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Why document-level machine translation?

m Statistical MT attempts to document MT do not yield
significant empirical improvements
[Hardmeier and Federico, 2010, Gong et al., 2011,
Garcia et al., 2014]

m Previous context-NMT models only use local context and
report deteriorated performance when using the target-side
context
[Jean et al., 2017, Wang et al., 2017, Bawden et al., 2018]

m We incorporate global source and target document contexts
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Document MT as Structured Prediction

Training objective:
Maximise P(y1, ..., ¥Yjd||X1,- - Xd|)
—> Maximise the pseudo-likelihood

|d|
P, X 1
argmgaxH o (Yt|Xt,Y—t, X—t) (1)

t=1

where fg and gy are subsumed in the Py(y:|x:,y—t, X_¢)
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Experimental Setup

Training/dev/test corpora statistics:

|corpus |[#docs (H)|#sents (K)| avg doc len
Fr—En [Ted-Talks 10/1.2/1.5[123/15/19[123/128/124
Et—En |Europarl v7 150/10/18|209/14/25| 14/14/14

De—En|News-Commentary| 49/.9/1.6 | 191/2/3 | 39/23/19
Evaluation Metrics: BLEU, METEOR

Baselines:

m Context-free baseline (S-NMT)
m Local source context baselines:
e [Jean et al., 2017] & [Wang et al., 2017]
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Source gimonda taidab lissaboni strateegia eesmarke.

Target gimonda meets the objectives of the lisbon strategy.

S-NMT <UNK> is the objectives of the lisbon strategy.

+Src Mem the millennium development goals are fulfilling the
millennium goals of the lisbon strategy.

+Trg Mem in writing. - (ro) the lisbon strategy is fulfilling the
objectives of the lisbon strategy.

+Both Mems gimonda fulfils the aims of the lisbon strategy.

[Wang et al., 2017] | <UNK> fulfils the objectives of the lisbon strategy.
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Source

Target

. et riigis kehtib endiselt lukasenka diktatuur,

mis rikub inim- ning etnilise vahemuse Gigusi.

. this country is still under the dictatorship of

lukashenko, breaching human rights and the rights
of ethnic minorities.

S-NMT
+Src Mem
+Trg Mem

+Both Mems

. the country still remains in a position of lukashenko

to violate human rights and ethnic minorities.

. the country still applies to the brutal dictatorship of

human and ethnic minority rights.

. the country still keeps the <UNK> dictatorship that

violates human rights and ethnic rights.

. the country still persists in lukashenko's dictatorship

that violate human rights and ethnic minority rights.

[Wang et al., 2017]

. there is still a regime in the country that is

violating the rights of human and ethnic minority
in the country.
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m Proposed a model which incorporates the global source and
target document contexts

m Proposed effective training and decoding methodologies for
our model

Future Work:
Investigate document-context NMT models which incorporate

specific discourse-level phenomena
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