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Today's Agenda

 What if we want to translate between languages?

 What if we want to embed things in different
languages?

 What if we want to use language diversity to help us
learn?

 How can we incorporate multi-modal information in
multi-lingual tasks?

Note: this Is a non-exhaustive
survey focusing on recent work.
Use It as a starting point.
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Translation
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Statistical Machine Translation

F = kare wa ringo wo tabeta .

'

E= He ate an apple .

Probability model: P(E|F,©)
A

Parameters
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Basic Idea: Calculate Probability

of Next Word and argmax
F = watashi wa kouen wo shiteimasu

P(e,=I|F) = 0.96
P(e,=am|F, e ) =0.9
P(e,=giving|F, e, ) =0.4

P(e,=a|F, e ;) =0.8

P(e,=takk|F, e, ,) =0.4

P(e =talk|F) = 0.03
P(e,=it|F) = 0.01

P(e,=was|F, e,) = 0.09

P(e,= talking|F, e, ;) = 0.3

P(e,=presenting|F, e, ) =0.03

P(e,=my|F, e, ;) = 0.15

P(e =lecture|F, e, ,) = 0.15

P(e =presentation|F, e, ) =0.3  P(e_=discourse|F, e, ,) = 0.1

P(e,=</s>|F, e ,.)=0.8

P(e,;=now|F, e ) =0.1

le= |
€= am
€,= giving
4~ a
€= talk
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In Other Words, Translation Can
be Formulated As:

A Probabilistic Model o
P(EIF)=]]_ P(e|F,ei")

A Translation Algorithm
=0
while e is not equal to “</s>":
|« 1+]
e, — argmax, P(e|F, e, )

Big question: How to
estimate this probability?
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Encoder-Decoder Model [Sutskever+ 14]

- Estimate P(e|F,e, ') with long short-term memory
(LSTM) recurrent neural nets

* Encoder generates vector representation of source

* Decoder predicts probabilities and takes argmax

okonal _
kouen wo masu </s> (Qlve a talk

RS

give a talk </

v
P(e,|F) P(e,|F,e,) P(e,|F,e})
argmax vy v v
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Attentional Nets
[Bahdanau+ 15]

* While translating, decide which word to “focus™ on

okonal
kouen WO masuy </s>

W LARTYy 24 L TwkET 93 5,

cud  [HHIEEEE HENEEEEEEE
you IEEEE EEEEEEEEE
recommend [ EEEEE HEEEEEEEE
an AN
inexpensive [ S H NN EEEE
restaurant ([l HENEEEEEEN
? N AN ENEEEEEEE
<s> B ]
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Exciting Results!

e [WSLT 2015:
Best results on de-en

« WMT 2016:
Best results on most language pairs

* WAT 2016:
Best results on most language pairs

 Commercial deployment in 2016
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What Do/Don't We Know in 20177

10
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Modeling

* Modeling: How do we define P(E|F;0)?
* Attentional nets—new standard? [Bahdanau+15, Luong+15]

11
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Character-based, Subword-based

Models

e Character-based word representations [Ling+2015]

SOW e 5 t | a |

Forward LSTM

el 7 [ oW

* Subword segmentations models [Sennrich+2016]

system

sentence

source
reference
WDict
C2-50k
BPE-60k
BPE-J90k

* Purely character-based translation [Chung+2016]

health research institutes
Gesundheitsforschungsinstitute
Forschungsinstitute
Folrslchlun/gslinlistlitlutiiolneln
Gesundheits!forschlungsinstitulten
Gesundheits/forschiungsinl/stitute

12
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Better Alignment/Representation

* Models of coverage, reordering, etc. [Cohn+106]

watshi wa kouen wo okonau
OK OK TODO TODO TODO

* Better representation

e Convolutional neural networks [Kalchbrenner+13]
* Tree-based networks [Eriguchi+16]
* Multiple time-scale networks [Chung+16,Duong+16]

13
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Incorporating External
Knowledge

* External translation lexicons [Arthur+16]

okonau ~.do 0.7 _y Ny
okonau - give 0.3 = =

VAN

* Phrase tables [Tang+106]

rainstorm nowcasting system
planned for pearl river delta .

:

decoder * Phrase Memory
. nCOder /

X

afE RIE B = BW WE R &4 . 14
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Learning

* Learning: How do we learn ©7

 NMT standard — maximum likelihood over
a bilingual corpus

15
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Optimizing Evaluation Metrics

* Directly optimize BLEU, METEOR, etc.

eval gradient
giving a talk 0.4 small negative
NMT étalk ado 0.1 large negative

| am givingatalk 1.0 large positive

e Methods

* Reinforcement learning [Ranzato+135]
* Minimum risk training [Shen+16]
 Beam search optimization [Wiseman+106]

16
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Multilingual Learning

How do we utilize information from all of the languages
In the world to create better systems?

pyeEET
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Separate Encoder/Decoders
[Dong+15, Firat+16]

* One encoder or decoder for each language

En-Es Decoder

Shared Encoder En-NL Decoder

En-Fr Decoder

En-Es En-NL En-Fr En-Es En-NL En-Fr

Mini batches of training data
18



Carnegie Mellon University Recent Developments in Multilingual Modeling

Shared Encoder/Decoder
[Johnson+16,Ha+16]

 Share the encoders and decoders for each, add a
symbol for the target language

Hello, how are you? -> ¢ Hola como estas?

