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Introduction
ST For example, machine translation.

/ rawling
Multilingual
Represent

LASER

Evaluation
gi{l:‘:sf;“ José Salvador Eu até ja assinei a petigdo mas ainda a pouco tempo li que o

J% presidente de junta que roubou e autorizou essa construgéo foi homenageado
t\icﬁi‘mmt pelo povo das Cortes ...ESTRANHO
' | have even signed the petition but | have only recently read that the president

f\:‘(jbnwylwm of the junta who stole and authorized this construction was honored by the
W‘: . people of the cortes... strange

CCMatrix Automatically Translated

WMT/TED

Sitext

Filtering
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Learning from Data

German documents English documents

...Bank.. ‘% ={.bank..}...............
|
........ ( :.Bank.).....‘ﬁ .........(bench.l...‘.ﬁ

Needed: examples of translated sentences
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Introduction Statistical

Machine
Translation

® Given: parallel corpora
(collections of translated sentences)

LASER
Evaluation

e Qutput: machine translation models

Philipp Koehn
® Since ~2000: statistical methods
® Since ~2015: neural methods Neural

Machine
Translation

WikiMatrix
CCMatrix

WMT/TEL
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Data distribution over language pairs

Introduction

Translation quality of 103 bilingual baselines

LASER

Evaluation

High Resource Languages Low Resource Languages
(from Google)
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Introduction

Don't think about algorithms, get more data!

If you want to think, think about getting more data!

Eric Brill, 2001

WikiMatrix
CCMatrix

WMT/TED
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Introduction

Language-agnostic meaning representations.

Interlingua

LASER

Evaluation

o English Chinese

CCMatrix

WMT/TED - - .
Parallel corpora give us two corners of this triangle
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A ELKihi Other Uses of Parallel Data
. Seank
Introduction For example, multi-lingual hate speech detection.
l/
& #15%&!
N

® Annotate an English corpus

Yt ® Train a classifier

CCMatrix

WMT/TED

® But: use language-independent representations of input
(trained on parallel data)
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Corpora and
WEB Crawling

Translation is a common human activity

o Billion dollar industry that

cvin ® |ocalizes products and their documentation

® makes information accessible in many languages

® enables communication in multi-lingual organizations
® translates books, TV shows, movies, ...

We do not need to create this data.
® We just need to find it.
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Large Pools of Data

® For instance, Europarl, 2005
® well structured web site with clear mapping between
translations

® specialized scripts for crawling, text extraction, alignment

® maintained structure: sessions, speakers, paragraphs

Europarl: A Parallel Corpus for Statistical Machine Translation
Koehn, MT Summit 2005

® Other efforts like this
® Project Syndicate (" news commentary”)

® Global Voices
® EU Bookstore
® United Nations

® Acquis Communitaire
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® The web on a hard drive
Corpora and
WEB Crawling ® Extraction pipeline
Dirt Cheap Web-Scale Parallel Text from the Common Crawl,

e Smith, Saint Amand, Plamada, Koehn, Callison-Burch, Lopez,
ACL 2013

detect document pairs based on URL

use HTML structure to check document matches
extract text (in chunks indicated by HTML)
sentence alignment

sentence filtering

WikiMatrix

CCMatrix

WMT/TEL

® Decent amounts: French (120m words), German (80m),
..., Pashto (200k)
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Corpora and
WEB Crawling

® Preview: we wil present methods to extract parallel
LaseR sentences from CommonCrawl
o e CCMatrix: largest collection of high quality mined bitexts

® 4.5 billion parallel sentences in 39 languages
® "matrix": aligned across all pairs, not just paired with

English
® Extraction purely with retrieval over sentence embeddings
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® Crawling the web for parallel data

Corpora and

LAEEIC SR lne ® funding from two Google grants (2014, 2016)
® funding from the EU since 2017
o ® Currently in collaboration with Edinburgh, Alicante,

Prompsit, TAUS, Omniscien Technology
= Corpora with billions* of words for major languages

e * amounts vary based on degree of filtering — for German—English,

AT raw corpus has 4 billion sentence pairs, recommended corpus only 40

million deduplicated sentence pairs)
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Processing Pipeline

Identifying multi-lingual web sites
Crawling

Text extraction from HTML and PDF
Document alignment

Sentence alignment

Sentence pair repair (Bifixer)

Sentence pair filtering

Identification
of Web Sites
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Corpora and ® Extracted all text from CommonCrawl

K ® Language ID on all of it
N-gram Counts and Language Models from the Common
o Crawl, Buck, Heafield, Van Ooyen, LREC 2014
= List of web sites with content in multiple languages
CommonCrawl has 1.6 million domains with de-en data,

1.7 million for es-en, etc.

e Search for language name (" Chinese") or flags (en.gif)

WikiMatrix

o ® For low resource languages, crawl all web sites with

language content
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Wi ® Several off-the-shelf tools available
® HTTrack: multi-platform tool for crawling
® Heritrix: Internet Archive's web crawler
® Creepy: Python library with basic resources for crawling
® Wget: popular Unix tool

LASER

® Many practical problems

® |arge sites

® protected content

® interference with web server operations
® robots.txt
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Extract text
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P. Koehn,
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Corpora and

WEB Crawling ° Raw CranS: HTML, TXT, PDF, junk

e ® Converted into usable format, for each document
e URL

® language identification

® raw HTML (base64)

® extracted text (base64)

WikiMatrix

Cemauis ® Special challenges by formats such as PDF

WMT/TEL
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Introduction

Corpora and LINUX HOW-TO & TUTORIALS

SHELL SCRIPTS

FORUMS HOME

ABOUT CONTACT US

WEB Crawling
Multilingual
Represent.
LASER
Evaluation
Document
Retrieval
- Bash Shell: Find Out Linux / FreeBSD / UNIX
Alignment System Load Average
Global . . L B
Alignment
WikiMatrix Y es, | know we can use the uptime command to find out the system load average. The
CCMatrix uptime command displays the current time, the length of time the system has been up, < L] nixCraft
WMT/TED the number of users, and the load average of the system over the last 1, 5, and 15 minutes. g+ Folo
+
. However, if you try to use the uptime command in script, you know how difficult it is to get ollow 1
B.ltexF correct load average. As the time since the last, reboot moves from minutes, to hours, and an
Filtering even day after system rebooted. Just type the uptime command:

$ uptime LATEST LINUX/UNIX Q & A

How To Patch and Protect OpenSSL Vulner
CVE-2015-0291 CVE-2015-0204 [ 19/Marchy
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HTML Source

Ludu-dveidye. [LiL#FLOmmenLs TEL= 1UIVLLUW 20 LUNIMENLSS</a></SpPal>aiiLuuuL; <Spalli>LAd| UruAICY
<abbr

class="updated" title="2013-08-08">August 8, 2013</abbr><span><p

eadline_meta'> in <span><a
rel="tag' href="http://www.cyberciti.biz/tips/category/linux'>Linux</a>, <a

rel="tag' href='http://www.cyberciti.biz/tips/category/monitoring'>Monitoring</a>, <a
rel="tag' href='http://www.cyberciti.biz/tips/category/sys-admin'>Sys admin</a></span>
</p></div><div

class="format_text entry-content"><p><span

class="drop_cap">Y</span>es, I know we can use the <kbd>uptime</kbd> command to find out the
system load average. The uptime command displays the current time, the length of time the
system has been up, the number of users, and the load average of the system over the last 1,
5, and 15 minutes. However, if you try to use the uptime command in script, you know how
difficult it is to get correct load average. As the time since the last, reboot moves from
minutes, to hours, and an even day after system rebooted. Just type the uptime command:<br

/> <span

id="more-631"></span><br

/> <code>$ uptime</code><br

/> Sample outputs:</p><pre>1:09:01 up 29 min, 1 user, load average: 0.60, 0.00, 0.00</pre>
<p>0R<br

/> <code>$ uptime</code><br

/> Sample outputs:</p><pre>2:13AM up 34 days, 16:15, 36 users, load averages: 1.56, 1.89,
2.06</pre><p>Traditionally, UNIX administrators used sed and other shell command in scripting
to get correct value of load average. Here is my own modified hack to save the time<br

/> <code>$ uptime | awk -F'load averages:' '{ print $2 }'</code><br

/> OR better use the following code:<br

/> <code>$ uptime | awk -F'[a-z]:' '{ print $2}'</code><br

/> Output taken from my <strong>0S X desktop</strong>:</p><pre> 1.24 1.34 1.35</pre><p>0utput
taken from my <strong>Ubuntu</strong> Linux server:</p><pre> 0.60, 0.01, 0.05</pre><p>Output
taken from my <strong>RHEL</strong> based server:</p><pre> 0.24, 0.27, 0.21</pre><p>0utput
taken from my <strong>FreeBSD</strong> based server:</p><pre> 0.71, 0.71, 0.58</pre><p>Please
note that command works on all variant of UNIX operating systems.</p><h2>See also</h2>
<ul><li>See <a
href="http://bash.cyberciti.biz/monitoring/chksysload.bash.php">chksysload.bash</a> script to
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Method 1: Strip Tags

LAST UPDATED August 8, 2013 in Linux , Monitoring ,| Sys
admin Y es, I know we can use the uptime command to find
out the system load average. The uptime command displays
the current time, the length of time the system has been
up, the number of users, and the load average of the
system over the last 1, 5, and 15 minutes. However, if
you try to use the uptime command in script, you know how
difficult it is to get correct load average. As the time
since the last, reboot moves from minutes, to hours, and
an even day after system rebooted. Just type the uptime
command: $ uptime Sample outputs: 1:09:01 up 29 min, 1
user, load average: 0.00, 0.00, 0.00
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A ELKishky, Method 2: HTML Parser
P. Koehn,
H. Schwenk
LAST UPDATED August 8, 2013
Corpora and . . . . -
WEB Crawling in Linux, Monitoring, Sys admin
Y
es, I know we can use the uptime command to find out the system
Lo load average. The uptime command displays the current time, the

Evaluation

length of time the system has been up, the number of users, and
the load average of the system over the last 1, 5, and 15
minutes. However, if you try to use the uptime command in
script, you know how difficult it is to get correct load
average. As the time since the last, reboot moves from minutes,
to hours, and an even day after system rebooted. Just type the
uptime command:

$ uptime
Sample outputs: 1:09:01 up 29 min, 1 user, load average: 0.00,
0.00, 0.00
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AT /TEL

What Language?

Muitas intervengdes alertaram para o facto de
a politica dos sucessivos governos PS, PSD e
CDS, com cortes no financiamento das
instituicdes do Ensino Superior e com a
progressiva desresponsabilizagado do Estado
das suas fungdes, ter conduzido a uma
realidade de destruigdo da qualidade do Ensino
Superior publico.
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Corpora and

\WEB Crawling Muitas intervengdes alertaram para o facto de
a poljtica dos sucessivos governos PS, PSD e
s CDS, com cortes no financiamento das
instituicdes do Ensino Superior e com a
progressiva desresponsabilizagdo do Estado
das suas fungdes, ter conduzido a uma
realidade de destruicdo da qualidade do Ensino
Superior publico.

WMT/TEL
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Sféréorgr:ﬁng ® Paracrawl method
® translate foreign document into English
® score based on n-gram matches
o ® matching of URL
® other features
Quick and Reliable Document Alignment with TF/IDF Cosine
Distance, Buck and Koehn, WMT 2016

® Shared task WMT 2016

i ® n-gram matches on (translated) documents powerful
WMT/TEL
® only very recently more research on topic
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“The man looks intently at the window:

Align Sentences

[® Der Mann schaut aus dem Fenser.
|- Er sieht einen Schatten In den Baumen,
Was war das?

He is alarmed and awake.

Ie &rwar alamiert und wach.

He has long ived in the woods, ~ @———
Heo likes the isolation and solitude of his house.

Er hat schon lange im Wald gelebt.
Er

Hoomal, ooy R W pomatn
— e s ontern
e po—

Itjustafter dusk.

Er geht dorthin nur einmal in Monat

—
Thehotsun fnally set. ®———— |

Es st nach der Untergang
Der Wald s voller Geschwatz.

in chatter. -—

Stimmen von Vogeln und Insekten dringen herber.

The
Voices of birds and insects fll the air.  @———

Aber der Schatten war groBer als diese Tiere.

Nur Kleingetier lebt hier.

g
Only It creatures live here, not this.

It soemed -—

Nicht soetwas Grofes.

Butwhythat? e—

Es 910 wie ein Mensch.
Aber warum, wenn hier niemand jomals herkommt?

hero, e———

Der Mann schaut,

Astho d,

Sein Augen aus dem Fenster geriche.

Butthen, moonlt, it returs.

Minuten vergehen, aber nichs passiert.

Dann pidtzlich kehrt e im Mondschein zurdck.

Given: pair of documents

Task: match sentence

Allow 1-2 mappings etc.?

Reordering of sentences?

Several established tools (Hunalign, Bleualign, ...)
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® Two objectives for clean corpus

Fluency
® well-formed language

LASER

Evaluation

Adequacy
® foreign and English sentence have same meaning, style, etc.

® Open question: what is harmful noise?
Shared tasks at WMT 2018-2020
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HF," chﬁ!:,’k https://github.com/bitextor/bitextor

Introduction

Corpora and
WEB Crawling

Multilingual
Represent.

LASER

Evaluation

e Bitextor: Integrated tool
to execute entire pipeline

Document
Retrieval

Local
Alignment

Global ® Pipeline management
Alignment N . .
Wikt for distributed computation
CCMatrix

WMT/TED

Bitext
Filtering
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el ® 7 111 living languages
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Represent.
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® 23 languages account
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Native speakers

DA
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Introduction

7 111 living languages Native speakers

Corpora and

WEB Crawling ® 40% are endangered
Multilingual
Represent. ® 23 languages account

e for half the population
MT: < 100 languages

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

= = - = = 9acn
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C d
WEB Crawling ® 40% are endangered
Muiltili |
HelliEs ® 23 languages account
LaseR for half the population
Evaluation
Document o MT: < 100 |anguages
Retrieval
L ® Almost all NLP
- o
Alignment applications are mostly
- English (classification,
e sentiment analysis or
whT/TED NLI, Q&A, dialog, ...)
Bitext
Filtering
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Introduction ° 7 111 I|V|ng Ianguages Natlve speakers

Corpora and

WEB Crawling ® 40% are endangered

e ® 23 languages account

LaseR for half the population

Evaluation

Document ° MT < 100 |anguages

Retrieval

L ® Almost all NLP

Alignment applications are mostly

- English (classification,

e sentiment analysis or

whT/TED NLI, Q&A, dialog, ...)

S = Input in foreign language is translated into English

Qe

36 /258
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The dog is brown, —> 1 want to call you. I want to call you.
The dog is brown.
Multilingual Le chien est brun.
IR 1love eating. | | I enjoy food a lot. 1love eating. I enjoy food a lot.
LASER
Evaluation
Motivation
® Try to embed sentences written in many languages into
one joint space

S = cross-lingual transfer for various NLP applications
WMT/TED ® benefit of similarities among languages
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The dog is brown, —> 1 want to call you. I want to call you.
The dog is brown.
Multilingual Le chien est brun.
IR 1love eating. | | I enjoy food a lot. 1love eating. I enjoy food a lot.
LASER
Evaluation
Motivation
® Try to embed sentences written in many languages into
one joint space

S = cross-lingual transfer for various NLP applications
WMT/TED ® benefit of similarities among languages

® This gives us a highly semantic representation
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The dog is brown, —> 1 want to call you. I want to call you.
The dog is brown.
Multilingual Le chien est brun.
IR 1love eating. | | I enjoy food a lot. 1love eating. I enjoy food a lot.
LASER
Evaluation
Motivation
® Try to embed sentences written in many languages into
one joint space

S = cross-lingual transfer for various NLP applications
WMT/TED ® benefit of similarities among languages

® This gives us a highly semantic representation

= Sentences with similar meaning are close
(mono- or cross-lingual)
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The dog is brown. - 1 want to call you. > I want to call you.
The dog is brown.
Multilingual Le chien est brun.
Represent. Ilove eating. | | I enjoy food a lot. | e 1 enioy food a lot.
LASER
Evaluation
Applications:

® zero-shot transfer
Wit ® bitext mining and filtering
CCMatrix . . R
W /TED ® |arge-scale similarity search

® paraphrasing

® data augmentation
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The dog is brown. - 1 want to call you. > I want to call you.
The dog is brown.
MUlt”innga' Le chien est brun.
Represent. Ilove eating. | | I enjoy food a lot. lies sty 1 enjoy food a lot.
LASER
Evaluation
Applications:

® zero-shot transfer
T ® bitext mining and filtering
CCMatrix . . R
W /TED ® |arge-scale similarity search

® paraphrasing

® data augmentation
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Some approaches:

Multilingual ° MUSE
Fff';':se"" ® unsupervised multilingual word embeddings
Flaen e LASER
® supervised multilingual sentence embeddings
o XLM

® unsupervised multilingual sentence embeddings

® Sentence BERT

® fine-tuned for linguistic similarity

WMT/TED
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Some approaches:

Multilingual ° MUSE
Ffi';’:se"" ® unsupervised multilingual word embeddings
Flaen e L ASER
® supervised multilingual sentence embeddings
o XLM

® unsupervised multilingual sentence embeddings

® Sentence BERT

® fine-tuned for linguistic similarity

WMT/TED
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Multilingual Principle

Represent.
LASER

Evatution ® Learn multilingual word embeddings
without any aligned data
e fastText embeddings aligned in a common space
® |earn transformation of space X to Y

e A Conneau et al.,
o Word Translation Without Parallel Data, ICLR'18

CCMatrix
WMT/TED

® https://github.com/facebookresearch/MUSE
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Cross-lingual

Mining .

