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Neural Machine Translation
Seq2Seq Architecture

Encoder

for source sentence s = (x1, . . . , xn),

ri = Wx · xi , hi =
[←−

h i ,
−→
h i

]
=

[
f (
←−
h i−1, ri ), f (

−→
h i+1, ri )

]
,

Attention mechanism

a(zj−1,hi ) = va · tanh(Wa · zj−1 + Ua · hi )

αij = softmax (a(zj−1,hi)), qj =
∑
i

αijhi

Decoder

for target sentence t = (y1, . . . , yn),

zj = g(zj−1, tj−1,qj), tj−1 = Wy · yj−1,

p(yj |y<j , x) = p(yj |zj , tj−1,qj) = softmax (pjWo) ,

pj = tanh (zjWp1 + Wy[yj−1]Wp2 + qjWp3)
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Neural Machine Translation
(Multilingual) Sentence Representations

NMT representations, why?

Multilinguality!

Machine Translation is naturally a bilingual task

Neural Machine Translation (NMT) encodes semantics
in vectors

Straightforward extension of NMT to multilingual NMT
(ML-NMT)

ML word (or context) vectors lie in the same space
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Crosslingual Textual Similarity
Multilingual Semantic Space for Context Vectors (easy)

ML-NMT {de, en, nl , it, ro} → {de, en, nl , it, ro} with TED talks

(España-Bonet & van Genabith, 2018)
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Crosslingual Textual Similarity
Evolution of Context Vectors through Training (hard)

Pearson correlation on the Semantic Textual Similarity Task
STS 2017 data

track1 track2 track3 track4a track5
ar–ar ar–en es–es es–en en–en

WE-d300 0.49 0.28 0.55 0.40 0.56
WE-d1024 0.51 0.33 0.59 0.45 0.60

NMTctx-0.1Ep 0.32 0.25 0.55 0.32 0.54
NMTctx-0.5Ep 0.52 0.36 0.71 0.40 0.68
NMTctx-1.0Ep 0.57 0.42 0.74 0.44 0.72
NMTctx-2.0Ep 0.59 0.44 0.78 0.49 0.76

(España-Bonet & Barrón-Cedeño, 2017)
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Crosslingual Textual Similarity
Cool Related Research: Devlin et al., 2018
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Bidirectional Encoder Representations from Transformers
Devlin et al., 2018
Google AI Language
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Crosslingual Textual Similarity
Cool Related Research: Bert Embeddings



Crosslingual Textual Similarity
What else?

Parallel sentence extraction, as a pre-process or on-line

de–en fr–en joint

P R F1 P R F1 P R F1

Thrs. 95.5 97.1 96.3 95.4 100.0 97.7 98.3 98.1 98.2
SVM 96.2 96.2 96.2 95.6 99.1 97.3 97.1 98.0 97.6
GB 97.0 95.7 96.4 95.6 99.6 97.6 97.0 97.3 97.2
Ens. 98.2 95.7 97.0 95.6 99.1 97.3 96.9 97.8 97.3

(on data of the BUCC 2017 shared task)
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Motivation

Parsed query: +(Kopfschmerzen)

String components of query: Kopfschmerzen

Translations:
cp::Kopfschmerzen
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Multilingual Query Expansion
Motivation

Parsed query: +(Kopfschmerzen)

String components of query: Kopf@@, schmerzen

Translations:
en::head es::cabeza fr::tête en::ache es::dolor fr::douleur



Multilingual Query Expansion
ML-NMT

ML-NMT {en, es, fr , de} ⇒ {en, es, fr , de}

Joint 120K vocabulary (+BPE)

General Domain 96,000,000 parallel sentences (balanced)

Seq2seq: 3 months of training

Transformer: 1 month of training



Multilingual Query Expansion
ML-NMT Word Embeddings, 2D Representation
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Multilingual Query Expansion
Comments

Word embeddings do not deal with multiword expressions
or compounds

Embeddings describe semantics not language, a
synonym or a translation or a synonym of a translation
have the same right to be close to a given word

Query expansion or query translation?

Even within a language, translations do not need to be
the closest word ⇒ Need for reranking



Multilingual Query Expansion
Seq2seq ML Word Embeddings

Kopf vs. think
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Multilingual Query Expansion
Transformer ML Word Embeddings

Kopf vs. think



Conclusions
Summary

ML-NMT construct multilingual/interlingual semantic
spaces for words and sentences, with different
characteristics for seq2seq and transformers

NMT word and sentence context vectors are useful
representations for several ML-NLP tasks

In our research we succesfully use them for:

* Semantic similarity assessments
* Parallel sentence extraction
* On-line MT training with comparable corpora
* ML query expansion
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Extra Slides: ML Word Embeddings
Reranker

Input

Pairs source word w1 and n-best list of translations w2

Dataset

BPEd Quad-lexicon

Features

22 features: basic, lexical, semantic and LM-like

Algorithms

Mainly SVM, XGB and MLP



Extra Slides: ML Word Embeddings
Features I

Basic Features

2 words (w1 –source–, w2 –target–)

2 languages (L1, L2)

2 subunits: source is a BPE subunit instead of word
(srcSubUnit), or src and tgt have a BPE mark
(bothBPEmark)



Extra Slides: ML Word Embeddings
Features II

Lexical Features

3 length in characters without BPE mark @@ (l1,l2,l1/l2)

1 Levenshtein distance between tokens w1 and w2 (lev)

3 character n-gram similarity
(cosSimN2,cosSimN3,cosSimN4)

1 Levenshtein distance between Metaphone 2 phonetic
keys (levM2)



Extra Slides: ML Word Embeddings
Features III

Semantic Features

1 Similarity between words
sim(w1, w2)

1 Rank of the translation, rankW2

4 Distances in similarities to certain ranks
sim(w1, top1)− sim(w1,w2)
(simRankt1,simRankWnext,simRankt10,simRankt100)



Extra Slides: ML Word Embeddings
Features IV

Language Model-like Features

1 Similarity between previous words
sim(w1−1, w2−1)

1 Similarity between bigrams
sim((w1−1+w1)/2, (w2−1 + w2)/2)



Extra Slides: ML Word Embeddings
Dataset: BPEd Quad-lexicon

Need for positive and negative examples:

Positive: the translation w2

Negative: a word w3 in the n-best list close to w2

Current approach takes as w3 the +1/-1 word in the cosine
similarity ranking

For top1 translations always +1;

higher probability to -1’s to get a balanced corpus (5/6!)

Probably good for margin-based algorithms, but for others,
should it be completely random?
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