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Abstract
In this study, we present a pronunciation scoring method for
second language learners of English (hereafter, L2 learners).
This study presents a method using both confidence scoring and
classifiers. Classifiers have an advantage over confidence scor-
ing for specialization in the specific phonemes where L2 learn-
ers make frequent errors. Classifiers (Landmark-based Sup-
port Vector Machines) were trained in order to distinguish L2
phonemes from their frequent substitution patterns.

In this study, the method was evaluated on the specific En-
glish phonemes where L2 English learners make frequent er-
rors. The results suggest that the automated pronunciation scor-
ing method can be improved consistently by combining the two
methods.
Index Terms: speech recognition, confidence score, landmark
Support Vector Machine

1. Introduction
Many automated pronunciation scoring methods have been de-
veloped using confidence scores computed from speech recog-
nizers [1, 2]. Confidence scores measure how closely the ut-
terance of the speaker matches the recognizer’s acoustic model.
Mismatches result in low confidence scores, which provide a
profile of the speakers’ production errors.

However, the accuracy of assessment based on the confi-
dence scores is not always high. In addition, since the measure
is calculated in a similar way for all phonemes, it is difficult to
specialize the measure for the specific phonemes with which L2
learners make frequent errors. In the beginning stage, L2 learn-
ers tend to make pronunciation errors on L2 phonemes which
do not exist in their L1, and some of these errors may remain
even after several years of learning. The pronunciation training
methods need to take the error detection and training of these
phonemes into special consideration.

The classifier method is more effective in implementing
targeted phoneme-specific scoring. [3] developed a classi-
fier model for the voiceless velar fricative /x/, which is of-
ten pronounced incorrectly as the voiceless velar stop /k/ by
L2 Dutch speakers. They trained a Decision tree using the
acoustic-phonetic features specialized for the distinction of stop
consonants from fricative consonants, and achieved accuracy
ranged between 75% to 91%. [4] developed two classifiers us-
ing the acoustic-phonetic features in [3] (AP-classifier) and
cepstral coefficients (MFCC-classifier). Both classifiers showed
higher accuracy than confidence scoring method, but the AP-
classifier is more robust than MFCC-classifiers when there
is mismatch between the training and test corpus. However,
MFCC-classifier is easier to implement than AP-classifier since

MFCC features are already prepared in the speech recognition
system.

For training of the MFCC-classifier method, [4] selected
frames near stop release and only extracted cepstral coefficients
only from these specific frames. This approach is similar to
the distinctive features/landmark based speech recognition ap-
proach such as [5, 6]. Humans can perceive distinctive features
using only the spectral features extracted from the time frame
including and adjacent to a landmark (sudden signal change).
Based on landmark theory, [6] developed a landmark based,
distinctive-feature based speech recognition system: first, the
system decides the broad category such as vowel or consonant
based on the detected landmark, and then it determines the place
of articulation from the frames adjacent to the landmark. [6]
demonstrated high accuracies in specific tasks such as phone
classification.

In this study, we will apply landmark based Support Vector
Machine (hereafter, SVM) method in the pronunciation scor-
ing systematically. Landmark based SVM is easy to apply to
the various consonants and vowels, since it does not require
the implementation of a phoneme specific feature extraction al-
gorithm. An automated scoring method was implemented us-
ing both confidence scoring and Landmark based SVM classi-
fiers. Based on ESL (English as second language) literature,
the phonemes where L2 learners frequently make pronuncia-
tion errors were selected, and SVM classifiers were trained for
all selected phonemes. The method was not limited to specific
consonants or vowels.

2. Method
An automated pronunciation scoring method was developed
that used both confidence scoring and landmark-based SVM.
Both confidence scores and SVM scores were calculated, and
the two scores were combined using a second SVM. The cur-
rent method was specialized for 10 phonemes where L2 English
learners, whose native language is Korean, make frequent er-
rors. However, the method can be extended for language learn-
ers with other L1 backgrounds given their substitution error pat-
terns.

