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Abstract

In this paper, a fast confidence measure algorithm for 
continuous speech recognition is presented. The posterior 
probabilities of states are selected as the main feature. The 
confidences of hypothesized phonemes and words are 
estimated using the information of corresponding states. 
Traditional systems use two passes and two different models 
for decoding and calculating confidence respectively. In this 
new algorithm, the confidence score is calculated during the 
decoding of the state graph constructed from task grammar. 
And in this new algorithm, the same acoustics model is used 
during the process of decoding and confidence estimation. The 
old and new computing algorithms are compared through 
experiments, and the result shows that performance of the new 
algorithm is effectively improved. The equal error rate (EER) 
of new fast confidence algorithm is reduced and the speed is 
accelerated.

1. Introduction 

When the continuous speech recognition systems have been 
fielded to more different application areas, the robustness and 
stability of recognizer become more and more important. The 
performance of recognition systems in real world applications 
degrade greatly compared to that of laboratory systems. Non-
speech acoustic events, such as abnormal pauses, coughs, and 
background noises which are mixed in the normal speech of 
human affect the performance of recognition system to a great 
extent. Confidence measure is a method of improving 
performance, especially in noise background. 
     Confidence measure can validate hypothesis of the output 
of recognition systems, and evaluate the stability of the system 
with a preset threshold estimated from training data. 
Confidence measure algorithms can be categorized in several 
ways: 

(1) The different confidence algorithms can be    
distinguished by whether information used in 
calculating confidence is extracted from the original 
model. In other word, whether the models used in 
the decoding and calculating confidence are the 
same. 

(2)   The second criterion is whether the confidence      is 
computed based on word graph or N-best list. The 
word graph is usually constructed from output of the 
first pass decoding. 

     In [3] and [4], the same acoustics model is used in the 
process of decoding and calculating confidence on the basis of 
word graph. In [5] and [6], confidence is calculated with same 
acoustics model based on the N-best list. A phoneme 
recognizer is used in [7] for confidence measure whose model 
is different from the model for decoding. 

     In this paper, a fast algorithm for computing confidence is 
introduced. Confidence is calculated based on runtime 
decoding of the state graph. During this process, the same 
acoustics model is used and only one pass decoding is needed. 
The performance of new algorithm is effectively improved and 
the speed is accelerated. 
     The rest of the paper is organized as following. Section 2 
describes the feature for confidence measure. Section 3 
describes the detailed method of calculating confidence score. 
Section 4 describes the experimental results and Section 5 
presents conclusions and future directions. 

2.  Estimation of Confidence Measure 

2.1 Feature of confidence measure 

In this paper, generalized posterior probability of each state is 
used as the feature for the confidence measure. 
The following notation is used in this paper: 

Ttxt ,...,2,1, is acoustic observation sequence for 

spoken utterance; 

, 1, 2,...,iW i N  is the set of output word sequence from 

recognition system; 

, 1, 2,...,kPH k L  is the set of phonemes sequence of 

corresponding words; 

, 1, 2,...,jS j M is the set of state sequence of 

corresponding phonemes; 

|t jp x s  is the conditional probability of  the tP

th
P frame 

speech data on the conditional of the jP

th
P state. 

    The posterior probability of each state which constitutes the 
Hidden Markov Model (HMM) of each phoneme is the 
geometric mean of the posterior probability of each frame. 

For each frame of speech data Ttxt ,...,2,1, , the 

posterior probability ttm xsp |)( of corresponding state is 

defined as: 
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where, m t is the state which tx  belongs to, D is the set of 

all states. 
     During decoding, the time information of duration at each 
state can be retrieved. In the other word, we can get the start 
frame and end frame of each state from decoded output, the 
generalized posterior probability of each state is defined as the 
posterior probability normalized by time information: 
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where, b , e  is the start frame and end frame of the state 

respectively. 

2.2 Calculating the confidence of phonemes 

Each phoneme is denoted by a HMM. The generalized 
posterior probability of each phoneme can be calculated and 
be defined as the arithmetic mean of posterior probability of 
each state [1]: 
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where, N is the number of state in each HMM. 

2.3 Traditional two-pass method for calculating confidence 

Two-pass decoder method is used extensively for confidence 
measures. In general, the acoustics models used in the two-
pass decoder are different.

