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Abstract—This paper suggests word voiceprint models 

and word-dependent thresholds using distributions of 
phone-level log-likelihood ratio and duration to verify the 
recognition results obtained from a speech recognition 
system. Word voiceprint models have word-dependent 
information based on the distributions of phone-level 
log-likelihood ratio and duration. Thus, we can obtain a 
more reliable confidence score for a recognized word by 
using its word voiceprint models that represent the more 
proper characteristics of utterance verification for the 
word. There are many conditions to affect the decision of 
thresholds in utterance verification system. In this paper, 
we propose an algorithm to generate the threshold for each 
word using distributions of phone-level log-likelihood ratio. 
For each word, confidence measure obtained from 
phone-level log-likelihood ratios has different distribution, 
so we need to adapt the different threshold for recognized 
word. The algorithm using word voiceprint models shows 
that relative reduction in equal error rate is 16.9% 
compared to the baseline system using simple phone 
log-likelihood ratios. And the word-dependent thresholding 
method shows that the relative reduction in equal error rate 
is 14.6% compared to the baseline system using one global 
threshold. 
 

Index Terms— Confidence Measure, Utterance Verification, 
Word voiceprint models, Word-dependent thresholds 

1. INTRODUCTION 
Nowadays, we can achieve a good quality automatic speech 
recognition (ASR) system with high recognition performance in 
some applications if sufficient training data are provided for the 
target tasks. But in real fields, diverse environmental conditions 
degrade the recognition performance of ASR systems. Thus, it 
is very important for intelligent ASR systems to be able to make 
a proper decision when accepting/rejecting recognition results. 
This requires the ASR systems to compute the reliability or 
probability of correctness for the recognition results they obtain. 
This technique is called utterance verification. To measure the 
reliability or probability of recognition results, many 
researchers have proposed various algorithms to compute a 
score, which is called confidence measure (CM). Generally an 

 
  
 

utterance verification system rejects the recognized words that 
are out-of-vocabulary if the confidence measure of a word is 
lower than a pre-defined threshold and accepts them otherwise. 
In many recent ASR systems, utterance verification is 
performed using statistical hypothesis testing[1][2]. Typically, 
likelihood ratio testing (LRT)-based confidence measures are 
formulated for this purpose, and it was discovered that some 
discriminative training techniques, such as minimum 
classification error (MCE) and minimum verification error 
(MVE)[3] methods, can significantly improve the performance 
of utterance verification. These LRT-based confidence 
measures have shown good performance with posterior 
probability-based confidence measures[1][4]. These days, 
fusion algorithms combing many diverse confidence measures 
are being proposed to improve the performance of utterance 
verification. FLDA (Fisher’s Linear Discriminant Analysis), 
neural network, SVM (Support Vector Machine), decision tree, 
and Bayesian[5] are these fusion techniques[1]. Furthermore, 
algorithms using multi-confidence thresholding[6] have been 
researched to improve the performance of utterance 
verification. 
 In this paper, we suggest a word voiceprint algorithm to obtain 
a more reliable confidence score for recognition results rather 
than LRT-based confidence measures and word-dependent 
thresholds using distributions of phone-level log-likelihood 
ratio for more reliable decision of acceptance or rejection. 
Chapter 2 represents the utterance verification system used in 
this paper and LRT-based confidence measures as a baseline 
confidence measure. The algorithm to decide the threshold for 
each word will be described in chapter 3. Word-dependent 
thresholding algorithm is described in chapter 4. Experiments 
using EchoS-1.0 and results of the utterance verification system 
using two proposed algorithms are shown in chapter 5. In the 
last chapter we give our conclusions on the utterance 
verification system using thresholds and discuss further works 
to enhance its performance. 

 

2. UTTERANCE VERIFICATION SYSTEM 

2.1 System Overview 

The utterance verification system in this paper consists of two 
stages. At the first stage, the recognizer conducts speech 
recognition using feature vector sequences extracted from an 
input utterance. Speech recognition is performed via Viterbi 
beam search with tied-triphone hidden Markov models as 

Utterance verification using word-dependent thresholds based on probabilistic 
distributions of phone-level log-likelihood ratio 

Suk-Bong Kwon and Hoi-Rin Kim 

School of Engineering, Information and Communications University, Daejeon, Korea, 305-732,  
+82-042-866-6221, +82-042-866-6245, {sbkwon, hrkim}@icu.ac.kr 



 2

acoustic models. Then phone-level segmented information is 
passed into the utterance verification stage as results of the 
recognizer. At the second stage, a confidence score is computed 
using anti-models and word voiceprint models for recognition 
results. For the phone-level recognition result, a phone-level 
log-likelihood ratio (PLLR) is computed using phone-based 
anti-models, and a phone-level log-likelihood voiceprint score 
is computed using PLLR-based word voiceprint models. A 
word-level log-likelihood voiceprint score is obtained from the 
phone-level likelihood voiceprint scores. For phone duration, a 
word-level duration voiceprint score is computed from 
phone-level duration voiceprint scores directly. Finally, the 
verification classifier decides to accept or reject using the two 
word-level voiceprint scores computed in the confidence 
measure extractor with word-dependent thresholds. Fig 1 shows 
the utterance verification system using word voiceprint models 
and word-dependent thresholds. 
  

