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Machine Translation: Translating
from one language to another by computer

Machine Translation RBMT- rule based MT
EBMT- example based MT
SMT- Statistical MT
NMT- Neural MT

Machine
Translation
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Essence- Alignment :
Essence- Analogy g Essence- Attention?
RBMT (rule based)
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(example based)
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Interlingua transfer
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Today’s Ruling Paradigm: NMT which is
data intensive

BLEU Scores with Varying Amounts of Training Data
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Philipp Koehn and Rebecca Knowles. 2017. Six Challenges for Neural Machine Translation. In Proceedings
of the First Workshop on Neural Machine Translation, pages 28-39.



Essential Elements of MT Paradigms

o Analysisin RBMT

« Alignmentin SMT

« Analogyin EBMT

o Attentionin NMT?



Challenge of MT: Language Divergence

» Languages have different ways of expressing
meaning

o Lexico-Semantic Divergence

o Structural Divergence

Our work on English-IL Language Divergence with illustrations from Hindi
(Dave, Parikh, Bhattacharyya, Journal of MT, 2002)



Different ways of expressing meaning

Fe—

English:
This blanket is very soft

Hindi:
Y
Bangla:
eikarybal ti khub na i
Marathi: |
haa kambal khup naram sghe Marathi
Manipuri: Bengali
kampor asi mon mon laui Mahipuri
blanket this soft soft is

English



Kinds of MT Systems

(point of entry from source to the target text)

Deep understa nding level

Interlingnal level

Logico-semantic level

Mixing levels

Syntactico-functional level

Syntagmatic level

Ontological interlingua

Semantico-linguistic interlingua

SPA-structures ( semantic
& predicate-arg ument)

Multilevel descriptio n

Multilevel transfer

Syntactic transfer (dee F-structures (functional)

Svntactic

fer (surface ) C-structures (constituent)

Morpho-syntacftic leve,

Semi-direct tramslatic

Graphemic level

&wo@bd Tagged text
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Direct translation Text

(Vauquois. 1968)
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Differentiating Interlingual and Transfer based MT: TBMT
can choose the level of transfer! Need to emphasise this
point

= SJFM] 6UGTITRIG
® TSI B THA B (Hindi; Indo (Tamil: Dravidian)
Aryan)

= aracarai vanaNku
® raajaa ko naman karo = king_to obeisance_do

® HG: king to obeisance do
® Giveobeisancetotheking |= [T AZFF (anipuri

Tibeto Burman)
= niNgthoubu khoirammu

® TSITAT AHA DA (Marathi; Indo = king_to obeisance do
Aryan)

(English; Indo-Aryan)

® raajaalaa naman karaa

® Kking to obeisance do




transfer amongst different language families

Language

English
Hindi
Marathi
Tamil

Manipuri

Inflected l Inflected l
Verb/Inflected Noun/Inflected

verb complex Noun chunk

give obeisance To the king

naman karo raajaa ko
naman karaa raajaalaa
vanaNku aracaral
Khoirammu niNgthoubu



English parse tree

Transfer rules:
VC-PP inversion (all languages)
VC

S V-NI inversion (H & M: naman karo,
| naman karaa)

V-NI combination = nominal verb

/ VP\ with appropriate inflection (T, Mn:
vanaNku, khoirammu)
VvC PP
v NI P NP PP inversion with P becoming a
\ | | | postposition (H: raajaa ko)
Give obeisance to Theking,  syffixed form of ‘king’ expressing

accusative case (M, T, Mn:
raajaalaa, aracarai, niNgthoubu)



Rule based MT (typical architecture)

Analysis

ﬂ Source Text

Morphological
Analyzer

1\ .

POS Tagger

2

Chunker

xr

Vibhakti
Computation

1\ .

Name Entity
Recognizer

1\ .

Word Sense
Disambiguation

Transfer

Target Text ﬂ

Word
Generator

7

Interchunk

N

Intrachunk

N

Agreement
Feature

:

7

Lexical Transfer

Generation



Statistical Machine Translation

Deep understanding level

Interlingual Level

Logico-semantic level

Mixing levels

Syntactico-functional level

Syntagmatic Level

Corceptual transfer

o™

Multilevel transfer

Syntactic transfer (deep)

Syntactic

fer (surface )

Omntological interlingua

Semantico-linguistic intelingua

SPA-structures (semantic
& predicate-arg ument)

Multilevel descriptio n

F-structures (functiom)

C-structures (constituent)

Morpho-syntactic leve)

Semidirect transltio

Taggedtext

Ditect translation

Text




Foundation

e Data driven approach

e Goalis to find out the English sentence e
given foreign language sentence f whose
p(elf) is maximum.

é = argmaxp(e|f) = argmax p(fle)p(e)

ece” eece”

e Translations are generated on the basis
of statistical model

e Parameters are estimated using
bilingual parallel corpora



SMT: Language Model

To detect good English sentences

Probability of an English sentence w,w,...... w, can be
written as

Pr(w,w,.....w,) = Pr(w,) * Pr(w,|w;) *... * Pr(w,[w; w,... w,.

Here Pr(w,/w; w,...w, ) is the probability that word w,
follows word string w; w,... w, ;.
- N-gram model probability

Trigram model probability calculation

count(wyw,owsy)

W, |Wi W ==
p( 3| 1 2) Count(W1W2)



SMT: Translation Model

P(f]e): Probability of some f given hypothesis English translation e
How to assign the values to p(e|f) ?

count(f,e)

count(e)

p(fle) =

- Sentences are infinite, not possible to find pair(e,f) for all sentences

< Sentence level

Introduce a hidden variable a, that represents alignments between the individual
words in the sentence pair

Pr(fle) = ) Pr(f.ale) <——  word level



Alignment

« If the string, e=e,'= e, e, ...e,, has lwords, and the string, f=fm=ff,..f
has m words,

« then the alignment, a, can be represented by a series, a,m= a,a....a, ,
of m values, each between O and | such that if the word in position | of
the f-string is connected to the word in position i of the e-string, then
— a=1I,and
— if it is not connected to any English word, then a=0



Example of alignment

English: Ram went to school
Hindi: raam paathashaalaa gayaa

Ram went to school

<Null> raam paathashaalaa gayaa



Translation Model: Exact expression

Pr(f,ale) = Pr(m|e)

m
Pr (a; ol ™%, £/ m, e)Pr (flal, £ m )

L

Choose the length
of foreign
language string
given e

Choose alignment
given e and m

l

Choose the
identity of foreign
word given e, m, a

e Five models for estimating parameters in the expression

2]

e Model-1, Model-2, Model-3, Model-4, Model-5




Proof of Translation Model: Exact
expression

Pr(fle)=> Pr(f,ale) ; marginalization
Pr(f,ale)=) Pr(f,a,mle) ; marginalization
Pr(f,a,m|e)=> Pr(m|e)Pr(f,a|m,e)
=Y Pr(m|e)Pr(f,a|m,e)
:ZPr(m|e)lﬂ[Pr(fJ,aj |a) ™, £/, m,e)
m i1
=ZPr(m|e)1ﬂ[Pr(aj la)™, £ me)Pr(f,; |a!, f)™" m,e)
m 1
m is fixed for a particular f, hence

Pr(f,a,m|€)=Pr(m|e) []Prie, I, £ me)PrCr |2, 1% me)

R



Alignment



How to build part alignment from
whole alignment

« Two images are in alignment: images on the
two retina

* Need to find alignment of parts of it




Fundamental and ubiguitous

» Spell checking

« Translation

« Transliteration

« Speech to text

« Textto Speech



The all important word alignment

 The edifice on which the structure of SMT Is
built (Brown et. Al., 1990, 1993; Och and
Ney, 1993)

« Word alignment - Phrase alignment
(Koehn et al, 2003)

* Word alignment - Tree Alignment (Chiang
2005, 2008; Koehn 2010)

« Alignment at the heart of Factor based SMT
too (Koehn and Hoang 2007)



EM for word alignment from sentence alignment:

example
English French
(1) three rabbits (1) trois lapins
a b " X
(2) rabbits of Grenoble (2) lapins de Grenoble

b C d X y Z




Initial Probabilities:
each cell denotes t(a €2 w), t(a €= x) etc.

a b c d
w 1/4 1/4 1/4 1/4
X 1/4 1/4 1/4 1/4
y 1/4 1/4 1/4 1/4
z 1/4 1/4 1/4 1/4




Example of expected count

Clw € =2a; (a b) €2(w x)]

t(w €->a)
= —-X #(ain ‘a b’) X #(win ‘wx’)
t(w €=2a)+t(w <=>b)
1/4
= X1X1=1/2
1/4+1/4




“counts”

ab a b bcd b C d
> >
w X Xyz
W 1/2 1/2 w 0 0 0
X 1/2 1/2 X 1/3 1/3 1/3
y 0 0 y 1/3 1/3 1/3
z 0 0 z 1/3 1/3 1/3




Revised probability: example

(a €2 w)

trevised

1/2

(1/2+1/2 4040 ) (4 1) ¢ 3wy H(0+0+0+0 )y c gy e >y 2)



Revised probabilities table

a b C d
1/2 1/2 0 0
1/4 5/12 1/6 1/6

0 1/3 1/3 1/3

0 1/3 1/3 1/3




“revised counts”

ab a b bcd b C d

> >

w X Xyz
W 1/2 3/8 w 0 0 0
X 1/2 5/8 X 5/9 1/3 1/3
y 0 0 y 2/9 1/3 1/3
z 0 0 z 2/9 1/3 1/3




Re-Revised probabilities table

a b C d
1/2 1/2 0 0
3/16 85/144 1/9 1/9
0 1/3 1/3 1/3
0 1/3 1/3 1/3

Continue until convergence; notice that (b,x) binding gets progressively stronger;
b=rabbits, x=Ilapins




Derivation of EM based Alignment
EXxpressions

V. = vocalbula ry of language L, (Say English)
V. =vocabulary of language L, (Say Hindi)

El what is in a name?
TH 7 F: &

, haam meM kya hai?

F* name in what is?

E2 That which we call rose, by any other name will smell as sweet.
o8 87 e Fed & SR i 155 71 @ 39B] HIIg THIT HT 511

£2 Jise hum gulab kahte hai, aur bhi kisi naam se uski khushbu samaan mitha hogii
That which we rose say ,any  other name by its smell as sweet
That which we call rose, by any other name will smell as sweet.




Vocabulary mapping

Vocabulary

what , is, in, a , name , that, which, we naam, meM, kya, hai, jise, ham, gulab,
, call ,rose, by, any, other, will, smell, kahte, aur, bhi, kisi, bhi, uski, khushbu,
as, sweet saman, mitha, hogii



Key Notations

English vocabulary : Vg

French vocabulary : Vg

No. of observations / sentence pairs : S

Data D which consists of S observations looks like,

611, 812, ey ell1® fll, f12, ,flml
621, 822, ey eZZZ@ le, f22, ,fsz
esll eSZI e esls<=> fsli fSZJ '"'fsms
51,85, .., €559 5, S5, o, fS s
No. words on English side in st* sentence : I’
No. words on French side in st* sentence : m®

indexg(e,) =Index of English word e ,in English vocabulary/dictionary
indexy(f5,) =Index of French word f* in French vocabulary/dictionary

(Thanks to Sachin Pawar for helping with the maths formulae processing)



Hidden variables and parameters

Hidden Variables (2) :

Total no. of hidden variables = Y3_, IS m® where each hidden variable is
as follows:

zy, = 1, ifin s sentence, p** English word is mapped to ¢** French

word.
Zpq = 0, otherwise

Parameters (O) :

Total no. of parameters = | V;| X |Vz|, where each parameter is as
follows:

P; ; = Probability that it" word in English vocabulary is mapped to j*

word in French vocabulary



Likelihoods

Data Likelihood L(D; O) :

s Fomf
Zbo
1@:0) = | [] [] | (Pacscettrnaerie)

=1 p=1g=1

Data Log-Likelihood LL(D; O) :

LL(D @) Z Z Z Z IGQ 1ndex5{€f;. },indexF {ffj)

s=1p=1g=1

Expected value of Data Log-Likelihood E(LL(D; ©)) :

5

s IF m
E(LL(D;0)) = Z Z Z E(zpq) log (P mdgx,,.{gg},mdmgg])

=1 p=1g=1



Constraint and Lagrangian

[VE|
z Pi,j == 1 V
j=1

L Ivgl [Vl
ZZZ [zpq)sag ndxg(gg)ﬂdxﬁ.;fq Z (ZP —1)



Differentiating wrt P;

