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Abstract
Error correction techniques have been proposed in the 
applications of language learning and spoken dialogue 
systems for spoken language understanding. These techniques 
include two consecutive stages: the generation of correction 
candidates and the selection of correction candidates. In this 
study, a Context-Dependent Syllable Cluster (CD-SC)-based 
Confusion Matrix is proposed for the generation of correction 
candidates. A Contextual Fitness Score, measuring the 
sequential relationship to the neighbors of the candidate, is 
proposed for corrected syllable sequence selection. Finally, 
the n-gram language model is used to determine the final word 
sequence output. Experiments show that the proposed method 
improved from 0.742 to 0.771 in terms of BLEU score as 
compared to the conventional speech recognition mechanism. 
Index Terms: confusion matrix, context-dependent syllable, 
contextual fitness, error correction 

1. Introduction
Recently, several error correction techniques have been 
proposed in the applications of speech and natural language 
processing. In Computer-Assisted Language Learning (CALL), 
techniques based on grammars and language models are used 
to detect and correct the errors made by the learners of second 
language [1-5]. In Spoken Dialogue Systems (SDS), similar 
techniques are proposed to correct ASR output errors for 
spoken language understanding (SLU), with emphasis on the 
performance improvement of SDS [6-8]. These error 
correction techniques are comprised of two consecutive stages: 
the first is the generation of correction candidates, and the 
second is the selection of corrections from these candidates. 

Besides the generation of recognition candidates based on 
the recognition confidence from the ASR systems, there are 
currently two major methods to generate correction candidates 
for ASR outputs. The first is to define “templates” for specific 
domains such as meal and ticket ordering systems [2, 6, 8, 9]. 
Depending on which information they use, the templates can 
be defined using words themselves and their syntactic, 
semantic and/or contextual information. In the template-based 
approach, when recognition is partially matched to a template, 
the system assumes the un-matched part of that template could 
be a correction candidate to that recognition. It is easy to see 
these systems are practical when employed in specific 
domains/applications, where the templates can be easily 
defined by humans. 

The second method to generate correction candidates is to 
collect “correction pairs” from an aligned parallel corpus of 
ASR outputs and their corresponding correct transcripts [1, 4, 
5]. In the template-based method, the corrections are made 
considering only the un-matched parts to the templates, 
without the side information of the correction candidates. In 

contrast, in the correction-pair method, the correction is only 
possible when an erroneous recognition is observed along with 
its correct transcript in the parallel corpus. This method is 
plausible when the corpus is large enough to include most 
errors made by an ASR system. When the corpus is small, the 
correction pairs are generalized using lexical, syntactic or 
semantic information for correction purposes. However, as the 
correction candidates increase compared to that using non-
generalized correction pairs, the generalization imposes much 
difficulty to the selection of corrections from generated 
candidates.

In this study, we intend to correct the ASR output errors 
without the use of domain-specific knowledge that is required 
in the template-based correction method. We also want to 
build a system using a relatively small corpus as compared to 
a large corpus necessary for the method based on correction 
pairs. In Mandarin speech, there are about 408 context-
independent syllables and syllable is the basic unit to map to a 
Chinese character. Based on this property, syllable is selected 
as the basic unit for correction candidate generation. To obtain 
the error correction candidates, in the recognition process, the 
Viterbi parallel backtracking algorithm (VPB) is adopted to 
generate a syllable lattice [10]. The grammar used in the VPB 
is called non-grammar where any syllable can follow any 
syllable. Using a simple backtracking procedure, the N-best 
syllable candidates can be identified. For each candidate, a 
further generation process considering the similarity between 
context-dependent syllables are employed for candidate 
expansion.

In this research, a Context-Dependent Syllable Cluster 
(CD-SC)-based Confusion Matrix is proposed to estimate the 
similarity between context-dependent syllables. For each of 
408 context-independent syllables, the left and right 
contextual information of a candidate syllable is considered to 
cluster these context-dependent syllables based on the 
phonetic/articulatory attributes. For the context-dependent 
syllable clusters, a confusion matrix is constructed. A syllable 
cluster vector with elements containing the similarities to all 
the context-dependent syllable clusters is obtained to represent 
a CD-SC. A cosine measure is then employed to estimate the 
similarity between every two context-dependent syllable 
clusters. For each of the N-best candidates, the M nearest 
candidates are selected as the expanded candidates for 
correction candidate generation. To avoid considering too 
many unsuitable candidates for the selection of corrections, n-
gram scores of CD-SCs are used to limit the expansion of 
these candidates according to the sequential relationship of the 
candidate to the neighbors. Finally, the n-gram language 
model is used to determine the best word sequence obtained 
from the corrected syllable candidates as the correction output. 

