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438 Acoustic Modeli:g

bution can be interpolated with the distributions of its ancestor nodes using dele,

interpolation. Finally, we can partition the training data and build multiple treeg With difde.
ent prediction capabilities. These trees accommodate different phonological ruleg with de,;
ferent language origins. i

When the decision tree is used to derive the phonetic pronunciation, the Phonetic cgp
version error is about 8% for the Wall Street Journal newspaper text corpora [61), Thes;_
errors can be broadly classified into two categories. The first includes errors of Proper noypg
and foreign words. For example, Pacino can be mistakenly converted to /p ax 5 iy now/
instead of /p ax ch iy n ow/. The second category includes generalization errors, For exam-
ple, shier may be converted to /sh ih r/ instead of the correct pronunciation /sh ay / if the
word cashier [k ae sh ih r/ appears in the training data. The top three phone confusion pairs
are /ix/ax/, /dx/t/, and /ae/ax/. The most confusing pair is /ix/ax/. This is not surprising, be.
cause /ix/ax/ is among the most inconsistent transcriptions in most of the published dictiop.
aries. There is no consensus for /ix/ax/ transcription among phoneticians.

Although automatic LTS conversion has a reasonable accuracy, it is hardly practical if
you don’t use an exception dictionary. This is especially true for proper nouns. In practice,
you can often ask the person who knows how to pronounce the word to either speak or write
down the correct phonetic pronunciation, updating the exception dictionary if the correct one
disagrees with what the LTS generates. When acoustic examples are available, you can use
the decision tree to generate multiple results and use these results as a langnage model to
perform phone recognition on the acoustic examples. The best overall acoustic and LTS
probability can be used as the most likely candidate in the exception dictionary. Since there
may be many ways to pronounce a word, you can keep multiple pronunciations in the dic-
tionary with a probability for each possible one. If the pronunciation probability is inaccu-
rate, an increase in multiple pronunciations essentially increases the size and confusion of
the vocabulary, leading to increased speech recognition error rate.

Even if you have accurate phonetic baseforms, pronunciations in spontaneous speech
differ significantly from the standard baseform. Analysis of manual phonetic transcription of
conversational speech reveals a large number (> 20%) of cases of genuine ambiguity: it
stances where human labelers disagree on the identity of the surface form [95]. For example.
the word because has more than 15 different pronunciation variations, such as /b iy k ah ¥,
Mixkahd, kahd, kaxd, /b ixkax o, /b ax k ah o, /b i k ah o, /k s/, /k ix & b 2
iykah s/, /b iy k ah/, /b iy k ah 2h/, Jax o, etc., in the context of conversational speech [3%)
To cha:zfcte.rize the acoustic evidence in the context of this ambiguity, you can partly Feso"{e
the ambiguity by deriving a suitable phonetic baseform from speech data [29, 95, 97). Thlé
is because the widespread variation can be due either to a lexical fact (such as that the B
because can be ’cause in informal speech) or to the dialect differences. African Amencan
vemacula'r English has many vowels different from general American English.
hine "tl;o !::)cc;);p;i;e widde;spread pro‘nu.nciatiops,. we can use a ;.)robflbilistic ﬁnTir:e obabil
i, ok oo ind;zotr shpron}mcmtlon varxat-lons, as shown 1r_1 Figure 9.7- lha;: Jeave &
node summi a es: ow likely that path is to be taken, with all the arcs s for

ming to 1. As with HMMs, these weights can be estimated from 2 real coP

¢ state mMd-
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jmproved speech recognition [20, 85, 102, 103, 110]. Ip
of using probabilistic finite state machines is very mode

Practice, the relative error reduction
st (5~10%).

