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BB, WERa — R RIEBEFiEa — S RITHART
INEE, RPN THZ. 20D, BELHSE
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TE DL R XA VHEICDOWIEDEAITDOIRT VS,

T3, Sennrich & [1] IZHEFEa— X2 HH
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WERa — 2 &S 2 Z 2T, &K% BLEU E
W ZNEH AT 40.58, HIEAIT 3822 &
Ry, FERBMNIRI— SATHAD H FE 21T 7
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22 FELLNER = — %2 (DI, Diry & i3 —
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W, HEEE HAGEOHSEE I — A ARIZ 2 572
WXL, FEHEHD 10 FXXHERWH D71
TEIL, SBED 154 FXX e RFEDOHFFE T — (X,
BAD 154 X EHARBOHZFEI— AL LT
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Oracle NTCIR 2 — S 2%y 300 J7 3 % 5842 75 M iR
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DD D H#E 21T .

Baseline fine-tuning 17O, @H D#E DR L¥EY
%17 [4]. beam search IZ & D HFIERZ 1T 5.

Best Sampling 8 & @ beam search I X D WHIER &
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Random Sampling TLEDEHWX Tk, 7L
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AR UHEIER 21T 5 .

Combining Sampling Ll D =D D HEZMHAE
LETEUMNRNa — R 2Z2ERT 2. %EH
HATIX, BEZEa — S ZADMEEAT% random
sampling, #EI1T % beam search 12 & D HHFER L,
HH 5 ATl A AT % random sampling, {HEAT
% beam search I X D WiBIEGR 5 5. 7272L, ¥
R 27 1 O HEH D Modell, Model2, ...ModelN
LD L IEREITE B BITE AN R .

4.3 RERFMH

BER> A7 4 & LT, OpenNMT-py[18] @ Trans-
former ZHH L7z, =>a—X, 7a—-—&X&dlT6
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Adam ZEH L=, 79— FOZEH 4 1T 16K
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R1 HBEMFTOEFND BLEU O KfH
NTCIR
model En-Ja Ja-En
R XA ViEG7% L (Model 0)  17.45 18.01
Sennrich[1](Model 1) 31.68 31.68
Baseline 3591 3544

Fine tuning + Best Sampling 38.50 33.15
Fine tuning + Random Sampling 34.13 30.91
Fine tuning + Combining Sampling 40.58 38.22

Oracle 41.95 40.04
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k2 Fine tuning + Best Sampling D &4 D3R L Z & d BLEU f#
ASPEC NTCIR
dev test dev test

Model En-Ja Ja-En En-Ja Ja-En En-Ja Ja-En En-Ja Ja-En
Model 1 39.24 25.93 38.84 25.99 33.33 28.63 32.78 29.00
Model 2 40.25 26.44 39.98 26.63 37.33 32.39 36.84 32.35
Model 3 40.64 26.81 40.82 27.06 37.83 32.78 37.71 33.19
Model 4 40.68 27.20 41.11 27.05 38.57 32.90 38.21 33.22
Model 5 40.94 26.97 41.32 27.39 38.58 32.93 38.53 33.40
Model 6 41.19 27.02 41.12 27.55 38.36 33.20 38.64 33.63
Model 7 40.88 27.15 41.08 27.04 38.53 33.18 37.90 33.22
Model 8 41.36 26.95 41.45 27.19 38.59 33.21 38.50 33.15
Model 9 41.33 27.07 41.38 27.22 38.50 33.18 38.45 33.15

£ 3 Fine tuning + Random Sampling D&# iR L Z & @ BLEU f#
ASPEC NTCIR
dev test dev test

Model En-Ja Ja-En En-Ja Ja-En En-Ja Ja-En En-Ja Ja-En
Model 1 38.71 27.67 38.90 27.83 32.77 28.90 32.57 30.72
Model 2 39.99 26.43 40.15 27.03 33.69 29.54 33.29 30.91
Model 3 40.22 26.88 40.83 27.65 34.58 28.78 34.13 29.69
Model 4 40.77 26.73 41.18 27.80 32.66 28.82 32.77 30.95
Model 5 40.84 26.78 41.05 27.55 33.63 27.91 33.90 30.19
Model 6 40.79 26.91 41.07 28.19 32.59 27.39 31.48 29.37
Model 7 41.14 27.21 41.35 28.42 3228 27.97 32.06 29.53
Model 8 41.50 27.31 41.67 27.96 32.14 25.95 32.18 26.95
Model 9 41.26 27.23 41.53 28.17 30.38 27.30 30.26 29.03

£ 4 Fine tuning + Combining Sampling D#%# DR L Z ¥ ® BLEU &
ASPEC NTCIR
dev test dev test

Model En-Ja Ja-En En-Ja Ja-En En-Ja Ja-En En-Ja Ja-En
Model 1 37.70 27.07 37.21 27.61 34.56 30.57 33.60 31.64
Model 2 39.12 27.99 39.20 28.71 37.24 33.03 36.86 34.22
Model 3 39.52 28.38 39.13 29.18 38.66 35.20 38.30 37.03
Model 4 39.89 28.40 39.95 29.24 39.46 35.07 39.00 36.61
Model 5 40.51 28.50 40.58 29.42 39.70 36.51 39.69 38.06
Model 6 40.67 28.88 40.70 29.10 40.10 36.62 40.18 37.91
Model 7 40.78 29.05 40.63 28.89 40.18 36.72 40.03 38.34
Model 8 41.01 29.00 40.66 29.38 40.39 36.76 40.58 37.94
Model 9 41.15 28.94 40.88 29.30 40.19 36.88 40.21 38.22
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