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Abstract

In this paper, we extend an attention-based neural machine
translation (NMT) model by allowing it to access an entire
training set of parallel sentence pairs even after training. The
proposed approach consists of two stages. In the first stage—
retrieval stage—, an off-the-shelf, black-box search engine is
used to retrieve a small subset of sentence pairs from a training
set given a source sentence. These pairs are further filtered
based on a fuzzy matching score based on edit distance. In
the second stage—translation stage—, a novel translation model,
called search engine guided NMT (SEG-NMT), seamlessly
uses both the source sentence and a set of retrieved sentence
pairs to perform the translation. Empirical evaluation on three
language pairs (En-Fr, En-De, and En-Es) shows that the
proposed approach significantly outperforms the baseline ap-
proach and the improvement is more significant when more
relevant sentence pairs were retrieved.

Introduction

Neural machine translation is a recently proposed paradigm
in machine translation, where a single neural network, of-
ten consisting of encoder and decoder recurrent networks,
is trained end-to-end to map from a source sentence to its
corresponding translation(Bahdanau, Cho, and Bengio, 2014;
Cho et al., 2014; |Sutskever, Vinyals, and Lel [2014; |Kalch{
brenner and Blunsom, [2013)). The success of neural machine
translation, which has already been adopted by major indus-
try players in machine translation(Wu et al., [2016; |Crego
et al.,[2016)), is often attributed to the advances in building
and training recurrent networks as well as the availability of
large-scale parallel corpora for machine translation.

Neural machine translation is most characteristically distin-
guished from the existing approaches to machine translation,
such as phrase-based statistical machine translation(Koehn!
Och, and Marcu 2003)), in that it projects a sequence of dis-
crete source symbols into a continuous space and decodes
back the corresponding translation. This allows one to eas-
ily incorporate other auxiliary information into the neural
machine translation system as long as such auxiliary informa-
tion could be encoded into a continuous space using a neural
network. This property has been noticed recently and used
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for building more advanced translation systems such as mul-
tilingual translation (Firat, Cho, and Bengio, |2016; Luong et
al 2015)), multi-source translation (Zoph and Knight, [2016;
Firat et al.| 2016), multimodal translation (Caglayan et al.|
2016) and syntax guided translation (Nadejde et al., 2017}
Eriguchi, Tsuruoka, and Chol 2017).

In this paper, we first notice that this ability in incorporat-
ing arbitrary meta-data by neural machine translation allows
us to naturally extend it to a model in which a neural machine
translation system explicitly takes into account a full training
set consisting of source-target sentence pairs (in this paper
we refer them as a general translation memory). We can build
a neural machine translation system that considers not only a
given source sentence, which is to be translated but also a set
of training sentence pairs in the process of translation. To do
so, we propose a novel extension of attention-based neural
machine translation that seamlessly fuses two information
streams, each of which corresponds to the current source
sentence and a set of training sentence pairs, respectively.

A major technical challenge, other than designing such a
neural machine translation system, is the scale of a training
parallel corpus which often consists of hundreds of thousands
to millions of sentence pairs. We address this issue by in-
corporating an off-the-shelf black-box search engine into the
proposed neural machine translation system. The proposed
approach first queries a search engine, which indexes a whole
training set, with a given source sentence, and the proposed
neural translation system translates the source sentence while
incorporating all the retrieved training sentence pairs. In this
way, the proposed translation system automatically adapts to
the search engine and its ability to retrieve relevant sentence
pairs from a training corpus.

We evaluate the proposed search engine guided neural
machine translation (SEG-NMT) on three language pairs
(En-Fr, En-De, and En-Es, in both directions) from JRC-
Acquis Corpus(Steinberger et al., 2006) which consists of
documents from a legal domain. This corpus was selected
to demonstrate the efficacy of the proposed approach when
a training corpus and a set of test sentences are both from a
similar domain. Our experiments reveal that the proposed
approach exploits the availability of the retrieved training
sentence pairs very well, achieving significant improvement
over the strong baseline of attention-based neural machine
translation(Bahdanau, Cho, and Bengio, |2014).



Background
Neural Machine Translation

In this paper, we start from a recently proposed, and
widely used, attention-based neural machine translation
model(Bahdanau, Cho, and Bengio| 2014). The attention-
based neural translation model is a conditional recurrent lan-
guage model of a conditional distribution p(Y|X) over all
possible translations Y = {y1,...,yr} given a source sen-
tence X = {z1,...,x7, }. This conditional recurrent lan-
guage model is an autoregressive model that estimates the
conditional probability as p(Y|X) = Hthl p(Yt|ly<t, X).
Each term on the right hand side is approximated by a recur-
rent network by

p(yely<t, X) o< exp (g (ye, 265 04)) )]

where z; = f(zt—1,¥t—1,¢e(X, 2¢-1,9t-1);0y). g and f
correspond to a read-out function that maps the hidden state
z; into a distribution over a target vocabulary, and a recur-
rent activation function that summarizes all the previously
decoded target symbols y1, . . ., y;—1 with respect to the time-
dependent context vector ¢;(X;6.), respectively. Both of
these functions are parametrized, and their parameters are
learned jointly to maximize the log-likelihood of a training
parallel corpus. ¢; (X, z;_1,4:—1) is composed of a bidirec-
tional recurrent network encoder and an attention mechanism.
The source sequence X is first encoded into a set of annota-
tion vector {hq, ..., hr, }, each of which is a concatenation
of the hidden states of the forward and reverse recurrent net-
works. The attention mechanism, which is implemented as
a feedforward network with a single hidden layer, then com-
putes an attention score o , for each hidden state h, given
the previously decoded target symbol y,_; and the previous
decoder hidden state z;_1:

o exp { aue(hor, Ye—1,2e-1) }
t,T — .
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These attention scores are used to compute the time-
dependent context vector ¢; as