ZZZ Oindexg(e5).t Oindexs(5).j (E(?q)) 2, =0

s=1p=1g=1

s F omf
1
Pi,j = Il ZZ Z Emdexﬂ—{efj},i Emdexp{ff},jE(‘zﬂtE]

s=1p=1g=1

|1""F |1-'"F

ZP =1= 7 77 7 Emdﬂxs{ﬁﬁ}aﬂmdmﬁ{fﬂ EEE*pq)

slplql




Final E and M steps

M-step

p Z lzq 1 Emdgxh—{efj} i Elﬂdﬂ‘?ﬁp{_fs} jE(Eﬂqj Vi, j
Lji vl ms re
Ej=F1 5=1 Z*p:lzq:l indexﬂ-{ef,},i indexp{fqﬂ jE( ’m@‘j

E-step
Pindexb—{ef? },mdng {ff}

E(z
Zq: 1 mdexﬂ—{ﬂf,}mdﬂxﬁ q."}

T-'l'-i']

,V8,p,q



PAN Indian SMT (whole word
and subword)

Anoop Kunchukuttan, Abhijit Mishra, Rajen Chatterjee,
Ritesh Shah and Pushpak Bhattacharyya, Shata-
Anuvadak: Tackling Multiway Translation of Indian
Languages, LREC 2014, Rekjyavik, Iceland, 26-31
May, 2014

Kunchukuttan & Bhattacharyya (EMNLP 2016)


https://www.cse.iitb.ac.in/~pb/papers/lrec2014-shata-anuvaadak.pdf

Indian Language SMT (2014)

hi

ur

pa | bn | gu | mr | kK

hi

61.28

68.21134.96|51.31|39.1237.81

ur

61.42

52.02(29.59|39.00(27.5728.29

pa

73.31

56.00

29.89143.85(30.87|30.72

bn

37.69

32.08

31.38 28.14(22.0923.47

gu

55.66

44.12

45.14{28.50 32.0630.48

45.11

32.60

33.28(23.73|32.42 27.81

kK

41.92

34.00

34.31124.59|31.07(27.52

ta

20.48

18.12

15.57|13.21|16.53|11.60{11.87

te

28.88

25.07

25.56|16.5720.96|14.94|17.27

ml

14.74

13.39

12.9710.67|19.76 |8.39 9.18

cn

28.94

22.96

22.33|15.33(15.44[12.11|13.66|6.43 |6.55 |4.65

Baseline PBSMT - % BLEU scores (S1)

+ Clear partitioning of translation pairs by language family pairs, based on
translation accuracy.

— Shared characteristics within language families make translation simpler
— Divergences among language families make translation difficult
(Anoop Kunchukuttan, Abhijit Mishra, Pushpak Bhattacharyya, LREC 2014)



EBMT



Nagao’s seminal paper 1984 (1/2)

“Man does not translate a simple sentence by doing deep linguistic analysis,
rather, man does the translation, first, by properly decomposing an input
sentence into certain fragmental phrases (very often, into case frame units),
and then

... (p.t.0)



Nagao’s seminal paper 1984 (2/2)

by translating these fragmental phrases into other language phrases, and
finally by properly composing these fragmental translations into one long
sentence. The translation of each fragmental phrase will be done by the
analogy translation principle with proper examples as its reference”



ALIGNMENT
transfer RECOMBINATION
MATCHING generation
analysis
EXACT MATCH

Source Target text
text

The “Vauquois pyramid” adapted for
EBMT



Analogy: the crux of the matter (need to
emphasise)

* Needs measure of similarity

— similar texts should indeed be measured as similar and dissimilar ones as
dissimilar

« Means and Resources for measuring similarity.



Different ways of measuring text similarity

« Bag of words (BoW) based
* Permutation based

* N-gram based

* Vector based

* Tree based

« Semantic graph based

* Feature based



N-gram based matching: BLEU
score

Precision -> Modified n-

Recall -> Brevity Penalty .
gram precision

BPz{ 1 if e>r 3 Y Countcp(n-gram)

ell=r/c)  if ¢ <y D= Cc{Candidates} n-grame (
e

Y > Count(n-gram')

('e{Candidates} n-gram' € ('

N
BLEU= BP-exp ( Dy logpr_.)

n=1

C: candidate sentence(s); C’: reference sentence(s); clip: to clip the count
to max number of occurrences of an n-gram in the corpus; wn: weightage
to a particular n-gram precision



Feature based (very rich) :
w, xs(f,', f.R)

S(I,R) = 12

n
W,
i=1

Position of the
two main verbs
of the sentence in
Verb Ocecan®

mam  verb, its

ype and

argument  frame

distance™
between the two
main  verbs  in
Werb Cleean
A slot-filler
structure for each

sentence:

A rule that says similar or
dissimilar, depending on
the distance being within a
threshold or not

Equality or subset-check

on the shots and their fillers

SI No. Feature Value Similarity function s}
1 Length Integer equality
2 Active/Passive I dactivel 0| equality
(passive)
3 Parse tree - Tree similarity  between
Ui pirse: Lrees
4 Concatenation of | Vector of | Cosine similariy
vectors of words | Boolean/real
forming the | values
sEntence
5 Bag of wornds | Set DicelJackard  and  such
forming the other similarity measures
sentence
i Position of nouns | A function | equality

of the sentence in
the wirdnet
hypernymy

hierarchy

combining  the
inifarmiation
content of  the

individual nouns

as given by the
verhnet!, types of
nouns
sermantically

related to it

Frame sensantic
representation of
the sentence as

per Framenet?

Shot-filler

structure

Equality or subset-check

on the slots and their fillers




EBMT's ‘decoding’: RECOMBINATION

Null Adaptation

Re-instantiation

Abstraction and re-specialization

Case based substitution

Semantic graph or graph-part substitution



Example of re-instantiation

» Input: Tomorrow, today will be yesterday

« Example matched: Yesterday, today was tomorrow
« D, 3 D U

+ kal, aaj kal thaa

* Yesterday, today tomorrow was

(kal is ambiguous in Hindi standing for both ‘yesterday’
and ‘tomorrow’)




Re-Instantiation: adjustments
(boundary friction problem)

* Yesterday, today, and tomorrow are all hyponyms
of day.

« Main predicates in the example sentence and the
input sentences was and will be.

» So, adjusting for the difference in predicates and
matching the arguments, the translation is obtained
as:



Re-instantiation leading to translation

. &d, TS Hal gRT

 kal, aaj kal hogaa
« HG: Tomorrow, today yesterday will_be



Neural Machine Translation



Encoder-Decoder model

(3) This is used
to initialize the
decoder state

(1) Encoder
processes one
sequence at a
time

(5)... continue till
end of sequence
tag is generated

(4) Decoder
generates one
element at a
time

ERRERSCORC I

e
e i

o o B o B

T I 1

(wea] (0o ] [ooar)

Encoding

Image source-_http://www.iitp.ac.in/~shad.pcs15/data/nmt-rudra.pdf

(2) A representation
of the sentence is

generated



http://www.iitp.ac.in/~shad.pcs15/data/rnn-shad.pdf
http://www.iitp.ac.in/~shad.pcs15/data/nmt-rudra.pdf

Some representative accuracy figure
for Indian Language NMT

Language pair BLEU score

Hi - Mr 31.25

Hi - Pa 63.38

Pa - Hi 68.31

Hi - Gu 49.98

Gu - Hi 53.22 ( 1 from 53.09 from SMT)




Comparing Knowledge based and data
driven MT- with an example



lllustration of difference of RBMT, EBMT,
SMT+NMT

 Peter has a house

 Peter has a brother

 This hotel has a museum



The tricky case of ‘have’ translation

English Marathi

 Peter has a house Uiexdbs Udh ©R 318/ piitar kade ek ghar
aahe

* Peter has a brother el Uh HTS 318/ piitar laa ek bhaauu
aahe

* This hotel has a museum ,
&1 glcadsd U TUETad 3T/ hyaa hotel
madhye ek saMgrahaalay aahe



with
Then

Then

RBMT

syntactic subject is animate AND syntactic object is owned by subject

“have” should translate to “kade ... aahe”

syntactic subject is animate AND syntactic object denotes kinship
subject

“have” should translate to “laa ... aahe”

syntactic subject is inanimate

“have” should translate to “madhye ... aahe”



EBMT
X have Y =2

X _kade Y aahe /

X laa Y aahe/

X_madhye Y aahe



SMT

has a house ¢-2 kade ¢k ghar aahe

<cm> house has
has a car €< kade ¢k gaadii aahe
<cm> car has
has a brother €<= laa ¢k bhaau aahe
<cm> brother has
has a sister €< laa ¢k bahiin aahe
<cm> sister has

hotel has € -2 hotel madhye aahe
hotel <cm> has
hospital has < haspital madhye aahe
hospital <cm> has



SMT: new sentence

“This hospital has 100 beds”

* n-grams (n=1, 2, 3, 4, 5) like the following will be
formed:

— “This”, “hospital”,... (unigrams)
— “This hospital”, “hospital has”, “has 1007,... (bigrams)
— “This hospital has”, “hospital has 100% ... (trigrams)

DECODING !!!



IL-NLP: Challenges



Challenges of IL Computing (1/2)

« Scale and Diversity: 22 major languages in India, written in
13 different scripts, with over 720 dialects

« Code Mixing (“kyo ye hesitation?”); Gerundification
(“gaadi chalaaoing”)

« Absence of basic NLP tools and resources: ref nlp
pipeline

« Absence of linguistic tradition for many languages

Pushpak Bhattacharyya, Hema Murthy, Surangika Ranathunga and Ranjiva
Munasinghe, Indic Language Computing, CACM, V 62(11), November
20109.



https://www.cse.iitb.ac.in/~pb/papers/cacm19-indic-computing.pdf

ILT Challenges (2/2)

Script complexity and non-standard
Input mechanism: InScript Non-optimal

Non-standard transliteration ("mango’->

7 14

‘am”, “aam”, Am”)
Non-standard storage: proprietary fonts

Challenging language phenomena:
Compound verbs (“has padaa”), morph
stacking (“gharaasamorchyaanii”)

Resource Scarcity



Mitigating the Resource problem



Three ways (1/2)

(1) Artificially boost the resource

— Subword based NLP

» Characters, Syllables, Orthographic
Syllables, Byte Pair Encoding

—Given, ‘khaat+tuMgaa - will+eat” AND
laa+rahaa_hE -2 is+going”

—Produce *khaatrahaa hE -2 is+eatin



Three ways (2/2)

(2) Take help from another language
—Cooperative NLP

(3) Use “higher level language
properties”
e.g., Part of Speech, Sense ID etc.



But there is a pitfall- NLP’s “Law of Trade off”

 Trade Off:
—Precision vs. Recall

—Sparsity vs. Ambiguity

—Information_Injection vs. Topic_Dirift



Word level translation (BLEU scores)

< Indo-Aryan > @ravidia;

23.86 23.34 2345

Indo-A

1595 13.06 10.74 11.81

Dravi ig-m 1821 2037

mall 13.04 1523 12,07 1036 8.80 8.58

15.45

16.65

15.35

12.07

12.74

12.54

0.00

9.92

7.21

10.05

11.48

10.90

9.80

9.65

9.11

9.54

0.00

6.50

7.36

8.50

7.69

7.58

7.45

6.71

6.91

6.26

0.00

pan hin quj ben mar kok
Target

tel

tam

.. Clear Partitioning based on language

families

" Translation between Indo Aryan

B

8

24

16

languages is easiest
Translation into Dravidian languages
Is particularly difficult



Methods of sub-wording



Subwords (for “jaauMgaa’)

* Characters: “j+taatu+M+g+aa’
 Morphemes: “jaa’+"uMgaa’

« Syllables: “jaa”+"uM”+"gaa”

* Orthographic syllables: “jaau”+’Mgaa”

 BPE (depends on corpora, statistically frequent
patterns): both “jaa” and “uMgaa” are likely



Source

Morph level translation

tam| 1953 2221 18.20 14.85 1244 1353 10.67

16.61 19.44 1566 13.73 11.18 11.20 8.73 7.99

7.74 |

pan hin quj ben mar kok tel tam

Target

BLEU
scores

mal

Source

quj ben mar kok tel
Target

% improvement over word level
scores




BPE level
translation

72

Source

mall 1836 21.02 16.62 1443 1254 11.96 958 8.40 0.00

p:;n hin glui bén mlar kék tél ta}n mlal 0 pan hin ol pen Ta?;aert kok el fam mal
Target
BLEU % improvement over word level

scores scores



Factor based SMT

Ananthakrishnan Ramanathan, Hansraj Choudhary, Avishek Ghosh and Pushpak
Bhattacharyya, Case markers and Morphology: Addressing the crux of the fluency
problem in English-Hindi SMT, ACL-IJCNLP 2009, Singapore, August, 2009.



http://www.cse.iitb.ac.in/~pb/papers/acl09-smt.pdf

Semantic relations+Suffixes—>Case
Markers+inflections

I ate mangoes

| {<agt} ate {eat@past} mangoes {<obj}

l

| {<agt} mangoes {<obj.@pl} {eat@past}

l

mei_ne aam khaa yaa




Our Factorization based on
Koehn and Hoang (2007)

