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Abstract attraction to computer researchers, manufactueand,
consumers [7].

Many application environments have already used Some researchers investigated the performance of

speech interface. But the low speech recognitida raSPOKeN queries in NTCIR collections [1]. They
makes it difficult to extend its application to neWevaIuated a variety of speakers, and calcu]ateq the
. ) ) error rate with respect the query term, which is a
fields. In the human-computer interaction througheyword used for the retrievathey showed that the
spoken dialogue are being investigated. Automati@WER of the query terms was generally higher than tha

Speech recognition (ASR) is the process of comgerti of the general words irrespective of the speakersther
a spoken speech into text that can be manipulaged words, recognition of content words related to the

. . information retrieval (IR) performance was more
the computer. The state of the art in automatiespe difficult than that of normal words. So, they inttmetd a

recognition has reached the point that searching fOmethod to improve the precision of speech driverbyR
and extracting information from large speechsuggesting a new type of IR system tightly integtate
repositories. This system presents semantic-oentaith a speech input interface. In their system, doent

approach to correct both semantic and lexical esfor collection provides an adaption of language modslio

which is also more accurate for especiall domaint—he ASR, which results in a drop of word error rate.
P y For this reason, some appropriate adaptation

specific speech error correction. This papefechniques are required for overcoming speech
demonstrates the superior performance of thisecognition errors such as post error correctionRAS

approach and some advantages over previous lexic#tror correction can be one of the domain adaptatio

oriented approaches by comparing such approachet:,e._Chnlques to improve the recognition accuracy, mﬂd .
primary advantage of error correction approachtss i

Experiments carried out on various speeches i dependence of the specific speech recognizer.
English syllable indicated a successful decreasten Some researchers used post error correction that

number of errors and an improvement in overall errocould correct any correct errors by matching thiegtn
correction rate. the transcription with lexical patterns in the datsda
But their system has a disadvantaged in the caoreét
. » nly feasible to train lexical error pattern. Soapplied
Keywords- Automatic Speech Recognition (ASRhe noisy channel model to the correction of eriiars
Semantic oriented approach, Lexical orientedpeech recognition. All of their systems based on an
approach. lexical information of words have shown some
successful results. But they have major drawback ssc
the performance of such systems depends on thasize
the quantity of speech recognition results or tatalase
correct error string.
With the ever increasing number of computer- So, this paper suggests a more improved and robust
based applications modern digital computers are gMantic eror correction approach, which can be
. integrated into previous lexical-based approachiéss
more §0Iely_ used for crunchmg number _an ystem uses high level syntactic and semantic
performing high-speed mathematical computationgaformation of the words in speech transcription.
Automatic Speech recognition (ASR) is one of th&herefore, this system obtains semantic information
most involving computing fields that has alreadgie from a knowledge base and special domain dictiotwry
exhaustively employed for an assortment ofontain some domain specific knowledge to the target

applications including but not limited to automaticapphcatlon'

telephone services (ATS) , voice user interfacg Noisy Channel Error Correction Model
(VUI), voice-driven industrial control systems (IS

speech-driven home automation system (Demotic), i _

speech dictation systems, and automatic speeexto t The noisy channel error correction framework has

systems (STT). Lately, ASR has been of greeﬁeen_ applied tf) a W'd? range O_f problems, _SUCh as
spelling correction, statistic machines translatiand

1. Introduction



ASR error correction. The key idea of noisy channedrror correction, natural language processing (NLP)
model is that we can model some channel propertiessearchers identified five levels of errors int€k) a

through estimating the posterior probabilities. lexical level, (2) a syntactical level (3) a senmant
level, (4) a discourse structure level, and (5) a
2.1. Word-Based Channel Modd pragmatic level. In spelling correction and OCR

correction problem, correction schemes mainly have

The problem of ASR error correction can be statefpcus on non-words errors at the lexical level, afhi
in the model as follows: For an input sentence,0p= IS an isolated word correction problem.
02 vveeennn o, produces as the output sequence of ASR, But, errors of speech recognition tends to be
find the best wordsequence, W= W W......... ,w, continuous word errors which should be better
that maximizes the posterior probability P(W/O)classified into syntactic and semantic level beeaus

Then applying Bayes’ rule and dropping the constafipe recognizer only produces word sequences egistin
denominator. write as follow: in a lexicon. So, this section presents continuoos

W= argmax,P(W/0) = argmazx,(P(W)P(0/W) error detection and correction, using syntactic and
1) semantic knowledge and pipelines this high-level
error correction method with the syllable based

