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the World’s languages

What's In a
translation model?

Analyzing neural seq2seq models
and the representations they learn
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Language, communication and intelligence

complex problems
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language language
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What is language technology?

meaning

towards the
unknown territory

NLG

language language
observable data



What is language technology?
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Bertology: What does my language model learn?

m\eaning
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Machine translation: Naturally combine NLU and NLG

meaning

semantics

morphology

source language target language
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sub-project 3:
semantic reasoning

sub-project 2:
interpretation

What do the
representations
cover and how?

Can we approach
human-like
reasoning?

\ sub-project 1:

modeling/development

What is the
best model and how
can we optimize
learning?

sub-project 4:
multilingual MT

- software
- open data

Dissemination

- publications
- workshops

Can we see an
emerging
interlingua?




Translation Models



Recurrent sequence-to-sequence models with attention
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Transformer-based encoders and decoders
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http://jalammar.github.io/illustrated-transformer/




How can we force MT to really learn the semantics?

meaning
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syntax
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How can we force MT to really learn the semantics?

meaning
semantics
syntax
Multilingual
morphology NMT

any language any language



(1) Language labels and completely shared parameters

Multi-target translation models with
En language labels En

De De

Fr =y 2de Hello world! =l NMT - | Fr

Es \ Es
Fi Fi

The (embedded) label is always available to the
decoder through the attention mechanism and
triggers the German parameters of the decoder




(2) Language-specific components

[ NN Decoders: ]
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Attntion brige

shared meaning representation matrix

[NN Encoders:] m m




Multili
ilingual NMT and language embeddin
gs

Emerging Language Spaces Learned From
Massively Multilingual Corpora

Jorg Tiedemann

University of Helsinki
jorg.tiedemann AT helsinki fi

Abstract. Translations capture jmportant information about languages
that can be used as implicit superv'\sion in learning linguistic properties
and semantic representations. In an informatlon—centric view, translated
texts may be considered as semantic mirrors of the original text and the
signiﬁcant variations that we can observe across various languages can be
used to disambiguate 2 given expression using the linguistic signal that is
grounded in translation. Parallel corpord consisting of massive amounts
of human translations with a large linguistic variation can be applied
to increase abstractions and we propose the use of highly mult'ﬂingual
machine granslation models to find language-'mdependent meaning rep-
resentations. Our initial experiments show that neural machine trans-
lation models can indeed learn in such a setup and we can show that
the learning algorithm picks up information about the relation between
languages in order to optimize transfer leaning with shared parameters.
The model creates 2 continuous language space that represents relation-
ships in terms of geometric distances, which we can visualize to illustrate
how languages cluster according 0 language families and groups- Doe:
this open the door for new ideas of data-driven language typology with

_ 1ale and techniques in empirical cross—linguistic research?
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Emerging language spaces

Rough clusters of language families

Trans-New Guinea
Otomanguean
Quechuan
Indo-European
Austronesian
Nilo-Saharan
Afro-Asiatic
Mayan
Niger-Congo
Creole

embeddings
(t-SNE plot)

Emerging Language Spaces Learned From Massively Multilingual Corpora (https://arxiv.org/abs/1802.00273)



Multilingual NMT as zero-shot paraphrase model

Learning curves during training:

130
120

en-fr validation perplexity =——e— |
en-en paraphrase perplexity ==

English-French

35

30

25

20 f

15

10

en-fr validation perplexity =—e=——
en-en paraphrase perplexity ==

All languages

learn to recognize
paraphrased sentences



Generating paraphrases with multilingual NMT

in-domain (Bible)

Source

+NLD

+SPA

+ALL

But even as he was on the road going down, his servants met
him and reported, saying, Your son lives!

And as he was on the road, his servants went down with him,
and reported, saying, Thy son lives!

But as it was on the road, his servants came to him and told
him, “Your own Son lives!”

And while he was on the way, his servants came to him, saying,
“Your son lives!”




out-of-domain (Tatoeba)

Generating paraphrases with multilingual NMT

Source He slept soundly.