Word sequence
Input speech

Acoustics
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Catch-all 
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Second pass 
decoder
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Figure 1 Two pass decoder for confidence measure

     As Figure 1 shows, the input speech is recognized in the 
first pass decoding process with one set of acoustics model. A 
word sequence or a word graph is obtained from the process. 
Then the confidence score is calculated in the second pass 
decoding with another acoustics model. This acoustics model 
is called catch-all model. This model has various forms. One 
of the most widely used is the so-called all-phone network, in 
which all the possible phonetic and non-speech HMMs are 
connected to each other, and with which any word sequence 
can be recognized. 
   

Second Pass 
decoder

First Pass 
decoder

Acoustics 
Model

Catch-all 
Model

Posterior 
probability 

Numerator in 
equation(1)

Denominator in 
equation(1)

Figure 2  Two pass decoder with different acoustics models

In this method [7], the numerator and denominator in Equation 
(1) are both evaluated in the second pass decoding. The second 
pass decoding is working on the basis of the word graph from 
the output of first pass decoding. The performance of this 
method lies on whether the information of word graph from 
the first pass decoding is abundant enough. 
Another method [9] also used two different acoustics models 
in the two-pass decoding processes. But the calculating 
method for equation (1) is different from the method shown in 
Figure 1. As shown in Figure 2, in this method, the numerator 
in Equation (1) is evaluated in the first pass decoding and the 
denominator is evaluated in the second pass decoding process. 
Of course, if Equation (1) is used in this manner, the two 
acoustics models must be homologous. Otherwise, the 
confidence from Equation (1) is not usable completely.

3.  One-Pass Synchronous Calculating 
Algorithm for Confidence Measure 

3.1 Construction of the state graphs 

In this paper, task grammar is used in the continuous 
recognition system.  
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Figure 3  Construction of state graph
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     The search space is constituted by the task grammar shown 
in Figure 3. Firstly, a word net is constructed based on the task 
grammar used in the recognition system. This word net is the 
search space in which decoder will find the best possible state 
sequence. Then, with the pronunciation dictionary used in 
recognition system, the word net is extended to a phone net. 
Each node of word is replaced by corresponding phone 
sequence. In our system, each phone is denoted by a HMM 
mentioned as above. The state graph is constructed by 
replacing each phone of phone net with the HMM state from 
the acoustics model used for decoding and confidence measure. 
Figure 4 shows the final state graph constructed from word net. 
     In Figure 4, a node of the state graph represents a state of a 
HMM. Any path going through the state graph forms an 
alternative sentence hypothesis or a word hypothesis that is 
based on contents of the task grammar used in recognition 
system. 
     The final state graph is constructed by merging all nodes 
with identical context node into or from a single node. During 
the process, forward merging and backward merging are 
performed. In the forward merging, the nodes with the same 
predecessor token will be merged into one node and in the 



backward merging, the nodes with the same successor token 
will be merged into one node. 

Figure 4  State graph
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3.2 The proposed one-pass algorithm 

In this paper, one new method of computing confidence 
measure is proposed in contrast to the traditional method,  

One pass 
decoding

Acoustics 
Model

State graph

Recognition result & 
confidence

Figure 5  One pass decoder with same acoustics model on state graph

in which confidence is calculated based on the state graph with 
same acoustics model at decoder run time shown in Figure 5. 
     During calculation, the prior probabilities of all states are 
assumed to be the same. So Equation (1) is simplified as: 
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3.3 Calculating numerator for generalized posterior 
probability of state 

Pruning strategy for beam search is used in the decoding 
process of many recognition systems. In which, viterbi 
algorithm is a traditional method shown in Figure 6. 
     When a frame input speech feature is being decoded, the 

observation probabilities |t jp x S of states which are in the 

state graph are computed. The accumulated probability is used 
for finding the best candidates and pruning. At the same time, 

the probability |t jp x S  is regarded as numerator in 

equation (4) for calculating the posterior probability of state j.  

|t jp x S  is the acoustics score of the input speech feature 

tx  under condition of  the corresponding state js of HMM, 

the model of state js is normal distribution ,j jN .

