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w with highest forward probability is then chosen as the reco · d 
d d HMM gmze word. When subword 

models are use . wor s can be easily constructed by concate t· . . h na mg correspondmg 
Phoneme HMMs 01 ot er types of subword HMMs according to th d d . . e proce ure escnbed in 
Chapter 9. 

12.2.4. Continuous Speech Recognition 

Search in continuous ~peech recogniti~n is rather complicated, even for a small vocabulary. 
since the search algonthm has to consider the possibility of each word starting at any arbi­
trary time frame. Some of the earliest speech recognition systems took a two-stage approach 
towards continuous speech recognition, first hypothesizing the possible word boundaries and 
then using pattern matching techniques for recognizing the segmented patterns. However, 
due to significant cross-word co-articulation, there is no reliable segmentation algorithm for 
detecting word boundaries other than doing recognition itself. 

Let's illustrate how you can extend the isolated-word search technique to continuous 
speech recognition by a simple example, as shown in Figure 12.10. This system contains 
only two words, w1 and w2• We assume the language model used here is an uniform unigram 
( P( w,) = P( W2) = 1/2 ). 

It is important to represent the language structures in the same HMM framework. In 
Figure 12.10, we add one starting state S and one collector state C. The starting state has a 
null transition to the initial state of each word HMM with corresponding language model 
probability (1/2 in this case). The final state of each word HMM has a null transition to the 
collector state. The collector state then has a null transition back to the starting state in order 
to allow recursion. Similar to the case of embedding the phoneme (subword) HMMs into the 
word HMM for isolated speech recognition, we can embed the word HMMs for w. and w2 
imo a new HMM corresponding to structure in Figure 12.10. Thus, the continuous speech 
search problem can be solved by the standard HMM formulations. 

HMM of 
w, 

HMM of 

w2 

�~� 
r· · · 1 k with two words w, and 
igure 12.10 A simple example of continuous speech recognition as . h t" state 

wi· A uniform unigram language model is assumed for these words. State S is trde st~ mg 
While state C is a collector state to save fully expanded links between every wo patr. 
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The composite HM Ms shown in Figure 12. ~ 0 ~an ~e viewed as a stochastic finite state 
network with transition probabilities and output d1stnbut1ons. The search algorithm is essen­
tially producing a match between the acoustic observation X and a path~ in the stochastic 
finite state network. Unlike isolated _word recognition, continuous speech recognition needs 
to find the optimaJ word sequence W. Th: Viterbi algorithm is clearly a natural choice for 
this task since the optimal state sequence S corresponds to the optimal word sequence w. 
Figure 12.11 shows the HMM Viterbi trellis computation for the two-word continuous 
speech recognition example in Figure 12.10. There is a cell for each state in the stochastic 
finite state network and each time frame t in the trellis. Each cell c •. , in the trellis can be 
connected to a cell corresponding to time t or t+ 1 and to states in the stochastic finite state 
network that can be reached from s. To make a word transition, there is a nuH transition to 
connect the final state of each word HMM to the initial state of the next word HMM that can 
be followed. The trellis computation is done time-synchronously from left to right, i.e., each 
cell for time tis completely computed before proceeding to time t+ I . 
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Time 
Figure 12.11 HMM trellis for c . . 
the final state of the d HM on_tmuous speech recogrution example in Figure 12.JO. When 
from it to the initiaJ st~or f th M 15 r~ched, a null arc (indicated by a dashed line) is linked 

a e o e followmg word. 

path here means a sequence of states and transiu'o 
ns. 
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The state-space is a good indicator of search complexity. Since the HMM representation for 
each word in the lexicon is fixed, the state-space is detennined by the language models. Ac­
cording to Chapter I I, every language model (grammar) is associated with a state machine 
(automata). Such a state machine is expanded to form the state-space for the recognizer. The 
states in such a state machine are referred to as language models states. For simplicity, we 
will use the concepts of state-space and language model states interchangeably. The expan­
sion of language model states to HMM states will be done implicitly. The language model 
states for isolated word recognition are trivial. They are just the union of the HMM states of 
each word. In this section we look at the language model states for various grammars for 
continuous speech recognition. 

12.3.1. Search Space with FSM and CFG 

As described in Chapter 8, the complexity for the Viterbi algorithm is O(N2T), where N is 
the total number of states in the composite HMM and Tis the length of input observation. A 
full time-synchronous Viterbi search is quite efficient for moderate tasks (vocabulary :S 
500). We have already demonstrated in Figure 12.11 how to search for a two-word continu­
ous speech recognition task with a uniform language model. The unifonn language model, 
which allows all words in the vocabulary to follow every word with the same probability, is 
suitable for connected-digit task. In fact, most small vocabulary tasks in speech recognition 
applications usually use a finite state grammar (FSG). 

