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kamusi is Swahili for dictionary
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Goal: A complete matrix of human expression across time and space

* Asaknowledge resource
* Asadataresource
* Asabasis for any-to-any translation
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Artificial Intelligence (Al) & Machine Translation
(MT) on the Road toward Universal Translation

1. Al facts and fantasies /
2. Myths about Al and MT

3. Realistic fantasies about computation
and translation




Chapter 1: Al Facts and Fantasies

Whatis AI?

Al and COVID-19
Al and the weather
Al and online dating

A

Al and language
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1. Whatis Al?
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hat is Artificial Intelligence?
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Al Facts and Fantasies

N\

Artificial Brain?

Artificial Muscle?
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Al Facts and Fantasies: What is Artificial Intelligence?

Artificial Muscle Artificial Brain

 Analyzes data

 Discovers patterns

 Follows new paths based on
those patterns

e Brute force calculations
e Faster than a human
e Instructed by a human

Example: RS
xample Machine Learning 7/

Calculate 7T to a million e adesired outcome is

P 3.14159265358979323846264338327950288419716939937510582097494459 h d ( 1 )
dlglts 230781640628620899862803482534211706798214808651328230664709384 aCnieve eg » W1 d game

460955058223172535940812848111745028410270193852110555964462294
895493038196442881097566593344612847564823378678316527120190914 — Or -
564856692346034861045432664821339360726024914127372458700660631
558817488152092096282925409171536436789259036001133053054882046 h f h
652138414695194151160943305727036575959195309218611738193261179 e q human conlirms the
310511854807446237996274956735188575272489122793818301194912983
367336244065664308602139494639522473719070217986094370277053921 .
717629317675238467481846766940513200056812714526356082778577134 outcome (Cg N that phO[O 1S
275778960917363717872146844090122495343014654958537105079227968
925892354201995611212902196086403441815981362977477130996051870 : d d
721134999999837297804995105973173281609631859502445945534690830 maccea a Cat)
264252230825334468503526193118817101000313783875288658753320838

kamasi org 142061717766914730359825349042875546873115956286388235378759375

1ACT77010C7T70ACAY1 7193 CONAC19ANIANTOTAL111ACANNN1 £ ANA1INO
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Al Facts and Fantasies: at1s AI?

Che New Pork Eimes 3 Mat Velloso

@matvelloso Iﬂ) e
A Step Forward in the Promise of . | .
Ultrafast ‘Hyperloops’ Difference between machine learning

and Al:

If it is written in Python, it's probably
machine learning

If it is written in PowerPoint, it's probably
Al

Unlike trains, which run on fixed schedules,
hyperloop pods would function more like smart
elevators. Artificial intelligence would adjust
destinations, the number of pods that travel ina

convoy and departure times based on dem
R e WW
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Al Facts and Fantasies: COVID-19

2. Aland COVID-19

12



Al Facts and Fantasies: COVID-19

* SPOILER: Al has not cured COVID-19
e What has Al done for COVID-19?

13
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* Al has not cured COVID-19 literature
- opethmmo\s(or pr

P biomed\‘ia‘

» What has Al done for COVID-19? »=>"""

\S
Cco i
gurot®” oo™ d
Tne Jye ne . de\!e\o‘)e \ ect
o 5° sOﬁ\\Na 0(\6” |
) Ny . . =
oo™ (o o ® How Al is battling the coronavirus outbreak
3\15\“
a“ﬂossa“oce Al helped spotan early warning about the outbreak, and researchers have used
2= flight traveler data to figure out where the novel coronavirus could pop up next.

By Rebecca Heilweil | Jan28, 2020, 1:50pm EST



Al Facts and Fantasies: COVID-19

' How Al is battling the coronavirus outbreak d
| i tbreak, and researchers have use
. AI haS n()[ CLlred COVID_ 1 9 Al helped spotan early warning about the ou ;’ia:)rona\mus e N

i ve
flight traveler data to figure out where the no

L What has AI done fOI' COVID— 1 9? , By Rebecca Heilwell | Jan28, 7020}1:5%&

“In other words, our new Al overlords might actually
help us survive the next plague.”

 Using NLP to track 100,000 articles about 100
diseases in 65 languages

 Travel itineraries and flight paths

* Researching new drugs

* Detecting disease

Vox: hutps://www.vox.com/recode/2020/1/28/21 110902/ artificial-intelligence-ai-coronavirus-wuhan

™
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Al Facts and Fantasies: The Weather

3. Al and the weather

16
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Al Facts and Fantasies: The Weather

Data to analyze for many locations:

* Temperature ® Humidity ® Pressure ® Windspeed ® Wind direction * Analyzes data

* Cloud cover ®etc * Discovers patterns ~ \s
Patterns to discover:  Follows new paths based on those
* Does the flap of a butterfly’s wings in Brazil set off a tornado in Texas? patterns
(Edward Lorenz)
e The relationship between certain parameters in Place A, and Machine Learning 7/ =
subsequent weather in Place B

e adesired outcome is achieved

New Paths: (eg, win a game)

« If certain parameters are changed in a model for Place A, what are the
anticipated outcomes in Place B?

