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Some Facts

BY THE NUMBERS

Papua New Guinea
has the most
9 languages, at

lof the world’s languages

There are over

7,000

languages

Only 23 languages
account for more
than half of the
world’s population.

ABOUT THE ALPHABET

The word “alphabet” is
formed from the first two

Cambodian has
the longest
alphabet with

worldwide. At least half of the

world’s population
is bilingual.

are currently in danger
of becoming extinct.

840

Many linguists believe that

language originated around
100,000 BC.

Spanish

is the 2nd most
spoken
language in

The English language contains
the most words, with over

74 characters.

letters of the Greek
alphabet - alpha and beta.

The Papuan
language of
Rotokas only

has 11 letters in
its alphabet.

CULTURAL FACTS

There are over 200
artificial languages
created for books,
movies, and TV shows.

his Spanish account
has the most followers.

The culinary and
ballet worlds use
mostly French words
and terms.

09
the world.
— s
The Pope tweets in The first printed book
nine languages, but was written in German.
&
v

The Bible is the most trans/ated |
book, followed by Pinocchio. <

The average person only uses a few hundred
words in daily conversation.

9 4 99 250,000
Sy  MORE FUN FACTS e

The first language spoken in i
outer space was Russian.

Physical contact during a conversation is
completely normal when speaking Spanish.

Other than English, French
is the only language that

Cryptophasia is a language phenomenon that only twins can understand.
is taught in every country.

300 4000

Over 300 languages are Spanish contains about
spoken in London alone. 4,000 Arabic words.

&

v
* Learning a second

language can improve
1 the memory and slow
- the process of aging.
_

Twenty-one countries
A have Spanish as their
D official language.

BER About one language
+ 2 becomes extinct
every two weeks.

Source: https://takelessons.com/blog/language-facts-z14 4
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Some Facts

LANGUAGE IN THE AMERICAS

The language of “La Gomera” There are about 24 Argentina has a lot of Welsh e e féﬁ;‘ii’;‘;i
S 24 ficial I 5 e = ! ¥
spoken off the coast of Spain ke g,’:gs;gg;, speakers, du? to settler.s inhabiting Most people Just
consists entirely of whistles. the Europedn tnion, the Patagonia mountains. gssimeitsienglish:
V.
2

°

"% French is the main About 30% of
* foreign language * 3 English words come

b taught in the UK. from French.

. *
Italy has many s
regional dialects, but I
oo 'J the Florentine dialect Italian is @ minority
- was chosen as the language in Brazil.
national language. .
Basque, a language German is the most German words can
spoken in the Pyrenees spoken language have three genders:
mountains, has no in Europe. 20 000 masculine, Hawaiians have over 200
relation to any other ? feminine, gy different words for “rain.” The U.S. has the second
known language. and neuter. More than 1.5 million highest:number:
Americans are native of S ganish e
Over 20,000 new French speakers. ‘ ‘ ‘ zfter Mezico %

French words are - ‘ ‘

created each year.

LANGUAGE IN AFRICA LANGUAGE IN ASIA

Botswana has a language South Africa has the About 3 of all languages People who speak | Hindi didn’t become In Indonesian, “air” Mandarin Chinese
that is "j(a;-'{ek'{'P of five most official languages are from Africa and Asia Chinese use both the official language means “water.” is the most spoken
primary “click” sounds. with 11. comUinec sides of the brain; of India until 1965. language in the

English only uses world.

the left side. —

Japanese uses three
different writing systems: l \
Kanji, Katakana,

and Hiragana.

f

Kinshasa, the capital of the Congo, is the Source: https://takelessons.com/blog/language-facts-z14

world’s second largest French speaking city.
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Some Facts

e How many facts (from above slides) already
you knew ?.

e Do you have any interesting facts about
languages (e.g. Indian languages) to share ?.

