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Abstract

Automatic speech recognition (ASR) has been revolutionized with deep learning-based approaches, among which
self-supervised learning methods have proven to be particularly effective. In this study, we aim to enhance the performance
of OpenAl’s Whisper model, a multilingual ASR system on the Korean language. Whisper was pretrained on a large
corpus (around 680,000 hours) of web speech data and has demonstrated strong recognition performance for major lan-
guages. However, it faces challenges in recognizing languages such as Korean, which is not major language while training.
We address this issue by fine-tuning the Whisper model with an additional dataset comprising about 1,000 hours of Korean
speech. We also compare its performance against a Transformer model that was trained from scratch using the same
dataset. Our results indicate that fine-tuning the Whisper model significantly improved its Korean speech recognition
capabilities in terms of character error rate (CER). Specifically, the performance improved with increasing model size.
However, the Whisper model’s performance on English deteriorated post fine-tuning, emphasizing the need for further
research to develop robust multilingual models. Our study demonstrates the potential of utilizing a fine-tuned Whisper
model for Korean ASR applications. Future work will focus on multilingual recognition and optimization for real-time
inference.
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Table 1. The size of the whisper model and the size of the Transformer

3 1. Whisper

model full trained from scratch

2 g2t el 7l 24 37
large-v2 1.54 B 6.17 GB
medium 762.32 M 3.05 GB
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Table 2. Test datasets used for evaluation of trained models

HAE do]E Al w3t A1zE
kspon-evalclean 3,000 3.64
kspon-evalother 3,000 3.80
spon-bcast 891 2.14
spon-debate 1,308 1.65
spon-present 1,184 1.47
libri-testother 2,939 5.34

Changhan Oh et al. / Phonetics and Speech Sciences Vol.15 No.3 (2023) 75-82 77



33. 37/ %

AT =371 71 24 2 FS(character error rate, CER)
& AHgto] dhto) SN g B, g2 =l
27|17} BE g Fgo] w7 | ©ro] @ FE(WER)X.UH=
CERE AHE3H= 0] 2239120719 4% 37k Agtatet. 4
o dAbe} 7F o] 912 A2 RE A0 A E AAkste]

& 2430, B BAE e eslth BE %}
= Q RFoll A A AE QAT B s 7E Al
o st A7} §F BAR BI)5AL Q4 E
125 ATt sk AL ol &S Felsiok Bk ol 54
E]OIEMO LibriSpeech 2] Bl 2~ E Al(libri-testother) 2] 73-$- WER
2 Axtsle] Q12158 =4 3T

= "1
ofolel 5 441 212 CERS WERE ARSI 401k

& oot A T
o

)

CER=(S.+ D.+ I)/N, nH

WER=(S,+ D, +1,)/N, 2

(DollA Sa= 912 A zfol| A 2 o) Al(substitution) . =4} <7,
D= Q12 Ao A A Al (deletion)® 24 <, I 912 A}ol
2 (insertion) . Ak 7, No= 5 HIAEQ & S4F otk
ol Al o 2 22} @ F HlES Aae 4= 9tk (2)2] A, (Dol
Al 22 FE 7EE To] 2 uHro] Altel Aotk
5, @] 27 0| &S Alshe Flolth

4. 49

4.1. 164 kel e I

Whisper .28 91745t 2 3718 2 AdamW optimizer
9} Warm-Up scheduler&- A[-8-5}¢1 Q’%EOI 1e-05, weight decay
£ 0012 AAch 27 19 o] FHsr]el T =4
© 3 FHt epoch - 302 733t} 87112 NVIDIA A6000
GPU7} el 71A15 AH8-ste] 2 7R 747} 0484171,
0.62A171, 26.07417F0] A~ Q. F At

APERE B9 glo] T8 8k= Transformer 28] 4-¢- &
Al 7 F/2 g5 dlolH & o83t sEE I 1)
Whisper 22 2] FRR1FY o] AFE-¥ 213} 53 KsponSpeech
do]E] 1,000A]7F dlo]E 2 F-sttt. 2) vlo]E & Fotel| &
359 Wl B 28ke] 6,500 A1712] AlHub HolHE
Abgste] Fdakqla, 3) 9 H]O]H o} F7telelE e wHQl
TAFEE WG sh7] f8te] 7 85 vlolE Al EE BF AFS-S
7,500A171E] &5 HolH & AMg-aFo] gt} 7 37 Bl
sl k5% 0.002, weight-decay 0.012] Adam optimizer %!
Warm-Up schedulerS A3 TE B2 early stop 3101 ol 35
epoch7}<] 8h5E o, mix|u} 57 8] RS Oial] S Wk
871 2] NVIDIA A6000 GPU= 37} 2] 7218 7+7 Fed sl o)
A7 AI7H 85417, 37.041%E, 39.241 k0] AR FH QiTh

