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Abstract 

In the past researches, several kinds of information have been 
explored to assess the confidence measure or to select the 
confidence tag for a word/phrase. However, the contextual 
confidence information is little touched. In this paper, we 
propose a concept-based probabilistic verification model to 
integrate the contextual confidence information. In this model, 
a concept is verified not only according to its acoustic 
confidence measure but also according to neighboring 
concepts and their confidence levels. Experimental results 
show that the proposed model significantly outperforms the 
model using only confidence measures. The error rate of 
confidence tag is reduced from 17.7% to 15.12%, which 
corresponds to an error reduction rate of 14.5%. 

1. Introduction 

Although substantial progress has been made in speech 
recognition over the last decade, speech recognition errors are 
still the major source of improper reactions of spoken 
dialogue systems. The spontaneous utterances faced by a 
spoken dialogue system are usually disfluent, noisy, or even 
out-of-domain. These characteristics seriously increase the 
chance of misrecognition and, consequently, degrade the 
performance of dialogue system. Therefore, verifying 
recognized words is practically important for spoken dialogue 
systems. 

There are two major approaches to word/phrase 
verification. The first approach is using confidence measure 
to reject misrecognized words/phrases. The confidence 
measure of a word/phrase can be assessed by utterance 
verification [1] or derived from the sentence probabilities of 
N-best hypotheses [2][3]. Another approach is using 
classification models, such as decision tree and neural 
network, to label words with confidence tags [4][5][6][7][8]. 
A confidence tag is either “acceptance” or “rejection”. The 
features used for classification are usually obtained from the 
intermediate results in the speech recognition and language 
understanding phases. 

In the past researches, several kinds of information have 
been explored to assess the confidence measure or to select 
the confidence tag for a word/phrase. However, the contextual 
confidence information is little touched. Since correct and 
incorrect words/phrases tend to appear consecutively, the 
confidence information of a word/phrase is helpful in 
assessing the confidence levels of its neighboring 
words/phrases. For example, for a spoken dialogue providing 
weather information, the word sequence “weather forecast” 

occurs frequently in users’ queries. If the word “forecast” 
follows the word “weather” of high-level confidence, it is 
expected that the confidence level of the word “forecast” is 
also high. On the other hand, if the confidence level of the 
word “weather” is low, the confidence level of the word 
“forecast” is likely to be low. 

In order to make use of the contextual confidence 
information, we propose a novel probabilistic verification 
model to select the confidence tags for concepts (i.e, 
meaningful phrases). In this model, a concept is verified not 
only according to its acoustic confidence measure but also 
according to neighboring concepts and their confidence tags. 
The experimental results show that the proposed model 
significantly outperforms the model using only confidence 
measures. The error rate of confidence tag is reduced from 
17.7% to 15.12%, which corresponds to an error reduction 
rate of 14.5%. 

The reminder of this paper is organized as follows: 
Section 2 gives an introduction of concept-based language 
understanding. Section 3 presents a probabilistic model for 
concept verification. In Section 4, the proposed model is 
enhanced via integrating contextual confidence information 
with acoustic confidence measure. The issues about corpus 
collection and parameter estimation are addressed in Section 
5. In Section 6, the experimental results of different 
approaches are presented and discussed. Finally, conclusions 
are drawn in Section 7. 

2. Concept-based language understanding 

For consideration of robustness, the concept-based approach 
[3][9][10][11] has been widely adopted in dialogue systems 
to understand users’ utterances. Instead of parsing a sentence 
completely, this approach uses partial parsing technique to 
segment a sentence into a sequence of phrases, called 
concepts. For example, in Figure 1, the query “tell me 
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Figure 1: Parse a sentence to a concept sequence. 
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forecast in Taipei tonight” can be parsed to the concept 
sequence “Query Topic Location Date”. 

In general, the procedure of concept-based language 
understanding consists of two phases. First, the word graph 
output from the speech recognizer is parsed into a concept 
graph according to a predefined grammar. Each path in the 
concept graph represents one possible concept sequence for 
the input utterance. Then, in the second phase, some 
stochastic language models, such as the stochastic context-
free grammar and concept-bigram models, are used to find the 
most probable concept sequence. Since the concept-based 
approach does not require the input sentences to be fully 
grammatical, it is robust in handling the sentence hypotheses 
mixed with speech recognition errors. 

3. Concept verification 

Although the concept-based approach is able to spot the 
concepts in a hypothetical sentence mixed with speech 
recognition errors, it is not able to detect whether the spotted 
concepts are correct or not. The role of the stochastic 
language model in the concept-based approach is to assess the 
relative possibilities of all possible concept sequences and 
select the most probable one. The scores obtained from the 
language model can be used for a comparison of competing 
concept sequences, but not for an assessment of the 
probability that a spotted concept is correct. However, due to 
imperfect speech recognition, there is always a possibility to 
spot incorrect concepts. To reduce the impact of speech 
recognition errors, we propose a verification model to detect 
the incorrect concepts in a concept sequence. 

