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In continuous speech recognition, we must also use ph 1 . 
. · h · ono og1c rules to modify inte 

word pronunciations or to ave reduced sounds. Assimilatio . . . . r-
. . . n is a typical coarticulat1on phe-

nomenon--a change m a segment to make It more like a . hb . 
. h ·h . . neig onng segment. Typical 

examples include p rases su1,; as du/ you Id 1h j/z y ah/. set you I. ,1 1 ., 1 • lb . k I ' s l z c I er,. ast year I l ae s 
ch i)' rl, because you 11e 1y a I zh uw vi. etc. Deletion is al ' . . 

I I d ld1 so common m continuous 
speech. For example, t an I are often deleted before a consona t Th . . 

fi d I I. . n · us, m conversational 
speech you may n examp es 1ke find /um If ay 11 fr ml. aro,,,,d ti . ,. . ' • 11s 11X raw 11 1'1 sl. and 
Let me in/l eh m eh 11/. • 

Dictionaries often don't include proper names. For example th "0 000 . 
. OMLEX d' . . , e - , names m-

cluded_rn the C 1cttonary are a small fr_act1on of 1-2 million names in the USA. To 
deal with these new words, we often have to derive their pronunciation automatically. These 
new words have to be added on the fly, either by the user or through an int rf �~� 

1. · u l"k S . e ace trom 
speech-aware a~p 1~at10ns .. n I e . pani~h or Italian, rule-based letter-to-sound (LTSJ con-
version for Enghs~ 1s often 1mpract1cal, ~mce so many words in English don't follow phono­
logical rules. A tra1~able LTS converter 1s attractive, since its performance can be improved 
by constantly learning from examples so that it can generalize rules for the specific task. 
Trainable L TS converters can be based on neural networks, HMMs, or the CART described 
in Chapter 4. In practice, CART-based LTS has a very accurate performance [10, 61, 71, 
89]. 
. When CART is used, the basic YES-NO question for LTS conversion looks like: Is 
the second right letter 'p '? or: Is the first left output phone lay/? The question for letters and 
phones can be on either the left or the right side. The range of question positions should be 
long enough to cover the most important phonological variations. Empirically, a IO-letter 
window (5 for left letter context and 5 for right letter context) and 3-phone window context 
is generally sufficient. A primitive set of questions can include all the singleton questions 
about each letter or phone identity. If we allow the node to have a complex question-that 
is, a combination of primitive questions-the depth of the tree can be greatly reduced and 
performance improved. For example, a complex question: ls the second left letter 't' and the 
first left letter 'i' and the first right letter 'n '? can capture o in the common suffix tion and 
convert it to the correct phone. Complex questions can also alleviate possible data­
fragmentation problems caused by the greedy nature of the CART algorithm. 

Categorical questions can be formed in both the letter and phone domains with our 
common linguistic knowledge. For example, the most often used set includes the letter or 
phone clusters for vowels, consonants, nasals, liquids, fricatives, and so on. In growing the 
~ecision tree, the context distance also plays a major role in the overal! quality. It is very 
important to weight the entropy reduction according to the distance (either letter or pho­
neme) to avoid overgeneralization which forces the tree to look more carefully at the nearby 
context than at the far-away cont;xt. Each leaf of the tree has a probability distribution for 
letter-to-phoneme mapping. . . . 

There are a number of ways to improve the effectiveness of the dec1s1on tree. First, 
Pruning controls the tree's depth. For example, certain criteria have to be �~�e�~� for a node to 
be split. Typically splitting requires a minimum number of counts aod a mmimum en~op_y 
reduction. Second, the distribution at the leaves can be smoothed. For example, a leaf diSln-
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bution can be interpolated with the distributions of its ancestor nodes using d 1 · · · · d t d b 'Id I · e eted. interpolation Finally we can part1l!on the trammg a a an ut mu tlple trees with d'f 
' ' • • I fer-

ent prediction capabilities. These trees accommodate different phonological rules with dif-
ferent language origins. 

