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Abstract

Limited data resources are the current problem for neural machine translation of low resources
languages. In this paper we propose to use multilingual embedding as a method of representing
words as input to a neural machine translator. This approach is then compared to word representa-
tion approaches in monolingual context used in the literature for neural machine translation. The
results with multilingual embedding on a dataset of 7187 pairs of French-Ewondo parallel verses
of the bible are promising because they are better than those obtained with the representation ap-
proaches used so far. We obtained 8.77% of blue for the unsupervised multilingual embedding,
5.34% for the semi-supervised version and finally 4.92% for the word embedding with the skip-
gram architecture.

Keywords

Multilingual word embedding, Neural networks, Neural machine translation, low resources lan-
guages.

I INTRODUCTION

Machine translation is a natural language processing task that consists of transcribing an origi-
nal text written in a source language into a target language in which the translation is desired.
Two main approaches are currently used : the statistical approach and more recently the neural
approach[4]. The statistical approach generates a translated document based on statistical mo-
dels obtained through the analysis of multilingual databases and the neural approach relies on
artificial neural networks to learn linguistic rules from the statistical models. The translations
obtained with the neural approach are better in terms of quality[1]. It is crucial to represent these
words in a form that can be manipulated by neural networks models while preserving their se-
mantics as much as possible and in a relevant way in order to produce quality translations.
This is how onehot encoding and word embedding methods are used as word representation
techniques for neural machine translation. Unfortunately, the onehot encoding produces sparse
vectors (full of zeros) which do not encapsulate the relevant semantic distance between words
and moreover these vectors are expensive in terms of memory resources. The second word re-
presentation approach used is based on word embedding methods, in particular the word2vec
architectures proposed in 2013 by Mikolov et al.[13]. These methods produce dense word re-
presentation vectors, encapsulate the semantic relationships between words of one language but
do not capture the semantic relationships between words of different languages. In particular,
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the small size of the corpora of poorly endowed languages poses a performance problem for
monolingual learning because monolingual methods need a large amount of data to train well
and produce good word representation models[5].

In this article, we propose to use multilingual word embedding based on monolingual
mapping, which consists of constructing the source and target word representation vectors in
the same space so that the words of the source and target languages with similar meanings
have close representation vectors to improve neural machine translation for French - Ewondo.
Ewondo is a language spoken in the central part of Cameroon by more than 2, 500, 000 people.
It is the most widely spoken national language in Yaounde and neighboring regions.

The rest of the paper is organized as follows : Section 2 presents word representation for
neural machine translation, Section 3 presents multilingual embedding based on monolingual
mapping and Section 4 presents experiments and discussions. Section 5 concludes the paper.

I WORD REPRESENTATION FOR NEURAL MACHINE TRANSLATION

Current neural machine translation architectures are based on the encoder-decoder structure
proposed in 2013 by Kalchbrenner et al.[10]. Both encoder and decoder are neural networks.
The encoder takes as input the source sentence to be translated which is here a sequence of
source words X1, Xs....X,, and each source word is represented by its representation vector. It
will transform the input sequence of words into a context vector V. of fixed size. The decoder
will then take this context vector as input and generate as output the sequence of target words
S1,Sa, ..., Sy such that the probability P(S1, S, ..., Sy | X1, Xo....X,,) is maximum. There are
three neural network architectures in neural machine translation : the first one based on convo-
lutional neural networks, the second one based on recursive neural networks and the third one
based on attention mechanisms[12].

In the architecture of recurrent neural networks, the encoder and the decoder are both recurrent
neural networks. The encoder takes as input a sequence of words W = (W, ..., W,,) represented
by the word representation vectors X = (X7, ..., X,,). The model parameters are § = (U, V, W)
where U is the weight matrix located between the cells of the hidden layer h; and h;_;, V' the
matrix of weight located between the hidden cells i; and the output cells y;, I/ the matrix of
weights located between the input cells X; and the hidden cells h;.

In the architecture based on convolutional neural networks, the encoder and the decoder are
both convolutional neural networks. The encoder takes as input a sequence of n words W =
(W1, ...,W,,) represented by the representation vectors X = (X,..., X,,). It apply a 1D(1-
dimension) convolution with a filter and then obtain n vectors of m-dimensions Z = (71, ..., Z,,).
The vectors Z; are sent to the level of the hidden layer H composed of the GLU (Gated Linear
Unit) cells H;[7].

