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Great talkers are little doers.

Yandex
Bing
Google
TectoMT
CUBBITT

Velké talkers jsou trochu Cinitelé.
Velci vysilacky jsou mali Cinitelé.
Velci mluvci jsou mali lidé.

Velci mluvkové jsou mali dFici.



http://ufal.cz/martin-popel

Natural Language Processing? >
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Spell check vs. grammar check 3

Chlapci sly.
Chlapec sli do skoly.



Spell check vs. grammar check 3

Divce nesly hodinky. Chlapci sly.
Chlapec sli do skoly.



Spell check vs. grammar check 5

Divce nesly hodinky. Chlapci sly.
Kdo kam co donesl? Chlapec &li do skoly.




Spell check vs. grammar check 3
http://ufal.cz/korektor

8eno | sl Korektor-sample.rtf — Edited v

| crr— s ] (e ) = SR e
S S S
IFR PR Ig ' PR

>
lo

»
o '

Potkavam je na kazdém krou

»
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Did you mean kroku?

Ledni medvéd byl schovan za krou.

Error in capitalization? Did you mean Praze?



http://ufal.cz/korektor

Automatic news generation

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

Match  CISEESSENEEE) & Viewer

@ m=e. oo @ - Everton wins over Hull City 4-0
s

Structured data
(real-time & historical)

Article / Report

‘geneeq



Automatic poetry generation
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A Byl by to rytif, kde v plané hrich vzlet, y
i Védeé jsem jse seheldo na pridoutné v svété si nezastava:
,»Ukryjemné, chvéla, mily nas jest

Kolem jsou jest vyhravanych
A sviti co placdem, rad pravil:
Ale plna jizdo zaporodilo se, vys.

s et

jiz davno vas poharu a vlannych rany,
v jablonéni je piSe je i v kristovani,

srdce v své Zenskych svém
v obly pétky tam a vziti, !
na kénku je, mily svézek.




Automatic poetry generation




Automatic poetry generation

I’ll come a bit later on my own.
Sem celist jesté na své milé.




Can a robot write a theatre play? 6

MFF + DAMU + Svanda theatre
premiere in February 2021 (100 years after R.U.R.)

https://www.theaitre.com


https://www.theaitre.com

Corruption detection and Sentiment analysis

Korupci casto prozradi ,kaprici*

VysetFovaci tym pravniki a forenznich analytiki hleda ve firmach diikazy o korupci. Prolomi kédovanou Fe i

KATERINA KOLAROVA
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Dikazem manipulace
s vysledky tendru je
typicky vznik

FOTO MAFRA - DAN MATERNA

mohla existovat, protoZe o vitézi
tendru jesté nebylo nakupnim od-
delenim oficidlng rozhodnuto, * po-
pisuje Kradinova. Pak uz analytici
hledaji v pocitatich konkrétn tex-
tovy soubor.
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Katefina
Veselovska

= Manazerka oddélen Data
Analytics Deloitte, kde vede tjm
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omatic syntactic analysis

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

Vase déti se uz nemusi ucit vétny rozbor .

o
<root>
nemusi BRI O FHBBE P XEDNEZERBERHD FH A
root
VERB <root>
déti uz ucit . root
nsubj  advmod xcomp  punct VliRB
NOUN/ADV VERE PUNCT T e e e A
nsubj j nsubj aux aux  punct
VaSe se rozbor NOUN NOUN\. jNOUN\ AUX AUX PUNCT
E)?;T E’g’gﬁl" ;%UN sur & bk xE X i

nmod case nmod compound case compound case
PRON ADP NOUN NOUN ADP  NOUN ADP
& &

vétny

) »
amOd case cc
ADJ ADP ADP

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


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

Word embeddings o

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



Word embeddings o

king - man + woman = 7



Word embeddings o

king - man 4+ woman = queen

Tomas Mikolov, 2012, word2vec

https://projector.tensorflow.org/


https://projector.tensorflow.org/

Word embeddings

Country and Capital Vectors Projected by PCA
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Word embeddings o

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 \olga River Vanessa Paradis
Polish zolty Viet Nam flag carrier Lufthansa upriver Charlotte Gainsbourd
CTK Viethamese Lufthansa Russia Cecile De

Table 8: Examples of the word pair relationships, using the best word vectors from Table 4 (Skip-
gram model trained on 783M words with 300 dimensionality).