= aurh,. @)

The attention-based neural machine translation system is
end-to-end trained to maximize the likelihood of a correct
translation given a corresponding source sentence. During
testing, a given source sentence is translated by searching
for the most likely translation from a trained model. The
entire process of training and testing can be considered as
compressing the whole training corpus into a neural machine
translation system, as the training corpus is discarded once
training is over.

Translation Memory

Translation memory is a computer-aided translation tool
widely used by professional human translators. It is a
database of pairs of source phrase and its translation. This
database is constructed incrementally as a human translator

translates sentences. When a new source sentence is present,
a set of (overlapping) phrases from the original sentence are
queried against the translation memory, and the correspond-
ing entries are displayed to the human translator to speed up
the process of translation. Due to the problem of sparsity
(Sec.5.2 of |Cho| (2015) ), exact matches rarely occur, and
approximate string matching is often used.

In this paper, we consider a more general notion of trans-
lation memory in which not only translation phrase pairs
but any kind of translation pairs are stored. In this more
general definition, a training parallel corpus is also consid-
ered a translation memory. This saves us from building a
phrase table(Koehn, Och, and Marcu, [2003), which is yet
another active research topic, but requires us to be efficient
and flexible in retrieving relevant translation pairs given a
source sentence, as the issue of data sparsity amplifies. This
motivates us to come up with an efficient query algorithm
tied together with a downstream translation model that can
overcome the problem of data sparsity.

Search Engine Guided Non-Parametric Neural
Machine Translation

We propose a non-parametric neural machine translation
model guided by an off-the-shelf, efficient search engine.
Unlike the conventional neural machine translation system,
the proposed model does not discard a training corpus but
maintain and actively exploit it in the test time. This effec-
tively makes the proposed neural translation model a fully
non-parametric model.

The proposed nonparametric neural translation model con-
sists of two stages. The first stage is a retrieval stage, in which
the proposed model queries a training corpus, or equivalently
a translation memory, to retrieve a set of source-translation
pairs given a current source sentence. To maximize the com-
putational efficiency, first we utilize an off-the-shelf, highly-
optimized search engine to quickly retrieve a large set of
similar source sentences, and their translations, after which
the top- K pairs are selected using approximate string match-
ing based on edit distance.

In the second stage, a given source sentence is translated by
an attention-based neural machine translation model, which
we refer to as a search engine guided neural machine transla-
tion (SEG-NMT), and incorporates the retrieved translation
pairs from the first stage. In order to maximize the use of the
retrieved pairs, we build a novel extension of the attention-
based model that performs attention not only over the source
symbols but also over the retrieved symbols (and their respec-
tive translations). We further allow the model an option to
copy over a target symbol directly from the retrieved transla-
tion pairs. The overall architecture with a simple translation
example of the proposed SEG-NMT is shown in Fig.[I]for
reference.

Retrieval Stage

We refer to the first stage as a retrieval stage. In this stage,

we go over the entire training set M = {(X", Y"’)}T]L1 to
find pairs whose source side is similar to a current source X.
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(a) Query the source sentence,
and the search engine returns
K translation pairs;

(b) The NMT model outputs translation
with reference of retrieved pairs

Figure 1: The over-
all architecture of the
proposed SEG-NMT.
The shaded box in-
cludes the module
which handles a set
of translation pairs re-
trieved in the first
stage. The heat maps
represent the atten-
tion scores between
the source sentences
(left-to-right) and the
corresponding transla-
tions (top-to-down).

That is, we define a similarity function s(X, X’), and find
(X™,Y™) where s(X, X") is large.

Similarity score function s In this paper, we constrain
ourselves to a setting in which only a neural translation model
is trainable. That is, we do not assume the availability of
other trainable sentence similarity functions. This allows
us to focus entirely on the effectiveness of the proposed
algorithm while being agnostic to the choice of similarity
metric. Under this constraint, we follow an earlier work by
(Li, Way, and Liu, |2016)) and use a fuzzy matching score
which is defined as

Dedit(X7 X/)
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where D.g;; is an edit distance.

Algorithm 1 Greedy selection procedure to maximize the
coverage of the source symbols.