Figure 12.12 shows a simple example of an FSM. Similar to the process described in 
Sections 12.2.3 and I 2.2.4, each of the word arcs in an FSG can be expanded as a network 
of phoneme (subword) HMMs. The word HMMs are connected with null transitions with 
the grammar state. A large finite state HMM network that encodes all the legal sentences 
can be constructed based on the expansion procedure. The decoding process is achieved by 
performing a time-synchronous Viterbi search on this composite finite state HMM. 

. In practice, FSGs are sufficient for simple tasks. However, when an FSG is made to 
sa1Jsfy the constraints of sharing of different sub-grammars for compactness and support for 
dynamic modifications, the resulting non-deterministic FSG is very similar to context-free 
~rammar (CFG) in tenns of implementation. The CFG grammar consists of a set of pr~duc­
llons or rules, which expand nonterminals into a sequence of terminals and nontennmaJs. 
Nomenninals in the grammar tend to refer to high-level task-specific concepts such as dates, 
!lames, and commands. The terminals are words in the vocabulary. A grammar also has a 
non-tenni I d . na es1gnated as its start state . 

. Although efficient parsing algorithms, like chart parsing (described in ~hapter 11 ),_ are 
availabJ_e for CFG, they are not suitable for speech recognition, whic~ require_s _ left-to-ng~: 
r;ocessing. A context-free grammar can be formulated with a recursive tranSll~On n~~w;.n 

TN). RTNs are more powerful and complicated than the finite state machines escn e , 
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Chapter 11 because they allow arc labels to refer to other networks as well as words. We use 
Figure 12.13 to illustrate how to embed HMMs into a recursive transition network. 

Figure 12.13 is an RTN representation of the following CFG: 

S4 NP VP 

NP4 sam I sam davis 
VP 4 VERB tom 

VERB 4 likes I hates 

There are three types of arcs in an RTN, as shown in Figure 12.13: CAT(x), PUSH (x), 
and POP(x). The CA T(x) arc indicates that x is a terminal node (which is equivalent to a 
word arc). Therefore, all the CAT(x) arcs can be expanded by the HMM network for x. The 
word HMM can again be a composite HMM built from phoneme (or subword) HMMs. 
Similar to the finite state grammar case in Figure 12.12, each grammar state acts as a state 
with incoming and outgoing null transitions to connect word HMMs in the CFG. 

During decoding, the search pursues several paths through the CFG at the same time. 
Associated with each of the paths is a grammar state that describes completely how the path 
can be extended further. When the decoder hypothesizes the end of the current word of a 
path, it asks the CFG module to extend the path further by one word. There may be several 
alternative successor words for the given path. The decoder considers all the successor word 
possibilities. This may cause the path to be extended to generate several more paths to be 
considered, each with its own grammar state. 

/w/ 

/ah/ /silence/ 

/silence/ 
/w/ + /ah/ + It/ -------' (optional) 

i 
Seattle's j weather 

;--.-::..B....:co=stc..;;.o.c:.n'.::..s_~-1·v population ~ 
Denver's ~ latitude ~ 

Figure 12-12 An illustration of how to compile a speech recognition task with finite state 
grammar into a composite HMM. 
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S: 

PUSH(NP) PUSH(VP) n~ pop 

V ~0~ 
CAT(sam) 

CAT (davis) 

NP: 0 
CAT (Sam) 

CAT 

CAT (likes) CAT(tom) 
pop 

VP: ~ 

CAT (hates) 

Figure 12.13 A simple RTN example with three types of arcs: CAT(x), PUSH (x), POP. 

. Readers should note that the same word might be under consideration by the decoder 
in the context of different paths and grammar states at the same time. For example, there are 
t~o word arcs CAT (Sam) in Figure 12.13. Their HMM states should be considered as dis­
tinct states in the trellis because they are in completely different grammar states. Two differ­
ent Slates in the trellis also means that different paths going into these two states cannot be 
~erged. Since these two partial paths will lead to different successive paths, the search deci­
sion needs to be postponed until the end of search. Therefore, when embedding HMMs into 
word arcs in the grammar network, the HMM state will be assigned a new state identity, 
alth0ugh the HMM parameters (transition probabilities and output distributions) can still be 
shared across different grammar arcs. 