Eng-Fra  Etil se prosterna devant soi.

+BRE And, behold, he rose up quickly.

+DEU And he began to sleep.

+ELL He was sleeping.

+ALL And when he had died, he was
asleep.

Source She has no brothers.

Eng-Fra Elle n’a point de freres.

+BRE Or, elle n’a pas de freres.

+DEU For she has no brothers.

+0OSS No, brothers.

+ALL

You have no brothers.

Source  Have you never eaten a kiwi?
+AFR  Have you not eaten sour grapes?
Source Do you have a cellphone?

+HIN Do you have a scorpion?

Source Do your children speak French?
+SPA Do your children speak Greek?
Source  Could I park my car here?

+ITA Do I get up here with my cavalry?
Source  Birds fly.

+DEU  The flying creatures shall fly away .




Multilingual NMT for text normalisation

Fix your language!

| detect language | | Afrikaans | | Danish | | Dutch | | Catalan | | Estonian | | Finnish | |Faroese | | French |

| Frisian | |Galician | | German | | Hungarian | | Icelandic | | Italian | | Norwegian | | Occitan | | Portuguese |

| Spanish || Swedish |

Valsch geschreibt is nich gut! Falsch geschrieben ist nicht gut! Das Pferd ist gelaufen.
Das Pferd hat gelaufen. Ich bin fertig. Wir kommen. Was hast du denn da zu

Ich haben fertig. suchen? Dann gebe ich dir noch etwas zu trinken. Das
Wir sein kommen. ist nichts flr mich! Mein FuB ist gebrochen! Ich muss
wat morkelst du denn da rum? zum Arzt.

Icke geb dir dann och noch wat zu trinken. =

Dat is nix flir meinereiner!
Mein FuB ist brechen! Ich muss nach die dokter.

https://translate.ling.helsinki.fi/fix_language



Multilingual NMT for contextualized spell checking

Fix your language!

| detect language | | Afrikaans | | Danish | |Dutch | | Catalan | | Estonian | |Finnish | l Faroese | | French |

| Frisian | | Galician | | German | | Hungarian | | Icelandic | | Italian | | Norwegian | | Occitan | | Portuguese |

| Spanish || Swedish |
Huset ar mogligt. ... Huset &r mogligt. Framgéng ar mojlig
Framgéng ar mog"g .......'.'.'I::::) mOIdy/ mUSty The Haus is Success is
musty. possible

https://translate.ling.helsinki.fi/fix_language
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A Systematic Study of Inner—Attention—Based
Sentence Representations in Multilingual
Neural Machine Translation
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University of Helsinki
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The attention bridge model

Benchmark with MT
on unseen language
pairs (zero-shot)

language-specific .

parameters

Rotate languages
in scheduled
training!

Architecture proposed by Cifka and Bojar (2018).

S1 82 33
4 3

decoder

My

I

- > S Benchmark with

semantic probing
(downstream) tasks

4 Ba mﬁu

shared among all

=MT .. > language pairs

T

Our implementation in OpenNMT-py (MTM2018)



Multilingual image caption translation

model with
all languages

not seenin -

training data
(zero shot)

60

55

. 45

20 -

Source - Target

B m2m + monolingual
B bilingual + attBridge
[ zero-shot |
4
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Shared representation layer in other downstream tasks

multilingual

natural models

o umge L
inf
MereN®®  TASK ~ EN-DE  EN-CS EN-FR | M< EN  M-2-M

T SNLI 6145 61.75  60.95 64.52 65.12
SICKE 7282 73.89 74.85 75.46 76.92

TRAINABLE SEMANTIC SIMILARITY TASKS

SICKR 0.685 0.720  0.717 0.727 0.740
0.618 0.652  0.646 0.659 0.677
STS-B 0.578 0.603  0.591 0.629 0.678
0.564 0.616 0.574 0.618 0.630

Note: trained on very small data only (mult30k)



Linguistic properties in multilingual MT

Multi-parallel subset from Europarl corpus (Koehn, 2005)