Relationship

Example 1

Example 2

Example 3

France - Paris
big - bigger
Miami - Florida
Einstein - scientist
Sarkozy - France
copper - Cu
Berlusconi - Silvio
Microsoft - Windows
Microsoft - Ballmer
Japan - sushi

Italy: Rome
small: larger
Baltimore: Maryland
Messi: midfielder
Berlusconi: Italy
zinc: Zn
Sarkozy: Nicolas
Google: Android
Google: Yahoo
Germany: bratwurst

Japan: Tokyo
cold: colder
Dallas: Texas
Mozart: violinist
Merkel: Germany
gold: Au
Putin: Medvedev
IBM: Linux
IBM: McNealy

France: tapas

Florida: Tallahassee
quick: quicker
Kona: Hawaii
Picasso: painter
Koizumi: Japan

uranium: plutonium

Obama: Barack

Apple: iPhone
Apple: Jobs
USA: pizza
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English—Czech MT in 2007-2020
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English—Czech MT in 2007-2020
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English—Czech MT in 2007-2020
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English—Czech MT in 2007-2020
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Deep-syntactic translato

TectoMT
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Machine learning: features in the translation model

output label=hrebik#N

feature A

child_formeme n:in4-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




Machine learning: features in the translation model

output label=hrebik#N

feature A output label=nehet#N
child formeme n:in+X=1 1.64 feature A
is member of coord=1 1.30

child formeme v:fin=1 1.04 child_formeme n:poss=1 1.32
next_lemma down 0.84 child” lemma flnger—l 1.07
is_capitalized=1 0.79 child” formeme n:of+X=1 0.98
+precedes__parent=0 0.75 precedes_parent 1 0.88
tense g=post 0.74 prev_lemma=black 0.77
+voice _g=active 0.66 child lemma broken=1 0.76
prev_lemma=drive 0.66 child_formeme v:attr=1 0.70
parent capitalized=1 0.62 formeme=n:at+X 0.67
formeme=n:from+X 0.60 formeme g=n:attr 0.67
+prev__lemma=hammer 0.59 child lemma_long=1 0.67
child_lemma_few=1 0.55 next lemma=file 0.60
child_lemma_remove=1 0.54 child lemma_false=1 0.58
sempos=n.denot 0.50 prev_lemma=false 0.58
next lemma=and 0.50 +number=sg 0.56
formeme g=v:until+fin 0.49 formeme=n:obj 0.53

child _lemma_rusty=1 0.47 formeme=n:by+X 0.52




What is this?




40 GPU (GeForce GTX 1080 Ti, 12 billion transistors) 1




Artificial intelligence and its subfields




Artificial intelligence and its subfields

artificial intelligence
~1950

machine learning
~1980

deep learning
~2010

14




Neural network

Q"

DATA

Which dataset do
You want to use?

Ratio of raining to
test data: 50%
—e

Noise: 0

Batch size: 10
— o

REGENERATE

a simple architecture (16 parameters)

Epoch

000,000

FEATURES

Which properties do
you want to feed in?

B

https:

Learning rate Activation

Regularization Regularization rate Problem type
0.03 ©  Tanh - None -0 Classification
+ — 1 HIDDEN LAYER OUTPUT

Test loss 0.596
M @ Training loss 0.617
4 neurons

n
&
A g
3

Colors shows
data, neuronand ! | —
1

weight values. o '

[ Showtestdata [ Discretize outpu

//playground.tensorflow.org


https://playground.tensorflow.org

Neural network

a simple architecture (16 parameters)

5 Epocn Learing rate Actvation Regularzation Reguiarization rate Provlem type
>
000,042 003 - Tah - None -0 -~ Classification

DATA FEATURES + — 1 HIDDEN LAYER OUTPUT

Which dataset do Which properties do Testloss 0.047
Yyou want to use? you want to feed in? Y~ Training loss 0.053
4 neurons.

e D
C—

test data: 50% R
— o 5%

Noise: 0

Batch size: 10

REGENERATE
Colors shows
data, neuronand ! | —,
weight values. o '

[ Showtestdata [ Discretize outpu

https://playground.tensorflow.org


https://playground.tensorflow.org

Neural MT system CUBBITT

Transformer architecture (213 millions parameters)

