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Abstract Recently, the use of speech-based interfaces is increasing as a means for human-computer
interaction (HCI). Accordingly, interest in post-processors for correcting errors in speech recognition
results is also increasing. However, a lot of human-labor is required for data construction. in order
to manufacture a sequence to sequence (S2S) based speech recognition post-processor. To this end,
to alleviate the limitations of the existing construction methodology, a new data construction method
called Back TranScription (BTS) was proposed. BTS refers to a technology that combines TTS and STT
technology to create a pseudo parallel corpus. This methodology eliminates the role of a phonetic
transcriptor and can automatically generate vast amounts of training data, saving the cost. This paper
verified through experiments that data should be constructed in consideration of text style and
domain rather than constructing data without any criteria by extending the existing BTS research.
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Fig. 1. Overall architecture of BTS [16]
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Table 1. Data statistics according to TTS/STT

API Source Sentence Speech token Speech conversion length Proges;mg time
(sec) (within hour)
TTS
TED 129,987 7,969,230 2,081,115 36
Google TTS
Al-HUB 105,000 3,065,086 1,563,990 24
STT
CLOVA Speech TED - 120
Recognition Al-HUB - 72
AR 2 S4UA719F 22 A83td 2/44R14 Al Hlolg 5 105,000719] 4= FE3tH20].
A2ES THQIESE S404712 HEAIZE 4 QT T3t mono corpusE 7|HECE Google TTS APIE

Yoh= =¥l olg3 TTSS A%
otal 5H HE 71€ Aohd 483t
AAELE Tl S/3RIA7|E AuA Zhssitt
7140l Al 383 AlAH B ZA] SAHAAVNE 5
otz olf= EHQl E3F Hd9 Y= wEolu BTSE
B9l 83t AlAHY w2 QAEolHE S A
THQl E3t 2 dEAZd & Uk

AR HAARRLS] o] I gl W EolH Akt
Hl-84Q1 HollM IHE S B3t 2ol k3t
ZAARRRTE] E4Atolof| gt EAoflA] ARfoiths A
ZEA3tct.
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AH&SA mp3 B419 54 HlolH= W TEDE
71918t 129,9877] 32 7,969,230709] &4 EEC=R
UolA 2,081,115%9] 24 TlolH= F/dstelal
AI-HUBZ 7%kt 105,000709] #4-2 3,065,08671<]
=4 EE0E WRojA, 1,563,990%9] 54 HolH=
et &8 Az TEDS}F AI-HUB 242 36A17L
24A7F ot 83t AlAEE ARSSHE olREE
71959 TTS AlAEl0] Gl 7| AELE BISE AR &
WA sto] AP E W37 flsiA otk

TTSE &3l 54 4 HolHE v E YolH
CLOVA Speech Recognition (CSR) APIE AR&3lA]
Al HAE folE2 W3S APt &8 A2
TEDS} AI-HUB 217t 120A17F, 7241%F o|Wigltt. ol&
5o S2S 7|Hke] ASR post-processors gt
229,987 4 %9 pseudo parallel corpus’t T7=FTt

Parallel Corpus Filtering(PCF)olst ¥29] HE
LSAE 15517] Yet Aol £2 F49 s
Aol 2GS 9rlditt, £ high quality training
data?h trainingol ]85+ model?] performance
£ YA s 7AW shelEokelth27,28].

TSTE B3l 7-%3} pseudo parallel corpus?] %%
STT @ TTS A|AH9] O] ke Q72 Qg l4]o]
wof A gkot source Zo°] HO|UAY, TesHA
Aozt AAY =2 o]dA] #k 5ol EAgHH.

olo]l [27]°14] AIQFet PCF B E-S A-8slo] 1529
HlolEkS J7 = &Y< APsteitt. F 10,6690l
g9 =F9lom I F FE2 STTA ¢4lo] A&
E|R] ko gt AFAY HolH wiEo|drh ERt
source®} targeto] &As] FYT £ 52 1Y
Stoje om|7} gl 4= Sl7lol AASIE o™ 50%0)dol
special symbol token® 2 FAE EAL A A5t
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A4S STTA] Q14]o] A5H <
Ach= o] &Agteh

2 =22 F7HHes FHY9 a3E AS5MI
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7lsto g st

FHo0] FA X

ghdef 22 &

al r°1'
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52 24l

BTSE &9l #+54 Ho|8+= vanilla Transformer
BUg Jdos FAS AYSACHISL stoln T}
t]e]9] 399 setting®t T LotA ALt Vocab
size= 32,0007 subword tokenization= sentencepiece

£ ol&3kAH31l.