Therefore, we solve a noisy channel model for ASghannel model.

error correction, with two components, the source

model P(W) and the channel model P(O/W). Thg.1. Syllable Based Channel Model
probability P(w) is given by the language model and

can be decomposed as: The segmentation into syllable-like units is based

on the phonetically alignment froma phoneme

recognizer with long temporal context. Then each
speech segment between two pauses is equally
divided based on the number of vowels in this
segment. Each vowel is considered as the nucleas of
syllable. In a second step, the estimated syllable
boundary between two vowels can be shifted with

We called this_ model i_S word-based Channeijegard to the measured pitch at the potential barynd
model, because this model is based on the Word'teéndidates

word transformation. The word based model based on This system suggests an improved channel model
inter-word substitutions, so it requires enougfultss for smaller training data. If we can use smalleit un

of ASR and transcription pairs. The substitutior]SUCh as letter, phoneme or syllable than word,
probability is based on the whole word-level, thigeatively smaller training set is needed. A syliab

fertility model requires enormous training databased channel model, which can deal with syllable-t

Con5|der|r1g the_ cost of building the eno.ugh amoungyllable transformation, is suggested for dealiridh w
of correction pairs, we need a smaller unit thavoed 1o word transformation

for over -coming the data-sparseness.
Therefore, the fertility model can deal with (TO3q 1 Modeling
LEAVE, TOLEDO) substitution. But this improved
fertility model only slightly increased the accuwyan
experiments [] and we think the major reason istdue
the data-sparseness problem. So, this system
syllable based channel model, discuss in next@ecti

PW)= [1; Pwifwy; — 1) @

The distribution P (W) can be defined using n
grams, structured language mode;, or any otheriool
the language modeling.

Suppose S=s, ©, % ,-.-,.S IS a syllable
sgquence at ASR output and Wzwwv,, Ws
,....W, is a source word sequence. Find the best
word sequencs as follows:

3. Applying Syntactic and Semantic
Knowledge W =argmay, P (W/S)

3)
In some application such as spelling error
correction or optical character recognition (OCR)



The system applies the same Bayes’ rule arekample, (TOLEAVE, TOLEDO) pair can be divided
decomposes the syllable to word channel model inigto (TO, TO), (L, L), (EAE), and (VE,DO) with the

syllable to syllable channel model. fertility 2. N
This system can then calculate the probability of

each substitution P () by Maximum Likelihood

Plafs) = wmffsfw}l’( &) Estimation (MLE). Let C (3 be the frequency of
N source syllable and G(8) be frequency events where
X; substitute ;sThen,
A P (s/x)P (x/w) P )
So, final formula can be written as: L el
Bae(s/a) = — 5

W= argmax,, (P(W)P(X/W)P(5/X) ®)

4. Semantic-oriented Error Correction
Process

(4)

Here, P(S/X) is the probability of a syllable-to-
syllable transformation, where P(S/X) is probapilit — Now  the working mechanism of post error

of s to stransformation, where XX, Xz, X3,-.-. % IS correction of speech recognition shows the result
a source syllable sequence. P(X/W) is a word model

. : : using the domain knowledge of template database and
convert syllable lattice into word lattice. The ) I ) ) i
conversion can be done efficiently by dictionargke domain-specific dictionary. Figure 1 is a schematic
up. The model is similar a standard Hidden Marko#liagram of the post error correction process.
model (HMM) of continuous speech recognition. In
speech recognition system, P(S/X) can be acoustic
model in single-to-phoneme level, and P(X/W) can be B
a pronunciation dictionary. Then, this paper amplie —
the fertility into our syllable-to-syllable channel _
model. This system set the maximum 2-fertility of
syllable, which was determined experimentally.

Queryto LSP
Semantic Error
Correction

¢

Given a syllable sequence S, the system wants to . -

find argmayy = (P (W) P(X/W) P(S/X)). It returns an -
NGramModel

N-best list of candidates according to the modats] -

then rescore the candidates by taking into the
language model probabilities and rescores the o
candidates, the system used Viterbi search algorith ]
to find the best sequence. For implementation of '
candidate generation, the system will store the
syllable channel probabilities R¢s).The system can

generate a candidate word sequence network using Figurel. Process of Semantic-oriented Error
syllable channel model and a lexicon. The system ca
find optimal sequence which has the best probgbilit
through Viterbi decoding by including a language the processis divided
model.

