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Abstract

Machine translation (MT) is a field that breaks language barrier by translating
a sentence in source language into other sentence in target language. Several gen-
eration of MT has been developed since rule-based machine translation until neural
machine translation (NMT). One of the challenges that is still relevant until now
is to introduce additional knowledge, following human nature that translates some-
thing with prior knowledge as opposed to system. In this thesis, we investigate the
paraphrasing as a means to introduce additional knowledge into NMT. Paraphras-
ing has been proven to improve translation quality in machine translation and has
been widely studied alongside with the development of statistical machine transla-
tion (SMT). In this thesis, we investigate and utilize neural paraphrasing to improve
translation quality in NMT, which has not yet been much explored. Our contribu-
tion are separated based on the occurrence of paraphrasing in either on both source
and target side of a machine translation model.

Paraphrasing on the source side of NMT will augment the data, that can be
used to widen the model context achieved through multi-source information. This
information can also disambiguate uncertain input as it is known that MT is prone
to ambiguity. For this source side, we develop a multi-paraphrase corpus semi-
supervisedly by crowdsourcing the WMT 2017 Multimodal Translation Task. After

*Master’s Thesis, Department of Information Science, Graduate School of Information Science,
Nara Institute of Science and Technology, NAIST-IS-MT1651208, September 11, 2018.



that, we use the corpus to do multi-expert neural caption translation. This proposed
model is the alternative from the trend of using visual information as additional
context which could only slightly contribute to performance based on recent results.
Our proposed approach outperformed the baseline of WMT 2017 with 13.2 BLEU
score margin, which is close to the top score that used a multimodal model.

On the other hand, paraphrasing with a robust model on the target side aims
to improve translation quality by the means of automatic post-editing (APE). In
this task, we develop a multi-source neural APE model which receives translation
hypothesis and the source translation. We also introduce several decoding strategy to
take advantages of the availability of translation hypothesis. Our proposed method
successfully improved the baseline on NICT-QE/APE dataset by 1.8 TER margin.

Keywords:

paraphrasing, machine translation, automatic post-editing, visual description, image

caption translation
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Chapter 1
Introduction

The idea to augment human-to-human communication through breaking language
barrier has been pursued by many people since the philosopher and mathematician
Rene Descartes proposed the idea of universal language in 17th century. In this
society where communication doesn’t have any barrier, knowledge sharing and inter-
cultural cooperation can be smoothly realized. Machine translation (MT) is a field

to fulfill this task to translate information between source and target language.

1.1. The Development of Machine Translation

1.1.1 From Rule-based into Neural-based Machine Transla-
tion

The first MT system was publicly demonstrated in 1951 by the MT research team
of Georgetown University. This influential demonstration were then encourages the
research of MT in other countries such as Japan, where the National Institute of
Advanced Industrial Science and Technology (AIST) tested an English-Japanese MT
system Yamato. This system was able to reached 90 point score on the textbook of

1st grade junior high school, showing the potential of realizing a robust translation



system.

Since then, a lot of MT system was developed by relying on a huge linguistic rules
and dictionaries. This first approach to MT is called rule-based machine translation
(RBMT). The most popular RBMT system is SYSTRAN!, which is used widely
until 2007. Another approach to MT are translation using interlingua [2, 3|, where
an intermediary universal language is being used for translating between language
pair. Building this rule-based model and its variance requires extensive efforts on
defining specific translation rules and dictionary explicitly. This problem has become
the main problems for RBMT as solving ambiguity and adapting domain has proven
to be difficult.

Furthermore, the first approach on using corpus to develop machine translation is
example-based machine translation (EBMT) [4, 5, 6, 7]. EBMT receives a database
of examples as input, and derive rules from this examples. There must be some close
matches to the source text in the database in order to make this approach to be suc-
cessful. On the other hand, the increase in computational power has contributed to
the development of statistical machine translation (SMT) which recognizes language
pattern from even bigger bilingual and monolingual data. Compared with RBMT,
SMT has been proven to be effective by being able to recognize a language pattern
automatically, and taking less time to built. In order to combine the advantages of
RBMT and SMT, there has been some approach to statistically post-edit the result
of RBMT |8, 9].

The rapid development of deep learning technologies also applied into MT do-
main, since it was done by Sutskever et al. that introduced encoder-decoder archi-
tecture to do neural machine translation (NMT) [10]. In International Workshop on
Spoken Language Translation (IWSLT) 2015 MT shared task, NMT outperformed
SMT systems on English-German pair by significant margin [11]. Bentivogli et al.
reported that NMT works better on diverse lexical condition, makes less morphology

and lexical errors, and better language modeling. Some problems still remains, such

thttps:/ /platform.systran.net/reference/translation



as difficulty in handling long sequences [12], wrong reordering on some phrase due

to diverging alignment model, and prone to ambiguous phrases or terms.

1.1.2 Towards Better Context Understanding in MT

Up until now, building an effective and universal MT is still an open problem that
needs to be solved. Omne of the critical problem remaining in MT is to improve
the MT system ability to cope with the ambiguity of natural language. Several
studies has shown that MT result quality can be improved by better word or phrase
disambiguation [13, 14, 15]. One of the way to solve this problem is by introducing
external knowledge, which improves MT system ability to understand context and
generalizing across domains.

Many studies have attempted to incorporate additional knowledge to improve
translation quality. The most straightforward approach to this is by augmenting lex-
icons through some data or computations that happened outside of the MT model
itself. Zhang et al. introduces the ground truth translational equivalents as addi-
tional knowledge in an NMT system [16]. Arthur et al. incorporated discrete transla-
tion lexicons into an NMT system, and improved the performance on low-frequency
words successfully and promoted faster convergence [17]. In semantic space, Shi et
al. used knowledge-based semantic embedding to better translate domain specific
electric business data which has a lot of specific terms [18].

There’s also been some approach on introducing external knowledge through
external corpus such as introduced first in SMT as monolingual corpus to increase
the quality of language modelling. Waschle et al. introduced monolingual corpus as
translation memory in SMT [19], which is also studied intensively in NMT [20, 21].
This external corpus is not always monolingual, but can be in form of symbolic
translation rules in form of extensible markup language (XML), as introduced by
Chatterjee et al. [22].



1.2. Introducing External Knowledge into MT us-
ing Paraphrasing

As explained in the previous section, introducing external knowledge is one of the
approaches to realize a regularized and better context understanding in MT. These
approaches, such as monolingual corpus, are introduced with the expectation that the
model will find similar kind of sentences with the same meaning, which enables the
better creation of more regularized representation, compared with the model that is
only trained on one sentence for each meaning or sense. Monolingual corpus approach
is indeed effective because it has the same text modality with the MT system, and
introduces several senses similarity through introducing similar sentences with the
same idea. However, we argue that this approach is not controllable as it is difficult
to control the distribution of sentences in the monolingual collection of uncontrolled
sentences.

We propose that the source sentence itself should be written in different linguistic
variations such as vocabulary, style, and level of detail. We hypothesize that this
approach will improves model comprehension of the sentence semantic, by seeing
multiple paraphrased sentence examples describing a piece of information. Another
advantages on using this approach is because the additional knowledge modalities is
the same with the translation source and target modalities, which both are textual.
Therefore, there is no need to do any effort to adapt the representation in a cross-

modality manner.

1.2.1 Paraphrase Definition in MT

In general, sentence paraphrasing is a way to restate a concept with different vocabu-

lary, style, and level of detail. As defined by De Beaugrande and Dressler, paraphrase

is an approximate conceptual equivalence among outwardly different material [23].
Paraphrase definition in MT existing works usually used strict definition by em-

phasizing semantic equivalence such as substitution and reordering. For example, a



sentence pair below can be considered paraphrases because both of them have the

same idea, regardless of the word substitution and phrase reordering that happened:

A motorcycle is parked on the side of the road.

On the side of the road, a motorbike is being parked.

The strict paraphrase definition in this idea is needed, because there is no tangible
form of the sentence idea itself. One should rely on this strict definition in order to
maintain the semantic consistency.

On the other hand, Hirst argues that paraphrases don’t necessarily need to be
fully synonymous. It is sufficient for them to be quasi-synonymous, as a mutually
replaceable form of truth applicable in some contexts [24]. Furthermore, by taking
further this idea, as long as the semantic of the mutual paraphrase sentence can be
determined, we can widen the paraphrase definition to some extent.

In this research, we use image as a symbolic form of sentence idea, regarded as
the basis of paraphrasing. We regard two sentences as paraphrase as long as both of

it are talking about the same image.

Figure 1.1: Image used as the basis of paraphrases

A motorcycle is parked on the side of the road.

On the side of the road, a motorbike is being parked near the street sign.

For example, given an image of Fig. 1.1, the above sentence pair can be considered

paraphrase because both of the sentence are describing about the same image as the



representation of the idea. This mean that the word or phrase insertion and deletion
based on the same image as a concept may now be acceptable as one of paraphrase
variations. Slightly different from the usual use case, this definition can be called
image-based paraphrasing.

Another sentence rewriting task that aim to improve the sentence condition can
also be seen as a monolingual translation between an erroneous source sentence and

its fixed representation such as:

It ’s tell me the weather forecast for tomorrow.

I want you to tell me the weather forecast for tomorrow.

