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government debt problems turning into banking crises as has happened in

saying that Europe needs unified banking regulation to replace the hodgepodge

N These words will represent banking 7
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- iEfAEH ( Approximate Isomorphism)
— Mikolov et al., 2013a

caballo (horse) % horse
| o
cerdo. (p1g) pig
[
gato (cat) cat
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> >

Spanish English



-+ IBIESNLPFEH] o)
- RIS MlGBEER T EBEATHINES

- RENEMIBHEZ, ATIENAREE, NLPARZREZIR
- AR Z B FES AR Bl i

© R
A

1151 2 [B)ic) Bk 52 R _E it jo) 2

I
T
[
Al
N
a






ISiESinliD =

750 ==

58518 £/Cross-lingual word
embedding(CWE)

SHiE SIS Mt b =

515 S in) o) E 45 BRIl SR 73 4

— B %nl 1T

— BFEAlF1T

- ME%HF1T

- EEFTIBR

[ ]
=

[ ]
=

[ ]
=

11



=L SN

+ BBiRIl5% (Word-level alignment )
— Dog/
— Cat/#s

- Big]oJtt (Word-level comparable)
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DIFRAINT

. B]FW5F (Sentence-level alignment)

— The dog chases the cat.
— 1B,
- B)FoJtk (Sentence-level comparable)

—The dog chases
the cat in the grass.

— Bt S,
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- X#4oJtk (Document comparable )
— There are a lot of dogs in the park. They like
to chase cats.
— JEIRERL . Effl—REESEH,
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Parallel Comparable

Mikolov et al. (2013) Bergsma and Van Durme (2011)
Dinu et al. (2015) Vulié et al. (2016)

Lazaridou et al. (2015) Kiela et al. (2015)

Xing et al. (2015) Vulié et al. (2016)

Zhang et al. (2016) Gouws and Sggaard (2015)
Artexte et al. (2016) Duong et al. (2015)

Smith et al. (2016) .

Vuli¢ and Korhonen (2016) 6%

Artexte et al. (2017)
Hauer et al. (2017)
Mrksi¢ et al. (2017)
Faruqui and Dyer (2014)
Lu et al. (2015)

Ammar et al. (2016)
Xiao and Guo (2014)
Gouws and Segaard (2015)
Duong et al. (2016)
Adams et al. (2017)
Klementiev et al. (2012)
Koéisky et al. (2014)
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Word
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| Parallel Comparable
Zou et al. (2013) Calixto et al. (2017)
Shi et al. (2015) Gella et al. (2017)
Gardner et al. (2015) Py

Vyas and Carpuat (2016)

Guo et al. (2015)

Hermann and Blunsom (2013)
Hermann and Blunsom (2014)
Soyer et al. (2015)

Lauly et al. (2013)

Chandar et al. (2014)

Gouws et al. (2015)

Luong et al. (2015)
Coulmance et al. (2015)
Pham et al. (2015)

Levy et al. (2017)

Rajendran et al. (2016)
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Sentence
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| Parallel Comparable

Vuli¢é and Moens (2016)

Vulié and Moens (2013)
Document Vulié and Moens (2014)
Spgaard et al. (2015)
Mogadala and Rettinger (2016)

S’
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Loss function

- Skip—gram negative sample(SGNS)

k
P(witj | we) = log 5(it+jTXt) T Z B~ p, log 5(—5’3@'Txt)
i=1

— Ranks true sentences above noisy sentences
— Sigmoid functions () = 1/(1 + %)

- Mean squared error(MSE)

n

Ose = D [Wx§ — x|
i=1
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Loss function

- Max-margin hinge loss(MMHL)

LomvHr = y: y: max (0,1 — f(sent) + f(sent"))

senteS weV

— Training a model to output a higher score for a
correct word sequence than for an incorrect
SO

— is a neural network that outputs score of
original sentences and reconstructed
sentences
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GAN-CWE

6

GAN-CWE



GAN-CWE

 Adversarial Training for Unsupervised
Bilingual Lexicon Induction, Zhang et al.(2017)

. BFEMUAMSE (GAN)) JIGBESEm S
(—REBFTERNTIE)
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- Generative adversarial networks (Goodfellow

et al.,2014).
VD,G) Tninator
:Eywpy [ngD (y)] + ator

Eznp, [log (1 — D (G (x)))]

+ Objective: Minimax game minzmaxpV(D,G)
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GAN cross—lLingual word
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GAN cross—lLingual word
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fopest

. FA$IIZED,FID, /s
Lp=—logD(y) —log(1—D (Gx)) | D
. W EREGHIGT i_.i;T:r.‘_'f'i
La = —log D (Gz) — log Do (GTI) t
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* Loss |'t"'i"
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1/0
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