When the decision tree is used to derive the phonetic pronunciation, the phonetic 
I 

con-
version error is about 8% for the Wall Street Jouma newspaper text corpora [6I]. Th 

· Tlfi ·1 ese eirnrs can be broadly classified into two categoncs .. 1e 1rst me udes errors of proper nouns 
and foreign words. For example, Pacino can be mistakenly converted to Ip ax s iy n ow 1 
instead of /p ax ch iy 12 owl. The second category includes generalization errors. For exam­
ple, shier may be converted to /sh ih rl instead of the correct pronunciation /sh ay r/ if the 
word cashier /k ae sh ih r/ appears in the training data. The top three phone confusion pairs 
are /ix/ax/, /dxlt/, and /aelaxl. 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 diction­
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 language model to_ 
perfonn 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 e1TOr rate. 

Even if you have accurate phonetic baseforrns, pronunciations in spontaneous speech 
differ significantly from the standard baseforrn. Analysis of manual phonetic transcription of 
conversational speech reveals a large number (> 20%) of cases of genuine ambiguity: in· 
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 lb iy k ah:.!, 
~ ix k ah 'd. fl' ah 'd. lk ~ d, lb ix k ax 'l.!, lb ax k ah zJ, lb ih k ah z/, /k sl,_lk ix d. lk ih zl: 
zy k ah sl. lb zy k ah/, lb zy k ah z}zl, lax v, etc., in the context of conversat10nal speech 13 ]. 
To characterize the acoustic evidence in the context of this ambiguity, you can partly resol~e 
the ambiguity by deriving a suitable phonetic baseform from speech data [29, 95, 9?]. ThiS 
is because the widespread variation can be due either to a lexical fact (such as that me ~0rd 

because can be 'cause in infonnal speech) or to the dialect differences. African Amencan 
vemacula: English has many vowels different from general American English. a· 

. To incorporate widespread pronunciations, we can use a probabilistic finite state "\ 
chme to model each word's pronunciation variations as shown in Figure 9.7. The probabi 
·1 · h · · ' I ave a 1 Y wit each arc indicates how likely that path is to be taken with all the arcs thal e i 

node summin t I A · h H ' 1 corpus ior g O · s wit MMs, these weights can be estimated from a rea 
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·rniJroved speech recognition (20, 85, 102, 103, 110]. In practice th 
1 

. . 
1 -1- ·• fi · h' · , ere alive error reduction of using probab1 1st1c mite state mac mes 1s very modest (5_ 1 O% ). 

/m/ 

~ - ~- 0.8, 

~-2 

Figure 9.7 A possible pronunciation network for word tomato. The vowel 1 ,f · 1.k 1 · 1 · h . . e) 1s more I e y 
to flap, thereby havmg a ug er transmon 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 I 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. 

9.5.1. 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 ac_curacy, 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 worSl p~rfonn­
ance among the thret models. The semicontinuous model provides a viable altemauve be-
tween system robustness and trainability. . . 

When either the discrete or the semicontinuous HMM is employed, it is helpful to use 
multiple codebooks for a number of features for significantly improved performa~ce. Each 
codebook then represents a set of different speech parameters. One way to ~ombme these 
multiple output observations is to assume that they are independent, computing lhe output 
pro~ability as the product of the output probabilities of each codebook. For example, the 
sem1continuous HMM output probability of multiple codebooks can be computed as the 
Product of each codebook: 
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l. 

h;(x) = IT Lf"'(x"' Jo;")b;'(o;) 
m k=I 

Acoustic Mode~l ...... 
lhg 

(9.12) 

where superscript 111 denotes the codebook-m related parameters. Each codebook co . 
· · f · ns1sts of E" -mixture continuous density unctions. 

Following our discussion in Chapter 8, the re-estimation algorithm for the m 1• 
H Id b d d S. I . 