The architecture based on the attention mechanism was proposed in 2015 by Bahdanau et al.[3].
It is a solution to the problem of the fixed size context vector generated by the encoder. Instead
of encoding the input sequence into a single vector fixed-size context, the idea here is to generate
a context vector C; at each time step ¢ output from encoder[3].

2.1 The onehot encoding

Given a vocabulary V' = {wy, ws, ..., w, } the onehot encoding consists in representing a word
w by a vector T" of size |V| such that T[i] = 1 if w = w; and T[i] = 0 otherwise. The onehot



encoding produces sparse vectors (full of zeros) and the vectors obtained do not describe any
notion of similarity between the words. To overcome these limits, word embedding methods
have emerged.

2.2 Word embedding methods

Word embedding methods can be grouped into three main families : methods based on the local
context window, methods based on matrix factorization and hybrid methods.

2.2.1 The methods based on the local context window

Word2vec is a model proposed in 2013 by Mikolov et al.[13]. It is based on a two-layer neural
network, and makes it possible to learn the vector representations of words composing a text
corpus, so that the words sharing similar contexts are represented by close numerical vectors.
This model presents two architectures, namely : the CBOW (Continuous Bag Of Words) archi-
tecture which consists of predict a central word w given its input context ¢ = {wy, wy, ..., w, }
and the SKIPGRAM architecture which does the inverse of CBOW/[13]. Skipgram Negative
Sample is a variation of Skipgram that involves downsampling the words into two sets : the set
D* made up of pairs of words (w;, w;) such that w; and w; appear together in the text corpus
and the set D~ consisting of pairs of words (wj;, wy) such that w; and wy, do not appear together
in the corpus of text[8].

2.2.2  Methods based on the factorization of matrices

These methods are based on two main concepts : construction of the co-occurrence matrix and
dimension reduction. The Latent Semantic Analysis (LSA) method is an unsupervised method
of learning vector representations of words proposed in 1990 by Scott Deerwester and al[6]. It
works as follows :

— The first step consists in constructing a co-occurrence matrix of terms or words A = [a;;]
of size t x d with ¢ the number of words and d the number of documents, a;; is the
frequency or importance of the word ¢ in the document ;.

— The second step consists in identifying the singular values of the matrix A in order to be
able to decompose it into three matrices 70, S0, DO such that A = 7°0.50.D07.

— The third step consists in reducing the diagonal matrix S0 of size m x m to a diagonal
matrix S of size k x k with k < m.

— The fourth step consists in deducing the matrix A’ of size ¢ x d, the approximation at rank
k of the matrix A is A’ =T.S.D? where T is a (¢, d) matrix of d documents and ¢ terms
and D is a unitary matrix. The matrix A’ thus obtained is an approximate matrix of the
initial matrix A.

2.2.3 Hybrid methods

Hybrid methods are based both on the principle of local context window models and matrix fac-
torization models. We can cite among these methods : the Glove method which is a monolingual
method vector representation of unsupervised learning words proposed in 2014 by Pennington
etal.[11]. It is based on the construction of a co-occurrence matrix M of words, using a sliding
popup over the text corpus.

In the case of low resources languages, the size of the corpora is small, which raises a per-
formance problem in learning for monolingual methods because monolingual methods need a



large amount of data to train well and produce good word representation models. Also the one-
hot and word embedding methods capture only the semantic relationships of words in a single
language, we propose the use of the word embedding method based on monolingual mapping
as a word representation method for translation. neural automation to benefit not only from the
volume of data in the well-endowed languages but also to capture the semantic relationships
that exist between source and target languages to enrich word representation vectors.

III MULTILINGUAL EMBEDDING BASED ON MONOLINGUAL MAPPING

This method is inspired by multilingual word embedding approaches, in particular the work
of Mikolov et al.[9]. Proposed in 2013, it consists of constructing the source and target word
representation vectors by sharing in the same space via a linear transformation matrix the source
and target word representation vectors resulting from the monolingual word embedding method
such that source and target language words with similar meanings have similar representation
vectors. The word embedding technique used is SkipGram Negative Sample. Figure 1 shows
how it works.

