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Abstract Machine translation refers to a system where a computer translates a source sentence into a
target sentence. There are various subfields of machine translation. APE (Automatic Post Editing) is a
subfield of machine translation that produces better translations by editing the output of machine
translation systems. In other words, it means the process of correcting errors included in the
translations generated by the machine translation system to make proofreading. Rather than changing
the machine translation model, this is a research field to improve the translation quality by correcting
the result sentence of the machine translation system. Since 2015, APE has been selected for the WMT
Shaed Task. and the performance evaluation uses TER (Translation Error Rate). Due to this, various
studies on the APE model have been published recently, and this paper deals with the latest research
trends in the field of APE.
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Fig. 1. WMT 2016 Winner Model, The architecture of the
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Fig. 2. Winner Model in WMT 2018 [7]

£ Aol g 2419 AT WMT 2019994 A
ot who] et 4 Agetch WA mFFTOIA
Akt ol thal Bt o]% S TaskolAl 15
£ 71% Unbabel] BERT7|5t o] cfsto] aghct,

3.1 Encoder-Decoder2tQ| ARzt mjet

201995 E Encoder-Decoder Attention T-30]
gk okt AT APt WA 2 dolA 2
B 9] ekt fxo] o s #skE A & 5
7IA9] faE F2E AAS] APZ AYsHrH18].
7y Fz0] digk 21982 Fig. 33 2t

#A+= & Attention?] AIE @3] Hok= X0
o} #B9} #CE= 7+ Attention AIE Aoz Fxa}

¥ 953l HUR 2 ojy &S WA 13 Ao 3}
olo|t}, #D= HARI} QB Alo]9] AttentionS A
dlo] Adsle 12 = HARY Y7 Ajo|o] TAAL

2E9 & 4= Qltk. #E+= #Do) ool Y] AttentionS
A FFRotesE FAHT Fxolh

A ZAT= Table 13+ ZoW #E7F 7H4
< HAHTER 718). & Y& HIE Afo]e
sk Ao] ALaato] 293 9191S oF
Atolet. & dfid A+e A9 ofet FRE W
sto] Ao R HAYREI S E2I5to] Attention

olP,l
rlo
ox

4>
ﬁ

1)
o rr o of

Attentiong X 3dl= Fo] ¢

[e) =1 3]
< AYsh= AR A
=0 1. O AN 0] - 0190 =
T = Ago ]é e /VI’C ZE]E JIVEILH%E}
#Baseline #A
Output Output
ki t
[ (erse) [ Hod
src src
| I
pe pe
#B #C
Qutput Output
src mt
mt src
pe pe
#D #E
Qutput Qutput
t t
mt mt
8 N
T
pe pe

Fig. 3. Encoder-Decoder Attention Structure. [18]

Table 1. Encoder-Decoder Structure Results [18]

Model Dev Test16 Test17
No-Edit 24.814 24.765 24.481
Baseline 19.390 19.705 19.883
#A 19.015 19.506 19.756
#B 19.192 19.469 19.847
#C 19.415 19.697 19.681
#D 19.122 19.220 19.670
#E 19,000 19,155 19477
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Table 2. WMT 2019 APE Shared Task Results[8]

System TER BLEU
Unbabel 16.06 75.96
POSTECH 16.11 76.22
USSAR DFKI 16.15 75.75
FBK 16.37 75.71
UsS MTL 16.77 75.03
IC USFD 16.78 74.88
BaseLine 16.84 74.73
ADAP DCU 17.07 74.30
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