Malayalam

1

Image source:
https://en.wikipedia.org/wiki/List_of_languages_by_number_of_native_speakers_in_India 6
#/media/File:Language_region_maps_of_India.svg
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The ethnologue.com website lists over 7000 languages in the world.

Nganasam
Dolgan
Yukaghir
Evenki

I(elindi(

Faroese

Sakha
Evenki

Komimansi Khanty

Uzbek Mongolic
= o SRS Kazakh
iCatala: Uyghur

Kashmiri
Punjabi

English

Javai

The geographical pattern of the major languages of the world.
Source: https://en.wikipedia.org/wiki/Template:Distribution_of_languages_in_the_world

"'..35

Paho
anan

ofesian
Papuan
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Need for Language Resource

e Wikipedia has texts in 313 languages.

e Natural language technology development
depends on large numbers of language
resources (text / speech).

e lLack of language resources affects the
development of natural language
technologies.

The Free Encyclopedia
English Espafiol
6 168 000+ articles 1630 000+ articulos
B&:E Deutsch
1231000+ 505 o 2486 000+ Artikel
Pycckuit @ Frangais
1665 000+ cTaTei § 2 254 000+ articles
Italiano fxx
1639 000+ voci 1150 000+ &8
Portugués Ayl
1044 000+ artigos ilas 1 068 000+
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Corpus

e Corpus (plural corpora) : A collection of linguistic EBEEEE
data, either compiled as written texts or as a . =222 R
transcription of recorded speech. p  EBB8E

e A corpus can be made up of everything from | ... |
newspapers, novels, recipes and radio NaturalLanguageProcessmg
broadcasts to television shows, movies and ~  Corpora
tweets.

e In NLP, a corpus contains text and speech data
that can be used to train Al and machine learning
systems.

e Generally, the larger the size of a corpus, the
better (prioritize quantity over quality).

10
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e High quality data is crucial

o Accuracy | 5
m  Ensurevalues and metadata contained within the corpus are accurate p ;

so the machine learning algorithm can learn to perform a task
efficiently and effectively.

o )
Compl eteness . . Natural Language Processmg
m  Ensuring that the data in the corpus doesn't have any gaps or missing

information. A Corpora :
o Timeliness
m  Making sure the corpus is up-to-date and the data remains relevant.

e C(Clean Data (eliminate any errors or duplicate data)
e Balance

Source:
https://www.definedcrowd.com/the-challenge-of-building-corpus-for-nlp-libraries/ 11



P Twir=]

sssssssssssssssss |

Corpus - How to Build ?

e Data Collection

(@]

(@]
(@]
(@]

Data type

m Text/Image/Speech/Video
Identify source

m  Web, Social Media, Books, Recordings
Web scraping

m Identify URLs (e.g. language, text, tags)
Bots
Optical Character Recognition (OCR)
Extract data

m tools: Python, BeautifulSoup

e Data Processing

o

segmentation, alignment
m  Purnaviram, Hunalign

e Finalization and Release

(@]

(@]
(@]
(@]
(@]

Split train/dev/test set

Baseline

License

Release platform

Share/organize shared task
s WMT, WAT, ICON, etc...

DOCUMENT
SCAN

Image source:
https://medium.com/analytics-vidhya/web-scraping-and-coursera-8db6af45d83f

Ll

-»‘ »@»

SCANNED
IMAGE FILE

TEXT

(Optical Character DOCUMENT

Recognition)

Image source: Image source:
https://medium.com/states-title/using-nlp-bert-to-improve-ocr-accuracy-385c98a
e174c

12
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Motivation

Do Visual Context Disambiguates ?