2.1. Data

The automated scoring method requires knowledge of the in-
tended message uttered by speakers. The recognition of non-
native speakers’ speech is a challenging problem, and the ac-
curacy of speech recognition decreases. For this reason, the
method was implemented using manual transcription instead of
word hypotheses of speech recognition.

In order to evaluate the method, rated speech data of L2
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learners is required. A rated speech corpus of L2 English learn-
ers has been constructed by the UIUC Speech and Language En-
gineering Group, and the accuracy of each phone in the speech
has been scored by phoneticians with ESL experience. Since the
data is under development, the method was tested on the native
English speakers’ speech data. However, the method will be
tested on the L2 speakers’ spontaneous speech data after com-
pletion of scoring.

Since L1 speakers do not make systematic substitution er-
rors like L2 learners, errors were simulated by redefining the
pronunciation of the particular words. Korean learners replace
[f] with [p] frequently. Since native English speakers do not
make [f]-[p] substitution errors, the pronunciation of the word
including [p] was modified to include [f]. For instance, the pro-
nunciation of word ’pilot’ was changed to contain [f]. Thus, the
data included artificial pronunciation errors which imitate the
patterns of L2 learners.

The method is developed for both read speech and spon-
taneous speech. Spontaneous speech is characterized by fre-
quent substitution and deletion of phonemes and dynamic dura-
tion changes, which are less common in read speech. In order
to examine whether the method can handle these characteris-
tics of spontaneous speech data correctly, it should be tested on
spontaneous speech data. Therefore, the method was tested on
the Buckeye Corpus of conversational speech [7]. The corpus
includes interviews of 40 native English speakers from diverse
age groups. 10 phonemes with which Korean speakers make
frequent pronunciation errors were selected, and their possible
substitution patterns were found from [8].

Table 1 provides 10 pairs of L2 target phonemes and their
possible substitutions — hereafter, substitution phoneme. The
examples of pronunciation change are presented in fifth column
in table 1.

Table 1: Examples of pronunciation substitution in Artificial
data

L2
phon.

Subst.
phon.

Original
word

Original
pronuncia-
tion

Changed
pronuncia-
tion

æ e seven s e v I n s æ v I n
@ 2 cup k 2 p k @ p
O oU hoed h oU d h O d
I i tea t i t I
U u actual ae k tS u ë ae k tS U ë
f p pilot p aI l @ t f aI l @ t
l r right r aI t l aI t
T s see s i T I
v b baby b eI b i v eI v I
D d day d eI D eI

2.2. Confidence Score

A stress/gender-dependent triphone model was trained on the
1997 HUB4 English data [9] using the HTK toolkit [10].
HUB4 data consists of English broadcast news. About 50 hours
of sound files spoken by native English speakers were selected
and used in the training. The triphones were clustered using a
tree-clustering algorithm which was constructed based on the
distinctive feature definitions [11]. The number of Gaussians

was increased from 1 to 17, and the best phone accuracy
was achieved by the model with 13 Gaussian mixtures. The
phone accuracy rate of this triphone model in HUB4 evaluation
data was 61%. The confidence score was calculated using
this acoustic model. For each phone in the transcription, the
confidence score was calculated using the following equation:

P (ci|x) = P (x|ci)×P (ci)
P (x)

P (x) =
NP

j=1

P (cj)× P (x|cj) (1)

where ci = speaker′s target phoneme
x = given acoustic signal
N= number of all phonemes overlapping with x

If the confidence score of the phoneme was lower than thresh-
old, the phoneme was considered as an error.

2.3. SVMs

For each phoneme and its possible substitution, one SVM was
trained in order to distinguish the target phoneme from the sub-
stitution. For each pair, the target phoneme was the positive
example, while the possible substitution pattern was the nega-
tive example. For example, if the target English phoneme was
[f], and its potential substitution pattern was [p], then [f] was
classified as a positive example, while [p] was classified as a
negative example, and an SVM classifier was trained in order
to distinguish [f] from [p]. For each pair, the same numbers of
positive examples and negative examples were used for training.