A ELKishky LASER: Architecture

P. Koehn,

H. Schwenk ‘r ENCODER ”\}Lj‘ ‘( DECODER \\}
I max pooling | I va </s>
H srLsTM }‘:,( B\LSTM i B\LSTM ) ! t + !
i n ! mm«xm U | =
| I
3 [ BiLSTM )‘__,( E\'ISTM )‘; :( BilSTM ] i H T’[ IS H i ]_' 4-[ LS;M ] i
R i w 3 \
i ( BPE:mh ] ( BPE:mh ] [Tspeems | i % [‘e“‘]BPE[ J [“"']BPE[ 4 [se"“lB:Ell‘ﬂ] i
\ X % <> ) - A P

LASER

Evaluation

Seq2seq approach with one joint encoder and decoder

® Based on fairseq
® Shared encoder and decoder for several languages
® No attention, but max-pooling

® Sentence representation is used at the input at each time
step and to initialize decoder

Also target language embedding
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N LASER: Architecture
P. Koehn,
H. Schwenk ‘( ENCODER ”\‘Lj‘ ( becoper \w‘
! max pooling ! ‘ i y </5> !
% ( srlsTM T—_—( BwLSrM =] B‘LSTM ) % i i [Hwﬂ:axm [H;uﬂfmaxH] [Hsnﬁmaxm i
i [ BiL:TM )‘__,( E\'IS;M )‘_7 :( Bil:fM ] i : T’[ L‘? H ? ]_' 4-[ ] i
i [ BPE emb ] [ BPE emb ] [ BPE emb ] i : i [‘e“‘IBPEI“J [“"']BPE[ 4 [se"‘lBPEllﬂ] i
Lk % &) . J
LASER
Training strategies
e N:1 translation is enough to learn a joint embedding
® No explicit criterion to enforce joint embedding
® ranking loss
WiiMat ® GAN to predict language
CCMatrix [

WMT/TEL
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H. Schwenk ‘( ENCODER ”\‘Lj‘ ( becoper \w‘
| ‘max pooling } i i v </s> i
e o B 3[\\mm = : D
3 [ BiL:TM }‘__,( E\'IS;M )‘_7 :( Bil:fM ] i : T’[ IS H ]_' 4-[ LS;M ] i
i (opeemd | meeems | [Tspeems | i : i [‘e“‘]BPE[ J [“"']BPE[ 4 [se"‘lB:Ell"‘] i
LASER
Training strategies
e N:1 translation is enough to learn a joint embedding
® No explicit criterion to enforce joint embedding
® ranking loss
WiVt ® GAN to predict language
CCMatrix [

WMT/TEL

e But N:1 doesn't cover target language (English)
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LASER

LASER: Architecture

‘r ENCODER [ sentemb  J----------no- boeen ( becoper !
max pooling [ ! . > |
i ( srlsm }‘:,( mmM = ‘:.( B\LSTM ) | i v yf /f !
} P [Hmﬂmﬂxm IE s ] [HS““;“E*H] |
I | I
i [ BiL:TM }‘__,( EfliTM )‘_7 :( BilSTM ] i i T’[ IS H ]_' 4-[ LS;M ] i
i (opeemd | meeems | [Tspeems | ! i [‘e ‘]BPEI J [“"']BPE[ 4 [se"‘]BPE[ J !
Lk % &) - J

Training strategies

N:1 translation is enough to learn a joint embedding
No explicit criterion to enforce joint embedding

® ranking loss
® GAN to predict language

But N:1 doesn't cover target language (English)
Limited success with (noisy) autoencoder
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LASER

LASER: Architecture

‘r ENCODER [ sentemb  J----------no- boeen ( becoper !

T I . |

i ( EILSTM }‘:,( mmM = ‘:.( B\LSTM ) | i v yf /f !

} P [HSL’"WH] IE s ] [HS““;“E*H] |
I | I

i [ BiLSTM }‘__,( E\'ISTM )‘_7 :( BilSTM ] i : T’[ IS H ]_' 4-[ LS;M ] i

T T Do |

i (opeemd | meeems | [Tspeems | ! i [‘e ‘]BPEI J [“"']BPE[ 4 [se"‘]BPE[ J !

Lk % &) - J

Training strategies
® How to have a language at the input and output ?
® in the past: N — (N-1)
® Two target languages are enough

® English and Spanish
® independently aligned
® not all input languages need to be aligned to both

® |anguage pair is changed at each mini-batch

® Trained on 223M sentences of public bitexts

49 /258



Cross-lingual
Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

LASER

LASER: Architecture

‘r ENCODER _ 7777777777777 boeen ( DECODER !
! i L ” w
% ( ErLsTM )‘—_—( mmm = ‘S( mstM ) % | 3 [HsmmaxH] e ﬂf o [Hsnﬁ}\ax“] i
i [ BiLSTM )‘__,( E\'ISTM )‘_7 :( BilSTM ] i ; T’[ IS H ]_' 4-[ LS;M ] i
| f t [ | !
TR [Tspeems | ! ! [‘e ‘]BPEI J [“"']BPE[ 4 [se"‘]BPE[ J !
LT i sl L )
Encoder

® 5 layer BiLSTM (depth helps !)

® No information on input (or target) language

® Shared BPE tokens, 50k BPE operations

® No pretraining of BPE embeddings

® The training procedure makes no assumption on the

encoder:
= transformers, convolutional,
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Mining ..

A Ebishiy LASER: Training languages

P. Koehn,

H. Schwenk
Afrikaans Albanian Ambharic Arabic Armenian Aymara Azerbaijani
Basque Belarusian Bengali Chavacano Chinese mandarin Coastal
Swahili Croatian Burmese Bokma Berber languages Norwegian
Breton Bulgarian Catalan Central Khmer Bosnian Czech Danish

LASER Dutch English Esperanto Estonian Finnish French Galician

e Georgian German Greek Hausa Hebrew Hindi Hungarian
Icelandic  Interlingua Interlingue Ido Indonesian Iranian Persian
(Farsi}) Italian Japanese Kabyle Kazakh Korean Kurdish Latavian
Latin Lingua Franca Nova Lithuanian Low German/Saxon Macedonian
Malay Malagasy Malayalam Marathi Maldivian (Divehi) Moldavian

BT Russian Romanian Occitan (post 1500) Oriya Polish Portugues

iﬁ’;’*:"!‘;D Serbian Sindhi Sinhala Slovak Slovenian Somali Spanish Swedish

Tagalog Tajik Tamil Tatar Telugu Thai Turkish Uighur Ukrainian
Urdu Uzbek Vietnamese Wu Chinese Yue Chinese
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LASER

Evaluation

WikiMatrix

cci

trix

WMT/TED

LASER: Training languages

22 different writing scripts:

Arabic plall (9 Sl o xasll Jlia. Hebrew 071Y2 NI2Y NISY v,

Armenian Whwphnid pwwn jignilitin yub: | Kanjii HFRIZIZ K SADFHES DD £,
Burmese momeqlopgmanenmidigrgdlosuy |Khmer wsmanmigsisiiGianinn
Chinese 3 FERLZES. Latin There are many languages in the world.
Cyrillic B M#pe MHOTO S3bIKOB. Malayalam | GRIOSOI@ @OEM S0 BIHMUB DENE.
Devanagari | T % % *TWTC 81 Persian 313 3525 Olez L> ol sbo 0L
Eastern-Nagari | 739 SI(7% ST SICR| Sinhala ecimed 3 20023 BB,

Ge'ez NWI° 0T Ak TP T Ade, Tamil 206 U QuonPlase 26T,

Georgian Abmxmomdo d9300 gbos. Telugu $30306" &35 grien dmmon.

Greek Yrépyouv moAéq yAGooeg otov kopo. | Thaana No free translation for Maldivian (Dhivehi)
Hangul AAlol = B2 lof7} 9& ) Thai finananwntulanil

One single encoder can handle all these scripts

All these sentences are close in the embedding space

It is not necessary to specify the language or script

Code-switching is also supported
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LASER

WikiMatrix
CCMatrix

WMT/TEL

LASER toolkit

Massively Multilingual Sentence Embeddings for Zero-Shot
Cross-Lingual Transfer and Beyond. Trans. Assoc. Comput.
Linguistics 7: 597-610 (2019)

Well established in community, academia and industry

https://github.com/facebookresearch/LASER/

M. Artetxe and H. Schwenk, Massively Multilingual
Sentence Embeddings for Zero-Shot Cross-Lingual
Transfer and Beyond, TACL'19 and arXiv'18

Fast and easy to use (2000 sentences/sec)

One model for many applications

Current SOTA for filtering and mining bitexts
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Cross-lingual

Mining . . . .
A EbKishi Applications of Multilingual Embeddings
P. Koehn,
H. Schwenk ® Zero-shot transfer in NLP
® Use ML embeddings to train English NLP system
= apply it to other languages without any modification
® classification, NLI, QA, ...

CCMatrix

WMT/TED
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A EbKishi Applications of Multilingual Embeddings
P. Koehn,
. Schvenk ® Zero-shot transfer in NLP
® Use ML embeddings to train English NLP system
= apply it to other languages without any modification
® classification, NLI, QA, ...
® Bitexts mining and filtering
Evsation ® sentence similarity ~ distance in joint space

WikiMatrix
CCMatrix

WMT/TED
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LASER

Evaluation

WikiMatrix
CCMatrix

WMT/TED

Applications of Multilingual Embeddings

® Zero-shot transfer in NLP
® Use ML embeddings to train English NLP system
= apply it to other languages without any modification
® classification, NLI, QA, ...
® Bitexts mining and filtering
® sentence similarity ~ distance in joint space
® | arge-scale similarity search

® index many sentences, search for closest ones
® paraphrasing, data augmentation, ...
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LASER

Evaluation

WikiMatrix
CCMatrix

WMT/TEL

Applications of Multilingual Embeddings

® Zero-shot transfer in NLP
® Use ML embeddings to train English NLP system
= apply it to other languages without any modification
® classification, NLI, QA, ...
® Bitexts mining and filtering
® sentence similarity ~ distance in joint space
® | arge-scale similarity search
® index many sentences, search for closest ones
® paraphrasing, data augmentation, ...
We always use the same LASER sentence
embeddings, no task-specific fine-tuning
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Mining .
A EbKishi XNLI: Cross-Lingual NLI
P. Koehn,
. Schwen . .
H: Sehnenk ® Fixed LASER embeddings
e NLI classifier trained on English only

WMT/TED
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Cross-lingual
Mining

XNLI: Cross-Lingual NLI

® Fixed LASER embeddings

e NLI classifier trained on English only

A. El-Kishky,
P. Koehn,
H. Schwenk

® Zero-shot transfer to any language supported by LASER

LASER

Evaluation

WikiMatrix
CCMatrix

WMT/TED
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Cross-lingual

e XNLI: Cross-Lingual NLI

P. Koehn,

H: Senmen * Fixed LASER embeddings
e NLI classifier trained on English only
® Zero-shot transfer to any language supported by LASER
® We can arbitrarily combine sentence in any language

CCMatrix ai Neutral

WMT/TED
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LASER

Evaluation

WikiMatrix
CCMatrix

WMT/TED

Bitext Mining Approach

Margin criterion

Semantic similarity o< distance
= mine parallel sentences

margin(x, y)

- cos(x, y)
oy cesbez) g cosly2)
2k 2k
zENN,(x) z€NNg(y)

(Artexe and Schwenk, arXiv Nov'18 and ACL'19)
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LASER

Evaluation

CCMatri

WMT/TEL

Results for 93 Languages: BUCC

TRAIN

TEST

de-en fr-en ru-en zh-en

de-en fr-en ru-en zh-en

Azpeita et '17 83.3 78.83 - -
Grégoire&lLanglais '17 - 20.7 - -
Zhang & Zweigenbaum '17 - - - 43.48
Azpeita et al. '18 84.3 80.6 809 76.5
Bouamor & Sajad '18 - 75.2 - -
Leong & Chao '18 - - - 58.5
Schwenk ACL’18 76.1 749 733 71.6

Artetxe&Schwenk arXiv'18 94.8 91.9 90.9 91.0

83.7 795 - -
- 20 - -
- - - 45.13
85.5 815 81.3 775
- 76.0 - -

56

769 758 73.8 71.6
95.6 92.9 92.0 92.6

Proposed method 95.4 924 92.3 91.2

96.2 93.9 93.3 92.3

e Significantly outperforms other systems of the BUCC eval
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Results for 93 Languages: BUCC

TRAIN

TEST

de-en fr-en ru-en zh-en

de-en fr-en ru-en zh-en

Azpeita et '17 83.3 78.83 - -
Grégoire&lLanglais '17 - 20.7 - -
Zhang & Zweigenbaum '17 - - - 43.48
Azpeita et al. '18 84.3 80.6 809 76.5
Bouamor & Sajad '18 - 75.2 - -
Leong & Chao '18 - - - 58.5
Schwenk ACL’18 76.1 749 733 71.6

Artetxe&Schwenk arXiv'18 94.8 91.9 90.9 91.0

83.7 795 - -
- 20 - -
- - - 45.13
85.5 815 81.3 775
- 76.0 - -

56

769 758 73.8 71.6
95.6 92.9 92.0 92.6

Proposed method 95.4 924 92.3 91.2

96.2 93.9 93.3 92.3

e Significantly outperforms other systems of the BUCC eval

® New system trained on 93 languages is better than
dedicated system, limited to eval languages
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LASER

Evaluation

WikiMatrix
CCMatrix

WMT/TED

Generalization to New Languages

System trained on the 21 languages of Europarl

De-En  Fr-En

State-of-the-art  85.5 81.5
Our approach 95.6 92.9
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Evaluation

WikiMatrix
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WMT/TEL

Generalization to New Languages

System trained on the 21 languages of Europarl

De-En  Fr-En  Ru-En

State-of-the-art  85.5 81.5 81.3
Our approach 95.6 92.9 62.0

® Good performance on Russian (precision=80%)
although Russian was not used during training
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WikiMatrix
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Generalization to New Languages

System trained on the 21 languages of Europarl

De-En  Fr-En  Ru-En

State-of-the-art  85.5 81.5 81.3
Our approach 95.6 92.9 62.0

® Good performance on Russian (precision=80%)
although Russian was not used during training

= Very promising to mine data for dialects and minority
languages which are in the same family than a trained
language, Gallician, Nepali, ...

66 /258



Cross-lingual
Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

LASER

Evaluation

WikiMatrix
CCMatrix

WMT/TEL

Results for 93 Languages: Bitext Filtering

WMT'19: Bitext filtering for low-resource conditions
® Filter very noisy Paracrawl crawled bitexts (40-60M)
e Evaluation by training SMT and NMT systems:
® Train: En/Ne (586k), En/Si (645k) + En/Hi (1.5M)

Ne/En 1M Ne/En 5M Si/En 1M Si/En 5M
SMT | NMT | SMT | NMT | SMT | NMT | SMT | NMT

LASER 4.21 | 6.88 | 4.63 284 | 427 | 6.39 | 494 | 4.02
2nd  4.10 548 | 4.74 | 3.43 | 419 4.97 462 | 4.44
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Results for 93 Languages: Bitext Filtering

WMT'19: Bitext filtering for low-resource conditions
® Filter very noisy Paracrawl crawled bitexts (40-60M)
e Evaluation by training SMT and NMT systems:
® Train: En/Ne (586k), En/Si (645k) + En/Hi (1.5M)

Ne/En 1M Ne/En 5M Si/En 1M Si/En 5M
SMT | NMT | SMT | NMT | SMT | NMT | SMT | NMT

LASER 4.21 | 6.88 | 4.63 284 | 427 | 6.39 | 494 | 4.02
2nd  4.10 548 | 4.74 | 3.43 | 419 4.97 462 | 4.44

e Overall best results by significant margin (+25%)
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aevamy, RResUlts for 93 Languages: Bitext Filtering

P. Koehn,
H. Schwenk

WMT'19: Bitext filtering for low-resource conditions

® Filter very noisy Paracrawl crawled bitexts (40-60M)
e Evaluation by training SMT and NMT systems:
® Train: En/Ne (586k), En/Si (645k) + En/Hi (1.5M)

LASER

Evaluation

Ne/En 1M Ne/En 5M Si/En 1M Si/En 5M
SMT | NMT | SMT | NMT | SMT | NMT | SMT | NMT

LASER 4.21 | 6.88 | 4.63 284 | 427 | 6.39 | 494 | 4.02
2nd  4.10 548 | 4.74 | 3.43 | 419 4.97 462 | 4.44

WikiMatrix
CCMatrix

e Overall best results by significant margin (+25%)
® Good filtering is more important for NMT than SMT
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Results for 93 Languages: Bitext Filtering

WMT'19: Bitext filtering for low-resource conditions
® Filter very noisy Paracrawl crawled bitexts (40-60M)
e Evaluation by training SMT and NMT systems:
® Train: En/Ne (586k), En/Si (645k) + En/Hi (1.5M)

Ne/En 1M Ne/En 5M Si/En 1M Si/En 5M
SMT | NMT | SMT | NMT | SMT | NMT | SMT | NMT

LASER 4.21 | 6.88 | 4.63 284 | 427 | 6.39 | 494 | 4.02
2nd  4.10 548 | 4.74 | 3.43 | 419 4.97 462 | 4.44

® Overall best results by significant margin (+25%)
® Good filtering is more important for NMT than SMT

® Vishrav et al, Low-Resource Corpus Filtering using
Multilingual Sentence Embeddings, WMT'19
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Introduction

Corpora and
WEB Crawling

Multilingual
Represent
LASER

Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

XLM: Architecture

Nodeing ey~ @
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Multilingual extension of BERT
® Unsupervised: Masked LM training (MLM)
® Joint BPE or SentencePiece vocabulary
e Supervised: Cross-Lingual LM training (CLM)

® attention can attend words in either language which
encourages alignment
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A ELKishky, XLM: Applications
P. Koehn,
H. Schwenk
Results
® Trained unsupervised on 2.5 billon sentences of CC
® Supports 100 languages, very strong results on many
English and cross-lingual tasks (GLUE, XNLI, ...)
VSR ® generally task specific fine-tuning

Evaluation

® G. Lample and A. Conneau,
Cross-lingual Language Model Pretraining, NIPS'19

e A. Conneau et al.,
Unsupervised Cross-lingual Representation Learning at
Scale, ACL'20

CCMatrix

e ® https://github.com/facebookresearch/XLM

e Application to similarity search requires some sort of
fine-tuning
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LASER

Evaluation

WikiMatrix
CCMatrix

WMT/TED

Sentence BERT

Recent research

® Several works aim in achieving transformer-based language

agnostic sentence representations

® Feng et al., Language-agnostic BERT Sentence
Embedding, arxiv Jul'20

== Add Additive Margin

| ‘Share

‘ Transformer Parameleg

Embedding Network

Transformer
Embedding Network

Initializ Mitialize

Pre-trained BERT
Source Text Target Text

® Very Interesting results, but no comparision with
margin-based LASER mining

/
{
i
|
|
i
i
|
|
I
i
|

\
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LASER
Evaluation

Document
Retrieval

WMT/TEL

parallel document retrieval
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Cross-lingual Document Retrieval
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P. Koehn,
H. Schwenk

LASER

o Finding pairs of documents that are
Document . .
translations/near-translations of each other.