. Each path consists of a stack of production rules. Each element of the stack also con-
tains the position within the production rule of the symbol that is currently being explored. 
The search graph (trellis) started from the initial state of CFG (state S). When the path needs 
to be extended, we look at the next arc (symbol in CFG) in the production. When the search 
~nters a CAT(x) arc (terminal), the path gets extended with the terminal, an~ the HMM tre_l­
hs computation is performed on the CA T(x) arc to match the model x agamst the acoustic 
data. When the final state of the HMM for x is reached, the search moves on via the null 
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transition to the destination of the CAT(x) arc. When the search enters a PUSH(x) arc, it 
indicates a nontem1inal symbol x is encountered. In effect, the search is about to enter a sub­
network of x~ the destination of the PUSH(x) arc is stored in a last-in first-out (LIFO) stack. 
When the search reaches a POP arc that signals the end of the current network, the control 
should jump back to the calling network. In other words, the search returns to the state ex­
tracted from the top of the LIFO stack. Finally, when we reach the end of the production rule 
at the very bottom of the stack, we have reached an accepting state in which we have seen a 
complete grammatical sentence. For our decoding purpose, that is the state we want to pick 
as the best score at the end of time frame T to get the search result. 

The problem of connected word recognition by finite state or context-free grammars is 
that the number of states increases enormously when it is applied to more complex gram­
mars. Moreover it remains a challenge to generate such FSGs or CFGs from a large corpus, 
either manually or automatically. As mentioned in Chapter I 1, it is questionable whether 
FSG or CFO is adequate to describe natural languages or unconstrained spontaneous lan­
guages. Instead, n-gram language models are often used for natural languages or uncon­
strained spontaneous languages. In the next section we investigate how to integrate various 
n-grams into continuous speech recognition. 

12.3.2. Search Space with the Unigram 

The simplest n-gram is the unigram that is memory-less and depends only on the current 
word. 

II 

P(W) == IJ P(w,) (12.11) 
i•l 

Figure 12.14 shows such a unigram grammar network. The final state of each word 
HMM is connected to the collector state by a null transition, with probability 1.0. The col­
lector stale is then connected to the starting state by another null transition, with transition 
probability equal to 1.0. For word expansion, the starting state is connected to the initial 
state of each word HM:M ':)y a null transition, with transition probability equal to the corre­
sponding unigram probability. Using the collector state and starting state for word expansion 
allows efficient expansion because it first merges all the word-ending pathss (only the best 
one survives) before expansion. It can cut the total cross-word expansion from N 2 to N. 

' In graph ~earch, :t partial p:tth still under consider:ttion is :tlso referred to :ts a theory although we will use palhs 
instead of theories in lhis book. ' 
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P(W
1
)/ 

w, 

w2 

• 
• 
• 

P(WN) 
WN 

Figure 12.14 A unigram grammar network where the unigram probability is attached as the 
transition probability from starting state S to the first state of each word HMM. 

12.3.3. Search Space with Bigrams 

617 

When the bigram is used, the probability of a word depends only on the immediately preced­

ing word. Thus, the language model score is: 

n 

P(W)=P(w1 l<s>)fi P(w, I wi-1) (12.12) 

,~2 

where <s> represents the symbol of starting of a sentence. 
_Figure 12.15 shows a grammar network using a bigram language model. Because of 

~~ bigram constraint, the merge-and-expand framework for unigram search no longer ap­
p •es here. Instead, the bigram search needs to perform expand-and-merge. Thus, bigram 
e1':pansion is more expensive than unigram expansion. For a vocabulary size N, the bigram 
woul~-need N 2 word-to-word transitions in comparison to N for the unigram. -~ach wo

rd 

tran5it1on has a transition probability equal to the corresponding bigram probabihty. Fortu­
n_ately, the total number of states for bigram search is still proportional to the vocabulary 
s1zeN. 
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Figure 12.15 A bigram grammar network where the bigram probability P( wi I W;) is at­
tached as the transition probability from word W; to w1 [ 19]. 

Because the search space for bigram is kept manageable, bigram search can be imple­
mented very efficiently. Bigram search is a good compromise between efficient search and 
effective language models. Therefore, bigram search is arguably the most widely used 
search technique for unconstrained large-vocabulary continuous speech recognition. Particu­
larly for the multiple-pass search techniques described in Chapter 13, a bigram search is 
often used in the first pass search. 

