WhereQH S Q, Q: {17 aka"' aK}
Similarly for a system withl, as the hidden space we
model

Qn|% 1) (1)

N
Z H (znlln) - P(Lp|ln_1) 2
wherel,, € £, L={1,---,r,--- | R}.

In this paper, we are interested in modelling the evolu-
tion of two hidden space@ and L (instead of just one) and
the observed spack over time i.ep(Q, L, X). For such a
system, the forward recurrence can be written as:

a(n, k,’l‘): p(Qn =k, l,=m, xn)

K
= p(xn|Qn:k>ln:T) Z P(qn:kl(Jn—l :7/)
i=1

R
> Py =rllp1 =4) aln—1,i,5) (3)
j=1

assuming conditional independence betw@eand L given
Ty
The likelihood of the data can then be estimated as

4
Finally, the Viterbi decoding algorithm that gives the best
sequence in th€ and L spaces, can be written as

V(nv k, T) = p(xn‘QR =k, = T) HlaXP<Qn:k|Qn—l :i)

max P(l, =r|l,_1=7) V(n—1,4,5) (5)
J

In state-of-the-art ASR, the emission distribution could
be modelled by Gaussian Mixture Models (GMM) or Arti-
ficial Neural Network (ANN). In case of hybrid HMM/ANN

We are investigating the proposed system in the frame-
work of hybrid HMM/ANN ASR, where the emission distri-
butionp(x,|q, = k,1,, = r) could be estimated in different
ways, such as, we could train an MLP with x R output
units and estimate the scaled-likelihood as

P(Qn =k, l, = T|mn)
P(qn = k7ln :T)

Such a system, during training would automatically, model
the association between the subword unitQiand L. This
system has an added advantage that it could be reduced to a
single hidden variable system by marginalizing any one of
the hidden variables, yielding:

P(Tn|qn =k, 1, =1) _
p(zn)

)

p(Tnlgn =k) Zf:1 P(gn =kl = jlzn) ®)
p(zn) P(gn = k)

p(xpll, = 1) _ Zszl P(gn, =1,l, = r|xn) (9)
p(xy) P(l, =)

and using this scaled-likelihood estimate to decode accord-
ing to (1) or (2), respectively.

Yet another approach would be to assume independence
between the two hidden variables and estimating the scaled-
likelihood as following:

p(xn|qn = kvln = T)
p(xn)

_ Plgn = klzn) P(l = 7|zy)
~ Plgn=k)P(l, =1)
~ Dsi (xn‘QTL:k)pel (lnlln:T)(lo)

This would mean training two separate systems based upon
(1) and (2), estimating the scaled-likelihood as in (10) and
performing decoding according to (5).

3. EXPERIMENTAL SETUP AND STUDIES

The system proposed in Section 2 is applicable to any two
kinds of subword units, e.g., phonemes and graphemes or
phonemes and automatically derived subword units. Stan-
dard ASR, typically use phonemes as subword units. The
lexicon of an ASR contains the orthographic transcription

of the word and its phonetic transcription. During decoding,

standard ASR uses the phonetic transcription only, ignoring

ASR, during training a Multilayer Perceptron (MLP) is trainedthe orthographic transcription. In this paper, we are partic-

say, with K output units for system in (1). The likelihood

ularly interested in investigating the use of the orthographic

estimate is replaced by the scaled-likelihood estimate whichjnformation for automatic speech recognition.

is computed from the output of the MLP (posterior esti-

We use PhoneBook database for task-independent speaker-

mates) and priors of the output units (hand counting). For independent isolated word recognition [8]. The training set

instancep(x,|g,) in (1) is replaced by its scaled-likelihood
estimatep,; (x,|¢n), which is estimated as [7]:

P(qn ‘xn)
P(qn)

p(In |q”) _
p(xn)
2for all pathsQ, if path unknown

Dsi (xn|Qn) = (6)

consists of 5 hrs of isolated words spoken by different speak-
ers. The test set contains 8 different sets of 75 word vocab-
ulary. The words and speakers present in the training set, do
not appear in either validation set or test set [9].