1
. . u llple-

codebook-based MM cou e exten e . mce mu lip 1cat1on of the output prob bT 
density of each codebook leads to several independent terms in the Q-function, for cod:b

1~i 
m, t;,(j,km) can be modified as follows: 

(9.13) 

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 c* , 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 
c* [O], Act [OJ , and AAC* [O]. In comparison to building a single codebook for x* as illus­
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 dal.a, 
relative error reductions with respect to the discrete HMM are those shown in Figure 9.8. 

12 
Q) 10 iu 
a: 8 -+-DHM~ '-
~ 6 --- SCHMM '-
w 
-e 4 -tr- CH MM 

~ 
___, 

2 ..... -· .. 
0 

1 2 3 4 5 6 

Training Set Size (thousands) 

Figure 9·8 Continuous speaker-independent word recognition error rates of the discrete ~ 
(DHMM), SCHMM, and the continuous HMM (CHMM) with respect to the training set siz~ 
(thousands of training sentences). Both the DHMM and SCHMM have multiple codebooks. 
The CHMM has 20 · . mixture diagonal Gaussian density functions. 
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As you can see from Figure 9.8, the SCHMM offers im 1 . . . . provec accuracy m comparison 
with the discrete HMM or the contmuous HMM when the amount ft . . d . . . _ _ . . . . _ . . o rammg ata 1s hm1ted. 
When we 1nc1ease the trammg data size, the contmuous 011·xtu d . HMM . . . re ensuy starts to out-
perfonn both the discrete and the sem1cont111uous HMM since the d 1 . . , nee to s ,are model pa-
rameters becomes less crmcal. 

Performance is also a function of the number of mixtures W'th 11 . . 1 a sma number of 
mixtures, the contmuous HMM lacks the modeling power and it actual! -'-' _ y pe11onns worse 
than the discrete HMM ~cross the board. Only after we dramatically increase the number of 
mixtures does the continuous HMM start to offer improved recognition ace Th 

· II d h d' uracy. e SCHMM can typ1ca y re uce t e 1screte HMM error rate by 10-15% across th b d Th 
M . h "0 ct· I G . . . e oar . e 

continuous HM wit ~ iagona aussian density functions performed worse than either 
the discrete or the SCHMM when the size of training data was small. It 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.3 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 
lo 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 added 
null transition arc should satisfy the probability constraint with the transi~ion pro~ab~li~y of 
each phonetic HMM. The self-loop transition probability of the last state m each md1_v1dual 
HMM has the topology illustrated in Figure 9.9. If we estimate these p~ameters with ~he 
concatenated model, the null arc transition probability, ai, should satisfy th_e conSlramt 
L .(ay +ai) = I such that the self-loop transition probability of the l~t state is no_ Io_nger 
eq 1a] I · . · · Ivi·no multiple pronunciations, u to . For mterword concatenation or concatenation mvo o 

you can use multiple null arcs to concatenate indi victual models together. 

1 

We hijve a delailed discussion on word models vs. subword models in Section 9.4.I. 
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Dictionary ~ 
"----______-/ 

One lwah 11/ 
Two It uw/ 

Zero 
Silence 

/z ih row/ 
/sill / 

A composed HMM for word two: 

------Acoustic Mod 1. e 1ng 

/aa/ ~ 

Jae/ ~ 

~ 

~ 
~ --~ --~ -~ 

/sill It/ /uw/ /sill 

Figure 9.9 The construction of an isolated word model by concatenating multiple phone1ic 
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 /sill 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 fonn 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 
/sill, phone It/, phone luw/, and ending silence /sill. The concatenated word model is then 
treated in the same manner as a standard large composite HMM. We use the standard ~or­
ward-backward algorithm to estimate the parameters of the composite HMM from mulnple 
sample utterances of the word two. After several iterations, we automatically get the HMM 
parameters for /sill, It/, and luw/. Since a phone can be shared across different words, (he 
phonetic parameters may be estimated from acoustic data in different words. 

