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About Me

[0 Experience:

» 2021-: Associate Professor & Ph.D. Advisor, Shanghai Jiao Tong University, Shanghai, China

» 2016-2020: Postdoctoral/Tenure-Track/Tenured Researcher, National Institute of Information
and Communications Technology, Kyoto, Japan

[1 Research Interest:

» Machine Translation (MT)

» Multilingual Natural Language Processing (NLP)
[0 Recent Research Activity

» Area Chair: ICLR-2021 and NAACL-2021

» Tutorial: EACL-2021 (this talk) and EMNLP-2021
[0 Homepage of this tutorial:

> https://wangruinlp.github.io/unmt
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MT: History

[0 Human Translation
» 3rd~1st BC Bible Translation in West
» 1t AD: Buddhism Translation in China

Ancient Egyptian
(hieroglyphic)

Ancient Egyptian
(Demotic)

Ancient Greek

[0 Machine Translation: Rosetta Stone (196 BC)
® Starting from 1949, treat the source language as an encrypted target language.
1970s- Rule based MT.
1980s- Example based MT.
1990s- Statistical MT.
2010s- Neural MT.
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MT: from ML aspect

[0 MT is a typical text generation task.

l
> x:source sentence; y: target sentence. Lye(0) = —logpg(yl@) = — > " log po(yilz, y<i)
=1
» maximum likelihood estimation (MLE):
00 MT has a standard evaluation metric: BLEU = — 298 Maorrect
. Z ngramg;, _ reference
» n-gram: contiguous sequence of # words.
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Supervision in MT

[0 Rule-based MT:

» Annotated linguistic rules

[0 Example-based MT:

» Translation examples

: If YR =3¢, then
: If V7 =K, then
: If YR =B R,

TS ob)

(13 2

"l«%—
P =“you

then & =“be satisfied with”

s If U5 =%t BhiFl [(RAE]

then 1i/7 [37] + X 4]

s If FECEER T
then be 31N “am/was” | ...
: If B R EIREW

then 30 1R 451

o RO HE
4 4
I you

be satisfied with you

J_J

Ibe satisfied with you

T ; I am satisfied with you

GRUR 10 BHIESEHE

1: VR =“fT A {EFF 152
¥ =“When will it start ?”

2: Y R EER <

PR 2. EHIEIA S

FoxXT R ORE OHE
A
RN P NI
v
FAAASE - o
.............. >y X M RE] Y

PE =" am happy with him”q---+-----...... >1 am happy with him

>¢Lﬁﬁ AR B A

X AR B @
[ am happy with you
>~J.|r PR B Ee

o AR OEE EE

|I am satisfied with youl
i L R

[Examples from Xiao and Zhu, SMT-Book]

be satisfied with
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Supervision in MT

[ Statistical Machine Translation (SMT)
» Parallel corpus: sentence-level alignment.
» Monolingual corpus: n-grams probability.

» To learn the translation rules statistically.

PR 1 XOEPATIE R TP Y P
YNBSS RN =
1: 5 =“flAETE?” Pr(F —1)=0.7
= i ?” 5 — N
:4; “Wher;ige . Pr(# — me) = 0.3 R W%
2: /)’? = PHEX T | Pr(fk — you) = 0.9 I to you happy 0.01
3 =i 7 —05 I satisfied with you 0.10
o e . g . I’m satisfied with you | 0.46 [t
P =“Let ! T l -
:F ets g0 lir((; 4‘“‘ — satisfied) I satisfied you, what 0.23
e You can have it 0.01
You and me 0.02
THUR 2: BB TRk ER=g Rt “ ORI TR
1: What is NiuTrans ? 25 Pr(I) = 0.0001 |%33 %o |
2: Are you fulfilled ? > Pr(I — am) = 0.623 | L& il | THEBIET et
3: Yes, you are right . Pr(I — was) = 0.21
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Supervision in MT

[0 Neural Machine Translation (NMT):
» Parallel corpus as sequence-to-sequence input.

» Rules are not necessary any more.

target: | am satisfied with you

output (rep11:esentation)
Decoder
O OO O] layer

represe-

station [ N -1 . .7 -2 ] //\

CgO000| 0000
T T

input (word) mput (word)

source: & X IR JKEF| sample network of the encoder
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What Is Supervision in MT

[1 Supervision in machine learning?
[0 Supervision in linguistic?
[0 What do you think?
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What Is Supervision in MT

[0 Supervision in linguistic:

>

Shared words or subwords: restaurant in French and English. —#%in Chinese and Japanese

» The same or similar syntactic structure

» The same or similar pronunciation

>

0 daisuki desu

VB1
he ha 0 Vwres desu kare ha &
TAT'O listtning 5o NN W e o

translate
music to ongaku wo

[0 Supervision in machine learning: parallel input {X, Y} or monolingual input {X} and {Y}

>

>
>
>
>

Bilingual lexicon
Phrase table
Parallel sentences

Comparable document
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Does Supervised Always Necessary?
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Does Supervised Always Necessary?