Require: input X, translation memory M
1: Obtain the subset M C M using an off-the-shelf search en-
gine;
2: Re-rank retrieved pairs (X', Y’) € M using the similarity
score function s in descending order;
Initialize the dictionary of selected pairs R = 0;
Initialize the coverage score ¢ = 0;
for k = 1...|M| do
Cmp = Y ,ex 0 [ € Rkeys U {X}] /| X]
if cunp > c then
c=cmp; R+ {X},: Y}
return R

A A

Off-the-shelf Search Engine The computational complex-
ity of the similarity search grows linearly with the size of the
translation memory which in our case contains all the pairs
from a training corpus. Despite the simplicity and compu-
tational efficiency of the similarity score in Eq. (@), this is

clearly not practical, as the size of the training corpus is often
in the order of hundreds of thousands or even tens of millions.
We overcome this issue of scalability by incorporating an off-
the-shelf search engine, more specifically Apache Lucene
We then use Lucene to retrieve an initial set of translation
pairs based on the source side, and use the similarity score
above to re-rank them.

Final selection process Let M & M be an initial set of
translation pairs returned by Lucene. We rank the translation
pairs within this set by s(X, X'). We design and test two
methods for selecting the final set from this initial set based
on the similarity scores. The first method is a top- K retrieval,
where we simply return the K most similar translation pairs
from M. The second method returns an adaptive number of
translation pairs based on the coverage of the symbols x in
the current source sentence X within the retrieved transla-
tion pairs. We select greedily starting from the most similar
translation pair, as described in Alg.[T}

Translation Stage

In the second stage, we build a novel extension of the
attention-based neural machine translation, SEG-NMT, that
seamlessly fuses both a current source sentence and a set M
of retrieved translation pairs. In a high level, the proposed
SEG-NMT first stores each target symbol of each retrieved
translation pair into a key-value memory(Miller et al., 2016).
At each time step of the decoder, SEG-NMT first performs
attention over the current source sentence to compute the
time-dependent context vector based on which the key-value
memory is queried. SEG-NMT fuses information from both
context vector of the current source sentence and the retrieved
value from the key-value memory to generate a next symbol.

Key-Value Memory For each retrieved translation pair
(X',Y') € M, we run a full attention-based neural machine

"https://lucene.apache.org/core/
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translation modelE] specified by a parameter set #, and obtain,
for each target symbol y; € Y’, a decoder’s hidden state
z; and an associated time-dependent context vector ¢} (see
Eq. (Z) which summarizes a subset of the source sentence X’
that best describes y;). We consider ¢} as a key and (zy, y;)
as a value, and store all of them from all the retrieved transla-
tion pairs in a key-value memory. Note that this approach is
agnostic to how many translation pairs were retrieved during
the first stage.

Matching and Retrieval At each time step of the SEG-
NMT decoder, we first compute the context vector ¢; given
the previous decoder hidden state z;, the previously decoded
symbol y;_; and all the annotation vector h,’s, as in Eq. ().
This context vector is used as a key for querying the key-
value memory. Instead of hard matching, we propose soft
matching based on a bilinear function, where we compute
the matching score of each key-value slot by

_ exp{B(e, )
b = S exp{Ber, )}

where E(ct,c.) = ¢l Mc.. and M is a trainable matrix.

These scores are used to retrieve a value from the key-
value memory. In the case of the decoder’s hidden states,
we retrieve a weighted sum: Z; = > _¢; -2,; In the case
of target symbols, we consider each computed score as a
probability of the corresponding target symbol. That is,
Peopy (Y-) = Gt,7, similarly to the pointer network(Vinyals,
Fortunato, and Jaitlyl 2015).

“

Incorporation We consider two separate approaches to in-
corporating the retrieved values from the key-value memory,
motivated by (Gulcehre et al.l 2015)). The first approach,
called deep fusion, weighted-average the retrieved hidden
state Z; and the decoder’s hidden state z;:

Ziusion =G - 2t + (1 — Ct) - 2 (5)

when computing the output distribution p(y:|y<:, X, M)
(see Eq. (1)). The second approach is called shallow fusion
and computes the output distribution as a mixture:

p(yt|y<ta X,./\/l) = Ctpmpy(yt)
+(1 = C)p(Yely<t, X).

This is equivalent to copying over a retrieved target sym-
bol y.. with the probability of (;pcopy (y-) as the next target
symbol(Gulcehre et al.|[2016;|Gu et al.| 2016).

In both of the approaches, there is a gating variable (;. As
each target symbol may require a different source of informa-
tion, we let this variable be determined automatically by the
proposed SEG-NMT. That is, we introduce another feedfor-
ward network that computes (; = fgae(Ct, 2¢, Z¢). This gate
closes when the retrieved pairs are not useful for predicting
the next target symbol y;, and opens otherwise.

