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ABSTRACT phone models [3], or context-dependent phone models and two

types of hypotheses (grid hypotheses and grammartical hypotheses)
This paper describes a Viterbi search algorithm for continuoug).

speech recognition using context-dependent phone models under
the constraint defined by a context-free grammar (CFG). It is basddhis paper proposes an algorithm that is also based on FSN-based
on a frame synchronous LR parser which dynamically generatese-pass search algorithm and has three major advantages: use
a finite state network (FSN) from the CFG with an efficient patlof context-free grammar (CFG) for language constraints; dynamic
merging mechanism. Full context-dependency (intra- and inteRSN generation; and full context-dependency (intra- and inter-word
word context) is taken into account in the likelihood calculatiorcontext) for acoustical models. For dynamic FSN generation taking
process. into consideration full context-dependency and path merging based
on LR parsing, we propose a new method call@elayed Arc
This paper first describes the algorithm and the processing mech@yaluation which easily locates an appropriate context-dependent
nism, then compares the experimental results of our algorithm afghone model, the label of which is given to an FSN arc. The
the conventional tree-based HMM-LR speech recognition algorithigontext-dependent phone HMM used here is an HMnet (hidden
which uses HMMs and an LR parser in phone-synchronous procesgarkov network) [6] that represents a large variety of allophonic
ing. The experiments show that our algorithm runs faster than thgyriations in a compact network structure of hidden Markov states.
conventional HMM-LR algorithm with an equivalent recognition

accuracy. 2. SEARCH ALGORITHM
1. INTRODUCTION 2.1. Path Merging Using LR Parser

The combination of a Finite-State Network (FSN) and one-pasgy ysing a simple Japanese phrase grammar (Figure 1) and a partial
search_e_llgorlthm [4]is _sultable for real-time processing of Speeqlﬂ/potheses derived from the grammar (Figure 2), we describe how
_recognltlon b_ecause of its frame synchronous processing and eas‘ﬁ%otheses can be merged. This grammar is compiled to an LR table
implementation. On the other hand, use of Context-Free Grammggforehand. The hypothesis generation starts from one hypothesis
(CFG) is advantageous in representing more generalized languagfose stack has only a state of ‘0’ and then extends the hypotheses
constraints. Generalized LR parser [7] is one of most efficientorresponding to the possible LR actions described in the table.
parsers and is often used in natural language processing as Walle stack content of each hypothesis changes by pushing a state
as in continuous sp_eec_h recognition. _It was comblneo! with '_'”V'Mo the stack or popping states off the stack according to the action.
phone models [1] first in the level-building style and it providedthe numbers shown in Figure 2 represent the stack contents of
one of the most accurate speech recognition methods producing fypotheses (state numbers). The path is divided into three paths
best candidates under a constraint defined by a CFG. This methg@cause there are three words for town in this grammar but the paths
however, tends to be inefficient in cases of a large CFG as numergys,ch the same node whose stack content is [0, 1, 3] through the

similar hypot_heses may be generated in the tree search process..l,g@uCe action using production rules (2), (3), (4). Therefore, these
cope with this problem, FSN-based one-pass network search Wiffyee paths can be merged at this node.

merged hypotheses seems effective. Since, apparently, it may not be

feasible to compile an FSN beforehand for the given CFG because © s — - phrase -

of the infinite expansion of recursive grammatical rules, the FSN (1) phrase — town particle
must be only partially expanded and incrementally and dynamically (2) town — koo fu
generated in the search process. From this motivation, several (3) town — koobe
methods integrating FSN-based one-pass search and LR parser (4) town — kogane.
have already been proposed incorporating context-dependent phone (5) particle — kar a

models and temporary wild-card models [2], context-independent .
Figure 1: Japanese phrase grammar
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Figure 2: Example of path merging based on LR parsing

2.2. Dynamic FSN Generation Based on De- and left phones of the triphone for each input arc of the source node.
layed Arc Evaluation Finally, the new arcs labeled with triphones are generated (solid
lines in Figure 3.) If the input arc is a null-transition arc, the source
As mentioned above, we can find the merging points based dpde of the null-transition arc is checked recursively and the new
LR parsing. It is, however, not a simple problem particularlyarcs are set directly between the nodes.
when the phone models are context-dependent and full phonetic ) ) )
context dependency (i.e., both intra-word and cross-word contels the evaluation of a predicted phone as a center phone is delayed

dependency) is taken into account. The advantage of our algorithffitil the next step, we call this method “Delayed Arc Evaluation

is that it efficiently performs frame synchronous processing with fulf DAE)".
phonetic context dependency and that it attains a high hypothe

s - . .
merging efficiency. ﬁslerglng nodes such aMl in Figure 3 are generated using this

method. They should not be merged necessarily. This problem can

In Figure 1, terminal symbols are context-independent phone@? avoided by giving the restrictior_l in the calculation or cregting
If these terminals were context-dependenet phones, the gramnfgiother node between the related input and output arcs. Itis also

could handle context-dependent phone models. However, in sucif@Ssible to leave this just as it is and to use it as an approximation
case, three other non-terminal symbols would be used respectiv&giculation.

