
Machine translation and artificial intelligence

Mgr. Martin Popel, Ph.D.
ÚFAL (Institute of Formal and Applied Linguistics), MFF UK

2021-11-09, Physics Institute seminar

source Great talkers are little doers.

Yandex Velké talkers jsou trochu činitelé.
Bing Velcí vysílačky jsou malí činitelé.
Google Velcí mluvčí jsou malí lidé.
TectoMT Velcí řečníci jsou malí vrazi.
CUBBITT Velcí mluvkové jsou malí dříči.

http://ufal.cz/martin-popel


Natural Language Processing? 2



Spell check vs. grammar check 3

Dívce nešly hodinky.

Chlapci šly.

Kdo kam co donesl?

Chlapec šli do školy.
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Spell check vs. grammar check 3

http://ufal.cz/korektor

http://ufal.cz/korektor


Automatic news generation 4

more news (FB, Twitter), less journalist, less profit
need for personalized and instant news



Automatic poetry generation 5

Byl by to rytíř, kde v pláně hřích vzlet,
Vědě jsem jse seheldo na přídoutně v světě si nezastavá:

„Ukryjemné, chvěla, milý nás jest

Kolem jsou jest vyhrávaných
A svítí co pláčem, rád pravil:

Ale plná jízdo zaporodilo se, vys.

již dávno vás poháru a vlanných rány,
v jablonění je píše je i v kristování,

srdce v své ženských svém
v obly pětky tam a vzíti,
na kóňku je, milý svěžek.



Automatic poetry generation 5

I’ll come a bit later on my own.

Sem čelist ještě na své milé.
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Can a robot write a theatre play? 6

MFF + DAMU + Švanda theatre

premiere in February 2021 (100 years after R.U.R.)

https://www.theaitre.com

https://www.theaitre.com


Corruption detection and Sentiment analysis 7



Automatic syntactic analysis 8

aka parsing, available for 50+ languages
accurracy for Czech about 90% (85% including morphology)

https://lindat.cz/services/udpipe/

https://lindat.cz/services/udpipe/


Word embeddings 9

Can you add and subtract numbers?
What about words and images?



Word embeddings 9

king - man + woman = ?



Word embeddings 9

king - man + woman = queen

Tomáš Mikolov, 2012, word2vec

https://projector.tensorflow.org/

https://projector.tensorflow.org/


Word embeddings 9
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Word embeddings 9

Czech + currency Vietnam + capital German + airlines Russian + river French + actress
koruna Hanoi airline Lufthansa Moscow Juliette Binoche

Check crown Ho Chi Minh City carrier Lufthansa Volga River Vanessa Paradis
Polish zolty Viet Nam flag carrier Lufthansa upriver Charlotte Gainsbourg

CTK Vietnamese Lufthansa Russia Cecile De



Word embeddings 9



English→Czech MT in 2007–2020 10
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Deep-syntactic translator TectoMT 11
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I’d rather be a hammer than a nail. Spíše bych byl kladivo než hřebík/nehet.
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Machine learning: features in the translation model 12

output_label=hřebík#N

feature λ

child_formeme_n:in+X=1 1.64
is_member_of_coord=1 1.30
child_formeme_v:fin=1 1.04
next_lemma=down 0.84
is_capitalized=1 0.79

+precedes_parent=0 0.75
tense_g=post 0.74

+voice_g=active 0.66
prev_lemma=drive 0.66
parent_capitalized=1 0.62
formeme=n:from+X 0.60

+prev_lemma=hammer 0.59
child_lemma_few=1 0.55
child_lemma_remove=1 0.54
sempos=n.denot 0.50
next_lemma=and 0.50
formeme_g=v:until+fin 0.49
child_lemma_rusty=1 0.47
. . .
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sempos=n.denot 0.50
next_lemma=and 0.50
formeme_g=v:until+fin 0.49
child_lemma_rusty=1 0.47
. . .

output_label=nehet#N

feature λ

child_formeme_n:poss=1 1.32
child_lemma_finger=1 1.07
child_formeme_n:of+X=1 0.98
precedes_parent=1 0.88
prev_lemma=black 0.77
child_lemma_broken=1 0.76
child_formeme_v:attr=1 0.70
formeme=n:at+X 0.67
formeme_g=n:attr 0.67
child_lemma_long=1 0.67
next_lemma=file 0.60
child_lemma_false=1 0.58
prev_lemma=false 0.58

+number=sg 0.56
formeme=n:obj 0.53
formeme=n:by+X 0.52
. . .