(6)

2 We use a single copy of attention-based model for both key
extraction and translation.

Algorithm 2 Learning for SEG-NMT

Require: Search engine Fss, MT model 6, SEG model @',
M, A\, n, parallel training set D, translation memory M.
Initialize ¢ = {0,0", M, A\, n};
Set the number of returned answers as K;
while stopping criterion is not met do
Draw a translation pair: (X,Y) ~ D;
Obtain memory pairs { X, Vi } 5 | = Fss(X, M)
Reference Memory C' = .
for £ = 1...K do # generate dynamic keys
Let Yk/ = {yL ceey y&"/}v Xllc = {{1’!/]_7 (EX3) ‘r{TS/}
for 7 = 1...7" do
Generate key ¢ = fue(Yer, X3)
11: Initialize coverage 8- = 0.
12: CH(C/T?y’/f’ﬁT)
13: LetY:{yl,,..,yT},X:{a717...7:rT5}
14: for t = 1...T do # translate each word

._.
Y XN RN

15: Generate query c¢: = fuu(y<t, X)

16: forr=1..T7"doRead c,,y., 3. € C
17: Compute the score ¢;,~ using Eq.[7}
18: Gompute the gate ¢ with foae;

19: Update 8- < B+ + gt - Ct3

20: Compute the probability p(y:|-)

21: —optionl: shallow-fusion, Eq.[f]

22: —option2: deep-fusion, Eq.[3]

23: Update ¢ < ¢ + 7% 23;1 log p(ye|)

Coverage In the preliminary experiments, we notice that
the access pattern of the key-value memory was highly
skewed toward only a small number of slots. Motivated
by the coverage penalty from (Tu et al.||2016), we propose
to augment the bilinear matching function (in Eq. (@) with a
coverage vector 3; » such that

T
E(Ct7cfr) = MC{;— _Aﬂtfl,'r7 (7)
where the coverage vector is defined as f3; , = Z:,:l Q- -
(. Ais a trainable parameter.

Learning and Inference

The proposed model, including both the first and second
stages, can be trained end-to-end to maximize the log-
likelihood given a parallel corpus. For practical training, we
preprocess a training parallel corpus by augmenting each sen-
tence pair with a set of translation pairs retrieved by a search
engine, while ensuring that the exact copy is not included
in the retrieved set. See Alg. 2] for a detailed description.
During testing, we search through the whole training set to
retrieve relevant translation pairs. Similarly to a standard
neural translation model, we use beam search to decode the
best translation given a source sentence.

Related Work

The principal idea of SEG-NMT shares major similarities
with the example-based machine translation (EBMT) (Zhang
and Vogell, 2005} (Callison-Burch, Bannard, and Schroeder,
2005; Phillips) 2012) which indexes parallel corpora with
suffix arrays and retrieves translations on the fly at test time.
However, to the best of our knowledge, SEG-NMT is the first



work incorporating any attention-based neural machine trans-
lation architectures and can be trained end-to-end efficiently,
showing superior performance and scalability compared to
the conventional statistical EBMT.

SEG-NMT has also been largely motivated by recently
proposed multilingual attention-based neural machine transla-
tion models(Firat, Cho, and Bengiol 2016; Zoph and Knight,
2016)). Similar to these multilingual models, our model takes
into account more information than a current source sentence.
This allows the model to better cope with any uncertainty or
ambiguity arising from a single source sentence. More re-
cently, this kind of larger context translation has been applied
to cross-sentential modeling, where the translation of a cur-
rent sentence is done with respect to previous sentences(Jean
et al.,[2017; |Wang et al.||2017).

Devlin et al.|(2015) proposed an automatic image caption
generation model based on nearest neighbours. In their ap-
proach, a given image is queried against a set of training
pairs of images and their corresponding captions. They then
proposed to use a median caption among those nearest neigh-
boring captions, as a generated caption of the given image.
This approach shares some similarity with the first stage of
the proposed SEG-NMT. However, unlike their approach, we
learn to generate a sentence rather than simply choose one
among retrieved ones.

Bordes et al.| (2015) proposed a memory network for
large-scale simple question-answering using an entire Free-
base(Bollacker et al.,|2008)). The output module of the mem-
ory network used simple n-gram matching to create a small
set of candidate facts from the Freebase. Each of these can-
didates was scored by the memory network to create a rep-
resentation used by the response module. This is similar to
our approach in that it exploits a black-box search module
(n-gram matching) for generating a small candidate set.

A similar approach was very recently proposed for deep re-
inforcement learning by Pritzel et al.|(2017)), where they store
pairs of observed state and the corresponding (estimated)
value in a key-value memory to build a non-parametric deep
Q network. We consider it as a confirmation of the general
applicability of the proposed approach to a wider array of
problems in machine learning. In the context of neural ma-
chine translation, Kaiser et al.| (2017) also proposed to use an
external key-value memory to remember training examples in
the test time. Due to the lack of efficient search mechanism,
they do not update the memory jointly with the translation
model, unlike the proposed approach in this paper.

One important property of the proposed SEG-NMT is that
it relies on an external, black-box search engine to retrieve
relevant translation pairs. Such a search engine is used both
during training and testing, and an obvious next step is to
allow the proposed SEG-NMT to more intelligently query the
search engine, for instance, by reformulating a given source
sentence. Recently, Nogueira and Cho|(2017) proposed task-
oriented query reformulation in which a neural network is
trained to use a black-box search engine to maximize the
recall of relevant documents, which can be integrated into
the proposed SEG-NMT. We leave this as future work.