Machine Learning:

* Do future weather events occur as anticipated in the model?



n
«

S
3
s
e
°
2

Al Facts and Fantasies: Online Dating

4. Al and online dating

18



Al Facts and Fantasies: Online Dating

Case Study: OkCupid

My ideal person
We prioritize recommendations based on your preferences below

| am looking for...

- LOOKS

Recipromantic| |
Body Type [hin, Fit, A —

Akioromantic D

Aroflux D

Height

@D BACKGROUND & IDENTITY

Languages  Opentoany
Is this a Dealbreaker? A-List
Orientation

ealbreakers filter out the

Ethnicity

Religion

kamusi ovg

Machine Learning 7

adestred-outcomeisachieved
teg-win-a-game)

19
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Al Facts and Fantasies: Online Dating
Case Study: OkCupid

3 £ i UPGRADE TO
() Martin A-List PREMIUM

= Preferences £l Settings

IQupid CED

Tips & Insights to level-up your online dating 1Q

ANSWER MORE QUESTIONS ) HIGHEST POSSIBLE MATCH

Machine Learning
v adesiced e hieved

based on the questions you (]
have answered.
9

Question Pro Prodigy
30 100

Tip: Answer more questions to increase

compatibility.

ANSWER MORE QUESTIONS

Do you enjoy a day of binge-watching?

gl -
Discover people on the go.

kamusi ovg
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Al Facts and Fantasies: Online Dating
Case Study: OkCupid

3 £ i UPGRADE TO
() Martin A-List PREMIUM

= Preferences £l Settings

IQupid CED

Tips & Insights to level-up your online dating 1Q

ANSWER MORE QUESTIONS ) HIGHEST POSSIBLE MATCH

Machine Learning
v adesiced e hieved

based on the questions you (]
have answered.
9

Question Pro Prodigy
30 100

Tip: Answer more questions to increase

compatibility.

ANSWER MORE QUESTIONS

Do you enjoy a day of binge-watching?

gl -
Discover people on the go.

kamusi ovg
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Al Facts and Fantasies: Online Dating
Case Study: OkCupid

Do you like coffee? Do you have a child or children?

Your answer
Your answer

®

z Yes
Yes. | need It to function. ®

Yes, but | can do without it. No

No.

Answers you'll accept

Answers you'll accept Yes

No 2]

Yes. | need it to function. ) = o
e gdesiredoutcometsachieved

Yes, but | can do without it.

<

7| Machine Learning i

K ®

No.
¢ Do you have any tattoos?

Your answer

| have 1 or more big tattoos W

Which word describes you better?

| have 1 or more little tattoos

| have no tattoos @)
o @

Answers you'll accept
Carefree
| have 1 or more big tattoos

I have 1 or more little tattoos

| have no tattoos

kamusi ovg
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Al Facts and Fantasies: Online Dating
Case Study: OkCupid

€D vartn rie uearaero  EISSEEH

ve\
[ |

Recommended

Recommended Just For You

44 - Geneva - 82% Match View Profile > ( X PASS ) l: @ LKE aChlne Learnlng f
I [}
AGREE ()
DISAGREE \\-3;
My self-summary o%  Straight, Woman, Single,
Cultivated and Attractive with sens of humour. Monogameds FIND OUT 6

kamusi ovg
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Al Facts and Fantasies: Online Dating
Case Study: OkCupid

How many books do you own? Arbitrary metrics — questions have equal weight, but unequal (and
YoliF ARwer unmeasurable) significance. (Eg, “Is pizzaa top 5 food?” = “Would
T YOU date a Slﬂgle Pal'em? ) Is it more important to you that you are
AIIlbIgU»lty tactful, or truthful? Ambiguitt

Machine is discovering equal answers, not patterns — Al would

analyze the similarities among people one “likes” to find unseen Machine Learnin ‘llf
preferences i & )

All data, no chemistry — and no way to predict or evaluate chemistry ~ ® adestred-outcomeisachieved
No outcome for a machine learning opportunity is either proposed ( ey AR-a cam E)
or evaluated: ® mutual “likes? * achat? ¢ adate? * arelationship? ’

* marriage? * kids?

Which do you like more? Be honest.

