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English: I encourage all of

Spanish: yo animo a todo el mundo.

English: now, I should

Spanish: ahora debera, debera, debera.
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3. XEDHATOTH

AR T, HEFEZAVWTTINETIN, MDD
FEAVWTXEOATO TSR o7k, ETIVITIE Re-
current Neural Network Language Model (RNNLM) &

Bidirectional Encoder Representations from Transformer

(BERT) ZHM\\7= [3,6].

3.1 RNNLM

RNNLM I&X 2 127”89 & 512 RNN 2 W= SFEET )V
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3.2 BERT

BERT B EFEXH 2z FHIFE T 5FEDVOLEDTH S.
EFNVOFMEN 3ITRT. INETOSEET VL, R
FI DR DEEEE FRIT 202, EhsANEHEOFE
{T->T\W7=. —Ji, BERT IZ, M Jjl® Transformer €
TN OTYA—KXE2HANTED, EBFEEETS T
ECHEENER X TN IIED 8 DD R AZIZEWT, T
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Output

Transformer

Transformer

Position |

Embeddings |

Token E o b b i i E
Embeddings :| Eplease :| Etake :| Ea :| Epicture :|E[MA,SK]|E :|ElMA5KJ|E
Input please take a picture [MASK] [MASK]

3 BERT
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AWFZE T, BREZHAWEZFHIZTS. FHICE, K412
R TyaA—K—Fa3—XK (Encoder-Decoder) €T %
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TV —LHIZEMER 2 bV (GEEBD h = [hy, ha, ..., hy]
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RNN v U —2%2FHLTHH, HEI A MIED
DIz, 2 EUBOMETIXRIOEDOHS h > b HEFHE
P EMHUADE TR0 EKEVIRLZ. Fa—-KfllT
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b, BOWMEHRI b (TR UTEA a, 21T 5. ZhH

*1 https://github.com/google-research /bert
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Corpus Number of sentences
Train Val Test
BTEC 157448 | 4870 510
% 2 BTEC I—XZADH¥A X
Input Model InputLength | WER(%)
Text RNNLM 75% 22.34
Input (Baseline) 50% 99.79
25% 106.40
BERT 75% 8.51
50% 21.37
25% 48.60
Speech ASR 75% 4.46
input Predict 50% 20.98
25% 42.12
ASR(Topline) 100% 2.03

x 3 KRETFTNLD WER

5. EBR

AT, REUVEEFHEZEANILIZEE, ETIVIER
HEHEERT S, ZOERI NI EDLIXEHKDH
R LAHELRTMML /2. £/, XEDATO TS FER
Ailaote. XEDADFHTIE, ZRXDS> L, HHEH
FFAEER 7T DHGE 2 AJ1 & Uz,

51 7—%tvh

F %475 T — XiZ1X Basic Travel Expression Corpus
(BTEC) [4,5] DT F X+ 5, Google &7 &% FIWT
BFREZERL, FIALZ. R2ICHWZT — 2O %

mY

5.2 ZERRETE
WHEOTHOEKDODES %2 100%L Lz &, Thiik
25 25%9 D 3 EEBEIZIE S CHIFRL 72 D2 HET 5.
HARLUZEAIE, BudDns 25%, 50%, 5%k, %
NENIZDWTEF LI 2175, FHIRL— T 2IZE
FLEHFITEETEED, EFVEEEE2MLT, A
BEIZENETOREN D D0 %2HEETEIENTES.
ZDEREHNT, ETFIVIXATNIR U CT—EDBFE AR
E2179.

5.3 BERYUKRICLDZFAKEROLLE

R¥EUT- 3OS F %, W OFH BTk L 724k
R, TNENER GRG0 TFHEER, 2854
EHEATT XEOATOFHFEROFFEM D E (WER) %
#3ITRT.
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LI, HEREAERE, RELU- 3EEOEE O TS
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Input Model InputLength || Naturalness
Text RNNLM 75% 2.76
input (Baseline) 50% 2.29
25% 2.49
BERT 5% 3.87
50% 3.04
25% 1.43
Speech ASR 75% 4.44
input Predict 50% 3.92
25% 4.32
ASR(Topline) 100% 4.76
Reference 4.78

K4 HFETNVOHIXOBERS

R, GF2AALLVWTFHREROZNENIZDONWT, &5
XD, HAXOBERI % 5 B TRl L 72 F¥ 0 fE % %
412”7, Ffild TOEIC A3 7 730 s EZ&FFD 12 A
ThoTE 607~

5.5 EXR

HAXDBERSILIIZEWT, A FHEEED 50% & 0
H WBADHDEL o TWBEDIE, ANTFTEREVITY,
BITHE S XEPIBRXE BB DNEZ o7 T2 eke

ULTABERIZR>TUED ZLITERT S EEALOND.
T, WITNOHEL R BHREL, SR 3R

SHNELTWEZ D gh5. LrL, g TFHIFERT

BXEROARIITEL, 2R IFELR 0D, BR
BXEERHBHIUTWALEERS.
6. BbHYIC

AFX T, REUIZANEEPS, THITHE S XED

T AET o7z, F72, HEEOZOEE %2 AW W ED A
TOFHETR-7-. TEZAVEZFHTIE, SHEXEE

BB HRRXE R NITELZ B’ hro7-. 727U
AR XDOFEBRTIEERZHAWEZEGE L HWRWES f@%
LTWBETFTIANE RS-0, @kt izEx3, A
CETNEAWILKREIT D BERH 5.
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