In this example, the first sentence is being edited into the second sentence, with
the target to improve the sentence quality. As both of the sentence is describing
about the same semantics, we may allow correction as one of the operation in our
paraphrasing task.

In summary, this study covers wide paraphrase definition not only substitution
and reordering but also covers deletion, insertion, and correction. Although it might
be quite different with common paraphrase definition usually being used in MT study,
it enables us to investigate more diverse sentence rewriting problems within the same

framework.

1.2.2 Paraphrase Application in MT

In many language generation task, paraphrasing plays a critical role for enrichment
and added flexibility. For example, in question answering task, paraphrasing is
needed to increase the similarity of the questions and retrieved documents [25]. In
abstractive summarization, some paraphrasing is needed to transform the filtered
sentences into a coherent shorter sentences. Cohn and Lapata leverages paraphras-
ing to enrich their abstractive summarization system and developed their abstractive
summarization corpus [26].

In MT system, the paraphrase is often used for multi-reference evaluation [27]



since there might be a lot of valid translated sentences. Since the development of
SMT, there has been a lot of approach of using paraphrasing to paraphrase the
source language data. This approach has been concluded as a convenient way to
handle out-of-vocabulary (OOV) and rare words problem [28]. Madnani and Dorr
also showed that by using targeted paraphrases, unfair penalization of translation
hypotheses can be avoided [29].

Paraphrasing is also used to augment the dataset size, which correlates positively
with translation result in SMT [30, 31]. Some sentence pre-editing also can be made
to make the source sentences easier to be translated [32, 33]. As opposed with doing
paraphrasing in source side of MT, paraphrasing can also be done in target side
of MT to leverage translation quality. One of the way is to make the translation
becomes more natural by mono-lingually translate the translation hypothesis into
better post-edited version, which task is called automatic post-editing [8, 9, 34].

With this recent studies in mind, we conclude that although paraphrasing has
been intensively studied in SMT, we found that paraphrasing to enable multi-source
information in NMT is not much investigated yet. Therefore, here we explore the
use of paraphrases to make a mixture-of-expert and multi-source NMT to leverages
multi-paraphrases input. Based on the occurrence of the paraphrasing, we separate
our contributions into two main tasks: paraphrasing on source and target side as

shown in Fig. 1.2.

1.2.3 Paraphrasing on source side: Visual Description Trans-

lation

Paraphrasing on source side is done on the source sentence such as shown on Fig.
1.2 (b). The objective of this paraphrasing is to elaborate the context contained in
the original source sentence. Therefore, there will be smaller chance for ambiguity
in the model, increasing the ability of the model to better grasp context.

To prove this hypothesis, we chose visual description translation task for the

source side paraphrasing. In this task, a caption describing an image is being trans-
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Figure 1.2: Paraphrasing on source and target side of NMT

lated from one language to another. Several straightforward approaches were utilizing
the image latent representation directly into some NMT components such as most
approaches have done in WMT 2017 Multimodal Translation shared task. However,
to the best of our knowledge, there hasn’t been any significant improvement yet on
using that approach, especially given the size of the small dataset.

For this task, we take on different approach by paraphrasing the source caption,
given the image itself, which in the previous section we described as image-based
paraphrasing. Textual information is easier to be processed in NMT model as op-
posed to image latent representation. The additional information that could be help-
ful to disambiguate or widen the model context could be taken from the paraphrase

itself.

1.2.4 Paraphrasing on target side: Automatic Post-editing

MT system in real-life situation has been used in several industries to translate
documents from many language pairs. The result of this system however, still suffer
from systematic errors such as unnatural choice of words, wrong sentence structure,
and so on. The task of fixing this translation hypothesis is named post-editing.

Usually post-editing is done by human editor with the principle of doing minimum



edit possible in order to make the sentence grammatically and semantically plausible
with respect to the source sentence.

From the both paraphrasing and translation perspective, APE task is regarded
as a paraphrasing task in the form of monolingual translation from MT translation
result into a newly post-edited. The paraphrasing objective itself is to improve
the sentence structure, while keeping the semantic plausibility. In order to achieve
that, a further high level understanding of the target language modeling needs to be
achieved, compared with the MT task.

As shown in Fig. 1.2 (c), we propose a neural APE model that fixed the transla-
tion result from SMT system. Represented by the same red color in the figure, the
APE model can be seen as a paraphrasing model, which fixes systematic error found
in MT hypothesis. We compare that by taking source information as the translation

context, the post-editing task can produce better result.

1.3. Thesis objective and contribution

As discussed before, incorporating external knowledge has been a challenge in any
generation of MT. From many ways incorporating this information, in this thesis,
we focus on using paraphrase as this form of additional information. Taking a look
at section 1.2.3 and 1.2.4, this thesis proposes approach to utilize paraphrasing ad-
vantages on both source and target sides of an NMT system.

We summarize this thesis objective into three main contributions as follows:

e Developing multi-paraphrase of WMT 2017 multimodal translation shared task
dataset in a semi-supervised manner by partially crowdsourcing. This dataset

were then used to train a neural paraphrasing model.

e Introducing multi-expert visual description translation through multi-paraphrase
as multi source input. Our proposed approach improved the baseline of WMT
2017 by 13.2 BLEU scores, comparable with multimodal model.

10



e Improving MT result by means of automatic post-editing on NICT-QE/APE
dataset by using multi-source model that paraphrase the translation hypothesis

in regard to source sentence.

In conclusion, this thesis aims to investigate and utilize the use of paraphrasing to
leverage the quality of MT system. We discuss the background knowledge of NMT
on Chapter 2, in which our proposed model was based on. Chapter 3 elaborates
our paraphrase incorporation strategies using our proposed model on both tasks.
After that, we report and discuss the result of our experiment on visual description
translation in Chapter 4. Furthermore, in Chapter 5, we report and analyze the
result of our proposed method on automatic post-editing task. Finally, in Chapter 6,
we conclude our contribution in this thesis and elaborate some possible advancement

in the future works.

11



Chapter 2
Neural Machine Translation

This chapter discuss about NMT technology which is used in this thesis.
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2.1. LSTM Encoder Decoder with Attention

There are several modifications done to neural network cell in order to be able to
process sequential data better. A recurrent neural network (RNN) cell was done
to enable the use of previous element, compared with normal perceptron that can
doesn’t regard time order into decision process.

However, RNN cell still suffers from a problem called vanishing gradient when
handling long sequences. The main reason is because RNN doesn’t have memory
to remember what is happening in several previous time-steps in the sequence. To
tackle the problem, a long short term memory (LSTM) cell was developed. LSTM
cell has the ability to add or remove information to the cell, controlled by the gates
architecture [35]. This enables LSTM to handle long sequences, especially a long
term dependencies in a sequences.

Another problem that rises from processing a sequence is the variability of the
sequence length. A sequential data such as sentence can consists by many number
of words, requiring a certain mechanism to encode this variable length sequence
into one latent representation. To address this length variability on both input and
output, Sutskever et al. developed an encoder-decoder architecture to encode a
variable length sequence, and decode it into another target sequence [10]. Improved
with attention mechanism [36], this approach has been proven to be successful to
outperform SMT as the previous standard of MT.

In Fig. 2.1, step-by-step computation of each encoding and decoding step are
shown in an MT task. The source sentence in source language consisting of several
words src_wy., are embedded using src_.emb embedding layer for source language,
which output are then encoded by a bidirectional LSTM. The encoded representation
enc, which represents the sentence are then used to reset the LSTM decoder.

The decoder are fed with embedded target language token of sentence beginning
< s >, which the hidden representation are then combined with attention before
inputted into output layer. In output layer, the probability distribution of the next

word are then normalized by a softmax function. The selected word with the max-

13



imum probability are then used to initialize the decoder for the next step. The

decoding stop when the decoder produces an end-of-sentence token < /s >.

2.2. Beam Reranking Approach for NMT Decod-
ing

In the decoding process, the word with the highest softmax probability in the output
layer is chosen as the decoded word. After that, the next word decoding use this
selected word for the basis of the next translation. From the beam search problem
perspective, the way of only using the word with the highest probability is similar
with greedy search. Better translation candidate might be produced if the beam
decoding process also consider the word with second or third highest probability
score. As the decoding process work from left to right, better word or sequence of
word candidate can be seen the sub-optimal word probability is also considered.

If we consider the top N word with the highest probability, in every decoding step
t there will be N translation candidate, in which the decoding will not be efficient
in terms of memory. In contrast, the NMT decoding is defining beam size as the
size of the pool, on which each translation candidate are listed. With the beam size
of N, for each time step, there will be fixed number of N translation candidate in
the pool. If a translation candidate has reached the end-of-sentence token, the size
of the beam size N will be reduced by one. The decoding will be stopped when the
beam size is zero. After that, the candidates with the highest score will be selected.

There are various modification to improve the beam search. One of them is
by reranking with language model. The reranking process is done by getting the
language model score for each translation candidate and combine the score with
model probability. This scoring can be done in all steps of decoding, or just on the

last step to help the algorithm choose the final candidate.