Reordered Input Output
Word O Word
Lemmao e Lemma

Suffix ( >_—. Sutfbd
u
i:lﬂ;:g‘r:c O— Case marker

1. a lemma to lemma translation factor (boy —
ASF (ladak))

2. a suffix + semantic relation to suffix/case
marker factor (-s + subj — T (e))

3. a lemma + suffix to surface form genera-

-

tion factor (ASHF + T (ladak + €¢) — TSH
(ladake))



Experiment: Corpus Statistics

#sentences | #words
Training 12868 316508
Tuning 600 15279
Test 400 8557




Results: The impact of suffix and semantic factors

Model BLEU | NIST
Baseline (surface) 24.32 | 5.85
lemma + suffix 25.16 | 5.87
lemma + suffix + unl 27.79 | 6.05
lemma + suffix + stanford | 28.21 5.99




Results: The impact of reordering and semantic relations

Model Reordering | BLEU | NIST
surface distortion 2442 | 5.85
surface lexicalized | 28.75 | 6.19
surface syntactic 31.57 | 6.40
lemma + suffix + stanford | syntactic 31.49 | 6.34




Subjective Evaluation: The impact of reordering and
semantic relations

Model Reordering | Fluency | Adequacy | #errors
surface lexicalized | 2.14 2.26 2.16
surface syntactic 2.6 271 1.79
lemma + suffix + stanford | syntactic | 2.88 2.82 .44




Cooperative NLP: Pivot Based MT

Raj Dabre, Fabien Cromiere, Sadao Kurohash and Pushpak
Bhattacharyya, Leveraging Small Multilingual Corpora for SMT Using
Many Pivot Languages, NAACL 2015, Denver, Colorado, USA, May 31 -
June 5, 2015.



https://www.cse.iitb.ac.in/~pb/papers/naacl15-pivot.pdf

Triangulation

Water
(English)

Jal

paanil (Bengali)

(Hindj)



L1->bridge—->L2 (wu and wang 2009)

Resource rich and resource poor language pairs

Question-1: How about translating through a
‘bridge’?

Question-2: how to choose the bridge?



Mathematical preliminaries

Chest—aIg MAX p(elf)
—arg max p(fle)pp v (e)
Where p(fle) is given by:

I
_I - -
p(tle)=p( &)= | [oGE[E)d(ai—bi- 1 pw(ElEia)’
=1

o(tfe;)= ) oFlp) A5/2)

Pj

n
o 7
pw(fle;a)= nm z w(tjley)
=1 ’ V(lm)€ea



Triangulation approach

Source-Pivot Pivot-Target
Phrase Table | 1 Phrase Table

Source-Target >
Phrase Table Train and tune

Source-Target
MT System

e Important to induce language dependent components
such as phrase translation probability and lexical weight

Oct 19, 2014 FAN, Pushpak Bhattacharyya
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Mauritian Creole (MCR) ->French (FR)
- English (E)

« MCR and FR share vocabulary and structure

French
avion

bon
gaz
bref
pion

Creole
Avion

Bon
Gaz
bref
pion

English
aeroplane
good

gas

brief
pawn



Experiment on MCR->FR->E

Language pair #Sentences #unique words (L1-L2)

En-Fr 2000000 127405- 147812

En-Cr (train + 25010 16294-17389

tune)

En-Cr (test) 284 (142 short + 1168-1070 + 3562-3326
142 long)

Fr-Cr 18354 13769-13725



Results

30

25

cmr @

20 -

15 -

10 -

CR- | CR- | CR- | CR-
(E:ﬁ: CR- (E:ﬁ: EN- | EN- | EN- | EN-
aas | EN- | com | BAC | BAC | BAC | BAC
MOD KOFF KOFF KOFF KOFF
C BO
1] 2| 3| 4
Short-Sentences| 22.13 | 20.44 | 22.74 | 23.69 | 23.69 | 23.58 | 24.9
m ong Sentence$ | 21.61|18.37 | 21.66 | 22.2 | 22.2 | 21.59721:36




23

=

B
L
E
U
10 A7
11
8
=1k [=2k =3k =4k [=5k =6k =7k
DIRECT_I 8.86 11.39 | 13.78 | 15.62 16.78 | 18.03 | 19.02
=-DIRECT_|+BRIDGE_BN 14.34 | 16.51 | 17.87 | 18.72 19.79 | 2045 | 21.14
DIRECT_I+BRIDGE_GU 13.91 16.15 | 17.38 | 18.77 19.65 | 20.46 | 21.17
=>=D|IRECT_|+BRIDGE_KK 13.68 | 15.88 17.3 18.33 19.21 20.1 20.51
DIRECT_I+BRIDGE_ML 11.22 13.04 | 1471 | 1591 17.02 | 17.76 | 18.72
—=—DIRECT_I|+BRIDGE_MA 13.3 15.27 | 16.71 | 18.13 18.9 19.49 | 20.07
DIRECT_I+BRIDGE_PU 15.63 | 17.62 | 18.77 | 19.88 | 20.76 | 21.53 | 22.01
== D|RECT_|+BRIDGE_TA 12.36 | 14.09 | 15.73 | 16.97 17.77 | 18.23 18.85
DIRECT_I+BRIDGE_TE 12.57 1447 | 16.09 | 17.28 1855 | 19.24 | 19.81
=4¢—DIRECT_|+BRIDGE_UR 1534 | 17.37 | 18.36 | 19.35 | 20.46 | 21.14 | 21.35
DIRECT_I+BRIDGE_PU_UR| 20.53 21.3 2197 | 2258 | 22.64 | 2298 | 24.73




Neural ILMT



NMT with embellishments (Minor revision,

Journal of Machine Translation)

Phrase table injection (PTI): supplying ‘good’ phrases from
SMT system as additional data source to NMT system.
Word as feature: merging word along with BPE segment to
mitigate context loss.

Morph-seg-word: morpheme segmentation followed by
BPE, and then merging original morpheme and word to BPE
segment.

We report results for 56 systems for each of the above

techniques.



Neural MT (NMT)

PRl R <t
X X X X5

Figure 1: The graphical illus-
tration of the proposed model
trying to generate the t-th tar-
get word y; given a source
sentence (&1, Lo, ..., o7).

BiLSTM encoder
decoder 3!

Output
Probabilities

Add & Norm
Feed
Forward
J

Add & Norm h

SISO Multi-Head
Attention
M
N Add & Norm
Add & Norm Mazked
Multi-Head Multi-Head
Attention Attention
At 4 At
o ) p v
Pasitional A 79_® Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inpuls Qulputs
(shifted right}
Transformer £l



Language independent NMT

e Languages chosen:

Language | Hindi Puniahi  Bengali Gujarafi  Marath

i Tamil Tﬂlngn Mn]n}m]

Code hi

pa

hn

Inr

ta fe ml

Indo-Aryan (IA) family

e Model: BILSTM (details)

Dravidian (DR) family

e Dataset: ILCI 1. Tourism and health domains. Dataset
size in terms of number of sentences:

Training | Tune set | Test set
set
46277 | 2000 500




En <-> {Mr, Hi} transformer output

e Dataset: ILCI1
o Explored lower range of merge operations.

BLEU w/ BPE-Ok BLEU w/ BPE-2.5k BLEU w/ BPE-5k SMT
En-Mr 10.79 14.26 13.48 10.17
Mr-En 19.79 23.82 24.19 15-87
En-Hi 23.77 29.18 28.97 26.53

Hi-En 24.22 31.22 30.39 2815



En <-> {Mr, Hi} Dataset: ILCI1 +
PMIindia

Dataset size (no. of sentences):

Train Tune Test
En-Hi 100267 1068 4273
En-Mr 80602 861 3445
Hi-Mr 92981 1000 4000




En-Mr
Mr-En
En-Hi
Hi-En
Hi-Mr
Mr-Hi

En <-> {Mr, Hi} Baselines on

ILCI1+PMindia
NMT BPE- NMT BPE- NMT BPE-
2.5k 5k 7.5k
14.51 15.04 15.08
23.76 24.15 24.13
27.05 27.72 27.89
30.96 31.86 30.45
27.25 27.39 -
37.39 37.75 -

SMT

10.51

16.6
20.75
24.05
24.38
34.31



En-Mr
Mr-En
En-Hi
Hi-En
Hi-Mr
Mr-Hi

En <-> {Mr, Hi} PTI results on

BPE-

2.5k
14.63
23.08
25.96
29.94

ILCI1+PMiIndia
BPE-  BPE-
BPE-5k 7.5k 10k
15.97  15.69 :
2522 2526 25.03
28.79 29.28  29.23
336 3393 346
27.98  28.49 -
3894 394 :

Best
Baselin Improv
e BLEU ement

14.51
24.15
27.89
31.86
27.39
37.75

+1.46
+1.11
+1.39
+2.74
+0.59
+1.65



En <-> {Mr, Hi} PTI + Back

Translation (BT)

En-Mr
Mr-En
En-Hi
Hi-En

Improvement

NMT BPE-5k NMT BPE-7.5k over PTI model

16.73 -

26.24
30.08
35.03

+0.76
+0.98
+0.8
+1.1



En <->{Mr, Hi} PTI + Forward
Translation (FT)

Improvement
over PTI
NMT BPE-5k NMT BPE-7.5k model
En-Mr 16.47 - +0.5
Mr-En - 25.9 +0.64
En-Hi - 29.77 +0.49

Hi-En - 34.48 +0.52



En-Mr
Mr-En
En-Hi
Hi-En
Hi-Mr
Mr-Hi

En <->{Mr, Hi} PTI results

Best

NMT BPE- NMT BPE- NMT BPE- Baseline

5k

21.05
28.76

7.5K

29.09
36.98

10k

34.32
38.65

BLEU

20.64
28.64
35.17
36.57
28.67
36.59

Improvem

ent

+0.41
+0.12

-0.85
+2.08
+0.42
+0.39



En-HI-Mr NMT with embellishments
(consolidated)

Approach Hi- En-Hi | Hi- | Mr-Hi [ En-Mr | Mr-
En Mr En

C: Agnostic Training 419 |37.95 29.1 37.08 2534 324

5

D: PTI(Phrase Table 38.6 |34.32 |29.0 |36.98 [21.05 |[28.7

Injection) 5 9 6

E: D + Enhancement 42.1 |36.78 |29.1 [37.23 [21.91 |29.5
5 8 7

F: BERT augmented NMT | 29.7 |25.89 (28.6 |34.21 |14.98 |[18.3
4 4 7

G: BPE+word(pretrained 49.6 |43.05 |25.4 |31.45 |- -

BPE embeddinas) 5 0




Sample outputs for En-Mr (PTI +
112)

En-src: i do know some young persons , who are active in such campaigns .
Mr-ref: 318 BTl ad el 3{Ted S 3= YR HigY Arcraard .

OP: 3Y DIg! axUl gt Hell ATgld 3Mgd of Si=1 YbRdl Hig I ATaadrd .
GT: |l 3T HTo! d$ 0T Gl Hligd 3Med, S ST AfgHiaed |fehg 3.
Bing: 3N AR Ifhy 3ad HIe! a1 Hell ATSIT 3.

En-src: this day marks the birth anniversary of the iron man of india , sardar
vallabhbhai patel , the\urlifying force in bondin usasa natior)n

Mr-ref: BT {&ad HRATd TNEYRY INGR deaiHHTR Ued Il STl 3Te S gre

OP: 3{TSl TU] AeYeY WeR dedHHTs Ucd Il S , T =T UH

T 30T 3TeId . . .

GT: 81 i3aq HRAT AETeY WRER aeHHTS Td I1 ST STveTen g Feurda

THATBRT
Bing: mﬁa&ﬁwwnuﬁu@am?ﬁwmﬁ 3Tg. (incomplete)




Hindi-Marathi Examples
Hi:wﬁammﬁwmmﬁaﬁmwﬁ%%ﬂﬁw&nﬁ
GUCIECE

Reference Mr: SR YT-eIchell o STeil dRls! I dlsralc dgR IS ARTd.
Model Op: SR YT d ol Tl F¥geierad disrdre dlgr I3 aNTd .
LGoogle: SRI 4T UUTeH o Id 3T o), IS ad a@id dex dd.
Hi: o9 T 3 e & ged & df Ue dIST 3@ 3541 § SR AT &1 3@ & ¥dbd qarg |
Reference Mr: ST @ m@wﬁﬁmﬁ@mﬁ%@@m

%/l_c%del Op: SIgT 8T YT digd- HH! gid Sl degl Ui dIe IUTR gl S0 ATl Yo Hovd

| Google: SIgT & T UTCA HHI BlaTd degl Ul fdhiferd Yo Jgd S0 Hga SURHR Hohd od._|



Examples from Covid Domain

H':trl%%amzru?ﬁém%,a‘rﬁuﬁmwﬁ 1 fHaT 9= a1fiee | URiaR s
ﬁlﬁmﬂa@aﬂ%ﬁ e A = fpar s 81 =

Model Op: SR 3RIY WA R oo B Bl S0y fqufg
o ot e ot o o e

Google: RIAN WA BTN WRIdid S Faffduu HR1did. Aaqiide w

J8T g& H1d AN,

Hi: ST gag 9T JMH RTH & Fa1 fora-1 & g4 fear s o |

Model Op: XISl YpbTes! fdhdl HeTdhTes! SR A0l Side T+ Bl Sl dhd .
Google: fSdd g4 &dl 1S Adhd fddd GRIol Ybied! fdval HeaTdhres! SRTAT dTerUl.