Cutput
Probabilities

i)
-

Add & Norm

Multi-Head
Attention

N

MNx
Masked
Multi-Head Multi-Head
Attention Attention
A J LN 2
S
Positional L P onal
Encoding ¥ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shilled right)



Neural MT system CUBBITT

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

The : The The
Law Law Law

will will will
never 74 never never
be be be

perfect 4 perfect perfect

The The

its its its - 2 its
i icati icati application application application
should - should should should should should
be be be be be be
just —_ just just just just just

this this this this this this
is E E is is is is is
what what what what what what
we we we we we we
are E E are are are are are
missing missing missing missing missing missing
in E E in in
my my my
opinion ~ opinion opinion

<EOS> \ <EOS> <EOS>/ <EOS> <EOS> <EOS>

B ———— 0 <pad> s <pad> <pad> <pad>

in in in
my my my
* opinion opinion opinion




Why CUBBITT made the headlines in

CUBBITT inrthernews

Our MT challenges human translators

visit nature.com »

= . Uspéch ¢eského pfekladace

Try CUBBITT at
https://lindat.cz/cubbitt
(En+>Cs, Fr, PI)

nature communications

nature > nature communications > articles > article
Article | Open Access | Published: 01 September 2020

Transforming machine translation: a deep learning
system reaches news translation quality
comparable to human professionals

Martin Popel 9, Marketa Tomkova, Jakub Tomek, tukasz Kaiser, Jakob Uszkoreit, Ondrej Bojar &
Zdenék Zabokrtsky

Nature Communications 11, Article number: 4381 (2020) | Cite this article
6273 Accesses | 76 Altmetric | Metrics


https://lindat.cz/cubbitt

The main result of our human evaluation

Adequacy }n = 512)

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

Context-aware evaluation: 15 evaluators

mean: 7.6 mean: 7.8 mean: 8.3 mean: 7.4 mean: 7.8 mean: 7.4
median: 7.7 median: 8.3 median: 8.5 median: 7.6 median: 8.0 median: 7.6
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) \ / | N
( - [ -
. =15 S8 ‘l'\:r / o 8
Y, \ / — \ / | | n
\ 4 o) \ -
\ |/ g I/ \ / )
P =28e-07 5 | P=28e-19 ?
\ = = | () \l/ =
%) \ =]
2 4 | 1] z 4
g ] =
o2 o 2
| [
(@)
0
Reference CUBBITT
*
Reference CUBBITT
better better
65 % 8 % 27%
25 50 75 100 0 25 50 75

sentences better (%)

sentences better (%)

sentences better (%)

100



MT can be dangerous

G- )| .
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Support The Subscribe  Findajob  Signin
The..
Guardian

News Opinion Sport Culture Lifestyle e

World » Europe US Americas Asia Australia Middle East Africa Inequality

Facebook
Facebook translates 'good morning' into
'attack them, leading to arrest

Palestinian man questioned by Israeli police after embarrassing
mistranslation of caption under photo of him leaning against
bulldozer

zdroj: The Guardian (2017)


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

MT can be dangerous

G- )| .
Q- E N2 "

e

DM VDY
rowna - 8

Support The Subscribe  Findajob  Signin
The..
Guardian

News Opinion Sport Culture Lifestyle e

World » Europe US Americas Asia Australia Middle East Africa Inequality

Facebook
Facebook translates 'good morning' into
'attack them, leading to arrest

Palestinian man questioned by Israeli police after embarrassing
mistranslation of caption under photo of him leaning against
bulldozer

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

Document-level translation

Source Jana je zena. Pracuje jako privodéi.
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 Sasa je muz. Pracuje jako privoddi.

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

Source Pavla neni muz. Pracuje jako priivodci.

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

Want to know more?



Backtranslation (Sennrich et al., 2016)

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

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

previous SotA


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

Backtranslation (Sennrich et al., 2016)

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
o fine-tune BT: first auth then auth+synth

o mix BT: shuffle auth and synth sentences 1:1
e block BT: no shuffle, just concatenate auth and synth blocks


http://www.aclweb.org/anthology/P16-1009
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Block Backtranslation
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Block Backtranslation
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Block Backtranslation
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Manual evaluation example

blind, sentence-level but document-aware, side-by-side

source
"And we're protecting our shareholders from
employment ltigation.”