12.3.3.1. Backoff Paths 

When the vocabulary size N is large, the total bigram expansion N 2 can become computa­
tionally prohibitive. As described in Chapter 11, only a limited number of bigrams are ob­
servable in any practical corpora for a large vocabulary size. Suppose the probabilities for 
unseen bigrams are obtained through Katz's backoff mechanism. That is, for unseen bigram 
P(w1 I w1), 

P(wi I w;) = a(w;)P(w1) (12.13) 

where a( w,) is the backoff weight for word w
1 

• 
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Using the backoff mechanism for unseen bigrams, the bigram expansion can be sig­
nificantly reduced [ 12]. Figure 12.16 shows the new word expansion scheme. Instead of full 
bigram expansion, only ob~~~ved bigrams are c_onnected by direct word transitions with cor­
respondent bigram probab1httes. F~r backo~~ b1grams, t~e last state of word w1 is first con­
nected to a central backoff node w11h trans1t1on probability equal to backoff weight a(w,). 
The backoff node is then connected to the beginning of each word III with transition prob­
ability equal to its corresponding uni gram probability P( w1 ). Readeri should note that there 
are now two paths from w, to w.1 for an observed bigram P( w1 I w,). One is the direct link 
representing the observable bi gram P( wj I w,), and the other is the two-link backoff path 
representing a(w,)P(w

1
). For a word pair whose bigram exists, the two-link backoff path is 

likely to be ignored since the backoff unigram probability is almost always smaller than the 
observed bigram P( wi I w;) . Suppose there are only N6 different observable bigrams, this 
scheme requires Nh + 2N instead of N 2 word transitions. Since under normal circumstance 
Nb « N 2 , this backoff scheme significantly reduces the cost of word expansion. 

backoff node 

Figure 12.16 Reducing bigram expansion in a search by using the backoff node. In_ addition to 
· · d b' th last state of word w 1s first con-nonnal b1gram expansion arcs for all observe 1grams. e , . 

nected to a central backoff node with transition probability equal to backoff weight a(w!) · 

T 
· · f h o d w with its corresponding 

he backoff node is then connected to the begmnmg o eac w r 1 

unigramprobability P(w) [12). 

12.3.4. Search Space with Trigrams 

For a trigram language model, the language model score is: 

n 

P(W) = P( w
1 
1<s> )P( w

2 
l<s>, w1) TIP( w; I W;-2, w.--1) 

i:sl 

(12.14) 
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The search space is considerably more complex, as shown in Figure 12.17. Since the egu· 
!Va. 

lence grammar class is the previous two words w, and w1 • the total number of gramm 
states is N 2

• From each of these grammar states, there is a transition to the next word {l9]_ar 
Obviously, it is very expensive to implement large-vocabulary trigram search given 

the complexity of the search space. It becomes necessary to dynamically generate the tri­
gram search graph (trellis) via a graph search algorithm. The other alternative is to perform a 
multiple-pass search strategy, in which the. first-pass sear~h uses less detailed language 
models, like bigrams, to generate an n-best hst or word lattice, and then a second-pass de­
tailed search can use trigrams on a much smaller search space. Multiple-pass search strategy 
is discussed in Chapter 13. 

P(~l._ __ w_2_~1.------1~ 

Figure 1217 A · . . . ) is at· · tngram grammar network where the tngram probab1hty P(wj I w,, wi . 
tached to transition from grammar state word w w . to the next word w . Illustrated here is a 
tw d b " 1 i o-wor voca ulary, so there are four grammar states in the trigram network [19]. 
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12.3,5. How to Handle Silences Between Words 

Jn continuous speech r~cognition. there are unavoidable pauses (silences) between words or 
sentences. The pause 1s often referred to as silence or a non speech e t · · . . . - ven m continuous 
speech recogmtion: Acoust1cally, the pause is modeled by a silence model" that models 
bac~ground acoustic ~henom~na. Th~ silence model is usually modeled with a topology 
f1ex1ble. enough to accommod,lle a wide range of lengths, since the duration of a pause is 
arbitrary. 

It can be argued that silences are actually linguistically distinguishable events, which 
contribute to prosodic and meaning representation. For example, people are likely to pause 
more often in phrasal boundaries. However, these patterns are so far not well understood for 
unconstrained natural speech (particularly for spontaneous speech). Therefore, the design of 
almost all automatic speech recognition systems today allows silences occurring just about 
anywhere between two lexical tokens or between sentences. It is relatively safe to assume 
that people pause a little bit between sentences to catch breath, so the silences between sen­
tences are assumed mandatory while silences between words are optional. In most systems, 
silence is often modeled as a special lexicon entry with special language model probability. 
This special language model probability is also referred to as silence insertion penalty that is 
set to adjust the likelihood of inserting such an optional silence between words. 

