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Abstract
This paper describes NTT’s neural machine
translation systems submitted to the WMT
2018 English-German and German-English
news translation tasks. Our submission has
three main components: the Transformer
model, corpus cleaning, and right-to-left nbest re-ranking techniques. Through our experiments, we identified two keys for improving accuracy: filtering noisy training sentences
and right-to-left re-ranking. We also found
that the Transformer model requires more
training data than the RNN-based model, and
the RNN-based model sometimes achieves
better accuracy than the Transformer model
when the corpus is small.
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Introduction

This paper describes NTT’s submission to the
WMT 2018 news translation task (Bojar et al.,
2018). This year, we participated in English-toGerman (En-De) and German-to-English (De-En)
translation tasks. The starting point of our system
is the Transformer model (Vaswani et al., 2017),
which recently established better performance
than conventional RNN-based models (Sutskever
et al., 2014; Bahdanau et al., 2015; Luong et al.,
2015). We incorporated a parallel corpus cleaning
technique (Section 3.1) and a right-to-left n-best
re-ranking technique (Section 3.4) and also used
a synthetic corpus to exploit monolingual data.
To maintain the quality of the synthetic corpus,
we checked its back-translation BLEU scores and
filtered out the noisy data with low scores (Section 3.2).
Through experiments, we evaluated how each
feature affects accuracy (Section 4). Compared
with the RNN-based system, we also identified
when the Transformer model works effectively
(Section 4.3.3).
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2

Neural Machine Translation

Neural Machine Translation (NMT) has been
making rapid progress in recent years. Sutskever
et al. (2014) proposed the first NMT model that
uses a simple RNN-based encoder-decoder network. Luong et al. (2015); Bahdanau et al.
(2015) augmented this architecture with an attention mechanism, allowing the decoder to refer
back to the encoder-side information at each time
step. These conventional NMT models use RNNs
as encoder and decoder to model sentence-level information. However, the RNN-based model uses
previous states for predicting subsequent target
words, which can cause a bottleneck in efficiency.
Recently, Vaswani et al. (2017) proposed a model
called Transformer, which completely relies on attention and feed-forward layers instead of RNN
architecture. This model enables evaluation of a
sentence in parallel by removing recurrence in the
encoder/decoder, and we can train the model significantly faster than RNN-based models. It also
established a new state-of-the-art performance in
WMT 2014 translation tasks while shortening the
training time by its GPU efficient architecture. In
preliminary experiments, we also confirmed that
the Transformer model tends to achieve better
accuracy than RNN-based models, and thus we
changed our base model for 2018 to the Transformer. For further details and formulation on the
Transformer model, see Vaswani et al. (2017).
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System Features

This year’s submission includes the following features:
• Noisy data filtering for Common Crawl and
ParaCrawl corpora (Section 3.1).
• Synthetic parallel data from the monolingual corpus (News Crawl 2017) with