Retrieval
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A EbKishi Cross-Lingual Document Retrieval

P. Koehn,

H. Schwenk

Introduction

Corpora and
WEB Crawling

Large, Heterogen Multilingual Web-Corpora

Multilingual

Represent. . .
LaseR Language Identification

Evaluation

Document - -
Retrieval Cross-lingual Document Retrieval
Local

Alignment

Global Bi-Lingual Sentence Alignment

Alignment

WikiMatrix

CCMatrix
WNT/TED Sentence Pair Filtering
Bitext

Filtering
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A ELKishey Cross-lingual Document Retrieval
P. Koehn,
H. Schwenk
Introduction e — facebook e

Corpora and
Conditions d’utilisation

WEB Crawling Terms of Service
On iy 3 2015, wereupdating our Termsf S o beclerer e pjote s

Multilingual siog Facebook. You can i preview ofthe updated versionBer
REpr’eSeﬂt. Welcome to Facebook!
LASER These Terms govern your use of Facebook and the prox
Fualuation i or Bttt e vtar e sl n e sopcaions,des s, s

Facebook Ads Controls. terms (and not these) apply. {Khmﬂx‘@" des logiciels que nous proposons (les Produits. )
Docu ment ‘que des conditions distinctes (et non les présentes) s'appliquent.
Retrieval T Py e
Local R 1. Our Services R ®
Alignment e [ 1. Nos Services
Global provdes
Alignment T | Nous vousfournissons une expérience personnalisie:
WikiMatrix .
CCMatri (a) English Webpage (b) French Webpage
WMT/TED
Bitext Figure: Two web documents that are translations of each other.
Filtering
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Introduction

Corpora a”d_ daasdl bg pis Condiciones del servicio
WEB Crawling eI gyl 45 4% 1201 91 bkl g0 o
oSt 1 AT i E il o 3 f“,‘,’ ;‘.‘.T_, . ‘para especificar con mds claridad cémo Facebook gana dinero ylos
Multilingual B S b iiooisit ot
Represent. [ER S o iTe damos a benvenda  Facebook!
LASER gw\,gw‘,am\,dwuﬂm\h»ﬂ\;np‘m
Evaluation .aub»uu_s,«Van-mmuvou-pyﬂh e s ofrecemos los Broducto ocunds
(ogydl
Document e
Retrieval i i @ R
Local ' - Lubu.>1 e
Alignment ; Sok e 5 Yoy = e, Al
. s
Global j‘:ﬂji;ﬂ#gﬁj:ﬁiﬁi’;ﬁ'ﬁw,ﬂ‘, .
Al 105 0 k] ] sy sl e o) ¥ 5T b el Bl ...
i (a) Arabic Webpage (b) Spanish Webpage
WMT/TED
E_iltteXF Figure: Two web documents that are translations of each other.
iltering
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Cross-lingual
Motivation

Mining

A. El-Kishky,
P. Koehn,
H. Schwenk
® Training data for information retrieval
® Supervision for learning-to-rank
® Supervision for retrieval
LASER ® Source of training data for learning multilingual
Evaluation .
representation
Document . .
Retrieval ® Cross-lingual word representations
® Cross-lingual sentence representations

® Cross-lingual document representation
e Source of training data for machine translation (BLEU
goes up)
e ® Mine parallel data for low-resource directions
® Web parallel data covers a variety of domains
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Objective

Mining

A. El-Kishky,
P. Koehn,
H. Schwenk
LASER
Evaluation . . . . -
S Given a corpus of web-documents, automatically identify pairs
ocument .
Retrieval of documents that are translations of each other.

WikiMatrix
CCMatrix

WMT/TED
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LASER
Evaluation

Document
Retrieval

WMT/TEL

Objective

sarce (S| [ (=
Target

Figure: Documents are aligned 1-to-1 within each domain.
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LASER . - .
e ® Recall only i.e. what percentage of the test-set pairs is
Document f()und

Retrieval

® 1-1 rule; every document can only occur in one pair.

WikiMatrix
CCMatrix
WMT/TED
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Creating a large cross-lingual parallel document dataset can be

valuable
o ® High-quality multilingual dataset can be used to
Document benchmark document alignment algorithms

Retrieval

® Parallel dataset can be used for supervision for
cross-lingual representation

® A large parallel dataset can be mined for parallel sentences

for NMT training

CCMatrix
WMT/TEL
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URL Signals for Parallel Web Documents

Sl ® URLs often contain language codes signifying the language
D;c;n;ent a piece of web content is in
Retricval ® URL structural information can be used as a signal for

identifying parallel documents

® https://anonymizedURL.com
® https://fr-fr.anonymizedURL.com

WikiMatrix
CCMatrix

WMT/TEL
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Insights
Source URL Target URL
eng.aaa.com aaa.com
aaa.com/en-gb/b aaa.com/zh-cn/b
aaa.com/English/b aaa.com/Yoruba/b
aaa.com/b/en aaa.com/b/vi
aaa.com/b/ thai.aaa.com/b/
aaa.com/b&lang=english aaa.com/b&lang=arabic
aaa.com/b?lang=en aaa.com/b?lang=fr
aaa.com/b aaa.com/b?lang=1

Table: URL matching via language identifiers.
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Introduction

Corpora and
WEB Crawling

Multilingual
Represent.
LASER

Evaluation

Multilingual Language URL Web

Document

Retrieval Web Corpus Identification Alignment

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering
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Cross-lingual

Mining
o EE Common Crawl Corpus

P. Koehn,

H. Schwenk

CommonCrawl Corpus: An Open Repository of Web Data
® Text content

o e Status information
DB ® HTTP response code

Retrieval

e HTML title

® HTML meta tags

® RSS/Atom information
. e All anchors/hyperlinks

WikiMatrix
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Corpus Statistics

Corpus Statistics
¢ 68 CommonCrawl Snapshots (every month 2013-2020)
® Each snapshot contains over 2 billion web-documents
® 169.4 billion web documents

® 107.8 million distinct web-domainis
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URL Normalization

o ® URL Normalization: removing the protocol and host name
St ® https://www.aaa.com — aaa.com)

pocament ® Deduplicate based on normalized URL

® URL that appears more than once, we select the instance

that possesses the longest document content.

@ document was deleted and gets shorter
@® document is amended and gets longer.
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A ELKishi De-duplication Corpus Statistics
. Schmenk
o ® 169.4 billion documents — 29.6 billion
pocament ® 83% reduction from raw corpus
® 107.8 million distinct web-domains

CCMatrix

WMT/TED
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H. Schwenk
i The next step is to mine parallel web documents.
[: t @® De-duplicate CommonCrawl corpus
Retrieval ® Perform language identification on each web-document.

©® Apply URL-Matching Heuristics

WikiMatrix
CCMatrix

WMT/TED
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Parallel Cross-lingual Documents
@ 364 million aligned documents

LASER

D * 100M with English
Retrioval * 264M without English

® 4598 language pairs
® 08 with English
® 4500 without English

WikiMatrix
CCMatrix

WMT/TED
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CCAligned Dataset Quality

Human annotators evaluated quality of the mined documents

Language P, Ka P,
Hich German 90.0 0.74 96.7
8" Chinese 867 068 933
Mid Arabic 83.3 0.72 90.0
! Romanian 76.7 050 96.7
o Estonian  83.3 0.68 90.0
" Burmese 867 0.88 100.0

Avg 844 070 945
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Dataset Analysis

LASER

At ® High-precision collection of cross-lingual documents
Document .
Retrieval e Dataset was constructed using ONLY URL-features

® Can one evaluate content-based alignment strategies on
this dataset?

WikiMatrix
CCMatrix
WMT/TEL
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H. Schwenk

. Direct Embedding (DE) with LASER

Document

REFEL ® Embed the entire document using LASER embedding

® Each document d has its dense vector representation vy

WikiMatrix
CCMatrix

WMT/TED
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. Scomenk Sentence Average Embedding

Sentence Averaging (SA) with LASER

@ Decompose each document into sentences

LASER
Evaluation

P ® Embed each sentence using LASER

Retrieval . .
' © document embedding by averaging the sentence vectors
into a document vector vy

1 n
S Vg =D v (2)
i=1

WMT/TED
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. Scnwerk Weighted Sentence Average

Embedding

o Weighted Sentence Averaging (WSA) with LASER. Try
Sl common information retrieval tricks

Document

rene @ Sentence Length (SL): Longer sentences more important
than shorter
@® Inverse Document Frequency (IDF): More frequent
e sentences may be unimportant

© SL-IDF: Combine both
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Content-based Alignment:
Weighted Sentence Average
Embedding

Weighted Sentence Averaging (WSA) with LASER

n
1
Vg = — g Ws, X Vg,
n <
i=1

[sil
SLs, =
5 S count(s) x |s|
sed
N+1
IDF,, — | +

°g1+|{deD:sed}|
SLIDF,, = SL,, x IDF,,
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Cross-lingual Document Similarity
® dense document representations for each document from

e the source and target sets
Evaluation - . - -
5 . ® score pairs to evaluate how semantically similar documents
ocumen
Retrieval are

® given two documents a and b, compute their semantic
similarity using a cosine similarity

WikiMatrix . va . Vb
CCMatrix b TR 7
M) = I Tive )
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Ensuring the pairs are 1-to-1 (each aligned document is in at
most one pair)
e ® each document in the source document set, D; is paired
F with each document in the target set, D;
Document
Retrieval ® D, x D; scored pairs — a fully connected bipartite graph

® expected output assumes each page in the non-dominant

language has a translated or comparable counterpart
® min(|Ds|,|D¢|) expected number of aligned pairs

® Hungarian algorithm O(max(|Ds||D;|)?) ... intractable
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N

© ® N o O & W

10
11
12
13
14

Competitive Matching

Algorithm 1: Competitive Matching

Input: P = {(ds, d;)|ds € Ds, d; € D;}
Output: P’ = {(ds,i, d:),...} CP

scored < {(p, score(p)) for p € P}
sorted < sort(scored) in descending order
aligned < @
Ss+— @
S;+— o
for ds, d; € sorted do
if ds ¢ SsANdy ¢ S,
aligned < aligned U {(ds, d¢)}
Ss + S, U ds
Si St Ud:
end
return aligned
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Alignment Results High-Resource

Recall
Language DE SA SL IDF  SLIDF
French 039 0.84 083 0.82 0.84
Spanish 0.34 053 055 0.58 0.57
Russian 0.06 048 050 0.61 0.60
German 052 074 076 0.74 0.76
Italian 022 054 055 0.55 0.57
Portuguese 0.17 036 0.39 0.33 0.40
Dutch 0.28 0.51 0.54 0.52 0.56
Indonesian 0.11 036 0.48 043 0.48
Polish 0.17 038 041 0.44 0.42
Turkish 0.12 030 034 045 0.41
Swedish 0.19 037 037 0.38 0.39
Danish 027 046 0.65 0.60 0.67
Czech 0.15 036 0.41 0.32 0.41
Bulgarian 0.07 0.34 037 0.40 0.44
Finnish 0.06 024 0.32 0.43 0.44
Norwegian 0.13 026 033 0.33 0.38
Macro-AVG 0.20 041 0.45 0.47 0.49
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Alignment Results Mid-Resource

Recall
Language DE SA SL IDF  SLIDF
Romanian 0.15 039 0.40 0.40 0.41
Vietnamese 0.06 0.13 0.18 0.15 0.23
Ukrainian 0.05 0.49 0.70 0.70 0.74
Greek 0.05 022 024 0.34 0.30
Korean 0.06 0.49 047 0.49 0.51
Arabic 0.04 026 0.46 0.42 0.51
Croatian 0.16 032 036 0.34 0.36
Slovak 020 0.37 0.44 041 0.42
Thai 0.02 0.15 0.28 0.19 0.35
Hebrew 0.05 0.19 030 0.27 0.33
Hindi 0.04 0.03 033 0.28 0.43
Hungarian 0.15 041 0.39 0.39 0.46
Lithuanian 0.11 0.61 0.72 0.74 0.80
Slovenian 0.13 0.20 0.26 0.31 0.33
Farsi 0.06 022 037 0.40 0.49
Macro-AVG 0.09 0.28 0.39 0.39 0.44
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Alignment Results Low-Resource

Recall
Language DE SA SL IDF  SLIDF
Estonian 0.28 0.57 0.62 0.58 0.64
Bengali 0.05 0.47 059 051 0.58
Albanian 0.23 056 060 0.57 0.61
Macedonian 0.02 0.16 0.22 0.19 0.08
Urdu 0.06 0.29 023 0.27 0.24
Serbian 0.06 0.46 0.58 047 0.56
Azerbaijani 0.08 027 028 0.34 0.27
Armenian 0.02 0.08 0.13 0.12 0.17
Belarusian 0.07 026 0.44 0.36 0.51
Georgian 0.06 0.18 0.23 0.25 0.25
Tamil 0.02 0.13 0.19 0.23 0.34
Marathi 0.02 0.13 0.20 0.10 0.16
Kazakh 0.05 0.16 024 0.25 0.33
Mongolian 0.03 0.01 0.05 0.10 0.22
Burmese 0.01 035 0.18 0.08 0.26
Bosnian 0.18 0.49 0.64 0.50 0.65
Macro-AVG 0.08 0.29 0.34 0.31 0.37
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Downstream Mining

From the aligned documents, can do further sentence-level
mining.
® From this dataset, mined 2.25 billion parallel sentences
covering 4598 language pairs
® 950 million pairs are sentences paired with English

sentences
® 1.3 billion pairs are non-English sentence pairs
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Follow-up Research

From CCAligned aligned documents, there are many open
research problems that can leverage this data

® Mine more, higher quality parallel sentences from the
CCAligned documents

® Use CCAligned documents as supervision for supervised
document alignment (mine parallel documents using
high-recall method)

® | everage parallel documents to learn cross-linigual
document representations and cross-lingual document
retrieval
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Massively Multilingual
= Document Alignment with
Cross-lingual Sentence
Mover's Distance
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® Motivation
® Cross-lingual retrieval based on content is more general
than using metadata (URL, timestamp, etc)

e ® CCAligned is high-precision. For more training data
Evaluation (especially for low-resource direction, need a high-recall
Document approach)

Retrieval

® Insight
® Creating document level fixed representations may be
destructive for variable-length documents.
® Averaging sentence embedding places equal importance to
all sentences
® How well sentences match up between document pairs is a
good signal for parallel documents
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® measure of the distance between two probability
distributions over a region D

e ® For example: if the distributions are interpreted as two
Document different ways of piling up a certain amount of dirt over
reiel the region D
® the EMD is the minimum cost of turning one pile into the
other

® the cost is assumed to be amount of dirt moved times the
distance by which it is moved
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Introduction
Corpora and
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Multilingual [ X +  red distribution: “dirt
Represent ° . ° * blue distribution: “holes”
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LASER

Evaluation

Document
Retrieval
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Alignment
WikiMatrix
CCMatrix

WMT/TED The distance between points (ground distance) can be Euclidean distance, Manhattan...

Sitext
Filtering
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P. Koehn, .

H. Schwenk DISta nce
o ® Each document has a distribution over sentences
Evaluation ® multinomial distribution - normalize bag of sentences
Document (nBOS)

Retrieval

® Euclidean distance between source document sents and
target document sents
® | everage LASER embeddings to compute Euclidean
distances

WMT/TED
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e XL-SMD requires a distribution over sentences for each
o document
DR ® Each sentence has probability mass allocated to it.

Retrieval

® A4weighting schemes for each sentence investigated
® Uniform weighting (each sentence equally weighted)
Sentence length (Longer sentences = more mass)

Inverse document frequency (IDF)
SL-IDF

WikiMatrix

CCMatrix

WMT/TED
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Document Mass Normalization

Normalizing the mass to unit measure in both the source and
target documents each each document has a legitimate
distribution and the induced distance metric is valid.