The acoustic vectar,, is the MFCCs extracted from the
speech signal using a window of 25 ms with a shift of 8.3



ms. Cepstral mean subtraction and energy normalizationnetic feature values similar to the one used in [10, Chap-
are performed. At each time frame, 10 Mel frequency cep- ter 7]. Table 2 presents the different broad-phonetic-classes
stral coefficients (MFCCs); - - - c10, the first-order deriva-  that we have used and their corresponding values. It could
tives (delta) ofc - - - c19 (¢o is the energy coefficient) are  be seen from the table that the number of values for manner,
extracted, resulting in a 21 dimensional acoustic vector. All place and height broad-phonetic-classes are 10, 12, and 7,
the MLPs trained in our studies have the same 189 dimen-respectively. So, by collapsing the phonemes into a broad-
sion (4 frames of left and right context, each) input layer.  phonetic-class (many-to-one mapping) we could train a

There are 42 context-independent phonemes includinggrapheme-broad-phonetic-class system which models the re-
silence associated wit@, each modelled by a single emit- lation between the grapheme and the values of the broad-
ting state. We trained a phoneme baseline system via emphonetic-class. The mapping between the phonemes and the
bedded Viterbi training [7] and performed recognition using Vvalues of the broad-phonetic-class could be obtained from a
single pronunciation of each word. The performance of the International Phonetic Alphabet (IPA) chart
phoneme baseline system is given in Table 1.

There are 28 context-independent grapheme subword

units associated Witlf representing the 26 characters in  1aPle 2 Different broad-phonetic-classes and their val-

English, silence and- symbol present in the orthographic ues.
transcription of certain words in the lexicon. Similar to Broad-phonetic-clas$ Values
phonemeg gach of the grap.heme units are model[ed by a Manner vowel, approximant, nasal
smgle_ emitting state._ We_tra|_ne_d a grapheme baseline sys- stop, voiced stop,
t_em via embedded ylterb| training ano_l perform_ed_recognl- fricative, voiced fricative,
tion experiments using the orthographic transcnpyon of the closure, silence
yvor_ds. '_rhe performance of the grapheme baseline system Place front, mid, back, retroflex,
is given in Table 1. lateral, labial, dental,
alveolar, dorsal, closure,
Table 1. Performance of phoneme and grapheme base- i unkqown, silence i
line systems. The performance is expressed in terms of Height maximum, very lOW height
Word Error Rate (WER). low hqght, h'|gh height,
very high height, closure,
Subword Unit| # of output units| WER silence
Phoneme 42 4.7%
Grapheme 28 43.0%

We studied three different grapheme-broad-phonetic-class
systems corresponding to the different broad-phonetic-classes,

It could be observed from the results that the grapheme-1. manner (System 1), 2. place (System 2) and 3. height
based system performs significantly poorer as compared tdSystem 3). We train acoustic models for both grapheme
the phoneme-based system. In [6], similar trend was ob-units and values of the broad-phonetic-class by training a
served for the context-independent case of monophone angingle MLP via embedded Viterbi training. During training,
monograph. In [6], they generated phonetic questions (bothat each iteration, we marginalize out the broad-phonetic-
manually and automatically) for each grapheme and mod-class as per (9) and perform Viterbi decoding according to
elled it through decision tree, which resulted in improve- (2) to get the segmentation in-terms of graphemes.
ment. In our case, instead of generating such questions, we We performed recognition studies just using graphemes
could model the relation between the phoneme and graphen@s the subword units i.e. orthographic transcription of the
automatically from the data by training a single MLP with words like the grapheme baseline system. In order to do so,
42 x 28 = 1176 output units. However, training such a Wwe marginalize out the broad-phonetic-class as per (9) to
large network is a difficult task (still training). Hence, we estimate the scaled-likelihoods of the grapheme units (i.e.
take an alternate approach where we reduce the phoneme s#he broad-phonetic-class acts like an auxiliary information
to broad-phonetic-class representation. By broad-phonetic-which is used during the training; but hidden during recog-
class, we refer to the phonetic features, such as mannerition.) and then perform decoding like any standard ASR.
place, height. According to linguistic theory, each phoneme Table 3 presents the experimental results of this study.
can be decomposed into some independent and distinctive The experimental results show that performance of the
features; the combination of these features serves to uniquelgrapheme-based system which uses just the orthographic
identify each phoneme [10]. In our studies, we use the pho-transcription of the word can be significantly improved by



fidence. It could be seen from the figure that the operat-
ing points of the different systems are different. It is also
closely related to how the grapheme-based systems perform

Table 3. Performance of grapheme-based ASR system
using broad-phonetic-class as auxiliary information. The
performance is expressed in terms of Word Error Rate

(WER) individually.
7 — Baéeline Systen‘l
System | Broad-phonetic-clas$ /# of [ WER B - EEEEiKEﬁSEZ?i Eﬁiﬁﬂ E:mI?;Eie)r)
0 p unlts . ’\\ —— oneme-Grapheme sSystem elg M
Baseline - 28 43.0%
System 1 Manner 280 | 29.2% £4.6
System 2 Place 336 | 27.2% x
System 3 Height 196 27.9% =44
4.2

4 ‘ ‘ ‘ ‘
i i i i 055 06 065 07 075 08
modelling the phonetic related information and the grapheme Weight of phoneme probability stream

information together.

