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Introduction to Machine Translation (MT) (1/2)

« What is Machine Translation?

— Translation of a piece of text in one language into another through a
computer program.

— The target text should convey the exact meaning as the source text.

Machine
| am discussing Machine T lati ﬁmﬁ?ra@mawaa‘rwm
Translation. ransiation ﬁl
Source Text SyStem Target Text

Why do we need Machine Translation?
— To reduce/remove the language barrier.

« Who needs it?

— Communication, Travel, Entertainment, Administration, Education, Industry,
etc.



Introduction to Machine Translation (MT) (2/2)

Why are we interested?

Any multilingual NLP system involves MT as some level
Challenging and old problem
Deals with Natural Language Understanding and Generation

MT theories and techniques has applicability in a range of other NLP
problems

Why is MT a difficult problem? Ambiguity

Different languages have different properties
Different word order

Polysemy and synonymy

Morphological Richness



What does MT need to do?

Deal with Language Divergence



Language Divergence

* Languages express meaning in divergent ways.

« Syntactic Divergence:
— Avrises because of the difference in structure

* Lexical-Semantic Divergence:
— Arises because of difference in semantic properties of languages



Types of Syntactic Divergence

« Constituent Order Divergence:

English: He is waiting for him.
Hindi: 8 35 AT gawr o @1

Subject He a8
Verb | waiting | §09R @3 &1 6
Object him ELET

« Adjunction Divergence:

English: Delhi, the capital of India, has many historical buildings.

Hindi: 9Ra &t Irorert feht § aga «ff ufefe gard €

* Null Subject Divergence:
English: I am going,
Hindi: ST & g1



Types of Lexical-Semantic Divergence

Conflational Divergence:

English: He stabbed him.

Hindi: 39+ 39 gb_:f q gRT

Categorial Divergence (Lexical Category Change):

English: They are competing.

Hindi: o uferegef o & %

Head-swapping Divergence (Promotion or Demotion of a Logical
Modifier):

English: The play is on.

Hindi: el 91 381 3



Conceptual Model of MT: Vauquois Triangle

Problems:
— Word-level Transfer:

| am eating an apple.

#5’@7@7@#6’/

Interlingua

Pragmatic
Transfer

Semantic Transfer

/ Syntactic Transfer x

/ Morphological Transfer \\

Source Text Target Text




Conceptual Model of MT: Vauquois Triangle

Problems:

Syntax-level Transfer:

| miss the bus every day.

Interlingua

Pragmatic
Transfer

Semantic Transfer

/ Syntactic Transfer x

/ Morphological Transfer \\

Source Text Target Text
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Conceptual Model of MT: Vauquois Triangle

Problems: Interlingua

— Semantic-level Transfer:

His departure was for good.

Pragmatic
Transfer

3HFT GETT 3Tes & folv o7/

Semantic Transfer

/ Syntactic Transfer x

/ Morphological Transfer \\

Source Text Target Text
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Approaches

Rule-based and Knowledge-based MT:
— Interlingua-based
— Transfer-based

Limitations:

— Costly in terms of time and money
— Highly complex

— Adaptation is difficult

Data Driven MT: Parallel Corpus - contains tuples of (source, translation)
— Example-based MT

— Statistical MT

— Neural MT

12



Paradigms of Machine Translation

Human effort

" N

Data hungry

v

RBMT — EBMT — SMT
— NMT

(Rule based machine translation) (Example based machine translation) (Statistical machine translation) (Neural machine translation)

Rules handmade by human expert — Rules by learning from data

13



Topics To Be Discussed

Machine Translation (MT)
— Introduction

— Statistical Machine Translation
— Neural Machine Translation

— Evaluation

14



Problem Formulation

Goal: Given a foreign sentence f, find the most likely English translation e.
Probabilistic Model:
— We would like to have a measure of confidence for the translations we learn.
— We would like to model uncertainty in translation.