Ay = (8)
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Optimal Transport

® A(i,j) is distance between the iy, and j;, sentences

® V denote vocab size (sentences within a document pair)

* A(iJ) = [lvi— vl

XLSMD(A, B) = mlnzz Tij < A, ) (9)

7[1_]1

subject to:
v
Viz Tij=da,
j=1

v
VJZ Tij=ds,

i=1
Where T € RV*Y is a nonnegative matrix, where each T;; denotes
how much of sentence / in document A is assigned to sentences j in
document B, and constraints ensure the flow of a given sentence
cannot exceed its allocated mass. 116 /258
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Solving the optimal transport problem is of cubic complexity
and slow. Can it be approximated?

- ¢ find the two closest sentences and moves as much mass
Docurment between the two sentences as possible

Retrieval

® the algorithm moves to the next two closest pairs

® terminates when all mass has been moved between the
source and target document

WikiMatrix

cetie ® maintains mass constraints

WMT/TEL
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Approximation Performance

How does this approximation compare to the exact?

Method Kendall-Tau Recall MAE Runtime (s)
Exact-XLSMD 1.00 0.69  0.000 0.402
Relaxed-XLSMD 0.70 0.58  0.084 0.031
Greedy-XLSMD 0.98 0.69  0.010 0.107

Table: Comparing exact XLSMD computation to approximation
schemes for computing XLSMD on 10 webdomains.
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Approximate Performance

Which approximate computation works better?

Approximation Low Mid High All

Relaxed-XLSMD  0.44 0.43 0.50 0.46
Greedy-XLSMD  0.54 0.50 0.56 0.54

Table: Document alignment performance of fast methods for
approximating the same variant of XLSMD.
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Alignment Results High-Resource

Recall
Language DE SA SMD SL IDF SLIDF
French 0.39 0.84 0.81 0.84 0.83 0.85
Spanish 0.34 0.53 0.59 0.63 0.62 0.64
Russian 0.06 0.64 0.69 0.69 0.70 0.71
German 0.52 0.74 0.78 0.76 0.77 0.77
Italian 0.22 0.47 0.55 0.56 0.56 0.59
Portuguese 0.17 0.36 0.39 0.41 0.38 0.40
Dutch 0.28 0.49 0.54 0.54 0.54 0.56
Indonesian 0.11 0.47 0.49 0.52 0.51 0.53
Polish 0.17 0.38 0.45 0.45 0.46 0.46
Turkish 0.12 0.38 0.52 0.56 0.57 0.59
Swedish 0.19 0.40 0.44 0.44 0.46 0.45
Danish 0.27 0.62 0.63 0.69 0.65 0.69
Czech 0.15 0.40 0.43 0.44 0.44 043
Bulgarian  0.07 0.43 0.52 0.54 0.55 0.52
Finnish 0.06 0.47 0.51 0.51 0.54 0.52
Norwegian 0.13 0.33 0.37 0.39 0.42 0.41
AVG 0.20 0.50 0.54 0.56 0.56 0.57

121/258



Cross-lingual
Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

LASER
Evaluation

Document
Retrieval

Alignment Results Mid-Resource

Recall
Language DE SA SMD SL IDF SLIDF
Romanian 0.15 0.40 0.44 0.43 0.45 0.43
Vietnamese 0.06 0.28 0.29 0.29 0.29 0.32
Ukrainian  0.05 0.68 0.67 0.78 0.78 0.82
Greek 0.05 0.31 0.47 0.48 0.49 0.49
Korean 0.06 0.34 0.60 0.54 0.61 0.60
Arabic 0.04 0.32 0.63 0.59 0.65 0.61
Croatian 0.16 0.37 0.40 0.40 0.41 0.40
Slovak 0.20 0.41 0.46 0.46 0.46 0.44
Thai 0.02 0.19 0.41 0.33 0.47 0.41
Hebrew 0.05 0.18 0.39 0.43 0.41 0.41
Hindi 0.04 0.27 0.34 0.54 0.52 0.53
Hungarian 0.15 0.49 0.50 0.54 0.51 0.54
Lithuanian 0.11 0.73 0.79 0.79 0.80 0.80
Slovenian  0.13 0.33 0.34 0.35 0.36 0.36
Persian 0.06 0.32 0.56 0.57 0.53 0.59
AVG 0.09 0.37 0.49 0.50 0.52 0.52
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Alignment Results Low-Resource

Recall
Language DE SA SMD SL IDF SLIDF
Estonian 0.28 0.52 0.69 0.66 0.74 0.72
Bengali 0.05 0.32 0.78 0.72 0.77 0.79
Albanian 0.23 0.56 0.66 0.65 0.65 0.66
Macedonian 0.02 0.33 0.32 0.36 0.38 0.33
Urdu 0.06 0.22 0.60 0.60 0.49 0.56
Serbian 0.06 0.59 0.75 0.74 0.74 0.71
Azerbaijani 0.08 0.34 0.74 0.74 0.75 0.74
Armenian  0.02 0.18 0.32 0.35 0.34 0.38
Belarusian  0.07 0.47 0.67 0.69 0.73 0.71
Georgian 0.06 0.24 0.46 0.48 0.45 0.45
Tamil 0.02 0.20 0.51 0.45 0.51 0.53
Marathi 0.02 0.11 0.43 0.46 0.33 0.39
Kazakh 0.05 0.31 0.44 0.46 0.45 0.45
Mongolian  0.03 0.13 0.18 0.22 0.21 0.23
Burmese 0.01 0.10 0.26 0.33 0.46 0.46
Bosnian 0.18 0.64 0.61 0.69 0.65 0.72
AVG 0.08 0.33 0.53 0.54 0.54 0.55
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Challenges
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Big-ish websites
® E.g. cinedoc.org: 50k English, 50k French pages

LASER

® Makes 2.5B possible pairs

Document

e e Only allowed to pick 50k
Language detection unreliable
o ® Made sure test set can be found
® Some participants ran their own pipelines

CCMatrix

WMT/TED
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A ELKish WMT 2016 Shared Task:
. Schmenk Challenges Il
LaseR Near duplicates
Doc;ment ® Removed pages when text was exactly the same
e ° www.taize.fr/fr article10921.html

® www.taize.fr/fr article10921.html?chooselang=1

® Almost identical

WikiMatrix
CCMatrix
WMT/TED
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o e 11 participating groups
Document e 19 submiSSiOnS
Retrieval
¢ Up to 95% recall (NovaLincs-URL-Coverage)
WikiMatrix

CCMatrix
WMT/TED

127 /258



Cross-lingual
Mining

A. El-Kishky,

P. Koehn,
H. Schwenk

LASER
Evaluation

Document
Retrieval

WikiMatrix
CCMatrix

WMT/TEL

Novalincs

use a phrase table from a phrase-based statistical machine
translation system to compute coverage scores

based on the ratio of phrase pairs covered by a document
pair.
NOVALINCS-COVERAGE (88.6%)

NOVALINCSCOVERAGE-URL (85.8%) coverage first then
URL

NOVALINCS-URL-COVERAGE (95.0%) URL first then
coverage
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o ® uses the machine translation of the French document, and
Evatation finds the English corresponding document based on

pocument bigram and 5-gram matches, assisted by a heuristics based
on document length ratio

* YODA: (93.9%)
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® uses cosine similarity between tf/idf weighted vectors,

o extracted by collecting n-grams from the English and
Document machine translated French text. compare many
Retrieval hyperparameters such as weighting schemes and two pair

selection algorithms.
e UEdinl: (89.1%)
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LASER
Evaluation

Document
Retrieval

CCMatri

WMT/TEL

Submission Results

Predicted  Pairs after Found Recall
Name pairs 1-1rule pairs %
ADAPT 61094 61094 644 26.8
ADAPT-v2 69518 69518 651 27.1
BadLuc 681610 263133 1905 79.3
DOCAL 191993 191993 2128 88.6
ILSP-ARC-pv42 291749 287 860 2040 84.9
JIS 323929 28903 48 2.0
Medved 155891 155891 1907 79.4
Novalincs-coverage-url 207 022 207022 2060 85.8
Novalincs-coverage 235763 235763 2129 83.6
NovaLincs-url-coverage 235812 235812 2281 95.0
UA PROMPSIT bitextor 4.1 95 760 95760 748 31.1
UA PROMPSIT bitextor 5.0 157 682 157 682 2001 83.3
UEdin1 cosine 368 260 368 260 2140 89.1
UEdin2 LSI 681 744 271626 2062 85.8
UEdin2 LSI-v2 367 948 367948 2105 87.6
UFAL-1 592337 248 344 1953 81.3
UFAL-2 574433 178038 1901 79.1
UFAL-3 574434 207 358 1938 80.7
UFAL-4 1080962 268 105 2023 84.2
YSDA 277 896 277 896 2021 84.1
YODA 318 568 318568 2256 93.9
Baseline 148 537 148 537 1436 59.8

Figure: Documents are aligned 1-to-1 within each domain.
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LASER

Evaluation

Document
Retrieval

WikiMatrix
CCMatrix

WMT/TED

Submission Results: Fuzzy
Matching

Allowing 5% edits between predicted and expected

Name Pairsfound A  Recall A Rank A
ADAPT 726 482 30.2 3.4 20 0
ADAPT-v2 733 +82 305 +3.4 19 0
BadLuc 2062 +157 85.9 +46.5 13 +3
DOCAL 2235 +107 93.1 +4.5 4 +1
ILSP-ARC-pv42 2185 +145 91.0 +6.0 7 +2
JIs 48 0 2.0 0.0 21 0
Medved 1986 +79 82.7 433 15 0
Novalincs-coverage-url 2130 +70 887 429 9 -1
Novalincs-coverage 2192 +63 91.3 426 6 -2
Novalincs-url-coverage 2303 +22 95.9 0.9 2 -1
UA PROMPSIT bitextor 4.1 775 +27 323 +1.1 18 0
UA PROMPSIT bitextor 5.0 2117 +116 88.1 +4.8 10 +2
UEdin1 cosine 2227 +87 92.7 +3.6 5 -2
UEdin2 LSI 2146 +84 89.3 +3.5 8 -1
UEdin2 LSI-v2 2281 +176 95.0 +7.3 3 +3
UFAL-1 2060 +107 85.8 +4.5 14 -1
UFAL-2 1954 +53 81.4 2.2 17 0
UFAL-3 1980 +42 82.4 +1.8 16 -2
UFAL-4 2078 +55 86.5 +2.3 12 -2
YSDA 2102 +81 87.5 +3.4 11 0
YODA 2307 +51 96.0 +2.1 1 +1

Figure: Documents are aligned 1-to-1 within each domain.

132 /258



Cross-lingual

Mining Shared Task Insights

A. El-Kishky,
P. Koehn,
H. Schwenk

Laser ® Machine translated text helpful

Evaluation

pocument ® Finding matching n-grams works well
® Big boost by combination with URL-matching baseline

WikiMatrix
CCMatrix

WMT/TED
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Local
Alignment

WMT/TEL

sentence alignment
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LASER

Evaluation

Local
Alignment

WikiMatrix
CCMatrix

WMT/TED

Sentence Alignment

The man looks intentl at the window.
i/ [® Der Mann schaut aus dem Fensier.

e e F-e & sicnt inen Scnatton in don Baumen
Wnat was i Was war das?

Ho is al o e— N\ Er war alamiert und wach.

Ho has long ived in the woods,  @——— Eitaden oy Nad e

He lies the isolation and soltude of his house. Er oot

it smal ot cony Aber es ist gemiich.

o—
He only goes there once a week.  —

g nur ginmal in Monat.
tjust after dusk.

“The hot sun finally set.
‘The forest was st abuzz in chatter.
Voices of birds and insects fll the alr,  @———

Es st nach der Untergang der heifien Sonne.
Der Wald s voller Geschwatz.
Stimmen von Vogeln und Insekton dringen horber.

Aber der Schatten war groBer als diese Tiere.

argr
iy i i Nur Kiengeter ebt hir
e R Nicht soetwas Gropes.
— i T e DT T
R e e F s S e Bl
e warum, wenn s iemand jrals e

Der Mann schaut.
Sein Augen aus dem Fenster gerichtet.

—

ier nichts passert.

i e e i T i o ] 3 IO

"Local” alignment: limited to document pairs
® given: document pair
® output: matching sentence pairs

We also respect the order of sentences.
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Local
Alignment

Church and Gale (1993)

|

1
/

® Consider only the lengths of the sentences

length,
length,

abs(log )

® Find the Viterbi path that with the best length ratios

e Additional cost factors for alignments other than 1-1
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Local
Alignment

Church and Gale (1993)

. L
—p= _ I
N I
— o NN
N ° I

® Consider only the lengths of the sentences

length,

abs(lOgIengthf

)

® Find the Viterbi path that with the best length ratios

e Additional cost factors for alignments other than 1-1
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Thelman!looks intently at the window. °
The sees a shadow. e— ) Der'Mann' schaut aus dgm Fenst“er.
ltwas in theffées. ¢ Er sieht einen Sehattér in den Baumen.
What was it? @—— o Was war da_s?
He is @lafmed and awake. @ o Er war alamiert und wach.

LASER

Evaluation

® Given a word translation dictionary
Local man = Mann; window = Fenster; shaddow = Schatten;
Alignment . .
trees = Baumen; alarmed = alamiert

® Find matching word pairs

WikiMatrix

o ® Score sentence pairs based on number of matches

e Hunalign: (Varga et al., 2005) tool using this feature

e Gargantua: unsupervised induction of translation
dictionary
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LASER

Evaluation

Local
Alignment

WikiMatrix
CCMatrix

WMT/TEL

Translate

and Match

The man looks intently at the windoWr °
The sees a shadow. e— °
R ——

It was in the trees.
What was it? @&—— b
He is alarmed and awake. @—— b

The man looks out of the window.
He sees a shadow in the trees.
What was that?

He was alerted and awake.

® Use machine translation to translate foreign sentences

® Match translation with English

® Use of standard machine translation metric to assess

match: BLEU score

¢ Bleualign (Sennrich and Volk, 2010)
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Mining .
A ELKishky, Use of Sentence Embeddings
. Seank
® Multilingual sentence embeddings, e.g., LASER
® Sentences with similar meaning have similar embedding
LaseR — independent of language
o ® Comparison based on Cosine distance
oca 1 - N N
;Iignlment C(X7y) = 5 ( COS(X’y)) (X) (y)

S
> 1 —cos(x,ys)+ Y. 1—cos(xs,y)

WikiMatrix s=1 s=1
CCMatrix

WMT/TEL

Vecalign (Thompson and Koehn, 2019)
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Introduction

Corpora and
WEB Crawling

Multilingual
Represent.
LASER

Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

Efficient Algorithm

8x8 sent. blocks 4x4 sent. blocks 2x2 sent. blocks full resolution
i e ‘TR
5 *rH 10 . | 204"
i “-l- 1
| |
10 2044 40
b | Pl
5 a
15 4 304 £ 60
L L' Lt SIS
| 1 A .
40 q 80
20 i- - i _% NEih
1]
25 - ! 50 A o
- —_—T
30 i 60 i 120
0 10 20 0 20 40 0 25 50 75

e Complexity of alignment via dynamic programming: O(n?)

¢ Coarse to fine algorithm: O(n)
embedding for block = average of sentence embeddings
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LASER

Local
Alignment

WMT/TEL

Evaluation: Text + Bild

Algorithm o() P R Fi

Gargantua N> 048 054 051
Hunalign w/o lexicon N 059 0.70 0.64
Hunalign w/ lexicon N 061 0.73 0.66
Church and Gale N 071 072 072
Moore I 0.86 0.71 0.78
Bleualign N> 083 078 081
Bleualign-NMT N> 085 0.83 0.84
Coverage-Based N> 085 084 085
Vecalign N 0.89 090 0.90

10( ) is data dependent
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WMT/TEL

Evaluation: Bible

Verse-level F;

Languages Vecalign  Hunalign
Afrikaans—Arabic 0.863 0.339
Afrikaans—Tagalog 0.922 0.775
Arabic—Norwegian 0.787 0.406
Arabic-Somali 0.634 0.067
Turkish—-Somali 0.533 0.331
Norwegian—Somali 0.697 0.687
Somali—Afrikaans 0.782 0.738
Tagalog—Norwegian  0.874 0.764
Turkish—Afrikaans 0.703 0.401
Turkish—Tagalog 0.647 0.247
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Local
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WMT/TEL

Evaluation: CommonCrawl

Language Pair

LASER-only

Vecalign (best setup)

English—Portuguese 315 329 (+1.4)
Portuguese—English 36.0 38.8 (+2.8)
English—Bulgarian 290.6 32.6 (+3.0)
Bulgarian—English 20.6 22.3 (+1.7)
English—Estonian 14.0 15 0 (+1.0)
English—Georgian 8.6 1 (+0.5)
English—Urdu 10.9 12 5 (11.6)
English—Marathi 10.0 0 3 (+0.3)
English—Burmese 8.0 0 (+1.0)
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Local
Alignment

WMT/TEL

Evaluation: Paracrawl

Task: align sentences in document pairs (subset of
ParaCrawl data)

Language Web Document English
Domains Pairs Tokens
German 21,806 17,109,018 | 10,788,923,009
Czech 12,179 6,661,660 | 4,089,806,440
Hungarian 5,560 2,770,432 1,504,698,348
Estonian 5,129 2,301,309 1,427,328,440
Maltese 933 303,198 134,232,546
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Local
Alignment

WMT/TEL

Evaluation: Paracrawl

¢ Results: BLEU scores for best subset (English token count)
Language | Hunalign Vecalign Bleualign
German 35.1 (100m) | 35.8 (150m) | 35.0 (100m)
Czech 21.0 (50m) | 21.2 (50m) | 21.0 (50m)
Hungarian | 16.5 (30m) | 16.8 (30m) | 16.6 (15m)
Estonian 21.8 (20m) | 21.6 (20m) | 21.4 (20m)
Maltese 335 (5m) | 341 (7m) | 30.3 (2m)

® Best results with Vecalign, except for Estonian
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Global
Alignment
ikiMa

AT /TEL

global sentence alignment
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Some statistics
e 300 different languages

® Huge differences in size:

® 1M+ articles: 15 languages
LASER (major European languages, ru, vi, ja, zh)
® 100k+ articles: 47 languages
® 10k+ articles: 81 languages

® |ong tail ...
Giobal ® English by far the biggest (5.8M articles, 208M sentences)
Allenment e Cebuano has many articles produced by a bot

WikiMatrix

cCMatrn (5.4M articles, 67M sentences)

WMT/TEL
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Local mining

Bitext Mining in Wikipedia

Eiffel Tower .