The ability to automatically align each individual HMM to the corresponding unseg­
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~eechf, 

d . ton o you nee to compose multiple words to form a sentence HMM based on the transcnp 1 

lhe utterance. In the same manner, the forward-backward algorithm absorbs a range of pas· 
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sible word boundary inf~rmation of models automatically. There is no need to have a precise 
segmentation of the continuous speech. 

In general, to estimate t~e parameters of the HMM, each word is instantiated with its 
concatenated word model (wh1c~ may be a concatenation of subword models). The words in 
the sentence are concatenated. w~th optional silence models between them. If there is a need 
to modify interword pronunc1at1ons due to interword pronunciation change such as t 

'f" · , wan 
you, you can add a dt 1erent optional phonetic sequence for t-y in the concatenated 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 silenc~ 
HMM between the words one and three, linked with a null transition from the last state of 
the word model one to the first state of the word model three. 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. 

~ . 
/' .. \ 
I /sill i 

~~---~~ 
/sil/ one three /sill 

· d b a word HMM or a composite Figure 9.10 A composite sentence HMM. Each wor can e 
phonetic word HMM, as illustrated in Figure 9.9. 
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9.6. ADAPTIVE TECHNIQUES-MINIMIZING MISMATCHES 

As Figure l .2 illustrated, it is important to adapt both acous~ic models and l~nguage models 
for new situations. A decent model can accommo~ate a w~~e range of vanabilities. Row. 
ever, the mismatch between the model and operating con~1ttons ~l\'."a~s exists. One of the 
most important factors in making a speech syst~m u~able is to mmi~ize the possible mis­
match dynamicaJly with a small amount of calibratw~ ~ata. _Ada~tive techniques can be 
used to modify system parameters to better match vanations m microphone, transmissio 

I
. . n 

channel, environment noise, speaker, style, and app 1cauon contexts. As a concrete example 
speaker-dependent systems can provide a significant word error-rate reduction in compan: 
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 speakeMpecific training data needed to build a full 
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 perfonnance 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 nocmally. 

• 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 enrollment sentences based on the user-specific 
error patterns. 

bl d
The challe~ge for model adaptation is that we can use only a small amount of obse~-

a e ata to modify mod I . 1. rrateg1es 
e parameters. This constraint requires different mode ing s 
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from the ones we discussed in building the baseline system as th f . . _ 
- . " ffl " . . , e amount o training data IS 

enerally sufficient ,or o me tram111g. In this section we ,,0,.. . g . , --tis on a number of adaptive 
techniques that can be appltcd to compensate either speaker or en\'ironm t . . M · I b . en vanat1ons. ost 
Of the.se rechmques are mode - ased, smce the acoustic model . . . . _ , . p.1rameters rather than the 
·•cousuc feature vectors ,11e adapled. We use speaker-adaptation exa I t .11 .. . _ mp es o I ustrate how 
these techniques can be used lo improve system perfonnance We 1. . . . . . can genera 1ze to envi-
ronment adaptation by using en\'lronrnent-specific adaptation data and a - . . . , no1se-compensat1on 
nlodel which we discuss 111 Chapter 10. In a similar manner we can d"f th 1 , . , mo I y e anouaoe 
model as discussed m Chapter I I. ,,. I:> 

9.6.1. Maximum a Posteriori (MAP) 

Maximum a posteriori (MAP) estimation. as discussed in Chapter 4, can effectively deal 
with data-sparse pr_oblems, as we can take ad~antage of prior information about existing 
models. We can adJust the parameters of pretramed 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 r35]. 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 ct> 
that is a random vector, and that prior knowledge about the random vector is available and 
characterized by a prior probability density function p(<l>), whose parameters are to be de­
termined experimentally. 