14



2.3. Unsupervised Text Tokenizer to Discover Sub-

word Units

The word-by-word generation of target sentence in decoding process are aimed to
maximize the likelihood of the output layer distribution compared to a discrete trans-
lation target word distribution. The output layer itself, has a fixed size, where each
cell represents a word in target language vocabulary. This methodology poses a prob-
lem when the model translates a rare word, resulting an unknown token < unk >
which reduces the evaluation score. To tackle this problem, the subword NMT has
been developed based on the intuition that various word classes are translatable using
smaller units than words

For example, there exists German word “spielt” in training data, and word “spie-
len” in testing data. Both of these word has the same meaning (to play), but with
different ending based on the subject of the sentence. If the system is using word-
by-word tokenization, the system will not recognize the word “spielen”, and return
the token < unk > which later will reduce the evaluation quality.

Let’s assume there are other word “tanzen” in training data, which has the same
ending “en” with the word “spielen” in testing data. If each word in training data
are tokenized into subword such as “spiel” 4+ “t” and “tanz” + “en”, then the system
can recognize the word “spielen” in testing data, just by combining subwords “spiel”
and “en”.

The first approaches on tokenizing this text automatically is by using Byte Pair
Encoding (BPE) to discover subword unit [37]. The BPE itself is a data compression
technique uses frequency to do sequential byte replacement [38]. The implemen-
tation for BPE are further improved by Google Sentence Piece which is reversibly
convertible by preserving space as a special meta symbol. For example, the phrase
Hello_World. will be tokenized as [Hello]l [_Wor] [1d] [.].
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Chapter 3

Leveraging Machine Translation
Quality using Neural Paraphrasing

Framework

In this chapter, we discuss our proposed architecture to leverage M'T quality using

neural paraphrasing on both source and target side of NMT.

3.1. Determining integration point

To deal with multiple inputs, there are various integration strategies can be done to
combine these inputs feature. This combination can be seen as combining several
systems in which each systems has several potential integration point. The point
where the integration possibly conducted can be made clear if we divide the flow of
information in an NMT system described in Chapter 2 into four phases. We describe

these four phases and each challenges in this list as follows:

1. Integration in feature space
Integration in the feature space involves doing feature combination. This is

the simplest form of doing data augmentation. However, given the sequential
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nature of the source sentence, if we take words as feature, it is difficult to
determine the importance of each features. This is also not the direction that
we want, because the reason of using paraphrasing itself is to augment the data

and widen the model search space.

. Integration in encoding phase

The purpose of the encoding in NMT is to represent a sequence of words with
variable length into a single vector representation. Integrating multiple in-
puts in encoding phase poses a new challenge on how to develop encoder that
could receive variable length but decode at once. Given the reordering that
happens in the input, the solution’s implementation of this problem involves
a re-aligning operation. This re-aligning operation is an operation that can-
not be done in batch, because each sentence has different alignment with its
counterpart. Therefore, this solution is not suitable for neural network because

batching is needed to improve the speed and stabilizes the training process.

. Integration in decoding phase

The combination in decoding phase involves the combination of attention from
each input. By this method, the model will decode with the help of several
attentions as prior knowledge. This approach is more suitable for several input
that has different word reordering. The initialization of the decoder can also

become the integration point, using combined encoded representation.

. Integration in result space / ensembling

Integrating in result space consists of two possible approaches: expert ensem-
bling and hypothesis reranking. Expert ensembling approach is using a learned
weight combination to combine the output of each NMT model, given the de-
coder hidden state. Garmash and Monz reported that this method is effective
for small sized dataset [39]. On the other hand, hypothesis reranking is us-
ing external model to rerank several hypothesis that can possibly produced by

several model.

17



Based on these listed potential integration point, we choose to integrate our
model in decoding phase and result phase. The integration in decoding phase is
implemented as a modified multi-source NMT [40], and the integration on result

space is implemented in a form of multi-expert ensembling [39].

3.2. Paraphrase Incorporation Strategies

This section is describing our general framework which is used on two cases such as

written in Section 3.3 and Section 3.4.

3.2.1 Various multi-source combination strategies

Ency =5

Enc4 > Combination Dec
Function

Figure 3.1: Multi-source NMT

This model is a modification of Zoph and Knight’s multi source neural translation
[40]. They claimed that this model is taking advantage of information triangulation
to reduce ambiguity. In their paper, they reported several translation pair such as
{French, German} to English in which this triplets of language has similar language
structure. However, given this advantages, the use of this model to monolingual
input has never been investigated. Furthermore, different set of combination function
might perform better given the different language characteristics.

For visual description translation task, we modify this existing model to be able to
receive more than two input. On the other hand, for APE task, we hypothesize that

the use of source information alongside with translation hypothesis will give better
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context to the APE model itself. For both task, we also use various combination
functions to investigate which combination function is suitable for each task.
We implement the joint attention mechanism by using various combination func-

tion such as:

1. Linear layer concatenation
This method concatenates all attentions atty., using a single linear layer that
receives the concatenation of N number of hidden representation and output

one combined attention att,y, after a tanh non-linearity.
attogg = tanh(W.[atty, atty, ..., att,] + b)

2. Summation

The combination of attention were done by summing the available attentions.

atlogy = > i att;

3. Weighted summation
For this summation strategy, each of the attention were weighted before being
summed. The weights Wy, itself is predicted using a linear layer from decoder

hidden state decy;q to the number of attentions with softmax non-linearity.

Wo.n = softmax(W.decp;q + b)
attagg = Z:’L:O Wzattz

4. Max or average pooling
This combination were done by using a max-pooling or average with the window
size of N, run through the second order axis of the attention list as shown on
Fig. 3.2.

These combination functions can be applied to combine encoded representation ( fe,.)

and attention (fu)-
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Figure 3.2: Pooling on concatenated attention

3.2.2 Multi-expert ensembling

Ency —»@—> Dec
I
Enc; —»&—> Dec;
w:l“g
Enc,, —»&—> Dec,
L ||
Praifrained
h 4
Mixture
Iodel

Figure 3.3: Multi-expert NMT

An NMT model decoder determines which word should be chosen for the next
output by choosing the highest probability word in the output layer. Thus, the
weighting of the output layer probability distributions becomes a crucial step in
determining the quality of the output. Common practice in realizing this idea is to
linearly interpolate them together by putting uniform weights to each model output
probability distributions. However, this might not be ideal because each of the
ensembled models might not contribute uniformly depending on the input it is given.

To give proper weighting for each model output probability distributions, some

learning named mixture-of-experts needs to be done to identify systematic errors
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created with each model[41]. Garmash and Monz showed that by letting the expert
model to learn from decoder hidden state output as an abstract decoding state which
contains context and prediction information for the next word, the expert model’s
weight distribution can perform better than those of the models with uniform weight
distribution [39]. In addition, generalization can be done by creating a very large
neural network with a sparsely-gated mixture-of-experts layer [42].

Commonly, the mixture-of-expert method is used with several NMT models that
has been initialized with different random seeds, or several NMT models that have
different source language, but with the same target language. In this study, we
used the method on the several NMT models that have been trained on paraphrased
source sentences which has the same meanings, and translated into the same target
language.

Determining the weight for each output layer probability distribution were done

as follows:

Ct = tanh(LSTMhzd([ho, h17 ey hn])
9o:i = softmax(Wyae.D(ct) + byate)-

Here, the expert model is implemented into a single LSTM layer hid that receives
the concatenated decoder hidden state output h,. A softmax function is then
applied to obtain the weights of each expert model’s output layer o,. Assuming
W, is the weight of the output layer from expert n. Then, the aggregated weight

Wagg 1s a linear combination function of each of those weights:
Wagg = 90 Wo + 1. Wi + ... + g0 W

For this model, a 50% dropout D will be applied on the hidden representation
after tanh nonlinearity was applied. The regularized representation was further
transformed by the gate layer which has the same output size with the number of

expert.
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3.3. The Use of Paraphrasing for Visual Descrip-

tion Translation

In this sub-section, we described our approach on incorporating additional knowledge
by the way of paraphrasing on the source side of NMT, such as shown in Fig. 3.4.

Such approach is implemented in a task named visual description translation.

MT with  —
Paraphrasing on 1 MT S E—
Source Side ————| Model

Source side

Figure 3.4: Leveraging NMT with paraphrasing on source side

Visual description research is useful for many applications such as image search-
ing with natural language query, image description for visually impaired users, or
understanding slides in a lecture. But, most of the activities were done focusing only
on a monolingual English setting [43]. Recently, with the availability of multilingual
image caption dataset such as Multi30k, there has been a lot of attempt in expand-
ing the research to generate visual descriptions in various languages using MT, such
as shown in Fig. 3.5. WMT 2017 “Multimodal Machine Translation” is one of the
shared tasks that facilitate these activities.

Most approaches focus on utilizing image features in addition to the information
from a single caption of the source language. Using NMT approaches, combining
multi-modalities in NMT become straightforward because of the intermediary hid-
den vector representation is assumed to be compatible with each other. However,
as pointed by Calixto et al. [44] and looking at the results of WMT 2017 Multi-
modal shared task, we argue that this image-text latent representation combination
approach has not yield significant improvement on WMT 2017 Multimodal shared
task dataset testing.

The main source of sentence translation is the source sentence itself. The transla-
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Ein brauner Hund
+ rennt dem schwarzen

Hund hinterher.

Un chien brun court
+ aprés le chien noir.