Dataset | En-Fr | En-De | En-Es
# Train Pairs | 744,528 | 717,096 | 697,187
# Dev Pairs 2,665 2,454 2,533
# Test Pairs 2,655 2,483 2,596
# En/sent. 29.44 33.43 32.10
# Other/sent. 33.34 33.44 34.95

Table 1: Statistics from the JRC-Acquis corpus. We use BPE
subword symbols.

Experimental Settings

Data We use the JRC-Acquis corpus(Steinberger et al.,
2006)) for evaluating the proposed SEG-NMT model The
JRC-Acquis corpus consists of the total body of European
Union (EU) law applicable to the member states. The text
in this corpus is well structured, and most of the text in this
corpus are related, making it an ideal test bed to evaluate
the proposed SEG-NMT which relies on the availability of
appropriate translation pairs from a training set. This corpus
was also used by (Li, Way, and Liu, 2016) in investigating
the combination of translation memory and phrase-based
statistical machine translation, making it suitable for our
proposed method to evaluate on.

We select three language pairs, namely, En-Fr, En-Es, and
En-De, for evaluation. For each language pair, we uniformly
select 3000 sentence pairs at random for both the develop-
ment and test sets. The rest is used as a training set, after
removing any sentence which contains special characters
only. We use sentences of lengths up to 80 and 100 from
the training and dev/test sets respectively. We do not low-
ercase the text, and use byte-pair encoding (BPE)(Sennrich|
Haddow, and Birch} 2015)) to extract a vocabulary of 20,000
subword symbols. See Table I for detailed statistics.

Retrieval Stage We use Apache Lucene to index a whole
training set and retrieve 100 pairs per source sentence for
the initial retrieval. These 100 pairs are scored against the
current source sentence using the fuzzy matching score from
Eq. to select top-K relevant translation pairs. We vary
K among 1 and 2 during training and among 1,2,4,8,16
during testing to investigate the trade-off between retrieval
and translation quality. During testing, we also evaluate the
effect of adaptively deciding the number of retrieved pairs
using the proposed greedy selection algorithm (Alg. [I).

Translation Stage We use a standard attention-based neu-
ral machine translation model(Bahdanau, Cho, and Bengio,
2014) with 1,024 gated recurrent units(GRU)(Cho et al.,
2014)) on each of the encoder and decoder. We train both the
vanilla model as well as the proposed SEG-NMT based on
this configuration from scratch using Adam(Kingma and Bal
2014) with the initial learning rate set to 0.001. We use a
minibatch of up to 32 sentence pairs. We early-stop based
on the development set performance. For evaluation, we use
beam search with width set to 5.

® http://optima.jrc.it/Acquis/JRC-Acquis.3)
0/corpus/
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En-Fr En-De En-Es

— — — — — —
TM | 46.62 42.53 | 3499 4245 | 40.84 39.71
% | NMT | 5895 59.69 | 44.94 5020 | 50.54 55.02
8| Copy | 6034 6161 | - - - -
Ours | 64.16 64.64 | 49.26 55.63 | 57.62 60.28
TM | 46.64 43.17 | 34.61 41.83 | 39.55 37.73
Z | NMT | 5942 60.11 | 43.98 49.74 | 5048 54.66
| Copy | 60.55 62.02 - - - -
Ours | 64.60 65.11 | 48.80 55.33 | 57.27 59.34

Table 2: The BLEU scores on JRC-Acquis corpus.

In the case of the proposed SEG-NMT, we parametrize
the metric matrix M in the similarity score function from
Eq. to be diagonal and initialized to an identity matrix.
A in Eq. is initialized to 0. The gating network fgue is
a feedforward network with a single hidden layer, just like
the attention mechanism f,,. We use either deep fusion or
shallow fusion in our experiments.

Result and Analysis

In Table |2} we present the BLEU scores obtained on all
the three language pairs (both directions each) using three
approaches; TM — a carbon copy of the target side of a re-
trieved translation pair with the highest matching score, NMT
- a baseline translation model, and our proposed SEG-NMT
model. It is evident from the table that the proposed SEG-
NMT significantly outperforms the baseline model in all the
cases, and that this improvement is not merely due to their
copying over the most similar translation from a training
set. For Fr-En and En-Fr, we also present the performance
of using a “CopyNet” (Gu et al.| 2016) variant which uses
a copying mechanism directly over the target side of the
searched translation pair. This CopyNet variant helps but
not as much as the proposed approach. We conjecture this
happens because our proposal of using a key-value memory
captures the relationship between the source and target tokens
in the retrieved pairs more tightly.

Fuzzy matching score v.s. Quality For Fr—En, we broke
down the development set into a set of bins according to the
matching score of a retrieved translation pair, and computed
the BLEU score for each bin. As shown in Fig.[2] we note that
the improvement grows as the relevance of the retrieved trans-
lation pair increases. This verifies that SEG-NMT effectively
exploits retrieved translation pairs, but also suggests a future
improvement for the case in which no relevant translation
pair exists in a training set.