Examples from Programming Domain

Hi: ﬁﬁwm@m?ﬁ?wsﬁmﬁmm%mmmﬁqﬁ
U1 gidT 2|

Model Op: GId! STS[el Udh AUGRE TGP ATUR ol STl Sicg] JraTdl THid Hosd

Google: GIRIDHS SIegT YA SIS, HIfgal Ad dagT Uil Uedare JH=Id: aTuRa Sl

Hi: 3(d §H g 3id ¥ Y& P I3 ¢ SR $Id Ugell PRP T@ I8 ¢ [P gl , dl g &l
S SAEU A ¢ UH AT YPR BT U3 |

Model Op: 3Tdl 31T T AGCURYA = Hd HEId 3101 dhdes Ufgel HRUT 38 B YU R
gl ISR Ul , Teh 419 Uh R WY 373 .

Google: 3TdT 3T T JaTd DRI RIS had Ufgel Uedh 3aul Tgurl
3T, SR AT I&TERUId of d U A4 UHR U 3T,




Disfluency Correction in the context of

Speech to Speech MT (under review for
EACL 2021)

* Pair: Disfluent English - Fluent English (Switchboard corpus)
* Domain: includes telephone conversations between strangers on
specific topics.

Type Set Disfluent Sentences Fluent Sentences
Non Parallel Train 55,482 55,482
Dev 11,889 11,889
Parallel
Test 11,889 11,889




Results

Semi-Supervised:

Model Validation Test |
Sequence to 87.23 88.08
Sequence (Bi-
Supervised LSTM)
BART 8927' 9008'
Noise Induction 65.17 53.78
(Transformer)
Unsupervised Style Transfer 61.26 62.77
P (Bi-LSTM)
Style Transfer 78.72 79.39
(Transformer)
Semi-Supervised Style Transfer 84.1 85.28
(Transformer)

Amount of parallel data

= 554 sentences (1% of train set)



US|

Example Output

Type Disfluent BART Seq-to-Seq US(Bi-LSTM) us( SS Fluent
Transformer) (Transforme
n

discourse, so uh been been a been a been a been a been a been a

filler a different different different different different different different
turn turn turn turn turn turn turn

conjunction, | butiii i find this i find this anyway i i find this i find this i find this

repetition find this whole whole find it all whole whole whole
whole

restart it's you're you’re you're it's you're it's taking it's taking you're
you're taking taking taking words and words and taking
taking words and words and chicken developing developing words and
words and developing developing and and a and a developing
developing a picture a picture tobacco picture in picture in a picture
a picture in your in your words in a your mind your mind in your
in your mind mind mind mind
mind

Unsupervis¢d, SS: Semi-lsupervised




Summary

. MT Paradigms

. Data Driven MT: SMT and
NMT

. Tricks of Resource Mitigation

. Unsupervised NMT

. Experience of IL-NMT



Summary on resource mitigation
tricks

e Several techniques explored and demonstrated their
efficacy.

o Phrase Table Injection, has great potential to
boost BLEU scores, particularly when Dravidian
languages are involved.

o Harnessing monolingual data with back
translation, forward translation is advantageous.

o Enhancements like morph and word feature
injection



Final Message

“NLP 1s atask in Trade Off”

e.g., Not too much of subwords or
cooperation

(beware of ‘ambiguity insertion’),
not too little
(beware of ‘sparsity’) !!



“The middle path is the golden
one’- Buddha




URLS

http://www.cse.iitb.ac.in/~pb
http://www.cfilt.iitb.ac.in



http://www.cse.iitb.ac.in/~pb

Thank You



Why is Unsupervised NMT needed?

Diptesh Kanojia




Unsupervised NMT - Why?

Supervised NMT

e Parallel Corpus
e Monolingual Corpus

=0 WL

form of a visa. And 5o i is the * two key  principle that apples here. A single

principle Mat apples here. A single key Is 10 sufice in future. The financial

Intornal st Servico - the second key * as Herr Basch said, established i
enerous deal with them remains the key 1o lasting peace in the Middle East. |
presidency on 12 January holds the key . We must revise the broad quideline
10t social weltare. Mr President, the key o the development of the less devel
n altered, i is extremely simpie. The key 1o success hes. 10 a very large degre
3 sanctons. Bus et us be clear - the key o the iting of sanctons les with the
Portuguese presidency gave us the key 1o unlock a decade of sustained i
tmate right o the Kurds. Indeed the key o reform is ending the way against t
ve that reciprocal commitment fs the key o the Pact ' success and | feel tha
programmes funded by the EU The key to the development of the developiry
15 & unwersal human right and the key 1o sustainable human development.
40 language learning s indeed the key 10 integration. A third series of amen

=T @ - X EUROPARL?. German

£ Ot also das Prizip der zwel Schidssel . Kunftig solein enziger Schiiss
chilssel. Kinftg soll in einziger Sehidssel penigen. Der Finanzkoniroleu |
nan Priidiensios - * don zweiten Schissel * - wie Hor Basch sagle, ergéns
1 el i, st rach whe vor dr Schissel zu doverhafiem Frieden im Nahe
ntschaft vom 12. Januar wrd der Schiissel dazu gebefert. Die Grundziige de
ifigt werden. Herr Prasident, der Sehlussel fur den Fortschait der Entwickdun
indert, st ales seht eintach Der Sehlussel zum Erfoi legtim hohem Male
ach inmal deusih gesagt der Schissel zus

AMebung der Sanktionen i
stschaft gat uns i Lissabon den Schissel in e Hand zu einem Janvzenat
senen Rechi fir die Kusden. Der Schissel zu Reformen liegtin der Beendig
wechselsertigs Engagement der Schiussel ur den Erfolg des Paides und it
) Umweltorschungsprogramen Sehlussel fur den Fortschat n den

enes Menschenrech, s st der Schiussel fr eine nachhalige menschiiche

r Fremdsprache ist néméch der Schiissel zur Integration. Eine dritte Reihe

Manual Translations |:> Cognitive Load

8 - x EUROPARL, Franch

fisa. C * est donc un principe & deux clés qui est d ' appication. A |° aveni, u
" appicaton. A | aveni, une sedle clé sulfira. Le considleus financies ne pot
ervice  audt interne * la deuxsdme clé * -, pour reprendre Herr Basch, relat
oire générews, avec eux demeure la clé o une paix durable au Moyen-Orient
wésidence du 12 janvier en donne la clé dans sa conclusion. I faudrait réfor
e sociale. Monsieur le Président. la clé de a réussite pour les pays en voie |
s porant ces labels écologiques. La clé du succés est pour une tiés grande |
ce sont les Irakiens qut détiennent a clé de la levée des sanctions. Depuis 1a
Fsidence portugaise nous a donné la clé pour ouwtir une décentio d' innovatic
itime des popuéations kurdes. Car la clé de ta réforme réside bien dans la gu
que I engagement réciproque est la clé du succés du pacte et je pense que
a recherche de solutions constitue la €lé du développement, O, A I heure act

25t un droit de I la clé @ t humain

une langue étrangére est en effet[a clé de 1 intégration. Une rossséme sére



"Unsupervised” NMT

e No parallel corpus
However, the requirement is:

e Large monolingual corpus
e Cross-lingual Word Embeddings
e Low-resource languages

Image Source: Paramount Pictures



Resource Constraints

e Lack of resources for NLP tasks.

e Low resource languages.
o Indian Languages including Sanskrit.
o Hebrew, Greek, and Latin.

e Obscure Languages such as Sentinelese (North Sentinel Island,
Indian Ocean), Ugaritic, etc.

e Monolingual corpus may be available.



Resource Generation/Building

e Parallel word mappings can be generated.
o Unsupervised Embedding mappings (similar script).

e \Word mappings can also be created manually.
o For language written in different scripts, but human supervision is
needed.

e Word representations form the crux of most NLP tasks.



Foundations

1. Cross-lingual embeddings
2. Denoising Autoencoder

3. Back-translation




Word Representation for Humans

In humans, the acquisition of information and creation of mental representations
occurs in a two-step process. (Ramos et. al., 2014)

Sufficiently complex brain structure is necessary to establishing internal states
capable to co-vary with external events.

The validity or meaning of these representations must be gradually achieved by
confronting them with the environment.



Cross-lingual Word Embeddings

e The geometric relations that hold between
words are similar across languages®.

o  Forinstance, numbers and animals in English show a
similar (isomorphic) geometric structure as their
Spanish counterparts.

e The vector space of a source languages can be
transformed to the vector space of the target
language t by learning a linear projection with
a transformation matrix W s>t,

Image source- www.mikelartetxe.com



Cross-lingual embeddings: Approaches

Cross-lingual embeddings

N

Mapping based

Joint loss based

Pseudo multi-lingual
corpora based

Y

Vecmap

\ 4

Joint - Replace

\ 4

MUSE

Joint Matrix
Factorization

\ 4

GeoMM

RCSLS

Random
Translation
Replacement

\ 4

Multilingual
Cluster




Cross-lingual embeddings: Mapping based

e Taskis to learn W, and
W, (the transformation

matrices)
XWy e X, Y are monolingual
embedding spaces
YW,




MUSE

Given, target Vector Y and source Vector X
Learns Mapping Y=XW.

Trains a discriminator to tell whether two
vectors are from the same language.

Also, a generator to map the vectors
from one language into each other.

Conneau, Alexis, Guillaume Lample, Marc'Aurelio Ranzato, Ludovic Denoyer, and Hervé Jégou. "Word translation without parallel data."
arXiv preprint arXiv:1710.04087 (2017).



VecMap (Artexe et al. 2018)

Embedding Unsupervised
Normalization Initialization

Symmetric

=== Self Learning [|=—=> Reweighting

Embeddings Normalization
o Length normalization + Mean centering + Length normalization
Unsupervised initialization
o Assume both spaces are isometric
o Nearest neighbor retrieval on XXT and YYT
Self training
o Compute the optimal orthogonal mapping by maximizing the similarity
for the current dictionary D
o Compute the dictionary over the similarity matrix of the mapped
embeddings
Symmetric weighting to induce good dictionary
o Wx = USst2 , WY = \/S12

Artetxe Mikel, Gorka Labaka, and Eneko Agirre. "A robust self-learning method for fully unsupervised
cross-lingual mappings of word embeddings.” ACL 2018.



Joint training * Cross-lingual alighment
(Wang et al 2019)

e Jointinitialization
o Joint training using monolingual embedding training algorithm using combined corpus

e \Vocabulary reallocation
o Create source, target and common vocabulary

e Alignment refinement
o Mapping based algorithm for align source and target to the same space

Wang Z, Xie J, Xu R, Yang Y, Neubig G, Carbonell JG (2019) Cross-lingual alignment vs joint training: A
comparative study and a simple unified framework. In: International Conference on Learning Representations



Foundations

1. Cross-lingual embeddings
2. Denoising Autoencoder

3. Back-translation




Autoencoder

Input layer Output layer ® Representation learning
Q 0 e Neural network to learn
Hidden layer reconstruction of the data

e Optimize Reconstruction

/ Qv’(ll ° Error

\0
"‘\ e Balance between

%&% g o Accurately build a reconstruction
~ LT o VAN ()

o Handle inputs such that the
model doesn’t learn to copy the
data

(2 \\G



Denoising auto-encoder

@ ° ° e Learn to generate original
sentence from a noisy version

of it
@ o Q ° e Eliminates the learning of
\“‘Q‘{ }‘Q’('/ identity function
0o Hoi s
DO
D (=

Corrupted data




Denoising auto-encoder

Noisy sentence e Encoder representation is the representation
l for noisy sentence
e Decoder tries to generate the original

Encoder sentence from the encoder representation of
the noisy sentence
l e Asentence can be corrupted using different
types of noise
Decoder o Swapping of words
o Removal of words
l o Replacement of words with other words

Original sentence



Foundations

1. Cross-lingual embeddings
2. Denoising Autoencoder

3. Back-translation




Back-Translation

e Utilize monolingual data of target language
e Generate pseudo parallel data using MT system in opposite direction
(target->source)

Generation of

Monolingual » | MT system (L2>-L1) | — Translated pseudo parallel
dataof L1 sentences sentences

e Train MT system (L1->L2) using a combination of parallel and generated
synthetic data both

Sennrich, Rico, Barry Haddow, and Alexandra Birch. "Improving Neural Machine Translation Models with Monolingual
Data." In Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long
Papers), pp. 86-96. 2016.



lterative Back-Translation

|

2  D=Parallel corpus
SD=Synthetic data

Train MT,_,,; using D

D=DUSD

A\ 4

A

Generate synthetic data(SD) for MT ;.. , using MT .