[6] showed that the accuracy of landmark based decreased
significantly when the training and test data were from different
corpus. In order to reduce the difference in the noise level be-
tween training and test data, SVMs were trained using TIMIT
data (a wideband read speech corpus). Among the 6300 sen-
tences in TIMIT, only the phonetically compact ’sx’ sentences
were selected. A total of 2310 sentences from 450 speakers
were used for training.

All SVMs in this study are based on the acoustic feature
vector including 39 PLPs (12 PLP coefficients, energy, their
deltas and acceleration, computed once/10ms with a 25ms win-
dow) and formants(f1, f2 formant frequency extracted from
[12]).

SVMs were trained using both a linear kernel and a Ra-
dial Basis Function (RBF) kernel using the SVM-light toolkit
[13]. The data were separated into training data (80%) and de-
velopment test data (20%), and SVMs were trained varying the
kernel function and the number of frames where PLP features
were extracted.

[6] trained SVMs for place of articulation features at con-
sonant boundary and at vowel center. For consonants, SVMs
were trained for prevocalic position and postvocalic position
separately.

In this study, the vowel SVMs were trained using one or
more frames from the vowel center in a similar manner to [6].
However, the consonant SVMs were trained without the dis-
tinction between prevocalic and postvocalic position. By merg-
ing prevocalic and postvocalic position, the consonant boundary
can be located at both onset and offset of phonemes. Therefore,
the frames from both onset and offset were selected and used in
the training of SVMs. In addition, for the consonant-consonant
case, the spectral features from the center frames were also se-
lected and used with other features.

Table 2 shows the accuracy of the SVMs according to ker-
nel function.
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Table 2: Classification Accuracy and Kernel Function

Phoneme Function Classification Accuracy
æ Linear 72.1

RBF 73.4
I Linear 82.4

RBF 83.8
D Linear 74.3

RBF 78.1

RBF SVMs showed higher accuracies than linear SVMs. In
vowels [æ] and [I], there was about a 1% improvement by using
an RBF kernel. The improvement was more salient in [D]; the
accuracy of RBF SVM was about 4% higher than the accuracy
of linear SVM. Therefore, SVMs trained using an RBF kernel
were selected.

The difference between three-frame SVMs and one-frame
SVMs was less clear, but three-frame SVMs showed slightly
higher accuracies in [æ, I]. SVMs using three frames were se-
lected for pronunciation scoring.

2.4. Score Combination

The method was tested on the Buckeye Corpus of conversa-
tional speech [7]. For each target phone in the test data, both
SVM score and confidence score were calculated. One SVM
was trained to combine confidence score and SVM score using
Buckeye Corpus. Table 3 shows the size of training and test
data for combining scores.

Table 3: Training data and Test Data for Combining Scores

speakers sentences samples
Training 15 300 9626
Test 10 200 4902

2.5. Phoneme-Specific Threshold

[2] pointed out the ranges of scores differs according to the
phonemes. For instance, the scores of the fricative consonants
have a broader distribution than vowels. [2] showed that using
different thresholds for each phoneme results in an improve-
ment in the accuracy.

Phoneme-specific thresholds were found using the develop-
ment test data. A total of 300 sentences spoken by 15 speakers
were selected from the Buckeye corpus. For each phoneme, the
threshold that maximizes the F-score was found from the de-
velopment test data. The thresholds were found for confidence
score, SVM score, and combined score separately.

3. Results
The performance of the algorithm was evaluated using an F-
score measure. Table 4 shows the F-scores of each method
using phoneme-specific thresholds. The point at which the
method achieved the highest F-score in the development test
data was determined to be the threshold.