Big Mac =

Motorcycle =

New York e
L

NE

White House E

Tour Eiffel

La Baguette

H-

Motocyclette

New York

® Only articles with link

+ Seems logical
+ Very fast

— lgnored articles

— Many simple sentences
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Local
Alignment

Global
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Bitext
Filtering

Local mining

Bitext Mining in Wikipedia

Global mining

Eiffel Tower .

Big Mac = .

Motoreycle

New York

White House

® Only articles with link

Tour Eiffel .
La Baguette

Motocyclette I !

New York §

+ Seems logical

+ Very fast

— lgnored articles

— Many simple sentences

The Eiffel Tower - Tour Eiffel —
La Baguette
Big Mac = -

Motorcycle

Motocyclette I !
New York )
02

New York g

White House E
® Always consider all sent.
— Increased complexity
+ Lower recall 7

-+ Generic: any corpus

150 / 258



Cross-lingual

N inky Bitext Mining in Wikipedia
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Global mining

® Compare all sentences of two Wikipedia

- Computationally more challenging: 134M x51M distances
e -+ Ability to handle two languages even though there are only
Flusten few articles in common

+ Margin criterion:

excludes short sentences which differ in NE only

Globl - Potentially increased risk of misalignment and a lower
ignment

recall

WikiMatrix

CCMatrix

We chose global mining for this study (more generic)

151 /258



Cross-lingual
Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

LASER
Evaluation

Global

Alignment
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Bitext Mining in Wikipedia

Processing pipeline
® Sentence splitting (very difficult for Thai)
® Deduplication
® |anguage identification with fasttext

— = 600M sentences for > 180 languages
(each with more than 50k sentences)
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N inky Bitext Mining in Wikipedia
. Seank
Processing pipeline

® Sentence splitting (very difficult for Thai)

® Deduplication
o ® Language identification with fasttext
o — ~ 600M sentences for > 180 languages

(each with more than 50k sentences)

Clobal Complexity issues
Alignment

Wit ® English/German Wikipedia:
e ® 134M x 51M sentences
® 513 + 204GB memory to store LASER embeddings

® 6.8 x 10 distance calculations

= Optimization and compression are needed !!
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Efficient Mining with FAISS

FAISS library
® Library for efficient similarity search and clustering of
dense vectors
® https://github.com/facebookresearch/faiss

® Mainly used for indexing images
but can operate on any arbitrary vectors

= Used here for efficient large-scale bitext mining

® Can be scaled to search in billions of sentences
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FAISS index types

® Define N Voronoi cells

® Quantizers:
e ® PCA, not enough compression
Evaluation ® Product: 0PQ64,IVF32768,PQ64, 55x compression
® Scalar: PCAR128,IVF32768,SQ8, 28x compression

Global
Alignment
WikiMatrix

CCMa
WMT/TED
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Efficient Mining with FAISS
FAISS index types

® Define N Voronoi cells

® Quantizers:

® PCA, not enough compression
® Product: 0PQ64,IVF32768,PQ64, 55x compression
® Scalar: PCAR128,IVF32768,SQ8, 28x compression
® English FAISS index: 9.2GB
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Efficient Mining with FAISS

A. El-Kishky,
P. Koehn,
H. Schwenk

FAISS index types
® Define N Voronoi cells

® Quantizers:

e ® PCA, not enough compression
Evaluation ® Product: 0PQ64,IVF32768,PQ64, 55x compression
® Scalar: PCAR128,IVF32768,SQ8, 28x compression

® English FAISS index: 9.2GB
® English/German mining: 3h30 on 8 GPUS

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED
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Efficient Mining with FAISS

Overall complexity

® Deduplication and LID
® a couple of hours, run on parallel on standard server
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. Seank _
Overall complexity
® Deduplication and LID
® a couple of hours, run on parallel on standard server

® Sentence embeddings with LASER (>7M sents/h)
o ® total of 100h, can be run in parallel on cluster
Global

Alignment

WikiMatrix
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Efficient Mining with FAISS
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Overall complexity
® Deduplication and LID
® a couple of hours, run on parallel on standard server
® Sentence embeddings with LASER (>7M sents/h)
o ® total of 100h, can be run in parallel on cluster
® Train and create FAISS index for each language (CPU)
® English ~ 4h, total 21h

Global

Alignment
WikiMatrix
CCMatrix

WMT/TED
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Efficient Mining with FAISS

A. El-Kishky,
P. Koehn,
H. Schwenk

Overall complexity

® Deduplication and LID
® a couple of hours, run on parallel on standard server
® Sentence embeddings with LASER (>7M sents/h)
o ® total of 100h, can be run in parallel on cluster
® Train and create FAISS index for each language (CPU)
® English ~ 4h, total 21h
® Mine bitext for each language pair
Gioba! ® total of ~ 1000h

Alignment
WikiMatrix
CCMatrix

WMT/TED
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Efficient Mining with FAISS

Overall complexity

® Deduplication and LID
® a couple of hours, run on parallel on standard server

® Sentence embeddings with LASER (>7M sents/h)
® total of 100h, can be run in parallel on cluster

® Train and create FAISS index for each language (CPU)
® English ~ 4h, total 21h

® Mine bitext for each language pair
® total of ~ 1000h

= Total of 43 days on one GPU
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Efficient Mining with FAISS

Overall complexity
® Deduplication and LID

® a couple of hours, run on parallel on standard server
® Sentence embeddings with LASER (>7M sents/h)
® total of 100h, can be run in parallel on cluster
® Train and create FAISS index for each language (CPU)
® English ~ 4h, total 21h
® Mine bitext for each language pair
® total of ~ 1000h
= Total of 43 days on one GPU

or much less on many GPUs ...

164 / 258



Cross-lingual

i Threshold Optimization
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P. Koehn,
H. Schwenk

Precision /recall trade-off

® Margin-based mining has only one parameter:
the margin between the closest and the average distance

® |arge margin: high precision, low recall
LASER ® small margin: lower precision, higher recall

® We have no gold-alignments to optimize this parameter

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED
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P. Koehn,
H. Schwenk .

Precision /recall trade-off

® Margin-based mining has only one parameter:
the margin between the closest and the average distance

® |arge margin: high precision, low recall
LASER ® small margin: lower precision, higher recall

Evaluation

® We have no gold-alignments to optimize this parameter

Task oriented threshold optimization

Algnment ® Mine bitexts for thresholds in range [1.01-1.06]
vy ® Train NMT systems for increasing amounts of data

WMT/TED

® Evaluate each one and keep best one
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chwen BLEU score for NMT trained on Wikipedia only
: 2 ————— T o U — — T
Introduction S de,f’,”o_.f % %ggg 1 sfr o—— z;z
Corpora and 25 S\é—@\g\ 42200 15 450
WEB Crawling 235 F 3 2o %4 :gg
- R e 1 & 200
Multilingual = ] ]2025 H3 250
Re t 2er 3 1000 = 200
presen ] %
LASER = 1o =
100
Evaluation 2y Jio 2 50
2 L o 1 M M M . o
106 1055 105 1045 104 1035 103 106 1055 105 1045 104 1035 103

Document
Retrieval

Margin threshold

Local
Alignment

Precision /recall trade-off

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

Margin threshold

Bitext size in k
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BLEU

BLEU score for NMT

trained

Threshold Optimization on Europarl

on Wikipedia onl

T T 3000 17 T T T
deen —6— | 5609 cs-de —o—
defr &+— i o—
o o 0 4 2600 16| >
~— . - 2400 e
q2200 45[ 7
4 2000 o K
1 1800 < o)
4l
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7 1408 2 o £
3 2.
4 1200 0 =
1 £ o
] 5 - ;
1000 & | Ok o
4 800 oy
~ - 600 +
I a0 1F
+-oT 4 200
0 10

106 1055 105 1045 104 1035 103
Margin threshold

Precision /recall trade-off

® Threshold on margin of
1.04 best for most
conditions

106 1.055

105 1045 104 1035 103
Margin threshold

y

600
550
500
450
400
350
300

Bitext size in k
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Threshold Optimization on Europarl

BLEU score for NMT

trained

on Wikipedia onl

y
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- 2400
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106 1055 105 1045 104 1035 103
Margin threshold

Precision /recall trade-off

® Threshold on margin of
1.04 best for most
conditions

106 1055 105 1045 104 1035 1.03
Margin threshold

Bitext size in k

Bitexts |de-en|de-fr/cs-de|cs-fr

Wikipedia

Mined

1.0M|372k
24.4 122.7

201k
131

219k
16.3

Europarl

21.2|21.1

1.0M |370k

200k
12.6

220k
19.2
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Cross-lingual
Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

LASER
Evaluation

Global
Alignment

Threshold Optimization on Europarl

25 T T T T T oo T 3000 17 T T T T T e 600
een —6— | cs-de —o—
et e ot | o
e o g 1 t 3
o — E ] 3a00 ) 500
2 TS 42200 45 s 450
q 00 5,1 o4 30 £
CO o 1 1e0g & - w00 4
E g 2] 6.0 %
225 4 1200 ¢ / e %0 3
1000 © —9 o ~o 200 ®
2+ g0 12 o+ 150
600
4ot 200 c-- 50
20 . . . . . . . o 10 . . . . . . . o
106 1055 105 1045 104 1035 103 106 1055 105 1045 104 1035 103
Margin threshold Margin threshold

Precision /recall trade-off

® Threshold on margin of

1.04 best for most
conditions

e WikiMatrix bitexts
outperform Europarl

Bitexts |de-en|de-fr/cs-de|cs-fr

Mined
Wikipedia

1.0M
24.4

372k
22.7

201k
131

219k
16.3

Europarl

1.0M
21.2

370k
21.1

200k
12.6

220k
19.2
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Cross-lingual
Mining

A. El-Kishky,
P. Koehn,

WikiMatrix: 85 Languages, 1620Pairs

H. Schwenieu:

Uongusge ste sz babebg b be co cada de ol en co @ et e fo B W g he W W W W6 R M ko fmkm mone o o bl B m o s % A w wewtte 0 uu o
Forly
At e 6516 17 15 1154 40 3698 67 5399 GON TNITA 40 2450 SINISH 50 69 30 30 6090 1612 B3 11 40 W 2 31273 50 o TANIST AN % R ® 3 3049501327 27 1969 14 709388 435
S Anhuini Tk 1873 7 314 8 815 17 11 3410078 o '3 10 7 16 18 29 10 13 9 10 15 11 4 35 336 1L '3 s s 43 2 13 2 23 35 14 41 9 3 o 8 9 10 10 51l s 2 s 19 10 10 s
o bn e Toke s 2144917 11 710 2 9 ;8 6 S M1 s 412 13 . 1345 7 91 11215 319 15 £ 1101 7103110 1 710 67
Introductionne Besmsin sisvic 1690 6 4716 14 9 208 38 9 28 7 5 510 24 910 3 91 93 24122 5 7 §2 2114 10 2 19 23 13060 8 2 8 7 510 16 2 3 2 1 b 20080 8 & 803
U Bugwon S 31 0 3476179 53032 ORI 401 43 25 37 GIWIT 4358 30 476860 70D Ti L 3 40862 3 1B 5 oUSSNIA G 4 1 43 45 2065 63 1> 21 23 21 58 13128 6060 T
bn Bengai | ndoAnan 1412 04 473 7030380 71 8 0 10 1 3 68 27 3% 2 ;41 3 5 64 3 4 1 2 237 5 3% 3 45 104 @ 1 0 2 o 17 : s olasm ;3 3
b Boman  Sve 1080 W 433 703 a0 T 2 16 2 % 60 3 M 16 B M 5 % 6 2 3 B10 0 545 % 6 4 & N WA 16 3 W AN B 7151213 3 8 » B 024
C (& G o 63 100 56150 o008 c\MSED 54 77 44 3 B 3 57 92 107 A0 10 5 45 61 45 56 17144 100 57 I2UNIA LU0 U9 52 52 so 5 34 67103 14 30 35 31 77 1o 98 108 %0 o047
orpora and ca' S e 7523 101818 75 161 G2 b 45 95 185 54 72 3 63105 7023 161108 15 3 55 513 411513 8 116 153 62 186 5 VA o4 0 6 971591 %25 7510 108 78 80 525
B D Comanc  oma1 100 54l 3o 10 45 26 20 73 143 44 55 25 43 69 6320 M5 7o o 3 3 2930 35 1> H0@ 5 9 13 10 d0s 3 3 3 o 23 1681032 81l 62 6o 5 abdo
WEB Crawlthem. Somme s 10GAIS 100 53 50 S 0100 57 67192 107 AT 25 02 7o o4 51 o6 TR 172EENIE 55 30 ov e 51 81218 20 o8 o7 32 137 25 s 107 134 060
SR e s 315 41 23 35 5o 13 48 5 2 43 64 T35 119 69 6 35 3 5227 329 76 60 5 77188 70 114 3 31 3 4 2 52621116152 % 9 66 75 62 320
e Englan  Gomanc 134031 29618 263 19 307 = E 2073061577298 71124 15 o7 GGSIRAB GG 234 115 175,315 160 51.05 o1 755871 ozt
 Eipenio conancied 231 49 31 25 23 40134 4 30 22 20 5T 40 15 101 48 7 20 20 302 0 o 81 47 9 7T 91 43 8 20 7 41 32 19 51619 17 37 8 %0 817
Multili 6 S Fome 23202 9154 63 SSMUGSIGIN 153 71 04 1671198 ZMGTLZIY 26103 76 32 65 98 2522161 35 WSWGBISIA 61 64 61 93 5310781 21 57 T1 46147 261 167206 17414980
ultilingualke efonan  vraic 2303 70 8 32 39 20 33 5 4116 75 57 6 20 35 3220 21 6 72 49 7 73 16 48 9 27 19 34 35 18 34 58 9161615 43 7 56 40 44 2511
o Baque howe 2299 Te B @ a3 2 13 2 3 0 54 3 5 I 19 1911 10 5 44 W 6 4 % N 410 N 1N el E 25 0 2 2l
Represent. & f o e 37 2 3 20 2 3 469 64 46 5 26 20 21l 1o o 4 B 480 7 40 T 2 5 2 4 17 0 42 s 7w e M w42
S Fmen U am 16 5 64 20 4 % Gz I &7 9 4 47 402 1012 80 1019 131 9 1 1 2 %0 4 2 401 1 022 T30 T 00 o4 o8
B P Romance 3450 15413 60 85 164 161 HNTAR2N 20 09 71 83 62 83 (391 166 124 255 T2 7 8 86 a8 92188 19 56 65 42130 20 110 165 15712001
LASER 8 Giican  Rowane 2221 1 51 335 '8 10 120 50 © 2 7 330 30 11 G0 S 17 83220 % 64 2 6 29 3 20 3 54 215172 41> S 5 46 2909
fo Neben  Somic 6962 2 8165 6317 1 6 743 % 4220 3 9 B 64 o 64 1M 6 I B 2 . B 1 4 10212 54 5 T 60 62 3606
W oHne aoAnan 1353 23 317 50 3 3 15 16 2 6 1112 4D 27 4 44 63 3 S 17 6 5 N 14 2 41 71318 329 4 3 2 3 1w
Evaluation be Croatian Savic 22 S 4710 B0 48 s 27 3 G20 2010 65 48 7 T 8 51 eSS 10 35 & 228 50 ol lo1r 42 9 % o 42
b Rungarin Unic 7102 T020 16 9911 49 4o 41 21 38 10121 75 10128 148 & 1 40 26 %6 5 2 % 8813 75 o & 74 75 57
ia' indonesian Malwo 3830 16 % 775 45 3 s8e 2310100 83 s 93 24 94 127 43 23 37 4 3 0 7943241020 1911 13 M6 @ aTes
Poynesi
Document & iemic Gommic o 3162 91 126 537 3 3w B N N 4L 1 913284755183
i e ee 20 178 24 8 6 7358 78 2010 ONEIIINA o 6 72 a1 4 83183 10 4 5 411D 23
Retrieval o dwse Jwoic 361 T 47 48 n 2 51 61 9120115 1919 4 19 4 50 20 51 981237 3 1284 12
W Ko T oot 5 62 2 1% 11 17 3 i 3 8 1 8 1 6 6 183311104
Koo Koranic 3000 3 2810 10 456 41 5/ 47 @ ;m o2 2 w2 s T N4 5
© Uthuarian Bavie 2031 2816 16 6 57 % 6 7 68 % 107 25 15 0 0 16 9 4 s 1112 % 6
mk Macaionmo S 1487 2220 55 46 6 % 6 3 G 5 1o 29 30 2508 48 o4 s o 43 5
Local m Maylam Drsdian 272 18 @ 7al % don 2o 1w aos3lle s
e Marsni | oo Arjan 503 146 35 5 a7 g8 4 502 335 13198 453117 1
he Nesh  indoAnan 28 i i o4 19 1o s s waiillra
Alignment =523 gt o W st s B 8 d B e m @
To Norwgan Gormanic 1364 03161 78 120 2 2 4 51 2 410012202 20 6113
o Ocitar | Romancs 472 L2 11 18 6 5 6 6 4 7123333 13
W Poish S 1670 STams 56 40 81 Ge 35 IR 16 39 42 26 92 16
Global P Portuguese Romince 133640 177 312 74 76 7L 8 47 01 185 20 42 54 45 140 25
To Romanin Romance 3504 10 44 43 42 4 0 % TIS: 2 120
W Rusan | Sie | a3 T0 428 78 4 114 140 17 5 55 2910 25
Alignment 3 S e o e
Grostan S
- =
WikiMatrix si Sinhala  Indo-Arvan 320 2 22 10 15 48 4 4 4 2 15 1 21 14 16 1464
K Sk Sie 1008 %1% s susis 3 oo 8 % o
CCMatrix 3 S S 183 I % o116t 3% o %0 4 42 26
io Abaan Abaan 740 %3 enww 7 B 0w
& Sebyn S 226 5519110 43 6 71 56 4 B0
WMT/TED & Siin  cammc 17900 PEE R
Swan Niger gt (I R i
o
. o Tl D 1620 c2ms 0 1w
Bitext te Toogs  Drvidan 1500 T m 16 2 B
L W Tagses Mo i D13 oW oo
Pomeir
Filtering — , w507 war e 2o
T T gt 0T
Uk Uaian Stve 12071 72 0
W Vidmme Viese 6721 8 doo0
T Chine  Chnee 12306 als

e With English: Indonesian 1M,
Hebrew 545k, Farsi 303k or Marathi 124k
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Cross-lingual
Mining

