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Abstract for demonstration
Abstract—An earlier paper used triangulated word translations as seed in linear translation between medium European
languages. The present work improves upon it by handling word
ambiguity both in the main (i.e. source and target) languages
and in the pivot.

Many successful computation formalisms have been motivated by modeling the brain, going back to finite state
automata and artificial neural networks, the latter of which
has recently gave state-of-the-art performance in speech technology (Seide et al., 2011), object recognition (Krizhevsky and
Sutskever, 2012), and human language understanding, which is
the topic of the present work. Neural language models (Bengio
et al., 2003) predict probabilities of word sequences based
on word embeddings that represent words in vector spaces
of some hundred dimensions (vector space models, VSMs).
Experiments in predicting brain activities associated with the
meanings of words via vector space representations (Mitchell
et al., 2008) place neural language models in the perspective
of brain-computer interfacing.
Neural language models, being special cases of neural nets,
are trained on gigaword corpora by iterating over words in
their contexts and updating some parameters of the model at
each word. This can be extended to the problem of modeling
multiple languages in three alternative ways. In the mapping approach, models of the different languages are trained
separately and a mapping is learned either from the source
model to the target (Mikolov et al., 2013) or from more
languages to a smaller common model (Faruqui and Dyer,
2014). Adaptation exploits a well-trained model for some
resource-fortunate language attached with some inter-lingual
constraints (Zou et al., 2013). Other architectures, including
the seminal (Klementiev et al., 2012) and the more recent
Luong et al. (2015) train aligned models of more languages
simultaneously.
One of the greatest difficulties in translation, done either
by a human or a machine, is ambiguity of word forms: words
have to be translated differently according to context. VSMs
with multiple prototypes for each meaning of a word have been
proposed (Reisinger and Mooney, 2010), specifically in neural
ones by Huang et al. (2012) who cluster word occurrences to a
uniform number of meanings prior to training the models. (The
term prototype has been taken from psychological concept

modeling.) Neelakantan et al. (2014) improve upon the former
work in three aspects: they do word sense discrimination simultaneously with the training of word embeddings, determine
the number of meanings based on the similarities of exemplars
to global vectors, and make the system more efficient.
The present work is part of the EFNILEX project that
pilots the use of machine translation tools for lexicography
in medium European languages. The first phase of the project
used parallel corpora (Héja and Takács, 2012). More recently
Makrai (2015) has utilized Mikolov et al. (2013)’s linear
method, which mainly just needs monolingual gigaword corpora to be trained, supervised by a seed dictionary of some
thousand words. They formalize translation as linear mapping
W ∈ Rd2 ×d1 from the source (monolingual) VSM Rd1 to the
target one Rd2 : the translation zi ∈ Rd2 of a source word
xi ∈ Rd1 is approximately its image W xi by the mapping.
The translation model is trained with linear regression on the
seed dictionary
X
min
||W xi − zi ||2
W

i

and can be used to collect translations for the whole vocabulary
(by choosing zi to be the nearest neighbor of W xi ) or to
score translations coming from some other source (with the
score being the distance between W xi and zi ). 1 In collection
mode, evaluation is done on another thousand seed pairs.
The seed dictionary in Mikolov et al. was the Google translation of the most frequent 5 K words, while we tried different
seed dictionaries including ones populated by triangulation of
Wiktionary data (Ács et al., 2013). The idea in triangulation
is that if the Hungarian translation of the English word guild
is céh, and the Romanian translation of the later is breaslă,
then the Romanian translation of guild is breaslă. Triangles
are corrupted by ambiguity in the pivot word (the one in the
middle): German Dose can be translated as can to English
(as a synonym of tin), which, as a verb, translates to tud in
Hungarian, which is unrelated to Dose.
1 Mikolov et al. use Euclidean distance in training and cosine similarity
(and distance) in collection (and, respectively, scoring) of translations, a
theoretically unmotivated choice, which we also found to work better than
more consistent combinations of metrics, but see Xing et al. (2015) for
opposing results).
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Gigaword corpora in some medium European languages

In this demo we improve upon our previous work by
handling word ambiguity both in the main (i.e. source and
target) languages and in the pivot. The former is done by
training multi-prototype vector space models, while triangles created by ambiguity in the pivot are filtered based on
scores computed by a linear model trained with direct (nontriangulated) translations. We use the implementation by Dinu
et al. (2015). Languages in focus are medium European ones,
see corpora in Figure 1. The tools and data we used and
also the ones we created are ope-source and can be found
on the project page http://corpus.nytud.hu/efnilex-vect/ along
with details of our approach to disambiguated translation and
some technical details.
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Judit Ács, Katalin Pajkossy, and András Kornai. Building
basic vocabulary across 40 languages. In Proceedings of
the Sixth Workshop on Building and Using Comparable
Corpora, pages 52–58, Sofia, Bulgaria, August 2013. ACL.
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M. Hnátková, M. Křen, P. Procházka, and H. Skoumalová.
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