
 Abstract— Speech data and their accurate transcriptions are 
essential to acoustic models training of modern Automatic Speech 
Recognition (ASR) systems including ones applied to the parliament 
meeting speech transcription system. In such a task, the amount of 
speech data is in abundance but there are discrepancies between what 
were actually uttered, or word-for-word transcription, and their 
corresponding texts in the official meeting reports. This work 
proposes a method for automatically detecting locations of such 
discrepancies. Rules derived from a handbook for Thai parliament 
stenographer and patterns of discrepancies were used to generate 
alternative hypotheses supplied, with texts obtained directly from the 
reports, to a forced-alignment procedure. The forced-alignment 
procedure selects the best hypothesis for each speech utterance. 
Experimental results show that 72.6% of syllabic discrepancies were 
correctly detected while interference to correctly transcribed syllables 
was kept minimal. Moreover, the proposed method shows a premise 
in increasing accuracy of word-for-word transcription and achieves 
96.5% of accuracy. 
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I. INTRODUCTION 
OWADAYS, many countries have developed automatic 
speech recognition (ASR) systems for their parliament 

meetings. In Europe, the Technology and Corpora for Speech 
to Speech Translation (TC-STAR) project aimed to produce 
the system which can translate parliament speech from one 
language to corresponding speech in another language. 
Several institutes [1]-[3] developed high performance ASR 
systems which play crucial role for improving the overall 
project. In Asia, the Japanese Parliament also deployed a 
nearly 90% of character accuracy ASR system [4] which is 
useful for automatic transcription process in the National 
Congress of Japan.  

In typical modern ASR techniques, the quality of their 
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acoustic models rely heavily on the quality of the speech 
utterances and how exact their transcriptions match with the 
phoneme actually uttered in the utterances. In the Thai 
Parliament, a number of meeting materials such as speech 
records and their corresponding meeting reports have been 
continually collected. The amount of speech data in this 
domain can be easily considered sufficient for training good 
acoustic models for an ASR system capable of automatically 
producing word-by-word transcriptions of spoken utterances 
in the parliament meeting. However, existing official reports 
are usually not consistent with their corresponding utterances. 
This is due to the fact that professional stenographers have to 
manage official meeting reports to comply with the standard 
transcript guidelines of the Secretariat of the House of 
Representatives of Thailand [5]. Consequently, many 
discrepancies between actual speech utterances and their 
reports occurred. In order to obtain word-by-word 
transcriptions suitable for ASR acoustic model training, some 
manual procedures could be conducted either to re-transcribe 
the speech or to detect and correct such discrepancies.  

II. LITERATURE REVIEW 
Many approaches to Confidence Measures (CM) [6], whose 

values can be used to evaluate the reliability of speech 
recognition results, have been proposed for flagging individual 
words in speech recognition results whose recognition 
grammars were constraints by known texts whether the words 
should be confidently trusted or discrepancies were presented 
in the locations of those words. Benefits of CM [7] can be 
found in a variety of applications. For example, in automatic 
inquiry systems, CM can be used to avoid unnecessary          
re-questioning if confidence score of answer is high enough. 
Moreover, CM can also be utilized for unsupervised training 
by accepting the high confidence recognition results to enlarge 
a training corpus [8] and re-train acoustic models. Approaches 
to calculate CM scores can be classified into three major 
classes [6], namely CM as a combination of predictor features, 
CM as a posterior probability and CM as utterance 
verification. CM’s rely on features which provide essential 
information to distinguish correctly results from other possible 
errors. After reviewing previous researches [6], [9]-[11], we 
found that the features could be divided into two groups: 
acoustic features and linguistic features. The former includes 
acoustic scores and phoneme durations while examples of the 
latter are scores obtained from various types of language 
models. 
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In this work, the concept of CM was utilized as figures of 
merit showing how closely each utterance acoustically 
matched with the texts as they appeared in its corresponding 
official meeting report. To utilize such figures of merit, we 
proposed a way to incorporate domain-specific knowledge 
based on the procedure adopted in the editing process for 
generating the report of professional stenographers to comply 
with the standard transcript guidelines of the Secretariat of the 
House of Representatives of Thailand aiming at making 
recognition constraints that covered words or phrases those 
were edited out during the process.  
 This paper is structured as follows. Section III explains 
some background on the Thai Parliament documentation 
process. Section IV describes our proposed method. Section V 
elaborates on experimental setup and its evaluation criteria. 
Results and Discussion are given in section VI while 
Conclusion is given in section VII. 

