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The state-of-the-art in German-English MT on News

translation is around 42 BLEU.
What is it for English-German?
What is it for Chinese-English”
What is it for French-German?
What is it for Gujarati-English”

What is it for Greek-Swahili?
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What do the ditferent languages
of the world look like”?

Mita tama lause sanoo?
Silantl sia Josi 13ls
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Case Study: Kazakh-English

Oy cennem Hexi bingipeni? what does this sentence mean?

Only 97k parallel sentences

L EN-KK KK-EN

+3.7M more k?y pivoting System  19dev 19test 19dev 19test

through Russian Big 26 19 101 115
+Pivot 149 78 234 198

+Sampling  19.7 10.3 262  28.8

+back-translation DLCL25 205 107 263  29.0

+RPR - - 26.6  30.1

+diSti”atiOn, ensemb”ng +Ensemble  21.3 11.1 26.8 305

Results from: The Niulrans Machine Translation Systems for WMT19, Li et al. 2019


http://anoopkunchukuttan.github.io/indic_nlp_library/

Case Study: translation
between similar languages

Catalan: Qué diu aguesta frase”?
Spanish: ;Qué dice esta oracion?
Galician: Que di esta frase?
Portuguese: O que esta frase diz?

Many similarities to utilize

Let's look at the "similar languages” shared task results



Case Study: Indian
subcontinent

93 IO FTA@? ALl Y 58 B? B8 298, HD Besdges? fea mmr df afdet 37

60 QUaldho af)MIEM alOYN®? g IR RIT Bhedl 8?7 & dIdd BIY U7

&8 °%0 A FeH0D? T TR P HE? OV Dwne sD6es ROBE?

* Phonetic and Orthographic Similarity
* Transliteration and Cognate mining
» Character-level translation

|lssues: text normalization, tokenisation

http://anocopkunchukuttan.github.io/indic_nlp_library/
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Case Study: English-
Chinese
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Character-based decoding can help
when translating to Chinese (Bowden et al, 2019)

what does this sentence mean”?

Very high resource, but:
logographic writing system —> hug
tokenization?

Teacher 2 ]

Student 2
Student 3
i

Teacher 2 |

Best WMT system: The NiuTrans Machine Translation Systems for WMT19, Li et al. 2019


http://anoopkunchukuttan.github.io/indic_nlp_library/

Case Study: English-
Chinese

E oA TERR?
XA T ARR?

Another idea: Modeling sub-character information

what does this sentence mean”?

Neural Machine Translation of Logographic Languages
Using Sub-character Level Information, Zhang and Komachi, 2019.

Semantic Phonetic

Character ) ) Pinyin
ideograph ideograph
3t run ) horse th chu
1 pool IK( 7 ) water th chu
i impose | 5 direction th sh
st loosen =5 bow th chu
ith land 1 soil th dm
X drive h horse X q

Table 1: Examples of decomposed ideographs of Chi-
nese characters. The composing idcographs of differ-
ent functionality might be shared across different char-
acters.


http://anoopkunchukuttan.github.io/indic_nlp_library/

Case Study: English-
Chinese

N = =
EosEeTERRE?
N N1 B9 /4 =z
ﬁ/@ -LI'—Ll /_\E/ /A\/%\/EL‘;E\?

what does this sentence mean”?

Another idea: Modeling sub-character information

Character-level Chinese-English Translation
through ASCII Encoding,
Nikolov et al., 2019.

Figure 1: Overview of the wubi2en approach to
Chinese-to-English translation. A raw Chinese
word (‘%) is encoded into ASCII characters
(‘bd|yad’), using the Wubi encoding method, be-
fore passing it to a Seq2Seq network. The net-
work generates the English translation ‘commit-
ment’, processing one ASCII character at a time.


http://anoopkunchukuttan.github.io/indic_nlp_library/

Case Study: English-

what does this sentence mean”?

Chinese

& 0) A =1

X 0] 1H =1

S

ﬁ/u\/u\

- Vik

/u\/L;\

Another idea: Modeling sub-character information

or even strokes:

Language Word

JP-character J7l 5%
JP-ideograph  JL—H H-I1/])_1

) 1—| T— ] - >
JP-stroke
T 11~ 1

CN-character X 5t
CN-ideograph  JLX HT1/h 1

‘ ) 1~
CN-stroke T ] 1]~ 1
EN landscape

Table 3: The Japanese word JE 5 and Chinese word
X\ both mean “landscape” in English, and they only
differ in the middle part of the first character. Note that
therc are “_1” tags at the ends of some decomposed se-
quences to distinguish between possible duplications.
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Case Study: Arabic

what does this sentence mean? Sdlaadl sia et 13l
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Case Study: Arabic

what does this sentence mean? Sdlaadl sia et 13l

Issue: Root-and-Pattern morphology

Solution: Morphological Analysis and Disambiguation

Input wsynhY Alr}ys Jwlth bzyArp AlY trkyA.