Your answer

Giving massages

Receiving massages
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Al Facts and Fantasies: Language

5. Al and language

25
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Al Facts and Fantasies: Language

Case Study: DeepL. * Analyzes data
| TryDeepLpro  Discovers patterns .
Translate from English (detected) v Into French Vv Formal/informal v @) Glossary ¢ FOHOWS new pathS baSCd on those

The restrooms| were out of order. Les toilettes étaient hors d'usage. patterns

Machine Learning
e adesired outcome is achieved
[> (eg, win a game)
—Of —
e ahuman confirms the outcome
(eg, that photo is indeed a cat)

=~
-

32 /5000

[Z] Translate document Copy

™

kamusi ovg
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Al Facts and Fantasies: Language

Case Study: DeepLL « Analyzes data
s @ o Discovers patterns %
Translate from Englsh (detected) v into French v Formatfinformal v @D Slossary « Follows new paths based on those
The restroom was out of order. Les toilettes étaient hors service. patterns

Toilettes Machine Learning 7 =
hors:service e adesired outcome is achieved
[, (eg, win a game)
— OI‘ —

e ahuman confirms the outcome
(eg, that photo is indeed a cat)

NE PAS UTILISER

30/ 5000

[E] Translate document Copy

kamusi ovg




28

Al Facts and Fantasies: Language

Case Study: DeepL. * Analyzes data
Try Deepl Pro. * Discovers patterns '\
Translate from English (detected) v Into French Vv Formal/informal v @) Glossary ¢ FOHOWS new pathS baSCd ont

The files were out of order. Les dossiers étaient hors d'usage. patterns

Machine Learning
e adesired outcome is achieved
[> (eg, win a game)
—Of —
e ahuman confirms the outcome
(eg, that photo is indeed a cat)

F
-

Les dossiers étaient en panne.

28 /5000

[Z] Translate document Copy

™

kamusi ovg
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Al Facts and Fantasies: Language

Case Study: DeepLL

 Analyzes data
sp Ty DespLPro * Discovers patterns '\ »
Translate from English (detected) v Into French v Formal/informal m Glossary . FO]lOWS IlCW pathS baSCd OIl t OSC
The motion .out of order. La motior.irrecevable. pattel'ns
I\ Machine Learning 7 =
Correct vocabulary: legal ] . .
Inexplicably documents feature highly in DeepL e adesired outcome is achieved
incorrect tense training data (test this sentence on .
linguee.com) (Cg, wiita game)
—_ OI‘ —_
e ahuman confirms the outcome
Cette motion estirrecevable. o o
(eg, that photo is indeed a cat)
E Translate document Copy

™

kamusi ovg
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Al Facts and Fantasies: Language

Case Study: DeepL. * Analyzes data
| TryDeepLpro  Discovers patterns .
Translate from English (detected) v Into French Vv Formal/informal v @) Glossary ¢ FOHOWS new pathS baSCd on those

The lawyers were out of order. Les avocats étaient hors service. patterns

Machine Learning
e adesired outcome is achieved
[> (eg, win a game)
—Of —
e ahuman confirms the outcome
(eg, that photo is indeed a cat)

=~
-

30/ 5000

[Z] Translate document Copy

™
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Al Facts and Fantasies: Language

Case Study: DeepLL

 Analyzes data
il @ * Discovers patterns s
Translate from English (detected) v Into French Vv Formal/informal v @) Glossary ¢ FOHOWS new pathS baSCd on those
The lawyers were out of order. Les avocats étaient hors service. patterns

en panne ...
en désordre ...

dans|. Machine Learning 7/

F
-

Wil e adesired outcome is achieved
indisciplinés ... .
) défaillants . (eg, win a game)
dérangeés ... — Or —
en dehors ...
débordés e g human confirms the outcome

(eg, that photo is indeed a cat)

30/ 5000

@ Translate document Copy

/ Dictionary entries for "étre hors service" v
“e——

kamusi ovg




32

Al Facts and Fantasies: Language

CaSC Stﬂdy DCCPL ® Analyzes data
ot @  Discovers patterns .
e " @D ciossary  Follows new paths based on those
ats étaient dérangés patterns

The lawyers were out of order.

Translate from Er

DeepL by non-native speakers

CRule" that can be taught to

Machine Learning 7
C; translation f,om) o adesiredoutcomeisachieved

3 native French speakers

o / (eg, win a game)
— OI‘ —

Les avocats avaient un comportement inacceptable.

o ahuman-econfirmsthe outcome
(eg, that photo is indeed a cat)

30/5000

[Z] Translate document Copy

/ Dictionary entries for "étre hors service" v
“——

kamusi ovg
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Artificial Intelligence (Al) & Machine Translation
(MT) on the Road toward Universal Translation

2. Myths about Al and MT

33



Chapter 2: Myths about Al and M'T

1. We have the data
2. We have the methods
3. Other biases and blind spots

34
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Myths about Al and M'T

1. We have the data

35
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Myths about Al and M'T: We have the data

n t Lards thli' hqve been

did digitized in a way that can be
used within computer processes

* English

* Other high-investment languages

* Other high-population languages
* The other 98% of languages

£

kamusi ovg
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70yearsof R& D

All English words have some digital existence

Many data sets include party terms (aka “multiword
expressions”)

Natural Language Processing (NLP) can perform many
analytical marvels (deduce parts of speech, verb conjugations,
compose syntactically correct sentences...)