>L1

Generate synthetic data(SD) for MT,_.; using MT ;.
>L2

A

Train MT,_,,, using D

A




Iterative Back-Translation

Setting French-English English-French Farsi-English English-Farsi
100K IM 100K IM 100K 100K
NMT baseline 16.7 24.7 18.0 25.6 21.7 16.4
back-translation 22.1 27.8 21.5 27.0 22.1 16.7
back-translation iterative+1  22.5 - 227 - 22.7 17.1
back-translation iterative+2  22.6 - 226 - 22,6 17.2

e Beneficial for Low resource languages also

Image source: Hoang, Vu Cong Duy, Philipp Koehn, Gholamreza Haffari, and Trevor Cohn. "lterative back-translation for neural
machine translation."” In Proceedings of the 2nd Workshop on Neural Machine Translation and Generation, pp. 18-24. 2018.



UMT Approaches

Tamali Banerjee

1. Unsupervised NMT
2. GAN for UNMT

3. Unsupervised SMT
4. Hybrid UMT




Introduction

In ICLR 2018, two
concurrent papers
showed that it is
possible to train an
NMT system without
using any parallel data.

List of papers

Mikel Artetxe, Gorka Labaka, Eneko Agirre, and
Kyunghyun Cho. 2018. Unsupervised Neural
Machine Translation. In Proceedings of the Sixth
International Conference on Learning
Representations (ICLR 2018).

G. Lample, A. Conneau, L. Denoyer, MA. Ranzato.
2018. Unsupervised Machine Translation With
Monolingual Data Only. In Proceedings of the Sixth
International Conference on Learning
Representations (ICLR 2018).




Components of U-NMT

e Bi-lingual embedding: It projects word embeddings of both languages in the same
embedding space.

e Language modeling: It helps the model to encode and generate sentences.
o Through initialization of the translation models.
o Through iterative training.

e |terative back-translation: It bridges the gap between encoder sentence
representation in source and target languages.



Effect of Back-translation

2-d visualization of Encoder sentence representations 2-d visualization of Encoder sentence representations
100 - ' *+ L1-L2 pretraining L1 : L1-L2 finetuning L1
+ L1-L2 pretraining L2 75 he R 5 s £+ L1-L2finetuning L2
75 .
50 -
50 -
25 -
25 -
01 7
—25 - —25 4
-50 4 —50 A
—75 =19
-100 T : T T : r ; T T ; r : . T r r T
-75 =50 =25 0 25 50 75 100 -80 -60 —40 -20 0 20 40 60 80
Before Back-translation After Back-translation

Image credit: Rudra and Jyotsana



Architecture

e Bi-lingual embedding layer L1 decoder

softmax

Shared encoder (L1/L2)

attention

:, )|
e Encoder-Decoder architecture A ::

e Dual structure

e Sharing of modules

N

c
=]
=]
=
@
£
©

Image source: Mikel Artetxe, Gorka Labaka, Eneko Agirre, and Kyunghyun Cho. 2018. Unsupervised Neural Machine Translation. In
Proceedings of the Sixth International Conference on Learning Representations (ICLR 2018).



Training Procedure

for n iterations

‘ )

—>DAEsic[=> DAEtrg ) BT Ssrc —> BTStrg —>

DAE,: Denoising of source sentences; DAE,.: Denoising of target sentences;

BTS,,: Back-translation with shuffled source sentences; BTS,,,: Back-translation with shuffled target sentences;

n : total number of iteration till it reaches stopping criterion.



U-NMT: Denoising of source sentences

Trainable unit

L1 decoder Input src sentence

| .
: softmax ] : : ) :
18 R
i : Shared encoder (L1/12 L] (T
Input src sentence Noisy src sentence Lok ared ficf_ei(__/__)___\ | E : : e 5
: fr| p‘f/ 15 [
fidential CNoiee fidential 3 AN l |
30?'he:‘j'g | Noise : ﬁog' ca 'g‘ | I o ;o
ata had been | _ . __ al een | _ :
passed to the -»| addm,g I passed to -»; I :
teq | algorithm l 3 ! ! L2 decoder
b | = . - I N b
D [ fixed cross-lingual embeddings ] | Ik softmax ] |
o ___________ o | !
(=}
| =1 |
1| @ |
|5 I
| |
| |
| |
N e e e e e e /

Source: Mikel Artetxe, Gorka Labaka, Eneko Agirre, and Kyunghyun Cho. 2018. Unsupervised Neural Machine Translation. In
Proceedings of the Sixth International Conference on Learning Representations (ICLR 2018).



U-NMT: Denoising of target sentences

Trainable unit

L1 decoder
/.- - - T T T T T T T T T T T T T T T —— ~
| |
| softmax ] :
: 1| 8 I
Input trg sentence Noisy trg sentence E Shared encoder (L1/12) Il e !
I i — N || B !
| < | !
_______ b ! I
le disque [ _ | comprendra ie I (S ’
comprendra | Noise : aussi deux I :
: _ . L _ : I :
aussi deux >: addln_g | disque | L2 decoder ; Input trg sentence
| algorithm | chansons en ! N e N
I italien [ fixed cross-lingual embeddings ] | 1{ softmax ] | .
__________________ g Lo | le disque
s : comprendra aussi
118 | == deux chansons
! t | en italien
I
I |
N e e e e e e /

Source: Mikel Artetxe, Gorka Labaka, Eneko Agirre, and Kyunghyun Cho. 2018. Unsupervised Neural Machine Translation. In
Proceedings of the Sixth International Conference on Learning Representations (ICLR 2018).



U-NMT: Back-translation Corpus Construction
(source to target)

Non-
[m———————————— tratpable———--------—————- |
| L1 decoder |
| 3 L
|
| | softmax J :
Input real src : .y ,
sentence | Shared encoder (L1/12) | . :
___________________ | f‘; |
I k | I
confidential confidential [ !

Output in trg language

data has b .
ata has been (synthetic sentence)

passed to the

data has been

passed to the
team

softmax ]

des données
confidentielles

~—————

attention

-- avaient été
transmises a

Source: Mikel Artetxe, Gorka Labaka, Eneko Agirre, and Kyunghyun Cho. 2018. Unsupervised Neural Machine Translation. In
Proceedings of the Sixth International Conference on Learning Representations (ICLR 2018).



U-NMT: Back-translation Corpus Construction
(target to source)

_ Output in src language
Non guag
(synthetic sentence)

________________________

. :]

softmax

Input real trg
sentence

the disc will also

|

|

k- include two songs
in Italian

attention

le disque

comprendra comprendra N /
aussi deux aussi deux

chansons en

chansons en

italien

Ay

{
le disque ‘Ir

| \

|

[

|

[

|

)

. ——

attention

—_—_————,e—ee—e e (L —a

Source: Mikel Artetxe, Gorka Labaka, Eneko Agirre, and Kyunghyun Cho. 2018. Unsupervised Neural Machine Translation. In
Proceedings of the Sixth International Conference on Learning Representations (ICLR 2018).



U-NMT: Training with Back-translated data (source to
target)

Trainable unit

Input synthetic sentence
Insrclanguage

Noisy input sentence Shared encoder (L1/L2)

[ =4
S
2

[ =

[
=)

m

L A\
: A
r—————- 1 s | I\I
I _ I o N
the disc will | Noise | the will also - IN
also include - 'P: adding :— disc two include |==: | | Output real
i i italian i o | sentence
two songs in | algorithm | songs italian in o |
Italian I I D | pm—————— e L 29@9@1 ________ - in trg language
_______ o |
D [ fixed cross-lingual embeddings ] | softmax ] .
sl | le disque

S

comprendra
aussi deux

chansons en
italien

attention

Source: Mikel Artetxe, Gorka Labaka, Eneko Agirre, and Kyunghyun Cho. 2018. Unsupervised Neural Machine Translation. In
Proceedings of the Sixth International Conference on Learning Representations (ICLR 2018).



U-NMT: Training with Back-translated data (target to
source)

Trainable unit

Output real
sentence
insrclanguage

confidential
data had been

Input synthetic sentence
In tgt language

Noisy input sentence Shared encoder (L1/12)

c

=
i
2 passed to the
m

N
Ir/r team
r—-————— )
) [ données . N
des données I Noise avaient des été 5 :
con.fldtin,tlglles - »| adding confidentielles I
avaient été . :
transmises a | algorithm transmises I L2 decoder
arls! | lequipea | | % &% = & | 0N T __
léquipe | ———e——_ : ‘ 3
[ fixed cross-lingual embeddings ] | softmax ]
|

attention

Source: Mikel Artetxe, Gorka Labaka, Eneko Agirre, and Kyunghyun Cho. 2018. Unsupervised Neural Machine Translation. In
Proceedings of the Sixth International Conference on Learning Representations (ICLR 2018).



Comparison between two approaches

Decoder

A
1

Dequer

Shared
Decoder

A
1

Encoder

Shared

Shared
EngPder

t

—— Pathfor L1
-- Pathfor L2
-+ Shared path

Decoders are non-shared for Artexte et al. and shared for Lample et al.

Artexte et al.

Lample et al.

Lample et al. initialises training with word-by-word translation. [Next few slides]

Lample et al. uses a language discriminator for encoder representation. It
challenges the language invariance nature of encoder representations. [Next

subsection]




Training with word-by-word translation

efa

(surakshit)

W W G @
(ghar par
surakshit rahen)

e ——_—

>

Unsupervised
dictionary induction

Unsupervised
dictionary induction

Generation of
word-translated
sentence

— , ¥4lHd
(salamata)
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e&q

(Ghar Calu
salamata
rahévurh)



Training with word-by-word translation

R R Y& I8
(ghar par
surakshit rahen)

Hindi

monolingual
corpus

>

Unsupervised
dictionary induction

Unsupervised
dictionary induction

€ YlG HAlHd

e&q

(Ghar Calu

salamata Generation of
rahévum) synthetic parallel

corpus

Synthetic
Gujarati
translations




Training with word-by-word translation

W W Gfera 38 _ e ALY UL
(ghar Unsupervised Aci
9 par iCti i i ?‘L"'l Can we use this
surakshit rahen) dictionary induction _ _
(Ghar Calu synthetic parallel
salamata corpus to train a
rahévum) NMT model?

Synthetic Guijarati - Gold

Unsupervised Synthetic Hindi parallel corpus

dictionary
induction

Hindi

Gujarati

translations \/_

monolingual
corpus




Training with word-by-word translation

:ﬁ;f&m F U ALY vGlHd
wm % Unsupervised A 3
(ghar par EEE— dicti inducti — &q
surakshit rahen) ictionary induction (Ghar Calu
salamata
rahévum)
W R G 7 e UG IMd &4
(ghar par UNMT » (Ghare
surakshit rahen) salamata

rahévum)



Effect of DAE and BT

Author Approach Fr—-En | En—»Fr | De - En | En — De
Artexte et al. Emb. nearest 0.98 6.25 7.07 4.39
(tested on WMT14) neighbour
Denoising 7.28 5.33 3.64 2.40
Denoising 15.56 15.13 10.21 6.55
+ Back-translation
Lample et al. Emb. nearest 10.09 6.28 10.77 7.06
(tested on WMT14 neighbour
en-frand WMT16 | wordoword pretraining 1531 | 15.05 | 13.33 9.64
en-de) + Denoising

+ Back-translation

Mikel Artetxe, Gorka Labaka, Eneko Agirre, and Kyunghyun Cho. 2018. Unsupervised Neural Machine Translation. In Proceedings of the Sixth International
Conference on Learning Representations (ICLR 2018).

G. Lample, A. Conneau, L. Denoyer, MA. Ranzato. 2018. Unsupervised Machine Translation With Monolingual Data Only. In Proceedings of the Sixth
International Conference on Learning Representations (ICLR 2018).