Caption 1: Two lambs lying in the sun.
Hindi MT: & 98 & §<d T § 35 91T & ¢
Gloss: Two baby sheep are telling lies ...
Selected surrounding captions:

2. Sheep standing in the grass

3. Sheep with black face and legs

4. Sheep eating grass

5. Lamb sitting in grass.

14
s
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Multimodal Corpus

e Multi-modal content is gaining popularity in machine translation (MT)
community due to its appealing chances to improve translation quality.

e It has application in commercial application
o Translation of of image captions in online news article
o Machine translation of e-commerce product listings.

e Although neural machine translation (NMT) models very good for large
parallel texts, some inputs can remain genuinely ambiguous, especially if

the input context is limited.
o Exa:“mouse” in English (source) which can be translated into different words in
Hindi based on the context (e.g. either a computer mouse or a small rodent)

15



P Twir=]

sssssssssssssss ]

Steps (Training and Test)

e The starting point were 31,525 randomly selected images from Visual Genome
We translated all 31,525 captions into Hindi using the NMT model (Tensor-to-Tensor)

e We uploaded the image, the source English caption and its Hindi machine translation
into a “Translation Validation Website"”

e Volunteers post-edited all the Hindi translations.

e We manually verified and finalized the post-edited files to obtain the training and test
data.

16


http://visualgenome.org/
http://ufallab.ms.mff.cuni.cz/~parida/index.html
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Steps (Challenge Test set)

1. Translate all English captions of visual Genome (3.15 million
: unique strings) using Google translate.
P > Tﬁ.nsdlglt;on &) 2. Apply word alignment on the synthetic parallel corpus using
d g-mrneLrrele GIZA++ Wrapper.
VisualGenome Word A*“ e 3. Extract all pairs of aligned words in the form of a “translation
(Giza++ Verapper) dictionary”. Dictionary contains key/value pairs of the English
1 word (E) and all its Hindi translations (H,H,,...H ) E—
Word embedding {H,H,,...H }
(W2V) 4.  Train Hindi word2vec (W2V) word embeddings. We used the
v o gensim implementation and trained it on lITB Hindi
e B e IITB Hindi Monolingual Corpus which contains about 45 million Hindi
Y| Monolingual sentences.
v 5. For each English word from the translation dictionary, get all
C|I<u|\s:lter|ng Hindi translation words and their embeddings.
e ians) 6. Apply K-means clustering algorithm to the embedded Hindi
Cluster Measure words to organize them according to their word similarity.
(Silhoutte, DBI, CHI) 7.  Evaluate the obtained clusters with the Silhouette Score,
+' ' : Davies-Bouldin Index (DBI), and Calinski-Harbaz Index (CHI).
Ambiguous Word List | . | m 8.  Sort the list in descending order to get the most ambiguous
(Mean Score, Sort) AMDIGUOUS words.
Worc? List 9.  Manually check the list and extract the most ambiguous
English words.
Overall pipeline for ambiguous word finding from input corpus 17
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Challenge Test set

Word Segment Count
1 stand 180 English Input: gold religious cross on top of golden ball
> Court 179 Translated Output: i 1 Tig & e W Tgut mjﬁa; o=
3 Players 137 Gloss:  Gold religious cross on top of golden ball
4  Cross 137
5  Second 117
6  Block 116 English Input: a blue wall beside tennis court
7  Fast 73 Translated Output: 2T ®IE & T Tah el AR ¢ |
8 Date 56 Gloss: Blue wall near the tennis court
9 Characters 70
10 Stamp 60
11 English 42 1. < : : :
oy pr English Input:  the tennis court is made up of sand and dirt
il Translated Output: I HIE ¥a 3R g & &+ g
13 Fine 45 . . .
Gloss:  Tennis court is made of sand and dirt
14 Press 35
15 Forms 44
16  Springs 30
17 Models o5 English Input: A crack on the court
18 Forces 9 Translated Output: 3qdd W Tah crack
19 Penalty 4 Gloss: A crack on the judicial court
Total 1400
Challen ge test set: am bi gUuOouUSs WO rds Sample Challenge Test set machine translation output (ENHI Multimodal Task, WAT 2019)