Meaning and Shape are poorly associated (stay tuned!)

We cannot interpret the data across systems (interoperability)
We do not have reliable translations of English terms to most
other languages (polysemy, party terms)

Translation to and from English is only a small part of global
translation needs

37

Words that have

Myths about Al and MT: We have the data ...,

that can be

+ English o ik compr
* Other high-investment languages
* Other high-population languages

* The other 98% of languages

= Google: Le bruit constant m'a fait monter le mur.

* DeepL: Le bruit constant m'a fait grimper le mur.

* Bing: Le bruit constant m'a conduit jusqu'au mur.

« Systran: Le bruit constant m'a poussé vers le haut du mur.
* WordReference.com:
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Words that have

Myths about Al and MT: We have the data ...,

that can be
used within computer

* Major European languages (especially French, Italian, processes

German, Spanish, Portuguese, Russian) e Other high—inve stment languages
* Arabic, Chinese, Korean, and Japanese
* Tax money at work, e.g. Catalan, Estonian
* A fewdozen somewhere on this part of the gradient

* Many words have some monolingual digital existence

b SOHIC data SCtS Wlth SOIIIC party terms Evaluation Scores of Google Translate in 107 Languages
 NLP inferior to English (claim based on analysis of which .. . O

languages get research attention in computational linguistics)
* Parallel corpora with English

L Spanish was evaluated separately for SPain and Lalin America, Portuguese was eva

Alphabetical

disassociated from meaning | ra
| o

15 Chinese

16 Corsican

* Little data between non-English pairs ] e 21

- J 5
*  We cannot interpret the data across systems (interoperability) = e ;
* MT is computed through spelling or word embeddings, o |l i

™

kamusi ovg
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Words that have

Myths about Al and MT: We have the data ...,

9-figure languages, e.g. Hindi, Bengali, Indonesian, Swahili
Fast growing languages throughout Africa and Asia
300+ embattled languages with more than 1,000,000

that can be
used within computer
processes

speakers * Other high-population languages

Some words with some monolingual digital existence (e.g.
brick-of-text dictionaries with some thousands of terms)
Some basic bilingual dictionaries (lemmatic forms only),
usually to English or French

e | . o3 % A

No NLP for most oy . N
. . . (o lace) / ~ coloured adj -

Some monolingual corpora higher on the gradient = bt i i
. e begins to fail mwanga unaanza kufifia day ~

Zero interoperability mchana. in a good/bad ~ (of picture efc) -a
. . . kuonekana vizuri/vibaya; (fig) eleweka

izuri/vibaya. the ~ (liter or rhet) zaliva;

MT to English exists for a few dozen, but is unusable Vubdie e fle = Gl 0 o) ltes

one's ~ kinga nuru; (fig) zia mtu
mafanikio/maendeleo yake. stand in one's
own ~ zuia kazi yako isionekane; fanya
kinyume na matakwa yako. ~ year n (astron)
kipimo cha umbali kati ya nyota. 2 taa. ~s out
muda wa kuzima taa. the northern/southern
~s n miali ya mwanga katika ncha za kaskazini
na kusini. 3 mwako wa moto; Kiberiti strike a ~
washa moto; washa Kiberiti. 4 uchangamfu
(usoni mwa mtu). the ~ of somebody's
countenance (biblical) kupendezwa kwake. 5

Africa Population -20 Oct, 2020

1,350,739,119

1984
= Afnca Population: 699,445,343

S

1860 1970 1980 1980 2000 2070

650 million new speakers of African
languages in past quarter century

Source: heeps//wwwworldometers info/world-population/africa-population
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Words that have

Myths about Al and MT: We have the data been

digitized in a way

that can be
used within computer
e Almost 7,000 languages processes
(exact number discussed at http://kamu.si/7000-languages )
* Negligible digital existence of any sort of data for most languages
* No data = not possible in universe of “Universal Translation”
* Included in the universe of “Universal Translation” hype * The other 98% of languages
* Important to document, preserve, and offer certain technological TEE— T
services — e.g., high quality dictionaries, language models global research  global languages
* Lesser call for text-to-text MT —low (if any) literacy, few (if any) ana Qeveiopment
texts

* Speech-to-speech translation could be valuable, is technologically

possible (needs 7000 graduate students to collect and make sense
of data)

English, French, German, Spanish
25 next high-investment languages
Embattled, minority, & endangered

™

. Note: conceptual graphic not based on firm numbers
ké\musl ovqg
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Myths about Al and MT

2. We have the methods

41
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Myths about Al and MT: We have the methods

e Statistics (SMT)
 Corpora

* Neural Networks (NMT)
o /ero Shot

* Learning




™
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Myths about Al and MT: We have the methods

e Statistics (SMT)

