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SYSTRAN - 50 Years of Innovation in Translation Technologies
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1975

1976

1997

2016

SYSTRAN deploys automatic 
translation on the Apollo Soyuz 

mission to translate flight 
instructions from Russian to 

English.

SYSTRAN is chosen by the 
European Commission to 

improve the productivity of 
translation of texts and 

regulations.

SYSTRAN develops for Alta Vista Babel 
Fish: the first online translation site and 
equips all the following portals: Google, 

Yahoo!, Lycos, Wanadoo, Free...

SYSTRAN launches the first neural translation engine 
and opens its technology in OpenNMT. Today, it is one 

of the leading translation technologies with Google, 
Microsoft, Facebook and Amazon. 

2019

1968

Creating SYSTRAN: 
"SYS"tem 

"TRAN"slation

Launch of SYSTRAN 
Marketplace, the first platform 
combining the best of NMT & 

a community of experts



The legacy technologies

→RBMT →SMT

Rule-Based System Statistical Machine Translation

1968-today: Original Approach
Relies on Explicited Human Knowledge

2008-2016
Relies on memorization of patterns 
observed in large amount of data

• Predictability
• Translation Consistency

• Translation fluency
• Good at Local Ambiguity Resolution

+ Speed
+ Full Control on Customization

+ Training Overnight
+ Leverage Huge Amount of Data

- Lack of “pragmatic knowledge”
- Requires huge amount of linguistic 
knowledge

- Low Generalization
- Lack of “linguistic knowledge”
- Requires huge amount of data



And then came
Neural Machine Translation



The Basis - Artificial Neural Network (ANN)

- Self-learning technology inspired from human-
brain



The Basis - Artificial Neural Network (ANN)

- Self-learning technology inspired from human-
brain

- Composed of multiple layers

- Connected through weighted connections

- Each neuron is individually activated by the 
neurons it is connected to
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The Basis - Artificial Neural Network (ANN)

- Self-learning technology inspired from human-
brain

- Composed of multiple layers

- Connected through weighted connections

- Each neuron is individually activated by the 
neurons it is connected to

- Output of the neural network is compared to a 
reference value and corrective feedback back-
propagated through the network to correct 
weights

A “Model”

A “Parameter”



ANN for Natural Language Processing

• What is specific to Natural Language Processing?

• Input are sequences of characters and/or words

• Sentence/Document is arbitrarily long

• Language Production is a combination of different source of information: 

Grammatical, Spelling, Semantic, Pragmatic, Style, Emotional…

• Hard to find actual training data and reference can be subjective

• 6000+ human languages



All-Purpose Recipe – Seq2Seq-attn

어떻게 지내요 ? <eos> How are you ?

How are you ? <eos>

+

Encoder

Attention

Decoder

Generator



Power of the encoder – Masked Language Model

→Train a standalone encoder with 2 simple objectives:

+ Guess masked words

+ Decide if 2 consecutive sentences are logically connected

→Train massively on huge available monolingual data



Masked Language Model – Example 1

AsLing (The International Association for Advancement in 
Language Technology) is delighted to host the 41th edition of 
Translating and the Computer Conference (TC41) on 21 and 22 
November 2019 in London.

The conference offers attendees a comprehensive introduction to the 
practice and applications of the translingual techniques that are the 
cornerstone of many modern applications and applications in 
language technology. Speakers will be presenting their research, 
projects, current research projects, and any new ideas, papers and 
projects related to translingual applications, as well as providing an 
overview of existing translingual research.

https://talktotransformer.com
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Masked Language Model – Example 2
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“We are talking about the Neural Revolution in the translation industry,” 
the former chief of the Transforall translation services company told the FT. “You 
would not believe how many companies are still trying to get their stuff right. It 
is so difficult, there are so many new words, so many new ways of using them, 
that it is overwhelming.”

The challenge with these new technologies, according to the FT, is that they're 
not ready to go mainstream yet, and “as with any new technology, they are 
prone to disruption”. So what happens next? In his column, Dutton suggests that 
if the government “seizes the moment” and creates a National Translator's 
Council, the government could help fund companies to roll out their services 
faster and with more confidence.

Dutton suggests that there could also be a role for the government in setting the 
standards and regulations for the services that are being offered to the public.

https://talktotransformer.com



Attention: Learning where is the information? 

→As in an image the 
information in a text is not 
distributed uniformly.

→Here is where you looked 
at!



Single attention head

¿todavia estan en casa?

are you still home ?



And we’ve been trying to put into our lab robots because we think this is how we 
are going to want to interact with robots in the future.

Attention: Learning where is the information?

And we 've been trying to put that into our lab robots because we think this is how you are going to want to interact with robots in the future .
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From single attention to multi-head attention

 Generalization of the attention 
mechanism between each layer of 
the encoder and decoder

 Train simultaneously multiple 
attention head

 Base architecture of the 
“Transformer”

 Opens new opportunities for the 
neural network
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Open Source Frameworks:

Online Systems:



Technology size
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RBMT SMT NMT

Code (lines) > 1M 100000 5000

Data (bytes – model) ~500k > 100B 1B



86B760M240M71M16M250K11K 60K 25M

snail ant frog mouse guinea pigs cat

macaque
humans

6B

LeNet-5

Inception Transformer-Big GPT-2-XL

1.6B

Seq2seq-LSTM

Real Brain vs. Artificial Brain – Size Comparison…



But we can’t work with a black box!
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Understanding how is 
not important, but 
understanding why, 
and how to interact is.