A. El-Kishky,
P. Koehn,

WikiMatrix: 85 Languages, 1620Pairs

H. Schwenieu:

Language
Famiy

size a2 ba be b b bs ca
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. & B o
Multilinguals Emm. T
@ Bumee oot
Represent. @ fai i
o P Rominee
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Evaluation e Crstin Sove ™
Bl Hangin Ul
e

Document & e

Retrieval & e
¥ Civuion Bave
Ik Matesoia Sioc
Local i Haylam Dravian
e sl Indo A
Alignment 7 o s
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Ot Ramance
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e R
Alignment o far e
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WikiMatrix S8 e anan
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n Almon  Abanian
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o
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e
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W Vienamae Vi
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o
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2
10

BR.8Es
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2%
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SB8EBoBE-wnBTFe-B
535880

&8
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1
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2
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52 @ 5 5
56 12, 12660 60 3770
FER T T )
ERCRE ]
16/ 98106 %0 8047
7514 106 78 80 5325
51 6 68 57 400
127 23 165 107 134 9692
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2
5
7 20
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@ s
7 10
130 26
4 12
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2 4
]
7 o
1
10 5
1 23
8 12
104
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s
1 2
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73
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7w w0 w15
4 5 T s s B0
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2 o1 n e

25 W 17w
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21 1 1 008
100677769 3698
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7372 1083

8 t650

15

® Russian/

Ukrainian 2.5M, Catalan/Spanish 1.6M
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Cross-lingual
Mining

A. El-Kishky,
P. Koehn,

WikiMatrix: 85 Languages, 1620Pairs

H. Schwenieu:

Language
Famiy

size a2 ba be b b bs ca

el me

ok v ot

i

Anbic A
2z Aserbsiani

| duction: B I
ntroductions g s
o Doyl indo v
bt Bown St
Corpora and & S
G Gomn  Gomanic
/ v Comanic
WEB Crawlgngemn ~coma
S G
. & B o
Multilinguals Emm. T
@ Bumee oot
Represent. @ fai i
o P Rominee
LASER o
Evaluation e Crstin Sove ™
Bl Hangin Ul
e

Document & e

Retrieval & e
¥ Civuion Bave
Ik Matesoia Sioc
Local i Haylam Dravian
e sl Indo A
Alignment 7 o s
i T
Ot Ramance
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Global Bt Portiuee Romance
e R
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WikiMatrix S8 e anan
Sk S
CCMatrix 5 Sonan Sinic
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WMT/TED % St Gominic
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4 5 T s s B0
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21 1 1 008
100677769 3698
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8 t650
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® Between Romance languages fr, es, it and pt 480k—923k
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Cross-lingual
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A. El-Kishky,
P. Koehn,

WikiMatrix: 85 Languages, 1620Pairs

H. Schwenieu: -
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e Japanese/Korean 222k, Japanese/Russian 196k,
Indonesian/Vietnamese 146k, Hebrew/fr,es,it,ru 120-150k
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Large-Scale Bitext Mining
Scaling up !
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Cross-lingual

Mining . L.
A ELKishky Large-Scale Bitext Mining
Ef _
Scaling up !
® Can we apply the same global mining approach to a much
bigger corpus ?

WMT/TED
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Cross-lingual
Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

LASER
Evaluation

WikiMatrix
CCMatrix
WMT/TED

Large-Scale Bitext Mining

Scaling up !
® Can we apply the same global mining approach to a much
bigger corpus ?

® 10 snapshot of curated common crawl corpus
(Wenzek et al, arxiv'19)

® 36 billion unique sentences (50 bigger than Wikipedia)
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Cross-lingual
Mining

Large-Scale Bitext Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

Scaling up !
® Can we apply the same global mining approach to a much
bigger corpus ?
: ® 10 snapshot of curated common crawl corpus
e (Wenzek et al, arxiv'19)

® 36 billion unique sentences (50 bigger than Wikipedia)
= Substantial computational and storage challenges

® Mining Russian against Japanese: 3 x 2.9 billion sentences
® ~ 8.7 - 108 distances (6 months on 8 GPUs)
Yl ® optimized and highly parallelized processing

CCMatrix
WMT/TEL
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Cross-lingual

Mining .. .
A ELKishi Mining in the Whole Internet
P. Koehn,
H. Schwenk .
CCMatrix
® 36 billion sentences collected on the Internet in 39
languages

= More than 4.5 billion parallel sentences in 39 languages

LASER
Evaluation

WikiMatrix
CCMatrix
WMT/TED
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Cross-lingual
Mining .. .

A EbKishi Mining in the Whole Internet

P. Koehn,

H. Schwenk

CCMatrix
o ® 36 billion sentences collected on the Internet in 39
WEB Crawling Ianguages
Multilingual = More than 4.5 billion parallel sentences in 39 languages

Represent

Introduction

LASER 5000

Evaluation 4570M

Number of languages SEEESE

Retrieval

Local 3000

Alignment

~ 2000
Global

Alignment

WikiMatrix 1000
CCMatrix

WMT/TED

Europarl  United Nations  ParaCrawl WikiMatrix CCMatrix

Bitext

Filtering = By far the largest collection of high quality mined bitexts
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Cross-lingual
Mining
A. El-Kishky,

P. Koehn,
H. Schwenk

LASER

Evaluation

WikiMatrix
CCMatrix
WMT/TED

Mining in the Whole Internet

CCMatrix

® 36 billion sentences collected on the Internet in 39
languages

= More than 4.5 billion parallel sentences in 39 languages

5000

4570M

4000 [fize in million sentences NN
Number of lanquages mmmm

3000
2000

1000

Europarl  United Nations ParaCrawl ~ WikiMatrix  CCMatrix

= By far the largest collection of high quality mined bitexts

® Expected to cover many topics: politics, sports, tourism,
daily life, ...
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Cross-lingual
Mining
A. El-Kishky,

P. Koehn,
H. Schwenk

LASER

Evaluation

WikiMatrix
CCMatrix
WMT/TED

Complexity Optimization

Example: mining French/English

[ text; R ]—-[ embed, R D |Idx1 Idxll D; embed, H text;PE ]
[ texty R H embedy R Dy |Ide Idle Du embedyt H textyPE ]
indexPE margin indexfR
based
mining

® Split monolingual texts into many parts
® Calculate forward and backward distances in parallel

= Extract bitexts when all distances are available
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Cross-lingual
Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

LASER

Evaluation

WikiMatrix

CCMatrix

WMT

TED

CCMatrix

ISOName  Family

ar  Arabic Arabic

bg Bulgarian Slavic

e Czech  Slavic

da Danish  Germanic

de German  Germanic

el Greek  Hellenic

en English  Germanic

es Spanish

fa Farsi

fi Finnish

fr French

he Hebrew

hi Hindi

hu Hungarian Uralic

id Indonesian Malayo-
Polynesian

it Italian  Romance

ja Japanese  Japonic

ko Korean  Koreanic

ms Malay  Malayo-
Polynesian

nl Dutch  Germanic

no Norwegian Germanic

pl Polish  Slavic

pt Portuguese Romance

ru Russian Slavic

sv Swedish  Germanic

tr Turkish  Turkic

uk Ukrainian Slavic

Vi Vietnamese Vietic

zh Chinese  Chinese

72
2512

b o

3039
-6

da

de

R 3
99 4.
1835

-112:6 3.

e en

3
3
4

8

es fa

65100 3.1
37107 23
98 155 29
45102 2.0

BJ6TBI38.8 4.8

- 5612222

A s

T

fi fr he hi

27288 22 14
36114 2.1 15
6.117.3 3.1 2.0
48120 23 1.5
11.3(50.0 5.6 32
36 129

20 551712
-[1L1 22 14
6835

B85

38

32|

it

Ja ko ms

58 502515 51
74 572813 69
112 804020 116
73 562914 95

85 522614 69
134313337 7.2 0.8/23.8
124443 116 62
36 352013 36
3 6230 14 8.1
11.9[462 12.6 69 4.232.1

il

4.0

B 25

-

L1

42

23 271609 24

70 5226 1.3/ 7.1
74 593544 16

- 894725166
- - -3308

19

.9
48
26

no pl

pt

sy

25 45 67792 56
30 72 75174 16
491132107 18.1 129
3 96 65 74 92152
9.6/295 116 62 3.533:2 1041205234 293 293
30 62 84 99 73 56
38 160 33117241438 268
88 19.@@% 23

19 32
41 68

4.1
781

56 40
99 138

9.9 21.137.9 319 27.6

20 36
14 21

30 7.1
37 60

43
26

658
9.1

64 5.1
34 30

96 74
99 86

6.1 147254 205 160

5.1 e
26 40
13 23

9.1
49
28

7.8 129 155

55

- 135

6.4

116 113
60 7.1
37 36

17.7 208
8.1 138
229 13.8
209 157

tr

55
58
8.6
51
155

152
49
62

174
44
32

56
8.1

105
121
84
34

1.0
52
9.1

110

uk

~[a
Do

38

16
4.0
L1
L]
42

08

27
14
34
3.0

- 189 1531312
R )

33
44
125
36
19

Bl
79

80
65
52
32

72
39
6.5
88
104
106

5104

02

24

46
6.3

86

63
28

84
43
7.1
9.5
130
104
10.0

Table 1: CCMatrix:

® French/Spanish: 71M

size of mined sentences (in millions) for each language pair.
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Cross-lingual
Mining

A. El-Kishky,
P. Koehn,
H. Schwenk

LASER

Evaluation

WikiMatrix

CCMatrix

WMT

TED

CCMatrix

ISOName  Family

ar  Arabic Arabic

bg Bulgarian Slavic

e Czech  Slavic

da Danish  Germanic

de German  Germanic

el Greek  Hellenic

en English  Germanic

es Spanish

fa Farsi

fi Finnish

fr French

he Hebrew

hi Hindi

hu Hungarian Uralic

id Indonesian Malayo-
Polynesian

it Italian  Romance

ja Japanese  Japonic

ko Korean  Koreanic

ms Malay  Malayo-
Polynesian

nl Dutch  Germanic

no Norwegian Germanic

pl Polish  Slavic

pt Portuguese Romance

ru Russian Slavic

sv Swedish  Germanic

tr Turkish  Turkic

uk Ukrainian Slavic

Vi Vietnamese Vietic

zh Chinese  Chinese

72
2512

b o

3039
-6

da

de

R 3
99 4.
1835

-112:6 3.

e en

3
3
4

8

es fa

65100 3.1
37107 23
98 155 29
45102 2.0

BJ6TBI38.8 4.8

- 5612222

A s

T

fi fr he hi

27288 22 14
36114 2.1 15
6.117.3 3.1 2.0
48120 23 1.5
11.3(50.0 5.6 32
36 129

20 551712
-[1L1 22 14
6835

B85

38

32|

it

Ja ko ms

58 502515 51
74 572813 69
112 804020 116
73 562914 95

85 522614 69
134313337 7.2 0.8/23.8
124443 116 62
36 352013 36
3 6230 14 8.1
11.9[462 12.6 69 4.232.1

il

4.0

B 25

-

L1

42

23 271609 24

70 5226 1.3/ 7.1
74 593544 16

- 894725166
- - -3308

19

.9
48
26

no pl

pt

sy

25 45 67792 56
30 72 75174 16
491132107 18.1 129
3 96 65 74 92152
9.6/295 116 62 3.533:2 1041205234 293 293
30 62 84 99 73 56
38 160 33117241438 268
88 19.@@% 23

19 32
41 68

4.1
781

56 40
99 138

9.9 21.137.9 319 27.6

20 36
14 21

30 7.1
37 60

43
26

658
9.1

64 5.1
34 30

96 74
99 86

6.1 147254 205 160

5.1 e
26 40
13 23

9.1
49
28

7.8 129 155

55

- 135

6.4

116 113
60 7.1
37 36

17.7 208
8.1 138
229 13.8
209 157

tr

55
58
8.6
51
155

152
49
62

174
44
32

56
8.1

105
121
84
34

1.0
52
9.1

110

uk

~[a
Do

38

16
4.0
L1
L]
42

08

27
14
34
3.0

- 189 1531312
R )

33
44
125
36
19

Bl
79

80
65
52
32

72
39
6.5
88
104
106

5104

02

24

46
6.3

86

63
28

84
43
7.1
9.5
130
104
10.0

Table 1: CCMatrix:

¢ Norwegian/Swedish: 14M

size of mined sentences (in millions) for each language pair.
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LASER

Evaluation

WikiMatrix

CCMatrix

WMT

TED

CCMatrix

ISOName  Family

ar  Arabic Arabic

bg Bulgarian Slavic

e Czech  Slavic

da Danish  Germanic

de German  Germanic

el Greek  Hellenic

en English  Germanic

es Spanish

fa Farsi

fi Finnish

fr French

he Hebrew

hi Hindi

hu Hungarian Uralic

id Indonesian Malayo-
Polynesian

it Italian  Romance

ja Japanese  Japonic

ko Korean  Koreanic

ms Malay  Malayo-
Polynesian

nl Dutch  Germanic

no Norwegian Germanic

pl Polish  Slavic

pt Portuguese Romance

ru Russian Slavic

sv Swedish  Germanic

tr Turkish  Turkic

uk Ukrainian Slavic

Vi Vietnamese Vietic

zh Chinese  Chinese

72
2512

b o

3039
-6

da

de

R 3
99 4.
1835

-112:6 3.

e en

3
3
4

8

es fa

65100 3.1
37107 23
98 155 29
45102 2.0

BJ6TBI38.8 4.8

- 5612222

A s

T

fi fr he hi

27288 22 14
36114 2.1 15
6.117.3 3.1 2.0
48120 23 1.5
11.3(50.0 5.6 32
36 129

20 551712
-[1L1 22 14
6835

B85

38

32|

it

Ja ko ms

58 502515 51
74 572813 69
112 804020 116
73 562914 95

85 522614 69
134313337 7.2 0.8/23.8
124443 116 62
36 352013 36
3 6230 14 8.1
11.9[462 12.6 69 4.232.1

il

4.0

B 25

-

L1

42

23 271609 24

70 5226 1.3/ 7.1
74 593544 16

- 894725166
- - -3308

19

.9
48
26

no pl

pt

sy

25 45 67792 56
30 72 75174 16
491132107 18.1 129
3 96 65 74 92152
9.6/295 116 62 3.533:2 1041205234 293 293
30 62 84 99 73 56
38 160 33117241438 268
88 19.@@% 23

19 32
41 68

4.1
781

56 40
99 138

9.9 21.137.9 319 27.6

20 36
14 21

30 7.1
37 60

43
26

658
9.1

64 5.1
34 30

96 74
99 86

6.1 147254 205 160

5.1 e
26 40
13 23

9.1
49
28

7.8 129 155

55

- 135

6.4

116 113
60 7.1
37 36

17.7 208
8.1 138
229 13.8
209 157

tr

55
58
8.6
51
155

152
49
62

174
44
32

56
8.1

105
121
84
34

1.0
52
9.1

110

uk

~[a
Do

38

16
4.0
L1
L]
42

08

27
14
34
3.0

- 189 1531312
R )

33
44
125
36
19

Bl
79

80
65
52
32

72
39
6.5
88
104
106

5104

02

24

46
6.3

86

63
28

84
43
7.1
9.5
130
104
10.0

Table 1: CCMatrix:

® Chinese/Japanese: 13.5M

size of mined sentences (in millions) for each language pair.
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LASER

Evaluation

WikiMatrix

CCMatrix

WMT

TED

CCMatrix

1SO Name Family

ar
bg
o
da
de
o

Arabic Arabic
Bulgarian  Slavic
zech  Slavie
Danish Germanic
German  Germanic
Greek  Hellenic
English  Germanic
Spanish

Farsi

Finnish

French

Hebrew

Hindi

Hungarian Uralic

Indonesian Malayo-
Polynesian
Italian  Romance
Japanese  Japonic
Korean  Koreanic
Malay  Malayo-
Polynesian
Dutch  Germanic
Norwegian Germanic
Polish  Slavie

Portuguese Romance
Russian  Slavic
Germanic
Turkish  Turkic
Ukrainian  Slavie
Vietnamese Vietic
Chinese  Chinese

72
2512

bg cs da

3039

-6

de

R 3
99 4.
1835

-112:6 3.

e en

3
3
4

8

es fa

65100 3.1
37107 23
98 155 29
45102 2.0

BJ6TBI38.8 4.8

- 5612222

A s

T

fi fr he hi hu

2788 22 14 27
361142115 38
611733120 6.1
4812023 15 37
11.3[50.0 5.6 32 11.0
36 129

20 551712 19
112214 42
- 6835103

58 502515 51
74 572813 69

112 804020 116
73 562914 95

id it Ja ko ms
4.1

38

53

39

9.6/295

37

85 522614 69

124443 116 62
36 352013 36
7.1 6230 14 8.1

40 5325

-

L1

12,6 69 4.2]32:1

42

23 271609 24

70 5226 1.3/ 7.1
74 593544 16

- 894725166
- - -3308

19

.9
48
26

no pl

pt

sy

25 45 67 92 56
30 72 75174 76
49 132 107 18.1 129
96 65 74 92152

116 62 3.5/33.2 10.4 205 234 29.3 293

trouk v

55 15 42
58 23 44
86 26 60
57 15 42
155 38 97

3 30 62 84 99 73 56 17 42
1343137337 72 05238 3.8 1601331 724438268 16185
8.819.6 504 324 223
19 32 41 56 40

41 68

781

99 138

9.9 21.137.9 319 27.6

20 36
14 21

30 7.1
37 60

43
26

658
9.1

64 5.1
34 30

96 74
99 86

6.1 147254 205 160

5.1 e
26 40
13 23

9.1
49
28

7.8 129 155

55

- 135

6.4

116 113
60 7.1
37 36

17.7 208
8.1 138
229 13.8
209 157

- 189

152 40119
49 11 33
62 17 44
174 421125
44 12 36
32 08 19

56 17 37
81 1779

105 28 80
121 28 65
84 14 52
34 08 32

10 27 72
52 14 39
9.1 34 65
110 30 88
1531312 104
- 28106
- 25104
- - 02

24

46
6.3

86

63
28

84
43
7.1
9.5
130
104
100
77

Table 1: CCMatrix:

size of mined sentences (in millions) for each language pair.