* SMT is still a part of MT services (e.g., NMT can
make no intelligent guesses about polysemy without
context)

* Needs parallel data

* How SMT guesses (cartoon version)

 “spring” = “primavera” in 40% of parallel sentences

« other 60% “spring” = 10% bounciness, 10% a metal

coil, 10% water flowing from the ground, 10% elastic
force, 10% stretchiness, 10% a jump

 Chance that SMT picks “springtime” sense = near 100%

43



Myths about Al and MT: We have the methods

* Monolingual corpora can yield
words, inflections, and
expressions in one language

» Parallel corpora (translation
gold) = extremely few pairs

* Limited topics - formal
documents in the public
domain

* Daily speech generally out of
scope f including second-
person constructions
necessary for correspondence

/ and text conversations)

kamusi ovg

Translate from English (det
The motion .out of order.

mal v Glossary
vaple.
Correct vocabulary: legal
Inexplicably documents feature highly in DeepL
incorrect tense training data (test this sentence on
linguee.com)

eeeeeeeeeeeeeeeeeeeeeeeeee

* Corpora

Dictionary English-Fre:

[i1 inguee _—

44
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Myths about Al and MT: We have the methods

e Statistics (SMT)

=N CILY AT ] Neural Machine gle Translate e C )
Translation at work. OFPOI“d
English~ Spot the difference? < French~
* Neural Networks (NMT)
4) ENGLISH UNNNGLISH X
o /ero Sh
The lawyers were out of The lawyers were out of Zero Shot
order order. . Learning
Cl aa 2 Q Eha 2

Camera Conversation Transcribe

4) FRENCH w

Les avocats étaient hors

service

O

™

kamusi ovg

Camera Conversation Transcribe

%) FRENCH

Les avocats n'étaient pas
en regle.

O




Myths about Al and MT: We have the methods

* There is no brain. There are no neurons. “Neural
network™ is a marketing metaphor.

* NMT runs a lot of tests, can find hidden patterns

 With lots of parallel data, NMT performs nicely in certain
cumstances:

CIr

Lol

The language is at the upper tier of testing on teachyoubackwards.com

The conversion is to or from English

The tent is well structured and written using formal language and short sentences
The text relates to formal topics

The translation is for casval purposes where misundetstanding cannot result in unpleasant consequencers

* Even with lots of parallel data, lots of misses (e.g., our
out of order” examples, with context words, missed 4 out
of 5 times)

* MUSA: The Make Up Stuff Algorithm
 Much more: http://kamu.si/myth2
/ * Most language pairs do not have parallel data, so...

kamusi ovg

* Neural Networks (NMT)
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Myths about Al and MT: We have the methods

. o Cratictin
« MUSA: The Make Up Stuff Algorithm Statistics (SMT)
(Facebook MT) . 17 mins - @ ¢ Corp()ra
Real Somali => S0 gy e s osemsscuuns Neural Networks (NMT)
Fake Eﬂgllsh = g:;t:i:z;r:\;fgit:éeé T?g?;:;i%;:oé\n ::oeyi:t.h batch of the Adam of the Zcro ShOt

Learning

™

kamusi ovg



Myths about Al and MT: We have the methods

e The idea:

1. Align data from Language A with English.
Align data from Language B with English.
Shake.

Remove English.
Ato B Translation!

AN

* Results (technically): phenomenally bad
* Results (media): phenomenally good
* Results (public perception): phenomenally good

/  Much more: http://kamu.si/myth3

kamusi ovg



Myths about Al and MT: We have the methods

e Statistics (SMT)

« Machine Learning B BB s conoraay oo [
“ ° . ! 1 8 Learning” in Google Photos
* Needs a “gold standard” to compare results against a e .
ground truth orpora
- else -

* Needs human validation of results

- else - Garbage In, Garbage Out

* Only finds patterns within existing data

* Risks locking info that is somezimes right as always right

* Learning from Users

* 4 year “suggestan edit” experiment on Google Translate /u,, 2C
finds maximum 40% uptake

 Crowdsourcing must be carefully fortified against bogus

results — not the case for Google “Translate Communi
DeepL. “Rules

« Companies pay employees to teach Al for seli-driving cars
(so nobody di€s), but not for most languages. That’s a
business choice, not science.

 More: http://kamu.si/myth5

£

kamusi ovg
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Myths about Al and M'T

3. Other biases and blind spots

50
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Myths about Al and MT: Bnas@s and blind spots

* Follow the money
« Corporate investment
 Government support
* Foundation grants

» White languages matter
(+CKJ)

e Follow the research

* English = Translation. Less important tf i people mmmersed in it think it is Nigeria Population Pyramid 2020
» Elite language bias shared by leaders in Africa, India, etc

» Large tech-excluded languages are “Embattled” but not “Endangered” -

growing, not going, with unserved language needs and untapped market — .
,000,000 new speakers
potential

of Nigerian languages since
Kamusi began in 1994

([T T—

* Yes, language technology is inequitable. Yes, it matters.
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Myths about Al and MT': Biases and blind spots

» We tend to trust technology to do what it claims

« Maybe your GPS takes you down a cow path today, but
you’ll certainly follow it again tomorrow * Technology works

« Search for “gorilla”, you’ll get mostly gorillas
« Would Google put Samoan in their service if it didn’t

o o
work? How’s your Samoan? .
Perfect | ‘:.: o ’
1 L J ’
. . C mperfect?