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

ci> = arg max[p(<l> IX)]= argmax[p(X I <l>)p(<I>)] (9.14) 
C, C, 

If we have no prior information, p( <I>) is the unifonn 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 Q-function can be defined as: 

(9.15) 

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~ c_an ~ssume 
different components of the HMM to be mutually independent, so that the opt1m1zat1on 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: 

P,.,(c;,µ;,E;) = P~,(c;)IIP,,,. (µ;k,1:;k) 
k 

(9.16) 

Where P ( c.) is a Dirichlet prior density for the mixing coefficient vector of all mixture 
compone%ts 'in the Markov state i, and P1>;,. (µ;k' 1:;k) denotes the prior density for parameters 
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of the .(.1h Gaussian component in the state i. The Dirichlet prior density p (c ) . 
. . h h h r, 1 IS characte ized by a vector v, of positive yperparameters sue t at: r-

(9.17) 

For full covariance D-dimensional Gaussian densities, the prior density c b 
. . · an ea nor-mal-Wishart density parametenzed by two values 1] > D-1, r > 0, the vector µ 

symmetric positive definite matrix S as follows: ... ' 8nd the 

Pb;). (µik, L;k) oc 

jde«_L;k)D-,i exp(-1(µ;k -µ,,.,.)L;'(µ,k -µ,,".)' -½ rr(SL;')) (9.18) 

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 meth~ 
to derive the mixture coefficients as follows: 

Based on Eqs. (9.17) and (9.19), the solution is: 

v,k -1 + I~,(i.k) 
C = I 

lk L,(V;1 -1 + L~,(i,l)) 
I I 

(9.19) 

(9.20) 

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 estimate 
with proportions given by v!.ik -1 and I,~,(i.k). respectively. . . . 

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

T 

. T;kµ""'it + Is,(i,k)x, 
µ..k = 1:e) 

I T 
(9.20 

-r;. + IJ,<i,k) 
t=I 

S A T 
+ -r;. (µ - )( A / ~ r • A A )' i: - r7c ik ik µ,,., ... µik -µ,,,.,.) + L.,':l,(z,k)(x-µ;k)(x-µik 

ik - I I 
(9.22) 

T 

T/,k -D+ 2,{,(i,k) 
t=I 
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here r . is the parameter in the nomrnl-gamma density ior the d' w ,t . . corrcspon 1110 state i 
Thus, the reest1mat10n fonnula for the Gaussian mean is . h d O 

• • 
r r - a weig te sum of the prior 

mean with the ML mean eStimate ~s,(i,k)x, (~J,(i.k) · rit is a balancing factor between 
1-1 /el 

Pn·or mean and the ML mean estimate. When -r 1 is large the value or th . k . , , e prior nowledge 
is small and the value of the mean µ,,.,.,, 1s assumed to have high certainty, leading to the 

dominance of the final estimate: When the amount of adaptation data increases, the MAP 
estimate ~pproaches the ML es~1mate, a~ t~e adaptation data overwrite any important piior 
that may influence the final estimate. S1milarly. the covariance estimation fonnula 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(<I>), which is often difficult to obtain. We can use the already trained 
initial models that en~b?~Y some c~aract~ris~ics of the original training conditions. A typical 
way to generate an mltlal Gaussian pnor 1s 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{cl>). 
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 lhe model parameters, so that the unobserved or poorly adapted parameters can be 
altered [3, 22J. Another possibility is to impose structural infonnation 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 
as discussed in Chapter 8. 

For speaker-adaptive speech recognition, it has been experimentally f~und ~at -r,1 can 
be a fixed constant value for all the Gaussian components across all the dimensmns. Thus 
the MAP HMM can be regarded as an interpolated model between the speaker-independent 
and speaker-dependent HMM. Both are derived from the standar~ ML :0 rward-backward 
algorithm. Experimental performance of MAP training is discussed m Secuon 9-6·3· 

9.6.2. Maximum Likelihood Linear Regression (MLLR) 

Wh th . . d 1- th st important parameter set en e continuous HMM is used for acoustic mo e mg, e mo . 
to ad · · th mean vector and the covanance apt 1s the output Gaussian density parameters, 1.e., e 
matrix. We can use a set of linear regression transformation functions to map both means 
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