3.2. Decoding the M odel

f {
| .
| = - 2

Correction

into two stages: a
syntactic/semantic recovery and a lexical recovery
stage. In the semantic error detection stage, a
3.3. Training the M odel recognized query is converted into the correspandin
LSP. And then the system used a pre-collected

To train the model, we need a training datdemplate database to recover the semantic levaiserr

consisting of {X, S} pairs which are manually 3ng the technique for searching most similar tetepla
transcribed strings and ASR outputs. And, thisesyst are based on a minimum edit distance dynamic

aligns the pair based on minimizing the edit dis&an . .
between x and s by dynamic programming. For programming search which has been used as a

3



similarity search in many areas such as spellingpmbination to abstract certain sequences of the
correction. words in a text. In an LSP linguistic entry corsist

Semantic error correction is performed byVOrds, phrases and part-of-speech (POS) tags such a

replacing these syntactic and/or semantic errargus YMCA,” Young Men's Christian Association,” and

. fusi bl q I ‘I¥NP’ (proper noun, singular). Semantic types csnsi
a semantic confusing table. We used a pre-collectefl somantic classes and domain-specific semantic

template database to recover the semantic lev@lerr ¢jasses. The common semantic tags again include
and the technique for searching most similar tetapla attribute-values in database, such as ‘@company’ fo
are based on a minimum edit distance dynamiz company name like ‘IBM’ and pre-define 83

programming search, which has been used asSgmantic category values such as ‘@location’ for

similarity search in many areas such as spelling’catIon name like ‘Yangon'. Figure3 show an

correction, OCR post correction, and DNA sequencexample. of predefmed common semantic. category
vsi Which will be used in ontology dictionary.
analysis.

The semantic confusion table provides the
matching cost, which can be semantic similarity, to| @alme  @event @magazine  @person  @unit_area
. . ) @action @family @mammal @phenomenon @unit_count
the dynamic programming search process. Thig et @fish @month  @plant  @unit_date
.. . . @belief @food @mountain ~ @plant @unit_length
system compute the minimum edit distance between @i G @movie  @position  @unit_money
’ T} @book @god @music @reptile @unit_power
the erroneous LSP’s and the template LSP’S in th8 guuigng  @gowp  @nationslity @school  @unit_rate
1 i i 1 @city @language @nature (@season @unit_size
template database using similarly cost, which has t Sonr ety D feat Bl
minimum distance among them. At this Stage, @company  @location @ocean @state @unit_temperature
) @continent @exam (@organization @status @unit_time
replaced LSP elements can provide some clues of the @cuntry  @hobby ~ @method  @subject_area @unit_volume
. .. . @date @law @address @substance  @unit_weight
recognition errors and the original query meaniog t | adrection  @level @appliance  @team Bumfiae
the next lexical recovery stage. Moreover, caneidat | giee> ~ @hmeeer @ Sueer
error boundary can also be detected by this praeedu g;‘;‘;;“ gfiiviffe
After this procedure, lexical recovery is perfodne gmum
. . sex
in the next stage. Recovered semantic tags and the

erroneous queries produced by ASR are the clues of Figure3. Common semantic category values
lexical recovery. Erroneous query and recovered
template query are aligned by dynamic programming In domain-specific application, the domain-

again, after which some lexical candidates argpecific semantic classes and well defined semantic
generated by our improved syllable-based channelasses are required. The domain-specific semantic
model. Figure 2 shows an example of semantic errolasses include special attribute names in database

correction process using the same data.

User Speech |

TAKE A TRAIN FROM CHICAGOTO TOLEDO

1

ASR output |

TICKET TRAIN FROM CHICAGO TO TO LEAVE

1

Lsp
Conversation

NN% ticket NN @transport IN% from NNP @ city To% to VB% go

T

Semantic
Correction

| VB% take NN @transport IN% from NNP @ city To% to NNP @ city

such as ‘Yaction’ for active and ‘inactive’, and
semantic categories names, such as ‘%hobby’ for
‘reading ‘ and ‘recreation’ for which the users wsaa
specific  meaning in the application domain.
Moreover, the system used the classes to abstuact o
several synonyms into single concept. For exangple,
domain specific semantic class ‘Yoquestion’ represen
some word such as ‘question’, ‘query’, ‘asking’dan
‘answer’.

