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Unsupervised Word Translation

* Cross-lingual word embeddings
* Shared embedding space for both languages
* Keep the normal nice properties of word embeddings
* But also want words close to their translations

* Want to learn from monolingual corpora

n
e avke o
money [ minister ) S et )
iz Rber pugovemment ys-,., oy
&,ﬂlv : [ want Shewi
Proaron . protiem ng “h
Pormat b pacticr i g
e veriraten o COUMI ~ m merest
&t 'y eﬁ"’m "“M":;u aNerkr ﬁ:ns«'
= ~ example ;}-ﬁr’"’ g importance
R ﬁ‘v:ﬂ m\%" Feasoe a 3 ton ;"E‘n&
ol v
gl NN pe,, S o
aFre ot ol ”
| CU
Eeny A
’ atvung

XK A AR MG S A, RBE R, EAERIE
AR EE «

SRR R ILAT 55 T EEVONBETE SR .

H b A2 2 ST W RDE & b fn] (1 B A [ &, A SRR S Al [ R R 04
I AT S E A [ B T S R, RIS A SRR R U I L]
B RENS I BB AR HIA R R



Unsupervised Word Translation

* Word embeddings have
a lot of structure
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Unsupervised Word Translation

* Word embeddings have
a lot of structure

e Assumption: that
structure should be
similar across languages




Unsupervised Word Translation

* First run word2vec on monolingual corpora, getting words
embeddings X and Y

e Learn an (orthogonal) matrix W such that WX ~Y
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Unsupervised Word Translation

* Learn W with adversarial training.

e Discriminator: predict if an embedding is from Yoritis a
transformed embedding Wx originally from X.

¢ Train W so the Discriminator gets “confused”

Discriminator predicts: is the circled point red or blue?

obviously red

* Other tricks can be used to further improve performance,
see Word Translation without Parallel Data
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Unsupervised Machine Translation

* Model: same encoder-decoder used for both languages
* Initialize with cross-lingual word embeddings

Je suis étudiant <EOQS>
I am a student <Fr> suis etudrant

suis étudiant <EQS>
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Je suis etudlant <Fr> suis  étudiant

seq2seq AR

X AREERT seq2srq ARASHEAT | — AL EE R, RIHRA TR F AR A 9
M2 AN gmAt 2%, ToIRMm AN 15 5 0] . B4 BAT 9l S ia] AV s
FAR] ) [A) BRI

X Ty, WANFHEEE LR T ENZERTAESHER.
XA T iGN DN R AR T, X AMPRICESE 5 F R & R
RRE . 1EIRER, EMNEERTE A, B REEBIEEEN
W, xRS R R IUR AT .

Unsupervised Neural Machine Translation

* Training objective 1: de-noising autoencoder

a student <EOS>
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| a student am <En> a student
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Unsupervised Neural Machine Translation

» Training objective 2: back translation
* First translate fr ->en
* Then use as a “supervised” example to train en -> fr

suis étudiant <EOQS>

Hil

| am student <Fr> suis etudlant
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Why Does This Work?

* Cross lingual embeddings and shared encoder gives the model a
starting point

a student <EOS>

I am a student <:En:> a student

22 | a student <EOS>
t 1

Je suis etudlant <En> a student
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Why Does This Work?

* Objectives encourage language-agnostic representation

Auto-encoder example Encoder vector

| am a student —— — | am a student

\ need to be

Back-translation example  Encoder VEV the same!

Je suis étudiant —>  — | am a student
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Unsupervised Machine Translation

* Horizontal lines are unsupervised models, the rest are

supervised
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Attribute Transfer

»

* Collector corpora of “relaxed” and “annoyed” tweets using
hashtags

* Learn un unsupervised MT model

Relaxed + Annoyed

Relaxed Sirtingir)'un&ﬁsmmmwamhingSWWmaﬂermﬁngdmnenWhaammgm.‘

Annoyed Siningb)'MmeummdwamhingThe\-hiuermmemndﬁmewnLgmWhalhuﬂblewaywstmth:weekmd...
Annoyed Getting a speeding ticket 50 feet in front of work is not how I wanted to start this month 2.

Relaxed  Getting a haircut followed by a cold foot massage in the moming is how | wanted to start this month &

Male «+ Female

Male Gotta say that beard makes you look like a Viking...

Female Gotia say that hair makes you look like 2 Mermaid....

Female Awww he's 20 gorgeous gy can’t wait for a cuddle. Well done g Xxx
Male Bro he's so f***ing dope can’t wait for a cuddle. Well done bro
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Not so Fast

¢ English, French, and German are fairly similar

* On very different languages (e.g., English and Turkish)...

* Purely unsupervised word translation doesn’t work very.
Need seed dictionary of likely translations.
* Simple trick: use identical strings from both vocabularies

* UNMT barely works

System \ English-Turkish BLEU

Supervised ~20
Word-for-word unsupervised 1.5
UNMT 4.5
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