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Supervised Learning

We are provided the ground truth

-ncoder-decoder Models

Encoder (Sutskever et al. 2014)
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Unsupervised Learning

No ground labels:
the task IS to uncover latent structure



Semi-supervised Learning

A happy medium:
use both annotated and unannotated data
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By Techerin - Own work, CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=19514958



Incorporating Monolingual
Data



On Using Monolingual Corpora in Neural
Machine Translation (Gulcehre et al. 2015)

M T ef
Parallel m‘_—‘ Train NMT

LM+

Monolingual Train LM

Combine the two!




On Using Mono
Machine Translat

/
] "Language Model
A Rescaring”
v T T }’\:!\'*-\_ ."'I;‘\.
! v N ™
” stLM o . '\ ,/)
g -
~ C s ..

i
AL

R
........ e

a Translation Model Scores

“"Candidate Sentences”

+

(a) Shallow Fusion (Sec. 4.1)

ingual Corpora in Neural

ion (Gulcehre et al. 2015)

(b) Deep Fusion (Sec. 4.2)



Back-translation (Sennrich

et al. 2016)
Train French->English
Parallel
Back-Translate
Monolingual data
Monolingual

Train English->French




Dual Learning
(He et al. 20106)

Assume MTer, M Tre, LMe, LM

MTef Game:
Paralle LR Ve BRI Tronsiate sample with MTe

Get reward with LM

| Me LM+

Monolingual

Translate sample with MT+
Get reward with LM.




Semi-Supervised Learning for MT
(Cheng et al. 2016)

Round-trip translation for

supervision
MT ef

Parallel SR vTre BRAEUEE  Translate e to £ with MTe

Translate f'to e’ with M T+

MT ef

Loss from e and &’

Monolingual

Enghsh bushi yu shalong juxing le huitan | x’
decoder ﬁ x'ly: 0
Bush held a talk with Sharon y

encoder ﬁ P(y|x;?)

bushi yu shalong juxing le huitan X




Another idea: use monolingual data
to pretrain model components

Use the monolingual data
to train the encoder

m m and the decoder.

Parallel

Monolingual



Another idea: use monolingual data
to pretrain model components
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From "Unsupervised Pretraining for Sequence to Sequence Learning", Ramachadran et al. 2017.



Another idea: use monolingual data
to pretrain model components
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From "Unsupervised Pretraining for Sequence to Sequence Learning", Ramachadran et al. 2017.



Another idea: use monolingual data
to pretrain model components

(b)

Figure 2: Two small improvements to the baseline
model: (a) residual connection, and (b) multi-layer
attention.

From "Unsupervised Pretraining for Sequence to Sequence Learning", Ramachadran et al. 2017.



Another idea: use monolingual data
to pretrain model components
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I'igure 1. The encoder-decoder framework for our proposed MASS. The token “_” represents the mask symbol [ .

From "MASS: Masked Sequence to Sequence Pre-training for Language Generation", Song et al. 2019.



Another idea: use monolingual data
to pretrain model components
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(a) Masked language modeling in BERT (k& = 1)
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(b) Standard language modeling (K = m)

From "MASS: Masked Sequence to Sequence Pre-training for Language Generation", Song et al. 2019.



Another idea: use monolingual data
to pretrain model components
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Figure 3. The BLEU score comparisons between MASS and the baseline on low-resource NMT with different scales of paired data.

From "MASS: Masked Sequence to Sequence Pre-training for Language Generation", Song et al. 2019.



Pre-trained Word
Embeddings in NMT



Modern neural embeddings
(Mikolov et al, 2014)

Skip-gram model: predict a word’s context

moderness wirtschaftliches Handels- und Finanzzentrum

CBOW model: predict a word from its context

Others: GLoVe, fastText, etc
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From "A Bag of Useful Tricks for Practical Neural Machine Translation:
Embedding Layer Initialization and Large Batch Size", Neishi et al. 2017,



Pre-trained embeddings:
when are they usetul?