 

Fig. 1 Utterance verification system using word voiceprint models and 
word-dependent thresholds based on probabilistic distributions of phone-level 

log-likelihood ratio and phone duration. 

2.2. LRT-based Confidence Measures 

In this paper, we use the LRT-based confidence measure as a 
baseline. The LRT-based confidence measure is based on the 
probabilistic hypothesis testing algorithm. We obtain the PLLR 
using acoustic models and anti-models for the phone-based 
recognition results obtained from the ASR system. The type of 
anti-models affects the performance of utterance verification, 
but it is subtle. 
The anti-phone model used in this paper is phone-like-sets 
except a self-phone model. The PLLR is computed as 
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where )( phτ  is the number of frames and phX  is the feature 

vector sequence recognizing phone ph . phλ  and phλ  are an 

acoustic model and an anti-phone model of recognized phone 
ph , respectively.  The word-level log-likelihood ratio (WLLR) 

is computed  by averaging the sigmoid values of the PLLRs 
obtained from equation (1). There are three types of averaging 
methods, arithmetic, geometric, and harmonic means. There is a 
slight difference in utterance verification performance. Thus, in 
this paper, we use the arithmetic mean as a baseline LRT-based 
confidence measure. 
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where )(wnp is the number of phones in recognized word w , 

and the sigmoid function is used to normalize the PLLR into a 
value between 0 and 1. 
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where α  and β are set  by conditions where the utterance 

verification system is used. 
 

3. WORD VOICEPRINT 

3.1. Weakness of LRT-based Confidence Measures 

Through the experiments of the utterance verification system 
using the LRT-based confidence measure, we found some 
problems that degrade the performance of utterance verification. 
First, when a mis-recognized word and the true transcription of 
the word are very similar, cases in which the average of the 
PLLRs is larger than a pre-defined threshold occur frequently. 
Second, in spite of a correct recognition, the PLLRs could be 
small in total, so the recognized word is still rejected. In the 
former case, this phenomenon appears frequently when 
similarity between out-of-vocabulary (OOV) and in-vocabulary 
(IV) words is high and the number of phones of a word is small. 
In the latter case, speech recognition works well in finding the 
word with the best likelihood for an input feature vector 
sequence, but in an utterance verification system, some 
problems occur because the log-likelihood for the anti-model is 
relatively less sensitive than that for the acoustic model. The 
variability of speakers and variation in environments are the 
main causes of these problems. 

3.2. Confidence Measures using Word Voiceprint Models 

When a mis-recognized word and the transcription word are 
similar, the PLLR of the mis-recognized phone in the word 
could not achieve its role by the high PLLR of correctly 
recognized other phones. That is, the WLLR would be larger 
than the pre-defined threshold despite the incorrect recognition. 
Thus the PLLR of a mis-recognized phone needs to be 
emphasized over other correctly recognized phones. To solve 
these problems, we propose a word voiceprint model using 
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PLLR and duration distributions of phones for each word and a 
new log-scale non-linear function to replace the sigmoid 
function. The word voiceprint model has the information of the 
PLLR and duration distributions. A phone-level voiceprint 
score which will be used in word voiceprint model is computed 
as 
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where ph

wµ  and ph
wσ are the mean and standard deviation of 

phone ph  in word w , respectively. )(⋅ψ  is defined as 
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where α (>1) and β (>0) are empirically set. α  controls the 

minimum value of  the  PLLR. If at least one phone having 
PLLR smaller than ph

w
ph
w ασµ −  exists in a word, then it is 

desirable for the recognized word to be rejected regardless of 
other phones. At last, a word-level voiceprint score is obtained 
by arithmetic mean as 
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The phone-level duration voiceprint score is defined as 
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where )( phτ  is the duration of phone ph in the test word. 

D
phw )(µ  and D

phw )(σ are the mean and standard deviation of 

duration for phoneph  in word w , respectively. ε is obtained 

empirically from development data. And the word-level 
duration word voiceprint is computed as 
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In this paper, the word-level duration word voiceprint is used as 
an auxiliary confidence measure.  

4. WORD-DEPENDENT THRESHOLDS 
Since the distributions of PLLRs are different for each 

triphone, it is not efficient to adapt a global threshold to the 
confidence measures obtained from PLLRs for utterance 
verification. In this chapter we propose a new algorithm to 
generate the different threshold for each recognized word. First, 
we get the distributions of PLLR for each triphone with 
development data. These distributions are used to generate a 
threshold of each word. If a word consists of phone sequence as 

like ),,,( 21 Mphphphw K= , the threshold of this word w  is 

generated as 
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where M  is the size of phone sequence of word w , and phµ  

and phσ are the mean and standard deviation of PLLRs for 

phone ph . These values are obtained from development data. 