The organization of this paper is as follows. Section 2 
describes the model for error correction of ASR outputs. 
Section 3 provides the definition of Context-Dependent 
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Syllables Cluster (CD-SCs). In Section 4 the estimation of 
Contextual Fitness is detailed. Finally, the last two sections 
summarized the experiments, discussions and conclusions. 

2. Modeling of ASR Error Correction 
The modeling of ASR output error correction starts from a 
given input speech S. The goal is to obtain the correction text 
�C  considering all possible correction candidates C. The 
overall error correction model is 

� arg max ( | )
C

C P C S�  (1) 

Using an ASR system, the recognition output E given the 
speech signal S could be introduced. Therefore the model can 
be split into two sub-models by regarding E as a hidden 
variable. Theoretically, E contains all possible recognition 
outputs provided by an ASR, whereas in this study E
comprises ASR’s N-best recognition outputs given S. The 
model is then rewritten as 

� arg max ( | , ) ( | )
EC

C P C S E P E S� �  (2) 

In this study, the proposed correction candidates are 
derived (expanded) from E only, without considering S. Thus 
the model can be approximated as 

� arg max ( | ) ( | )
EC

C P C E P E S� �  (3) 

where P(E|S) indicates the recognition confidence of a 
recognition output E given S. Using the Bayes’ theory the 
correction model can then be rewritten as 

� arg max ( ) ( | ) ( | )
EC

C P C P E C P E S� �  (4) 

where P(C) is the language model for a correction candidate C
and P(E|C) refers to the probability that E is a potential error 
recognition with respect to C. Following the procedure widely 
used in Statistical Machine Translation (SMT), P(E|C) refers 
to the process of expanding E to generate C. Finally, the 
corrections (expanded from E) in C are estimated based on the 
sequential relationship to the neighbors of the candidate. 

The expansion procedure is described in Section 3 using 
the proposed Context-Dependent Syllable Cluster-based 
Confusion Matrix, and Section 4 explains the estimation of the 
proposed Contextual Fitness Score. Finally, given the derived 
correction candidates C and ASR recognitions E, P(C) and 
P(E|S) scores are estimated to determine the resulting 
correction output. 

3. Context-Dependent Syllable 

3.1. MaxEnt-Based Decision Tree Clustering 
Context-dependent syllable clusters are finer syllable units 
considering context-dependent information of syllables in the 
speech signal. A decision tree is constructed for each context-
independent syllable using contextual attributes of its 
preceding and succeeding syllables. These attributes are listed 
in Table 1 and each attribute is used as a question, together 
comprise the question set for the construction of the decision 
tree. The decision tree is a binary tree. The splitting process of 
the decision tree is to ask all the questions in the question set 
and choose the best one to split the context-dependent 

syllables into two subsets recursively, such that the resulting 
clusters maximizes the following entropy. 

1
( ) logJ

j jj
Entropy p p p

�
� ��  (5) 

where J is the number of all clusters for a context-independent 
syllable and pj is the proportion of the number of syllables in 
the j-th cluster and the number of context-dependent syllable 
clusters of a context-independent syllable. 

Table 1. Attributes of context-dependent syllables used 
as the question set for the construction of CD-SC. 

Initial
Units
(21)

Final Units 
(37)

Place and 
Manner of 

Consonant (11) 

Place of 
Vowel

(6)
b, p, m, 
f, d, t, n, 
l, g, k, 
h, j, q, 
x, zh, 
ch, sh, 

z, c, s, r

a, ai, an, 
ang, ao, e, 
ei, en, eng, 
er, o, ong, 

ou, i, i1, i2, 
ia, ian, 

iang, iao, 
ie, in, ing, 
iong, iu, u, 
ui, ua, uan, 
uang,uo, v, 
van, ve, vn 

Bilabial, Labio-
dental,

Alveolar,
Velar, Alveolo-

palatal,
Retroflex, Stop, 

Nasal, 
Fricative,
Lateral,

Affricate

Close,
Close-
mid,

Open, 
Front,

Central,
Back

Fig. 1 shows an example decision tree for the clustering of 
CD-SCs. The internal nodes of the decision tree preserved 
context-dependent questions used to split the context-
dependent syllables in the training process, and the leaf nodes 
are the resulting context-dependent syllable clusters. 

Figure 1: A MaxEnt-based decision tree used to 
cluster the context-dependent syllables of syllable “si” 
into 7 CD-SCs (sia to sig). “L” refers to that the 
questions are for the preceding syllable, and “R”
refers to that the questions are for its succeeding 
syllable. 

Using the trained CD-SC decision trees, any input syllable 
from a recognition output can be classified into a CD-SC. This 
information is then used to expand possible corrections. 

