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Abstract
Korean is an agglutinative and highly inflective language with
a severe phonological phenomenon and coarticulation effects,
making the development of a large-vocabulary continuous
speech recognition system (LVCSR) difficult. Choosing a
Korean orthographic word-phrase (eojeol) as a basic recogni-
tion unit leads to high out-of-vocabulary (OOV) rates, whereas
choosing an orthographic syllable (eumjeol) unit results in high
acoustic confusability. To overcome these difficulties, we pro-
pose to construct the speech recognition task as a serial archi-
tecture composed of two independent parts. The first part is to
perform a standard hidden Markov model (HMM)-based recog-
nition of phonemic syllable units of the actual pronunciation
(surface forms). In this way, one phonemic syllable corresponds
to one possible pronunciation only. Thus, the lexicon dictionary
and OOV rates can be kept small, while avoiding high acoustic
confusability. Here, the Korean orthography of written tran-
scription are not yet considered. In the second part, the sys-
tem then transforms the phonemic syllable surface forms into
the desirable orthography of a recognition unit, e.g., eumjeol or
eojeol. To solve this task, a noisy-channel model is utilized,
wherein the sequence of phonemic syllables is considered as
“noisy” string, and the goal is to recover the “clean” string of
Korean orthography. The entire process requires no linguistic
knowledge, only annotated texts. The experiments were con-
ducted on a Korean dictation database, where the best system
could achieve 91.21% eumjeol accuracy and 71.30% eojeol ac-
curacy.
Index Terms: large-vocabulary continuous speech recognition,
Korean language, noisy-channel approach.

1. Introduction
Most state-of-the-art large-vocabulary continuous speech
recognition (LVCSR) systems typically choose words as the ba-
sis for recognition units. This is mainly because the words are
long enough to differ from each other in a sufficient number
of phonemes, while short enough to be able to cover most ma-
terial with a reasonable number of frequently occurring word
forms [1]. This is basic for Indo-European languages (e.g. En-
glish), since the number of word forms is relatively small, and
the boundaries between adjacent words are clearly separated by
a white space. However, this choice becomes problematic in
agglutinative and highly inflective languages like Korean.

In Korean orthography, there are two main components; eu-
mjeol and eojeol. (1) An eumjeol is a basic unit that represents
an orthographic syllable of a single Hangul character. It is ba-
sically composed of one to three jamo (orthographic phoneme
segments); (2) An eojeol is a sequence of one or more eumjeol,
separated by spaces [2]. Although a space exists in the Korean
writing script, the word boundary is difficult to define without

any morphological analysis. Because an eojeol is a long unit
of an agglomerate of morphemes, it is semantically similar to
phrases (two or three words) in English. Due to the aggluti-
native process it may combine one or several stem morphemes
with one or several functional morphemes (e.g., tenses, suffixes,
honorifics). Consequently, there may be thousands of distinct
eojeol that can be generated from a given word root, depend-
ing on their usage. Thus choosing eojeol as a basic recognition
unit leads to an extremely high language model perplexity and
a large number of out-of-vocabulary (OOV) rates. On the other
hand, choosing eumjeol as a basic recognition unit may pro-
vide small dictionary sizes and OOV rates. However, due to a
severe phonological phenomenon in the Korean language, the
same orthographic transcription can have a large distinct sur-
face pronunciations depending on the neighboring morphemic
and phonemic contexts. Thus, acoustic confusability of eum-
jeol is also increased significantly resulting in low performance
of LVCSR.

Many Korean LVCSR systems existing today attempted to
overcome these difficulties by creating a set of new units that
lie between these two eojeol and eumjeol units. One way is to
choose a morpheme as a basic recognition unit, which has often
been used in many agglutinative languages [3, 4]. One study
[5] shows that this morpheme-based approach still requires an
additional cross-word phone variation lexicon to deal with a se-
vere coarticulation problem. Another study [6] then proposed
merging several morphemes into a basic unit and defining it as
a word. Starting from the original morpheme units defined in
Korean morphology, pairs of short and frequent morphemes are
merged into larger units by combining both rule-based and sta-
tistical methods. However, this requires a great deal of effort
to develop a morphological analysis that involves a great deal
of linguistic knowledge about the morphological structure. An-
other way is to determine appropriate vocabulary units using a
data-driven approach [7].