Companies started taking ethics, values and
employee engagement mare seriously in 2002
after accounting firm Arthur Andersen
collapsed because of ethical violations from the
Enron scandal, Quinlan said.

Butit wasn't until "social media came into its
own" that companies realized they couldn't
stop their dirty laundry from going viral online.
"Prior to using technology to monitor ethics,
people used hope as a strategy,” he said.

Both Glint and Convercent offer their software
as a service, charging companies recurring fees
to use their products.

It's 2 business model and opportunity that has
the approval of venture capital investors, who.
have propped up both start-ups,

Convercent raised $10 million in funding in
February from firms such as Sapphire Ventures
and Tola Capital, bringing its total capital raised
t0 $47 million.

Glint secured $10 million in November from
Bessemer Venture Partners, bringing its total
funding to $60 million.

These investments hardly come as a surprise,
given the interconnected nature of companies,
culture and venture capital.

There's a growing body of research showing
today's employees expect more from their
workplaces than before.

In competitive markets such as Silicon Valley,
high salaries and interesting projects are merely
table stakes,

Employees want to feel that they're accepted
and valued and that they're giving their time to
acompany with a positive mission.

Translation

Je to obchodni model a pifleditost, kterou
schvaluji odvéni kapitslovi investoi, jenz
podpofili oba startupy.

Convercent vybral v ramci své dnorové
kampané od firem jako Sapphire Ventures a
Tola Capital celkové 10 miliond $ & nakonec si
odnesl kapital ve viZi 47 miliond $

Glint ziskal v listopadu 10 miliont $ od

Bessemer Venture Partners a v prib&hu celé
@ampané ziskal 60 milion $.

Tyto investice jsou stéii prekvapujici vzhledem k

vzsjemné povaze spolecnost, kultury a

rizikovému kapitdlu

Nariistajici pocet vijzkumi jasné potvrauje, Ze
neni zaméstnanci otekavaj od svého

pracovists vice ne? kdy dfive.

A nz konkurencnich traich, jakjm je nap. Silicon

Valley, nejsou hlavni vjhodou vysoké platy a

zajimavé projekty.

Zaméstnanci cht&ji vnimat, Ze jsou pFijiméni a

ocefiovni a Ze vénuji svij tas spolecnosti, kterd

usilue © pozitivi poslani,

T1_overall

quacy -

T1_adex

&
=
=

Translation2

Je to obchodni model a pfileditost, kterd mé
souhlas investord rizikového kapitalu, ktefi
podpofili oba start-upy.
Convercent ziskal v dnoru finanéni prostfedky
ve vyi 10 miliond dolar od firem jako
Sapphire Ventures a Tola Capital, &im? se jeho
celkovy kapital zvyil na 47 miliond dolard.
Glint ziskal v listopadu 10 milion dolard od
spolegnosti Bessemer Venture Partners, &ims
jeho celkové financovani dosshlo 60 miliond
jolard.

Tyto investice nejsou vzhledem k propojenosti
spolegnosti, kultury a rizikového kapitalu
2dnym prekvapenim.

Roste mnostvi vyzkum, které ukazuji, Ze

dnegni zaméstnanci ocekévji od svych
pracovist vice net drive.

Na konkurenénich trzich, jako je Silicon Valley,
jsou vysoké platy a zajimavé projekty pouhymi
sizkami u stolu

Zaméstnanci cht&ji mit pocit, 2 jsou prijiméni a
cenéni a 7e vénuji svij &as spolecnosti s
pozitivnim poslanim.

T2_overall
T2 ade

quacy

10

(RankME)

&
S
£ optional comment

T1: chybny preklad terminu
10 "venture capital”

problém: vjznam terminu "table
7 stakes’


https://arxiv.org/abs/1803.05928

It depends on the input text domain
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It depends on the input text domain

business crime entertainment politics scitech sport world
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Are three measures necessary?