Effect of the # of Retrieved Translation Pairs Once the
proposed model is trained, it can be used with a varying num-
ber of retrieved translation pairs. We test the model trained
on Fr—En with different numbers of retrieved translation
pairs, and present the BLEU scores in Fig.|3] We notice that
the translation quality increases as the number of retrieved
pairs increase up to approximately four, but from there on it
degrades. We believe this happens as the retrieved sentences
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Figure 2: The improvement over the baseline by SEG-NMT
on Fr—En w.r.t. the fuzzy matching scores of one retrieved

translation pair.
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Figure 3: The BLEU scores on Fr—En using varying num-
bers of retrieved translation pairs during testing. The model
was trained once. “Adaptive” refers to the proposed greedy
selection in Alg.

BLEU

# of retrieved pairs

become less related to the current source sentence. The best
quality was achieved when the proposed greedy selection
algorithm in Alg. [T] was used, in which case 4.814 translation
pairs were retrieved on average.

Deep vs. Shallow Fusion On both directions of En-Fr,
we implemented and tested both deep and shallow fusion
(Egs. (B)—(6)) for incorporating the information from the
retrieved translation pairs. With deep fusion only, the BLEU
scores on the development set improved over the baseline
by 1.30 and 1.20 respectively, while the improvements were
5.21 and 4.95, respectively. This suggests that the proposed
model effectively exploits the availability of target symbols
in the retrieved translation pairs. All other experiments were
thus done using shallow fusion only.

Examples We list two good examples and one in which
the proposed method makes a mistake, in Fig.[d From these
examples, we see that the proposed SEG-NMT selects a term
or phrase used in a retrieved pair whenever there are am-
biguities or multiple correct translations. For instance, in
the first example, SEG-NMT translated “précis” into ‘“‘ex-
act” which was used in the retrieved pair, while the baseline
model chose “precise”. A similar behavior is found with
“examen” in the second example. This behavior helps the
proposed SEG-NMT generate a translation of which style
and choice of vocabulary match better with translations from
a training corpus, which improves the overall consistency of
the translation.

Efficiency In general, there are two points at which com-
putational complexity increases. The first point occurs at the
retrieval stage which incurs almost no overhead as we rely
on an efficient search engine (which retrieves a pair within
several milliseconds.) In the translation stage, the complexity
of indexing the key-value memory grows w.r.t. the # of to-
kens in the retrieved pairs. This increase is however constant



obtained from the examination were also submitted to the
Scientific Committee on Plants . The report by the Committee
was formally adopted on 25 April 2001 &#91;

Fuzzy matching score: 0.56, Edit distance (TM-NMT=2, NMT=6)

S: La Commission adopte une décision sur les demandes de RS: 5 .La Commission adopte chaque programme opérationnel dans
révision des programmes opérationnels dans les plus brefs les plus brefs délais aprés sa soumission formelle par 1 &quot; Etat
délais a compter de la soumission formelle de la demande par 1 membre . &#124; Il y aurait lieu de remplacer &quot; dans les plus
&quot; Etat membre . &#124; Il y aurait lieu de remplacer brefs délais &quot; par un délai précis ( actuellement le délai est de
&quot; dans les plus brefs délais &quot; par un délai précis . cinq mois ) . &#124;

&#124;

A: The Commission shall adopt a decision on the requests for RT: 5. The Commission shall adopt each operational programme as
revision of operational programmes as'soon as possible &ftef soon as possible after its formal submission by the Member State .
the formal submission of the request by the Member State . muot; as 500 as possible &quot;Should be
&#124; &quot; as ﬁ as possible &quot; hould be with an| deadline ( the deadline is currently five

Y a deadline . &#124; months ) . &#124;

B: The Commission shall adopt a decision on applications for T:  The Commission shall adopt a decision on the requests for revision
revision of operational programmes as quickly as possible from of operational programmes as soon as possible after formal
the formal submission of the application by the Member State . submission of the request by the Member State . &#124; The
&#124; The Commission should be replaced as soon as possible phrase &quot; as soon as possible &quot; should be replaced with
&quot; by a precise period . &#124; an exact deadline . &#124;

Fuzzy matching score: 0.49, Edit distance (TM-NMT=3, NMT=17)

S: (7) En ce qui concerne 1 &apos; imazosulfuron , le dossier etles RS: (5) Le dossier et les informations provenant de 1 &apos; examen
informations résultant de 1 &apos; examen ont également été de 1 &apos; Ampelomyces quisqualis ont également été soumis au
soumis au comité scientifique des plantes . Le rapport de ce comité scientifique des plantes . Le rapport de ce comité a été
comité a été formellement adopté le 25 avril 2001 &#91 adopté formellement le 7 mars 2001 &#91;

A: (7)) Asregards imazosulfuron , the dossier and the information RT: (5) The dossier and the information the of

were als to the Scientific Ampelomyces quisqualis were also to the S
on Plants . The report of this Committee Wa§ “ on Plants . The report of this Committee Wasformally
adopted on 25 April 2001 &#91; adopted on 7 March 2001 &#91;

B: (7) Asregards imazosulfuron , the dossier and the information T:  (7) For imazosulfuron , the dossier and the information from the

review were also submitted to the Scientific Committee on Plants .
The report of this Committee was formally adopted on 25 April
2001 &#91;