III. BACKGROUND 
In parliament meetings, there are many spontaneous speech 

effects from speakers such as hesitations, repetitions and 
broken words. Therefore, in order to make parliamentary 
reports, stenographers have to manage the speech 
characteristics in verbatim transcripts from meetings and 
generate official meeting reports which are more useful in 
term of readability and documentation. Moreover, in the Thai 
Parliament, stenographers have to apply the standard transcript 
guidelines of the Secretariat of the House of Representatives 
of Thailand to create official meeting reports. The guidelines 
include instructions for making parliamentary reports in the 
following areas: 
• Area 1: the use of punctuation marks. 
• Area 2: the use of spaces for breaking sentences. 
• Area 3: the representation of quantifying words. 
• Area 4: the representation of partially-spoken entities. 
• Area 5: the use of acronyms. 
• Area 6: the representation of colloquial words and phrases. 
As a result of applying the guidelines, there are significant 

numbers of mismatches between accurate verbatim transcripts 
and official meeting reports and we need to manually check 
and correct the official meeting reports before using as 
training data to develop an ASR system. Fig. 1 shows 
examples of discrepancies found in a part of a speech 
utterance from our actual speech data. 

IV. PROPOSED METHOD 
The main objective of our proposed method is to analyse 

each speech utterance from the Thai Parliament meeting 
together with its corresponding text from the official meeting 
report whether there are discrepancies between them as well as 
the locations of those discrepancies. The proposed method is 
also capable of correcting found discrepancies aiming for 
recovering the utterance’s word-for-word transcription. 

Fig. 2 broadly depicts all key steps of our proposed method. 
This section elaborates on the details of the method while 
some related statistics obtained from actual data as well as 
experimental results will be presented in the next section. 

 

Fig. 1 Examples of discrepancies found in a part of a speech 
utterance from our actual speech data 
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Fig. 2 Key Steps in the Proposed Method 

A. Local Hypothesis Generation 
Five local hypothesis generating rules were applied to texts 

from the official meeting report. These rules were mostly 
devised based on the standard transcript guidelines of the 
Secretariat of the House of Representatives of Thailand, 
specially focused in Area 3, Area 4, and Area 6, as listed in 
Section 3. In each set of rules, we proposed specific triggering 
word patterns that, once found in the text from the official 
meeting report, would trigger one or more alternative 
hypotheses to be generated. For our implementation, the 
search was conducted from the beginning of the texts in the 
left-to-right direction as shown in Fig. 2. Once a rule is 
triggered, alternative transcriptions according to the rule are 
constructed in the vicinity of the triggered pattern. These 
alternative transcriptions act as recognition hypotheses 
competing with its original one. Each hypothesis will be 
scored acoustically against the speech utterance in order to 
obtain a CM measure for the hypothesis. The best hypothesis 
is kept while others are discarded and the left-to-right search 
for possible triggering patterns is then continued until there are 
no more triggering patterns. Details on acoustic scoring of 
hypotheses will be discussed later. Here, the five sets of local 
hypothesis generating rules will be described. 

 

Official Meeting Report 
     /tʰ  a  n  n  aː  j  o  k r  a  d  tʰ  a  m  o  n  tr  i:/ (“Prime Minister”) 
Actual Utterance 
     / tʰ  a  n  n  aː  j  o  k/   
 
Official Meeting Report 
     /pʰ  o  m  kʰ  i  d  w  aː/ (“I think that”) 
Actual Utterance 
     /kʰr  a  b  pʰ  o  m  kʰ  i  d  w  aː/ 
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1. Last name omission 
 The guidelines suggest that stenographers have to write first 
name and last name of the person whose name was referred to 
by speakers in parliament meetings whether either the first 
names and the last names or only the first names were uttered. 
Therefore, the triggering word patterns for this rule are simply 
the existence of person names. In this work, all person names 
were manually tagged in the official meeting report. For every 
first name-last name sequence founded in the report, an 
alternative local hypothesis with the last name removed is 
created. 

2. Year entity variations 
When speakers speak year entities in the meetings, 

stenographers have to write those year entities in their 
corresponding number format even when the speakers say the 
year entities in forms of digit strings. A few patterns of saying 
year entities were observed from actual speech utterances in 
the training dataset and the alternative hypotheses were 
generated to cover all of the observed patterns. Triggering 
patterns for this rule were formulated without having to rely 
on manual tagging of the entities. 