UMT Approaches

1. Unsupervised NMT
2. GAN for UNMT

3. Unsupervised SMT
4. Hybrid UMT




IntrOduCtion List of papers

e Use GAN to enhance the
language invariance.

e Sha ring of the whole . Yang,Z.,Chen, W., Wang, F. and Xu, B., 2018, July.
. . Unsupervised Neural Machine Translation with
m Od el fa ces d |ff| cu lty N Weight Sharing. In Proceedings of the 56th Annual
H H . Meeting of the Association for Computational
keeplng the d |Ver5|ty Of Linguistics (Volume 1: Long Papers) (pp. 46-55).
languages.

o Share module partially




Generative Adversarial Networks (GAN)

e GANSs are a clever way of training with two sub-

models:

O

Generator model that we train to generate
new examples,

Discriminator model that tries to classify
examples as either real.

e [n case of UNMT,

©)

O

Shared encoder is the generator.

An extra discriminator module is attached
with it to discriminate encoder
representations w.r.t. language.

training
set

]

Real or Generate|

Discriminator

Generator

_)i-

- -
- ] -

Backpropagation

Cost function

-
-
-
-
-

GAN: Two neural networks (a generative

network and a discriminative network)

compete with each other to become more

accurate in their predictions.




Different parameter sharing strategies

L1 L2
Shared
Decoder Decoder Decoder
Shared Shared
Encoder Encoder

A A

Shared De\cb;%k ecPder

Decoder 3 ,

L1 L2
—— Path for L1
L1 L2 Encoder \E‘ﬂcoder --- Pathfor L2

Encoder Encoder /r ?\ -~ Shared path
I
|




Language specific Encoder-Decoder

L1 Decoder

A

L2 Decoder

L1 Encoder

A
1

|

L2 Encoder

A
1

X

—— Path for L1
--- Pathfor L2
--=- Shared path




Language specific Encoder-Decoder

L1 Decoder

L1 Encoder

|

A
|
1
1
1

L2 Decoder

L2 Encoder

A
1
1
1
1
1

How to share
Latent space?

v

—— Path for L1
-- Pathfor L2
- Shared path




Parameter sharing

output

1

Layer 4 of lang1l

Layer 3 of lang1l

Layer 2 of lang1l

Layer 1 of langl

T
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output

1

Layer 4 of lang2

T

Layer 3 of lang2
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Layer 2 of lang2

A

Layer 1 of lang2

T
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Parameter sharing

output

1

Shared layer 4

/\

Layer 3 of lang1l

Layer 3 of lang2

T

Layer 2 of lang1l

Layer 2 of lang2
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Layer 1 of langl

Layer 1 of lang2
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Parameter sharing

output

1

Shared layer 4

A

Shared layer 3
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Parameter sharing

output

1

Shared layer 4

A

Shared layer 3

A

Shared layer 2

/\

Layer 1 of lang1l

T

chocolate in the box

Layer 1 of lang2

T
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Parameter sharing

output

T

Shared layer 4

A

Shared layer 3

A

Shared layer 2

A

Shared layer 1

/\

chocolate in the box

EESEEICA



Architecture with weight-sharing layers

chocolate in the box §iag | dikdc

Layer 4 of langl Layer 4 of lang2
Layer 3 of langl Layer 3 of lang2

Layer 2 of langl Layer 2 of lang2

Shared layer 1

Latent space

Shared layer 4
Layer 3 of langl Layer 3 of lang2

Layer 2 of langl Layer 2 of lang2
Layer 1 of langl Layer 1 of lang2

chocolate in the box Sag | dldpac




Number of weight-sharing layers vs.
BLEU

e In this approach, sharing only 1
layer gives best BLEU scores.

e When sharing is more than 1 layer,
the BLEU scores drop.

1.66

e This drop is more in case of distant

language-pairs when compared to 10fTaa EnzDe
drop in close language-pairs. ol | oy oo
0 Il é 3 4 5

Image source: Yang, Z., Chen, W., Wang, F. and Xu, B., 2018, July. Unsupervised Neural Machine Translation with Weight Sharing. In Proceedings of the 56th
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers) (pp. 46-55).



Weight sharing in UNMT

Dec,

~  Encg—Decg

. . X 0T
When sharing is less, we need GAN to R
ensure input language invariance of Yoo

encoder representations and outputs.

Two types of GAN are used here.

. Encg—Dec; —
X,

=~ Enc;—Dec;

X

o Local GAN D, to ensure input
language invariance of encoder

representations.
Weight sharing UNMT architecture with GAN

o Global GAN Dy, and Dy, to ensure

input language invariance of output

sentences. Image source: Yang, Z., Chen, W., Wang, F. and Xu, B., 2018, July.
Unsupervised Neural Machine Translation with Weight Sharing. In
Proceedings of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers) (pp. 46-55).



Results

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

Supervised 24.07 26.99 30.50 30.21 40.02
Word-by-word 585 934 360 680 5.09
Lample et al. (2017) 964 1333 15.05 14.31 -

The proposed approach | 10.86 14.62 16.97 15.58 14.52

Yang, Z., Chen, W., Wang, F. and Xu, B., 2018, July. Unsupervised Neural Machine Translation with Weight Sharing. In Proceedings of the 56th Annual Meeting
of the Association for Computational Linguistics (Volume 1: Long Papers) (pp. 46-55).



UMT Approaches

1. Unsupervised NMT
2. GAN for UNMT

3. Unsupervised SMT
4. Hybrid UMT




IntrOduCtion List of papers

Artetxe, M., Labaka, G. and Agirre, E., 2018.
Unsupervised Statistical Machine Translation. In

e Com ponents of SMT: Proceedings of the 2018 Conference on Empirical
l) Phrase table Methods in Natural Language Processing (pp. 3632-

2) Language model
3) Reordering model Lample, G., Ott, M., Conneau, A., Denoyer, L. and
Ranzato, M.A., 2018. Phrase-Based & Neural

4) Word/phrase penalty Unsupervised Machine Translation. In Proceedings
5) Tuni ng of the 2018 Conference on Empirical Methods in
° Cha[[enges_ Natural Language Processing (pp. 5039-5049).

3642).

o Phrase table induction . Artetxe, M., Labaka, G. and Agirre, E., 2019, July. An
without pa rallel data. Effective Approach to Unsupervised Machine

. . Translation. In Proceedings of the 57th Annual
@ n rvi Tunin
Unsu pe sed Tu & Meeting of the Association for Computational

L Im prOVement' Linguistics (pp. 194-203).
o Iterative refinement
o Subword information




Phrase table induction in an unsupervised way

e Getn-gram embedding using skip-gram with negative samples.



Phrase table induction in an unsupervised way

e Getn-gram embedding using skip-gram with negative samples.
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Phrase table induction in an unsupervised way
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Phrase table induction in an unsupervised way
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Phrase table induction in an unsupervised way

e Getn-gram embedding using skip-gram with negative samples.

Two kinds of tests are available for COVID-19

P C
Update Update



Phrase table induction in an unsupervised way

e Get cross-lingual n-gram embedding.

e Calculate Phrase-translation probabilities.
o Limitthe translation candidates for each source phrase to its 100 nearest neighbors in the target

language.
o  Apply the softmax function over the cosine similarities of their respective embeddings.
3 il -:." B m
d - = ..'I..: Ii
! e 2T F
R g
- - [
' i || | -8 -
- - 5 My o T §
‘l B - 5
- =
' [ ]
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Unsupervised Tuning

e Tuning with synthetic data.
o Generate a synthetic parallel corpus.
o Apply MERT tuning over it iteratively
repeating the process in both directions.

e Unsupervised optimization

objective:

o Cyclic loss: The translation of translation
of a sentence should be close to the
original text.

o LM loss: We want a fluent sentence in
the target language.

Sentence
of L1

—| USMT |—

\ Sentence | Sentence

in L1 in L2

Pseudo parallel data

Translation
in L2

e

L= Lcycle(E) +Lcyc|e(F) +le(E) +le(F)




Iterative refinement

e Generate a synthetic parallel corpus by translating the monolingual corpus with
the initial system L1-L2, and train and tune SMT system L2->L1.

o To accelerate the experiments, use a random subset of 2 million sentences from each monolingual
corpus for training.
o Reuse the original language model, which is trained in the full corpus.

e The process can be repeated iteratively until some convergence criterion is met.



Adding subword information

e We want to favor phrase translation candidates that are similar at the character
level.

e Additional weights are added to initial phrase-table.

o Unlike lexical weightings it use a character-level similarity function instead of word translation
probabilities.

score(f|e) = Hmax (e,mfxsim(ﬁ, éj))

2




Results

WMT-14 WMT-16
FR-EN EN-FR DE-EN EN-DE DE-EN EN-DE
Unsupervised SMT 21.16 20.13 13.86 10.59 18.01 13.22
+ unsupervised tuning 22.17 2222 14.73 10.64 18.21 13.12
+ iterative refinement (itl)  24.81 26.53 16.01 13.45 20.76 16.94
+ iterative refinement (it2)  26.13 26.57 17.30 13.95 22.80 18.18
+ iterative refinement (it3)  25.87 26.22 17.43 14.08 23.05 18.23

Artetxe, M., Labaka, G. and Agirre, E., 2018. Unsupervised Statistical Machine Translation. In Proceedings of the 2018 Conference on Empirical Methods in
Natural Language Processing (pp. 3632-3642).



UMT Approaches

1. Unsupervised NMT
2. GAN for UNMT

3. Unsupervised SMT
4. Hybrid UMT




IntrOduCtion List of papers

o We can Combine UNMT . Lample, G., Ott, M., Conneau, A., Denoyer, L. and
. Ranzato, M.A., 2018. Phrase-Based & Neural
and USMT in two ways. Unsupervised Machine Translation. In Proceedings
of the 2018 Conference on Empirical Methods in
o USMT fO“OWQd by Natural Language Processing (pp. 5039-5049).
UNMT.
o UNMT followed by
USMT.

Artetxe, M., Labaka, G. and Agirre, E., 2019, July. An
Effective Approach to Unsupervised Machine
Translation. In Proceedings of the 57th Annual
Meeting of the Association for Computational
Linguistics (pp. 194-203).




USMT followed by UNMT Vs. UNMT followed

by USMT

e USMT followed by UNMT:

o Generate pseudo parallel data with USMT.
o Initialise UNMT system with the pseudo parallel
data.

e UNMT followed by USMT:

o Generate pseudo parallel data with UNMT.
o Initialise USMT system with the pseudo parallel
data.

Lample, G., Ott, M., Conneau, A., Denoyer, L. and Ranzato, M.A., 2018. Phrase-Based &
Neural Unsupervised Machine Translation. In Proceedings of the 2018 Conference on
Empirical Methods in Natural Language Processing (pp. 5039-5049).

WMT
14/16

NMT +
PBSMT

PBSMT
+ NMT

USMT followed
by UNMT wins.

En—Fr | Fr—En En—De

27.1 26.3 17.5

27.6 27.7 20.2

De—En

22.1

25.2



Pre-training approaches for Unsupervised
NMT



XLM, CMLM, MASS, BART, mBART




Cross-lingual Language Model

XLM Pretraining, Advances in Neural

Information Processing Systems.

Cross-lingual Language Modelling 2019.
Pre-Training




Typical Deep Learning Module
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Typical Deep Learning Module

Output

Embedding Space
(Imtlallzed with _Pre_Tramed (Bengio et.al 2003, Collobert and
Embeddings) Weston 2011, Mikolov et.al 2013)

Encoder

money
bank

finance weather
rain

Lookup Table
(Initialized Pre-trained
embeddings)

humidity

/
Input Symbol
(Characters, Words, Phrases, Sentences...)



Typical Deep Learning Module

Output

Encoder

Lookup Table
(Initialized Pre-trained
embeddings)

Input Symbol

(Characters, Words, Phrases, Sentences...)

| went to the market

entto the grocery store

India won the match

India defeated Australia

Pre-train Encoder?