Source
multilingual
representation
source —— source word veclors
P representation
language ———| negative -, —‘
corpus Sample
Transformation
matrix W such
that Y = W.X
target word
I SkipGram tati
language negative || representation
vectors Y
i Sample Target
multilingual
representation
vectors

FIGURE 1 — Multilingual embedding based on monolingual mapping

Given the source C; and target C; corpora, the source and target representation vectors are
learned using the SkipGram Negative Sample word embedding technique. The obtained source
X and target Y representation vectors are used to construct a transformation matrix I/ such
that Y ~ W.X. Once the transformation matrix W has been obtained, the source word repre-
sentation vectors enriched Z; by multilingual embedding are obtained on the one hand from the
source monolingual vectors X; and from the transformation matrix W by the equation :

On the other hand, the enriched target word representation vectors S; by multilingual embedding
are obtained from the target monolingual vectors Y; and from the transformation matrix W by
the equation :

Si =Y. Wt 2)



The main property of this solution is inspired by the work of Chao Xing et al.[15]. In order
to avoid loss or degradation of monolingual semantic information when calculating the product
of matrices between monolingual vectors and the transformation matrix W, we constrain the
transformation matrix W to be orthogonal : I,, = Ty, .W with Ty = W1

Depending on how to obtain the transformation matrix W, there are three variants of the
solution : the unsupervised version, the semi-supervised version and the supervised version. We
denote by X the matrix containing the monolingual representation vectors of the source words
and by X, the matrix containing the monolingual representation vectors of the target words.

In the unsupervised version, the transformation matrix W is calculated analytically by the
Moore-Penrose pseudo-Inverse method by the equation :

W=X"X, 3)
with
Xt =xrx,)txt “)

For the supervised version, the transformation matrix W on a bilingual dictionary D is learned
such as :

D; W =~ D; ®)

Where D; represents the source words and D, their target translations. Finally in the semi-
supervised version the transformation matrix is initially calculated by the Moore-Penrose pseudo-
inverse method then we learn I on a very small bilingual dictionary[14] .

IV  EXPERIMENTS

4.1 Experimental Protocol

The preparation of the data consisted of using scrapping to extract the parallel Bible verses
(French - Ewondo). From these biblical verses, we build a dataset of 7187 pairs of French-
Ewondo parallel sentences taken from the bible in the ewondo edition2012 language, in parti-
cular from the New Testament. Then we performed a schuffle to mix the random way of these
sentences. and finally subdivide the dataset as shown in Table 1.

Training(Train set) | Validation(Dev set) | Evaluation(Test set)
5187 1000 1000

TABLE 1 — Dataset repartition

In practice the onehot encoding is difficult to implement in our case since we had a source
corpus vocabulary of 14000 words this means that we would have to build 14000 word repre-
sentation vectors where each vector would be of size 14000 which is very costly in terms of
memory resources. To do multilingual embedding, we used the vec2map framework proposed
in 2016 by Mikel Artetxe et al.[2]. We experimented with the semi-supervised version (using a
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dictionary of 25 words) and non-supervised version. The supervised version is difficult to im-
plement because not only are word dictionaries very rare for low resources languages, but also
building a dictionary of more than one hundred words is difficult. We used BPE (Byte Pair En-
coding) as a tokenization technique. With the Fairseq tool, we used the transformer_iwslt_de_en
architecture which is an architecture used in the Fairseq documentation for the automatic trans-
lation from German to English on 555 epochs whose particuliarity is that its hidden layer has
a size of 1024 instead of 2048 on the base fairseq transformer architecture. The choice of this
architecture is also due to the intuition that as we are in a weakly endowed environment, less
complex neural models may be adequate.

4.2 Results and discussions

Skipgram, semi-supervised and unsupervised multilingual embedding representation ap-
proaches were evaluated on the Blue measurement over 555 epochs, the following table pre-
sents the results obtained :

Representation approaches Score Blue(%)
Skipgram monolingual method 4.92
Semi-supervised multilingual Based on monolingual mapping 5.34
Unsupervised multilingual Based on monolingual mapping 8.77

TABLE 2 — Results of different word representation methods for machine translation on our dataset.

These results show the word representation vectors resulting from multilingual word repre-
sentation methods based on monolingual mapping, particularly the unsupervised version, give
good performance compared to the Skipgram monolingual representation method for the ma-
chine translation of Ewondo using our dataset.

V  CONCLUSION

Neural machine translation of low-resource languages is getting a lot of attention in natural
language processing. Works proposed in the literature use onehot encoding and monolingual
word embedding methods to construct representation vectors. In this work we proposed to use
multilingual embedding based on monolingual mapping as a word representation method to im-
prove neural machine translation. Experiments carried out on a dataset of 7187 pairs of French-
Ewondo parallel verses of the Bible show us that this approach gives better performance than
those based on the skipgram word embedding method on the blue measure. While the obtained
bleu score is low, this approach seems promising. In perspective, we propose to carry out expe-
riments on another language and to increase the size of the corpus in order to obtain exploitable
models.
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