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- Basic Search Algorithms

The composite HMMs shown in Figure 12.!0 can l?e viewed as a stochastic finjte state
network with transition probabilities and output dnstnbuu.ons. The search allgon'thm is essen-
tially producing a match between the acoustc opf)ervauon‘x and a path” in the stochastic
finite state network. Unlike isolated _word recognition, continuous speech recognition needs
to find the optimal word sequence W. Thg 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 ¢ in the trellis. Each cell C,, in the trellis can be
connected to a cell corresponding to time ¢ or r+1 and to states in the stochastic finite state
network that can be reached from s. To make a word transition, there is a null 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 ¢ is completely computed before proceeding to time r+1.

Time

Figure 12.11 HMM trey .
the final sta trellis for continuous speech recognition example in Figure 12.10. When

state of the word HMM js reach i .y i linked
: i ed, a null e) is linke
from it to the initjal State of the following word EF s vy § b lam)

4
A
Path here means a Sequence of states and transitions
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123. LANGUAGE MODEL STATES

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 determined by the language models. Ac-
cording to Chapter 11, 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.

123.1.  Search Space with FSM and CFG

As described in Chapter 8, the complexity for the Viterbi algorithm is O(NT), where N is
the total number of states in the composite HMM and T is the length of input observation. A
full time-synchronous Viterbi search is quite efficient for moderate tasks (vocabulary <
300). 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 uniform 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
3pplications 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 12.2.4, 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
¢an be constructed based on the expansion procedure. The decoding process is achieved by
performing 4 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
sty 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
Brammar (CFG) in terms of implementation. The CFG grammar consists of a set of produc-
tlons or ryles, which expand nonterminals into a sequence of terminals and nonterminals.

Onterminals in the grammar tend to refer to high-level task-specific concepts such as dates,
r[:zm . and commands. The terminals are words in the vocabulary. A grammar also has a

M-eminal designated as its start state. .

_ Although efficient parsing algorithms, like chart parsing (described in Qhapter 11),. a;le
2Vailable, for CFG, they are not suitable for speech recognition, which requires left-to-rig kt
Processing, A context-free grammar can be formulated with a recursive transition nf:;“s)irn

). RTNs are more powerful and complicated than the finite state machines describe
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614 Basic Search Algorithms

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:

S— NP VP

NP— sam | sam davis
VP — VERB tom

VERB — likes | hates

There are three types of arcs in an RTN, as shown in Figure 12.13: CAT(x), PUSH (x),
and POP(x). The CAT(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.

Iw/ t/
/ah/ /silence/
/silence/
fwl + fahl + fif ———————— (optional)
What is Seattle's weather
Boston's populatnon
Show 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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m PUSH(vP) pop
N @ @/\ /\

CAT (S.lm) CAT (dﬂVlS) pop
B /_\A

CAT (Sam) CAT

CAT (likes) CAT (tom) pop

- ° @ @ N
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
two 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 states in the trellis also means that different paths going into these two states cannot be
Merged. 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,
although 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 aiso con-
@ins the position within the production rule of the symbot that is currently being explored.

€ search graph (trellis) started from the initial state of CFG (state S). When the path needs
0 be extended, we look at the next arc (symbol in CFG) in the production. When the search
enters a CAT(x) arc (terminal), the path gets extended with the terminal, and the HMM tre'l-
lis Computation jg performed on the CAT(x) arc to match the model x against 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) are, it
indicates a nonterminal 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 7 to get the search result.

The problem of connected word recognition by finite state or context-free graminars 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 11, it is questionable whether
FSG or CFG 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.

POW) =] P(w) az.1
i=]

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 state 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 HMM by 2 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 paths’ (only the best
one survives) before expansion. It can cut the total cross-word expansion from N 2 to N.

T In graph search, a partial path still under consideration is also referred to as a theory, although we will use paths
instead of theories in this book.
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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.

1233.  Search Space with Bigrams

When the bigram is used, the probability of a word depends only on the immediately preced-
ing word. Thus, the language model score is:

P(W) = P(w, | <s>)f[ P(w, | w,) (12.12)

=2

where <g> represents the symbol of starting of a sentence.