3. Noun classifier omission 
To comply with the standard transcript guidelines, 

stenographers must accompany all quantity of countable nouns 
with their corresponding noun classifiers. Therefore, every 
noun classifier, gathered from the training dataset, found in the 
texts of the official meeting report will trigger the rule to 
generate an alternative hypothesis with the noun classifier 
omitted. 

4. Common word shortening 
In Thai, many speakers usually shorten some well-known 

words by speaking only the principal part of the words while 
the complementing part of the words is discarded in order to 
make their speech more concise. These words are commonly 
understandable even when shortened. Still, stenographers have 
to write those words in their full forms. Shorted words and 
their full forms were collected from the training dataset and 
used as triggering patterns for this rule. Alternative hypotheses 
would be generated with triggering words replaced with all 
their common shortened forms. 

5. Colloquial and styling filler compensation 
Colloquial fillers as well as other fillers were not recorded 

in the official meeting report. However, the presence of their 
acoustic signals in the speech utterances affects the training of 
the ASR acoustic models. We investigated these fillers from 
the speech utterances in the training dataset and collected a set 
of contexts, such as clusters of specific words, acting as 
triggering patterns for this rule. Transcriptions in the vicinity 
of the found triggering patterns would be modified, mostly by 
pre-defined words being inserted at appropriate locations, in to 
alternative hypotheses. The nature of the alternative 
hypothesis generation in this case was rather extensive and 
could raise an issue of triggering patterns and resulting 
hypotheses over-fitting to the training dataset. Still, we can 

evaluate its merit to the overall performance of the detection 
from the experiments. 

B. Hypothesis Scoring 
A Hidden Markov Model (HMM) -based speech recognizer 

was used for scoring each of the alternative hypotheses as well 
as the one corresponding to the official meeting report. To 
score a hypothesis, the speech recognizer was set in a     
forced-alignment setting in which the recognition grammar of 
the recognizer was constrained so that the phoneme sequence 
underlying the transcription of the hypothesis was the only 
possible recognition result of the recognition task. 

The average frame based log-posterior probability, α, of the 
recognizer’s acoustic models generating the speech utterance 
based on a given hypothesized phoneme sequence was used as 
the CM score for that hypothesis. The probability can be 
calculated from: 

 
                           𝛼(𝑝ℎ) =  1

𝑑(𝑝ℎ)
∑ log(𝑝�𝑠𝑡𝑖  �𝑥𝑡))𝑡𝑒
𝑡=𝑡𝑏            (1) 

where 𝑝�𝑠𝑡𝑖 � 𝑥𝑡� is the frame based posterior probability of the 
forced alignment state  𝑠𝑖 at the time t given the observation 
vector 𝑥𝑡 and the summation in the denominator is over all the 
states of all triphone HMM models. This summation is an 
estimation of 𝑝(𝑥𝑡), the probability of observation vector 𝑥𝑡 
while 𝑑(𝑝ℎ) is duration of phoneme 𝑝ℎ, 𝑡𝑒 R and 𝑡𝑏 are indices 
of the frame that the phoneme begins and ends, respectively. 

The hypothesis with the maximal average value of α 
normalized by the number of phoneme was then selected as 
the transcription on which further search for triggering 
patterns continued. Finally, the last-best hypothesis was used 
as word-for-word transcription to compare with corresponding 
text from official meeting report for detecting discrepancies. 

V. EXPERIMENTAL FRAMEWORK 

A. Experimental Setup 
Parliamentary materials from one male speaker were 

involved in this work. Note that, at this time, we only focused 
in devising the method for the speaker-dependent scenarios. 
The materials include speech utterances recorded from 
different sessions of the Thai Parliament meeting with the total 
duration of approximately five hours together with full official 
meeting reports. Sixty percents of the speech utterances were 
used as the training dataset. This resulted in 3,551 speech 
utterances, or 41,064 syllables, in the training dataset. The 
training dataset was used for acoustic model training and as 
observations utilized in constructing the local hypothesis 
generating rules as well as their corresponding triggering 
patterns. The remaining forty percents of the speech utterances 
were divided into another two datasets: the development 
dataset and the test dataset. The former comprised for ten 
percents of the speech utterances, which were equivalent to 
769 utterances or 6,735 syllables, and was used for parameter 
tuning. The test dataset comprised of the rest thirty percents of 
the speech utterances which were 1,230 utterances and 17,742 
syllables. The test dataset was regarded as an unseen dataset 
used for the purpose of evaluation. 
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B. ASR Parameters 
For the forced-alignment process, typical thirty-nine 

dimensional MFCC-based feature vectors were selected as the 
signal representation of speech frames. The recognizer 
modeled each triphone with a 5-stated left-to-right HMM. The 
observation probability of each state was modeled with a 
Gaussian mixture with two components. 