Next, with the improved grapheme-based system we studyig. 1. Plot illustrating the relationship between the weight
whether the grapheme information could help us to improve and the word error rate of the phoneme-grapheme system.
the performance of ASR if used as an auxiliary information.

We investigate this in the lines of (10), where we assume in-

dependence between the phoneme units and grapheme units.

We model them by separate MLPs, and, during recogni-
tion multiply the scaled-likelihood estimates obtained from , i
the two systems in order to estimatér,|¢.., I,). We con- !n th!s paper, we prgsented an ap.proach to.mode! an auxil-
ducted recognition experiments by combining the scaled-1ary information which could be hidden during training as

likelihood estimates of the phoneme units and the scaled-Ve!l as recognition similar to the states of HMM. In this
likelihood estimates of the grapheme units estimated fromframework, we studied the application of graphemes as sub-

different MLPs, corresponding to the grapheme baseline sys‘-’vord units in standard ASR. ) ,
An ASR system was trained using graphemes as the

tem and the different grapheme-broad-phonetic-class sys-

tems. This yielded results slightly poorer compared to the SUPword units. This system yielded poor results. How-
phoneme baseline system. ever, this system performs above the chance level suggest-

It could be observed from (10) that the scaled-likelihood ing. thgt it mig::t be Sbti" lijsel::l i modlelled well. _So,hwe
estimates of phoneme units and grapheme units are two dif_tramtz fa grap eline-h roa r;p bonegc—zass §yst|em In the pro-
ferent kinds of probability streams that are combined with posed framework, where the broad-phonetic-class acts as an

equal Weights. Hence, we performed experimental Studiesauxmaw information. Recognltlon experiments were con-

by weighting thelog probability streams differently. The ducted.ju§t us:)ng the gra;l)_hfeme suk;\wc;)rd ugitsh(orth(_)gr?phic
weights could be estimated automatically during recogni- U\?nsznptlog) yma_:cglna@lng outthe broa k']p on(fetlc-c ass.
tion or could be a fixed weight [11, 12], e obtained a significant improvement in the performance

In order to see how crucial the weights are in determin- of grapheme-based ASR but still is not comparable to the

ing the performance of the system, we conducted an eXper_phoneme-based system. This suggests that it is possible to

iment where we fixed the weights and performed recogni- obtain a grapheme-based recognizer with considerable per-

tion experiments on the test set. We then varied the Weightsformance, if we could train a system with phonemes as aux-

in steps of 0.05 and performed recognition experiments at'“arémfﬁrmat'oh' tigated h h .
each step. The result of this study is shown in Figure 1. The inally, we investigated a phoneme-graphéme system

best performance obtained was 4.1% for the case where th@ssuming independence between the two subword units. This

grapheme probabilities were estimated from the grapheme-SyStem yielded significant improvement over the phoneme-

broad-phonetic-class system using the place broad-phonetk.rf"’lslet“nde sys(’;em for s_i)_eakter-lkm_jerl):_endl_e%t Itask-lndepegdent
class as auxiliary information. The resulting model is sig- ISolated word recognition task In English fanguage. ur

nificantly? better than the baseline system with 95% con- studies suggest that the graphemes do contain useful infor-
mation for speech recognition application which, if properly

3The significant tests are done with standard proportion test, assumingModelled and utilized instead of ignoring it, could improve
a hinomial distribution for the targets, and using a normal approximation. the performance of the ASR.

4. CONCLUSION AND FUTURE WORK




In future, we would like to investigate other techniques
to dynamically estimate the weights for each probability
stream. We would also like to study a phoneme-grapheme
system where we could train models without making the in-
dependence assumption. One such direction would be to in-
vestigate the possibility of a system where we could model
the phonemes and graphemes through a single MLP. Fur-
thermore, it would be interesting to extend the phoneme-
grapheme system for a short vocabulary connected word
recognition task such as OGI Numbers.
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