[0 My understanding
» Supervision in linguistic is always necessary.
» Supervision in machine learning 1s not always necessary.

[0 Definition of Unsupervised MT in machine learning
» No parallel training corpus 1s given.

» Dev corpus 1s only used to select model.
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Unsupervised MT
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Monolingual Word Embedding

[1 As the development of neural network technology in NLP, words can be represented

in continuous space.

[0 However, too sparse...

L& V= 1,0,0,0,0,0,0;..:
You. £ Voo =  [0,1,0,0.0,0,0,....
is< V= [0,0,1,0,0,0,0,...
are & Vye = [0,0,0,1,0,0,0,...

very < Veay = [0,0,0,0,1,0,0,...
wise & Voise =  [0,0,0,0,0,1,0,::
smart < Vemart = [0,0,0,0,0,0,1,...

One-hot Representation

INPUT->PROJECTON X E

word one-hot W, vector

you | ] X =
[0,0,..,0,0,1,0,0, ..., 0,0]

Projection
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Monolingual Word Embedding

[0 Training Objective

[0 For Example:

INPUT PROJECTION OUTPUT

w(t-2)

w(t-1)

w(t+1)

w(t+2)

SUM

—

N\

CcCBOW

w(t)

INPUT PROJECTION OUTPUT

w(t)

w2
X

Skip-gram

w(t-2)

w(t-1)

w(t+1)

w(t+2)
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Monolingual Word Embedding

[J Then, there is some interesting findings.

Country and Capital Vectors Projected by PCA
2 T T 1 T

" Chinas
*Beijing
1.5 | Russia 7
Japanx
1 Moscow i
Turkey< Ankara ~Tokyo
0.5 =
Poland«
0 Germxany< 4
France ‘Warsaw
% >Berlin
-0.5 | |ta|y< Paris .
Athens
Greecex X
-1 | Spainx Rome |
N X Madrid i
-1.5 - Portugal \Lisbon
2 1 1 1 1 1 1 1
-2 1.5 1 0.5 0 0.5 1 15 2

[Mikolov et al., NeurIPS-2013]
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Bilingual Word Embedding (BWE)

[0 To project one language space onto anther, researchers have to learn a translation map
(matrix).

[0 The most typical supervision is an annotated lexicon (1.e., 5000 words).

Ocuatro (four
°[ ofour (four)

Ouno (one)
Ofive oone ’ ocinco (five)
Otres (three)
Othree
Odos (two)
o horse O caballo (horse)
03 Ovaca (cow)
© cow 02} perro (dog)
O pig O dog L
O cerdo (pig)
5t O cat -04r O gato (cat)
. ‘ N O

[Mikolov et al., ArXiv-2013]
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familiales_f

concilier_f

salary_e .
excellent_f

productif_f rigides_f

decent_e

visas_f
rewarding_e
apprentissage_f
duration_e
discouraged_e
graduates_e

permits_e

profi

travail_f

travailler_f
work ¢

[1 Polysemy is not easy to project.

ssionnelle_f
vacation_e week_e
heures_f longues_f

. hours_e
partiel_f ours_e
— vacances f

workplace_e

travaille_f

carmen_e carmen ff ler f
- —formuler

talented_e collaborer_f -

consacrent_f
reinhart_e experiments_e
dirty_e lecteurs_f reinhart_f

marcher_f

guiding_e readers_e

unemployed_e

travaillent_f
employed_e -

travel_e dur_f

foyer_f

concert_f

Bilingual Word Embedding (BWE)

dirty]

getting_e

willing]

reinhart_f

reinhart_e ca
carr
livre_f
book_e
pay.

informations_f

graduates_e

o

formuler_f

workplace_e

men_f
en_e
talented_e
professionnelle_f
| e concert_f

employees_e

lire_f payer_f [work e excellent f
reading_e readers_e travhiller f rewarding_e discouraged e
presse_e lecteurs_f consulter_f travail_f fonctionner_f

newspaper_e papier_f
journaux_e content_e print_e
spend|

temps_f

moins_{

collaborer f experiments_e

vacation_e
1€ travaux_f

consacrent_f

productif_f

[Wang et al., IJCAI-2016]



Unsupervised BWE

[0 Generative adversarial network (GAN) makes unsupervised BWE possible.