System description paper: Idiap NMT System for WAT 2019Multi-Modal Translation Task 18
s
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Availability

Hindi Visual Genome

Hindi Visual Genome

Hindi-English Multimodal Dataset

https://ufal.mff.cuni.cz/hindi-visual-genome

Hindi Visual Genome 1.0 Hindi Visual Genome 1.1
Used in WAT 2019 Used in WAT 2020,
Using in WAT2021

19


https://ufal.mff.cuni.cz/hindi-visual-genome
https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-2997
https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-3267
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WAT 2019 ENHI Multimodal Task

e English—Hindi multimodal translation task is based on the first
English-Hindi multi-modal corpus (Hindi Visual Genome, HVG in short).
e Multi-modal task is introduced first time in WAT 2019.

Street sign advising of penalty. The penalty box is white lined.

An illustration of two meanings of the word “penalty” exemplified with two

images (Hindi Visual Genome) 20



https://ufal.mff.cuni.cz/hindi-visual-genome/wat-2019-multimodal-task
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Dataset

Tokens
Dataset Items | English Hindi
Training Set | 28,932 | 143,178 | 136,722
D-Test 998 4,922 4,695
E-Test (EV) 1,595 7,852 7,535
C-Test (CH) | 1,400 8,185 8,665

Data for the English—Hindi multi-modal translation task. One item Source Text : Man stand of skateboard
consists of source English sentence, target Hindi sentence, and a Reference : 3T Tahedls W st %'

rectangular region within an image. The total number of English and
Hindi tokens in the dataset also listed. The abbreviations EV and CH are

used in the official task names in WAT scoring tables. llustration of an item

21
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e Text-Only Translation (labeled “TEXT” in WAT official tables) : The task
is to translate short English captions (text) into Hindi. No visual
information can be used. ( need to be specified other resources if used in
the corresponding system description paper).

e Hindi Captioning (labeled “HI”): The task is generate captions in Hindi
for the given rectangular region in an input image.

e Multi-Modal Translation: (labeled “MM”): Given an image, a rectangular
region in it and an English caption for the rectangular region, the task is to
translate the English text into Hindi. Both textual and visual information
can be used.

22
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Results (Manual Evaluation)

e Manual Evaluation follow Direct Assessment (DA) technique by asking
annotator to assign 0-100 for each candidate.
e Collected DA scores averaged for each system and track (denoted “Ave”).
e Standardized per annotator and then averaged (denoted “Ave Z").
O  Scores are scaled, so average score of each annotator is 0 and standard deviation is 1.

Data :CHTEXT_ANNNOTATOR_O

Indicate to what extent each of these candidate translations expresses the meaning of the English source text (independently of the other candidate).

Sentence: 1

SRC Text: the bird is stand on a tree branch

CANDI Text: bR Gt S )

CANDI1 Score: worst best
CAND?2 Text: Sfsmrows s ommr 7 &

CAND?2 Score: worst best

Manual evaluation of text-only translation. 23


http://ufallab.ms.mff.cuni.cz/~parida/watindex.html
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esults (Manual Evaluation)

Data :CHHI_ANNNOTATOR_1 Data :CHMM_ANNNOTATOR 3

Sentence: 1 i i
Is the English text (SRC) a good caption for the highlighted area of the image? : (' Yes (_No
Sentence: 1
SRC Text: Four baseball pl: field.
Indicate how plausible these captions are for the highlighted area of the image. S e payson e

Judge each of the captions independently of the other. Each of the captions may be focusing on a different aspect of the area in the image. Indicate to what extent each of these candidate translations expresses

the meaning of the English source text (independently of the other candidate).

CAND1 Text: e & CANDI Text: &7 7 Tt famrdr

CAND] Score: worst & best CAND1 Score: worst & best

CAND?2 Text: FeaT famrdr nawe § CAND2 Text: AT I THAT fawrar |

CAND2 Score: worst & best CAND2 Score: worst best

Manual evaluation of Hindi captioning. Manual evaluation of multi-modal translation.