\ A brown dog is running after /
\ the black dog. /

Evaluated against

Input human translation

Figure 3.5: Visual Description Translation workflow

tion model doesn’t always need the image information, especially when the sentence
itself is already clear and non-ambiguous. Therefore, we hypothesized that the image
itself is not critical, but the source sentence itself should be improved according to
the image. One of the way to improve the source sentence is by using paraphrasing
as it is successfully proven to improve MT quality described in previous section.

Moreover, we also argue that a single caption might not be able to represent all
the information presented on an image. Therefore, we attempt another direction
in which we use additional information by way of multi-paraphrase captions of the
source language. In this attempt, we use image as the basis of paraphrasing. The
resulting paraphrase captions are then utilized within a multi-source and multi-expert
NMT model.

3.3.1 Related works

Many studies have attempted to incorporate additional knowledge in multi-source
manner to improve translation quality. Multi-source neural translation is one method
to enrich the model knowledge and reduce ambiguity. [45] stated that multi-source
translation is expected to have better word sense disambiguation, better word re-
ordering, and reduce the use of anaphora resolution. Several multi-source NMT

system have been developed following this preliminary research on SMT [46, 47].

23



Recently, the Second Conference on Machine Translation (WMT17) accelerated
a “Multimodal Machine Translation” shared task that aimed to generate image de-
scriptions in a target language. Most approaches use visual information as additional
context by directly embedding image features and combining them with the source-
language description within a multimodal system. The best system in this shared
task was developed by modulating each target embedding with global or convolu-
tional image features [48].

However, the results from most submitted systems reveal that the additional
image features could only slightly contribute to system performance [48, 49]. There
were even negative results in the study by [50], where they found that their textual
model performs better than their multimodal model. They suggested that their
multimodal model could eventually outperform the textual one if there is sufficient
amount of data [50]. Under this condition, it seems that there is no certain method
yet on how to incorporate image features directly into a translation system.

In this study, we go in another direction in which we use various visual de-
scriptions by way of paraphrasing to describe the image. The resulting paraphrase
captions are then utilized within a multi-expert NMT model. This enables us to in-
corporate additional knowledge from image to the translation process, without using
the image itself. Paraphrasing has been shown to be effective to improve coverage of

image aspects and translation quality in MT model [33].

3.3.2 Proposed approach

For this task, we use both the multi-source and multi-expert ensembling proposed
model with five input following our paraphrase elementary operations: original, dele-
tion, insertion, reordering, substitution.

In multi-source proposed model as shown in Fig 3.6, there are five bidirectional
LSTM encoder, in which the latent output is combined with various combination
function. The combined latent representation and attentions are then used for de-

coding the visual description in target language.
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Figure 3.6: Visual description translation proposed multi-source model

Encgrc —>P—>{ Decyg
| I
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Figure 3.7: Visual description translation proposed multi-expert model

On the contrary, in proposed multi-expert model, there will be five encoder-
decoder LSTM NMT model which has been pretrained to each paraphrased source
sentence (Fig. 3.7). The mixture model will take the hidden state of each decoder,
and use it to output weight for each output layer. By this approach, we hypothesize
that each paraphrased source will trigger the NMT model to also produce slightly
different results. These slightly different results are then combined by the mixture

model.

25



3.4. The Use of Paraphrasing for Automatic Post-
editing

MT with

Paraphrasing on [ TN MT APE —
Target Side Model Model r:|

Target side

Figure 3.8: Leveraging NMT with paraphrasing on target side

In this paraphrasing on the target side, the APE task itself is the task of para-
phrasing. The objective of this task is to fix some systematic errors produced in MT

step.

Ty [
'\-\_-/_‘\ \-\_/‘-_‘\

|

] ref | 0] pe

trained with L frained with L~
MT Evaluation APE Evaluation

Figure 3.9: Automatic Post-editing workflow

As seen in Fig. 3.9, MT model and APE model are trained on different dataset.
MT model is trained on a pair of source (src) and reference (ref) bilingual pair of
sentences resulting a translation hypothesis (mt). Meanwhile, APE model should
receive the translation hypothesis of the previous MT model (mt), and trained it
with human post-edited version of that hypothesis (pe). The evaluation score of
an MT process is calculated from {mt, ref} pair, while APE evaluation should be

calculated from {hyp, pe} pair.
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3.4.1 Related works

The development of APE system in earlier days was started by Dugast et al. [51].
that developed a statistical post-editing (SPE) system for a rule-based machine trans-
lation (RBMT) system. An RBMT system is defined by a set of translation rules.
However, these static rules are of course cannot cover all translation rules perfectly,
and therefore the result of it has a systematic error. Therefore, the task of APE sys-
tem is to learn how to repair this systematic error automatically. This concept was
further generalized for other MT system implementation such as statistical machine
translation (SMT). On the next development, some system that does APE to SMT
result also developed such as the one developed by Simard et al. [52].

Furthermore, a research by Bechara et al. [53] introduced Contextual SPE, where
source information is introduced to SPE model by word alignment. This strategy
is proved to improved the result of SPE system since it can help the system to
understand the context of given MT translation result.

As mentioned in Section 2.1, the use of LSTM Encoder-Decoder has become the
popular way of doing machine translation and some of its auxiliary component. This
recent improvement has also been introduced to APE task by Pal et al. by developing
neural network based automatic post-editing (NNAPE). However, post-editing task
needs the model to understand the target language in more fine-grained way. In order
to reach this model convergence, a neural network model need a large amount of data.
Junczys-Dowmunt and Grundkiewicz introduced a NNAPE model consisting of log-
linear combinations of several model pair, trained using a large amount of artificial
monolingual dataset [54].

This studies mostly relied on sequence-to-sequence model either from the source
(src) to target (pe) or mt-hypothesis (mt) to target (pe). It has been proven that the
source information is useful for post-editing task, especially if it is used together in
a model. A recent research uses multi-source NMT to combine weighted attentions
between the source and mt-hypothesis attention. We argue that this study’s atten-

tion combination process is arbitrary, and there should be more various attention
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combination strategies being studied.

This recent studies also just focused on WMT 2016-2017 Automatic Post Editing
shared task dataset which only investigates post-editing in English-German language
pair which is quite similar in terms of language structure. This is not the case in
a language pair like Japanese-English where both languages has different language

structure, which makes the combination of attentions is more difficult.

3.4.2 Proposed approach

For this task, we use both the multi-source and multi-expert ensembling proposed
model with two multilingual inputs which consist of source sentence (src) and MT

hypothesis (mt).

Enc o~
Sre e Combination Dec
S Function
Encmt N7

Figure 3.10: Automatic post-editing proposed multi-source model

As shown in Fig. 3.10, combination function will combine each of the encoded
representations and attentions from src and mt encoder. By this approach, we also
investigate which combination function is useful for combining two different kind of

attention of Japanese-English translation.

Encgrc —>D—>{ Decpe

L w

agg
Encmt —>@P—>| Decpe >
L |
Pretrained
Mixture
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Figure 3.11: Automatic post-editing proposed multi-expert model
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In previous research Juncsys-Dowmunt and Grundkiewicz used log-linear com-
binations to join several src — pe and mt — pe NMT model into one APE model
[54]. However, they did it on English-German dataset, which has similar language
structure. In this thesis, we want to compare which APE approach is more suit-
able for far-distanced language pair such as English-Japanese: multi-source NMT or

multi-expert NMT.
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Chapter 4

Experiment on Visual Description

Translation

This section discuss about the result and evaluation from the task defined in Section
3.3.

4.1. Defining Paraphrase Elementary Operation

The definition of paraphrase accepted by the linguist are broader than its strict
semantic equivalence in its logical definition counterparts. This relaxed definition
are created due to the nature of paraphrasing itself. For example, there are a lot
of paraphrase variations that can be made from a sentence. This huge amount of
variations needs to be stated in order to define what kind of variations specifically
done on a sentence.

Bhagat and Hovy’s research on paraphrase definition and the classification of
quasi-paraphrases [1] specified 25 quasi-paraphrases based on lexical perspectives
(Table 4.1). Each quasi-paraphrase class has its own way of implementing the se-
mantic equivalence standards of a paraphrase. By this classification, they also proved

that although approximate equivalence is hard to characterize, paraphrasing opera-
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tion is not a completely unstructured phenomenon.