The confidence score shows higher F-scores for consonants
[D,v,f] and vowel [I], while SVM score shows higher F-scores

Table 4: F-scores for Each Phoneme

F-score æ O I U
Confidence 0.70 0.80 0.86 0.78
SVM 0.77 0.88 0.82 0.78

Combined 0.78 0.88 0.85 0.79
F-score T D f v total
Confidence 0.88 0.84 0.93 0.86 0.83
SVM 0.87 0.77 0.90 0.84 0.83

Combined 0.91 0.85 0.95 0.88 0.86

for vowels [æ,O]. By combining the two scores, F-scores of all
phonemes except [I] were improved. On average, there was 3%
improvement (relative 17%) in F-score. The improvement by
the combination of two methods was statistically significant (p
= 0.0001).

4. Discussion
Table 5 provides the comparison between [2] method and the
method in this study. FAR (false acceptance rate) is the ratio
where the method accepts incorrect phones as correct phones,
while SAR is the ratio where the method successfully accepts
correct phones, and rejects incorrect phones.

Table 5: Comparison between [2] and the current study

Method Description SAR FAR
[2]’s method confidence score 90 8
This study confidence score 78 8

SVM score 79 8
combined score 83 8

[2] tested her method on the artificial L1 data and achieved
90% SAR at 8% FAR. Confidence scoring method in this study
achieved 78% SAR, and SVM method achieved 79% SAR.
Both methods in this study achieved about 10% lower SAR than
[2]’s study. However, [2]’s study was tested on read speech,
while the methods in this study were tested on spontaneous
speech. Considering spontaneous speech phenomena, such as
frequent reduction and co-articulation, the results of this study
would be comparable with [2]’s study.

The combination of two methods improved the accuracy
of pronunciation scoring, and the improvement was statistically
significant. The two methods were based on the same spec-
tral features (39 PLP features). By using the same features
in two different ways (HMM vs. landmark based SVM), the
method can achieve further improvement without implement-
ing per phoneme feature extraction algorithm.

Furthermore, with small training data sizes, SVMs have
an advantage over the confidence scoring method. The SVMs
in this study showed comparable results to confidence scoring,
though they were trained using much less data. Table 6 sum-
marizes the size of training data for each step.

The acoustic model was trained using 43000 sentences,
while the SVMs were trained using 2315 sentences. SVM train-
ing data is thus 20 times smaller than the acoustic model train-
ing data. This is an important advantage. In this study, the
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Table 6: Training Data Size

Number of
Sentences

Number of
speakers

Corpus

Train acoustic
model

43000 1953 HUB4
broadcast
news

Train landmark
SVMs

2315 450 TIMIT
(read
speech
data)

Train a SVM
for combining
scores

300 15 Buckeye
(spon-
taneous
speech)

Phone-specific
threshold

300 15 Buckeye
(spon-
taneous
speech)

method was tested on the phonemic substitutions under the as-
sumption that the differences between the substituted phonemes
and L2 correct phonemes are phonemic. This assumption is
valid for some cases, but it would not be valid for all cases. For
instance, a vowel could be neither target-like nor a clear substi-
tution. In order to solve these cases, the method should distin-
guish the correct phonemes from their non-categorical substi-
tutions. Considering the difficulty in constructing L2 speakers’
speech data with phone accuracy scores, the small training data
requirements of the SVM-based method would have a strong
advantage over a confidence scoring approach for such cases.

In contrast to the confidence model, which does not explain
what the incorrect phonemes are like, SVM can provide the
acoustic characteristics of the incorrect phone. Based on this
information, accurate feedback on how to correct the pronunci-
ation error can be provided to L2 learners.

In this study, the method was developed for substitution er-
rors, and the error patterns were predicted by phonological dif-
ferences between L1 and L2. These errors would predict the be-
ginner learners’ substitution errors accurately, and this method
can provide an efficient training method for them. As L2 learn-
ers acquire L2 phonology, some of these errors may disappear,
and new errors may occur. If the error patterns are collected
using small data, this method can provide an accurate training
method for the learners with diverse fluency levels.
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