Notations:

— Source language (F)

— Target language (E)

— Target language sentence (f)
— Source language sentence (e)

e = arg max P(e|f)

15



Noisy Channel Model (1/2)

Sees translation as a process of recovering the original sentence given the
corrupted sentence.

Decomposes P(elf) into P(fle) * P(e)

Steps:
— Generate e using P(e)
— Pass e through the channel
— Getf, a corruption of e

Why do we do it?

— Makes it easier to mathematically represent translation and learn
probabilities

— Allows to separately model Adequacy and Fluency

16



Noisy Channel Model (2/2)

Language Model:
— How likely is e to be an English sentence?: P(e)
— Monolingual data

Translation Model:
— How likely is f to be a translation of e: P(f|e)
— Bilingual data

Generative Modelling:
— Generate e with probability P(e)
— Pass e through noisy channel and get f with probability P(f|e)
— Given f, what is the best translation e: argmax P(e|f)

17



Language Model

Given an English sentence e with words in order e, e,,..., €,:
P(e) = P(eq, e,,..., €)
=P(e;)*P(e,le)* ... *P(e/| e, €5,...,€11)

N-Gram Language Model:

— Let's assume that P(e;) depends on previous N-1 words only.

— P(elepe,...,e)=Plele .y € n+1r - €l1)

If N = 2, itis a Bigram model
P(I am discussing Statistical Machine Translation)
=P(| START)*P(@m| I)*.... * P(END | Translation)
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Translation Model

How do we learn P(f|le)?

We first need to learn word-level translation probabilities to learn the sentence-
level translation probabilities.

English sentence e = e,, e,,..., €
Foreign sentence f =1, f,,...,

19



Translation Model: Co-occurrence

e Words which occur
together in parallel
sentence pairs are
likely to be
translations (higher
P(fle))

Parallel Corpus

A boy is sitting in the kitchen

Teh ofsehl (AIS & daT &

A boy is playing tennis

Ueh oISl efad Wl (T &

A boy is sitting on a round table

Ueh ISRl Teh el Aol W dor1d

Some men are watching tennis iﬂ A AT cwE © %‘

A girl is holding a black book U d5hl o U drel ot
LEE

Two men are watching a movie ar AT gdraT WT@'%

A woman is reading a book

T 3iRT v forae ug W@ &

A man is sitting in a red car

Teh 3MSHT Teh il R & dor1 §

20



Translation Model: Alignment (1/6)

e A word in the source sentence can be aligned to a small number of words in
the translation.

boooe
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Translation Model: Alignment (2/6)

e Problem: Given a source sentence and its translation, find the word-level
correspondences.

CrRCR YRR YR CIRETI RIS
(o) (o) (80 G (G} () KFrny () (o]

e Alignments:

ocetose



Translation Model: Alignments (3/6)

How do we learn P(f|le)?

We first need to learn word-level translation probabilities to learn the sentence-
level translation probabilities.

English sentence e = e,, e,,..., €
Foreign sentence f =1, f,,...,
Alignment A ={a,, a,, ..., a,}, where a;belongs to {0, 1, ..., I}.

23



Translation Model: Alignment (4/6)

Issue: There will be multiple possible alignments
How many possible alignments between e of length | and f of length m?

Can we find the correct alignments if we have multiple sentence pairs?

?%o

T 24



Translation Model: Alignments (5/6)

« If we knew the alignments, we could compute P(f|e)

Lbecsrmen

@@@

«  P(fle) = #(f, e)  #(*, e)

=

— Where #(f, e) denotes number of times word f is aligned with word e

«  P(Prof | ¥1%) = 2/2

25



Translation Model: Alignments (6/6)

Issue: We can find the best alignment only if we know the word-level translation
probabilities.

The best alignment a* is the one that maximizes the sentence translation
probability. _
P(f,ale) = P() TTZT P(filea,)

L

I=m
a’ = argmaxHP(ﬁleui)
a r
=1
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Translation Model: Expectation Maximization (EM) (1/3)

Randomly initialize word-level translation probabilities

Two-step iterative Process:
— Step 1. Estimate alignment probabilities using word translation probabilities
— Step 2: Re-estimate word translation probabilities

As we don’t know the best alignment, we consider all alignments while estimating
word translation probabilities.