Table 4.1: Bhagat and Hovy’s Study of 25 Quasi Paraphrases in MTC and MSR Corpora
1]

# Category % MTC | % MSR
1 | Synonym substitution 37 19
2 | Antonym substitution 0 0
3 | Converse substitution 1 0
4 | Change of voice 1 1
5 | Change of person 0 1
6 | Pronoun/Co-referent substitution 1 1
7 | Repetition/Ellipsis 4 4
8 | Function word variations 37 30
9 | Actor/Action Substitution 0 0

10 | Verb/Semantic-role noun substitution 1 0

11 | Manipulator/Device substitution 0 0

12 | General/Specific substitution 4 3

13 | Metaphor substitution 0 1

14 | Part/Whole substitution 0 0

15 | Verb/Noun conversion 2 3

16 | Verb/Adjective conversion 1 0

17 | Verb/Adverb conversion 0 0

18 | Noun/Adjective conversion 0 0

19 | Verb-preposition/Noun substitution 0 0

20 | Change of tense 4 1

21 | Change of aspect 1 0

22 | Change of modality 1 0

23 | Semantic implication 1 4

24 | Approximate numerical equivalences 0 2

25 | External knowledge 6 32

As shown in Table 4.1, many quasi-paraphrases have very small frequency in the
Multiple Translation Corpus (MTC) and Microsoft Research Paraphrase (MSRP)
corpora. We argue that these 25 classes is too fine-grained and can actually be
grouped into fewer classes to reduce ambiguity and makes further usage of this para-
phrase group simpler. We grouped them into these following four operations: dele-
tion, insertion, reordering, and substitution. We slightly modified Snover et al.’s
Translation Edit Rate (TER) strict definition of sentence building components into

these four elementary paraphrase operations [55].
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4.2. Experimental Settings

4.2.1 Baseline Model

The baseline given by WMT was produced with Moses SMT toolkit [56] for 2016
baseline. For 2017 baseline, it was produced by text-only NMT system built with
Nematus toolkit [57] with hyperparameters were kept as default. The NMT model
was using batch size of 40, Adam optimizer, and BPE compression algorithm to
segment word [37]. We also evaluate one of our baseline NMT implementation to be
compared with other models. This baseline NMT implementation will only be trained

on original data to enable the comparison of translation without paraphrasing.

4.2.2 Proposed Model

The experiment in this task is divided into two step. Firstly, we train four encoder-
decoder LSTM with attention using crowdsourced paraphrased dataset in order to
generate the remaining paraphrase in semi-supervised manner. Each model has
bidirectional encoder and dot-product attentional decoder with single depth, 50%
dropout ratio, and 512 hidden layer size. Implementation was done using Chainer
framework version 4.0 [58] and ran on GTX Titan X GPU. For optimizer, we use
Adam [59] with decaying alpha into half every development loss increase with max-
imum 7 decay for early stopping. After stopping training, model with the lowest
development loss will be selected and be used for decoding with beam size of 10.

Second, for translation step, we tokenize both the source and target of the para-
phrased dataset using Google Sentence Piece ! trained on 3000 unit vocabulary.

In this step, we use the multi-source and multi-expert NMT for each pair of
original, deletion, insertion, reordering, and substitution to German target language.
In multi-source NMT proposed model, this five input will require five encoders and
one decoder, while in multi-expert NMT proposed model, five different sequence-to-

sequence encoder-decoder LSTM model are used for each elementary operation.

Thttps://github.com/google/sentencepiece
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Figure 4.1: Country distribution of crowdworkers

We use 256 hidden layer size for each model, with single depth for each bidirectional-
encoder and decoder. We did regularization using dropout with 0.2 ratio for embed-

ding layer, and 0.3 ratio for other layer.

4.3. Dataset Construction

4.3.1 Crowdsourcing multi-paraphrase corpus based on ele-

mentary operations

We conducted a preliminary study to know how to build a multi-paraphrase corpus
based on our proposed elementary operations. We collected 10k images from Visual
Genome [60], which consists of such diverse objects as animals, people, and vehicles,
and asked the crowdworkers to caption these images and create paraphrases of the
captions into four different paraphrases based on each operation. The corpus consists
of 5H-pairs of paraphrases with 50 k sentences.

We used Crowdflower? as a crowdsourcing platform. For one session, each crowd-

worker had to caption and paraphrase at least two images and also be available for

2CrowdFlower — https://www.crowdflower.com/
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additional sessions of image annotation. We limited this task to English-speaking
countries or those countries where English is the second language. We also monitored
the crowdworker results. If the resulting sentences were not valid paraphrases, we
discarded them from the data.

We successfully gathered more than 200 workers from 13 countries for this corpus
creation. Most workers came from India, the United States, and Philippines. The
remaining countries and distribution are shown in Fig. 4.1. Each worker created an
average of 52.56 images took an average of 7 minutes 54 seconds to caption an image
and write its four paraphrases.

However, we discovered that our preliminary study dataset have shorter caption
compared with WMT 2017 dataset, This is because we let the crowdworker to create
their own caption, in which we found that unconstrained captioning by crowdsourcing
will cause the result tends to be shorter. We also found that the vocabulary in this
crowdsourced corpus is quite different from the one used in WMT 2017 dataset. We
calculated about 50.6% sentences in WMT 2017 training dataset has a word which
does not belong to this crowdsourced dataset.

After that, we measured each operation characteristics with quantitative metrics.
To calculate the deletion operation effect on the source sentences, we compared the
ratio of the number of words in the target sentence to the number in the source
sentence and found that the number of words in the target sentences decreased by
19.53%, where an average of 2.23 words was deleted per sentence (Table 4.2). We
did the same calculation in the insertion sub-corpus and found that the number of
words in the target sentences increased by 25.15%, where an average of 2.93 words

were inserted per sentence.

Table 4.2: Operation characteristics

Parameter # word
Avg. deleted words per sentence 2.2286
Avg. inserted words per sentence 2.9311
Avg. distance of reordered word 4.4252
Avg. word substitutions per sentence | 1.6770
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To measure the reordering elementary operation for the sub-corpus, we calculated
the shift distance of a word in the source and target sentences and found that those
in the latter shifted on average by as many as 4.42 words. The distance calculated in
the reordering happened when the source sentence was paraphrased into its passive
form, or to exchange the order of such sentence information as time, place, and tool.
As seen in Table 4.2, we found an average of 1.68 word substitutions per sentence in
the substitution sub-corpus. This means that at most 1 or 2 words were substituted
in a sentence.

Furthermore, we counted the types of words that were most deleted and inserted.
For reordering and substitution, we counted a pair of source and target word types.

This evaluation identifies which word type was usually preferred by the crowdworkers.

Table 4.3: Top 5 Most Operated POS Tags

Deletion | Insertion | Reordering | Substitution
NN NN DT DT NN NN

JJ IN NN NN NN NNS

IN JJ IN IN NN JJ

DT DT JJ JJ NNS NNS
VBG NNS NNS NNS NNS NN

Table 4.3 shows that nouns (NN), adjectives (JJ), and conjunctions (IN) were
usually deleted or inserted. This correlates with how most sentences are deleted or
inserted: by adding or removing time, place, or tool information. This correlates
with how most sentences are deleted or inserted: by adding or removing time, place,
or tool information, such as “on a dark night” or “on a beautiful house”.

For reordering the sub-corpus, we found that no word type is changed by re-
ordering. This shows that reordering just changes the order or the structure of the
sentence without making major alterations to the words or the semantics. This also
happens in substitution where a word is usually replaced by another word with the
same meaning. Such target words are usually hypernyms or synonyms of the source
word.

By reflecting from this preliminary study, we are paraphrasing the WMT 2017

dataset by asking the crowdworker to paraphrase the English source caption from
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Figure 4.2: Reference image for captioning and paraphrasing shown in Table 4.4.

WMT dataset, instead of letting them do captioning by themselves. We keep the
data collection settings such as elementary operations definition, countries, platform,

and worker criteria as it has been found effective in this preliminary study.

4.3.2 Paraphrasing the WMT 2017 multimodal translation
shared task dataset

The WMT17 Multimodal Translation Task dataset [43] contains a set of images with
triplets of captions in English, German, and French. The dataset was created from
the Flickr30K Entities dataset of image caption in English [61] that was extended
to also contain manually translated German and French captions. The data consists
of 29000, 1014, and 1000 triplets respectively for the training, development and
testing. All captions are preprocessed by lowercasing, punctuation normalization,
and tokenization. An out-of-domain dataset consisting 461 images taken from the
Microsoft Common Objects in Context (MSCOCO) dataset [62] was also introduced,
the captions of which contain ambiguous verbs [63].

We focused on paraphrasing the English sentences which is considered source
language. Table 4.4 shows example of a paraphrased image caption based on four
elementary operations (deletion, insertion, reordering, and substitution) and Fig. 4.2
shows the reference image. As paraphrasing the whole 29k triplet training dataset

(29k training dataset) using crowdsourcing would not be efficient in terms of cost
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Table 4.4: Image caption and example paraphrases

Operation Sentence
Image Caption A little gray dog jumps over a small hurdle.
Deletion A little gray dog jumps over a hurdle.
Insertion A little gray dog jumps over a small hurdle successfully.
P h
arapirase roubstitution | A little gray dog pass over a small hurdle.
Reordering | Over a small hurdle, a little gray dog jumps.

and time, we crowdsourced only 10k triplets of this dataset (10k training dataset),
along with the whole development and testing datasets.

We used Crowdflower® (now Figure Eight) as the crowdsourcing platform. Each
crowdworker was instructed to paraphrase at least two image captions for one session.
We limited the task to English speakers, or at least those who spoke English as their
second language, to maintain quality. We discarded sentences that were not valid.
The crowdsourcing process took about 3 months and 201 workers participated from
16 countries such as the United States, Philippines, and Malaysia. Each workers
created 50.1 quintuplets of paraphrases on average.

Finally, to complete the paraphrasing on the full WMT17 dataset, we then used
10k quintuplets of crowdsourced paraphrases and constructed four encoder-decoder
long short-term memory (LSTM) models with attention [36] for each paraphrase
operation. We tuned and tested our automatic neural paraphrasing model using
these crowdsourced paraphrases of the development and testing datasets, respec-
tively. With these four paraphrasing models, we generated multi-paraphrases on the

remaining 19k image captions.