3.4 Calculating denominator for generalized posterior 
probability of state 

In Equation (4), D is the set of all states in the acoustics model. 
For the new algorithm, when calculating the confidence during 
the decoding process, only the posterior probabilities of states 
reserved after pruning are used for calculating denominator. 
     During the decoding process, a pruning strategy is 
employed for improving decoding speed and reducing the 
search space. In Figure 6, solid dot represents the reserved 
states and hollow dot represents the pruned states. As Figure 6 
shows, some of states are pruned because they give few 
contributes to the input observation and their posterior 
probability is low. As each frame of input speech data is 
processed, the posterior probabilities of each state that are 
reserved are computed and stored in an array indexed by state 
number and frame number while other states are pruned and 
omitted during computing.  
     In the state graph used in our decoding system, a virtual 
node is set as the flag at the end of each phone. As soon as a 
virtual node is reached during searching in the state graph, a 
phone item is decoded.

V
irtual node

Figure 6  Synchronous calculating method on the base of state graph
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     On the virtual node, the posterior probability of the phone 
will be computed. Firstly, the numerator of Equation (4) will 
be estimated as specified in 3.3 above. In fact, they are 
computed and stored during searching. Secondly, the stored 
probabilities of each state indexed by frame number and state 
number will be used. The sum of these posterior probabilities 
of states calculated with the same frame input speech data is 
regarded as the denominator in Equation (4). This way, the 
generalized posterior probability of each state which 
constitutes the phone is prepared, and then according to 
Equation (3), the posterior probability of the phone is achieved 
with them as well as the duration information from decoding. 
Because the sum of these probabilities of states reserved is 
much higher than the sum of what are pruned, sum of them 
can be regarded as the denominator of generalized posterior 
probability of state with the same frame input speech data. So 
Equation (4) is changed into: 
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where, D is the set of states which are reserved after pruning 
the search space on one frame. 

4.  Experiments and Results 

We conducted experiments using a telephony database of 
names. The task is to evaluate name recognition accuracy with 
a test set size of 1278 names. The test utterances were spoken 
by 6 speakers, 3 male and 3 female. In the test set, 180 names 
are out-of-domain utterances and the others are in domain. 
There are 213 words in the task grammar. The confidence is 
used to reject the utterances that are out-of-domain. The goal 
is to maximize rejection, or equivalently, to minimize false 
acceptance of those utterances which are out-of-domain. 
     We used two algorithms, one shown in Figure 1 (defined as 
two-pass) and the other shown in Figure 5 (defined as one-
pass). In two-pass method, two different acoustics models are 
used. The model used for decoding includes 5005 states and 
16 Gaussian mixtures and the other model is a small acoustics 
model which only covers all the phones for calculating 
confidence with 1005 states and 8 Gaussian mixtures . In the 
one-pass method, the model with 5005 states and 16 Gaussian 
mixtures is used for decoding and calculating confidence 
scores. 
     The performances of these two algorithms (ROC (receiver 
operating characteristic) curves) are shown in Figure 7.  
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Figure 7  ROC curves for performance of two algorithms 

     From Figure 7, one can see that the performance of one-
pass algorithm is better than which of two-pass algorithm. The 
EER (equal error rate) of one-pass method is 16.1% and EER 
of two-pass method is 21%. Because the same acoustics model 
is used in one-pass algorithm and the model for computing 
confidence used is more subtle than in two-pass algorithm, the 
performance of one-pass algorithm is better despite that the 
denominator in equation (5) is approximate. 
     In addition, the computing complexities of two methods are 
different. Table 1 shows the comparison. The speed of one-
pass method is about 16% faster than that of the two-pass 
method.

Calculating method Run time 
One-pass decoder 0.198s 
Two-pass decoder 0.238s 

The speed of One-pass decoder is improved 
16% than which of two-pass decoder. 

Table 1  Comparison of speed performance 
 between two algorithms

5.  Conclusion 

In this paper, we proposed a new method for calculating 
confidence score. In this method, calculating confidence 
is synchronous to the decoding process on the basis of 
state graph and only one acoustics model is needed. 
Through this, the conflict between the size of catch-all 
model and the speed of calculating confidence can be 
solved. Experiment results show that the performance of 
the method is better than that of the traditional two-pass 
method and at the same time the speed is improved. 
     In this algorithm, the traditional feature is adopted as 
the confidence feature. Finding new and valid 
confidence features and improving the performance of 
confidence measure as well as running speed will be our 
future work. 
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