In this paper, we investigate another approach, wherein we
perform a standard hidden Markov model (HMM)-based recog-
nition of phonemic syllable units of the actual pronunciation
(surface forms). In this way, one phonemic syllable symbol has
only one phonetic transcription that corresponds to one possi-
ble pronunciation. Thus, the lexicon dictionary and OOV rates
can be kept small, while avoiding high confusability due to a
severe coarticulation problem. Here, the Korean orthography
of written transcription are not yet considered. In the second
step, the system then transforms the phonemic syllable surface
forms into the desirable orthography of a recognition unit, e.g.,
eumjeol or eojeol. To solve this task, a noisy-channel model
is utilized, wherein the sequence of phonemic syllables is con-
sidered as “noisy” string, and the goal is to recover the “clean”
string of Korean orthography.

In the next section, we give an overview of phonological
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changes in the Korean language. Then, we describe the LVCSR
framework in Section 3, and the noisy-channel approach in Sec-
tion 4. Details on the experiments are presented in Section 5 and
conclusions are drawn in Section 6.

2. Phonological Changes in Korean
The orthographic transcription is converted into phonetic sur-
face forms via a phonological process. Phonological changes
can occur between within a morpheme and across adjacent mor-
phemes. These changes include consonant and vowel assim-
ilation, dissimilation, insertion, deletion, and contraction [8].
Some examples of the problematic sets of (completely or par-
tially) orthographic eojeol are describes as follows:

• An obstruent syllable coda /g/ is nasalized
when followed by an syllable onset nasal /m/:

Meaning: “citizens”
Eojeol (romanized): /gug-min/
Eumjeol (romanized): /gug/ /min/
Phonemic syllable: /gung/ /min/
Phonemes: /g/ /u/ /ng/ /m/ /i/ /n/

• A syllable onset lenis obstruent /b/ after syllable coda
/h/ is fused with the /h/ to result in an open sylla-
ble followed by an aspirated obstruent syllable onset:

Meaning: “study of law”
Eojeol (romanized): /beob-hag/
Eumjeol (romanized): /beob/ /hag/
Phonemic syllable: /beo/ /pag/
Phonemes: /b/ /eo/ /p/ /a/ /g/

The complete phonological phenomenon is rather complicated.
A detailed discussion of Korean phonological phenomena can
be found in [2, 9].

3. Speech Recognition Framework
Given the feature vectors x = [x1, x2, ..., xT ] of the
speech signals, the state-of-the-art statistical speech recogni-
tion task is to find an orthographic Korean sequence we =
[we1, we2, ..., weN ] that maximizes the conditional probability
P (we|x):

ŵe = argmax
we

P (we|x). (1)

By introducing an intermediate symbol of the phonemic sylla-
ble surface form sp = [sp1, sp2, ..., spM ], the above equation
becomes:
ŵe = argmax

we

{
X
sp

P (we, sp|x)}

≈ argmax
we

{max
sp

P (we|sp)P (sp|x)}

≈ argmax
we

P (we|ŝp); where: ŝp = argmax
sp

P (sp|x).

(2)

This equation suggests that the speech recognition task can be
constructed as a serial architecture composed of two indepen-
dent parts:
(1) The first part represents finding the most probable phone-

mic syllable sequence ŝp. It is performed by standard
HMM-based speech recognition where a phonemic sylla-
ble unit is used as the recognition unit as follows:
ŝp = argmax

sp

P (sp|x) = argmax
sp

P (x|sp)P (sp), (3)

P (sp) denotes a language model (LM ) of phonemic sylla-
ble units and P (x|sp) denotes an acoustic model (AM ).

(2) The second part represents finding the most probable or-
thographic we sequence given the phonemic syllable ŝp se-
quence. Here, this orthographic we sequence can be either
an eumjeol or eojeol sequence. It is performed by a noisy-
channel model as described in the following section.

4. Noisy-Channel Approach
The noisy-channel approach utilized here is adopted from sta-
tistical machine translation (SMT). Following the SMT termi-
nology, we define the phonemic syllable sp sequence to be the
source language that has to be translated into the target lan-
guage, namely the orthographic we sequence. SMT formulates
the translation process as the maximization problem of the con-
ditional probability:
ŵe = argmax

we

P (we|sp) = argmax
we

P (sp|we)P (we), (4)

where P (we) denotes an LM representing the likelihood of the
target language of the orthographic unit we and P (sp|we) de-
notes a translation model representing the generation probabil-
ity from phonemic syllable sp into orthographic unit we [10].
During the translation process (decoding), a score based on the
statistical model probabilities is assigned to each translation hy-
pothesis and the one that gives the highest probability is selected
as the best translation. The basic framework of SMT is illus-
trated in Fig. 1.