24
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Results (Manual Evaluation)

Team ID Data ID Ave Ave Z

IDIAP 2956 72.85 0.70

= Reference 71.34 0.66
2% 683 3285 68.89  0.57
H 683 3286 61.64 0.36
NITSNLP 3299 52.53 0.00
Reference 79.23 0.94

o IDIAP 3277 60.81 0.25

T < IDIAP 3267 60.17 0.25
©OE 683 3284 45.69  -0.28
683 3287 45.52  -0.24
NITSNLP 3300 28.48  -0.81
Reference 70.04 0.60

. 683 3271 69.17 0.61
=3 PUP-IND 3296 62.42 0.35
PUP-IND 3295 60.22 0.28
NITSNLP 3288 58.98 0.25
Reference 75.96 0.76

- 683 3270 54.51 0.08
o8& NITSNLP 3298 48.45  -0.20
PUP-IND 3281 48.06  -0.13
PUP-IND 3280 47.06  -0.17

e Reference 68.80 0.52
mT NITSNLP 3289 51.78  -0.05
e Reference 72.60 0.61
O NITSNLP 3297 44.46  -0.35
683 3304 26.54  -0.94

Manual evaluation result for WAT Multi-Modal Tasks. )5
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HVG Validation

e One of the participant team spotted few error in the HVG dataset.
e We made use of the manual annotations to validate English sources in

HVG.
Source Good? C-Test E-Test
Yes 1586 (78.7 %) 1348 (66.9 %)
No 20 (1.0 %) 46 (2.3 %)
No Answer 410 (20.3 %) 622 (30.9 %)
Total 2016 (100.0 %) 2016 (100.0 %)

Appropriateness of source English captions in the 4032 assessments
collected for the multi-modal track.

26
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Results (WAT2020)

Ignoring Unscored  Unscored = Worst

Team ID Data ID Ave Ave Z Ave Ave Z

e ODIANLP 3711 83.38 0.34 | 78.25 0.53

> < Reference - 82.19 0.29 | 75.14 0.47
=& CNLP-NITS 3897 80.01 0.23 | 70.46 0.37
2019:IDIAP 2019:2956  76.94 0.15 | 67.64 0.30

iiitsc 4030 74.27 0.07 | 58.60 0.07

£ Reference - 88.07 0.47 | 85.44 0.71
T < ODIANLP 3713 75.21 0.08 | 63.60 0.18
© [LE 2019:IDIAP 2019:3277  67.79 -0.10 | 56.29 0.03
CNLP-NITS 3898 59.61 -0.38 | 40.40 -0.36

iiitsc 4031 54.85 -0.53 | 36.78 -0.47
Reference - 86.82 0.45 | 83.82 0.68

E % CNLP-NITS 3896 81.75 0.28 | 73.78 0.43
2019:638 2019:3271  74.82 0.07 | 63.47 0.18
2019:NITSNLP 2019:3288  59.31 -0.39 | 42.88 -0.31
Reference - 90.66 0.53 | 88.53 0.78

E § CNLP-NITS 3894 68.72 -0.11 | 55.80 0.01
2019:638 2019:3270  57.03 -0.45 | 41.79 -0.33

S Reference - 90.26 0.53 | 80.45 0.58
m T~  ODIANLP 3779 47.16 -0.73 | 10.69 -1.10
o Reference - 88.94 0.51 | 78.53 0.53
U T  2019:NITSNLP 2019:3297 58.56 -0.37 | 21.29 -0.84
ODIANLP 3759 52.10 -0.57 | 10.47 -1.11

Manual evaluation result for WAT2020 Multi-Modal Tasks. 27
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Results (WAT2020)