Figure 9.7 A possible pronunciation network for word fomato. The vowel /eyl is more likely
to flap, thereby having a higher transition probability into /dx/,

9.5. ACOUSTIC MODELING—SCORING ACOUSTIC FEATURES

After feature extraction, we have a sequence of feature vectors, X, such as the MFCC vector,
as our input data. We need to estimate the probability of these acoustic features, given the
word or phonetic model, W, so that we can recognize the input data for the correct word.
This probability is referred to as acoustic probability, P(X | W). In this section we focus our
discussion on the HMM. As discussed in Chapter 8, it is the most successful method for
acoustic modeling. Other emerging techniques are discussed in Section 9.8.

95.1.  Choice of HMM Output Distributions

As discussed in Chapter 8, you can use discrete, continuous, or semicontinuous HMMs.
When the amount of training data is sufficient, parameter tying becomes unnecessary. A
continuous model with a large number of mixtures offers the best recognition accuracy, al-
though its computational complexity also increases linearly with the number of mixtures. On
the other hand, the discrete model is computationally efficient, but has the worst pe‘rform-
ance among the three models. The semicontinuous model provides a viable altemative be-
tveen system robustness and trainability. .

When either the discrete or the semicontinuous HMM is employed, it 15 helpful to use
multiple codebaoks for a mumber of features for sigaificantly improved performance. Each
codebook thep represents a set of different speech parameters. One way to c.ombme these
multiple output observations is to assume that they are independent, cCOmputing the OUtI:l:“
Probability as the product of the output probabilities of each codebook. For exarr(ljple. Lhe
$eMicontinuous HMM output probability of multiple codebooks can be computed as the
Product of each codebook:
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L) =12/ " [ (oF) 0.1

where superscript m denotes the codebook-m related parameters. Each codebook o
L" -mixture continuous density functions.

Following our discussion in Chapter 8, the re-estimation algorithm for the multjp]
codebook-based HMM could be extended. Since multiplication of the output pr(’babi[;ie-
density of each codebook leads to several independent terms in the Q-function, for codebooti
m, {,(j,k™) can be modified as follows:

nsists of

S o (Da,br k" (x VOTT 80 R (%, 1vDB,()

somy | men_ k
C,(.k")= S ® 0.13)
&

Other intermediate probabilities can also be computed in a manner similar to what we
discussed in Chapter 8.

Multiple codebooks can dramatically increase the representation power of the VQ
codebook and can substantially improve speech recognition accuracy. You can typically
build a codebook for ¢, , ac,, and aac,, respectively. As energy has a very different dy-
namic range, you can further improve the performance by building a separate codebook for
¢,[0], ac[0], and aac,[0]. In comparison to building a single codebook for x, as itlus-
trated in Eq. (9.6), the multiple-codebook system can reduce the error rate by more than
10%.

In practice, the most important parameter for the output probability distribution is the
number of mixtures or the size of the codebooks. When there are sufficient training daia
relative error reductions with respect to the discrete HMM are those shown in Figure 9.38.

D

m e
T | {—e— DHMM
Lgu —| |—m— SCHMM
'§ —f— CHVM |

1 2 3 4 5 6

Training Set Size (thousands)

Fl;gure 9.8 Continuous speaker-independent word recognition error rates of the ‘?iS.CTe‘e ! s
(DHMM), SCHMM, and the continuous HMM (CHMM) with respect to the trainio set Soks.
(thousands of raining sentences). Both the DHMM and SCHMM have multiple codet®

‘The CHMM has 20 mixture diagonal Gaussian density functions.
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As you can see from Figure 9.8, the SCHMM offers improved accuracy in compari
with the discrete HMM or the continuous HMM when the amount of training data is IF') r'lsiin
When we increase the training data size, the continuouys mixture density HI\%M starts ltmlte ‘
perform both the discretg .zmd the semicontinuous HMM, since the need to share m.odglou't-
rameters becomes less critical. P

Performance is also a function of the number of mixtures, With a small number of
mixtures, the continuous HMM lacks the modeling power and it actually performs worge
than the discrete HMM across the board. Only after we dramatically increase the number of
mixtures does the continuous HMM start to offer improved recognition accuracy. The
SCHMM can typically reduce the discrete HMM error rate by 10~15% across the board. The
continuous HMM with 20 diagonal Gaussian density functions performed worse than t;ither
the discrete or the SCHMM when the size of training data was small. [t outperformed either
the discrete HMM or the SCHMM when sufficient amounts of training data became avail-
able. When the amount of training data is sufficiently large, it can reduce the error rate of the
semicontinuous HMM by 15-20%.