Src — std pre std ore
— Trg | std std pre ore

G1. — N 2.2 13.2 2.8 12.8
PT— EN | 26.2 30.3 261 30.8

AZ — EN 1.3 2.0 1.6 2.0
TR - EN | 149 176 1457 17.9

BE — EN 1.6 2.9 1.3 3.0
Ru— EN | 185 21.2 187 21.1

Table 2: Effect of pre-training on BLEU score over six
languages. The systems use either random initaliza-
tion (st d) or pre-training (pre) on both the source and
target sides.

From "When and Why are Pre-trained Word Embeddings Useful for Neural Machine Translation?", Qi et al. 2017.



Bilingual Lexicon
Induction



What Is Bilingual Lexicon
Induction”?
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From "Learning Bilingual Lexicons from Monolingual Corpora", Haghighi et al. 2008.



What Is Bilingual Lexicon
Induction”?
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Figure 2: Tllustration of our MCCA model. Each latent concept z; ; originates in the canonical space. The observed

word vectors 1n the source and target spaces are generated independently given this concept.

From "Learning Bilingual Lexicons from Monolingual Corpora", Haghighi et al. 2008.



Bilingual Skip-gram model:
Using translations and alignments

T NS Y

moderness wirtschaftliches Handels- und Finanzzentrum

modern economic trade and financial center
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From "Bilingual Word Representations with Monolingual Quality in Mind", Luong et al. 2015.



Mapping two monolingual

embedding spaces

—~
Chinese embedd Chinese embeddings
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From "Earth Mover’s Distance Minimization for Unsupervised Bilingual Lexicon Induction®, Zhang et al. 2015.



FIndiNg the best mapping

The orthogonality assumption is important!

W* = argmin |[WX — Y|r = UV, with USVT = SVD(Y XT).
WeO4(R)

What about if we don't have a seed lexicon?

From "Word Translation Without Parallel Data", Conneau et al. 2018.



Unsupervised Mapping +
Refinement

From "Word Translation Without Parallel Data", Conneau et al. 2018.



|lssues with mapping
methods
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(a) Top 10 most frequent (b) German translations
English words of top 10 most requent
English words
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(c) Top 10 most frequent (d) German translations
English nouns of top 10 most frequent
English nouns

From "On the Limitations of Unsupervised Bilingual Dictionary Induction", Sagaard et al. 2018.



Unsupervised Translation



... atthe core of It all:
decipherment

m argmaxHPg(f)
T

Weaver (1955): This is really English, encrypted in some strange symbols

m__-‘ m h ;nax H Z P(C) ' Pe(flp)
Poe

From "Deciphering Foreign Language’, Ravi and Knight 2011.




Unsupervised MT
(Lample et al. and Artetxe et al. 2018)

L Me

1. Embeddings + Unsup. BLI
2. BLI —> Word Translations

3. Train MTt« and MTer systems

4. Meanwhile, use unsupervised
objectives (denoising LM)

5. lterate
M T ef




Unsupervised MT
(Lample et al. 2018)

Also add an adversarial loss for the intermediate
representations:
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From "Unsupervised MT Using Monolingual Corpora Only", Lample et al 2018.



Unsupervised MT
Lample et al. 2018

Source un homme est debout prés d’ une série de jeux vidéo dans un bar .
Iteration (] a man is seated near a series of games video in a bar .

Iteration 1  a man is standing near a closeup of other games in a bar .
Iteration 2 a man is standing near a bunch of video videa game in a har .
Iteration 3 a man is standing near a bunch of video games in a bar .
Reference a man is standing by a group of video games in a bar .

Source une femme aux cheveux roses habillée en noir parle 4 un homme .
Iteratton 0 a woman at hair roses dressed in black speaks to a man .

Iteration |  a woman at glasses dressed in black talking to a man .

Iteration 2 a woman at pink hair dressed in black speaks to a man .

Iteration 3  a woman with pink hair dressed in black is talking to a man .
Reference a woman with pink hair dressed in black talks to a man .
Source une photo d’ une rue bondée en ville .

Iteraton O a photo a street crowded mn city .

Iteration 1  a picture of a street crowded 1n a city .

Iteraton 2 a piclure of a crowded cily street .

Iteration 3  a picture of a crowded street in a city .

Reference a view of a crowded city street .

From "Unsupervised MT Using Monolingual Corpora Only", Lample et al 2018.