C. Evaluation Criteria 
We selected the system proposed in [9] for flagging speech 

utterances whether they were correctly or incorrectly 
transcribed by assessing the acoustic scores of the forced-
alignment procedures as the baseline system. The threshold 
score of accepting that the utterances were correctly 
transcribed was optimized on the development dataset. The 
performances in detecting discrepancies of the baseline system 
and the proposed system were compared in both the utterance 
and the syllable levels. 

Four quantities were used to measure the performance of 
the detectors. They included: 1) True Positive (TP) rate which 
is the ratio of correctly detected discrepancies to all 
discrepancies, 2) False Negative (FN) rate which is the ratio of 
undetected discrepancies to all discrepancies, 3) True Negative 
(TN) rate which is the ratio of the number of tokens those are 
correctly identified as non-discrepancies to all non-
discrepancy tokens, and 4) False Positive (FP) rate which is 
the ratio of tokens falsely accused of being discrepancies to all 
non-discrepancy tokens. 

Table I summarizes the four quantities just mentioned. 
 

TABLE I 
MEANINGS OF THE FOUR EVALUATION CRITERIA 

Detection Results by 
Proposed Method 

Detection Results by comparing official 
meeting report with accurate transcript 

Discrepancy 
Token 

Non-Discrepancy 
Token 

Discrepancy Token TP FP 
Non-Discrepancy Token FN TN 

 
When the best hypotheses were decided, their transcriptions 

could be fully matched with their corresponding utterances. If 
that was the case, our detection method could also eliminate 
the discrepancies and, in turn, correct the transcriptions so that 
we obtained their word-for-word transcriptions. Therefore, we 
also measured how closely the transcriptions associated with 
the selected hypotheses to their word-for-word transcription 
by finding percentages of correctly transcribed tokens 
obtained based on the best hypotheses. Tokens were observed 
at the syllable- as well as phoneme-levels. The reason why, in 
this part of the evaluation, we were interested in the 
transcription accuracies at the phoneme level is that it was a 
reasonable reflection of how well the corrected transcription 
will be when used in the training of phoneme-based acoustic 
models, such as the triphone models. 

VI. RESULTS AND DISCUSSION 

A. Coverage of Local Hypothesis Generating Rules 
Table II shows the percentages of discrepancies covered by 

hypotheses generated from the five rules for the training 

dataset and the test dataset. Since the five rules were 
developed by observing the discrepancies in the training 
dataset, the rules simply covered all of them. In the test 
dataset, our five rules can cover almost 80% of the 
discrepancies. We can see that, in both dataset, the 
compensation for colloquial and styled language contributes to 
most of the discrepancies. Note that, here, a discrepancy was 
counted based on the number of their occurrence. This number 
may not be proportional to the number of syllables spanned by 
all discrepancies. 

TABLE II 
DISTRIBUTIONS OF DISCREPANCIES AND THEIR COVERAGES 

 
Rule 

 

% of Total Discrepancies 
Training  
Dataset 

Test  
Dataset  

Last name omission 1.43 3.26 
Year entity variations 2.15 5.43 
Noun classifier omission 3.59 7.07 
Common word shortening 10.69 7.07 
Colloquial and styled filler 
compensation 

 
82.14 

 
55.98 

Discrepancies not covered 
by the rules 

 
0.00 

 
21.20 

B. Discrepancy Detection Performance 
Table III compares the discrepancy detection results 

between the ones of the baseline and the ones of our proposed 
method in the utterance level, while Table IV compares the 
results in the syllable level. Our proposed method shows better 
performances than the baseline system in both levels of 
evaluation. This indicates that alternative hypotheses 
generated by the proposed rules are beneficial in terms of 
providing sensible choices for the recognizer to choose from 
in the cases when discrepancies occur as we can see from the 
better TP rate compared to the one of the baseline system. At 
the same time, additional hypotheses do not confuse the 
recognizer even when discrepancies do not exist in the actual 
speech utterances. 