® Hindi with Chinese, Japanese, Korean, Indonesian: =~
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WEB Crawling

Multilingual
Represent
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Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Sitext
Filtering

Example Parallel Sentences

Japanese

EANL VL TESIKNE BR T 272012k, RE»D7 2
t AARERTERF D 7 — XYW, HB R 70 —7 v 7
CREERNE Y 72D F5

(Monitoring progress at the national level requires quality,
accessible and timely data collection and regional follow-up and
verification.)

IRussian

[ MepOnpUsATHH 10 OTC/IE)KUBAHUIO TIPOrpecca Ha
HallMOHA/IbHOM YPOBHe HeoOXozuMo obecreunTts c6op
KaueCTBEHHBIX, JOCTYIHBIX ¥ aKTya/IbHbIX JaHHBIX, a TAKXKe
NpoBe/ieHHe MOC/IeAyoLel JesTeNbHOCTH U 0630pa Ha
pervoHaIbHOM YPOBHE.

(For activities to track progress at the national level, it is
necessary to ensure the collection of quality, accessible and
relevant data, as well as follow-up and review at the regional
level.)
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Introduction

Corpora and
WEB Crawling

Multilingual
Represent
LASER

Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

Example Parallel Sentence

Tahun ketiga pengajian biasanya dibelanjakan ke luar negara di
institusi rakan kongsi di Timur Tengah atau Afrika Utara.

Malay
(The third year of study is usually spent abroad at partner
institutions in the Middle East or North Africa.)
WFFERHYSE = 418 W R AE AR BRI RN U E R SMEIE
Chinese

(The third year of the study is usually spent abroad in partner
institutions in the Middle East or North Africa.)
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LASER
Evaluation

WikiMatrix
CCMatrix
WMT/TED

Example Parallel Sentence

Arabic

S0 Sbrs islgs 5mSAl bl oM )l awl>1lsg5
JoulUs p igitl Iz Jrx ) 5Modal.

(The guards went to the large oak doors, Helen and Jack came
down to stables to make for two horses.)

Hebrew

1T 721 NMI701 NI7ITN 78D YY NINTZT 78 NN DNiwn
D'DID Y '2N'7 NININYT.

(The guards returned to the large oak doors and Helena and Jack
went down to the stables to make two horses.)
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Introduction

Corpora and
WEB Crawling

Multilingual
Represent
LASER

Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Sitext
Filtering

Example Parallel Sentence

Tarkista aina valiin, ettd olet oikealla tiella.

Finish
(Always check in between that you are on the right track.)
aUCUIGID 2 MIAILBESHS Q6T EHRIGHT EhiGar Ffwimet
Tamil auPuNer Qadveiyesel.

(Always make sure you go the right way.)
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Inireelueiitor En You should clean the refrigerator once a month. Visiting a sick friend.
Corpora and Ar sl b 3>l ) il Sl e il S5 15y Lo a5
WEB Crawling De | Den Kiihlschrank sollten Sie cinmal im Monat saubermachen. Ein Besuch in cinem kranken Freund
Fr | 11 est recommandé de nettoyer le réfrigérateur une fois par mois. visite & un ami malade.
Multilingual 1 Sebulan sekali kulkas harus dibersihkan. Kunjungi teman yang sakit
IR | 17 ARLER SORRBANORE 52 % LEE %, HOREE RS
LASER_ Ko T oll B AR YYD Y4 E FE A Foh ofE 2178 B Agoz
Feoluaen Ru XOOMLTBHIK CACAYET PAIMOPIKHBATE PA3 B MECSIL. Tocewerie GobHOro Apyra.
Document T Buzdolabimi bosaltarak ayda bir kez temizleyin. Hasta bir dostu ziyaret etmek.
Retrieval Vi Vi vy, mdi thing ban nén vé sinh ti lanh mdt lin. ‘Thiim ngudi ban THAN bénh
Local Zh LG, RAT A T K. R —AEREI R
Alignment
En | When we breathe quickly we also build up oxygen in our blood.
Global Ar |l b S iy pgs iy i Lasic,
Alignment De | Wenn wir schnell atmen, bauen wir auch Sauerstoff in unserem Blut auf.
WikiMatrix Fr | Lorsque nous respirons rapidement, nous créons également de T'oxygéne dans notre sang.
CCMatrix Id Ketika kita bernapas dengan cepat, kita juga membangun oksigen dalam darah kita.
WMT/TED Ja BB RS 5 v, M mEDBRLE T,
Bitext Ko | Felhatel 2 40 2% 0 dol 825 FAwU.
Filtering Ru Korta Mbi JIbILMM GBICTPO, Mbi TAKKe HAKATIMBAEM KHCJIOPOIL B Hallleli KPOBH.
Tr | Khichiing ta thi nhanh, ching ta ciing tich tu oxy trong méu.
Vi | Gabucak nefes aldigimizda, kanimizda da oksijen biriktiririz.
Zh LFRATHOEIFUS, Bl e th PR T
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Introduction

Corpora and
WEB Crawling

Multilingual
Represent.
LASER

Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

11-way Parallel Sentences

En | With the growing importance of world trade and the global commaunity, business executives and legal professionals are expected to look
beyond national jurisdictions and issues of i ional law and i law.

Ar | Ol Galeiall sl s O UL gy iyl 250l) Ll an] ) 5 & gigiall g sgallall gaimally dsallal) & o) dsmal 515 -

De Da Handel und Unternehmen immer globaler werden, wird erwartet, da: iiber nationale indi i und Fragen
des europiischen und internationalen Rechts verstehen.

Fr Avec I'importance croissante du commerce mondial et la communauté mondiale, consultants juridiques devraient regarder au-dela des juridictions
nationales et de comprendre les questions de droit européen et international.

Id | Dengan semakin pentingnya perdagangan dunia dan masyarakat global, konsultan hukum diharapkan untuk melihat melampaui yurisdiksi
nasional dan memahami masalah hukum Eropa dan internasional.

Ja a L r Y Mg MBLETAANETET /A — 0T 310N T, HOEHHiZBL T, BB X CEIRAOMEZ
T 5 2 LA IRTVET,

Ko |53 HIZ\-I 27k R AIAIH 2.2 F7kgtoll whet & AAUREE F7h e dolMA §31 9 A Al olsd ez
oldgyct.

Ru | C pocTo BaHOCTH MUPOBOI TOPFOBIH i MHPOBOTO D Kak wekath 3

i " Bonpocos i n npasa.

Tr | Ticaret ve is diinyas: gittikge kitresellestikge, hukuk miisavirlerinin ulusal yargilarin tesine gegmesi ve Avrupa ve uluslararasi hukuk konularint
anlamalani beklenmektedir.

Vi V6i tm quan trong ngdy cang ting ciia thuong mai thé gi6i va cong ddng quée t&, e vin phap luat duge du kién dé nhin xa hon khu vie phap 1y
quée gia va hiéu cdc vin d& cta phdp ludt chau Au va quéc (€.

Zh | BTSSR0 S EREE SO TR F ARSI, IO R R A R T AR IR TR A
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WMT'19
® De-facto standard for NMT progress, strong competition
® Train NMT systems on mined data only,
no human bitexts

e
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Introduction

Corpora and
WEB Crawling

Multilingual
Represent.
LASER

Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

Evaluating CCMatrix

WMT'19
® De-facto standard for NMT progress, strong competition

® Train NMT systems on mined data only,
no human bitexts

® Newstest 2018:

60.00

50.00

40.00 —+
30. T W Best single
= CCMatrix
20.00 -}
10.00
0.00

de-en en-de ru-en en-ru zh-en enzh

E]

2
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WMT'19
® De-facto standard for NMT progress, strong competition

Introduction

Corpora and

WEB Crawlin . .
- ® Train NMT systems on mined data only,

Multilingual .
RS no human bitexts
LASER
Evatson ® Newstest 2018:

60.00 -+
Document
Retrieval

50.00
Local
Alignment 40,00
Global
Alignment 30.00 - W Best single
WikiMatrix BCCMat:
CCMatrix 20.00 -
WMT/TED
Bitext 10.00
Filtering

0.00

de-en en-de ru-en en-ru zh-en en-zh

® We outperform all best single systems, +3.8 BLEU en-de
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WMT'19

® De-facto standard for NMT progress, strong competition

Introduction

Corpora and

R ® Train NMT systems on mined data only,

Multilingual

Represent. no human bitexts
LASER
— ° Newstest 2019:
50.00
Document
Retrieval 45.00
Local 0.0
Alignment 35.00
Global 20 Best singl
est single
Al .
ignment 25.00 ® CCMatrix
WikiMatrix 20.00 Best Eval
CCMatrix
WMT/TED 0.0
. 10.00
Bitext
Filtering 5:00.
0.00

deen  ende  reen  enHu  zh-el enzh  defr  frde
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Introduction

Corpora and
WEB Crawling

Multilingual
Represent.
LASER

Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

Evaluating CCMatrix

WMT'19
e De-facto standard for NMT progress, strong competition

® Train NMT systems on mined data only,
no human bitexts

® Newstest 2019:

50.00
45.00
40.00
35.00
30.00
W Best single
.00 i
20.00 Best Eval
15.00
10.00
5.00
0.00
de-en  en-de ru-en enru  zhen  enzh de-fr fr-de

® en-de/de-fr: on-pair with eval system (BT, sys.comb)
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BLEU Scores on TED Test Sets

ar bg cs da de el en es fa fi fr he hi ms nl no pl pt ru sv tr uk vi zh
ar -16.6 11.5 14.9 155 17.5/28:7 22.4 87 7.3 19.6 10.9 12.6 10.2 15.8 16.2 10.2 20.7 13.8 188 7.6 7.1 19.0 9.9
bg 95  -110.3 249 22.9 24.4/363 27.8 9.8 11.9/26.1 13.7 14.4 12,9 21.8 22.2 15.0 261 19.3 24.1 9.9 13.9 21.8 10.5
cs 7.0/219  -[21.8 21.0 20.0 292 24.0 7.9 13.8 24.1 10.8 13.9 85 21.3 22,6 16.1 22.5 18.1 226 9.2 11.4 20.2 10.3
da 65253181 -[26.8 23.5) 289 8.4 143 27.6 12.6 15.8 14.7/28.2:32.1 163 27.0 18.9 103 99199 93
de 92240 19.8]304 -(223 281 97 13.1 27.6 13.7 18.4 11.7/26.8 205 155 26.9 18.3 26.6 11.4 12.3 22.6 11.3
el 98244 17.2 250 21.3 284 9.3 11.8 26.7 13.8 16.0 21. 134 221 241 139 26.4 17.5 24.1 10.1 10.3 22.2 10.9
en 16.6[35.7 24.5[4212 32,6 15.7 17.6/36/6 24.8 25.2/33.4 34.1 12.3 5.8/ 24.8/33.34312 18.4J4112 21.9]3812 16.1 19.2 295 15.1
es 11.6/26.4 19.4 28.7 25.1 109 14.4/30.7 157 17.9 24.2 299 10.9 45  -/262 25.0 15.7 32.8 19.4 26.9 11.4 13.9 24.7 123
fa 7.0 147 10.7 144 14.2 146 251 182 - 57 17.2 80 91169 152 7.6 23 93 142 118 85 17.5 123 156 81 6.4 17.7 83
fi 47142132 17.7 146 138 216 181 40 - 161 7.8 119 133 141 9528 22 16.1 13.7 10.4 148 11.6 166 7.2 6.3 161 8.0
fr 10.4/25.9 19.7/20.5 25.4 26.6[4012 326 10.6 13.8 - 15.6 18.8/25,5/29.6 10.8 4.6 13.7/26.7 24.8 16.3]31:2 20.0 27.2 12.0 13.4/24.6 10.3
he 9.6 19.0 13.8 19.8 18.2 18.9/334 240 7.7 97/232 - 128188 202 7.9 31 84 183 17.2 117 227 159 21.1 81 7.5188 9.2
hi 41103 7.9 118 142 11.4 243 165 36 65172 69 - 134129 6519 67 129 96 7.1 154 124 139 68 38 153 65
id 83199 143 21.4 19.6 19.1/319 247 9.9 9.8 237 11.7 164 - 202 10.1 4.6 19.0 20.8 21.2 12.8 235 16.0 21.2 10.2 9.6 237 11.5
it 11.0/242 18.4/26.4 24.1 254369 325 10.2 13.0/30.4 14.1 168231 - 10.7 3.8 13.2/24.8 253 15.4/30.8 18.7.26.9 11.2 12.1 23.7 11.4
ja 38 74 59 82 78 7.7 118116 43 46107 40 91 96 92 -31 55 84 74 61 99 7.3 81 46 33120 69
ko 42 86 7.4 98100 88154 137 51 56 132 52 108 125 10.511.0 - 6.7 102 9.9 6.7 121 88 113 6.1 3.8 143 81
ms 74119 88142133 136/291 - 90 52169 64 130209 180 8625 - 140 148 838 194 129 201 7.8 4.8/238 10.1
nl 87 21.8 18.0/28.3 25,6 21.9 283 9.3 12.8/27.9 13.4 16.9 22.7 23.7 10.4 3.7 12.2 - 18.1 155 26.6 17.2 25.4 10.6 9.8 22.0 10.7
no 9.7233 19.8/34.0 21.9 24.2 27.0 53 124256 12.7 135 22.9 26.8 10.8 35 168 191 - 13.1 27.6 18.8/325 9.7 11.0 164 10.7
pl 65173 162 195 16.8 159 223 200 65 10.2 200 9.3 12.9 163 17.4 9.4 30 9.8 17.5 144 - 188 154 174 7.6 106 17.7 85
pt 11.5/26.6 19.3129.1 25.0 27.3 1.0 13.0/31.9 16.0 18.5 25.9/30.5 10.6 4.2 15.1/26.3 24.3 162 - 19.7 26,6 11.5 13.2/25.1 10.0
ru 80 19.6 159 18.8 18.1 18.3 24.2 21.8 8.6 10.6 22.1 112 16.0 17.8 19.0 10.1 3.5 11.7 18.2 19.3 141 20.7 - 19.7 8.4 21.1 19.3 103
sv 111 24.4 20.2[34:3 26.3 24.4/408 28.8 9.4 14.9 27.7 15.4 18.7 24.3 26.3 10.8 4.6 15.6 25.7 30.3 14.7 283 18.8 - 12.0 11.2 24.9 12.1
tr 7.5 164 128 16.2 164 16,6 250 20.3 8.7 9.6 19.9 9.2 158 17.5 169 9.6 4.1 10.8 16,6 14.7 10.8 188 133 182 - 7.3 192 9.9
uk 50172 120 13.8 147 13.2 23.1 186 54 80177 69 87 128153 7.0 17 6.2 131 129 123 172230 136 56 - 145 73
vi 80168 129 17.1 165 17.0 258 21.7 87 93210 9.9 157 21.3 183 9.6 43 165 17.6 161 11.0 206 141 190 94 91 - 108
zh 63118 93112 122123 183 160 6.9 7.4 152 7.6 123 148 13.4 9.6 35 9.7 128 126 8.4 140 11.2 138 68 6.1 181 -

® Same NMT system for all language pairs
(despite huge difference in bitext size)

® Best: BLEU 45.2 for Norwegian/English
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Scaling even further

® Scaling to 32 crawls, 100 languages
= = 10 billion bitexts

® Further improvements on WMT evaluation

LASER
Evaluation

CCMatrix
WMT/TED
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A. El-Kishky,
P. Koehn,
H. Schwenk

Scaling even further
® Scaling to 32 crawls, 100 languages
= = 10 billion bitexts

® Further improvements on WMT evaluation

LASER
Evaluation

Sharing our results

® | ooking for means to share these CCMatrix bitexts

CCMatrix
WMT/TED
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WMT/TEL

Bitext
Filtering

parallel sentence filtering
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® \We have intuitive notions of useful training data

o ® source and target match in meaning
® both are well-formed text

WikiMatrix
CCMatrix

WMT/TED

Bitext
Filtering
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LASER

WMT/TEL

Bitext
Filtering

Filtering for What?