Instead of taking only the best alignment, we consider all alignments and weigh
the word alignments with the alignment probabilities

P(fle) = expected #(f,e)
)= expected #(*,e)

27



Translation Model: Expectation Maximization (EM) (2/2)

Probabilities:
P(the | Tah) = 0.7
P(the | o) = 0.1

Alignments:

U the 1l'$<the

gY " house gY  “house
P(e,a|f)=0.56 P(e,a|f) =0.035

P(e,a|f)=0.824 P(e,a|f)=0.052

Counts:
P(the | Teh) = 0.824 + 0.052

P(the | &¥) = 0.118 + 0.007

P(house | Tsh) = 0.05
P(house | &Y) = 0.8

Ush the Tah\ the
’EITlhouse EIT><house
P(e,a|f)=0.08 P(e, a|f) =0.005

P(e,a|f)=0.118 P(e, a|f)=0.007

P(house | Tsh) = 0.052 + 0.007

P(house | &¥) = 0.824 + 0.118 28



Translation Model: Expectation Maximization (EM) (3/3)

At the end of the process:

dlod=Ees

Note: Poor initialization may lead to convergence to local minima.

29



IBM Models

IBM came up with a series of increasingly complex models

Called IBM Models 1 to 5

Differed in assumptions about alignment probability distributions

Simpler models are used to initialize the more complex models

This pipelined training helped ensure better solutions

30



Phrase-based SMT: Introduction

« Basic translation unit: Phrase (sequence of words), Not word
— Note: Not necessarily linguistic phrases

« Advantages:
— Local reordering (Intra-phrase reordering can be memorized)
« Eg. The prime minister of India —> {Rd & YTl FHAT

— Sense disambiguation based on local context (Neighbouring words help
make the choice)

- Eg. heads towards Pune — 90T 1 3iR ST 3¢ &, heads the committee —>
AT T egeTaT A §

— Institutionalized expressions, idioms can be learnt as a single unit
- Eg. hung assembly —> Fei faemsrarem

— Improved fluency as a phrase could as long as an entire sentence. 31



Phrase-based SMT: Mathematical Model

Our goal is: arrgmax P(elf)
We decomposed P(e|f) into P(e) and P(f|e)

Considering a source sentence has been segmented into | segments, we can
further decompose the translation model P(fle) as follows:

I
p(f{|2’]] )= 1—[ b(f:|e;) d(start; — end;_; — 1)

=1

start; : start position in f of it" phrase ofe ¢ ¢ is called as phrase-level

end. : end position in f of it phrase of e translation probability; d is
called as distortion probability
32



Phrase-based SMT: Phrase Tables

InVOIVeS Structure + Parameter |PI'D£1C_I‘:_R_|RED|“’ELE honoured|with|theBharat|F.atna
learning ﬁ_m_mH
— Learn the phrase table ;ﬁ
— Learn the phrase-level TR e B
translation probabilities il F
HEATAT
Process: e —
— Start with word alignment: il
reliable input for phrase table -
learning N - -
— A consecutive sequence of - -

aligned words constitutes a
‘pPhrase pair’ — — '

Only ‘consistent’ phrase pairs consistent inconsistent consistent
should be added to the phrase table 33




Decoding (1/2)

Decoding: Searching the best translation in the space of all translations.

The phrase table may give many options to translate the input sentence
leading to multiple word orders.

Decoding is a NP Complete search problem
— Needs a heuristic search method

Ram ate rice |with the spoon|

P

\
i o e § Sy

34



Decoding (2/2)

e

TFAT O

c
/X4

G| pJ)

3

JFHT e Incremental Process

/.

e Score each hypothesis and push
them to a bounded priority queue

35



Paradigms of Machine Translation

Human effort

" N

Data hungry

v

RBMT — EBMT — SMT
— NMT

(Rule based machine translation) (Example based machine translation) (Statistical machine translation) (Neural machine translation)

Rules handmade by human expert — Rules by learning from data

36



What is NMT?