5.3 EHQIS Jrajst M
A 71dolM s Z=HQlel S5t HEE 7ite R
ASR M| AE g3t olo] BTsE FH7|o A8
3 o =jole] Sakel Hlofe 2t S-S A7l o]
2u2 WA st Fo] Lask. ol gl
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Table 2. Experimental results of considering domain

Model BLEU GLEU
Base 36.44 X

TED 40.04 (+3.60) 32.35
TED+PCF 39.71 (+3.27) 31.25
Al-HUB 47.89 (+11.45) 38.84
Al-HUB+PCF 48.28 (+11.84) 39.12

Base® A 43 52 £4719] BLEU A0l
olf 7|EoE 4T FHEE St A¥ZEY

TH9lo] AA|¥ AI-HUB EdEo] A=A
A5 E9rh. AI-HUB Rdo] 1145
score?] g5 TS HQl wh TrjQlo] Aok =
TED 29| 3¢ 3.609 A5 TS EYth GLEUS

71202 % Al HUB X9o] 38.84 score}] ¥H TED

HAEA 7%

oz &

D42 32352 ¥ 45 Bt ol B4
Y X]5H= mono corpus I o]-&3lo] B
o] ¢ &
AR
B3 PCF 7]&Z Z&sty ZHQlo] IA|sh=
AI-HUB HHoA&= 45 4= Eioy Z=HRlo]
UA|6HA] 22 TED HEojlA= 45 st Bl o=
Fou|st ZAxtoln gt "WEFHLS =HU B4
ol o 2 9k =

< FAF7IE e o e 80

(consistency)¥ BTSE 283t 24
14 34271 A2 Al PCFE A&t A 5851
ojHrt ¥ F-a%t 22 ols5 HlolERt =¥l consistency
0lg o 2 9j9ir}.

olgat FALL 7o Au|AZ AgsH= QoA
gule ddAdelt F47Id &2 d7IgelA
ASRE MH|A & A] H&(generic) AR AH|A 317]

Hrj= B4 Tool(E4lE, v 2UA, 78 5)o E3lE

ASRS @GOl Hul2adit & S o4
Al A3 Sl ASRS] Evele] Bl BF
o183} BISS A8 FHU/S A Auiag

Sok TS & 5 A,

714l A

A qhS

5.4 O{£Z 12ist AH

FRAR ofFo] w2 JeH3 HAS ﬂﬂo“é}%‘ﬂ
ol 9I8] AI-HUBOIA AlFst= oA dlolg wh&
ol-gsto] nElS Hrg Zﬂ 3 AI-HUBOJIA 7‘1]%"5}%
oA dlolERte g £4E 5000719 HAEAE
g F5ote] 455 ”ﬂﬂo} Gt & FolARte R
Sh5E Rdo] ZolAolA $A9 ant A=A S5
A3Yotglet. A AH= Table 39 Zth.

Table 3. Experimental results of considering text
style

Model BLEU GLEU

Base 46.29 X

48.29 (+2.00) 40,81

Colloguial

A A ol g 49 459 AFT¢S WS
ERISHAE. BaseE 7122 24 Ak ol 45 S
7t QA %5ttt & Table 29] TH|lo] 95t o
Base 715 3.609] /85 "ol Z71A4%k=1] language



Back TranScription(BTS)7|4t CIOJEf & Z#Z 7 11b

styleo] EebAY okt o 22 2.009] HsFd=
Btk & FolAl= olA7]E, ZolAle EolAl7]e vt
BTSE A&dl= o] A5 ol &l €2 ¢ &
U

Table 29} Table 30ll4] H3ggt A&
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o2 B8 Fael B ANT & Uch
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of
_%4
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e AFHYU A2 & 5 YU 5 BTSSR
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-goto] st el 3 oo BTSE th=oj2
SAsto] HlolEE 71 B o Folct. WA ofAlo}
Qoj@e] Qlojg vz 71 158 A T fojz
A Aol
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