[0 The hypotheses is that different languages have similar word distribution.

4 c.aballo (horse)

cerdo (pig)
|

gato (cat)
[

Spanish

0/1 01 0/1
4 4
ho;se ’1 1;
) i..l: ..oj i..l ! ..oj
pig Ny NG
G GT G G"
a2 I S 2
t ! r ! 1 .: Ly |
- o’ . ]
>
English D,
v

[Zhang et al., ACL-2017] Page 21



BWE Performance

[0 No significant difference between supervised and unsupervised BWE

en-de en-fr en-es en-it en-pt de-fr de-es de-it de-pt fr-es fr-it fr-pt es-it es-pt it-pt
Supervised methods with cross-lingual supervision
Sup-BWE-Direct 73.5 81.1 814 773 799 733 67.7 695 59.1 826 832 78.1 835 873 81.0
Unsupervised methods without cross-lingual supervision
BWE-Pivot 74.0 823 81.7 77.0 80.7 719 66.1 68.0 574 81.1 79.7 747 81.9 85.0 789
BWE-Direct 74.0 823 81.7 77.0 80.7 730 657 665 585 831 830 779 833 87.3 80.5
MAT+MP SR 748 824 825 788 815 76.7 69.6 72.0 63.2 839 835 793 845 87.8 823
de-en fr-en es-en it-en pt-en fr-de es-de it-de pt-de es-fr it-fr pt-fr it-es pt-es pt-it
Supervised methods with cross-lingual supervision
Sup-BWE-Direct 72.4 824 829 769 803 695 683 675 637 858 87.1 843 873 915 8l1.1
Unsupervised methods without cross-lingual supervision
BWE-Pivot 722 82.1 833 77.7 80.1 68.1 679 66.1 63.1 847 865 82.6 858 91.3 792
BWE-Direct 722 82.1 833 77.7 80.1 69.7 688 625 605 86 87.6 839 87.7 92.1 80.6
MAT+MPSR 729 81.8 837 774 799 712 69.0 69.5 657 869 88.1 863 88.2 92.7 82.6

[Chen et al. EMNLP-2018]
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What’s Next?

[ Now we have word translation. How to conduct sentence translation?

[0 Initialization
» Unsupervised bilingual word embedding
» Cross-lingual language model

[0 Sharing latent representations

L1 decoder

attention

|

|

Ir

Shared encoder (L1/L2) :
// I

|

|

|

attention

-
/”
—_—————
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Unsupervised NMT

[1 Denoising: optimizes probability of reconstruction from a noised version C(X) in the
encoder to the original sentence (X) in the decoder.

C(X)
X j »|Llencoder »L1decoder —><— X
C(Y)
Y — »|L2encoder »|L2decoder —> — VY

X

ED — Z —lOgPL1—>L1 (X7,1|C(X21))

1=1

| X 2|

+ Z —logPrL,—L, (X12|C(X22))a

=1



Unsupervised NMT

[0 Back-translation

» Optimizes the probability of encoding (pseudo parallel) translated sentence M(X) from L2 and
recovering the original sentence X with the L1 decoder.

X
L 1yas2 1 Y.(X o
£B — Z _lOgPL2—>L1 (-X1 |]\l (XZ )) X _bl’reviMous ﬁ_’ L2encoder |—— | L1decoder <L \ X
1=1 model bt/
| X2 o X,(Y) N
+ Z —lOgPL1_>L2 (X?U\[l (XZQ)), Y —>,,::L:l:s Llencoder|—__ ,|L2decoder _>/\th> - Y
i=1

[0 Final Training Objective:

® Jointly optimize the back-translation and denoising

Lo =Lp+ LB.
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Entire Structure (Sorry in Chinese)

L14FX
128 FY
BiETETRE
B AL
NTTE fom — ) L163~‘3'-§ L1gFX |
: ook L1%a 3 LS TS
i — | ERARk
| AFEH T ,
' L28)FY L2&FY L2aFY |
| g L2% % L2# 8 E Cixo— |
L LIaFX (e \L28FY O \LaFx L1&FX |
| _#2 | Lans {umas |—Card i
| AFY( Lo L19FX ALER —EEER L28F¥ L28FY Eaéﬁ*
1 L2#% b o a H
! e L&aE [ LRSS |
' BA i
5 ERBMERLD
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Performance of UNMT