® \We have intuitive notions of useful training data

® source and target match in meaning
® both are well-formed text

® But: the right question is: does it help to build a better

MT system

® We do not know how to answer that
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LASER

WikiMatrix
CCMatrix

WMT/TEL

Bitext
Filtering

Types of Noise

Misaligned sentences

Disfluent language (from MT, bad translations)
Wrong language data (e.g., French in German—English
corpus)

Untranslated sentences

Short segments (e.g., dictionaries)

Mismatched domain
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Mismatched Sentences

o Artificial created by randomly shuffling sentence order

® Added to existing parallel corpus in different amounts

5% 10% 20% 50% 100%
24.0 24.0 239 | 261239 | 253234
-0.0 -0.0 01 | 31-01 | 19-06

® Bigger impact on NMT (green, left) than SMT (blue,

right)
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LASER

Evaluation

WikiMatrix
CCMatrix

WMT/TED

Bitext
Filtering

e Artificial created by randomly shuffling

Misordered Words

words in each

sentence
5% 10% 20% 50% 100%
Source
24.0 23.6 23.9 26.6 23.6 255 23.7
-0.0 - -0.1 ~ - -0.
0.4 06 -04 17 03
Target
24.0 24.0 23.4 26.7 232 26.1 229
00 0.0 -0.6 05 08 11 11

e Similar impact on NMT than SMT, worse for source

reshuffle
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5%

Untranslated Sentences

10%

20%

50%

100%

Introduction

Source
Corpora and

WEB Crawling

Multilingual
Represent.
LASER

Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext Target

Filtering

176 23.8

-0.2

27.2
-0.0

11.2 239

-0.1

-16.0

27.0
-0.2

56 23.8

-21.6

26.7
-0.5

-24.0

26.8
04

32 211

-2.9

-24.0

26.9
-0.3

= = wac
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® Harmfulness of copy noise also discovered by Ott, Auli,
Granger, Ranzato (Facebook FAIR)
o ® noticed link to beam search decoding

® proposed remedies at inference time

® Motivated overlap penalty as feature in data filtering

Bitext
Filtering
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LASER
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Bitext
Filtering

Zipporah: Motivation & Objective

Motivation
e Often have large pool of noisy parallel data
® Need to perform fast data-selection to select a
higher-quality subset of this data
Objective
® Design a function to rank the sentence pairs

® Select the best sentences under some size constraint
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Zipporah: Features
Features

@ Adequacy: how good the translation is

French | English | adequacy
Je suis Hainan. | am Hainan. v
Je suis Hainan. | The weather is quite good today. X
____________ v

French | English | fluency

------ XX
Je suis Hainan. | The weather is not quite good today. | v v
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® Dictionary

Introduction

o P(l—Je) =1

Corpora and .
WEB Crawling ® P(am—suis) = 3/4
Multilingual ® P(follow—suis) = 1/4
Represent.
=i 13 18 1L
Document SUI§ ﬁ
Retrieval 1 ," \ :
Local plllde) =1 | Plamisuis) - P(IOIOWISUIS], \ 15inaniHainan)
Alignment H =3/4,’ N H =1

v 14 A v
Global
Alignment l
WikiMatrix
CCMatrix 13 174 112 13
WMT/TED
Filtering

13 13 13

[} = -

D¢
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LASER
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Filtering

Zipporah: Adequacy Features

XEnt(p, q Zp Iog (10)

A(en—fr) =1/3*log3 +1/3 *log4 + 1/3 log 3 =
1.1945
Also compute A(fr—en), given e2f dictionary

For each sentence pair, define A(fr—en) + A(en—fr) as

the adequacy feature
Small when the translation is good (and literal)
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lo, s
lengh(s)
® Tarn ngram LMs for both languages
® For each sentence, we compute the F(s)
® For each sentence pair, define F(en) + F(fr) as the
WikiMat fluency feature
. ® Small when the sentence pair is fluent
Bitext
Filtering
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Goal: train a classifier to distiinguish between good and
besi bad data
Have good data (true parallel sentences)

Need bad data. Preferably one that covers all types f bad
data in the feature space

® Auto generate bad data from good data

WikiMatrix
CCMatrix

WMT/TEL

Bitext
Filtering
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H. Schwenk

o Starting from a good dev corpus

o ¢ Shuffly individual words within sentences (bad fluency)
e shuffle sentences (bad adequacy)
¢ Shuffle both (bad both)

Bitext

Filtering
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Zipporah: Bad Data vs Good Data

6

8

10 12
adequacy

14 16 18 20

Do
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H. Schwenk ClaSSIfler
o ® Task: To separate the good parallel data from (synthetic)
Faliton bad parallel data
® Method: Logistic regression classifier with polynomials of
features.
® Use the trained weights to compute a signed-distance to
R the decision boundary as score
Bitext
Filtering
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o ® Random selection

® QE Clean: Uses LM scores and word-alignment scores to
perform data selection

WikiMatrix
CCMatrix
Bitext
Filtering
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French-English: Ted Talks Dataset

Introduction

Corpora and

WEB Crawling —k— zipporah —®— ge-clean —#%— random

Multilingual
Represent.

LASER 30

Evaluation

Document 28.75

Retrieval

Local
Alignment

BLEU

Global

Alignment 26.25 /

WikiMatrix /

CCMatrix

WMT/TED 25 ‘

Bitext o

Filtering 0 50 100 150 200 250 300 350
num-words (millions)
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Represent.
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Evaluation

Document
Retrieval

Local
Alignment

Global

Alignment
WikiMatrix
CCMatrix
WMT/TED

Bitext
Filtering

Zipporah: Results

German-English: Newstest 11 Datasett

—k— zipporah —@— ge-clean —#— random

19.2

16.8

16 50 150 250 350 450

num-words (millions)
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L Geat Pair Filtering
® Shared Task in 2018: High Resouce
® German—English
o ® 1 billion words of noisy parallel data
® 100+ million words of clean parallel data
® Shared Task in 2019: Low Resource
s ® Sinhala—English and Nepali—English
R ® 50-60 million words of noisy parallel data
Bitext
Filtering ® 3-4 million words of relatively clean parallel data
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® Given
® very noise web crawled corpus
® sentence-aligned
® 50-60 billion English words
LASER
Evaluation
WikiMatrix
CCMatrix
WMT/TED
Bitext
Filtering
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® Given

® very noise web crawled corpus

® sentence-aligned

® 50-60 billion English words

LASER

Evaluaion ® Submission: sentence-level quality score for each sentence
pair

WikiMatrix

CCMatrix

WMT/TED

Bitext

Filtering
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® Given
® very noise web crawled corpus
® sentence-aligned
® 50-60 billion English words
- ® Submission: sentence-level quality score for each sentence

pair
® Evaluation
® subselection of training corpus based on quality threshold

® 1 million English words
WikiMatri ® 5 million English words

CCMatrix

WM/ Tel ® machine translation performance on undisclosed test sets

Eiiltteexrfng ® statistical machine translation (Moses)
® neural machine translation (fairseq)
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® Noisy parallel corpus
® English sentence
LASER ® foreign sentence
Evaluation
® Hunalign score
® Training data
WikiMatrix
CCMatrix
WMT/TED
Bitext
Filtering
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® Noisy parallel corpus
® English sentence
LASER ® foreign sentence
® Hunalign score
® Training data
® Development pack
® script to subsample corpora
ccHae ® Moses configuration file to build and test SMT system
Bitext ® Fairseq scripts to build and test NMT system
Filtering

® Development and test sets: Wikipedia translations
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Clean Parallel Corpora

Nepali Sentence English

Pairs Words
Bible (two translations) 61,645 | 1,507,905
Global Voices 2,892 75,197
Penn Tree Bank 4,199 88,758
GNOME/KDE/Ubuntu 494,994 | 2,018,631
Nepali Dictionary 9,916 25,058
Sinhala Sentence English

Pairs Words
Open Subtitles 601,164 | 3,594,769
GNOME/KDE/Ubuntu 45,617 150,513
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Development and Test Sets

® Evaluation on translations of Wikipedia content

Two New Evaluation Datasets for Low-Resource
Machine Translation: Nepali-English and Sinhala-
English, Francisco Guzman, Peng-Jen Chen, Myle Ott,
Juan Pino, Guillaume Lample, Philipp Koehn, Vishrav
Chaudhary, Marc’Aurelio Ranzato, arXiv:1902.01382

Nepali Sinhala
Sentence | English || Sentence | English
Pairs Words Pairs Words
dev 2,559 46,274 2,898 53,479
dev test 2,835 51,458 2,766 50,985
test 2,924 54,062 2,905 52,851
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Participants

Acronym Participant and System Description Citation
AFRL Air Force Research Lab, USA

DiDi DiDi, USA

Facebook Facebook, USA

Helsinki University of Helsinki, Finland

TP Indian Institute of Technology Patna, India

Webinterpret

Weblnterpret Inc., USA

NRC

National Research Council, Canada

Stockholm Stockholm University, Sweden

SUNY Buffalo | State University of New York, USA

Sciling Sciling S.L., Spain

TALP-UPC TALP, Universitat Politecnica de Catalunya, Spain
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AFRL
LASER ® Uses coverage metric and quality metric.

e Coverage metric discourages addition of sentence pairs
that have vocab already included in selected set

® Quality metric based on comparing machine translation of
foreign sentences with English sent using METEOR MT
metric

CCMatrix

WMT/TEL

Bitext
Filtering
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DiDi
LASER ® Dual cross-entropy based on monolingual language models

Evaluation

to find pairs where each sentence has similar probability

e Cynical data selection that prefers to select representative
subset
® |ength-ratio and using character-set based language
identification

CCMatrix

WMT/TEL

Bitext
Filtering
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Facebook
o ® Ensemble
® Matching of cross-lingual sentence embeddings feature
® Dual cross entropy based on neural translation model
scores
® Open source Ziporah and Bicleaner
WikiMatrix
CCMatrix
Bitext
Filtering
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NRC

e Filtering rules based on lang ID, length ratio, mismatched
o numbers, near duplicates
P ¢ Cross-lingual semantic evaluation metric (Yisi-2) that
uses:
® cross-lingual word embeddings
® transformer model language model pretrainined based on
XLM
® optimized to distinguish between clean parallel data and
synthetic noisy parallel data

WMT/TEL

Bitet ® Reranking to increase coverage
iltering
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Sciling
Laser ® Build translation models on clean data
® translate non-english to English in noisy data
® Similarity between machine translation and given English
sentence
e Filtering rules for sent length, source-target overlap, and
lang identification
Bitext
Filtering
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Stockholm
: * Filtering (excessive numbers, too few words, sentence
e length, too long, etc)
® Mono-lingual word embeddings with FastText
® learn projection between emebdding spaces based on word
alignment from parallel data
® Cosine similarity between English word to best matching
e projection of the word
Bitext
Filtering
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TALP-UPC
o e Monolingual word embeddings with FastText

® Unsupervised word ealignment
® \Word mover’s distance between sentences

e Filtering rules (sent length, lang identification, num
mismatches)

Bitext
Filtering
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Helsinki

TALP-UPC

Clean the clean parallel data using filter rules (sent length,
sents with long words, XML, HTML, tags, wrong script)

Obtain word alignments from this clean data
Noisy parallel data is scored using word alignments

Filtered with language models, lang identifiication, ratio of
chars in correct script, punctuation, number matching,
length mismatch
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Webinterpret

LASER ® Filtering rules based on language identification and sent
- length

e Coverage ranking incrementally adds sentence pairs to

increase vocan and ngram coverage

® Adequacy ranking considers IBM Model 1 word translation
L scores
Bitext
Filtering
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Different Subset Sizes

Neural Machine Translation, Sinhala
Neural Machine Translation, Sinhala

=== afrl 150k
- facebook
=== ditp
=== nrc yisi-2-sup
L/ e [P sciling
------ stockholm
6 =+=+ webinterpret prob
s . o.,
m
2
4
3
2
1
0

0.5 0.7 1 1.5 2 3
cornus size (millions of Enelish words)

5
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BLEU

Different Subset Sizes

Statistical Machine Translation, Sinhala

Statistical Machine Translation, Sinhala

====afrl 150k

= facebook

=== iitp

==== nrc yisi-2-sup
----- sciling

------ stockholm

=-=« webinterpret prob

0.5 0.7 1 1.5 2
corpus size (millions of English words)

3
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H. Schwenk Neural Machine Translation, Nepali

Neural Machine Translation, Nepali
afrl 50k
—— facebook
7 - iitp
. nrc
wse -/ T~ 2 @ ] sciling
Evaluation 6 weeee stockholm
===+ webinterpret
5
jom]
m
=R 4
3

WikiMatrix R
CCMatrix v eesmamEEe®
WMT/TED 2 2. ."&.ﬁ‘

. T
Bitext --.._'_'?
Filtering 1 :g

0

0.5 0.7 1 1.5 2 3 5
corpus size (millions of English words)
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BLEU

Different Subset Sizes

Statistical Machine Translation, Nepali

Statistical Machine Translation, Nepali

===« afrl 50k

- facebook
=== iitp

=ee= OIC

----- sciling

------ stockholm
===+ webinterpret

0.5 0.7 1 1.5 2
corpus size (millions of English words)

3
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LASER
Evaluation

Commonalities Learned from Submissions

WikiMatrix
CCMatrix

WMT/TED

Bitext
Filtering
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® Discard some data based on deterministic filtering rules
® too short or too long
e ® too many non-words
® average token length is too short or too long
® mismatched lengths

® names, numbers, email addresses, URLs do not match
between both sides

® too similar, indicating simple copying

WMT/TEL

Bitext ® language identification

Filtering

248 / 258



Cross-lingual

Mining .

A. El-Kishky, Embeddlngs
P. Koehn,
H. Schwenk

® Cross-lingual sentence embeddings

LASER ® central to best performing system
o ® LASER (Artexte and Schwenk, 2018)

® Word embeddings
® monolingual spaces, mapped unsupervised or using

dictionaries
® bilingually trained word embeddings

WikiMatrix
CCMatrix

WMT/TEL

Bitext
Filtering
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A EbKishi Use of Machine Translation
. Scomenk Models
Laser ® Quality scores on translations

Evaluation

® translate foreign into English
® score with METEOR, BLEU, Levenshtein distance
® Cross-entropy filtering

® force-translate foreign into given English
® consider translation model score

TED

Bitext
Filtering
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® N-gram or neural language models on clean data
o ® | anguage models trained on the provided raw data as
contrast
® Neural translation models
® Bag-of-words lexical translation probabilities
e Off-the-shelf tools: Zipporah, Bicleaner
Bitext
Filtering
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P. Koehn, .
H. Schwenk FUﬂCtIOﬂS

® Large number of scoring functions — averaging scores
o inadequate
® | earning weights to optimize MT quality computationally
intractable
® Solution: train classifier to distinguish between good and
bad sentence pairs

WikiMatrx ® good sentence pairs from clean corpus
Celte ® bad sentence pairs from provided data, or synthetic noise

WMT/TED

Bitext
Filtering
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H. Schwenk using Multilingual Sentence
Embeddings
Low-Resource Corpus
Filtering using Multilingual
Sentence Embeddings
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LASER _ye .
e ® | everage LASER multilingual embeddings as a tool to

measure parallel sentence quality
® Margin-based scoring function to score sentence pairs

WikiMatrix
CCMatrix
Bitext
Filtering
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2k cos(x,y)
2oyrenng(x) €050 Y') + D emn (y) €05(X'Y))

besi where

® NNi(x) denotes the k nearest neighbors of x in the other
language and analogously for NN(y).

® pool of sentences are deduplicated

e Global: pool of neighbors can be from global (all = clean
+ noisy data)

CCMatrix

WMT/TEL

Bitent ® Local: pool of neighbors can be from local (only from
Filtering noisy data)
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Results
Dev Test Results
Method ne-en si-en
™M 5M M 5M
Zipporah
base 5.03 2.09 4.86 4.53
+LID 5.30 1.53 5.53 3.16
+ Overlap 5.35 1.34 5.18 3.14
Dual X-Ent.
base 2.83 1.88 0.33 463"
+LID 219 082 642  3.68
+ Overlap 2.23 0.91 6.65 431
Bicleaner
base 591 2.54% 620 4.25
+ LID 5.88 2.09 6.36 395
+ Overlap 6.12% 214 6.667  3.26
LASER
local 7.37% 315  749% 501
global 6.98 2.98% 727 476
Ensemble
ALL 6.17 2.53 7.64 512
LASER glob. + loc. 749 2.76 7.27 5.08*
Bold=best scores, Italics*= runner up
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Results
Test Results
Method ne-en si-en
M SM 1M M
Main - Ensemble 68 28 64 40
Constr. - LASER local 69 25 62 3.8
Best (other) 55 34 50 44
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