General Framework

L1 Language Model

Monolingual Pre-Training
Corpus
|
[
I
v
L2 Unsupervised

Monolingual
Corpus

NMT Fine Tuning

—— > Pre-Training

_______ »  Fine-Tuning



XLM Pre-Training
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XLM Fine Tuning

e Perform fine-tuning using

o Iterative back-translation
o Denoising auto-encoding

e Alternate between the two objective

e Denoising auto-encoding helps in better training of the decoder



XLM: Results

‘ en-fr  fr-en ‘ en-de de-en ‘ en-ro  ro-en e MLM objective results in better BLEU score
Previous state-of-the-art - Lample et al. (2018b) compared to Causal Language Modeling
NMT 251 242 | 17.2 210 | 212 194 (CLM) objective
PBSMT 281 272 | 178 227 | 21.3 23.0

PBSMT + NMT | 27.6 27.7 | 20.2 252 | 25.1 23.9

Our results for different encoder and decoder initializations

EMB EMB 204 294 | 213 273 | 275 26.6

- - 13.0 158 | 6.7 153 | 18.9 183

- CLM | 253 264 | 19.2 260 | 25.7 24.6

- MLM | 29.2 29.1 | 21.6 28.6 | 28.2 27.3
CLM - 28.7 282 | 244 303 | 29.2 28.0
CLM CLM | 304 300 | 227 305 | 29.0 27.8
CLM MLM | 323 316 | 243 325 | 31.6 29.8
MLM - 31.6 321 | 27.0 33.2 | 31.8 30.5
MIM CLM |33.4 323 | 249 329 | 31.7 304
MIM MLM | 334 33.3 | 264 34.3 | 33.3 31.8




CM LM Explicit Cross-lingual Pre-training for
Unsupervised Machine Translation,

EMNLP-IJCNLP 2019

Cross-lingual Masked Language
Modelling




MLM (Devlin et.al 2018)
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Limitations

e MLMistrained to predict the missing word in the sentence
e Also,joint training on the combined corpus is not a strong signal to learn good
multilingual representations

e Provide explicit cross-lingual signals to the model while pre-training



Cross-lingual Masked Language Modelling
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Cross-lingual Masked Language Modelling

e Obtain n-gram phrase translations as discussed earlier
e MLM tries to predict the masked words/tokens
e Modify MLM objective to predict the translation of phrases

e Mismatch between source and target phrase length



Cross-lingual Masked Language Modelling

Challenges

e The source and target phrases are of unequal length
e For BERT or XLM, the decoder is a linear classifier.

e Introduce IBM model-2 into the objective

Ply," | ') =€ Mjs™ Zicg' @i, i, L, m) Ply; | ;)

€ = probability that the translation of x,! consists of m tokens

a(i, [j, |, m) = probability that it" source token is aligned to jt" target token



Cross-lingual Masked Language Modelling

Modeling
e Introduce IBM model-2 into the objective
Ply," | ') =€ Mjs™ Ziso' @i, [j, L, m) Ply; | ;)

€ = probability that the translation of x,! consists of m tokens
a(i, [j, |, m) = probability that it" source token is aligned to jt" target token

e The loss function becomes

Lcmlm = 'log (E) - zjzlm log ( zi:Ol a(i’ |J’ l, m) P(yj | Xi ) )



Cross-lingual Masked Language Modelling

Modeling
e Theloss function becomes
lem log ( ) ijlm log ( Zizol a(i’ |J, l) m) P(yJ | Xi ) )

e The gradient becomes:

m  a@lj,l,m)P | x;
VL =Y l(zlj m) P(y; | x;) VlogP(yj|xi)

j=1 Za(lljslsm)P(y‘;lxl)
i=0




Cross-lingual Masked Language Modelling

Modeling

e The gradient becomes:

m  a@li,l,m)P(y. :
V] = Z l(llJ m) (yjlx) VlogP(yJ|xl)

=1 Y ati|j,l,m) P(y,;|x)
i=0

e ai,|j, l, m) are approximated using cross-lingual BPE embedding

e P(y;| %) is calculated by passing x; contextual embedding representation
through a linear layer followed by soft-max



Cross-lingual Masked Language Modelling

Algorithm

e Alternate between CMLM and MLM objective
e In MLM objective,
o 50% of the time randomly choose some source ngrams and replace it with the
corresponding translation candidate (pseudo code-switching)
e In CMLM objective,
o Randomly select 15% of the BPE ngram tokens and replace them by [MASK] 70% of
the time
o Trained to predict the translation candidate in the other language



Cross-lingual Masked Language Modelling

Results

Method fr2en en2fr de2en en2de ro2en en2ro
(Artetxe et al., 2017) 15.6 15.1 - - - -
(Lample et al., 2017) 14.3 15.1 13.3 9.6 - -
(Artetxe et al., 2018b) 259 26.2 23.1 18.2 - -
(Lample et al., 2018) 277  28.1 25.2 20.2 23.9 25.1
(Ren et al., 2019) 289 295 26.3 21.7 - -
(Lample and Conneau, 2019) | 33.3 334 34.3 26.4 31.8 333
Iter 1 MLM 348 349 35.5 27.9 33.6 34.7
Iter2 (MM 349 354 356 277 341 349




CM LM Ablation Study

Cross-lingual Masked Language
Modelling




CMLM: Ablation Study

e Role of n-gram masking

a Inflilanra nf tranclatinn nradirtinn

fr2en en2fr de2en en2de
CMLM + MLM 348 349 335.5 27.9
CMLM 34.1 34.3 35.1 27.2
- translation prediction | 33.7  33.9 34.8 26.6
- - n-gram mask 33.3 33.4 34.3 26.4

CMLM + MLM means we use Lpre as the pre-training loss;
CMLM means we only use Lemim as the pre-training loss;
-- translation prediction predict the masked n-grams rather than their translation candidates;

- - n-gram mask randomly mask BPE tokens rather than n-grams based on -- translation prediction during pre-training, which degrades
our method to XLM.



MASS MASS: Masked Sequence to Sequence
Pre-training for Language Generation,

ICML, Song et.al 2019

Masked Sequence to Sequence
pretraining




MASS (Song et.al 2019)

e XLM objective predicts the masked word in the sentence
e However, for U-NMT we need to generate a sequence
e Thisdisconnect between pre-training and fine-tuning objective could limit the

potential of unsupervised pre-training
e MASS extends XLM objective to include text segments

e Given a sentence, randomly mask k% of the text segment

e The decoder has to generate the masked text segment now



MASS Pre-Training
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MASS Fine-Tuning

e Perform fine-tuning using iterative back-translation
e Unlike XLM which had

o iterative back-translation

o Denoising auto-encoding



MASS (Song et.al 2019)

Method | Setting | en-fr fr-en | en-de de-en | en-ro ro-en
Artetxe et al. (2017) 2-layer RNN 15.13 1556 | 6.89 10.16 - -
Lample et al. (2017) 3-layer RNN 15.05 1431 9.75 13.33 - -
Yang et al. (2018) 4-layer Transformer | 1697 1558 | 10.86 14.62 - -
Lample et al. (2018) 4-layer Transformer | 25.14 24.18 | 17.16 21.00 | 21.18 1944
XLM (Lample & Conneau, 2019) | 6-layer Transformer | 33.40 3330 | 27.00 3430 | 3330 31.80
MASS | 6-layer Transformer | 37.50 34.90 | 2830 3520 | 3520 33.10

Table 2. The BLEU score comparisons between MASS and the previous works on unsupervised NMT. Results on en-fr and fr-en pairs are
reported on newstest2014 and the others are on newstest2016. Since XLLM uses different combinations of MLM and CLM in the encoder
and decoder, we report the highest BLEU score for XLLM on each language pair.



MASS Role of hyper-parameters

Masked Sequence to Sequence
pretraining




MASS Hyper-parameters

e Percentage of ngram tokens in a sentence to be masked (masking length)
o Consider the input sentence, X = I went to the market yesterday night
o Let to the market yesterday be the text segment selected for masking
o Defaultvalueis 50% of the input sentence

o However, not all tokens to the market yesterday are masked

e Given a text fragmentx;, ..., x;of length m selected for masking (Word selection)
o k% of the tokens are selected for masking (mask probability)
o 1% of the tokens are replaced by random tokens (replace probability)
o (100-(k+1)) of the tokens are retained (keep probability)

o Default values are k=80%, | =10%



MASS (Song et.al 2019): Role of Masking Length
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(c)
The performances of MASS with different masked lengths k, in both pre-training and fine-tuning stages, which include: the PPL of

the pre-trained model on English (Figure a) and French (Figure b) sentences from WMT newstest2013 on English-French
translation; the BLEU score of unsupervised English-French translation on WMT newstest2013 (Figure c)
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MASS: Word Selection Hyper-parameters

Configuration
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MASS (song et.al 2019): Word Selection Hyper-parameters

src --> tgt
— test_src-tgt_mt_ppl_0.2-0.6-0.2
— test_src-tgt_mt_ppl_0.4-0.4-0.2
—— test_src-tgt_mt_ppl_0.6-0.2-0.2
512 ] — test_src-tgt_mt_ppl_0.8-0.1-0.1
—— test_src-tgt_mt_ppl_0.9-0.05-0.05
—— test_src-tgt_mt_ppl_0.2-0.2-0.6
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MASS: Word Selection Hyper-parameters

Configuration

%age Masked
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Comments

Auto-encoder
Auto-encoder
Auto-encoder
Recommended
Recommended
Unable to generate
translations. But
perplexity is low

(Better for other
tasks?)



MASS (Song et.al 2019): Role of Masking Tokens

e Consider the input sentence, X = 1 went to the market yesterday night

® Let to the market yesterday be the text segment selected for masking

e Theinputto the encoderisiwent____ night

e Theinputto the decoder (previous token) is went to the market

o  Why mask consecutive tokens and not discrete tokens? (Discrete)

o  Why not feed all the input tokens to the decoder (similar to previous target word in NMT)? (feed)



Feeding Input Tokens
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MASS (Song et.al 2019): Role of Masking Tokens

Method BLEU | Method BLEU | Method BLEU
Discrete 36.9 | Feed 35.3 | MASS 37.5

The comparison between MASS and the ablation methods in terms of BLEU score on the unsupervised en-fr
translation



BART and
MBART

BART: Denoising Sequence to
Sequence Pre-training for Natural
Language Generation, Translation,
and Comprehension, ACL 2020, (Lewis
et al 2020)

Multilingual denoising pre-training for
Neural Machine Translation, 2020,
(Liu et al 2020)




For each

BART Pretraining batch 9o _

e Trainedb L
y i ) { Bi-directional Encoder
o Corrupting text with
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function :
. Attention
o Learning a model to Randomly
reconstruct the select from l
P {src,tgt} )
-opgmal text. <s> |
e Denoising full text D
e Multi-sentence level | e go
C
0 - O - to
Lewis, Mike, Yinhan Liu, Naman Goyal, 9 d
Marjan Ghazvininejad, Abdelrahman
Mohamed, Omer Levy, Ves Stoyanov, and to € school
Luke Zettlemoyer. "BART: Denoising r

Sequence-to-Sequence Pre-training for .
Natural Language Generation, Translation, school dally

and Comprehension." Proceedings of the

58th Annual Meeting of the Association for
Computational Linguistics, (ACL 2020)



BART pretraining (possible noising steps) (Lewis
et al. 2020)

Token Masking My _is John. | __school daily.
Token deletion My name John. | go to daily.
My name is John. | go
to school daily.
Text infilling My _ John.lgo _.
Original document
Sentence permutation | go to school daily. My name is
John
Document rotation name is John. | go to school daily.
my




BART noising steps (Lewis et al. 2020)

e Experimented with different noise functions for various tasks
o Textinfilling + Sentence permutation performed the best
B Remove spans of text and replace with mask tokens
B Mask 30% of the words in each instance by randomly sampling a span length
B Permute the order of sentences



MBART (Liu et al 2020)

e Asequence-to-sequence denoising auto-encoder pre-trained on large-scale
monolingual corpora in many languages using the BART objective
e Unsupervised NMT

o BART pretraining using monolingual corpora of multiple languages + Iterative Back-Translation

Yinhan Liu, Jiatao Gu, Naman Goyal, Xian Li, Sergey Edunov, Marjan Ghazvininejad, Mike Lewis, and Luke Zettlemoyer.
Multilingual denoising pre-training for neural machine translation. arXiv2020.



MBART (Liu et al 2020)

e Pre-training using BART objective on multiple languages

e En-DeandEn-roare only trained

Similar Pairs Dissimilar Pairs usine specified source and
Model En-De En-Ro En-Ne En-Si &SP
O e e e target languages

e En-NeandEn-Si, the pretrainin
Random 210 172 194 212 00 00 00 0.0 ) efa d p S.’t e%:éTa 2%
XLM (2019) 343 264 318 333 05 0.1 0.1 0.1 IS performed using m on
MASS (2019) 35.2 283 331 352 - - - - languages.
mBART 340 298 305 350 10.0 44 82 3.9 ® mBART also generalizes well for

the languages not seenin
pretraining.

Results: mBART (only on source and target language) pretraining for
unsupervised NMT

Yinhan Liu, Jiatao Gu, Naman Goyal, Xian Li, Sergey Edunov, Marjan Ghazvininejad, Mike Lewis, and Luke Zettlemoyer.
Multilingual denoising pre-training for neural machine translation. arXiv preprint arXiv:2001.08210, 2020.



When Unsupervised NMT does not
work?

Graca, Yunsu Kim Miguel, and Hermann Ney. "When and Why is Unsupervised Neural
Machine Translation Useless?." In 22nd Annual Conference of the European
Association for Machine Translation, p. 35.