TABLE III 
COMPARISON OF DISCREPANCY DETECTION RESULTS 

AT THE UTTERANCE LEVEL 

Method TP FN TN FP 

Baseline 69.80% 30.20% 73.04% 26.96% 
Proposed 80.00% 20.00% 86.01% 13.99% 

 
TABLE IV 

COMPARISON OF DISCREPANCY DETECTION RESULTS 
AT THE SYLLABLE LEVEL 

Method TP FN TN FP 

Baseline 62.22% 37.78% 89.30% 10.70% 
Proposed 72.55% 27.45% 98.14% 1.86% 

C. Contributions of Hypothesis Generating Rule 
 Table V shows the percentages of when the hypotheses 
generated by the five local hypothesis generating rules were 
selected as the best hypotheses by the forced-alignment 
process given that actual discrepancies occurred in the speech 
utterances in the test dataset while Table VI shows similar 
types of percentages but in the cases when the rules were 
falsely triggered. 
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TABLE V 
BEST FORCED-ALIGNED HYPOTHESES DISTRIBUTED BY RULES IN THE 

PRESENCE OF ACTUAL DISCREPANCIES IN THE TEST DATASET 

Rule 

Best Forced-aligned 
Hypothesis 

Generated 
Hypothesis 

Official 
Report 

Last name omission 91.67% 8.33% 
Year entity variations 100.00% 0.00% 
Noun classifier omission 96.15% 3.85% 
Common word shortening 96.15% 3.85% 
Colloquial and styled filler 
compensation 82.52% 17.48% 

 
TABLE VI 

BEST FORCED-ALIGNED HYPOTHESES DISTRIBUTED BY RULES IN THE 
ABSENCE OF ACTUAL DISCREPANCIES IN THE TEST DATASET 

Rule 

Best Forced-aligned 
Hypothesis 

Generated 
Hypothesis 

Official 
Report 

Last name omission No Data No Data 
Year entity variations 0.00% 100.00% 
Noun classifier omission 50.00% 50.00% 
Common word shortening 15.06% 84.94% 
Colloquial and styled filler 
compensation 3.04% 96.96% 

 
 From Table V, we can imply that the hypotheses generated 
by the rules offer phoneme sequences that match very well 
with the acoustic signal when discrepancies occur since most 
of the time they yield better acoustic scores than what are 
offered in the official meeting report. Still, the colloquial and 
filler compensation rule tends to be inferior to the other four 
rules. When we take into account the results in Table VI, we 
can see that last two rules provide the similar behavior to what 
we observed previously that extra hypotheses generated from 
the rules did not mislead the forced-alignment process into 
choosing those falsely generated hypotheses. However, it 
should be noted here that, in our test dataset, there were too 
few situations that were corresponding to the first three rules 
in the case associated with this table. Therefore, we opted not 
to interpret those values. 

D. Correcting Discrepancies 
Table VII shows the numbers and percentages of syllables 

in the hypotheses with the best acoustic scores those were 
consistent with the ones those were supposed to be in their 
word-for-word transcriptions, while Table VIII shows similar 
quantities in the phoneme level. Both tables also show the 
accuracies of the transcriptions directly obtained from the 
official meeting report. 

We can see that our proposed method is capable of 
improving the transcriptions significantly. In the syllable case, 
the transcription error rate is reduced from 5.18% to only less 
than 4% while it is reduced from 4.70% to 3.44% in the 
phoneme level. This latter reduction can be calculated as 
almost 27% reduction in transcription errors 

 
 
 

TABLE VII 
COMPARISON OF THE NUMBERS OF CORRECT SYLLABLES 

Transcription 
Source 

Syllables compared to 
word-for-word transcription Total 

(Syllables) 
% Correct % Incorrect 

Official Report 94.82 5.18 12,951 
Best Hypothesis 96.08 3.92 12,951 

 
TABLE VIII 

COMPARISON OF THE NUMBERS OF CORRECT PHONEMES 

Transcription 
Source 

Phonemes compared to 
word-for-word transcription Total 

(Phonemes) % Correct % Incorrect 
Official Report 95.30 4.70 34,057 
Best Hypothesis 96.56 3.44 34,057 

VII. CONCLUSION 
In this work, we successfully showed a method capable of 

detecting discrepancies between transcriptions of the Thai 
Parliament meeting speech utterances obtained from their 
corresponding official meeting report and their word-for-word 
counterparts. Not only the detection capability but the 
proposed method was also demonstrated that it can be used to 
generate the word-for-word transcription with high accuracies. 
This allows the vast amount of speech recordings from past 
Thai Parliament meetings to be utilized in the acoustic model 
training of an ASR system for transcribing speech in Thai 
Parliament meeting, which practically enables the 
development of such an ASR system in the near future. 
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