Cleaned
DATA

Pre
processing

Training a Neural Translation Model – a data-scientist toy?

Generic
DATA

Domain
DATA

Smart
Data Scientist

NMT 
Framework

Evaluate and Start Again

NMT 
Model

DeployTraining 
Script



Teaching Neural Machine 
Translation Models

A toy for data scientist, a tool for translator



Un réseau neural. Un réseau de neuralone.

Training or Teaching NMT models

26©2018 ALL RIGHTS RESERVED

A neural network. Un réseau de neurone.A neural network.



Teaching an NMT Model – Understanding NMT

27

A neural network is smart, 

… really smart

• Will try to make sense out of non-
sense

• Will always outsmart the trainer

• Will take training data as gold truth

…  but cannot guess user expectations

Learning process is incremental but 
follows random process

© 2 0 1 8  A L L  R I G H T S  R E S E R V E D



Teaching Neural Machine Translation - Limits and Solutions
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Generic and In-Domain Translation

Dealing with Data scarcity

Dealing with Noisy data

Translation divergence

Understanding Biases

Tag Handling

Taking Time to train



Domain Adaptation

→Goal: adapt a given translation 
model to a “domain”

→Very broad definition of Domain:

+ General Topic: Finance vs. IT

+ Industry Specific: eBay vs. Amazon

+ Use case specific: chat is a domain

+ Translator Specific

→Challenges

+ Quick Adaptation

+ Prevent Catastrophic Forgetting

Generic
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Model
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Domain Adaptation

→Goal: adapt a given translation 
model to a “domain”

→Very broad definition of Domain:

+ General Topic: Finance vs. IT

+ Industry Specific: eBay vs. Amazon

+ Translator Specific

→Challenges

+ Quick Adaptation

Generic

Domain

Train

Train Train

Domain+



Dealing with Data Scarcity
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Cannot train without data!

→But there are many ways to deal with 
under-resourced languages

o Back Translation Techniques

o Unsupervized training techniques 
(Generative Adversarial Networks)

o Use close language data

o … produce or acquire corpus



Dealing with Noisy Data
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Not all the noise is problematic!

+ Noise in the source will make the model 
more robust

+ Noise in target will become a training 
objective

→ Instead of trying to remove the 
noise, take control of noise 
generation

+ OCR/ASR errors, case insensitive, missing 
diacritics, no punctuation mark, typos, 
presence of tags, textual formatting, …

→Carefully remove noise in target side



Translation Divergences
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→Many sources of possible 
divergences between source and 
target

→The Neural Network will try to 
produce rules without enough 
context.

→Weight the impact of each of them 
on the translation

→Annotate 

We think our solution will help you.

SYSTRAN의솔루션이도움이될것입니다.

Some of the contests open for people outside the 
US are:

Voici quelques concours ouverts aux 
candidats étrangers :

Their wages are often inconsistent, ranging from 200 Thai
baht (US$5.72) …

Les salaires des travailleurs sont souvent fluctuants, 
allant de 200 baht thaï (environ 5,2 euros)…

How much do you get paid?

T’es payé combien de l’heure ?

Paris souhaite la réélection de Barack Obama

اوباماتأمل في اعادة انتخاب فرنسا



And far more…
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→Anticipate and Understand Biases

→Think about the use case:

+ Translate sentences, description, words?

+ Translate text or formatted documents?

+ Translation meant for post-editing?

+ …

→Take the time – remember that 
Rome wasn’t built in a day. Be 
patient and keep teaching your 
neural network…



NMT as a tool



Traditional Usage of Neural Machine Translation in localization

Source
Machine 

Translation Target
Post

Editing

en-fr

• Feedback injection => adaptative translation model
• Control terminology => train the model to handle terminology
• Provide Translation Options => use diversity in training data
• Neural augmented fuzzy => train the model to understand fuzzy matches
• Neural Post-Editing => train a model to learn post-editing
• Neural Consistency and Style Checking => train a model to check consistency
• Interactive Translation Editor => Translator interaction while decoding

! It is the only nail we have !

Rethinking the tool for the use-case



Future Directions



TECHNOLOGY DATA HUMAN EXPERTISE INFRASTRUCTURE

To build and run world class 
language engines 

Framework OpenNMT
Advanced end-to-end solution 
Adapted to the professional market 

BRICKS 
FUNDAMENTAL

To build and train in domain 
language models 

In-domain Data
Transparency & traceability
Privacy

To train the model according to the 
client' s expectation 

Expert know-how 
Advanced customization 
Continuous quality improvement 

To enable scalable deployment 
and to relieve the user from the 
complexity of use 

Plug & play 
Scalable 
GPU capacity optimization 
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Future Innovation is in the ecosystem



Future technological directions

I 11/23/2019©SYSTRAN 39

→Zero-shot language pairs

→Translating Beyond Sentences

→Companion technologies

+ Simplifying language

+ Translating text to sign language

+ Style Transfer

→From Translation Solution to a Translation Assistant



Future directions for Neural MT products 

→Exciting perspectives →For Tomorrow…

→Tools for accelerating language 
learning

→Tools for enabling bilingual authoring

→New translation correction tools

→Personal language assistant

→and far more…



Conclusion
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→Neural Machine Translation is the first tool smart enough to learn from language 
experts

 No Limit today on the capacity

→Technology will continue to evolve but the key innovation will be in changing 
ownership from technologists to translators

 Toward a marketplace of translation models

→Usage needs to evolve to embed neural technology not only as a ”pre-translation” 
but deep in the multilingual content production workflow