4.2. Whisper 5.2 2] Zero-Shot 3 7}

WA, Whisper 221 2] zero-shot B 715 X8 3t} obx] A 3)
vk} Zro] Whisper 222 O] -8-%F2] to]E] & A}-8-3fo] 72l
Jalo] AbgetEE /R RElo|th whEbA zero-shot 7
T8t Aol Y& Ao oide 4 glrk ©F Whisperd] =2
& ESPnet®] RA=E Wgsh= HAgollA 7|& Bl Asol &
2} 2 = Qlrk IRIFEE 4838k &> 2EE 0 epoch 2
olgtal 37Tt 0 epoch 222 ESPnetS A1-3-519] inference
St A¥}, CERO] B 7ML thake] 60% o102 52 2.5+
2 HAFAHLE 19 0 epoch F11). o= 5449 €& 1
B & <eos> EF0] A2 Q1A HA] o}, mpx|ut F7-9] A
APF R A 0 7 F7hE= A e fT AR o E 5
et

Whisper 2922 2 a3z} o] A Fsk= Q14
command-line ©. 2 54 TAS BAE R HAlel= 7 ]%:3: A4
sttt o] & stand-alone B2 o] 2kar & &k

0 epoch 29 Q12 @ 7F-80] 350} stand-alone 2 02 %
ey, o] B of| A= insertion ij-r7} g 2
4=tk Stand-alone A1) W AL EF OpenAi
githubel| 4] & <= 1THOpenAi, 2023).

inference =

X 3. ESPnet 7|4t Whisper 2.9 2 inference 3+ 2 3}2} Whisper =9 -&
command-line -2 inference ¢+ 2 2}
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1688-142285-0000 (en)

"There's eye and they say, in all our blood, and a grain or tube, perhaps,

is good. But his, he makes me harshly feel, has got a little too much of

steel." An on. An on. An on. An on. An on. An on. An on. An on. An on. An

on. An on. An on. An on. An on. An on. An on. An on. An on. An on. An on.

An on. An on. An on. An on. An on. An on. An on. An on. An on. An on. An
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A_006_0004 (ko)

F2 o0 30 A E WA O Aoleks 4
1688-142285-0000 (en)

There's I and they say, in all our blood, and a grain or tube, perhaps, is good.
But here's, he makes me harshly feel, has got a little too much of steel, and on.
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(stand-alone)

¥ 32 0 epoch 25 ESPnet © & 9123+ A3} ¢} stand-alone
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210 ™ medium 227} base @2 F A5 x}0|E HOJL,
large-v2 & 23} medium B2 2] A 5xPoli= A ks &l

% gl

X 4. Command-line ©-Z inference ¥+ Whisper 22| 271 54
2 FE(CER, %)(libri-other2] 7 -, ] & F-&(WER, %)
=39
Table 4. CER for each size of the Whisper model inferred by
command-line (for libri-other, measured by WER)

HAE . .

o] € Al large-v2 | medium base tiny
kspon-evalclean 10.83 11.94 22.85 33.57
kspon-evalother 10.83 11.96 21.12 30.90
spon-bcast 13.14 14.03 21.30 28.49
spon-debate 10.25 11.48 18.65 25.97
spon-present 11.14 11.49 16.76 2191
libri-testother 6.31 6.74 11.95 15.79

CER, character error rate; WER, word error rate.
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80 1 —— kspon-testclean
701 ---- kspon-testother
—— spon-bcast
601 ---- spon-debate
2 501 spon-present
& 401
9}
30
20 A
R e e e
0 1 2 3
Epoch

CER, character error rate.

19 1. KsponSpeechZ 321519 2 Whisper medium =9 £] 7}
epoch™ CER
Figure 1. CER for each epoch of the Whisper medium model fine-tuned
with KsponSpeech
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Table 5. CER (%) for each size of the Whisper model after fine-tuning and
error reduction ratio (ERR) compared to zero-shot inference (%)

3 5. Whisper medium, base 3!
7ol o 54 2

HAE CER (%) ERR (%)
tj o] e Al medi | base | tiny | medi | base | tiny
kspon-evalclean | 7.61 | 12.99 | 15.94 | 36.26 | 43.15 | 52.52
kspon-evalother | 8.36 | 13.68 | 17.67 | 30.10 | 35.23 | 42.82
spon-bcast 14.75 | 2091 | 29.44 | -5.13 1.83 | -3.33
spon-debate 742 | 16.01 | 22.64 | 3537 | 14.16 | 12.82
spon-present 474 | 935 | 12.87 | 58.75 | 44.21 | 41.26
CER, character error rate.
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Table 7. CER for full trained baseline transformer model and comparison
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CER, character error rate.
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