S: 3. Leprésent
article prend effet

RS: 3. Le présent réeglement
s &apos; applique :

RT: ﬁh

is Regulation Shall A: 3. This Article Shall T: 3. This Article shall
to the following :

to: take effect

Figure 4: Three examples from the Fr—En test set. For the proposed SEG-NMT model, one translation pair is retrieved from
the training set. Each token in the translation by the proposed approach and its corresponded token (if it exists) in the retrieved
pair are shaded in blue according to the gating variable ¢; from Eq. (6). In all, we show: (S) the source sentence. (RS) the source
side of a retrieved pair. (RT) the target side of the retrieved pair. (A) the translation by the proposed approach. (B) the translation

by the baseline. (T) the reference translation.

with a reasonably-set max # of retrieved pairs. Note that the
memory can be pre-populated for all the training pairs.

Conclusion

We proposed a practical, non-parametric extension of
attention-based neural machine translation by utilizing an
off-the-shelf, black-box search engine for quickly selecting
a small subset of training translation pairs. The proposed
model, called SEG-NMT, then learns to incorporate both the
source- and target-side information from these retrieved pairs
to improve the translation quality. We empirically showed the
effectiveness of the proposed approach on the JRC-Acquis
corpus using six language pair-directions.

Although the proposed approach is in the context of ma-
chine translation, it is generally applicable to a wide array
of problems. By embedding an input of any modality into
a fixed vector space and using approximate search(Johnson|
[Douze, and Jégou, 2017), this approach can, for instance, be
used for open-domain question answering, where the seam-
less fusion of multiple sources of information retrieved by a
search engine is at the core. We leave these as future work.

Acknowledgments

KC thanks support by eBay, TenCent, Facebook, Google
and NVIDIA. This work was partly supported by Samsung
Advanced Institute of Technology (Next Generation Deep
Learning: from pattern recognition to Al). This work was

also supported in part by and the HKU Artificial Intelligence
to Advance Well-being and Society (AI-WiSe) Lab.

References

Bahdanau, D.; Cho, K.; and Bengio, Y. 2014. Neural machine
translation by jointly learning to align and translate. arXiv
preprint arXiv:1409.0473.

Bollacker, K.; Evans, C.; Paritosh, P.; Sturge, T.; and Tay-
lor, J. 2008. Freebase: a collaboratively created graph
database for structuring human knowledge. In Proceedings
of the 2008 ACM SIGMOD international conference on
Management of data, 1247-1250. AcM.

Bordes, A.; Usunier, N.; Chopra, S.; and Weston, J. 2015.
Large-scale simple question answering with memory net-
works. arXiv preprint arXiv:1506.02075.

Caglayan, O.; Aransa, W.; Wang, Y.; Masana, M.; Garcia-
Martinez, M.; Bougares, F.; Barrault, L.; and van de Weijer,
J. 2016. Does multimodality help human and machine
for translation and image captioning? arXiv preprint
arXiv:1605.09186.

Callison-Burch, C.; Bannard, C.; and Schroeder, J. 2005.
Scaling phrase-based statistical machine translation to
larger corpora and longer phrases. In Proceedings of the
43rd Annual Meeting on Association for Computational
Linguistics, 255-262. Association for Computational Lin-
guistics.



Cho, K.; Van Merriénboer, B.; Gulcehre, C.; Bahdanau, D.;
Bougares, F.; Schwenk, H.; and Bengio, Y. 2014. Learning
phrase representations using rnn encoder-decoder for statis-
tical machine translation. arXiv preprint arXiv:1406.1078.

Cho, K. 2015. Natural language understanding with dis-
tributed representation. arXiv preprint arXiv:1511.07916.

Crego, J.; Kim, J.; Klein, G.; Rebollo, A.; Yang, K.; Senellart,
J.; Akhanov, E.; Brunelle, P.; Coquard, A.; Deng, Y.; et al.
2016. Systran’s pure neural machine translation systems.
arXiv preprint arXiv:1610.05540.

Devlin, J.; Gupta, S.; Girshick, R.; Mitchell, M.; and Zitnick,
C. L. 2015. Exploring nearest neighbor approaches for
image captioning. arXiv preprint arXiv:1505.04467.

Eriguchi, A.; Tsuruoka, Y.; and Cho, K. 2017. Learning to
parse and translate improves neural machine translation.
arXiv preprint arXiv:1702.03525.

Firat, O.; Sankaran, B.; Al-Onaizan, Y.; Vural, F. T. Y.; and
Cho, K. 2016. Zero-resource translation with multi-lingual
neural machine translation. In EMNLP.

Firat, O.; Cho, K.; and Bengio, Y. 2016. Multi-way, multi-
lingual neural machine translation with a shared attention
mechanism. In NAACL.

Gu,J.; Lu, Z.; Li, H.; and Li, V. O. 2016. Incorporating copy-
ing mechanism in sequence-to-sequence learning. arXiv
preprint arXiv:1603.06393.