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



It depends on the annotator

Translators put more emphasis on fluency,
non-proffesionals on adequacy.
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It depends on the annotator

Some annotators put all the emphasis on adequacy,

but only for one of the systems.
1r @
@ Non-professionals
<> Professional translators
| Translation theoreticians
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Inter-annotator agreement

0.3

Cohen's kappa
o
N
o

o
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We cannot conclude that professionals are more reliable.
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Distribution of error types

CUBBITT makes more errors than humans in
@ translation of ambiguous words
e fluency (but not spelling and grammar) and

@ cross-sentence context

>

Context-aware evaluation of error types: 3 non-professionals and 3 professional translators

P=53e23
aa)

D
=1

eference
I cuBBITT

N
o

P =175e-09

P =1.0e-25 P =24e-04
P=4.1e25 ) o) )

T 264% p= j‘.'2e-07 269%

) 37 %

230% P =7.5e-09
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P=6.1e-05

") P=31e05
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N
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Sentences with errors (%)
(405 sentences, 6 evaluators)
o

addition omission  ambiguous shift  other adequacy grammar spelling other fluency  context



Ablation analysis

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

Accuracy of distinguishing
machine from human translations (%)

920

80

70

60

50

40

30

20

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

©

Participants sorted by accuracy

CUBBITT

hed (40 %)

Did not distingbish (60 %)

Google Translate

Did not distinguish (6 %)

Distinguished (94 %)

B CUBBITT Q<0.05
CUBBITT Q > 0.05

B Google Translate Q < 0.05
[ Google Translate Q > 0.05
% Professional translator

O MT researcher

[ Other




BLEU Training curves for en-fr and en-pl

>

French-English

——block BT-avg8
blockBT

—— mixBTavg8
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ix-B

BLEU (FR-EN wmt12+13 dev test)
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Why Block-BT works?

A Source sentence: "He was an original guy and lived life to the full" said Gray in a statement.
N N
SYNTH:chlap AUTH: &lov€k  SYNTH:Sedivy AUTH: Gray

Translation of block-BT-Avg: "Byl to origindlni chlap a 7il Zivot napino," uvedl Gray v prohlaseni.
Checkpoint 1(SYNTH): "Bylto origindlni chlap a #il Zivot naplno” uved! Sedivy v prohlageni.
Checkpoint 2 (SYNTH): "Bylto originalni chlap a 7il Zivot naplno” uved! Sedivy v prohlageni.
Checkpoint 3 (AUTH): Byl to origindlni ¢lovék a 7il Zivot naplno,” uved| Gray v prohlaseni.
Checkpoint 4 (AUTH): Byl to origindlni élovék a Zil Zivot naplno,” uved| Gray v prohlaseni.
Checkpoint 5 (AUTH): Byl to origindlni ¢lovék a Zil Zivot naplno,” uved| Gray v prohlaseni.
Checkpoint 6 (AUTH): Byl to origindIni élovék a il Zivot naplno,” uved| Gray v prohlageni.
Checkpoint 7 (AUTH): Byl to origindIni élovék a il Zivot naplno,” uved| Gray v prohlageni.
Checkpoint 8 (AUTH): Byl to originalni élovék a 7il Zivat naplno,” uvedl Gray v prohladeni.

B

—— block-BT + avg8: chlap (vs. &lovék)

0.6 o --- block-BT: chlap (vs. Elovék)

—— block-BT + avg8: Gray (vs. Sedivy)
block-BT: Gray (vs. Sedivy)

auh  synth  auth y avh  synh  auth

relative prob. of better translation

850 900 950 1000 1,050 1.100 1150 1.200
Training time (steps)



Translation examples

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

Bing Jako dobry byt popleteny vejce jako necinny ptak.

Google  Jako dobra byt vélenéna vejce.

T2009 Dobré je fetacké vejce jako cinny ptak.

T2018 Dobfi bud'te plete vejce jako necinny ptak.

CUBBITT Stejné dobré je byt pomatenym vejcem jako zahalejicim ptakem.

L J
source A miss by an inch is a miss by a mile. Birds of a feather flock together.
Bing Miss o palec je Miss o mili. Ptaci pefi stada dohromady.
Yandex  Slecna tim, ze palec je vedle o mili. Vrana k vrané seda.

Google Chybéjici palcem je mile vzdalend mile. Vrana k vrané seda.

T2009 Slecna palec je sleéna miliénu. Ptaci v bedernim hejnu spolu.
T2018 Sleéna palce je sleéna mile. Ptaci péfového hejna spolu.
CUBBITT Minuti o centimetr je o kilometr. Vréana k vrané seda.

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