Figure 12.15 shows a grammar network using a bigram language model. Because of
the bigram constraint, the merge-and-expand framework for unigram search no longer ap-
plies here. Instead, the bigram search needs to perform expand-and-merge. Thus, bigram
&Xpansion is more expensive than unigram expansion. For vocabulary size N, the bigram
Would need N word-to-word transitions in comparison to N for the unigram..l?ach word
ansition has a transition probability equal to the corresponding bigram probability. Fortu-

Nately, the total number of states for bigram search is still proportional to the vocabulary
Size N,
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P(W, | W,)

P(W, | W) \

P(W, | Wy)

P(Wy W)

Figure 12.15 A bigram grammar network where the bigram probability P(w, |w,) is at-
tached as the transition probability from word w, to w, [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’ 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(w,; |w,),
P(w; 1w,) = o(w,)P(w,) (12.13)

where a/(w,) is the backoff weight for word w, .
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Using the backoff mechanism for unseen bigra i i i
nificantly reduced [12]. Figure 12.16 shows the ne\gv wncl)sr,cit::p:;gsriirr‘: sec’;[:rl;l]esﬁn iandbe P
bigram expansion, only observed bigrams are connected by direct word trans.'t'nS o e
respondent bigram probabilities. For backoff bigrams, the last state of word w is -y
pected to @ central backoff node with transition probability equal to backciff - .lShﬁl'St iy
The backoff noc_ie is then connected to the beginning of each word w, with tr;elg' ‘[ iy
ability equal to 1S corresponding unigram probability P(w,). Readers/ should ngls:zzn plrlOb-
are now two paths from w, to w, for an observed bigraij(w | w,). One is the di ot l'ere
representing the observable bigram P(w, {w,), and the other {s thle .two-link bacl!:efcft .
representing a(w,)P(w;). Fora word pair whose bigram exists, the two-link backof? f:"h
likely to be ignored since the backoff unigram probability is almost always smaller th!;;a thls
observed bigram P(w; | w;). Suppose there are only N, different observable bi ramsnth'e
scheme requires N, +2N instead of N*® word transitions. Since under normal cirgcums;am:s
N, < N?, this backoff scheme significantly reduces the cost of word expansion. )

backoff node

search by using the backoff node. In addition to
bigrams, the last state of word w is first con-
bability equal to backoff weight a(w,) .
f each word w, with its corresponding

Figure 12.16 Reducing bigram expansion in a
normal bigram expansion arcs for all observed
nected to a central backoff node with transition pro
Thg backoff node is then connected to the beginning o
unigram probability P(w,) [12].

1234.  Search Space with Trigrams

F 5
Oratrigram language model, the language model score is:

P(W) = P(w, | <s>)P(w, | <s>,w, )ﬁ P(w, | WigsWiat) (12.149)

i=3
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The search space is considerably more complex, as shown in Figure 12.17. Since the equivg
lence grammar class is the previous two words w, andw,, the total number of gramma;
states is N*. From each of these grammar states, there is a transition to the next word [19)

Obviously, it is very expensive to implement large-vocabulary trigram search giv.en
the complexity of the search space. It becomes necessary to dynamically generate the trj-
gram search graph (trellis) via a graph search algorithm. The other alternative is (o perform a
multiple-pass search strategy, in which the first-pass search uses less detailed language
models, like bigrams, to generate an n-best list 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(W, [W,, W)

W S—

P(W, | W,, W) P(W, | W,, W)

P(W,|W,, W)

P(W, | W,, W,)

P(W,|W, , W
(W, W,, W,) P(W, [ W,, W,)

Y W

(W, | W,, W)

f:gk:n: 12.17 A trigram grammar network where the trigram probability P(w, [#,%;) i a:
; ched to transition from grammar state word W,,w, to the next word w; . Ilustrated here 13
Wo-word vocabulary, so there are four grammar states in the trigram network [19]-
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12.3.5. How to Handle Silences Between Words

T continuous speech TF?Og"il'iOH- there are unavoidable pauses (silences) between words or
sentences. The. pause is of.t.en referred to as .snence Or a non-speech event in continuous
speech recognition. Acoustically, the pause 1s modeled by a silence model® that models
baclfground acoustic phenomena. Thg silence model is usually modeled with a topology
flexible enough to accommodate a wide range of lengths, since the duration of a pause is
arbitrary.