Kelly Marchisio, Kevin Duh, and Philipp Koehn. 2020. When does unsupervised
machine translation work? arXiv preprint




Factors impacting the performance of
Unsupervised NMT

e Domain similarity
o Sensitive to domain mismatch
e Dissimilar language pairs
o Thesimilarity between language pairs helps the model in training good shared encoder

e Initial model to start pretraining
o Good initializations leads to good performance in the finetuning phase

e Unbalanced data size
o Notuseful to use oversized data on one side

e Quality of cross-lingual embeddings
o Initialization is done using cross-lingual embeddings



Domain similarity

Domain  Domain BLEU [%]
(en) (de/ru) de-en en-de ru-en en-ru e Different distributions
Newswire 233 199 119 93 of the topics

Newswire Politics 11.5 12.2 23 2.5
Random 18.4 164 6.9 6.1

Image source: Graca, Yunsu Kim Miguel, and Hermann Ney. "When and Why is Unsupervised Neural Machine Translation
Useless?." In 22nd Annual Conference of the European Association for Machine Translation, p. 35.



Initialization
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Image source: Graca, Yunsu Kim Miguel, and Hermann Ney. "When and Why is Unsupervised Neural Machine Translation
Useless?." In 22nd Annual Conference of the European Association for Machine Translation, p. 35.



Unbalanced data size
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Quality of Cross-lingual
Embeddings




Cross-lingual Word Embeddings: Quality?

Unsupervised NMT iLample et al 2018

Pre-processing

1. Obtain cross-lingual embeddings either in an unsupervised manner or supervised
manner

2. The pre-trained cross-lingual embeddings are not updated during training

3. Success of the approach relies on the quality of cross-lingual embeddings in
addition to other factors like language relatedness, etc



Cross-lingual Representations

English French Joint English French
’ : drink boire
&Jrink oot _ boire ® O
® nk ® C'guvait drank® buvait manger
il ate® eat @ g
® 0
. manger :
‘kmg . gO e mange
roi
® prince e man %
ueen O prince g :
2 FinEess reine roi king princess princesse
®P o princesse ) .. ..‘
prince ¥ . reine
prince  queen

Multilingual Word Representations
(capture syntactic and semantic
similarities between words both
within and across languages)

Monolingual Word Representations
(capture syntactic and semantic
similarities between words)

(Source: Khapra and Chandar, 2016)



Why is the Quality questioned?
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Encode-Decode paradigm used for MT



Good Quality Cross-lingual Embeddings?
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L2 Sentence
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8|, Sentence
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L, Sentence

Machine Translation

Encode-Decode paradigm used for MT

The ability of the encoder to learn better
multilingual representations lies on the
quality of cross-lingual embeddings



Quantitative Quality

Source - Target GeoMM

En-Es 81.4
Es-En 85.5
En - Fr 82.1
Fr-En 84.1
En - De 74.7
De - En 76.7
En - Hi 415
Hi- En 54.8
En-Ta 31.9
Ta-En 38.7
En-Bn 36.7
Bn - En 42.7

Very low Precision@1 for Indic
languages compared to the
European language
counterpart

Precision@1 for BLI task using GeoMM on MUSE dataset (Jawapuria et.al 2019, Kakwani et.al 2020)



Unsupervised NMT [Lample et al 2018]

Simple word-by-word translation using cross-lingual embeddings

Multi30k-Task1 WMT
en-fr frren de-en en-de en-fr frren de-en en-de
Supervised 56.83 50.77 3838 35.16 | 27.97 26.13 25.61 21.33
word-by-word 8.54 16.77 1572 539 | 628 10.09 10.77  7.06
word reordering - - - - 6.68 11.69 10.84  6.70




Unsupervised NMT [Lample et al 2018]

Simple word-by-word translation using cross-lingual embeddings

Language Pair BLEU Score
En— Fr 6.28
Fr— En 10.09
En — De 7.06
De — En 10.77
En — Hi 1.2
Hi — En 2.1

Credit: Tamali for the English-Hindi numbers



Cross-lingual Embedding Quality

1. Poor Cross-lingual Embeddings leads to diminished returns from U-NMT methods

Future Directions

1. Learn better cross-lingual embeddings between Indic languages and Indic to
European languages

2. Majority of the NLP approaches operate at sub-word level

3. How to obtain cross-lingual embeddings at the sub-word level?



Unsupervised NMT for Indic
languages

Initial Findings




Why Indic Languages?

e Atest-bed for research on multilinguality
e Spectrum of language similarity

Bn
Gu
Hi
Mr
Pa
MI
Ta
Te

Percentage of words in the source language (row) which also appear in the target language (column)
(transliterated to a common script) and having at least one common synset obtained from Indo-Wordnet
(Bhattacharyya et.al 2010)

Bn

13.9
12.76
11.81

4.26

1.19

0.43

0.95

Gu
19.51

31.47
29.31
10.88
1.7
0.54
2.1

Hi

29.45
51.75

36.42
17.79
2.04
0.62
2.67

Mr
11.39
20.14
15.22

5.71
0.67
0.33
1.08

Pa

2.45
4.46
4.43

3.4

0.14
0.11
0.28

M

1.05
1.06
0.78
0.62
0.22

0.8
2.68

Ta

0.34

0.3
0.21
0.27
0.16
0.72

0.24

Te

0.78
1.22
0.95
0.92

0.4
2.48
0.25



Why Indic Languages?

® Low-resourceness
Monolingual Corpus Statistics

Sentences [} Tokens
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w
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hi bn pa ml gu kn te ta mr or as
Language

Monolingual Corpus Statistics (in Millions) (Kunchukuttan et.al 2020)



Why Indic Languages?

e Spectrum of morphological complexity

0.0600

0.0400

Type/Token Ratio

0.0200

0.0000
as bn gu hi kn ml mr or pa ta te

Language

Type-Token Ratio calculated on Al4Bharat Corpus (Kunchukuttan et.al 2020)



U-NMT for Indic Languages: Results

Lexical Relatedness Lexical Relatedness
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Conclusions

Existing U-NMT models fail for Indic languages
For closely-related languages, we observe decent BLEU scores

Morphological richness adds more complexity to the model

I N

Need more research focusing on Indic languages



Conclusions




Conclusion

e Paradigms of the MT task.

e Foundational concepts for the U-NMT paradigm.

e U-NMT approaches.

e Recent language modeling approaches.

e Results for Indian language pairs (related and unrelated languages).

e Need for further research in the area of U-NMT.



Future of U-NMT

U-NMT approaches have shown promising results for closely-related languages
U-NMT performs poor for distant languages

Better cross-lingual embeddings for distant languages.

I N

Better cross-lingual language model pretraining for resource-scarce languages,

disimilar languages, and dissimilar domans



Resources

® Resources can be found here

www.cfilt.iitb.ac.in

e The tutorial slides will be uploaded here

https://github.com/murthyrudra/unmt_tutorial_icon2020
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TLM Cross-lingual Language Model

Pretraining, ICLR, Conneau et.al 2019

Translation Language Modelling




TLM

e XLM objective uses monolingual corpora in all the languages considered

e Does XLM learn better multilingual representations?

o XLM objective cannot take advantage of parallel corpora if available

o XLM objective alone cannot guarantee that the model learns better multilingual representations



TLM (Conneau et.al 2019 )
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TLM (Conneau et.al 2019 )

e |n addition to access to monolingual corpus, we assume access to parallel corpus

e Given a parallel sentence,
o Thetwo sentences are concatenated and a special sentence delimiter is added to differentiate the
two sentences
o The positional information is reset to start from zero for the second language
o Themodel can look at information from the context of either of the languages to predict the missing

word



TLM (Conneau et.al 2019 ) : XNLI Results

| en fr es de el bg ru tr ar vi th zh hi sw o ur | A
Machine translation baselines (TRANSLATE-TRAIN)
Devlin et al. [14] 819 - 778 759 - - - - 70.7 - - 76.6 - - 61.6 -
XIM (MLM+TLM) 850 80.2 80.8 803 781 793 781 747 765 766 755 78.6 723 709 632 |76.7
Machine translation baselines (TRANSLATE-TEST)
Devlin et al. [14] 814 - 749 744 - - - - 70.4 - - 70.1 - - 62.1 -
XLM (MLM+TLM) 850 790 795 781 778 776 7155 737 737 708 704 736 69.0 64.7 65.1 | 742
Evaluation of cross-lingual sentence encoders
Conneau et al. [12] 737 677 687 677 689 679 654 642 648 664 64.1 658 64.1 557 584|656
Devlin et al. [14] 814 - 743 705 - - - - 62.1 3 - 63.8 - - 58.3 3
Artetxe and Schwenk [4] | 739 719 729 726 731 742 715 697 714 720 692 714 655 622 610|702
XILM (MLM) 832 1765 763 742 731 740 731 678 685 712 692 719 657 646 634|715
XIM (MLM+TLM) 85.0 787 789 778 76.6 774 753 725 731 761 732 765 69.6 684 67.3 | 751




Extensions to TLM

e TLM model does not fully utilize the potential of parallel corpus
e Modify TLM objective to predict aligned words from the other language
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Extensions to TLM

e Maximize the cosine similarity between the encoder representation of the two

sentences
[ Maximize Cosine }
Similarity
[ Encoder J[ Encoder J
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Challenges in Indic Languages?

Original Sentence

O3 BEPRYTBY, ADON
TP AT

nAnu heLuvudannu sariyAgi kelisiko
Me telling correctly listen

VO3 NPT, AOeN TCLE0,,
nAnu heLodanna saryAgi kelLsko

NRES OB TROTI) TBSLND
UTa mADikoMDu hogu
Lunch have go

NRES VB0 TSEMD
UTa mADkoMDu hogu

Comments

Literary Language

Spoken Language

Literary Language

Spoken Language

Google Translatel30Nov,2020]

Listen to me correctly

| am Sergio Katsko of Noodon

Go Have lunch
(Go after having lunch)

Modify the meal

Phenomenon similar to Schwa Deletion in Literary language and Spoken language



Why Indic Languages?

Original Sentence

e30WTORIVVR,BRLEATIIe300 B0
BRI ANt 3PRDTA3C?

e3OWT LIRITT, W, LuldA YT
9333 039930 OTI) DX 3T DN
3L YrIde ?

SOWTORITT, WRRLEATIET I
OMDISlSIANEATNDIAIOARNIAVARETZATA oW

?

Crooked demons one who kicked them
away who is you know

Comments

Maximum Sandhi
transformation

No Sandhi transformation

Normal Usage

Google Translate

Do you know anyone who has
cheated?

Do you know who became the one who
drove out the crafty demons?

Do you know who is the one who
kicked the crooks?



Components of U-MT

e Suitable initialization of the translation models: This helps the model to jump-

start the process.

e Language modeling: This helps the model to encode and generate sentences.

e |terative back-translation: It bridges the gap between encoder representation of a

word in source and target languages.



Adding subword information

e We want to favor translation candidates that are similar at the character level.

e Additional weights are added to initial phrase-table like lexical weightings.

o Unlike lexical weightings it use a character-level similarity function instead of word translation
probabilities.

score( f|e) = H max (ef max sim( f;, éj))
_ j
'

lev(f,e)

sim(f,e) =1 — max(len(f),len(e))




USMT as Posterior Regularization

e USMT initialisation.

e UNMT backtranslation training with SMT as Posterior Regularization.

o  Posterior Regularization: An SMT system to filter out noises using phrase table. It eliminates the infrequent and bad patterns
generated in the back-translation iterations of NMT

Model Initialization Unsupervised NMT with SMT as Posterior Regularization
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Iterative refinement

e Generate a synthetic parallel corpus by translating the monolingual corpus with
the initial system L1>L2, and train and tune SMT system L2-L1.

o To accelerate our experiments, use a random subset of 2 million sentences from each
monolingual corpus for training.

o Reuse the original language model, which is trained in the full corpus.

e The process is repeated iteratively until some convergence criterion is met.

L1 (real) —

e

L1—>L2\

system

— L2 (synthetic)

L2

L1

Pseudo parallel data

L1 —>L2
system

e

L1 L2

Pseudo parallel data

L2 (real) — — L1 (synthetic)




BART Pretraining

e Trained by
o Corrupting text with
an arbitrary noising
function
o Learning a model to
reconstruct the
original text.
e Denoising full text

Lewis, Mike, Yinhan Liu, Naman Goyal,
Marjan Ghazvininejad, Abdelrahman
Mohamed, Omer Levy, Ves Stoyanov, and
Luke Zettlemoyer. "BART: Denoising
Sequence-to-Sequence Pre-training for

Natural Language Generation, Translation,

and Comprehension." Proceedings of the
58th Annual Meeting of the Association for
Computational Linguistics, (ACL 2020)

For each
batch

Randomly
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BART pretraining (noising steps) (Lewis et al.
2020)

Token Masking A_C._E.
Token deletion A.C.E.
ABC.DE.
Text infilling A .D_E.
Original document
Sentence permutation DE.ABC.
Document rotation C DE. AB.