[0 Much worse than supervised NMT

0 Why?

FR-EN EN-FR DE-EN EN-DE

1. Baseline (emb. nearest neighbor) 9.98 6.25 7.07 4.39

Unsupervised 2. Proposed (denoising) 7.28 5.33 3.64 2.40

P 3. Proposed (+ backtranslation) 15.56 15.13 10.21 6.55

4. Proposed (+ BPE) 15.56 14.36 10.16 6.89

Semi- 5. Proposed (full) + 10k parallel 18.57 17.34 11.47 7.86

supervised 6. Proposed (full) + 100k parallel 21.81 21.74 15.24 10.95

7. Comparable NMT (10k parallel) 1.88 1.66 1.33 0.82

Supervised 8. Comparable NMT (100k parallel)  10.40 9.19 8.11 5.29

P 9. Comparable NMT (full parallel) 20.48 19.89 15.04 11.05

10. GNMT (Wu et al., 2016) - 38.95 - 24.61

[Artetxe et al. ICLR-2018]
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Key: Cross-Lingual Representation

[0 How to improve UNMT?
» The back-translation and denoising 1s difficult to improve.

» The key point 1s to improve the quality of cross-lingual representation.

[0 Method

» Improve the pre-training of cross-lingual representation.

» Improve cross-lingual representation during UNMT training.
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Better Pre-training

[0 Large-scale masked cross-lingual language model.

Masked Language
Modeling (MLM)

A A A A
| Transformer |
A A A A
Z?T:(Sen ddings | [/s] l ‘[MASK]| | a | | seatl ’[MASK]| |have| | a l ’[MASK]| | [/s] l |[MASK]| lrelax| | and l
N + + + + + + + + + + + +
emoedangs L0 | [t [2] [s| [ef [s] [e]f [z] [e] [of[w][n]
+ + + + + + + + + + + +
ombedangs Lo | [en | [en | [len | [len | [en | [ren | [len | [en | [en | [len | [en |
Midiling (TLWY o
4 A A
| Transformer |
embedangs || [ e | jouesi [wasia| [owe | | sl | [ vsl | fas] fioeane| [otaiond fmasia] | sl |
N + + + + + + + + + + + +
emvedangs |0 [t ] [2| [s] [af [s] [of [+] [2][s][e]L[s]
+ + + + + + + + + + + +
omoeaangs  Lon | [en | [en | [en | [ren | [en | [w [ [« | [« | [ ] [« ] [r]

] en-fr fr-en | en-de de-en ‘ en-ro ro-en

Previous state-of-the-art - Lample et al. (2018b)

194
23.0
23.9

26.6
18.3
24.6
27.3
28.0
27.8
29.8
30.5
30.4

NMT 25.1 242 | 172 21.0 | 21.2
PBSMT 28.1 272 | 17.8 22.7 | 21.3
PBSMT + NMT | 276 27.7 | 20.2 252 | 25.1
Our results for different encoder and decoder initializations
EMB EMB | 294 294 | 21.3 273 | 275
- - 13.0 158 | 6.7 153 | 189
- CLM | 253 264 | 19.2 26.0 | 25.7
- MLM | 29.2 29.1 | 21.6 28.6 | 28.2
CLM - 28.7 28.2 | 244 30.3 | 29.2
CLM CLM | 304 30.0 | 22.7 30.5 | 29.0
CLM MLM | 323 316 | 243 325 | 316
MLM - 316 321 | 27.0 33.2 | 31.8
MLM CLM |33.4 323 | 249 329 | 31.7
MILM MLM |33.4 33.3 | 264 34.3 | 33.3

31.8

[Lample et al. NeurIPS-2019]
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Better Training

[0 The UNMT performance is related to the quality of UBWE.
[0 However, the quality of UBWE significantly decrease during UNMT training.

80 Ceeme-a-mo-a [
®

20 8 60 20
3! & . , 15 3

4 10 5 i . 10

‘ —&— Fr-En - - - En-Fr 0 20 40 60 80 100 120 140
0 —s— Ja-En ~ -4~ - En-Ja Epoch
0 5 2 0 3 O 4 5 6 0 70 —#— Fr-En UBWE accuracy —#—— Ja-En UBWE accuracy

- - Fr-En BLEU - ke - Ja-En BLEU

UBWE Precision@1

[Sun and Wang* et al. ACL-2019]
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Joint UBWE and UNMT Training

O

C(x)

—4

Our contribution
» We propose a joint UBWE and UNMT training method.