* [tisn’tperfect, but... e—O——
easss——
Perfect Wrong

* Willing suspension of disbelief

* Rooting for “Team Translate™ — we like tech

victories, forgive (and forget) the defeats ey st n Googlemages (19

“turkish wilderness” result in Flickr (bottom)
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Myths about Al and MT': Biases and blind spots

* Don’t mind the gaps — we fill in holes with our own
understanding (fix tenses, odd words...)

» Confirmation bias — we can see that some of the
translation is correct, so the rest must be okay » Computer knows best

 Magic wand - results change as we type, so serious
optimal calculations must be occurring. See

“magic” in action: http://kamu.si/myth4 i
C . .. b
* Gaslighting — it looks suspicious, but who am I to & m
challenge the engineers and linguists who are & Without perfections
telling me it’s right? ' there can be no goals
® @ e x
Translate from English (detected) Vv Into French Vv Formal/informal v @) Glossary
The restrooms| were out of order. Les toilettes étaient hors d'usage.
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Artificial Intelligence (Al) & Machine Translation
(MT) on the Road toward Universal Translation

3. Realistic fantasies about computation
and translation
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Chapter 3:
Realistic Fantasies about Computation and Translation

e Smurfs and Ducks
e Kam4D

e SlowBrew

n
«

S
3
s
e
°
2
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Realistic Fantasies about Computation and Translation

e Smurfs and Ducks
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Realistic Fantasies about Computation and Translation

SMUREF =  Smurfs and Ducks
Spelling/ Meaning = o
Unit Reference g

Y DUCKS = Data

< Unified Concept
Knowledge Set




™

kamusi ovg

light
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‘:[-'— ‘ light

why multilingual dictionaries were impossible

59

SMURF =
N

Spelling/ Meaning = &
Unit Reference .
¢

<

DUCKS = Data
Unified Concept
Knowledge Set
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¥

O lumineux

why multilingual dictionaries were impossible

60

SMURF =
LN

Spelling/ Meaning = &
Unit Reference =
o

<

DUCKS = Data
Unified Concept
Knowledge Set
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Sw: -enye mwanga fi: valoisa

fr:lumineux () O th:ain

fr:léger () () fr:léger

sw: -epesi sw: -a kuchekesha
fi: kevyt ‘ . fi: tyhjanpaivainen 'u
th: LuUN th: #9lsase
fr: allégé @ i fuasstd

sw: pungufu fi: kaloriton

why multilingual dictionaries were impossible
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Sw: -enye mwanga fi: valoisa

fr: lumineux th: 8374
en: light
fr: léger fr: léger
sw: -epesi sw: -a kuchekesha
en: light en: light _ j
fir kevyt fi: tyhjanpaivainen T
th: LuUN th: ‘?iﬁl‘}lﬁ’ﬁ‘?d
en: light

th: NLARDIGIN

sw: pungufu fi: kaloriton

why multilingual dictionaries were impossible
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63

fr: léger

sw: -a kuchekesha

Dy

fi: tyhjanpaivainen &.;J/.

th: 915819

th: NLARDIGIN

Sw: -enye mwanga fi: valoisa
fr: lumineux th: 8374
fr: léger
sw: -epesi A
light ==
— |
fi: kevyt X &
th: \uUN e
fr: allégé i
sw: pungufu i/ fi: kaloriton

why multilingual dictionaries were impossible
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. \Q/V\\ 1
fr: lumineux ‘ - ’”“\\\\}\gé th: 8374

Sw: -enye mwanga fi: valoisa

fi: kevyt . et : g _ '“ 1 m ’ > ’»/. fi: tyhjanpaivainen
N\ S8 AR (S
th: 1UN b, th: Felsanse
SRS th: fiuAansean

sw: pungufu fi: kaloriton

why multilingual dictionaries were impossible
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light

65



light (not dark) #ﬁ
(l
light (not heavy) &"

<

&

light (not serious) ‘g‘
¢
light (not fattening) of‘
¢

<

how Kamusi makes a multilingual dictionary possible

kamusi ovg

66

SMURF =
N

Spelling/ Meaning —_as, &
Unit Reference .
¢

<

DUCKS = Data
Unified Concept
Knowledge Set
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light (not dark) fr: lumineux

4 o

¢ \
<

light (not heavy)  fr: léger

« ¥

< <

light (not serious) fr: léger SMURF =
< ~ LN

:“ & @'@fﬁ Spelling/ Meaning '
\ \ Unit Reference >
light (not fattening) fr: allégé 2