4.3.3 Corpus usage

The resulting 19k generated paraphrased dataset was combined with the original
crowdsourced 10k training dataset. This 29k sentences was further combined with the

original 29k training dataset resulting 58k-triplet training dataset for each operation.

3http://www.figure-eight.com
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In conclusion, the 29k paraphrased training dataset is working as the regularizer for
the original dataset. These are the final data that will be used to train a multi-source
and mixture-of-expert translation model, which is described in the next section.
Based on our empirical observation, using paraphrased data on development and
testing dataset will reduce the performance of the overall system. When using para-
phrased data on development, the training objective becomes unclear, and the loss
returned will not represent the real loss. Given that, we emphasized that the use of
paraphrased dataset in translation step was done on training stage. In this stage,
the paraphrase were acting as regularizer and the means of ensembling, improving

robustness of the ensembled model as a whole.

4.4. Experiment result and analysis

4.4.1 Result

Table 4.5: Paraphrasing model result in BLEU and METEOR

Operation | BLEU | METEOR
Deletion 53.0 42.2
Insertion 56.1 40.5
Reordering 47.2 42.0
Substitution 59.6 44.8

Table 4.5 lists the scores of the paraphrase produced with our automatic para-
phrasing model. The substitution operation produced the highest BLEU score while
the reordering operation producing the lowest BLEU score. This was expected be-
cause the reordering operation sometimes includes the changing of the active/passive
properties of a sentence. Overall, we believe this score is high enough to paraphrase
the remaining 19k WMT dataset.

Table 4.6 shows the performance of our proposed neural caption translation. Both

of the proposed models outperforms the NMT baseline. The proposed multi-source
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Table 4.6: The performance of proposed neural caption translation in comparison with the

baseline
Model Name dec_reset | dec_type Test 2016 Test 2017 Test COCO 2017
BLEU | METEOR | BLEU | METEOR | BLEU | METEOR
Our NMT Baseline - - 37.7 55.6 30.1 49.7 25.0 44.6
Combine all data - - 36.7 53.9 29.6 47.7 25.1 43.7
sum sum 37.0 55.1 30.2 49.5 25.1 45.0
sum 36.6 54.8 29.8 49.2 24.2 44.1
Multi-source gated_sum 37.2 54.9 30.4 49.7 26.1 44.9
concat concat 37.6 55.4 30.1 49.4 24.4 44.3
max_pooling | 37.1 54.8 30.0 49.2 24.3 44.0
avg_pooling 37.0 55.0 30.8 49.6 25.0 44.3
Uniform weighted ensemble | - - 39.6 56.9 314 50.7 26.7 46.0
Mixture-of-expert ensemble | - - 40.5 57.6 32.5 51.3 28.0 46.8

Table 4.7: Existing submission systems in official WMT17 shared task.

Textual Model Test 2016 Test 2017 Test COCO 2017
BLEU | METEOR | BLEU | METEOR | BLEU | METEOR
Official WMT Baseline 32.5 52.5 19.3 41.9 18.7 37.6
Zhang et al. (2017) - - 31.9 53.9 28.1 48.5
Multimodal Model Test 2016 Test 2017 Test COCO 2017
BLEU | METEOR | BLEU | METEOR | BLEU | METEOR
Madhyastha et al. (2017) - - 25.0 44.5 214 40.7
Calixto et al. (2017) 41.3 59.2 29.8 50.5 26.4 45.8
Ma et al. (2017) - - 31.0 50.6 27.4 46.5
Helcl and Libovicky (2017) 36.8 53.1 31.1 51.0 26.6 46.0
Caglayan et al. (2017) 41.0 60.4 33.4 54.0 28.5 48.8

NMT shows slight improvement, although the improvement from proposed mixture-
of-expert NMT was higher.

For the mixture-of-expert model, this performance increase indicates that the
each expert model is slightly different between each other, and worked well in uniform-
weighted ensemble and mixture-of-expert scenario. The mixture-of-expert also per-
formed better than uniform-weighted NMT in three cases. The results also indicate
that the mixture model successfully distribute weight to each expert translation
model sequentially, compared with regarding all the weight uniformly.

Another interesting result is when we compare our proposed model result with
the result of combining all available paraphrased data into one single data as shown

in “Combine all data”. This baseline shows that what we are doing is not simply data
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Figure 4.3: Reference image for translation shown in Table 4.8.

augmentation, because this result proved that just by combining all of the data, some
performance reduction were happened. As elaborated in the Chapter 1, we want to
control the distribution of the similar sentence and its source sentence, as opposed
to just using an external corpus, or using an arbitrary kind of paraphrase.

Table 4.7 shows the current submission systems in the official WMT17 shared
task. Our proposed model outperformed the baseline in WMT17 with a 13.2 BLEU
score margin. Although it may not be fair to compare directly with other multmodal
models since our proposed model was developed only on textual modalities, it is
surprising to see that our proposed model actually could produce competitive result
with other multimodal models. Our proposed mixture-of-expert model outperformed
several multimodal models such as those developed by [64], [65], [66], and [50].

4.4.2 Discussion

To further analyze the contribution between the experts trained on the original data
and that trained on paraphrased data, we compare the paraphrasing and translation
process step-by-step in our proposed model. Table 4.8 lists the resulting output
sentences. “Baseline” model result means the result of one expert in our ensemble
model.

This source sentence shown in Table 4.8 was translated using each baseline model

(an expert), resulting five different translation hypotheses. We calculated BLEU+1
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Table 4.8: Examples of resulting sentences.

Translation Model Type Sentences | BLEU+1

(Data) Original two motorcycles drive on a road along the river .

Baseline Original zwei motorradfahrer fahren auf einer strafie entlang . 0.75
Deletion zwei motorrader fahren auf einer strafie am fluss . 0.87

Single Paraphrase Model Insertion zwei motorradfahrer fahren auf einer strafie am fluss . 0.84
Reordering | zwel motorradfahrer fahren auf einer strafie am fluss entlang . 0.95
Substitution | zwei motorradfahrer fahren auf einer strafe am flussufer . 0.82

[Multi-paraphrase] Ensemble zwei motorradfahrer fahren auf einer strafie am fluss . 0.84

Uniform Weight

[Multi-paraphrase] Ensemble zwei motorrdder fahren auf einer straffe am fluss entlang . 0.97

Mixture-of-expert

(Data) Target zwei motorrider fahren auf einer strafle dem fluss entlang .

scores for each hypothesis against the target, resulting the source-deleted and source-
inserted expert model yielded the best result.

The aim of proposed mixture-of-expert model task is to make sure the best part
of each model are kept, and leaving out any noise or error that might occur in each
model result. As can be seen from the German result from the mixture-of-expert
model compared with the target sentence, the only difference is the word “am” in
which the correct one should be “dem”.

In this example, in deletion translation result, removing the word “two” in the
source sentence implies some changes in the word “motorradfahrer” which is decoded
in other model, with the exception of deletion translation model which resulting the
word “motorrdder”. Another example is the word “fluss entlang” which can only be
found in reordering translation result. This goodness on each expert model however,
should be kept by the mixture model by distributing right word in every word being
decoded. Here we can see that the final result of the ensemble of expert model
combines every goodness in each expert model.

Quantitatively, the mixture-of-experts model successfully kept the good feature
of best performing 0.87 and 0.95 BLEU+1 score yielded in source-deleted and source-
reordered model results respectively, resulting 0.97 BLEU+1 score. This is a signifi-
cant improvement compared with the BLEU+1 score of the uniform weighted model

that was only increased into 0.84.
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Figure 4.4: Reference image for translation shown in Table 4.9.

Additionally, in Table 4.9 and Fig. 4.4 we also provide examples when our pro-
posed model failed to improve the translation result, compared with our baseline
model. In this example, all the expert model except the original produced signifi-
cantly shorter sentences compared with the target sentence. This resulted a shorter
sentence result when all of this expert was combined with either ensembling method.

The reordering expert model, which is expected to be more robust on reordered
target sentence returns a reordered sentence hypothesis. This reordered translation
hypothesis has the highest BLEU+1 score compared with other translation hypoth-
esis except the original. But actually, if we see the target sentence, there isn’t much
reordering happened in the alignment of source sentence and target sentence. There-
fore, reordering hypothesis doesn’t help much here. The expected behavior, when
reordering can propose “an metallseilen” instead of “metall an einem sell” in the
original translation expert, doesn’t happened.

Another expected insertion is, the word “das” in the original expert translation
hypothesis, is decoded before the word “an metall”, not before the phrase “einen
langen rosafarbenen rock”. But in this case, insertion translation expert model
simply doesn’t improve the result. The overall BLEU+1 score of mixture-of-expert
model is higher than the uniform weight, but still lower than the baseline model.

Looking at some of the result errors brought us to the hypothesis that these errors

can be prevented by developing a prior guess on which operation is more useful even
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Table 4.9: Examples of resulting sentences.