What is this? 13



40 GPU (GeForce GTX 1080 Ti, 12 billion transistors) 13



Artificial intelligence and its subfields 14

artificial intelligence
∼1950

machine learning
∼1980

deep learning
∼2010
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Neural network 15

a simple architecture (16 parameters)

https://playground.tensorflow.org

https://playground.tensorflow.org


Neural network 15

a simple architecture (16 parameters)

https://playground.tensorflow.org

https://playground.tensorflow.org


Neural MT system CUBBITT 16

Transformer architecture (213 millions parameters)



Neural MT system CUBBITT 16

the network learns important relationships between words
(in an unsupervised way, via self-attention layers)



Why CUBBITT made the headlines in 2020? 17

Try CUBBITT at
https://lindat.cz/cubbitt
(En↔Cs, Fr, Pl)

https://lindat.cz/cubbitt


The main result of our human evaluation 18

56 % sentences translated more adequately by CUBBITT,
34 % sentences by a profesional translation agency



MT can be dangerous 19

zdroj: The Guardian (2017)

100+ billion words daily (Google, Microsoft, Baidu, Amazon,...)
market size in 2020: USD 650 million, but rapidly growing

https://www.theguardian.com/technology/2017/oct/24/facebook-palestine-israel-translates-good-morning-attack-them-arrest
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Document-level translation 20

Source Jana je žena. Pracuje jako průvodčí.

Google Jana is a woman. He works as a guide.
Bing Jana is a woman. He works as a conductor.
CUBBITT Jane is a woman. He works as a conductor.
CUBBITT-doc Jana is a woman. She works as a conductor.

Source Saša je muž. Pracuje jako průvodčí.

DeepL Sasha is a man. She works as a conductor.
CUBBITT-doc Sasha is a man. He works as a conductor.

Source Pavla není muž. Pracuje jako průvodčí.

DeepL Paul is not a man. He works as a conductor.
CUBBITT-doc Pavla is not a man. He works as a conductor.



Extra slides 21

Want to know more?



Backtranslation (Sennrich et al., 2016) 22

For EN→CS translation, we can exploit monolingual CS data.
Translate the data back to English (with any CS→EN MT).
Prepare synthetic parallel data (orig-CS, synth-EN).
Train on both authentic and synthetic

fine-tune BT: first auth then auth+synth
mix BT: shuffle auth and synth sentences 1:1

previous SotA

http://www.aclweb.org/anthology/P16-1009


Backtranslation (Sennrich et al., 2016) 22

For EN→CS translation, we can exploit monolingual CS data.
Translate the data back to English (with any CS→EN MT).
Prepare synthetic parallel data (orig-CS, synth-EN).
Train on both authentic and synthetic

fine-tune BT: first auth then auth+synth
mix BT: shuffle auth and synth sentences 1:1
block BT: no shuffle, just concatenate auth and synth blocks

http://www.aclweb.org/anthology/P16-1009


Block Backtranslation 23
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Manual evaluation example 24

blind, sentence-level but document-aware, side-by-side (RankME)

https://arxiv.org/abs/1803.05928


It depends on the input text domain 25



It depends on the input text domain 25



Are three measures necessary? 26

Can we predict the overall quality
as a weighted average of adequacy and fluency?



It depends on the annotator 27

Translators put more emphasis on fluency,
non-proffesionals on adequacy.



It depends on the annotator 28

Some annotators put all the emphasis on adequacy,
but only for one of the systems.



Inter-annotator agreement 29

We cannot conclude that professionals are more reliable.



Distribution of error types 30

CUBBITT makes more errors than humans in
translation of ambiguous words
fluency (but not spelling and grammar) and
cross-sentence context



Ablation analysis 31

BlockBT improves the quality (+0.4 adequacy, +0.3 fluency).



Translation Turing Test 32

60 % of participants did not distinguish CUBBITT
from human translations (on 100 isolated sentences)



BLEU Training curves for en-fr and en-pl 33



Why Block-BT works? 34



Translation examples 35

source As good be an addled egg as an idle bird.

Bing Jako dobrý být popletený vejce jako nečinný pták.
Google Jako dobrá být včleněná vejce.
T2009 Dobré je feťácké vejce jako činný pták.
T2018 Dobří buďte plete vejce jako nečinný pták.
CUBBITT Stejně dobré je být pomateným vejcem jako zahálejícím ptákem.

source A miss by an inch is a miss by a mile.

Bing Miss o palec je Miss o míli.
Yandex Slečna tím, že palec je vedle o míli.
Google Chybějící palcem je míle vzdálená míle.
T2009 Slečna palec je slečna miliónu.
T2018 Slečna palce je slečna míle.
CUBBITT Minutí o centimetr je o kilometr.

Birds of a feather flock together.

Ptáci peří stáda dohromady.
Vrána k vráně sedá.
Vrána k vráně sedá.
Ptáci v bederním hejnu spolu.
Ptáci péřového hejna spolu.
Vrána k vráně sedá.

Try CUBBITT at: https://lindat.cz/cubbitt

https://lindat.cz/cubbitt
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