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Abstract Nowadays, the English language is often used as a tool to facilitate communication at international
meetings. Consequently, to apply automatic speech recognition (ASR) techniques for meeting dictation, the ASR
system must have the capabilty to recognize utterances not only by native speakers but also by non-native speakers.
However, the accuracy of non-native English ASR is still not satisfactory, and still has much room for improvement.
To achieve this improvement, it is necessary to consider the acoustic model, pronunciation lexicon, language model,
and decoding. In this study, we focus on the pronunciation lexicon. Specifically, we propose a method that first
uses a G2P (Grapheme-to-phoneme) tool to predict multiple candidate pronunciations for each word, then estimates
the occurence frequency of pronunciation variations from the acoustic data of non-native speakers. In experiments,
we find that the proposed method could cope with fluctuation and ambiguity of pronunciation, and it was able to
achieve an improvement in recognition accuracy.
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Fig.1 Lexicon iterative learning.
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Table 1 Example of pronunciaton learning.

‘Word Initial Updated
RS 0 | FeE RS
bathroom | b aa th r uw m 0.2 | baethruwm 1.0
b ae th r uw m 0.2
b et dhr uh m 0.2
b ey dh r uw m 0.2
b ey th r uw m 0.2
academic |aekahdahmihk 0.2|aekahdehmiyk 0.58
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trawbahln 0.2

FETHEERFELREL, FihE OREY RIS F 5 %
75, FRCREHEEEDOY — N 275 GP ¥ T —RITHE
HY 5.

3.1 BEFEERT G2P #AVAERTHEARE

T IRGEGRE & RO T & & I REEERRE H A EIS T 5 5
HBaEEZD. ZOBE, GP EFNDEE T — & L L TREE
FEMELUCESN-REREEHV S, BARRIZIE, 358K
MR 4753 FHEET, 9MEOEFELY hEHVWTWS CMU
(Carnegie Mellon University) ¥ & & &2 HH LU TERI N
KEHETHD. TOERETIR, REFEFEHORSGHER
G2P EF VDY F—2 e UTHWE O REFEICR S
5 I RYMBHIAER S N, JERFEGEE CHERS N DBIR L 725,
IO DREROFEGHEHEIIRT TITHVS5E L gL T
REEES AR L - R EHEVNFE S hE L Bbhd. D&
T, ZOTFH%Z NativeG2P L ITX,

3.2 IFREFERT G2P #HWARIHELENE

B TR R 72 ETEERIE T, G2P €T VOHMFY
TR LT, HEEEEOREHEL AW, TN TIIER
FEREE TR O N D K O A SR RAMERAVE R X N o Al REME A
HY, EBEOIFFESHEICHL B ENFEEINBNI 22
Zotd. LnURNS, IERFEEEORKG 2 KWL 72 F 5 &t
HE QP EFLVOMYT -2 UTHWT, ERFEFZEICR
SNDFELE R 2R T S Z e A TENIE, JERFESAIC
HUT, KORNIZEENFEEHI N EEDbNS.
AT, DK S RIERFETHEOR S KM L 7215
e LT, NAD OA & H FHgEREE 30.512 IEEh 23 a3V
¥ a—ROXFANEREE L V-, 2 OREITIEFERRK
A1 6 THGEDY, STV bVIXEHGEL X I FTHRE

(##2) : http://nadroom.dousetsu.com/download/download_katakana_share.

html



ability | 7 €Y 74 |AHBIY RIY TIY
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Fig.2 Example of converted non-native lexicon.
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Table 2 Experimental data.

FEHT—& NHC| W | BERE ()
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Fig.3 Experiment results of LOW, MID, HIGH speakers.
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Table 3 Example of native and non-native pronunciaton learning.

Word | REGEGEE Y FEREEEE R
FE R 0 | FERS 0

arrival |eray vahl 1.0|ahraybow 0.67
er ay v ah 1 0.33

ballet | b ahr ey 1.0 | bahrehey 0.75
b ah r eh 0.25
tibet tah beht 1.0|tihbeht 0.67

tahbeht 0.33
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