9.5.2.  Isolated vs. Continuous Speech Training

If we build a word HMM for each word in the vocabulary for isolated speech recognition,
the training or recognition can be implemented directly, using the basic algorithms intro-
duced in Chapter 8. To estimate model parameters, examples of each word in the vocabulary
are collected. The model parameters are estimated from all these examples using the for-
ward-backward algorithm and the reestimation formula. It is not necessary to have precise
end-point detection, because the silence model automatically determines the boundary if we
concatenate silence models with the word model in both ends.

If subword units,’ such as phonetic models, are used, we need to share them across dif-
ferent words for large-vocabulary speech recognition. These subword units are concatenated
to form a word model, possibly adding silence models at the beginning and end, as illus-
trated in Figure 9.9.

To concatenate subword units to form a word model, you can have a null transition
from the final state of the previous subword HMM to the initial state of the next subword
HMM, as indicated by the dotted line in Figure 9.9. As described in Chapter 8, you can es-
timate the parameters of the concatenated HMM accordingly. Please notice that the.afdded
null transition arc should satisfy the probability constraint with the transit_ion prot.)abfh'ty of
each phonetic HMM. The self-loop transition probability of the last state in each mdnyndual
HMM has the topology illustrated in Figure 9.9. If we estimate these pz'lrameters with t'he
concatenated model, the null arc transition probability, aj; , should satisfy ‘h_e consfraint

ay +a;)=1 such that the self-loop transition probability o_f the las-t state is no.lo.nger
equal to 1. For interword concatenation or concatenation involving multiple pronunciations,
You can use multiple null arcs to concatenate individual models together.

L .
We have a detailed discussion on word models vs. subword models in Section 9.4.1
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One Iwahn/ i @_Q_)@
Two It uw/
[ae/

CIRCIRG

Zero Iz ih row/ M

A composed HMM for word two:

Isil/ 1) law/ Isil/

Figure 9.9 The construction of an isolated word model by concatenating multiple phonetic
models based on the pronunciation dictionary.

In the example given in Figure 9.9, we have ten English digits in the vocabulary. We
build an HMM for each English phone. The dictionary provides information on each word’s
pronunciation. We have a special word, Silence, that maps to a /sil/ HMM that has the same
topology as the standard phonetic HMM. For each word in the vocabulary we first derive the
phonetic sequence for each word from the dictionary. We link these phonetic models to-
gether to form a word HMM for each word in the vocabulary. The link between two pho-
netic models is shown in the figure as the dotted arrow.

For example, for word two, we create a word model based on the beginning silence
Isill, phone /t/, phone /uw/, and ending silence /sil/. The concatenated word model is the?
treated in the same manner as a standard large composite HMM. We use the standard for
ward-backward algorithm to estimate the parameters of the composite HMM from multiple
sample utterances of the word two. After several iterations, we automatically get the HMM
parameters for /sill, /t/, and /uwl. Since a phone can be shared across different words, the
phonetic parameters may be estimated from acoustic data in different words.

The ability to automatically align each individual HMM to the corresponding Unsee’
mented speech observation sequence is one of the most powerful features in the forward-
backward algorithm. When the HMM concatenation method is used for continuous S}?”Ch'
you need to compose multiple words to form a sentence HMM based on the transcriptior ?
the utterance. In the same manner, the forward-backward algorithm absorbs a range of po¥
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‘ble word boundary information of models automati i .
- mentation of the continuous speech. cally. There is no need to have a precise

In general, to estimate tl}e parameters of the HMM, each word is instantiated with its
concatenated word model (which may be a concatenation of subword models). The words i
the sentence are concatenated with optional silence models between them. If ;here is(:z n: l:il
to modify interword pronunciations due to interword pronunciation char;ge such as wafzt
you, you can add a different optional phonetic sequence for t-y in the concaténated sentence
HMM. .