The task of MT is a sequence-to-sequence problem.

It uses an encoder-decoder NN architecture with attention mechanism.
NMT requires large parallel corpus.

Here, we will discuss RNN-based and Transformer-based encoder-decoder
architectures.

37



Simple RNN-based Encoder-Decoder Architecture

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

(4) Decoder
generates one
element at a
time

a || P | w@r || os |

(3) This is used
to initialize the
decoder state

El

time h hy h4 ]
"Jj{— Decodlnl ’-)
54
I
of the sentence is
ted
( read ] [ the ] |' book ] i

Encoding

(1) Encoder
processes one
sequence at a

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

s, is the
summary vector

38


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

Summary Vector Representation

4l &1 O | was given a card by her in the garden
3t OMary admires John 101 O In the garden , she gave me a card
O She gave me a card in the garden
2+ OMary is in love with John
5 -
1 -
or oF
OMary respects John
_yL ©OdJohn admires Mary
ok \ M =57 O She was given a card by me in the garden
-2F isi it
W R R i O In the garden , | gave her a card
-3r -10+
__4 =
5k OJohn respects Mary “Br O | gave her a card in the garden

|
(2]

|
n
o

-8 -6 -4 -2 0 2 4 6 8 10 -15 -10 -5 0 5 10 15 20

Image source- [9]



Problems with Simple Encode-Decode Paradigm (1/2)

What happens in enc-dec architecture?

1. Encoding transforms the entire sentence into a single vector.
2. Decoding process uses this sentence representation for predicting

the output.
Problems:
* Quality of prediction depends upon the quality of sentence
embeddings.

« After few time-step, summary vector may lose information of initial
words of input sentence.

40



Problems with Simple Encode-Decode Paradigm (2/2)

Possible Solution:

« For prediction at each time step, present the representation of the
relevant part of the source sentence only.

the girl HEES

SEED Thol

hool

3

— Attention-based encoder-decoder

41



Annotation Vectors and Context Vectors

Context vector

Attention
weights

Attention weights are
calculated from

alignment scores which

are output of another
feed-forward NN which
IS trained jointly.

42



Attention-based Encoder-Decoder Architecture (1/3)

Image source- [http://www.iitp.ac.in/~shad.pcs 15/data/nmt-rudra.pdf]

43


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

Attention-based Encoder-Decoder Architecture (2/3)

ERe D
— -

Image source- [http://www.iitp.ac.in/~shad.pcs 15/data/nmt-rudra.pdf]

44


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

Attention-based Encoder-Decoder Architecture (3/3)

C# b x| @& | <os> |
-

45

Image source- [http://www.iitp.ac.in/~shad.pcs 15/data/nmt-rudra.pdf]



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

Main Challenge of MT: Language
Divergence



Languages differ in expressing
thoughts: Agglutination

 Finnish: “istahtaisinkohan”

* English: "l wonder if | should sit down
for a while"

Analysis:
e ISt+ "sIit", verb stem

» ahta + verb derivation morpheme,
"to do something for a while"

° |ISI+ conditional affix

V.| I'l



Kinds of MT Systems

(point of entry from source to the target text)

Deep understanding level Ontological interlingua

Interlingual level Ol e Sema ntico-linguistic interlingua

SPA-structures (semantic

. v & predicate-argument)

Logico-semantic level

Mixing levels At Multilevel description

Multilevel transfer
Syntactico-functional level Svntactic transfer (deep) F-structures (functional)
Syntagmatic level Syntactic sfer (surface) C-structures (constituent)

Morpho-syntactic lev Semi-direct transla tio Tagged text

Direct translation

Graphemic level Text

48



lllustration of transfer SVO->SQOV

S S

NP ///Xz\\ NP VP
\Y% NP (transfer NPA
N SV0 = soV) N v

John  e€ats N John I\\I eats