Source
Language
Input

Target
Language
Output

Decoding Algorithm
argmax P(src|trg) * P(trg)

Translation
Models

Language
Models

statistical
analysis

Parallel
Text Corpora

Monolingual
Text Corpora

Figure 1: Basics of SMT Framework.

In practice, we applied our existing SMT system without
any modification. This is based on phrase-based machine trans-
lation techniques [11] integrating within a log-linear framework
[12]. For the training of the SMT models, word alignment [13]
and language modeling [14] toolkits were used. N-gram lan-
guage models built with Knesser-Ney smoothing [15] were used
along with a lexicalized distortion model [16]. The system is
trained in a standard manner, using a minimum error-rate train-
ing (MERT) procedure [17] with respect to the BLEU score [18]
on held-out development data to optimize the log-linear model
weights. For decoding, a multi-stack phrase-based SMT de-
coder called CleopATRa [19] was used.

Assuming one phonemic syllable unit is one “word” of
source language unit, then a “phrase” is one segment of the
source phonemic syllables sequence. The basic idea is to seg-
ment the source phonemic syllables sequence into subsequences
(phrases), then translate each phrase individually, and finally
compose the target orthographic unit sequence based on the n-
gram language model. As the process is phrase-based, the trans-
lation is generated phrase-by-phrase, and the orthographic unit
we sequence of the target language is typically generated in or-
der in a forward manner. In this way, it allows the transforma-
tion of several phonemic syllables into one orthographic unit we

(e.g., a single eojeol). More details of our SMT system can be
found in [19].
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5. Experimental Evaluation
5.1. Data Corpora

The experiments were conducted using the large vocabu-
lary continuous Korean speech database developed by the
Speech Information Technology and Industry Promotion Cen-
ter (SiTEC) [20]. The three types of data corpora used here are
referred to as Sent01, Dict01 and Dict02:

• Phonetically-balanced sentences (Sent01)
About 20,000 sentences selected from a large Korean
text corpus on the basis of containing morphemes of high
frequency, including phonetically balanced sentences,
were used and organized into 200 prompt sets. The clean
speech of 200 speakers (100 males, 100 females) was
recorded in a soundproof room (each speaker uttered one
prompt set of about 100 sentences).

• Dictation application sentences (Dict01 and Dict02)
About 40,000 sentences composed on the basis of con-
taining words and morphemes of high frequency were
used and organized into 200 prompt sets. This data
was generated for a dictation application. The clean
speech of 400 speakers (200 males, 200 females) for
each Dict01 and Dict02 was recorded in a soundproof
room (each speaker uttered about 100 sentences).

The romanized transcriptions of both orthographic and surface
form were provided for the whole corpus. The last two prompt
sets from each Sent01, Dict01 and Dict02 were allocated to
the test set, while the remaining data were used as the train-
ing set. The eojeol and eumjeol coverage on training and test
set of SiTEC corpora are described in Table 1.

Table 1: Eojeol and eumjeol coverage in SiTEC corpora
Training Test

# Sentences 101,714 1,238
# Eojeols 863,556 11,119
# Eumjeols 2,275,899 27,842
# Unique Eumjeol 1,177 613
# Eumjeol Lexical Entries 4,252 -
# Unique Phonemic Syllable 1,337 679
# Phonemic Syllable Lexical Entries 1,337 -

5.2. Baseline LVCSR System

Our baseline HMM-based acoustic model was trained using all
Sent01, Dict01 and Dict02 training data. A sampling frequency
of 16 kHz, frame length of a 20-ms Hamming window, frame
shift of 10 ms, and 25 dimensional feature parameters consist-
ing of 12-order MFCC, ∆ MFCC and ∆ log power were used
as feature parameters.

The full phoneme set, as defined in [21], contained a total
of 40 phoneme symbols. These consisted of 19 consonants and
21 vowels (including nine monophthongs and 12 diphthongs).
One silence symbol was added during acoustic model training.
Three states were used as the initial model for each phoneme.
Then, a state level HMnet was obtained using a successive state
splitting (SSS) algorithm based on the minimum description
length (MDL) criterion in order to gain the optimal structure
in which triphone contexts are shared and tied at the state level.
Details about MDL-SSS can be found in [22]. The resulting
context-dependent triphone had 2,231 states in total with 5, 10,
15 and 20 Gaussian mixture components per state.