-

¥ ¥ ¢
: ‘ DUCKS = Data
Unified Concept

Knowledge Set

-

Dywarrywnt org how Kamusi makes a multilingual dictionary possible



68

light (not dark) fr: lumineux Sw:-enye mwanga fi: valoisa th: a’J’N

Oy & O Oy OF

£ €
Ilght (not heavy)
A

light (not serious)

o &
e &

k_m..sa org how Kamusi makes a multilingual dictionary possible
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@5

o — &
e &

light (not dark)

-

¢ ¢
Iigflt (not heavy)  fr:léger

£ *

N ¢

light (not serious)

-

¢

light (not fattening)

how Kamusi makes a multilingual dictionary possible

sw: -epesi

<

fi: kevyt

@

<
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Q ‘Iight (not dark){) o
& &

£ ¢
‘ Ilght (not heavy)
I st’ : {Dtg*

-

Ilght (not serious) fr: Ieger SwW: - kuchekesha fi: éanpalvamen th: Gziﬂvl’iﬁ’l'iu

(@ «

<

o — &
e &

k:_mi org how Kamusi makes a multilingual dictionary possible
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‘Iight (not dark){) N
¥ ®
Iigflt (not heavy)

light (not serious)

¥

¢

-

e 4

¢

light (not fattening) fr: allégé  sw: plmgufu fi: kaloriton
o 8 @
o 3 ¢ 3
£ )

k:_mi org how Kamusi makes a multilingual dictionary possible
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light (not serious) fr:léger sw: - kuchekesha

oy &

£ £

light (not fattening) fr: allégé sw: pungufu

-

72

fi: valoisa th: 8374

light (not dark){}fr: lumineux SWw:-enye mwanga 27

T“? s"l ¢ s" TQ’

light (not heavy)  fr:léger sw: -epesi fi: kevyt the 1WA
‘g‘ {}(‘ Fg’ ﬁi’ ’

(I'

<

fi: kaloriton  th: NLAADIA

“'

<

how Kamusi makes a multilingual dictionary possible

&
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2

light (not heavy) | fr:léger sw: -epesi

‘f J\}Hﬁ*

< <

fr: 1éger (low alcohol)

oy

(‘

<

fr: 1éger (sandy)

“

&

&l

how Kamusi makes a multilingual dictionary possible

fi: kevyt th: tuN

B 2
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light (not dark)

light (not heavy)

light (not serious)

light (not fattening)

how Kamusi makes a multilingual dictionary possible

74



™

kamusi ovg

light (not dark)

light (not heavy)

0000 0 00e

light (not serious)

light (not fattening)

how Kamusi makes a multilingual dictionary possible
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light (not dark)

light (not heavy)

light (not serious)

light (not fattening)

how Kamusi makes a multilingual dictionary possible
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light (not dark)

light (not heavy)

light (not serious)

light (not fattening)

0090 0000

how Kamusi makes a multilingual dictionary possible
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light (not dark)

0000 0 00e

light (not heavy)

light (not serious)

O 000000000

light (not fattening)

t
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Realistic Fantasies about Computation and Translation

e Smurfs and Ducks

November 2020

CENSUS:

¢ 2.099.419 e ~]138.,000 Ducks
Smurfs * 44 Languages 0

S
* 122 Languages <

_/_
kamusi ovg



Realistic Fantasies about Computation and Translation

e Kam4D
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Realistic Fantasies about Computation and Translation

* 4D = Four Dimensional
* Time is the fourth dimension - capacity to treat language e Kam4D - kamu.si/
change and historical languages kam4d .

* Graph database structure for a complete matrix of
human expression across time and space
« the structure is realistic; the final goal is an impossible
aspiration

* Molecular lexicography design

™

Nz
kamusi ovg



light

e Kam4D - kamu.si/
kam4d
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e Kam4D - kamu.si/
kam4d
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e Kam4D - kamu.si/
kam4d
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shape

sound

meaning

relationships

place

time

e Kam4D - kamu.si/
kam4d
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meaning

relationships

e Kam4D - kamu.si/
kam4d
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hita golf ball

.éﬁ
M
\ 8
<

e Kam4D - kamu.si/
kam4d

operate a car herd animals

drives, drove, driving, driven

»%.
7

compel someone
relationships

™

kamusi ovg
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Realjstic Fantasiesgbay Compytation and Translation

e Kam4D - kamu.si/
kam4d

N g™
- 2@

-
&2 Greg McKeen #=
first generation Graph DB

= Sina Mansour

-
P> N e
% second generation Graph DB ) 7. )
a— x N | it
7 a s 4 Learning
‘ §

- Neo4j 3.x

* Molecular lexicography design
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Realistic Fantasies about Computation and Translation

e SlowBrew

89
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Realistic Fantasies about Computation and Translation

