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coffee
copy
beef
beep
base
vase
rebel
revel
curb
curve
day
they
header
heather
breed
breathe
lay

ray
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31.
32.
33.
34.

35.
36.
37.
38.
39.
40.
41,
42,
43.
44,
45.
46.
47.
48,
49,
50.
51.
52,
53,
54,
55,
56.
57.
58,
59.
60.
61.
62.

sink
think
pleasure

pledger

heat she said
hit she said
pan she said
pen she said
Luke she said
look she said
pause she said
pose she said
cop she said
cup she said
pat she said
fat she said
coffee she said
copy she said
beef she said
beep she said
base she said
vase she said
rebel she said
revel she said
curb she said
curve she said
day she said
they she said
header she said
heather she said
breed she said

breathe she said
57



63.
64.
65.
66.
67.
68.

69.
70.
71.
72.
73.
74,
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
85.
86.
87.
88.
89.
90.
91.
92.
93.
94.

lay she said

ray she said

sink she said
think she said
pleasure she said

pledger she said

Say heat again
Say hit again
Say pan again
Say pen again
Say Luke again
Say look again
Say pause again
Say pose again
Say cop again
Say cup again
Say pat again
Say fat again
Say coffee again
Say copy again
Say beef again
Say beep again
Say base again
Say vase again
Say rebel again
Say revel again
Say curb again
Say curve again
Say day again
Say they again
Say header again

Say heather again
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95.
96.
97.
98.
99.

100.
101.
102.

103.
104.
105.
106.
107.
108.
1009.
110.
111.
112.
113.
114.
115.
116.
117.
118.
119.
120.
121.
122.
123.
124.
125.
126.

Say breed again
Say breathe again
Say lay again

Say ray again

Say sink again
Say think again
Say pleasure again

Say pledger again

| say heat

I say hit

I say pan

| say pen

| say Luke

I say look

| say pause

| say pose

| say cop

I say cup

| say pat

| say fat

| say coffee

| say copy

| say beef

| say beep

| say base

| say vase

| say rebel

| say revel

I say curb

| say curve

| say day

| say they
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127.
128.
129.
130.
131.
132.
133.
134.
135.
136.

| say header

| say heather
| say breed

| say breathe
| say lay

| say ray

I say sink

| say think

| say pleasure

| say pledger
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Abstract
Evaluation of conformity of Al ASR

on English production training

for Korean learners

Yeojin Lee
Department of Linguistics
The Graduate School

Seoul National University

The aim of this paper is to verify whether an Artificial Intelligence Automatic
Speech Recognition(Al ASR) can be used when developing a production training
program, and to discuss how to use Al ASR by evalutating the recognition
performance of Al ASR on the pronunciation spoken by Korean learners of English
in a context-independent environment.

To evaluate pronunciation independently from context information, individual
word forms and carrier-sentences were used as experimental data. And to find out
whether performance varies depending on the position of the target sound, the
recognition rate was identified in sentence-initial, sentence-medial, sentence-final
position, and word-initial, word-medial, and word-final position. In evaluating the
performance of Al ASR, a method of directly comparing the native speaker's
response with the response of the ASR was used to distinguish between Korean
learners' pronunciation errors and misrecognition of the ASR. For the stimuli to
understand how accurately the ASR systems distinguish sounds, we used minimal
pairs that Korean learners of English find difficult to pronounce. The six Al ASR

systems were compared with each other: Google Cloud Speech-to-Text, Microsoft
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Azure Speech Service, IBM Watson Speech to Text, Amazon Transcribe, Naver
CLOVA Speech, and phone-based ASR.

As a result of directly comparing the judgment of each Al ASR and native
speakers on the English pronunciation of Korean learners in a context-independent
environment, the agreement rate of phone-based ASR was the highest at 77%. When
the input form was a sentence, the overall recognition rate was high, and when the
target sound was at the sentence-medial or word-medial position, the recognition rate
was high. The difference in the recognition rate between consonants and vowels was
insignificant. In addition, the overall recognition rate of segments [b, f, p] was high
and the recognition rate of [d3, s, A] was low.

This study evaluated the context-independent performance of multiple Al ASR
systems from the perspective of production training. While a phone-based ASR has
the best performance for developing a production training, it was found that word-
based ASR systems also showed quite high performance for developing production
training using minimal pairs. Since the ASR determines the mispronunciation with
a recognition rate of about 80%, a positive effect could be expected when used for
pronunciation education and evaluation. When developing a production training and
evaluation program, it was confirmed how to compose linguistic units to avoid

misrecognition of ASR.

Keywords : ASR, performance evaluation, Korean learners of English,
English pronunciation, recognition rate, Al, production training,

pronunciation education

Student Number : 2015-22455
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