Gulcehre, C.; Firat, O.; Xu, K.; Cho, K.; Barrault, L.; Lin, H.-
C.; Bougares, F.; Schwenk, H.; and Bengio, Y. 2015. On
using monolingual corpora in neural machine translation.
arXiv preprint arXiv:1503.03535.

Gulcehre, C.; Ahn, S.; Nallapati, R.; Zhou, B.; and Bengio,

Y. 2016. Pointing the unknown words. arXiv preprint
arXiv:1603.08148.

Jean, S.; Lauly, S.; Firat, O.; and Cho, K. 2017. Does neural
machine translation benefit from larger context? arXiv
preprint arXiv:1704.05135.

Johnson, J.; Douze, M.; and Jégou, H. 2017. Billion-
scale similarity search with gpus.  arXiv preprint
arXiv:1702.08734.

Kaiser, £..; Nachum, O.; Roy, A.; and Bengio, S. 2017.
Learning to remember rare events. arXiv preprint
arXiv:1703.03129.

Kalchbrenner, N., and Blunsom, P. 2013. Recurrent continu-
ous translation models. In EMNLP, 1700-1709.

Kingma, D., and Ba, J. 2014. Adam: A method for stochastic
optimization. arXiv preprint arXiv:1412.6980.

Koehn, P.; Och, F. J.; and Marcu, D. 2003. Statistical
phrase-based translation. In Proceedings of the 2003 Con-
ference of the North American Chapter of the Associa-
tion for Computational Linguistics on Human Language
Technology-Volume 1, 48—54. Association for Computa-
tional Linguistics.

Li, L.; Way, A.; and Liu, Q. 2016. Phrase-level combination
of smt and tm using constrained word lattice. In The

54th Annual Meeting of the Association for Computational
Linguistics, 275.

Luong, M.-T.; Le, Q. V.; Sutskever, I.; Vinyals, O.; and
Kaiser, L. 2015. Multi-task sequence to sequence learning.
arXiv preprint arXiv:1511.06114.

Miller, A.; Fisch, A.; Dodge, J.; Karimi, A.-H.; Bordes,
A.; and Weston, J. 2016. Key-value memory net-
works for directly reading documents. arXiv preprint
arXiv:1606.03126.

Nadejde, M.; Reddy, S.; Sennrich, R.; Dwojak, T.; Junczys-
Dowmunt, M.; Koehn, P.; and Birch, A. 2017. Syntax-
aware neural machine translation using ccg. arXiv preprint
arXiv:1702.01147.

Nogueira, R., and Cho, K. 2017. Task-oriented query re-
formulation with reinforcement learning. arXiv preprint
arXiv:1704.04572.

Phillips, A. B. 2012. Modeling, Relevance in Statistical
Machine Translation: Scoring Aligment, Context, and An-
notations of Translation Instances. Ph.D. Dissertation,
Carnegie Mellon University.

Pritzel, A.; Uria, B.; Srinivasan, S.; Puigdomenech, A.;
Vinyals, O.; Hassabis, D.; Wierstra, D.; and Blundell,
C. 2017. Neural episodic control. arXiv preprint
arXiv:1703.01988.

Sennrich, R.; Haddow, B.; and Birch, A. 2015. Neural ma-
chine translation of rare words with subword units. arXiv
preprint arXiv:1508.07909.

Steinberger, R.; Pouliquen, B.; Widiger, A.; Ignat, C.; Er-
javec, T.; Tufis, D.; and Varga, D. 2006. The jrc-acquis: A
multilingual aligned parallel corpus with 20+ languages.
arXiv preprint cs/0609058.

Sutskever, I.; Vinyals, O.; and Le, Q. V. 2014. Sequence to
sequence learning with neural networks. NIPS.

Tu, Z.; Lu, Z.; Liu, Y.; Liu, X.; and Li, H. 2016. Modeling
coverage for neural machine translation. arXiv preprint
arXiv:1601.04811.

Vinyals, O.; Fortunato, M.; and Jaitly, N. 2015. Pointer
networks. In Advances in Neural Information Processing
Systems, 2692-2700.

Wang, L.; Tu, Z.; Way, A.; and Liu, Q. 2017. Exploit-
ing cross-sentence context for neural machine translation.
arXiv preprint arXiv:1704.04347.

Wu, Y.; Schuster, M.; Chen, Z.; Le, Q. V.; Norouzi, M.;
Macherey, W.; Krikun, M.; Cao, Y.; Gao, Q.; Macherey,
K.; et al. 2016. Google’s neural machine translation
system: Bridging the gap between human and machine
translation. arXiv preprint arXiv:1609.08144.

Zhang, Y., and Vogel, S. 2005. An efficient phrase-to-phrase
alignment model for arbitrarily long phrase and large cor-
pora.

Zoph, B., and Knight, K. 2016. Multi-source neural transla-
tion. arXiv preprint arXiv:1601.00710.



	Introduction
	Background
	Neural Machine Translation
	Translation Memory

	Search Engine Guided Non-Parametric Neural Machine Translation
	Retrieval Stage
	Translation Stage
	Learning and Inference

	Related Work
	Experimental Settings
	Result and Analysis
	Conclusion

