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Abstract

In this paper, a decoding method incorporating word-

level con�dence measures for improved speech recog-

nition is presented. At �rst, we focus on the estima-

tion of con�dence measures from the word graph and

evaluate them in word graph rescoring (2nd-pass in

2-pass search system). Next, we propose the lexical

tree search (1st-pass in 2-pass search system) incor-

porating the word-level con�dence measures and an

iterative decoding based on the con�dence measures,

resulting in the re-construction of the word graph.

The experimental results showed that this method

achieved a slight improvement at word accuracy.

1. INTRODUCTION

Recently, con�dence measures to the output from

speech recognition system are studied in many prac-

tical applications of speech recognition technology.

Previous works on con�dence measures have either

investigated the utterance veri�cation based on acous-

tical con�dence measures [1]-[3] or unsupervised speaker

adaptation using con�dence measures [4].

In this paper, we study on decoding methods in-

corporating the word-level con�dence measures for

improved speech recognition. In [5][6], word graph

rescoring based on word posterior probability was

proposed. As an extension of the above decoding

method, we propose here an iterative decoding pro-

cedure and word graph re-construction based on the

con�dence measures. Carring out the iterative de-

coding incorporating the con�dence measures, it is

expected to achieve more accurate result.

This paper is organized as follows. In section 2, a

brief review of our 2-pass LVCSR system is described

as well as the estimation methods of two con�dence

measures from the word graph. In section 3, we de-

scribe the decoding method incorporating the con�-

dence measures in word graph rescoring and evaluate

it in Japanese 20K-words dictation task. In section 4,

a lexical tree search method incorporating the con-

�dence measures is described and the iterative de-

coding system is proposed. The iterative decoding

system is evaluated in Japanese 20K-words dictation

task.

2. SYSTEM DESCRIPTION AND

CONFIDENCE ESTIMATION

In this section, an overview of our baseline LVCSR

system and the estimation of word-level con�dence

measures are described.

2.1. Baseline LVCSR System

As a baseline LVCSR system, we adopted 2-pass

search strategy[7][8]. At the 1st-pass, a word graph

is generated using the lexical tree search with bigram

language model. Then, at the 2nd-pass, the best sen-

tence is searched in the word graph using the acoustic

score computed at the 1st-pass and trigram language

model.

2.2. Word Graph Based Con�dence Estimation

The word-level con�dence measures are computed

from a word graph which contains a large number

of competing word hypotheses with their associated

likelihoods as an output of the 1st-pass. The word

graph or N-best list based con�dence measures (in-

directly) takes both statistical models (acoustic and

language model) into account[9][10][11]. Therefore,

it can achieve better performance than the other

con�dence measures (ex. likelihood ratios by com-

binating the conventional Viterbi decoder and the

sub-word decoder)[10]. We describe hereinafter two

types of con�dence measures computed from a word

graph.

2.2.1. Number of edge connections in a word graph

The word graph represents the most likely word con-

nections for each utterance. It can be said that

the edges (words) which have large number of con-

nections to the other edges (words) are reliable in

the input utterance. Therefore, con�dence measure
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CMconnect(wn) of edge wn is computed as follows

(Figure 1):

CMconnect(wn) =
fin(wn)fout(wn)P
N

i=1
fin(wi)fout(wi)

(1)

where fin(wn) is the number of connections from the

predecessor edges, fout(wn) is the number of connec-

tions to the succeeding edges.

Wn

f in(Wn)=3 f out(Wn)=3

Figure 1: Example of connections at edge wn in a

word Graph

2.2.2. Word posterior probability

Another CM is word posterior probability based on

the word graphs. At �rst, the edge posterior proba-

bility P (wnjX) is estimated for each edge as follows[5][6].

P (wnjX) =
�(s(Wn))Pac(Wn)Plm(Wn)�(e(Wn))

P (X)
(2)

where s(Wn) is the start node of the edgeWn, e(Wn)

is the end node, �(s(Wn)) is the forward probabil-

ity, �(e(Wn)) is the back probability, Pac(Wn) is

the acoustic probability of the edge Wn, Plm(Wn)

is the language model probability included the edge

Wn. The forward probability �(s(Wn)) represents

the sum of the likelihoods of all paths from the start

node of the graph to node s(Wn). As similar, the

backward probability �(e(Wn)) represents the sum

of the probabilities of all paths from node e(Wn) to

the end node of the word graph. The probability

P (X) can be computed as the sum of the sentence

posterior probability of all paths in the word graph.

Finally, word posterior based CM is computed by

summing all the edge posterior probabilities which

have the same word label as follows.

CMposterior(wn) =
X

w=Wn

P (wjX) (3)

3. DECODING

In this paper, the decoding methods are investigated

which incorporates the word-level con�dence mea-

sures for improved speech recognition. At �rst, we

describe the word graph rescoring method incorpo-

rating the word-level con�dence measures mentioned

above and evaluate it.

3.1. Word Graph Rescoring Using Con�dence Mea-

sures

In the baseline LVCSR system, the rescoring of the
word graph can be carried out at the word level using
a dynamic programming algorithm with the acoustic
score and trigram language model. In the con�dence
based rescoring, the con�dence measures are added
as an additional score to the acoustic and language
scores[6]. An edge (word) score Score(W ) is de�ned
as follows:

Score(W ) = acous(W ) + lm(W jU;V ) + wcmCM(W )
(4)

where acous(W ) is the acoustic score of word W ,

lm(W jU; V ) is the trigram score, CM(W ) is the con-

�dence measure of wordW and wcm is the weighting

parameter for the con�dence measure.