It is relatively straightforward to handle the optional silence between words. We need 
only to replace all the grammar states connecting words with a small network like the one 
shown in Figure 12.18. This arrangement is similar to that of the optional silence in training 
continuous speech, described in Chapter 9. The small network contains two parallel paths. 
One is the original null transition acting as the direct transition from one word to another, 
while the other path will need to go through a silence model with the silence insertion pen­
alty attached in the transition probability before going to the next word. 

One thing to clarify in the implementation of Figure 12.18 is that this_ silence expan­
sion needs to be done for every grammar state connecting words. In the umgram gr~mmar 
network of Figure 12.14, since there is only one collector node to con~ect wo_rds, the silence 
expansion is required only for this collector node. On the other hand, m the bigram grammthar 
network of Figure 12.15, there is a collector node for every word before expanding to e 
next word. In this case the silence expansion is required for every collector node. For a vo­
cabulary size I V I , thi~ means there are I V I numbers of silence networks in the grammar 

~ h · b·gram search we cannot merge search network. This requirement lies in the ,act t at m 1 f 
paths before expanding into the next word. Optional silence can then be regardedfas Pfi~ oh 
th · needs to be done a ter mis -
. e search effort for the previous word, so the word expansion . wo ossible ronuncia-
ing the optional silence Therefore we treat each word as having t_ _P p -1 ·n 
. · , . Th' · omt integrates s1 ence 1 

lions, one with the silence at the end and one without. ,s viewp 
the word pronunciation network like the example shown in Figure 12· 1

9· 

~o . . nee models In that case, there ure several silence 
me researchers extend the context-dependent modeling to silc · · 

models bas •d . c on surrounding conte,i:ts. 
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w; ~ 
-------->0--------> 

/sill 

w; ~ ------ > 
Figure 12.18 Incorporating optional silence (a non-speech event) in the grammar search net­
work where the grammar state connecting different words is laced by two parallel paths. One 
is the original null transition directly from one word to the other, while the other first goes 
through the silence word to accommodate the optional silence. 

For efficiency reasons, a single silence is sometimes used for large-vocabulary con­
tinuous speech recognition using higher order n-gram language model. Theoretically, this 
could be a source of pruning errors.7 However, the error could tum out to be so small as to 
be negligible because there are, in general, very few pauses between word for continuous 
speech. On the other hand, the overhead of using multiple silences should be very minimal 
because it is less likely to visit those silence models at the end of words due to pruning. 

It/ luwl 

Figure 12.19 An example of treating silence as of the pronunciation network of word TWO. 
The shaded nodes represent possible word-ending nodes: one without silence and the other one 
with silence. 

12.4. TIME-SYNCHRONOUS VITERBI BEAM SEARCH 

When ~Ms are used for acoustic models, the acoustic model score (likelihood) used in 
sear~h 15 by definition the forward probability. That is, all possible state sequences must be 
considered. Thus, 

' Speech recognition errors d b- . . rs which ·u bed . . ue to su optimal search or heuristic pruning are referred to as pnmmg erro • 
wi escnbcd In detail in Chapter 13. 
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P(X I W) = L P(X,s~ I W) 
,r/1 possible .,~ 

(12.15) 

where the summation is to be taken over all possible state sequences s with the word se­
quence W unde_r consideration. Howeve~, under the trellis framework (as in Figure 12. 11 ), 
more bookkeeping must be performed smce we cannot add scores with different word se­
quence history. Since th~ goal. of decodin~ is to uncover the best word sequence, we could 
approximate the summation with the maximum to find the best state sequence instead. The 
Bayes' decision rule, Eq. (12.5), becomes 

(12. 16) 

Equation (12.16) is often referred to as the Viterbi approximation. It can be literally 
translated 10 "the most likely word sequence is approximated by the most likely state se­
quence." Viterbi search is then sub-optimal. Although the search results by using forward 
probability and Viterbi probability could, in principle, be different, in practice this is rarely 
the case. We use this approximation for the rest of this chapter. 