γ  is empirically obtained to have the best performance in view 

of equal error rate. Here phµ  and phσ are obtained for all 

PLLRs for phone ph  in whole words in development data. The 

advantage of this method is that the threshold of any recognized 
words in in-vocabulary can be obtained from these distributions 
of PLLRs. Fig 2 shows that flow chart to generate the 
word-dependent thresholds. 
 

 

Fig. 2 Word-dependent threshold generation using probabilistic distributions of 
phone-level log-likelihood ratio. 

5. EXPERIMENTS AND RESULTS 

5.1 Experimental Environments 

In our recognition system, we used a 39-dimension feature 
vector, consisting of 12 MFCC (Mel-Frequency Cepstrum 
Coefficients), 12 delta MFCC, 12 delta-delta MFCC, energy, 
delta energy, and delta-delta energy. CMN (Cepstral Mean 
Normalization) was adopted. In the baseline system, the 
acoustic models were trained with POW (Phonetically 
Optimized Words) 2002 database collected in ETRI 
(Electronics and Telecommunications Research Institute), 
South Korea. The training data set consists of 79,948 utterances 
recorded from 800 speakers. The acoustic models are tied-state 
triphone CDHMMs (Continuous Density Hidden Markov 
Models), each HMM has 3 states with 7 Gaussian mixture 
components per state. Since we must obtain PLLR to compute a 
phone-level log-likelihood voiceprint score, the anti-models are 
needed. The anti-models are trained with training data set, and 
they are phone-like-sets except a self-phone model. That is, for 
46 trained monophone models, each corresponding anti-phone 
model is obtained by a set of other monophone models except 
itself. We use a development data set to train the word 
voiceprint models and word-dependent thresholds. Training, 
development, and evaluation data sets do not include same 
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speakers. All utterances in each data set are isolated words. The 
EchoS-1.0[7] was used as the speech recognizer. 
 

5.2 Experimental Results 

It is known that the LRT-based confidence measures work well 
in utterance verification system with posterior probability-based 
confidence measures together. So the LRT-based confidence 
measures are used as baseline confidence measures in our 
utterance verification system. Sigmoid function is adopted to 
get phone-level confidence score for the PLLR, and parameters 
in sigmoid function are chosen to show the best performance in 
baseline system. The WLLR is arithmetic mean of sigmoid 
function scores of PLLRs. As shown in the first low of Table 1, 
we achieve 11.21% equal error rate (EER) with this baseline 
confidence measure in our evaluation data set. 
Table 1 shows that the performance of the utterance verification 
system using word voiceprint models is better than that using an 
LRT-based confidence measure. When we use the word 
voiceprint information that has word-dependent characteristics, 
phone-level log-likelihood ratios can be adapted more precisely 
in order to obtain the word-level log-likelihood ratio. Thus we 
can achieve a more reliable confidence score over an 
LRT-based confidence score. Furthermore, since we use 
equation (4), the problems that occur when the word and a 
recognized word are similar are more or less resolved. The 
proposed method using word voiceprint models shows that the 
relative reduction in equal error rate is 16.9% compared to the 
baseline system using simple PLLRs. When we use 
word-dependent thresholds for decision of acceptance and 
rejection, the relative reduction in equal error rate is 14.6% 
compared to the baseline system using one global threshold. 

Table 1: Performance comparison of utterance verification methods using 
baseline word-level log-likelihood ratio (WLLR) and word-level voiceprint 

score obtained from word voiceprint models and word-dependent thresholds. 

CM type EER(%) FRR(%) FAR(%) 

Anti-models 11.21 10.96 11.45 

Anti-models and  
word voicrpint models 9.31 9.27 9.33 

Anti-models and 
word-dependent thresholds

 
9.45 9.38 9.52 

 

6. CONCLUSIONS 
In this paper, we use word voiceprint models based on 
probabilistic distributions of phone-level log-likelihood ratio 
and phone duration to obtain a more reliable confidence score 
and word-dependent thresholds obtained from probabilistic 
distributions of phone-level log-likelihood ratio for recognition 
results, Since word voiceprint models and word-dependent 
thresholds have word-dependent information, we could obtain a 
more reliable confidence score for recognized words and more 
reliable decision. Word voiceprint models are based on the fact 
that the distributions of phone-level log-likelihood ratio are 
different in spite of having the same acoustic models for 

different words. Word-dependent thresholds method uses the 
fact that the threshold for decision is different as recognized 
word. An utterance verification process is different from a 
speech recognition process, since speech recognition systems 
use word-independent acoustic models to find the word with the 
best log-likelihood score for efficiency and good performance. 
But utterance verification using word-independent acoustic 
models and anti-models has some difficulties as explained in the 
previous analysis and experiments. Thus, a word voiceprint 
containing word-dependent information works well. 
Furthermore, the proposed word voiceprint models have 
word-dependent information such as log-likelihood ratio and 
duration. We can add more information into the word voiceprint 
models to obtain reliable confidence score for utterance 
verification. We will research to find algorithms using the 
adaptive thresholds by environmental conditions. 
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