4
VB% take NN @transport IN% from NNP @ city To% to NNP @ city
TICKETTRAIN FROM CHICAGO TO TO LEAVE
TAKE TRAIN FROM CHICAGO TO TOLEDO

Lexical
Candidate
Generation

4.1.1. Query to LSP Trandation

L= —— 0 (6]} [ 0]

Query to LSP translation transforms a given query
into a corresponding LSP and the LSP’s enhance the
coverage of extraction by information abstraction
through many to one mapping between queries and
LSP. The words in a query sentence are converted
into the LSP through several steps. First, a
4.1. L exical-Semantic Pattern (L SP) morphological analysis is performed, which segments

A lexical-semantic pattern (LSP) is a structurgy sentence of words into morphemes, and adds part-
where linguistic entries and semantic types are use of-speech (POS) tags to the morphemes (Lee et al.,

03
TAKE A TRAIN FROM CHICAGOTO TOLEDO

Correct Result

Figure 2. Examples of Semantic Error Correction



2002). Second, Noisy Error (NE) recognitionapplication. For semantic-oriented error correction
discovers all the possible semantic types for eadhis system built domain knowledge for target
word by constructing a domain dictionary and amlomain. This system constructed 3.195 entries of
ontology dictionary. Finally, NE tagging selects adomain dictionary and 13165 entries of ontology
semantic type for each word so that a sentencdeandictionary and 436 semantic templates generated
mapped into a suitable LSP sequence by searchiagtomatically using domain dictionary and ontology
several types in the semantic dictionaries. dictionary.
In the results, this system use word error rate
(WER) to measure error correction performance. The
4.2. Structure of Domain Knowledge minimum edit distance between two words is
originally defined as the minimum number of

For semantic-oriented error correction, this systemeletions, insertions, and substitutions required
built a domain knowledge, which consists of a domaitransforming one word into the other. So,
dictionary and ontology dictionary, and template
gueries. Query sentences are semantically absiracte
by LSP’s and are automatically collected for tertela 15+ 7o +1D o
database. Database of template queries of the esourc WER =
statements which are used for actual error detectio
and correction task after speech recognition. The
template queries are automatically acquired by the
Query-to-LSP translation from the source statements The system focus on the detection of error rate
using domain dictionary and ontology dictionary. operates the ASR. Figure 3 presents the experiments

Assuming that some speech statements for rasults of WER of baseline ASR, word based channel
specific target domain are predefined, a recorthef ,q4e| syllable based channel model and combined

template database is composed of a fixed number gf” ble-based channel model with LSP semantic
LSP elements, such as POS tags, semantic tags, N The performances of baseline

domain-specific semantic classes. Table 1 shows gRrrection model. ’
example of template abstracted by LSP conversion fyStem were about 79% ~ 81% on the utterances in IR

(6)

Werutk

a predefined domain of “on-line education”. domain. This results shows that the semantic error
correction of speech recognition result in a viable
Tablel. Example of atemplate abstracted by L SP approach to improve the performance.

The domain dictionary is a subset of the general Reading trainer -
semantic category dictionary, and focuses onlynen t ~ Fairy taletrainer %hobby@position
narrow extent of the knowledge it concerns, sings i Recreation coach
impossible to cover all the knowledge of the warld
implementing an application. On the other hand, t
ontology dictionary for common semantic classe
reflects the pure general knowledge of the worlg N

. 20.00% /\V —
hence it performs a supplementary role to extra //\/\/\
semantic information. The domain dictionary progide —— Baseline

15.00%
the specific vocabulary which is used in semanti //\/\/ ——Word-hased
representation tasks of a user query and the téenpl{10-00% — Syllable ~based
database.

D

25.00%

—Syllable + LSP

5.00%

5. Experiments and Results 0.00%

In the experiments, speech recognition was _ _
performed several experiments on the domain dfigure3. Detection Error Rate on Same Testing set

vehicle telemetric IR. The speech transcripts used
the experiments were composed of 462 queries, which
were collected by one female speaker in a real

5



6. Conclusion

The system proposed an improved syllable-based
noisy channel model for semantic-oriented approach
in a speech recognition error correction. The fasi
approaches require enormous results of ASR and are
dependent on specific speaker and environment. This
system takes in far smaller training corpus ani it
possible to implement the method easily and incatsh
time to obtain the better error correction rateeTh
semantic-oriented approach has more advantages over
lexical based ones since it is less sensitive tth ea
error patterns. The LSP correction has a high
possibility of generating semantically correct
correction due to the massive use of semantic
contexts. So, this system shows a high performance.
For experiments, the system use trigrams language
model generated by SRILM toolkit. The training
program for channel model is made by the system.
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