The task of verifying concepts is regarded as labeling the 
concepts in a concept sequence. If a concept is verified to be 
correct, it should be labeled with the “acceptance” tag. 
Otherwise, it should be labeled with the “rejection” tag. The 
labeling process is formulated to find the most probable tag 

sequence T̂ for the given concept sequence C as follows. 
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where T denotes one possible tag sequence of C. Let C is 
comprised of n concepts and ic  denote the i-th concept. As a 

result, T is also comprised of n confidence tags. Let it  denote 

the i-th tag in T and iτ  denotes the pair of ic  and it . Then, 

the last probability term in the above equation is rewritten as: 
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where 1
nτ  is the shorthand notation for “ 1 2, , , nτ τ τ� ”. 

According to equations (1) and (2), we define the following 
scoring function to select the most probable tag sequence. 
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The score given by this scoring function is called contextual 
confidence score. This scoring function intrinsically 
represents a Markov model, in which a pair of concept and 

confidence tag depends on its preceding pair of concept and 
confidence tag. 

4. Using acoustic confidence information 

The scoring function in equation (3) can be used to verify a 
sequence of concepts without considering the acoustic 
information. However, different acoustic confidence measures 
have been proved helpful to word/phrase verification. Thus, it 
is expected that the confidence labeling process would be 
more accurate if the acoustic confidence measures of concepts 
can be integrated into the scoring function. 

In order to use the information of acoustic confidence 
measures, we reformulate the confidence labeling process as 
follows. 
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where M is a sequence of acoustic confidence measures. The 
probability ( , )P T C is approximated according to the 

equation (2). The probability ( | , )P M T C is approximated as: 
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where im  denotes the acoustic confidence measure of ic . 

Because the probability ( | , )i i iP m t c  is hard to accurately 

estimate, it is rewritten as follows. 
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Since the prior probability ( , )i iP m c  is a constant, it can be 

ignored without changing the rank of competing tag 
sequences. According to the equations (2), (5) and (6), the 
equation (4) is rewritten as: 
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Due to the modeling error caused by approximations and 
the estimation error caused by insufficient training data, 
different kinds of scores have different discrimination powers. 
To enhance the overall discrimination power in choosing the 
most probable candidate, scores should be adequately 
weighted. Therefore, we define the following scoring function 
to find the most probable sequence of confidence tags. 
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where 1w  and 2w  are positive weighting factors. 

5. Corpus collection and parameter 
estimation 

The proposed concept verification models require a tagged 
corpus to train their probabilistic parameters of scoring 
function and to assess their performances. The corpus we 
used is collected by our Chinese spoken dialogue system, 
named eWeather. This dialogue system provides the weather 
forecast information for over 400 worldwide cities and areas. 
A total of 1308 utterances of user requests are collected in a 
one-month field test. Each of these utterances is transcribed 
manually and parsed into its correct concept sequence. Every 
utterance is also recognized by a speech recognizer and 
parsed by a concept parser to get its hypothetical concept 
sequence. The correct confidence tag sequence of a 
hypothetical concept sequence is obtained by comparing the 
hypothetical concept sequence with its corresponding correct 
concept sequence. 

In our system, the acoustic confidence measure of a 
concept is obtained using the subword verification approach 
[1]. The value of the acoustic confidence measure is a real 
number. Therefore, the probability ( | , )i i iP t m c  cannot be 

reliably estimated by counting limited outcomes ( , , )i i it m c . 

Instead of directly counting, we propose a probability 
curve fitting method to estimate ( | , )i i iP t m c . In this method, 

the outcomes of a particular concept are sorted by the value of 
confidence measure. Then, the sorted outcomes are split into 
groups of fixed size. Afterward, for every group, the 
acceptance probability and the mean of confidence measure 
are computed. In Figure 2, every circle represents the 
acceptance probability and the mean of confidence measure of 
a group of the concept “Date”. Finally, a polynomial 

( )
icf x of degree 2 is found to fit the circles in a least-square 

sense. This polynomial is used to compute ( | , )i i iP t m c  for 

every possible values of confidence measure as follows. 
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where 1it =  means it  is “acceptance” and 0it =  means it  is 

“rejection”. The purpose of the functions max() and min() is 
to bound the value of ( | , )i i iP t m c  between 0 and 1. 