3.2. Experiments in Word Graph Rescoring

Preliminary experiments were conducted on the word

graph generated by the baseline 1st-pass.

All experiments were performed on 20K vocabulary

Japanese dictation task. The training of the acoustic

model was carried out on the JNAS (Japanese News-

paper Article Sentences) corpus[12]. Table 1 shows

the experimental conditions for acoustic analysis and

HMM. Languagemodel trained by the Mainichi News-

paper articles is available from Japanese dictation

toolkit[13]. Evaluation data was 100 sentences spo-

ken by 23 male speakers taken from JNAS corpus.

Table 1: Acoustic analysis and HMM

Sampling frequency 16kHz

Feature parameter MFCC (39 dimensions)

Analysis frame length 20ms

Analysis frame shift 10ms

Analysis window Hamming window

Number of states 5

Number of loops 3

Number of mixtures 12/state

The Con�dence based word graph rescoring shown in

Eq.(4) was evaluated. The experimental results for

each method are shown in Table 2. Here, \3-gram"

indicates the baseline rescoringmethod, \CMconnect"

indicates the CM based on the number of edge con-

nection, \CMpost" indicates the CM based on the

word posterior probabilities, \WAC" indicates the

word accuracy. The con�dence based word graph
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rescoring achieved a slight improvement over the base-

line rescoring method.

Table 2: Rescoring result

WAC(%)

3-gram 93.3

CMconnect 93.7

CMpost 94.0

4. ITERATIVE DECODING BASED ON

CONFIDENCE MEASURE

In this paper, we propose an iterative decoding method

based on the con�dence measure described above and

also propose the re-constructing of the word graph.

At �rst, 1st-pass beam search method using the word-

level CMs is presented.

4.1. CM Based Search Method in the 1st-pass

In [1], a decoding algorithm based on the general-

ized con�dence score was proposed in beam search

framework. We investigate the 1st-pass beam search

incorporating the word-level CMs described in 2.2.

Basic idea is very simple. In search process, the CM

estimated at the previous decoding stage is added to

the word candidates and penalty value is added to

the other candidates.

The conventional lexical tree search can reduce an

acoustical search space but language probability (or

CM) can not be uniquely determined until the search

arrives at the word end (leaf) nodes in the lexical

tree. To solve this problem, bigram factorization

(bigram lookahead) is normally used. In this pa-

per, we adopted the bigram factorization method for

this problem of the treatment of CM. The CM of

the word determined by the bigram factorization is

added to the word-internal node.

4.2. Description of Iterative Decoding System

In this section, we describe the iterative decoding

system which re-constructs the word graph by the

beam search incorporating the CM (1st-pass) and

rescores the word graph based on the CM (2nd-pass).

In Figure 2, a ow chart of the system description is

shown. At �rst, a word graph is constructed by nor-

mal (without CM) beam search using a bigram lan-

guage model (1st-pass) and then the word-level CMs

are estimated from the word graph. Next, the word

graph is re-constructed by the beam search incorpo-

rating the CMs estimated at the previous decoding

stage. Carring out these iterations, it is expected to

gradually achieve more accurate result.

CM estimation

2nd-pass(with CM)

1st-pass(normal)

word graph construction

iteration 1

iteration 2

result

1st-pass(with CM)

word graph re-construction

iteration N

1st-pass(with CM)

word graph re-construction

CM re-estimation

CM re-estimation

2nd-pass(with CM) result

2nd-pass(with CM) result

Figure 2: Flow chart of the iterative decoding system

4.3. Experimental Results

The iterative decoding system was evaluated in the

Japanese 20K dictation task. The experimental con-

dition is same as that described in Section 3.2. Fig-

ure 3 and 4 show the word accuracy of the best-

sentence at the 1st-pass and the best-sentence at the

2nd-pass respectively. Number of the maximum iter-

ations was set to 7. In Figure 3 and 4, \CM-connect"

indicates the iterative decoding method using the

CM based on the number of edge-connections, \CM-

post" indicates the CM based on the word poste-

rior probability, \bigram" and \trigram" indicate the

normal search method.

The experimental results showed that the iterative

decoding achieved an improvement about 1% over

the baseline. It can be seen that more than 3 it-

erations, there are no improvements in word accu-
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racy. Entirely, the word posterior probability based

CM has better result than the edge connection based

CM.

Figure 3: Result of the iterative decoding (1st-pass)

Figure 4: Result of the iterative decoding (2nd-pass)

5. Conclusion

This paper has described an accurate decoding method

using the word-level con�dence measures (CMs). At

�rst, we have focused on the estimation of CMs from

the word graph and evaluated them in word graph

rescoring (2nd-pass in 2-pass search system).

Next, a lexical tree search (1st-pass in 2-pass search

system) incorporating the word-level CMs has been

described and the iterative decoding system based on

the CMs as well as re-constructing the word graph

have been proposed. The experimental results showed

that this method achieved an improvement of ap-

proximately 1% word accuracy.
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