Translation Model Type Sentences | BLEU+1
(Data) Original a little girl climbing metal rope cables wearing a long pink skirt
and black t-shirt .
Baseline Original ein kleines médchen klettert metall an einem seil , das einen 0.9
langen rosafarbenen rock und einem schwarzen t-shirt klet-
tert .
Deletion ein kleines médchen klettert metall seilen und einem 0.47
schwarzen t-shirt klettert .
Insertion ein kleines méadchen klettert mit einem langen rosafarbenen 0.61
Single Paraphrase Model rock an einem seil hoch .
Reordering | ein kleines médchen in einem langen pinkfarbenen rock und 0.76
schwarzem t-shirt klettert metall an einem seil .
Substitution | ein kleines médchen klettert an einem seil seil seilen und 0.63
einem schwarzen t-shirt klettert .
[Multi-paraphrase] Ensemble ein kleines madchen klettert an einem seil seil und einem 0.59
Uniform Weight schwarzen t-shirt hoch .
[Multi-paraphrase] Ensemble ein kleines méadchen klettert metall mit einem langen rosa- 0.67
Mixture-of-expert farbenen rock und einem schwarzen t-shirt .
(Data) Target ein kleines méadchen , das an metallseilen hochklettert und einen
langen rosafarbenen rock und ein schwarzes t-shirt tragt .

Proposed Model: Total Improved Sentences

based on BLEU+1 score
400
350

250
200
150
100

freq

worse same improved

Figure 4.5: BLEU+1 differences between best proposed model result and baseline

before the translation or decoding starts. This will help the model to put more
emphasis on which operation is more useful, given the source sentence. Another
interesting approach is also to introduce variational error, where the system is also

trained not only with the true example, but also with the false example.
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Finally, in Figure 4.5 we showed the number of translation hypothesis that were
worse, same, or improved, compared with the baseline translation hypothesis. There
are 276, 373, and 351 sentences which were worse, same, and improved, consecutively.
Therefore, we showed that by using our proposed paraphrasing strategies on the

source side, can statistically improved 35% sentences on the test set.

4.5. Conclusion

A single caption cannot represents all the information of the image to which it
refers to. In this study, we elaborated an image by various paraphrase operation.
This enables us to incorporate additional knowledge from image to the translation
process, without using the image itself.

We successfully generated multi-paraphrase sentences of the WMT17 Multimodal
Translation Task dataset through crowdsourcing which will be publicly available. We
constructed an automatic paraphrase generation models, and used it with the multi-
expert approach within NMT. The use of image information is just for references
for crowdworkers for paraphrasing, and it’s not used in the neural models both for
paraphrasing and translation.

The results indicate that our textual model with the mixture-of-experts NMT
performed better than the uniform-weighted NMT model. Our best proposed system
outperformed the baseline in WMT17 with a 13.2 BLEU score margin, which is close
to the top score that used a multimodal model. The hypothesis of regularizing models
by paraphrasing on the source sentence was proven to be effective. In the future,

we will further investigates various methods of incorporating visual information into
NMT models.
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Chapter 5

Experiment on Neural Automatic

Post-editing

This section discuss about the result and evaluation from the task defined in Section
3.4.

5.1. Experimental Settings

5.1.1 Baseline

There are two baselines for this task. To know whether the APE model successfully
made improvement, we compare the mt directly with the pe as a baseline. The second
baseline is taken from Fujita et al. proposed model of using SMT trained using
identical pairs of sentences on the target side of their in-house daily life conversation

corpus [67].

5.1.2 Proposed Model

Similar with the previous task, we propose two kinds of model for this task: multi-

source NMT and multi-expert NMT. All models are trained using 512 hidden size,
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0.0001 initial learning rate, 0.2 dropout ratio for embedding layer, and 0.5 dropout
ratio for recurrent layer. The hypothesis were then decoded using beam strategy
with size of 5. Other parameter are the same with as mentioned in Section 4.2.
The multi-source NMT proposed model consists of 2 encoders for {src,mt} and
one decoder for {pe}. On the other hand, the proposed multi-expert NMT are

consists of two encoder-decoder LSTM model of src to pe and mt to pe pairs.

5.1.3 Proposed Decoding Strategies

To take advantages of the hypothesis in the triplet of APE dataset, we propose
a reranking and filtering algorithm using a 3-gram language model trained on our

English part of dataset using KenLM [68]. The strategies are listed as follows:

e Rerank approach used sorted the hypothesis of beam decoding process using

the normalized score obtained from language model.

e LMfilter approach compare final hypothesis with unmodified mt sentence
from dataset. If the final hypothesis has lower language model score than the

original mt sentence score, mt sentence will be returned.

e Rerank + LMefilter is the combination of both Rerank and LMfilter decoding
strategy

5.2. Dataset

5.2.1 NICT QE-APE dataset

NICT QE-APE dataset was developed in order to support the research on quality
estimation and automatic post-editing of machine translation results in involving
Asian languages. This dataset composed by the triplets of translation sources (src),

machine translation system hypothesis (mt), and post-editing target (pe). The total

46



number of triplets in this multi-lingual dataset is 8459 triplets for each language pair:
Japanese to English, Japanese to Chinese, and Japanese to Korean.

The creation of this dataset involved a human evaluator that grade the quality of
a hyp resulted from an in-house statistical machine translation system that translated
a src sentences about travel and hospital utterances. After that, the annotator then
do post-editing by performing minimal edit by keeping grammatical and semantical
information quality in mind.

In this dataset, Fujita et al. also did some post-editing attempt using SMT
system and reached best performance by introducing identical pair of sentences in
the target side of their corpus. We were using this experiment result as our baseline

for this Neural Automatic Post-editing task.

5.2.2 Generation of artificial dataset for pre-training

Training a comprehensive model only with NICT-QE/APE dataset is not enough, we
need more data to make the model really grasp the idea of post-editing. However,
to produce a large-scale dataset using human annotation is slow and expensive.
Therefore, we propose a generation of an artificial dataset from a pair of M'T dataset.

Our artificial dataset is composed from the concatenation of several datasets as

follows:
e Basic Travel Expression Corpus [69]
e Tanaka Corpus [70]
e REIJI Corpus
e in-house medical domain corpus

This concatenated dataset now only consists of {sre, trg} pair. As described
in Section 1.2.4, an APE model needs to be trained on triplets of src, mt, pe. To
artificially generate the triplet, we train an SM'T model using this data, and use this

model to translate the src into trg resulting translation hypothesis hyp. As shown
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in Fig. 5.1, the resulting hyp are then regarded as mt, and the target sentences are

used as pe.

SIc mt

src SMT hyp
: "-\_.-’/'_‘x

pe

] trg
trained with L

h 4

Figure 5.1: Creating artificial triplets using SM'T

We also follow the intelligent selection algorithm based on cross-entropy differ-
ences as proposed by Moore and Lewis [71]. Using this method, we sort the sentences
in artificial dataset based on its cross-entropy similarity with the NICT-QE/APE
dataset. After that, we take 50k most similar sentences, excluding the sentences

which has less than 3 words. This 50k most relevant sentences are then combined
with NICT-QE/APE dataset for finetuning.

5.2.3 Corpus usage

We use 1.1M artificial dataset described in previous section for pre-training our
proposed model. After that, the model is finetuned with the combination of 50k
relevant artificial dataset and 8k NICT-QE/APE dataset. The reason why we don’t
use only the NICT-QE/APE dataset is because this dataset is too small and prone

to make our proposed model goes overfit.

5.3. Experiment result and analysis

5.3.1 Result

Table 5.1 shows the result of our proposed method in BLEU [72] and TER [55].
Different with BLEU score, lower TER score indicates better result. Result No. 3
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until No. 8 shows the result of our proposed multi-source model. On the other hand,
our proposed multi-expert model didn’t perform as good as the multi-source model.

The best combination function in multi-source NMT for this task was found using
both concatenation for f,,. and f,;; by reaching 44.7 BLEU score and 40.1 TER score.
It is also shown that in the same model, the proposed decoding strategy LMFilter
can increase 0.5 BLEU score from the normal decoding approach. Different with the
reported combination function in [40], here we found that in APE task, concatenation

is more effective for f.,. compared with summation.

Table 5.1: APE Result in BLEU and TER

No Model Fore ot Normal Rerank LMPFilter LMPFilter+Rerank
e BLEU | TER | BLEU | TER | BLEU | TER | BLEU TER
1 Baseline mt to pe - - 43.7 42.4 - - - - - -
2 Fujita et al. (2017) | - - 44.0 41.9 - - - - - -
3 sum sum 44.4 40.2 44.0 40.7 44.5 40.9 44.0 41.3
4 sum 43.7 40.7 43.5 41.1 44.1 41.4 43.7 41.8
5 Multi-source gated_sum 43.7 40.8 43.7 41.1 43.8 41.5 43.6 41.7
6 concat | concat 44.2 40.1 44.3 40.3 44.7 40.9 44.6 40.9
7 max_pooling 43.9 40.8 43.8 41.0 43.8 41.7 43.8 41.4
8 avg_pooling 43.3 41.1 43.4 41.3 43.7 414 43.6 41.6
9 Multi-expert - - 41.4 43.4 41.1 44.2 41.4 43.4 41.1 44.2

Table 5.2: APE Example 1
Type ‘ Sentence
src | pm o B v & B 5
mt | i think your opinion .
hyp | i think your ideas are good .
pe i support your opinion .