6. Experiments and discussions 

Five different models are evaluated to show their capabilities 
of concept verification. Table 1 lists these five models and 
their characteristics. The first model, named NV (no 
verification), is a dummy model that accepts all concepts 
without verifying. The second model, named SP (sentence 
probability), uses the sentence probability approach [2][3] to 
measure the confidence level of the word sequence in a 
concept. In this approach, the confidence measure of a 
word/phrase is defined as the sum of the probabilities of the 
N-best sentences in which it occurs. The third model, named 

PCV (probabilistic concept verification), is one of our 
proposed models. It uses the scoring function in equation (3) 
to verify concepts. The fourth model, named SV (subword 
verification), uses the subword verification approach [1] to 
provide the acoustic confidence measure for the word 
sequence in a concept. The last model, named PCV_SV 
(which means integrating PCV with SV), is another of our 
proposed models. This model uses the scoring function in 
equation (8) to select the most probable confidence tag 
sequence for a concept sequence. 

In order to reduce the error of performance assessment, 
the v-fold cross validation method [12] is used in our 
experiments. The collected utterances are randomly cast into 
10 subsets (i.e., v is set to 10).  Each subset is comprised of 
130 or 131 utterances. For every model, a total of 10 
simulations are conducted. Every simulation holds out one 
particular subset for testing and uses the other 9 subsets for 
training. 

The performances of different models are compared based 
on the error rate of confidence tag. Table 2 lists the error rates 
of the five models. The error reduction rates listed in the last 
column are obtained with respect to the error rate of NV 
model. 

Since the strategy of NV model is simply accepting all 
concepts without doing any verification, the errors of NV 
model are all false acceptances. The error rate of NV model is 
22.75%. That means 22.75% of the concepts in the 
hypothetical concept sequences of the testing utterances are 
wrong and should be rejected. 

The confidence measure obtained from the sentence 
probabilities of N-best hypotheses is helpful in determining 
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Figure 2: Acceptance probability versus 
confidence measure for the concept ‘Date’. 

Table 1: Different verification models and their 
characteristics. 

Model Use acoustic 
confidence measure 

Verify 
concept 

NV No No 
SP No Yes 
PCV No Yes 
SV Yes Yes 
PCV_SV Yes Yes 
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whether a concept is correct. The performance of the SP 
model shows that using this kind of confidence measure 
yields an error rate of 19.48% on labeling concepts with 
confidence tags. Compared with the NV model, the error 
reduction rate is 14.4%. 

The experimental results show that the proposed 
probabilistic confidence verification model, PCV, 
outperforms the SP model. The error rate of PCV model is 
18.10%, which is lower than the error rate of 19.48% yielded 
by the SP model. These results indicate that the bigram 
probability of the pair of concept and confidence tag carries 
more discriminative information for verification than the 
confidence measure obtained from the sentence probabilities 
of N-best hypotheses. 

In Table 2, we can also observe that the acoustic based 
confidence measure is more reliable than the one based on 
sentence probability. The error rate of SV model is 17.7%, 
significantly lower than the 19.48% error rate of the SP model. 
It is also slightly lower than the error rate of PCV model. 

By integrating the acoustic confidence measure into the 
probabilistic verification model, we obtain the best model for 
verifying the concepts in a hypothetical concept sequence. 
The PCV_SV model achieves a verification error rate of 
15.12%. Its error reduction rate is over 33% in comparison 
with the NV model. Compared with the SV model, the error 
rate is reduced from 17.7% to 15.12%. The corresponding 
error reduction rate is 14.5%. The superiority of the PCV_SV 
model over the SV model clearly shows that the contextual 
confidence information is very helpful to concept verification. 

7. Conclusions 

The concept-based approach is widely used in dialogue 
systems because of its capability of handling the erroneous 
and ungrammatical sentence hypotheses generated by the 
speech recognizer. Although the concept-based approach is 
able to spot the concepts in a hypothetical sentence mixed 
with speech recognition errors, it is not able to detect whether 
the spotted concepts are correct or not. To reduce the impact 
of speech recognition errors, a concept verification model is 
highly demanded to detect the incorrect concepts 

In the past researches, a variety of features have been 
explored to assess the confidence measure or to select the 
confidence tag for a word/phrase. However, the confidence 
information of contextual words/phrases is little touched. 
Since correct and incorrect words/phrases tend to appear 
consecutively, the confidence information of a word/phrase is 
helpful in assessing the confidence levels of its neighboring 
words/phrases. In this paper, we propose a concept-based 
probabilistic verification model to integrate the contextual 
confidence information. In this model, a concept is verified 

not only according to its acoustic confidence measure but also 
according to neighboring concepts and their confidence levels. 
Experimental results show that the proposed model 
significantly outperforms the model using only confidence 
measures. The error rate of confidence tag is reduced from 
17.7% to 15.12%, which corresponds to an error reduction 
rate of 14.5%. The superiority of the proposed model 
confirms that the contextual confidence information is helpful 
to concept verification. 
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