Llencoder

——{L1decoder

auto

— X

— X

c(y) —
Y L2encoder ———|L2decoder — L puto)
Yo (X _
X —>,,M“, ——P()—> L2encoder —— |L1decoder | —— L,
il (v x4) -
(v2 ;)
(Y ict)» X |pict]) N
EMB layer | — &4grcement +—— | EMB layer
Xp(Y)
Y —>"Mu’ Llencoder|—____ ,|L2decoder| —— th
model —
(%1,y1)
(%,,¥5)

zq—Y

(X pict)#Y | pict])

EMB layer | — «~———  EMB layer

31

(a)

C(x)
X ——. Llencoder | ——{L1decoder _"‘Cauto“_ X
Cc(Y) ,
Y ———— > [L2encoder ——|L2decoder | —» Lowio) T Y
Y (X _
X _>"M“ ——P()—> L2encoder ——|L1decoder | ——» L — X
model - _ - bt
=" en W,enc, dec,
EMB layer ‘ G, |)z EMB layer
X
Yy — M’ Llencoder|— ,|L2decoder |— | L;t —Y
model = - ——
=" enc, W, enc, dec,
EMB layer ‘_’ Gl ’ D, EMB layer

l

LUNM T = LDenoisz'ng + LBack— Translation

(b)



Joint UBWE and UNMT Training

O

Our contribution

» We propose a joint UBWE and UNMT training method.

C(x)

—4

Liencoder | ——|L1decoder

v - c(Y)

M Yo(X)

X — previous
model

L2encoder | ——|L2decoder

L2encoder —— > |L1decoder

(v x4)
(v2 ;)

auto X

‘ Lau;o /

— X

— L)

EMB layer

(ylblct » X 1pict])

EMB layer

zq—Y

_— agreement +——
Xp(Y)
Y —>P:§;’ Llencoder|—____ ,|L2decoder| —— th
(x3,¥4)
(%,,v,)

(X pict)#Y | pict])

EMB layer | — «~———  EMB layer

32

(a)

C(x)

—3

Llencoder

-

L2encoder | ———

Lidecoder

L2decoder

‘ ‘quto / X

—_— | —
Lauto Y

X — M ﬂ» L2encoder ——|L1decoder | —/ p —
P : Loe X
=" en W,enc, dec,

EMB layer ‘ |)z EMB layer
X

Yy — M’ Llencoder|— ,|L2decoder |— | L;t —Y
model - ——
=" enc, W, enc, dec,

EMB layer ‘_’ Gl ’ D, EMB layer

l

(b)

LUNM T = LDenoisz'ng + LBack— Translation + LAgreement



Performance: Unsupervised Translation

80 26 60
@ @ 15
=) =
= S
2 - 24 Bz
g 60 % g 40 @
@ - 22 m - 10
) o)
40 20
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
Epoch Epoch
~—m— Base-Fr-En UBWE accuracy —e— AR-Fr-En UBWE accuracy ~—a—— Base-Ja-En UBWE accuracy —e— AR-Ja-En UBWE accuracy
~—4—  AT-Fr-En UBWE accuracy - -# - Base-Fr-En BLEU ~—4+— AT-Ja-En UBWE accuracy - -4- - Base-Ja-En BLEU
- - AR-Fr-En BLEU - AT-Fr-En BLEU ---- AR-Ja-En BLEU - AT-Ja-En BLEU
(a) Fr-En (b) Ja-En

33



Performance: Unsupervised Translation

80 26 60
:% 24 o :é o=
£ 60 E 2 40 E
E 22 g - 10
) =)
40 20
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
Epoch Epoch
(a) Fr-En (b) Ja-En
Method Fr-En En-Fr De-En En-De Ja-En En-Ja
Artetxe et al. [16] 15.56 15.13 n/a n/a n/a n/a
Lample et al. [17] 14.31 15.05 13.33 9.64 n/a n/a
Yang et al. [36] 15.58 16.97 14.62 10.86 n/a n/a
Lample et al. [19] 24.20 25.10 21.00 17.20 n/a n/a
UNMT-BWE Baseline 24.50 25.37 21.23 17.06 14.09 21.63
+ UBWE agreement regularization  25.21++  27.86++  22.38++ 18.04++ 16.36++ 23.01++
+ UBWE adversarial training 25.87++  28.38++  22.67++ 18.29++ 17.22++  23.64++

34 (Sun and Wang* et al. ACL-2019)



Performance: Unsupervised Translation

80 26 60
: ETR 2
E 60 E} é) 40 E
E - 22 g - 10
D S
40 20
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
Epoch Epoch
(a) Fr-En (b) Ja-En Distant language pair
Method Fr-En En-Fr De-En En-De Ja-En En-Ja
Artetxe et al. [16] 15.56 15.13 n/a n/a n/a n/a
Lample et al. [17] 14.31 15.05 13.33 9.64 n/a n/a
Yang et al. [36] 15.58 16.97 14.62 10.86 n/a n/a
Lample et al. [19] 24.20 25.10 21.00 17.20 n/a n/a
UNMT-BWE Baseline 24.50 25.37 21.23 17.06 14.09 21.63
+ UBWE agreement regularization  25.21++  27.86++  22.38++  18.04++| 1636++ 23.01++
+ UBWE adversarial training 25.87++  28.38++  22.67++ 18.29++| 17.22++  23.64++

35 (Sun and Wang* et al. ACL-2019)



What 1s the performance now?