* User selects their meaning on the source side (predisambiguation)

+ Users can suggest missing senses ¢ Smll I'fS ‘dIld DUCkS

e Kam4D - kamu.si/

‘ kam4d
Q ‘tfﬁ e SlowBrew

7

<
o

® ,5»
\(’,
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Realistic Fantasies about Computation and Translation

®.5 - Userselects their meaning on the source side (predisambiguation) e Smurfs and Ducks
¢ « Users can suggest missing senses '
& SlowBrew suggests Party Terms (MWEs), or users can mark their e Kam4D - kamu.si/
£ own
* Party Terms are treated as Smurfs in Kam4D kam4d
P » Separated expressions easily conjoined (unlike NMT)
®. parated exp y conj
o * SlowBrew

kamusi ovg



Realistic Fantasies about Computation and Translation

Q .ré’ » User selects their meaning on the source side (predisambiguation) e Smurfs and Ducks
~ « Users can suggest missing senses
e Y gixcf)IVlvBrew suggests Party Terms (MWEs), or users can mark their e Kam4D - kamu.si/
£
* Party Terms are treated as Smurfs in Kam4D kam4d
* Separated expressions easily rejoined (unlike NMT) <5 Py
i * SlowBrew

She drove everyone in her class at school up the wall last night

drove =» drive

- previous <¥ @
- through Kam4D “costumes” -8
* NLP toolkits not available
for most languages
* “drive” triggers search for

/ downstmampaiyiame - Style : « Educational institution T‘f‘

« Group of fish
« final

 Group of thinkers

* night before 4"

kamusi ovg
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=- Microsoft Bing English (detecie v €)) French W

Q)

€ svsran "” English - Detected *~ = French v

J translate
She drove everyone in her Elle a conduit tout le monde

class at school up the wall dans sa classe a lI'école

last night jusqu’a la nuit derniére

school[ U theWall . st night

* Really?
+ How - human reviewers or as is? | Your submission will be sed by Microsoft tranalstor to

Improve translation quality

+ Why do you trust me?

She @f6VE everyone in her class at Elle BifaitigHimperieimur tous les

English

éléves de sa classe hier soir

« Aren't | asking you?

Nice! NMT Victory!

Translate from English (detected) v

She everyone in her class at school up

last night
| Wrong! NMT Defeat.

Try Deepl Pro e Deepl

Into French v Formal/informal v @) Glossary

A

Elle a- tous les éléves de sa classe a

I'école [SGUEMIRGE hier soir

drove =» drive

+ through Kam4D “costumes”

* NLP toolkits not available
for most languages

* “drive” triggers search for
downstream party terms

™

kamusi ovg

» School room ¢4 « Group of thinkers i

« Style ; * Educational institution 7‘9‘

- Social stratus 4 + Group of fish

nool up the wall last night

- final

- night before

s .
* previous 7.'9 T‘f‘
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Realistic Fantasies about Computation and Translation

®.5 - Userselects their meaning on the source side (predisambiguation) e Smurfs and Ducks

¢ « Users can suggest missing senses
@.& ° SlowBrewsuggests Party Terms (MWEs), or users can mark their e Kam4D - kamu.si/

£ own

* Party Terms are treated as Smurfs in Kam4D kam4d

P * Separated expressions easily rejoined (unlike NMT) oF

o ,9’

€  DUCKS finds equivalent term in Language B ¢ * SlowBrew

kamusi ovg
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Realistic Fantasies about Computation and Translation

Q ®.# - Userselects their meaning on the source side e Smurfs and Ducks
‘ (predisambiguation) .
I e tf‘ * Users can suggest missing senses e Kam4D - kamu.si/
* SlowBrew suggests Party Terms (MWEs), or users kam4d
can mark their own .éﬂ 2 . S|
' owBrew
* Party Terms are treated as Smurfs in Kam4D ¢

o & * Separated expressions casily rejoined (unlike NMT)

 Machine learns from context-specific user selections
* Crowdsourced dataset of spelling/meaning annotations
* Al builds from human intelligence on the source-side

kamusi ovg
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Realistic Fantasies about Computation and Translation

e Smurfs and Ducks

e Kam4D - kamu.si/
kam4d

e SlowBrew

» Will users take the timeto ¢
predisambiguate?
* People take time to choose images

Q ®.# Unanswered Questions: .
A2

* Syntax on the target side?
* Outside Kamusi wheelhouse — partners needed

* How to pay for it?




How Al CURED CORONAVIRUS AND DELIVERED
UNIVERSAL TRANSLATION,
AND OTHER MT MYTHS AND MAGIC

martin(@kamusi.org

recommended reading:

> teachyoubackwards.com
e > kamu.si/kamdd
kO\M usl.ovqg

Martin Benjamin

18 November 2020 - Translating and the Computer
ASLING TCA42 online

Keynote Address