In the digit recognition example, if we have a continuous training utterance one three
we compose a sentence HMM, as shown in Figure 9.10, where we have an optional Silence:
HMM between the words one and three, linked with a null transition from the ast state of
the word model one to the first state of the word model thiree. There is also a direct null arc
connection between the models one and three because a silence may not exist in the training
example. These optional connections ensure that all the possible acoustic realizations of the
natural continuous speech are considered, so that the forward-backward algorithm can
automatically discover the correct path and accurately estimate the corresponding HMM
from the given speech observation.

In general, the concatenated sentence HMM can be trained using the forward-
backward algorithm with the corresponding observation sequence. Since the entire sentence
HMM is trained on the entire observation sequence for the corresponding sentence, most
possible word boundaries are inherently considered. Parameters of each model are based on
those state-to-speech alignments. It does not matter where the word boundaries are. Such a
training method allows complete freedom to align the sentence model against the observa-
tion, and no explicit effort is needed to find word boundaries.

In speech decoding, a word may begin and end anywhere within a given speech signal.
As word boundaries cannot be detected accurately, all possible beginning and end points
have to be accounted for. This converts a linear search (as for isolated word recognition) to a
tree search, and a polynomial recognition algorithm to an exponential one. How to design an
efficient decoder is discussed in Chapters 12 and 13.

seg

Isil/ one

Figure 9.10 A composite sentence HMM. Each word can be a word HMM or a composite
Phonetic word HMM, as illustrated in Figure 9.9.
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9.6. ADAPTIVE TECHNIQUES—MINIMIZING MISMATCHEg

As Figure 1.2 illustrated, it is important to adapt both acous'tic models and language models
for new situations. A decent model can accommodate a wide range of variabilities, How.
ever, the mismatch between the model and operating cond'itions always exists. Ope of the
most important factors in making a speech system usable is to minimize the possible mjs.
match dynamically with a small amount of calibration data. Adaptive techniques can be
used to modify system parameters to better match variations in microphone, Lransmissiop
channel, environment noise, speaker, style, and application contexts. As a concrete example,
speaker-dependent systems can provide a significant word error-rate reduction in compag.
son to speaker-independent systems if a large amount of speaker-dependent training data
exists [50]. Speaker-adaptive techniques can bridge the gap between these two configura-
tions with a small fraction of the speaker-specific training data needed to build a fyj
speaker-dependent system. These techniques can also be used incrementally as more speech
is available from a particular speaker. When speaker-adaptive models are built, you can have
not only improved accuracy but also improved speed and potentially reduced model parame-
ter sizes because of accurate representations, which is particularly appealing for practical
speech recognition.

There are a number of ways to use adaptive techniques to minimize mismatches. You
can have a nonintrusive adaptation process that works in the background all the time. This is
typically unsupervised, using only the outcome of the recognizer (with a high confidence
score, as discussed in Section 9.7) to guide the model adaptation. This approach can con-
tinuously modify the model parameters so that any nonstationary mismatches can be elimi-
nated. As discussed in Chapter 13, systems that are required to transcribe speech in a non-
real-time fashion may use multiple recognition passes. You can use unsupervised adaptation
on the test data to improve the models after each pass to improve performance for a subse-
quent recognition pass.

Since the use of recognition results may be imperfect, there is a possibility of diver-
gence if the recognition error rate is high. If the error rate is low, the adaptation results may
still not be as good as supervised adaptation in which the correct transcription is provided
for the user to read, a process referred to as the enrollment process. In this process you can
check a wide range of parameters as follows:

® Check the background noise by asking the user not to speak.