[0 Our system is the best in WMT-2019 and WMT-2020, the most important MT shared

task in the world.

[0 Our system is comparable to the online commercial systems (in gray) which uses the

parallel data.

German—Czech
Ave. Ave.z  System
63.9 0.426 online-Y
62.7 0.386 online-B
61.4 0.367 NICT
59.8 0.319 online-G
55.7 0.179 NEU-KingSoft
54.4 0.134  online-A
47.8 —0.099 Imu-unsup-nmt
46.6 —0.165 CUNI-Unsupervised-NER-post
41.7 —0.328 Unsupervised-6929
39.1 —0.405 Unsupervised-6935
284 —0.807 CAIRE

[Benjamin and Wang* et al. WMT-2019]
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What 1s WMT?

ACL 2019
FOURTH CONFERENCE ON
MACHINE TRANSLATION (WMT19)

August 1-2, 2019
Florence, Italy

Shared Task: Machine Translation of News

[HOME] [SCHEDULE] [PAPERS] [RESULTS]
TRANSLATION TASKS: [NEWS] [BIOMEDICAL ] [ROBUSTNESS] [SIMILAR]
EVALUATION TASKS: [METRICS] [QUALITY ESTIMATION]
OTHER TASKS: [AUTOMATIC POST-EDITING] [PARALLEL CORPUS FIL TERING]

System Submitter Constraint Run Notes BLEU BLEU-cased

=
i
)

BEER 2.0 CharactTER

NICT (Detals) yes 20.5 20.1 0.726 0.519 0.624

reranking + fived quotes
) repeated submission 20.5 20.1 0.726 0.519 0.62¢
NICT (Details) due to web lag e
Pre-training of a cross-
lingua language model
+ Unsupervised SHT
startup + Ensemble of 2

NiuTran:

s i 19.2 18.9 0.731 0.509 0.633
NEUBKingSoft (Details) P Ty Tansformer.big models | yes
translation + dencising
auto-encoding + fix

~ fix quotes, + iterative

Cock i s Ensemble 2model, -

Jes rank, + fine tune 18.0 17.8 0.752 0.486 0.670
more weight-domain
data in source side,

Unsupervised.de-cs (Details)

quotes, + beam10,

insupervised NHT with

Imy-unsup-nmt-de-cs (Derails) ::ﬂff‘j:f:":‘a“md‘“g yes fixed quotes 17.4 17.0 0.754 0.488 0.758
backtranslation + fine-
tuned with unsupervised
sHT data

T e P 16.9 16.5 0.763 [3 0.655
+ fix quotes, + iterative

Unsupervised.de-cs (Defails) Cncspenised ST ves single Model 16.3 16.1 0.771 0.475 0.6s¢
auotes, + beam10,

NICT (Details) single UNMT model ves 15.9 5.8 0.774 0.482 0.673

Unsupervised phrased

is kvapili M 15.3 15.0 0.784 0.489 0.672
CUNL-Unsupervised (Details) trained on synthetic | yes . - - -4 .
Charles University parallel data vith

ordering
(Transformer)

Sentences with named
entities tranlated by
kvapil cun-unsupervised- | o 14.9 4.6 0.785 0.488 0.672

CUNI-Unsupervised-combined (Detais) Charies university NER, sentences without

v CUNI-Unsupervise




Who 1s Nedved?

German

English
D Lz
IS

Finnish
N
N
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What’s More: Better Optimization

[0 Use the word embedding to calculate the similarity of words.

[0 Use this similarity as the training objective distribution.

e A
predictions fly)

J
N

armchair [ <

the |
vocabulary: s S s O © & S
F <& S S .
on L (in semantic order) © <@ S »é\@ fz§® rz§® < \Q\\QJ @SJ\\
sits | < \
boy | <
lttle | <
the | <
N o) N N
I | I I I | | N vocabulary: ... @é\% & P & P @Q\Q’ N %\\@Q :
<s> the litle boy sits on  the armchair inputs | (nsemanticorder S & ® &

[Li and Wang* et al., ICLR-2020, full-score paper]
Page 39



State-of-the-art Performance (Till Recently)