<es> Hello, how are you? -> ¢ Hola como estas?

19
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Shared Semantic Space?
[Johnson+ 16]
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Transfer Learning
[Zoph+16]

Target Target
pred pred

} f

Target output Target output
embedding embedding

........ Target
RNN RNN
Source Source Target input Target input
embedding embedding embedding embedding
Source Source Target Target

word word word word 22
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Transfer Learning

[Zoph+16]

Source Source | Target Attention Target Input | Target Output Dev Dev
Embeddings | RNN | RNN Embeddings | Embeddings BLEU 1T | PPL |
& & & & & & 0.0 | 1126
ol & & & & a 7.7 24.7
ol’ ol & & & & 11.8 17.0
ul’ ul’ o’ & & & 14.2 14.5
ol ol ol ol a a 15.0 13.9
ol i’ ol ol i’ & 14.7 13.8
ul’ i’ o’ ul’ ul’ ol 13.7 14.4

23
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Cross-lingual Bridging
[Tsvetkov+16]

7ONTD
falafel’

pippali

sanskri

JLals
pilpil

pilipili

Swahil

Persian

* translating out-of-vocabulary words using cross-lingual
bridges

* modeling cross-lingual phonology, morphology, syntax,
semantics

24

* transfer learning for resource-poor languages
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Multi-lingual Embedding

25
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Word Embedding
* e.g. skip-gram, CBOW model [Mikolov+13]

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
w(t-2) 4 WE2)
w(t-1) \ ) W)
R — Iyl
., ‘ " s
> w(t) w(t) —
,,(:' N\
) P "\ -

w(t+1) ’ \« w(t+1)
wit+2) | 4 w(t2)

CBOW Skip-gram ,
6
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Cross-lingual Consistency in
Word Embeddings [Mikolov+13]

B15- s2r ocuatro (four)
O four
ouno (one)
o five cone ’ ocinco (five)
Cfres (three)
O three
. . . . . ml _ Odos (two)
0 o7 0.2 v} o 0.4 LB
O hor
- horse o caballo (horse)
0. O vaca (cow)
© cow perro (dog)
O pig © dog
C cerdo (pig)
051 o cat o4 O gato (cat)
1 1 1 i i 27
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Bilingual Embeddings: Maximizing
Correlation [Faruqui+14]

* Take existing embeddings, try to project them onto a
space that matches bilingual dictionary

d, d,
n QO
n, ) n, Q

d 28
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Translation-invariant Matrix
Decomposition [Huang+15]

* Perform matrix decomposition to minimize word-
context and cross-lingual objectives

e X: asingle multilingual cooccurrence matrix normalized, so that (e.g.) each Spanish word
(with all the M7 + My words as the rows, and has a probability distribution over English
N1 + N contexts as columns). Entries in words.
this matrix specify the cooccurrence between e Ds: a context dictionary matrix (with all the
a word in any language and a context in any N7+ N5 English and Spanish contexts as both
language. rows and columns). This is similar to Dy in

e D;: a word dictionary matrix (with all the its construction.

M; + M, English and Spanish words as
both rows and columns). Entries in this ma-
trix specify which words are translations of
which other words, and is generally block-

min | X — UVT[|7 + [DX - UVTE + (1)

|XDf — UVT|% + [ DXDE — UV 3. .
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Massively Multi-lingual
Embedding

* Not just 2, but Lémm&éarg-le-s’l 6]

* MultiCluster: cluster together words in different
languages, learn over clusters

 MultiCCA: use English as an anchor language,
project all language vectors to English

30
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Benefit of Learning Embeddings
Multilingually [Faruqui+14]

pretty
400 awful _ cute
foul charming
ugly gorgeous  marvelous
magnificent
200 - _
o0 elegant splendid hideous beastly
grotesque horrid
0_
elegant’ charming' cute'
rotesque’
—-200¢ gorgeous' pretty’ ugly' O beastly*
magnificent’ hideous'
lendid" I'
spiend . horrid'
—400} marvelous' foul'
_500 L 1 | L | L l
—-400 -300 -200 -100 0 100 200 300 400
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Quantitative Results/Applications