This example in table 5.2 shows the case when our proposed model produced
post-edit hypothesis that has similar meaning with the post-edit target. Compared
with the mt sentences, the translation result has been significantly improved.

On the other hand, in table 5.3, sometimes the translation hypothesis mt is
already adequate, but the model was paraphrasing it into other sentence. In this

example, either mt, hyp, and pe has the same idea, and grammatically plausible.
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Table 5.3: APE Example 2
Type ‘ Sentence
src | TNTIE lE = B oo sFL S &b L 9.
mt | then i ’ll explain it in detail over a look at the manual .
hyp | i will explain it in detail over the instructions .
pe | then i will explain in detail while looking at the information sheet .

Table 5.4: APE Example 3
Type ‘ Sentence
stc | bl E B o MICHs =72 I BT E9 h.
mt | can i open the curtains in between you and doctor ?
hyp | do you open the curtains in between you and doctor ?
pe | can iopen the curtains in between you and doctor ?

Table 5.4 shows the case when our proposed model failed to improve or keep the
MT translation hypothesis. In this example, the mt sentence is already good, but the
model change two words “can I” into “do you”, which change the sentence meaning
completely. Although if we just consider this part, the word “do you” might be a
good sentence starter such as “do you want me to open the curtains in between you

and doctor?”

5.3.2 TER distribution comparison

In Fig. 5.2, we visualize the post-editing operation in terms of TER score. The
expected behaviour of an APE model is that it represent the post-edit distribution
from mt to pe as shown in yellow-colored bar (ideal) in contrast with the result with
our APE model which is shown in blue-colored bar (result_normal) and red-colored
bar (result_Imfilter) for both result No. 6 which used normal and LMFilter decoding
strategy shown in Table 5.1 consecutively. We separated the x-axis into four groups
to categorize how extensive the operation has been and should been done.

One of the expected behaviour is when the mt sentence is already good enough,
the APE model should not modify the sentence. From the 0.0 and 0.01-0.50 TER
range category in the bar, we can see that the proposed model should leave more

sentence as is than it should. The LM filter, which decides not to modify mt sentence
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Figure 5.2: TER distribution between model result and ideal result

when it’s already good, works as expected, shown by smaller TER frequency differ-
ences compared with normal decoding. We suggest that some more tuning needs to

be done to discourage editing the model when it is already good.

5.4. Conclusion

We have developed sequence-to-sequence neural APE model that incorporate source
information. There was some +0.7 BLEU and —1.8 TER points improvement when
using both of the attentions from src and mt are concatenated. Analysis from TER
showed that the model APE operation distribution is quite similar with the ideal
expected distribution. The only problem is that the model are modifying more than
it should be. Some quality estimation might be needed in order to help the model

decide how extensive the operation should be.
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Chapter 6

Conclusions and Future Directions

6.1. Conclusions

This thesis alleviates paraphrasing on both source side and target side to lever-
age machine translation quality. We proposed a novel perspective through general
framework to utilize neural paraphrasing to leverage machine translation quality.
This approach is divided on two main contribution area such as source and target
side of MT, where the paraphrasing occurs.

In the source side, we showcased the use of paraphrasing to improve the re-
sult of visual description translation on which it shows that a single caption cannot
represents all the information of the image to which it refers to. We developed
multi-paraphrase of WMT 2017 dataset in a semi-supervised manner by partially
crowdsourcing. Our proposed multi-expert model influenced by paraphrasing has
been proven to be effective by 13.2 BLEU improvement over the baseline.

From the error analysis we found that the expert model already showed spe-
cialization in terms of paraphrase operation it trained to. However, sometimes this
paraphrase operation is not what the model needs in a particular case. Some methods
to analyze or guess what kind operation is needed to improve the model is needed to

emphasize the elementary operations each translation case is suitable to. In conclu-
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sion, we reported a novel perspective on how paraphrasing can be useful to leverage
neural machine translation quality by proposing our elementary operation inspired
by the basic operations that builds a sentence.

We also investigated and leveraged the use of paraphrasing on target side of
NMT to improve translation quality in way of Automatic post-editing. Our proposed
method that paraphrase the translation hypothesis in regard to source sentence has
been proven to be effective by improving 0.7 BLEU and 1.8 TER points on NICT-
QE/APE dataset. Looking at the TER distribution comparison shown in section
5.3.2, we can see that the LMFilter decoding strategy, as the simplest implementa-
tion of quality estimation, can improve post-editing result that still has distribution
differences with the ideal distribution.

To conclude, we investigated post-editing approach using various combination
functions on which we found effective way to post-edit, especially in distant language
group pair such as Japanese-English which is under-explored. From both source of

NMT, we proposed

6.2. Future Directions

There are still a lot of room for improvement in terms of incorporating additional
knowledge to MT, given its advantages. For we have proved that the basic operation
itself is useful for ensembling, it is also possible to do this in target side through
some ways.

For the visual description task, we have showed a method of ensembling on several
NMT model using our proposed elementary paraphrase operations to incorporate
textual knowledge. Our proposed paraphrasing operation relies on using image as
the idea representation of the sentences being paraphrased. Consequently, any form
of idea representation such as semantic form or speech, can be used to further extend
this work into other modalities.

Another interesting future work for this task is also to develop a prior hypothesis
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on which elementary operation is suitable for each translation pair with respect
to the source sentence, given the fact that each elementary operations contributes
differently on each data. Further improvement of this task can also involve variational
loss, where the model is trained not only with the true example, but also with the
false example.

On APE task, we saw that the model quality can be more improved if the model
can understand or estimate the quality of the translation hypothesis. By assuming
that a good quality estimator is available, it can guide the training process of the
model as these both post-editing and quality estimation task is tightly related. Our
proposed model works in word-level, so to influence the training in every time step,

granularity level such as word might be effective.
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Appendix A

Data Detalils

A. 1. WMT 2017 Multimodal Translation Shared
Task Dataset

WMT 2017 Multimodal Translation Shared Task Dataset (WMT Dataset) is an
extension of Multi30k dataset [43]. The Multi30k dataset was developed to stimulate
multilingual multimodal research. Given the advantages of multimodal systems such
as image captioning, the development of this task on other language has not received
attention yet. The development of this multilingual multimodal data opens up the
possibility for researchers in machine translation to work in this domain.

The Multi30k dataset get its images from Flickr30k image caption dataset [73]
that contains 31.014 images sourced from online photo-sharing websites. In this
dataset, each images has five English descriptions, collected using crowdsourcing.
The Multi30k dataset therefore extends the Flickr30k dataset with German captions.
There are two types of German caption in this dataset: translated and independent.
The translated caption were translated directly from the English caption, and inde-
pendent caption are the German caption that were created directly from the image
itself, without looking at the English caption.

The dataset that we used is the translated dataset, which is also used in WMT
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2017 Multimodal Translation Shared Task. It contains 29k caption for training, 1k
caption for development. On the other hand, this WMT Shared Task has new dataset
each year it is conducted. Therefore, there are dataset from 2016 and 2017 !. The
dataset for the year 2017 consists of two kinds: in-domain dataset and out-domain
dataset. The in-domain dataset are taken from the same Flickr images, while out-
domain dataset images were taken from MSCOCO dataset [62]. This out-domain
dataset caption were consisted of ambiguous sentences, in order to benchmark the

performance of the model while being in the out-of-domain situation.

A.2. NICT-QE/APE Dataset

The Quality Estimation (QE) and Automatic Post-editing (APE) task were com-
monly done on MT outputs. This MT output quality augmentation is especially
needed for translation language pair which is quite different such as in Asian lan-
guage. However, the dataset for this task, especially in Asian language pair such as
Japanese, Chinese, and Korean with English, is less studied. Therefore, the creation
of NICT-QE/APE dataset is aimed to facilitate this [67].

This dataset were designed to improve translation in its most practical domain:
travel and hospital. Most of the sentence in this dataset is spoken language produced
from speech translation service managed by National Institute of Information and
Communications Technology (NICT), Japan. They created three language pairs
by considering the largest speakers of the language who visited Japan as reported
by Japan National Tourism Organization (JNTO). The pairs are Japanese-English,
Japanese-Chinese, and Japanese-Korean.

This dataset consisted of triplets per row: translation source (src), machine trans-
lation system hypothesis (mt), and post-editing target (pe). The total number of
triplets in this dataset is 8459 triplets for each language pair. Aside from the sen-

tence triplet, this dataset also provides score for sentence level QE and word-level

"When this thesis is being written, the WMT has not released the full 2018 dataset yet.
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QE, which can be used as the label in QE task.
For APE task, the creation of this dataset involves human annotator which is

doing manual post-editing under this following guidance, as quoted from their paper:

1. Refer only to src and hyp basically.
2. Make each hyp grammatical and semantically appropriate with respect to its
sre

3. Perform minimal edits

This study provided preliminary result of APE intended as a baseline for future
uses of this dataset. They proposed various baseline of various data combinations
between the main dataset and their internal dataset as pseudo training data and
bitext back-off. The reported highest score was 44.0 BLEU and 41.9 TER score for
Japanese-English language pair. It was trained using bitext back-off, where an SM'T
system was trained using the data combination of the main dataset and {pe,pe} pair

of the pseudo dataset.
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