The Viterbi search has already been discussed as a solution 10 one of the three funda­
mental HMM problems in Chapter 8. It can be executed very efficiently via the same trellis 
framework. To briefly reiterate, the Viterbi search is a time-synchronous search algorithm 
that completely processes time t before going on to time t+ 1. For time 1, each state is up­
dated by the best score (instead of the sum of all incoming paths) from all states in at time 
t-1. This is why it is often called time-synchronous Viterbi search. When one update occurs, 
it also records the backtracking pointer to remember the most probable incoming state. At 
the end of search, the most probable state sequence can be recovered by tracing back th~se 
backtrnck.ing pointers. The Viterbi algorithm provides an optimal solution for handhng 
nonlinear time warping between hidden Markov models and acoustic ?~servati~n, ~~rd 

boundary detection and word identification in continuous speech recognition. This unified 
Viterbi search algorithm serves as the basis for all search algorithms as described in the reSt 

of the chapter. 
It is necessary to clarify the backtracking pointer for time-synchronous Yiterbi search 

for continuous word recognition We are generally not interested in the optimal state se­
qu · · · I d sequence 
i e_nce for speech recognition.H Instead, we are only interested m the opuma wor word 

h
~d1cated by Eq. ( 12.16). Therefore we use the backtrack pointer just to rememberhthe d of 
1s1ory fo th ' be recovered at t e en 

r e current path so the optimal word sequence can h'story 
search. To be more specifi~ when we reach the final state of a word'. w~ create ad :o the 
OOde conta· · • . . d pend this history no e 

. . mmg the word identity and current time mdex an ap ode if it 
existing b k . d onto the successor n 

ac track pointer. This backtrack pointer is then passe 

------------ . ' While we . e are very useful in deriving phoneuc 
segrne . are not mterested in optimal state sequences for ASR. th Y 

Qlat10n h' h d 1 · ,g ASR systems. 
' w IC could provide important info1T11ation for eve opu 
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is the optimal path leading to the successor node for both intra-word and inter-word transi­
tion. The side benefit of keeping this backtrack pointer is that we no longer need to keep the 
entire trellis during the search. Instead, we only need space to keep two successive time 
slices (columns) in the trellis computation (the previous time slice and the current time slice) 
because all the backtracking infonnatio11 is now kept in the backtrack pointer. This simplifi­
cation is a significant benefit in the implementation of a time-synchronous Viterbi search. 

Time-synchronous Viterbi search can be considered as a breadth-first search with dy­
namic programming. Instead of performing a tree search algorithm, the dynamic program­
ming principle helps create a search graph where multiple paths leading to the same search 
state are merged by keeping the best path (with minimum cost). The Viterbi trellis is a repre­
sentation of the search graph. Therefore, all the efficient techniques for graph search algo­
rithms can be applied to time-synchronous Viterbi search. Although so far we have 
described the trellis in an explicit fashion-the whole search space needs to be explored 
before the optimal path can be found-it is not necessary to do so. When the search space 
contains an enonnous number of states, it becomes impractical to pre-compile the composite 
HMM entirely and store it in the memory. It is preferable to dynamically build and allocate 
portions of the search space sufficient to search the promising paths. By using the graph 
search algorithm described in Section 12.1.1, only part of the entire Viterbi trellis is gener­
ated explicitly. By constructing the search space dynamically, the computation cost of the 
search is proportional only to the number of active hypotheses, independent of the overall 
size of the potential search space. Therefore, dynamically generated trellises are key to heu­
ristic Viterbi search for efficient large-vocabulary continuous speech recognition, as de­
scribed in Chapter 13. 

12.4.1. The Use of Beam 

Based on Chapter 8, the search space for Viterbi search is O(NT) and the complexity is 
O(N2T), where N is the total number of HMM states and Tis the length of the utterance. 
For large-vocabulary tasks these numbers are astronomically large even with the help of 
dynamic programming. In order to avoid examining the overwhelming number of possible 
cells in the HMM trellis, a heuristic search is clearly needed. Different heuristics generate or 
explore portions of the trellis in different ways. 

A simple way to prune the search space for breadth-first search is the beam search de­
scribed in Section 12.1.3.2. Instead of retaining all candidates (cells) at every time frame, a 
threshold Tis used to keep only a subset of promising candidates. The state at time t with the 
lowest cost Dmin is first identified. Then each state at time t with cost > D - + T is dis­
carded from further consideration before moving on to the next time frame t.;t The use of 
the _bea~ alleviates the need to process all the cells. In practice, it can lead to substantial 
savings m computation with little or no loss of accuracy. . 

Al th0ugh beam search is a simple idea, the combination of time-synchronous Viterbi 
and beam search algorithms produces the most powerful search strategy for large­
vocabulary speech recognition. Comparing paths with equal length under a time-
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