System EN-DE EN-FR EN-RO EN-RO + STD
Vaswani et al. (2017) (base) 27.30 38.10 - -
Vaswani et al. (2017) (big) 28.40 41.00 - -
Transformer (base) 27.35 38.44 33.22 36.68
+ D2GPo 27.93++ 39.23++ 34.00+ 37.11+
Transformer (big) 28.51 41.05 33.45 37.55
+ D2GPo 29.10+ 41.77++ 34.13+ 37.92+
Supervised NMT
Method EN-FR FR-EN EN-DE DE-EN EN-RO RO-EN
Artetxe et al. (2017) 15.13 15.56 6.89 10.16 - -
Lample et al. (2017) 15.05 14.31 9.75 13.33 - -
Yang et al. (2018) 16.97 15.58 10.86 14.62 - -
Lample et al. (2018) 25.14 24.18 17.16 21.00 21.18 19.44
XLM (Lample & Conneau, 2019) | 33.40 33.30 27.00 34.30 33.30 31.80
MASS (Song et al., 2019) 37.50 34.90 28.30 35.20 35.20 33.10
MASS + D2GPo 37.92 34.94 28.42 35.62 36.31 33.41
Unsupervised NMT
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Future Trends

[0 Distant Language Pairs

[0 Multi-Lingual UNMT
[0 Multi-signal (speech, vision, etc.) in UNMT
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Distant Language Pairs (Sorry Chinese Again)

[+
EEE AR IE T A T 9B B 15 X i
hiE-iEd fRIE-3iEq BiE-3RiEd P L-RiEAC
ES- A FoE T 37, 257« 43, 6424 4544 20, 6624
2 F ¥ 35 B § b < 23. 30%] 25. 40%¢] 0. 18%¢ 4. 91%<<
3E I B b S $1IF MR 27. 6¢ 25. 1< 14. 14 8. 02¢¢
(BLEU) <

% 2: RREE 4 F R HIE G

EEE 1 A3E 5 2 i FB 3 1% 5 X 3

FiE-FRIEY  fBiE-IE HiE-3%iEq P L-&iE4

15 AR AL < 76. 3% 78. 1% 53. 4% 62. 2%

W5 BB SS B0 F T AR < 40. 24 35. 04 30. 94 26. 44
(BLEU)

E W FALE EF MR 27. 64 25. 14 14. 14 8. 024
(BLEU) <

% 3: FEE 56935 5 ARl B it e
Page 42



Multi-Lingual Unsupervised Translation

[l Challenge
» There are many language families and groups in the world.

» The language within certain language families can help each other.

)

. N g ’ : By o .7 T Tralian
angpuri - :xl,'rl.[.:l < 3 ’ Urdu 1 j § } w
i ¥ .
= .‘\l - aP s p
} ith‘ Bhojpaci P Portuguese g olEtien
) Assamese | Sylheti g
< Y s

N

Venetian

r‘« i H Piemontese
Rajasthani Span]'Sh p B R""“"Sd‘ < Emiliano

* g ) 5
T - o
Gujarati g *

3 I
Russian ¢

i J

i 2 iligay

Garhwali p ilali%y
> i by Polish J \
N Bosnian’

\
Nepali =m0 /
Kangri ) ; . -
‘Mandeali ap 4 chian %0 G
B e y : Bulgarian Yl
A B Sindhi (. hmini ¢ Albanian )
N oS L = : \
iAn
noRTHWESTcR aLeh’ ;
~ A} Mina Gaelic T 2 4 N
Panjabi s Mirapuri S (AT U el Wesy Frisian Scots
et 3 Cocnish X/ G Gernan‘(/
Ossetian (o) 7 == NoRey, O,  Afrikaans
2 Dutch
6’P/m;tl"i %, i1

Talysh VL } . ‘ . Icelandic njan .
) Farocse o 2 N Flemish )

Gilali varagi T4 - .
= Danish "‘.chdlsh

Norwegian

Dimli
Baluchi

) Sl . o 8 . INDO-EUROPEAN

( &
wpo- \ URALIC
EURO PGHN\\‘A ~LANGUAGE FAMILIES ~
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Bilingual & Multi-Lingual Translation




Multi-Lingual UNMT

[0 Contribution

» We proposed multi-lingual UNMT.

45

Denoising

o c(x)
D < paunr]— 2., -

Back-translation

M1(x))

...... e Lus )
R
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All languages
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MZ(X IMUNMT]
/

i@\
%}{BUNMT ey

Languages in the same brunch

Xi




Multi-Lingual UNMT

Ll

Contribution
» We proposed multi-lingual UNMT.