Adjust the microphone gain by asking the user to speak normally.

Adapt the acoustic parameters by asking the user to read several sentences.
Change the decoder parameters for the best speed with no loss of accuracy-
Compose dynamically new enroliment sentences based on the user-specific
€ITOr patterns.

e d:ll';elchaller.lge for model adaptation is that we can use only a small amount of obsel.';:
0 modify model parameters. This constraint requires different modeling strateg!
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from the ones we discussed .in building the baseline system, as the amount of training data i
genem“y sufficient for oﬂjlme training. In this section we focus on a number of z%daa[? .
rechniques that can be applied to compensate either speaker or environment variati I?/Iwe
of these techniques are model-based, since the acoustic model parameters rathe'l(') [:lia ?hS[
qcoustic feature vectors are adapied. We use speaker-adaptation examples to illugtratenh y
these techniques can be .used to improve system performance. We can generalize to en(\)"'y
ronment adaptation by using environment-specific adaptation data and a noise-com ensat'ol-
model, which we discuss in Chapter 10. In a similar manner, we can modify the P;a o 1an
model as discussed in Chapter 11. d i

9.6.1.  Maximum a Posteriori (MAP)

Maximum a posteriori (MAP) estimation. as discussed in Chapter 4, can effectively deal
with data-sparse problems, as we can take advantage of prior information about existing
models. We can adjust the parameters of pretrained models in such a way that limited new
training data would modify the model parameters guided by the prior knowledge to compen-
sate for the adverse effect of a mismatch [35]. The prior density prevents large deviations of
the parameters unless the new training data provide strong evidence.

More specifically, we assume that an HMM is characterized by a parameter vector ¢
that is 2 random vector, and that prior knowledge about the random vector is available and
characterized by a prior probability density function p(®), whose parameters are to be de-
termined experimentally.

With the observation data X , the MAP estimate is expressed as follows:

& = arg max[ p(® | X)] = argmax[ p(X | @) p(D)] 9.14)

If we have no prior information, p(®) is the uniform distribution, and the MAP esti-
mate becomes identical to the ML estimate. We can use the EM algorithm as the ML to es-
timate the parameters of HMMs. The corresponding O-function can be defined as:

Q1r(®, D) =log p(d) + (D, D) (©.15)

The EM algorithm for the ML criterion can be applied here directly. The actual ex-
pression depends on the assumptions made about the prior density. For the widely used con-
tinuous Gaussian mixture HMM, there is no joint conjugate prior density. W? t{an gssume
different components of the HMM to be mutually independent, so that the optimization can
be split into different subproblems involving only a single component of the parameter set.
For example, the prior density function for the mixture Gaussian can be as follows:

.16
Pu(Cb, E) = p, (ci)H Puy (Mi» Zt) ©.16)
¥

the mixing coefficient vector of all mixture

where p_(c,) is a Dirichlet prior density for
. (€;) irichlet p ty ) denotes the prior density for parameters

components in the Markov state £, and pj, (Hix> Zit
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of the kth Gaussian component in the state i. The Dirichlet prior density p.(e,) isch

ized by a vector v, of positive hyperparameters such that: aractey.

g =1

p(e)=]1ci )

For full covariance D-dimensional Gaussian densities, the prior densit
mal-Wishart density parameterized by two values 77> D—1,T>0, the vecy,
symmetric positive definite matrix S as follows:

Y Can be 4 nor
or lJ'm.:) and [he

Py, (Bi» Zig ) o<
~ D7 1
del(zik )D_" exp(—%(ul'k - p’nw )E;l (p'ik T p’nu')l - 5 Ir(SZ;c' )) (9]8)

We can apply the same procedure as the MLE Baum-Welch reestimation algorithm,
For example, with the Q-function defined in Eq. (9.15), we can apply the Lagrange methog
to derive the mixture coefficients as follows:

0 u . N
——(og p, (€)+ D, Y & (5, k) logé, )+ A =0,Vk
¢, e
: .19
> 8 =1
k
Based on Egs. (9.17) and (9.19), the solution is:
U — 1+ 2 E (LK)
9.20)

N 0, ~1+ S EGD)

A comparison between Eq. (9.20) and the ML estimate Eq. (8.58) shows that the _MAP
estimate is a weighted average between the mode of the prior density and the ML estimaie
with proportions given by Uy —1 and z.‘,‘,(i,k) , respectively. o

We can optimize Eq. (9.15) with respect to mean and covariance parameters 102 simi-
lar fashion. For example, the solution of these estimates is:

T
Tk, 2GR,
H, = Tl=l (9-21)
T+ 3 86 k)
1=l
a R T . n
b Sﬂ‘ + Tik (p'lk . u'nn'& )(u'ik . “'nwﬂ )l + 2 C’ (l) k)(x - p'ik )(x - p'lk) (9 22)
= — pay '

=
M —D+ ¥ 5,3 k)
1=l
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where Ty is the parameter in the normal-gamma density for the corre

. . sponding state ;.
Thus, the reestimation formula for the Gaussian mean is a wi : .

eighted sum of the prior

L T
ith the ML mean estimate Lk)x / ; . _
mean with ;gl( 9.9 Z,gl(l.k). Ty 1s a balancing Factor between
prior mean and the ML mean estimate. When 7, is large, the value of the prior knowledge
is small and the value of the mean W, is assumed Lo have high certainty, leading to the

dominance of the final estimate. When the amount of adaptation data increases, the MAP
estimate approaches the ML estimate, as the adaptation data overwrite any imp(;rtant rior
that may influence the final estimate. Similarly. the covariance estimation formula has the
same interpretation of the balance between the prior and new data.

One major limitation of. the‘MAP-based approach is that it requires an accurate initial
guess for the prior p(®), which is often difficult to obtain. We can use the already trained
initial models that em'b<_)<:.|y some characteristics of the original training conditions. A typical
way to generate an initial Gaussian prior is to cluster the initial training data based on
speaker or environment similarity measures. We can derive a set of models based on the
partition, which can be seen as a set of observations drawn from a distribution having p(®).
We can, thus, estimate the prior based on the sample moments to derive the corresponding
prior parameters.

Another major limitation is that the MAP-based approach is a local approach to updat-
ing the model parameters. Namely, only model parameters that are observed in the adapta-
tion data can be modified from the prior value. When the system has a large number of free
parameters, the adaptation can be very slow. Thus in practice we need to find correlations
between the model parameters, so that the unobserved or poorly adapted parameters can be
altered [3, 22]. Another possibility is to impose structural information so the model parame-
ters can be shared for improved adaptation speed [96].

The MAP training can be iterative, too, which requires an initial estimate of model pa-
rameters. A careful initialization for the Gaussian densities is also very important. Unlike the
discrete distributions, there is no such a thing as a uniform density for a total lack of infor-
mation about the value of the parameters. We need to use the same initialization procedure
asdiscussed in Chapter 8.

For speaker-adaptive speech recognition, it has been experimentally found tl?at Ty Can
be a fixed constant value for all the Gaussian components across all the dimeqsxons. Thus
the MAP HMM can be regarded as an interpolated model between the speaker-independent
and speaker-dependent HMM. Both are derived from the standard ML forwar&baﬁkwafd
algorithm. Experimental performance of MAP training is discussed in Section 9.6.3.

962.  Maximum Likelihood Linear Regression (MLLR)

When the continuous HMM is used for acoustic modeling, the most imponantlpararczi:?;;;é
to ad.apt is the output Gaussian density parameters, i.e., thc.: mean Vf:ctor and nebcoth s
Matrix. We can use a set of linear regression transformation functions to map boO
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