3.2. CD-SC-based Confusion Matrix for Similarity 
Estimation
In order to expand the correction candidates from different 
CD-SCs, the similarities between every two CD-SCs should 

asi bsi

csi

dsi

fsi

si

esi

gsi

L_Stop?

R_Fricative?R_Nasal?
yes no

yes

yes

yes no

no

nono

no

yes

yes

R_Fricative?

R_Affricate?
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be obtained. In this research, a CD-SC-based confusion matrix 
is constructed to estimate the similarity between every two 
CD-SCs. The CD-SC-based Confusion Matrix is constructed 
as follows. 

Given two CD-SCs si and sj, the confusion score from CD-
SC si to CD-SC sj is calculated as the average recognition 
confidence by feeding all the speech segments ui annotated as 
CD-SC si to the HMM of CD-SC sj, sj� .

Since the confusion score estimation based on recognition 
confidence is asymmetric, the confusion score from CD-SC sj
to CD-SC si should also be calculated. To obtain a symmetric 
confusion score, these two recognition confidences are 
averaged as follows. 

( | ) ( | )
( , )

2
i sj j si

i j

P u P u
sim s s

� ��
�  (6) 

The confusion matrix is then constructed using a Gaussian 
kernel function to estimate the confusion score between CD-
SC si and CD-SC sj.

2

( , )
( , ) exp

2
i j

i j

sim s s
ConfScore s s

�
	 


� � �

 �

 (7) 

where the variance 2�  is estimated over all the values of 
( , )i jsim s s  assuming it is a Gaussian distribution. Table 2 

shows part of the derived CD-SC-based Confusion Matrix. 

Table 2. The derived CD-SC-based Confusion Matrix 
(only shows five CD-SCs for clear demonstration). 

CD-SC
CD-SC

s1 s2 s3 s4 s5

s1 0.931 0.441 0.093 0.178 0.318
s2 0.441 0.974 0.234 0.184 0.249
s3 0.093 0.234 0.912 0.263 0.107
s4 0.178 0.184 0.263 0.932 0.312
s5 0.318 0.249 0.107 0.312 0.943

Let mij denotes the entry ConfScore(si, sj) in the confusion 
matrix and L is the number of all CD-SCs, a CD-SC si can be 
represented as a vector [mi1, mi2,…, miL]. Therefore, the 
similarity between CD-SC si and CD-SC sj can be estimated 
using the cosine measure. 

� �
� �

1 1

1 1

,..., ,...,
cos( , )

,..., ,...,
i iL j jL

i j
i iL j jL

m m m m
s s

m m m m

� �� � ��
� �� �

 (8) 

The similarities between all CD-SC pairs as calculated in 
Equation 8 enables us to expand the correction candidates 
with similar context-dependent syllable clusters. In this way, 
the generation of possible corrections can be obtained. 

4. Contextual Fitness Score 
Contextual Fitness Score is used to estimate the sequential 
fitness of the expanded error correction candidates C to select 
the suitable expanded candidates from E when considered as 
the correction candidates in C.

4.1. Context Representation 
Given the set of context-dependent syllable clusters in a 
corpus, each CD-SC ci can be represented as a point 

1( , , )n
i ir r�  in space n� , where the value of j

ir  is the bi-gram
score of ci being left-adjacent to CD-SC cj trained from a large 
corpus. In space n� , all CD-SCs are grouped into m groups 
using the k-means algorithm, and their centroids are denoted 
as Q1,…,Qm.

By calculating the Euclidean distance from 
1( , , )n

i i ic r r� �  to other group centroids as illustrated in Fig. 

2(a), ci can be represented as a point 1( , , )S
i id d�  in S� ,

where j
id  denotes the distance from ci to Qj.

Figure 2: (a) Representation of a CD-SC in terms of 
its distances to group centroids. (b) An example 
context representation (as a set of CD-SCs). 

The contextual representation of a CD-SC is represented 
by the set of its preceding (-) or succeeding (+) CD-SCs, as 
shown in Fig. 2(b). The contextual similarity between CD-SC 
ci and the contextual representation of CD-SC cj (denoted as 

k
jc , where k is number of CD-SCs as recorded in the context 

of cj) is calculated using the following equation. 

(1, , )

1 1
, ,

1 1
, ,

context( , ) max cos( , )

,..., ,...,

,..., ,...,

k k
i j i jk K

m m
i i j k j k

m m
i i j k j k

c c c c

d d d d

d d d d

�
�

� � � ��� � � ��
� � � �� � � �

�
 (9) 

By transforming the representation of ci from 1( , , )n
i ir r�

to its relative distances to CD-SC group centroids 1( , , )S
i id d� ,

the computational complexity of similarity estimation is 
greatly reduced. The transformation also provides a concise 
representation of the CD-SCs and their contexts, thus spatial 
complexity is highly reduced as well. 