English Input:
Translated Output:
Gloss:

a man trying to cross
Teh STTEH I e BT AL R 26T &

A man trying to cross

English Input:
Translated Output:
Gloss:

the woman is waiting to cross the street
ARl Tgeh UR & & Udilel o @ 21

The woman is waiting to cross the street

English Input:
Translated Output:
Gloss:

the lady appears to be going cross country skiing
e & fob Afgem it whET o @ R

It seems that the lady is going for cross country skiing

English Input:
Translated Output:
Gloss:

a cross sign on top of the tower
2R & i W U UR Tehd
A par sign on top of tower

Sample Challenge Test set machine translation output (ENHI Multimodal Task, WAT 2020)
System description paper: ODIANLP’s Participation in WAT2020

28
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Malayalam Visual Genome (MVG)

e Malayalam Visual Genome (MVG)
has the similar goal as HVG for
Malayalam language.

e MVG is a multimodal dataset
consisting of text and images.

e First Multi-modal dataset in

Malayalam  for  multimodal https://ufal.mff.cuni.cz/malayalam-visual-genome
translation and image captioning
tasks.

e MVG contains 29K segments for
training, 1K and 1.6K segments Malayalam Visual Genome 1.0
are provided in development and
test sets, and additional challenge Using in WAT2021
test set consists of 1.4K
segments.

e Prepared by the native speakers
postediting. 30

Malayalam Visual Genome

English-Malayalam Multimodal Dataset



https://ufal.mff.cuni.cz/malayalam-visual-genome
http://hdl.handle.net/11234/1-3533
https://lotus.kuee.kyoto-u.ac.jp/WAT/WAT2021/index.html
http://ufallab.ms.mff.cuni.cz/~parida/mvg_index.html
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Malayalam Visual Genome (MVG)

Sample items from the randomly selected segments (train/dtest/etest)
Image Image ID X Y Width Height English Text

2323457 20 150 325 121 Many giraffes at a zoo

2335684 61 191 437 182 Fruit stand outside market

Sample item from the challenge test set (chtest)

2372733 26 107 152 218 The tennis court is made up of sand and dirt

Malayalam Text

8@ guuieiviser Mloaiwl el0dagdud

af(@g” aROM” 29389G1M” 0 JOTIEM”

OSMIMN” 6035 MEMEJe BREBSR0 EalBaNmIEM”

31
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Conclusion and Possible Research Direction

e Findings
o Text-only system with larger data outperformed multi-modal systems.
o It has been observed that in many instances image helps to resolve ambiguities.

e Research direction

O Do you think image can helps disambiguation ?. Verify where the machine translation
system fails for the Indian languages. Try to to analyze how to resolve this issue. Can
you able to generate a challenging test set for this ?.

o Can we generate better captions using (HVG/MVG) utilizing the regions ?.

o How to utilize different modalities (text, image, speech) for corpus development ?.

e Going forward...
o Building Multilingual Multimodal Corpus.

32
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Contact information:;

e Email: shantipriya.parida@idiap.ch
e Twitter: @Shantipriyapar3

e Web : https://www.idiap.ch/~sparida/



mailto:shantipriya.parida@idiap.ch
https://www.idiap.ch/~sparida/

Resource

OdiEnCorp 2.0 (Odia-English parallel corpus)

OdiEnCorp 1.0 (Odia-English parallel and Odia monolingual corpus)

Hindi Visual Genome 1.0 (English to Hindi Multimodal dataset)

Hindi Visual Genome 1.1 (English to Hindi Multimodal dataset)
Malayalam Visual Genome 1.0 (English to Malayalam Multimodal dataset)
English->Hindi Machine Translation System

Odia-NLP-Resource-Catalog (A catalog for Odia language NLP resources)

Note: The released corpora are available freely for non-commercial research purpose

36
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https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-3267
http://hdl.handle.net/11234/1-3533
https://lindat.mff.cuni.cz/services/transformer/
https://github.com/shantipriyap/Odia-NLP-Resource-Catalog

Zo GO
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