Task | multiCluster multCCA multiSkip invariance

extrinsic dependency parsing 61.0 1709 58.7 w031 57.7 1689 59.8 (656
metrics document classification 92.1 251 92.1 (623 90.4 1457 01.1 1313
monolingual word similarity 38.0 57 430 mo 339 1554 31.0 (230
multilingual word similarity 58.1 (741 66.6 ;521 59.5 1675 58.7 16301

intrinsic wur_d translation 43.7 1452 35.7 1321 46.7 1395 63.9 1503
metrics monolingual QVEC 10.3 (986 10.7 19907 8.4 950] 8.1 917
multiQVEC 9.3 520 8.7 18701 8.7 18701 5.3 a7

monolingual QVEC-CCA 62.4 956 63.4 190 58.9 (e 65.8 917
multiQVEC-CCA 43 .3 520 41.5 710 36.3 (754 46.2 747

32
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Learning from Multiple
Languages for NLP

33
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Polyglot Language Models
[Tsvetkov+16]

g(t-1)
o G'(t)

x(t) Ie g(t)
X (O Wg 30— Wou | —S
Xee (O - = :

I We |5 ‘
Xt o I

) Cooo flh)

S c(t) Wi
Xen |0 [CO0000000)

fen

* multilingual bhonetic language models

* multilingual distributed representations of words and .,
phrases
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Investigating Language Vectors
[Ostling+17]

Dutch I
Afrikaans !
German

Frisian
M. English |
<S>

English |
Bokmal

Danish}
. EaliralEaE ot Nynorsk
Swedish

Icelandic |
Faroese . . ' |

et et e e 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
64 1.40 : ; : .

<

<t >
<t o
<t —
< —

Languagemvectar
<
<
<
<
<

4{
_1

1.38-

(
<
o -
o &

—

=

1.36f

1.34¢

ropy (King James Version

35
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Multi-lingual POS Tagging
[Plank+16]

* Multilingual training with byte and character inputs
* Predict frequency bin as auxiliary loss

1fq0  1fq2  1fql

PROPN VE B/' Nouy PROPN VEFB NOUN
1
@ O
> 5 B k

CI] || 90T

AVANAEY

P <w> :||:|
o 3 |

a [ 1] ;a 97 EH:E]
© LI e e o
s LI & |95|I||:E:I

 <hw> ] |69II|%
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Multilingual Named Entity
Recognition [Bharadwaj+16]

* Use how words sound to map between languages

UYGHUR TURKISH
1 orthographic 1 orthographic
representation PanPhon PanPhon representation
< Mloernds > < Sincan >
feature feature
Epitran vector vector Epitran
representation representation
RN //\
li OQOOI F1O000 ; Ii
. . . Y
representation 8 %8 8 1 1 O 6 8 8 representation
. = —~n n - .
/findzan/ OO0O0 B K OO00O0 /findzan/
0000 alQOO0 .
OO00 R nlOOOO
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Multi-lingual Parsing
[Ammar+16]

* Train a single parser for many languages
* Use multi-lingual word embeddings

LAS target language average
de en es fr it pt SV

monolingual 79.3 | 85.9 | 83.7 | 81.7 | 88.7 | 85.7 | 83.5 84.0

MALOPA 704 | 69.3 | 724 | 71.1 | 78.0 | 74.1 | 654 71.5

+lexical 76.7 | 82.0 | 82.7 | 81.2 | 87.6 | 82.1 | 81.2 81.9

+language ID 78.6 | 84.2 | 834 | 82.4 | 89.1 | 84.2 | 82.6 83.5

+fine-grained POS | 78.9 | 854 | 84.3 A 82.4 | 89.0 | 86.2 | 84.5 84.3

38
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Multi-modal Translation Models

39
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Speech Translation

-4t

ASR

-

ZhICBF BRiFECTIMN?
MT

a
Hello, where Is the station?

TTS

A+
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Incorporating Uncertainty
of Speech [Sperber+17]

@ 441 1.4 45 1.88 .88 @

111 2: hay @ 7: bueno 11

2 12 1

41
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Direct Speech-to-text
Translation [Weiss+17]
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Real-time Simultaneous
Translation [Gu+17]
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Translating Prosodic Features
[Do+17]

[What is your phone number?]

[ Itsos0122012 |

Emphasis est. | MT

! ¥ i

No, 080122012 | l it 1s hot . atsui desu

[ ] 0.1 0.2 0.9 .
5 ; 2
> 5 Emphasis trans. | : TS
< :

l /i;/'“‘*,

atsui desu ¥

[ You said 0801202017 |

" Proposed

Conventional
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Image-augmented
Translation [Huang+16]

45
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Multi-modal Pivots
[Hitschler+16}

Image i

Source Caption fi )-»[ MT Decoder ]

u Target Hyp. List N7

Y Y

(Multimodal Retrieval
L Model S(m, N7, i)

Y

Target Hyp. List R#

1

Multimodal

Pivot Documents Y
| Mr:

‘ Reranker
—= F(r, Mr)
- | Target Captions
Y Y
— Interpolated Model
Final Target Caption & ‘_[ ] 46
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References
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