4.2. Estimation of Contextual Fitness Score 
Given the estimation of contextual similarity of an CD-SC and 
the context of its adjacent CD-SC as provided in Equation 9, 
the concatenation score of two adjacent CD-SCs is defined as 

1 1
1

context( , ) context( , )( , )
2

i i i i
conc i i

c c c cP c c
� �
� �

�
�

�  (10) 

where the relationships of the estimations of two contextual 
similarities are illustrated in Fig. 3 and CD-SC ci is 
represented as a vector [ , , ]i i ic c c� �  [4]. 

Using the estimated concatenation scores of adjacent CD-
SCs, a syllable lattice is constructed for the whole sentence 
and an optimal path (with the highest score of the syllable 
sequence) is then found using dynamic programming 
algorithm.

Q1

Q2

Q3

ci
Q1 Q2 Q3

d
c

(a) (b)

1
id

2
id

3
id
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Figure 3: Estimation of concatenation score of two 
adjacent CD-SCs ci and ci+1 for Contextual Fitness. 

5. Experiments

5.1. Experimental Setup 
The ASR system is trained using HTK-3 and TCC-300 Speech 
Corpus [11]. TCC-300 is a Mandarin Speech database 
containing 331,835 syllables of read speech data from 303 
speakers (http://www.aclclp.org.tw/doc/tcc300_brief.pdf).
There are 5787 sentences in TCC-300 and 787 of them are 
randomly selected as the test set, while the rest 5,000 
sentences are used as the training set. For the calculation of 
Contextual Fitness Score, the number of groups is specified as 
200 in the experiments. The n-gram language model is trained 
using SRILM toolkit and Chinese Gigaword (LDC Catalog 
No.: LDC2003T09) with the setup of bi-gram on Chinese 
characters. 

5.2. Results and Discussions 
To assess the performance of the proposed method for ASR 
output error correction, BLEU score is employed as a metric 
for evaluation [5]. Different setups of top-n recognitions 
provided by the ASR and top-m CD-SCs (to expand correction 
candidates) are experimented for comparison purposes. And 
the results are shown in Table 3. The BLEU score of top-1 
recognition of ASR is 0.742, which is regarded as the lower 
bound for correction performance. The system is not effective 
if the BLEU score is below 0.742, which indicates that the 
process introduced more errors than errors that were corrected. 

The results of Systems I to V are used to compare the 
effect of how correction candidates are expanded, where top-1, 
top-3, and top-10 recognitions and CD-SCs are used in the 
experiments. As can be seen in Table 3, different top-n
recognitions only slightly improved system performance 
(Systems I vs. II and IV vs. V). 

Table 3. Comparison of error correction performance 
considering different expansion setups. 

System 
(ASR: 0.742) 

Top-n
Recognitions

Top-m
CD-SCs

BLEU

I 1 1 0.661
II 3 1 0.667
III 3 3 0.734
IV 3 10 0.763
V 10 10 0.771

VI (bi-gram) 10 10 0.716

For the expansion using different top-m CD-SCs, notable 
improvements are obtained from top-1 to top-3 (by 0.067) and 
top-3 to top-10 (by 0.029). And only when top-10 CD-SCs are 
considered for correction candidates generation (Systems IV 
and V), the BLEU scores are above ASR’s top-1 score. 

Systems V and VI shared the same expansion setup and 
were used to demonstrate the effectiveness of using 

Contextual Fitness Score as compared to bi-gram score to 
select the correction from candidates. System VI used bi-gram
instead of the proposed contextual fitness score to estimate the 
overall score of a sentence correction, and its BLEU is below 
ASR’s top-1 score. The result indicates that the correction 
process is effective compared to that using the n-gram score 
[5]. 

6. Conclusions
There are two main approaches to correct ASR output errors: 
the “template” method and the “correction-pairs” method. The 
first requires human provision of template definitions for 
specific domains/applications, while the second works well if 
a large parallel corpus of erroneous recognitions and their 
transcripts is collected. To overcome these difficulties, a 
context-dependent syllable cluster-based confusion matrix is 
proposed to expand possible correction candidates from 
erroneous outputs provided by the ASR system. The 
contextual fitness score is proposed to select the optimal 
corrected syllable sequence. The resulting correction 
candidates are then ranked using the proposed contextual 
fitness score and n-gram language model to find the optimal 
correction. Experimental results show that the proposed 
method improves the recognition accuracy from 0.742 to 
0.771 in terms of BLEU score. 
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