Gloss and will finish the president  tour his with visit to Turkey
English | The president will finish his tour with a visit to Turkey.
ST wsynhY Alr}ys jwlth bzyArp AlY trkyA
D1 w+ synhy Alr}ys Jjwlth bzyArp <lY trkyA
[ D2 w+ s+ ynhy Alr}ys jwlth b+ zyArp <IY trkyA
D3 w+ s+ ynhy Al+r}ys Jwlp +P3ars b+ zyArp <lY trkyA
MR w+ s+ y+ nhy Al+r}ys jwl +p +h b+ zyAr +p <lY trkyA
" EN w+ s+ >NNYvBp +93ps  AITT}ySNN  JWIDNN +Pays b+ zyArpyn  <IYin  UKYANNP

Arabic Preprocessing Schemes for Statistical Machine Translation, Habash and Sadat (2006)



http://anoopkunchukuttan.github.io/indic_nlp_library/
https://pdfs.semanticscholar.org/e0de/d31d9ebab0a0ea0531edd909328b62276324.pdf

Case Study: Arabic

what does this sentence mean”?

tdlaall sia gind 1ike

Preprocessing (tokenization+segmentation):

| Setting | Sentence
#Vocab |SMT,,..,| CI |NMT..,,.,...| CI [ P-value
Raw 331K 52.78 ||£0.98 52.76 + 1.24| 0.412
ATB 208K 5542 || £ 1.07 53.54 + 1.20| 0.002
D3 190K 54.66 ||+ 1.02 53.51 + 1.20| 0.027
Raw+BPE | 20K 5378 ||£1.10 52.41 + 1.17| 0.003
ATB+BPE| 20K 55.64 | +1.11 53.18 + 1.15| 0.001
D3+BPE || 20K 54.59 || £ 1.07 53.38 + 1.16| 0.018

from The Impact of Preprocessing on Arabic-English Statistical and Neural Machine Translation, Oudah et al. 2019



http://anoopkunchukuttan.github.io/indic_nlp_library/
https://arxiv.org/abs/1906.11751

Case Study: Arabic

what does this sentence mean? Sdlaadl sia et 13l

Handling dialectal data:

/"" Dialect ID NMT

iz S 2l 8l
»  Multi- i can explain everything
NMT

Comparing Pipelined and Inteqrated Approaches
to Dialectal Arabic NMT, Shapiro and Duh, 2019.

/
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https://www.aclweb.org/anthology/W19-1424.pdf
https://www.aclweb.org/anthology/W19-1424.pdf

Case Study: Complex
Morphology (e.g. Finnish, Turkish)

What about linguistically-informed segmentation®?

Words He admits to shooting girlfriend
BPE He admits to sho@ @ oting gir@ @ 1@ @ friend

Morfessor He admit@ @ s to shoot@ @ ing girl@ @ friend

Characters | He _admits_to_-shooting_girlfriend

Table 2: Example with different segmentations.

One Size Does Not Fit All: Comparing NMT Representations of Different Granularities,
Durrani et al., 2019


http://anoopkunchukuttan.github.io/indic_nlp_library/
https://www.aclweb.org/anthology/W19-1424.pdf
https://www.aclweb.org/anthology/N19-1154.pdf
https://www.aclweb.org/anthology/N19-1154.pdf

Case Study: African
languages

The most important issue is the
lack of data and standardized evaluation sets.

This Is starting to change, but data can be very noisy

https://github.com/LauraMartinus/ukuxhumana



http://anoopkunchukuttan.github.io/indic_nlp_library/
https://github.com/LauraMartinus/ukuxhumana

Using Related Languages

How can you choose a related language
for cross-lingual transtfer?

1. Intuition (maaaayyybe ok)
2. Geography (could be misleading)
3. lypological Features

NOT SURE IF AFRIKRANS OR DUTCH
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lTypological Features
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| et’s Try it Outl!

langZvec



https://github.com/antonisa/lang2vec

How "fairly” is MT technology
distributed”
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How "fairly” is MT technology
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Latin: We don't need a definite
article!

English: We'll just use the. Simple.

French: Le, la, les. For a bit of
variety.

Ancient Greek: :)

Latin: Oh no.

Ancient Greek: :) :)

English: Don't do it.

Ancient Greek: :) :) :)
French: Why are you like this?

Ancient Greek: o, tT0U, TW, TOV, OL,

twv, tOolg, TOVUC, N, INg, INn, TNV,
aL, taLg, TOC, 1O, TA, TW, TOLV

Ancient Greek: :)