instead of the non-terminal symbdtswvn andparticle. Therefore . . . .
. . L SYT P : ' The dynamic FSN generation algorithm based on DAE is summa-
the merging point such as in Figure 2 would not be obtained (Three )
L o rized as follows:
paths would exist in parallel for a certain time). If separate non-
terminal symbols were not used, it would be necessary to uselr?dA Set of active nodes

device such as context-independent phones for the beginnings & ReduceNode(n) New node generated by the reduce

endings of the words. action for node: with ruler

We decided to use context-independent phones for the CFG terminal ShiftNodep, s, n) - New node generated by shift action
for noden with phonep and pusts

symbols and to set the context-dependent phones dynamically every :

time the network is expanded. This is described more concretdly EXistNode) If there already exists a node whosg
in Figure 3. Here triphones are used as context-dependent models. stack contents are the same as that of
Basically, FSN nodes are created so that they correspond to the n, return the node
stacks shown in Figure 2. These nodes are also used as the>SPurceNode() Returns the source node of arc
hypotheses for LR parsing. First, for an active node (hereinafter EXistConnection, m,p) _

called the source node), a possible LR action is taken and a new TRUE if there already exists a connec
stack content is obtained. If there already exists a node whose stack tion from noden to m with terminal
content is the same as the one described above, a new node is|not symbolp

generated but rather a new path is generated (if there is no such a _ (otherwise FALSE)

path). In this case, the path is merged with other paths at the node. MakeLRConnection{, m, p) )

Otherwise, a new node is generated and the path between the sojrce Create a connection from nodeo m
and the new node is generated. Paths are shown in Figure 3|as with terminal symbop

dotted lines. There is a context-independent phone corresponding M0d€!@) Returns the context-dependent mode
to the path generated by the shift action. (Paths generated by the of the arca _

reduce action has no phones and a null-transition arc is generated=XIStATC(2, 1, ¢) - TRUE if there already exists an arc
between the nodes.) Next, the context-dependent phone moglel from node n to m with context-
labeled as an input arc of the new node is determined by using a dependent mode
context-independent phone (the right hand context) and both center (otherwise FALSE)




Figure 3: Context-dependent phone-labeled arcs of the FSN

Dynamic FSN Generation Based on DAE

N—AS—¢,R—2¢
A—¢
while N # ¢ do
for each nodex € NV do
for each possible LR actionfor n do
if  is reduce actiothen
R—RU<rn>
wherer is applied rule number
else ifz is shift actionthen
S—Su<p,s,n>
wherep is the shifted Cl-phone,
s is the LR state number
end
end
removen from N
A— AU {n}
end
if R # ¢ then
call MakeReduceNodes
end
end

call MakeShiftNodes

MakeReduceNodes

N «— ¢
for each item< r,n > € R do
n' «— ReduceNode{ n)
m «— ExistNodeg')
if m # ¢ then
N — NU{m}
if not ExistConnection, m, ¢) then
MakeLRConnectiont, m, ¢)

end
else
MakeLRConnectiont, n’, ¢)
N~ NuU{n'}
end
end

MakeShiftNodes

A—¢
for each item< p,s,n > € S do
n' « ShiftNodep, s, n)
m «— ExistNodeg")
if m #£ ¢ then
n —m
end
call SetArcs with itemx n,n/,p >

end

SetArcs(, n’, p)

for each input-are of n do
if @ # null-transitionthen
q — Model(@)
q' — GetModelg, p)
if not ExistArc(z, n’, ¢’) then
set arc from node to »’
with context-dependent mode|
end
else
n'" — SourceNode()
call SetArcs with itemx n,n",p >
end
end

A—Aun



2.3. Recognition Algorithm

100

The recognition algorithm based on a one-pass Viterbi search using 90 ‘
dynamic FSN generation is specified as follows: 80 PR

(1) FSN pre-generation and buffer initialization g 70 /

(2) for each frame, do steps (3) through (5) Q‘ 60

(3) Dynamic FSN generation based on DAE % S0

(4) FSN based one-pass Viterbi search TBJ 40 5

(5) Set active nodes = 30

(6) Backtrace 20 & FSVALR

10 —e— HMM-LR | |

FSN pre-generation is necessary because arcs labeled with context- 0 ] ]
dependent phones are not generated during the first few steps. 0 5 10 15 20 25 30 35 40 45

CPU time (sec)
3. EXPERIMENTS

. . . . Figure 4. Word accuracy as a function of the average CPU time
This section shows the results of the experimental comparison

between the proposed algorithm and the conventional HMM-LR
a!gquthm. .The experlments were perfor.med using utterapces CORAd effective path merging based on LR parsing. The experimental
sisting of city names with unnecessary filler uttererances included. . . ;
; . résults show that our algorithm requires less computation than the
The basic form of the utterances is: :
normal HMM-LR algorithm does.
sentence— pre_garbage cityname posigarbage
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