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Machine Translation background

Machine Translation is the application 
that is able to automatically translate 
from source (S) to target (T).

Main approaches have been either rule-based or statistical-based
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From 1950s 
Eurotra, 

Apertium…
(Forcada, 2005)

From 1990s
TC-Star, 
Moses…

(Koehn, 2010)

Starting in 
2014…

NEMATUS…
(Cho, 2014)

Dates
Refs
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MT Approaches
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Rule-based approach
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Statistical-based approach
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Why a new approach?

We need years to develop a nice rule-based approach

Regarding statistical systems:
(1) Word alignment and Translation are optimized separately
(2) Translation at the level of words, but difficulties with high variations in 

morphology (e.g. translation English-to-Finnish)
(3) Translation by language pairs

difficult to think of an automatic interlingua
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Why Neural Machine Translation?
● Integrated MT paradigm

● Trainable at the subword/character level

● Multimodal/Multilingual advantages
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What do we need?
● Parallel Corpus

Same requirement than phrase-based 
systems 
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Sources of parallel corpus
● European Plenary Parlament Speeches (EPPS)

transcriptions
● Canadian Handsards
● United Nations
● CommonCrawl
● ...

International evaluation campaigns:
Conference on Machine Translation (WMT)
International Workshop on Spoken Language Translation (IWSLT)
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What else do we need? Same requirements than phrase-based 
systems 

Automatic measure



Neural nets are…
● Neural networks, a branch of machine learning, 

are a biologically-inspired programming paradigm 
which enables a computer to learn from 
observational data 
(http://neuralnetworksanddeeplearning.com/)
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Deep learning is…
● A branch of machine learning based on a set of 

algorithms that attempt to model high-level 
abstractions in data by using model architectures, 
with complex structures or otherwise, composed of 
multiple non-linear transformations (wikipedia)

● A set of machine learning algorithms which attempt 
to learn multiple-layered models of inputs, 
commonly neural networks (Du et al, 2013)
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Towards Neural Machine Translation
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Sequence modeling 

Model the probability of sequences of words
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Sequence-to-sequence 
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Motivation



Encoder



21 21Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)

(2)

(3) (1) One hot encoding
(2) Continuous space 

representation
(3) Sequence 

summarization

https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/


Decoder
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Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)

RNN 
internal 
state

Neuron 
weights for 

word k

https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/


Why this may not work?



Why this may not work?
We are encoding the entire source sentence 

into a single context vector



How to solve this?
With the attention-based mechanism… 



Attention-based 
mechanism

Read the whole sentence, then produce the translated words one at a 
time, each time focusing on a different part of the input sentence 



Attention

encoder

decoder

+
Attention allows to use multiple 
vectors, based on
the length of the input

28



Attention Key Ideas

• Encode each word in the input and output sentence into a vector
• When decoding, perform a linear combination of these vectors, 
weighted by “attention weights”
• Use this combination in picking the next word
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Attention Integration 
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Improvements in 
Attention
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Problem: Neural models tends to drop or repeat content

In MT, 

1.Over-translation: some words are unnecessarily translated for multiple times;

2. Under-translation: some words are mistakenly untranslated.

SRC: Señor Presidente, abre la sesión.

TRG: Mr President Mr President Mr President.

Solution: Model how many times words have been covered e.g. maintaining a coverage 
vector to keep track of the attention history (Tu et al., 2016)
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Coverage



Intuition: Attention from last time tends to 
be correlated with attention this time

Approach: Add information about the last 
attention when making the next decision
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Markov Properties



-Background: Established that for latent 
variable translation models the alignments 
improve if both directional models are 
combined (koehn et al, 2005)

-Approach: joint training of two directional 
models 
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Bidirectional training 



Sometimes we can get “gold standard” alignments a –priori
◦ Manual alignments
◦ Pre-trained with strong alignment model

Train the model to match these strong alignments
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Supervised Training 



Attention is all you 
need
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Each element in the sentence attends to other elements from the SAME sentence → context 
sensitive encodings!
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Intra-Attention



38

Results
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Attention Weights
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Neural MT is better than phrase-based

Neural Network for Machine Translation at Production Scale

https://research.googleblog.com/2016/09/a-neural-network-for-machine.html
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Results in WMT 2016 international evaluation
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Case Study: Catalan-Spanish
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Case Study: Catalan-Spanish
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Character-based Neural Machine 
Translation: Motivation
■Word embeddings have been shown to boost the performance in many 
NLP tasks, including machine translation.
■However, the standard look-up based embeddings are limited to a finite-
size vocabulary for both computational and sparsity reasons.
■The orthographic representation of the words is completely ignored.
■The standard learning process is blind to the presence of stems, prefixes, 
suffixes and any other kind of affixes in words.
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Character-based Neural MT: 
Proposal

■The computation of the representation of each 
word starts with a character-based embedding 
layer that associates each word (sequence of 
characters) with a sequence of vectors.
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Character-based Neural MT: 
Integration with NMT
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Examples
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Generative Adversarial Networks
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Multimodal Translation

http://www.statmt.org/wmt18/multimodal-task.html
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Multilingual Translation

Kyunghyun Cho, “DL4MT slides” (2015)
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Multilingual Translation Approaches
Sharing attention-based mechanism across language pairs 
Orhan Firat et al, “Multi-way, Multilingual Neural Machine Translation with a Shared-based Mechanism” 
(2016)
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Multilingual Translation Approaches
Sharing attention-based mechanism across language pairs 
Orhan Firat et al, “Multi-way, Multilingual Neural Machine Translation with a Shared-based Mechanism” 
(2016)

Share encoder, decoder, attention accross language pairs
Johnson et al, “Google's Multilingual Neural Machine Translation System: Enabling Zero-Shot Translation” 
(2016)

https://research.googleblog.com/2016/11/zero-shot-translation-with-googles.html
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Is the system learning an Interlingua?

https://research.googleblog.com/2016/11/zero-shot-translation-with-googles.html
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Conclusions
● Machine Translation is faced as a sequence-to-sequence

problem
● The source sentence is encoded into a fixed length vector 

and this fixed length vector is decoded into the final most 
probable target sentence

● Only parallel corpus and automatic evaluation measures 
are required to train a neural machine translation system

● Attention-based mechanism allows to achieve state-of-the-
art results

● Progress in MT includes character-based, multilinguality... 



Strengths/Weaknesses



Thanks ! Q&A ?

https://www.costa-jussa.com
marta.ruiz@upc.edu

https://imatge.upc.edu/web/people/xavier-giro