The pronunciation dictionary was composed based on or-
thographic syllable (eumjeol) units with multiple pronuncia-
tions. The eumjeol bigram and trigram language models were

trained using the text data of Sent01, Dict01, and Dict02, yield-
ing a trigram perplexity of 16.6 on Sent01, 20.6 on Dict01, and
31.2 on the Dict02 test set with an OOV-rate of less than 1%.

The performance of the baseline system for each Sent01,
Dict01, and Dict02 test sets is shown in Fig. 2. The best mod-
els only achieved 70.13%, 67.96%, and 57.39% syllable accu-
racy on Sent01, Dict01, Dict02, respectively. Note that this
performance can also be considered as character accuracy to
fairly compare with other languages. As can be seen, even with
a small dictionary and low OOV rates, orthographic syllable
recognition is still difficult due to high acoustic confusability.

Figure 2: Orthographic syllable (eumjeol) accuracy of baseline
LVCSR system.

5.3. Proposed LVCSR System

As described in Section 3, we constructed our system as a se-
rial architecture of two independent parts: (1) finding the most
probable phonemic syllable sequence ŝp; and (2) translates the
phonemic syllable ŝp sequence into an orthographic ŵe se-
quence.

In the first step, phonemic syllable recognition was per-
formed using the same training set and acoustic model as in
the baseline LVCSR. The only differences are the pronunciation
dictionary and language model. Instead of using orthographic
syllables (eumjeol), the lexical entry and language model unit
were composed based on the phonemic syllable units (surface
forms). Thus no multiple pronunciations exist here, and the re-
sulting lexicon size is only one-third of the baseline lexicon.
The language model had a slightly higher trigram perplexity of
18.7 on Sent01, 22.4 on Dict01, and 31.3 on the Dict02 test set
with OOV rates of less than 1%. The performance on phonemic
syllable accuracy for each Sent01, Dict01, and Dict02 test set
is summarized in Table 2. The best model achieved a very high
performance of 88.67%, 88.71%, and 80.17% phonemic sylla-
ble accuracy on Sent01, Dict01, Dict02, respectively. However,
these results can not yet be compared with the baseline perfor-
mance, since they are based on different unit symbols.

Table 2: Phonemic syllable accuracy of proposed system
Test Set 5 Mix 10 Mix 15 Mix 20 Mix
Sent01 86.99 88.13 88.67 88.48
Dict01 87.75 87.87 88.71 88.33
Dict02 78.50 79.32 80.17 80.42

For the second step, we first trained the noisy-channel
model on the same training set. The performance of the pro-
posed noisy-channel model given the correct input transcrip-
tion of the phonemic syllable sequence is given in Table 3. We
then utilized the trained noisy-channel model on the output of
phonemic syllable recognition. The performance on both eo-
jeol and eumjeol target unit sequences for each of the Sent01,
Dict01, and Dict02 test sets was shown in Fig. 3 and 4, re-
spectively. Note that this performance can also be considered
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for word-phrase and character accuracy to compare fairly with
other languages. The best system could achieve 71.30% eo-
jeol accuracy and 91.21% eumjeol accuracy (on Sent01 test set),
yielding 26.67% absolute improvement with respect to baseline
orthographic syllable recognition.

Table 3: Eojeol and eumjeul accuracy provided by noisy-
channel model given correct input of phonemic syllable tran-
scription.

Test Set Eojeols Eumjeols
Sent01 86.82 98.99
Dict01 94.55 98.50
Dict02 83.47 97.72

Figure 3: Orthographic word-phrase (eojeol) accuracy pro-
vided by noisy-channel model.

Figure 4: Orthographic syllable (eumjeol) accuracy provided
by noisy-channel model.

6. Conclusions
We demonstrated the possibility of utilizing a noisy-channel
model in a Korean LVCSR that allows transformation between
different symbols in Korean orthography. The noisy-channel
model is applied after we perform the standard HMM-based
recognition on phonemic syllable of the actual pronunciation
(surface forms). The goal is to output a sequence of Korean or-
thography given a sequence of phonemic syllable surface forms.
We attempted to transform phonemic syllable surface forms into
both orthographic eojeol and eumjeol. The best system could
achieve 71.30% eojeol accuracy and 91.21% eumjeol accuracy.
The results reveal that the proposed method can help to improve
Korean LVCSR performance, giving 26.67% absolute improve-
ment with respect to baseline orthographic syllable recognition.
The entire process requires only annotated texts without any lin-
guistic knowledge, making it applicable to other agglutinative
languages.
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