[t can be argut?d 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 mode! 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 a2 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. o

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 unigram grammar
network of Figure 12.14, since there is only one collector node to con.nect wqrds, the silence
expansion is required only for this collector node. On the other hand, in the bigram gmmmmm
network of Figure 12.15, there is a collector node for every word before expanding to the
next word. In this case, the silence expansion is required for every colleetor Od; ) Fo; :“;Z;
cabulary size ||, this means there are |V | numbers of SI'IEnce networks in the g: gy
search network. This requirement lies in the fact that in bigram search we Zar;n:‘)s artif
Paths before expanding into the next word. Optional silence can e bi,reggneeafter%nish-
the search effort for the previous word, so the word expansion rieeds to'te ssible pronuncia-
ing the optional silence. Therefore, we (reat each word as having To FUR 7 Fo T
tions, one with the silence at the end and one without. This viewpoint infcg

the word pronunciation network like the example shown in Figure 12.19.

—

. i at case, there are several silence
Some tesearchers extend the context-dependent modeling to silence models. In that ¢

Modejg
els based on surrounding contexts.
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Isill

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.” However, the error could turn 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.

1/ fuw/

O———0

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.

124. TIME-SYNCHRONOUS VITERBI BEAM SEARCH

When HMMs are used for acoustic models, the acoustic model score (likelihood) used in

searc.h is by definition the forward probability. That is, all possible state sequences must be
considered. Thus,

7
Speech recognition errors due t i i hich
- 0 0 sub-optimal search isti i ning errors, W
Will be described in detal i Chapce, 13‘P or heuristic pruning are referred to as pruning
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PXIW)= D, P(Xss|W) (12,15

«ll possible _‘_“r

where the summation is to be taken over all possible state sequences S with the word se-

uence W under consideration. However, under the trellis framework (as in Figure 12.11),
more bookkeeping must be performed since we cannot add scores with different word se-
quence history. Since ther goal'of decoding 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

W argmax P(W)P(X| W) = arg max {P(W)11;3x P(X,sT| w)} (12.16)

Equation (12.16) is often referred to as the Viterbi approximation. It can be literally
wranslated to “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 to 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 ¢ before going on to time ¢+1. For time ¢, each state is up-
dated by the best score (instead of the sum of all incoming paths) from all states in at time
~1. This is why it is often called time-synchronous Viterbi search. When one update occurs,
italso 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 these
backtracking pointers. The Viterbi algorithm provides an optimal solution for. handling
nonfinear time warping between hidden Markov models and acoustic observation, word
b?""dary detection and word identification in continuous speech recognitiogl. Th'ls unified
Viterbi search algorithm serves as the basis for all search algorithms as described in the rest
of the chapter, L
; It fs Necessary to clarify the backtracking pointer for time—synf:hronous Yltelrbl steat;lj
q‘l’]‘e:::tfmuous word recognition. We are generally not intere‘sted in the olpvt;;ﬂrz szt;ui:nce
; Or speech recognition.” Instead, we are only interested in the opuma

::?dicated by Eq. (12.16). Therefore, we use the backtrack pointer just to rememberhﬂlz:éogz
Slory for the current path, so the optimal word sequence can be recovered at the €
Search, path, P a word, we create a history

To be more i final state of
specific, when we reach the fina » WE i e
e €ontaining the word identity and current time index and append this history no

it : -essor node if it
'Sting backtrack pointer. This backtrack pointer is then passed onto the suce

I . e -
" e in optiml s ul in deriving phonetl
Sezr:.zi:u“,'e are not interested in optimal state sequences for ASR., they are \::gs usefi

"o whichcould provide important information for developing ASR systems.
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is the optimal path leading to the successor node for both intra-word and inter-word transj.
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 information 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 enormous 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(N°’T), where N is the total number of HMM states and T is 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 T is used to keep only a subset of promising candidates. The state at time ¢ with the
lowest cost D, is first identified. Then each state at time ¢ with cost > D, +7 is dis-
carded from further consideration before moving on to the next time frame f+1. The us¢ of
the beam alleviates the need to process all the cells. In practice, it can lead to substantial
savings in computation with little or no loss of accuracy. :

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

Amazon/VB Assets
Exhibit 1011
Page 650