» We use knowledge distillation to enhance UNMT performance.
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xl —
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Back-translatig
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Performance: Multi-Lingual Translation

Corpus ‘ SNMT Senetal. (2019) Xuetal. (20199 SM LBUNMT MUNMT SKD LBKD
En-Cs 19.20 - 6.79 1454  14.54 1440 | 1489 1547 |Our
En-De 20.30 8.09 13.25 18.26 18.26 17.58 18.47 19.28 Method
En-Es 30.40 14.82 20.43 25.14 25.40 25.05 25.61 26.79
En-Et 25.20 - - 14.86 15.02 14.09 15.03 15.62
En-Fi 27.40 - - 9.87 9.99 9.75 10.70 10.57
Low En-Fr 30.60 13.71 20.27 26.02 26.36 25.84 26.45 27.78
Resource En-Hu - - - 11.32 11.40 10.90 11.64 12.03
En-It - - - 24.19 24.30 23.80 24.69 25.52
En-Lt 20.10 - - 0.79 8.29 10.07 11.15 11.11
En-Lv 21.10 - - 1.02 11.55 13.09 1390 14.33
En-Ro 28.90 - - 29.44 29.58 28.82 29.65 31.28
En-Tr 20.00 - - 11.87 11.87 12.41 13.24 13.83
Average ‘ - - - 15.61 17.21 17.15 17.95 18.63
Average Performance Low-resource Performance

19

18 10

17

15

14 0

BLEU BLEU
Baseline mPrevious Method ™ Our Method Baseline mPrevious Method mOur Method

47 (Sun and Wang* et al. ACL-2020)



Modeling Visual Information

[0 No only language information, but also visual, speech information etc., can be modeled in
UNMT.

. . tokenize, filtering . ranking . . .
sentence-image pairs : > topic-image lookup table ————————> associated images for input sentence
word-image transform sampling

corpus (29,000) dog is playing in the snow

(d) (e) (f) i
(a) a black dog and a spotted dog are fighting ,
(b) a dog is running in the snow
(c) a dog is playing with a hose
(
(
(

d) a family playing on a tractor on a beautiful day .
e) two people working on removing snow from a roof .
f) a black dog and a white dog are standing on snow ' *

[Zhang and Wang* et al., ICLR-2020]
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Modeling Visual Information

Output Probabilities

( Add & Norm Je
- I
% [ Feed Forward )
o
(8]
&
( Add & Norm  Je-
1
Multi-head
Attention
x| 1
Positional
Postiensl @—D

Input
Embedding

Source |

?
(Linear & Softmax)
Aggregation 1
( ) ( Add & Norm e
( ~\ T
Gate & Add [ Feed Forward J
(. J/
THL I T'ﬁ
( ) Add & Norm
Attention ( I )‘—
- — Multi-head .
vt ok Attention S
L) L) S
( N\ o
Feed Forward (=]
Add & Norm
ferr (A& Nom e,
__________ E\Aasked Mqlti-heacﬂ
: Image Features : Attention
| (fxed ResNet) |, T ]
N\ A J q y,
p \ EB' @ Positional
topic-image lookup table % Encoding

N B
ol E

dog playing snow

Output
Embedding

!

Target

System Architecture EN-RO EN-DE EN-FR
BLEU #Param BLEU #Param BLEU #Param
Existing NMT systems
. Trans. (base) | N/A N/A 27.3 N/A 38.1 N/A
Vaswani etal. 2017) | ¢ (big) | N/A N/A 28.4 N/A 41.0 N/A
" Leeetal. 2018) | Trans. (base) | 3240 ~ N/A™~ [2457 ~ N/A~ ~ | NJA~ ~~NA
Our NMT systems
Trans. (base) | 32.66 61.54M 27.31 63.44M 38.52 63.83M
This work +VR ' 33.78++ 63.04M | 28.14++ 64.94M | 39.64++ 65.33M
Trans. (big) | 33.85 207.02M | 28.45 210.88M | 41.10 211.66M
+VR 34.46+ 211.02M | 29.14++ 214.89M | 41.83+ 215.66M

Table 1: Results on EN-RO, EN-DE, and EN-FR for the NMT tasks. Trans. is short for transformer.
N/A denotes that those numbers are not reported in the corresponding literature. “++/+ after
the BLEU score indicate that the proposed method was significantly better than the corresponding
baseline Transformer (base or big) at significance level p<0.01/0.05.
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Conclusion

[0 My understanding
» Supervision in linguistic is always necessary.

» Supervision in machine learning 1s not always necessary.

[0 Welcome to join us to work on MT!

> https://wangruinlp.github.10/

» wangrui.nlp@gmail.com
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https://wangruinlp.github.io/

Thank You!