Spanning 391,306 sentences in EN, CS, FI, DE, EL, IT (100k joint vocabulary)

Source Target

1 tgt {Cs}, {De}, {El}, {Fi}, {1t}

2tgts | {Cs, De}, {De, El}, {El, Fi}, {Fi, It}, {It, Cs}

{Cs, De, El}, {De, El, Fi}, {El, Fi, It}, {Fi, It, Cs},
{It, Cs, De}

{Cs, De, E], Fi}, {De, El, H, It}, {El, H, It, Cs},
{Fi, It, Cs, De}, {It, Cs, De, El}

5tgts | {Cs, De, El, Fi, It}

(En) 3 tgts

4 tgts




SentEval: Linguistic probing tasks (transformer)

~_ ObjectNumber - WordContent
82.59
82.01 35
81.54
81.04 30
80,51
1 2 3 R 5 1 2 3 4 5
, Depth BigramShift
36+
- 61
34 60 ’
33
59
324, 5 : ; - 5 5 . ; :
1 2 3 4 5 i 2 3 4 5
Tense TopConstituents
725
851
70.0
84- 67.5
65.0
831
62.5
1 2 3 4 5 1 2 3 4 5

Number of target languages

80+
791

781

ao!
89/
g8/

871

861

layer 0
layer 1

~ SubjectNumber ~ SemanticOddManOut
50

1 2 3 4 S b 1 2 3 4 5

Length Coordinationinversion

60
59
58
57

56{

layer 2 layer 4

-- layer 3 - layer 5

Depicted: Task accuracy vs. Number of target

languages



SentEval: Linguistic probing tasks (attention bridge)

___ ObjectNumber ___

84

82+

80+

78+

WordContent

501

481

461

444

424

1 2 3 4 5

BigramShift

641

621

601

581

56+

Tense

1 2 3 4 5
___TopConstituents

761

744

724

Number of target languages

84+

82-

80+

88

84+

821

Depicted: Task accuracy vs. Number of target

SubjectNumber
1 2 3 4 5
Length
i 2 3 4 5
10 heads 20 heads

languages

i 494

SemanticOddManOut
501

1 2 3 4 5
Coordinationinversion

651
641
63/

1 2 3 4 5

40 heads -- 80 heads



Intermediate takeaways

Multilingual transformers and shared parameters

e Simple and effective with emerging language spaces
e No significant difference in linguistic abstractions according to probing tasks
e Higher layers provide more abstract linguistic information

Multilingual bridge models

e Modularity and fixed-size “language agnostic” semantic representation
e Improved linguistic encoding with additional languages
e Bigger attention bridge leads to better performance



How do neural translation models encode information?
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Where does the attention-bridge look at?

size of
attention-
bridge

Attention weight of individual heads:

we cannot afford to lose more offciomentumhes existed at the beginning of the N_ine_ ties .

........................................... - (a) k=1
Very focused attention!

we cannot afford to lose more of the momentum that existed at the beginning|SiiNCIMIINEY ties .

we cannot afford to lose more of theliflomentumiNENeRSIed at the beginning of the N_ine_ ties .

we cannot afford to lose more of the momentum that existed at the beginning of the ]
we cannotjEiiBIENE lose more of the momentum that existed at the beginning of the N_ ine_ ties .
we cannot afford to lose more off iGN that existed at the beginning of the N_ ine_ ties .
we cannot afford to loseiflBigIBItHE momentum that existed at the beginning of the N_ ine_ ties .
we cannot afford tofii88 more of the momentum that existed at the beginning of the N_ ine_ ties .
INEIEERASI afford to lose more of the momentum that existed at the beginning of the N_ ine_ ties .
we cannot afford to lose more of the momentum that|EXiSteglal the beginning of the N_ine_ ties .
we cannot afford to lose more of the momentum that existed atiiCIDEGINNNG Of the N_ine_ ties .

(b) k=10

we cannot afford toj§SEllBIE of the momentum that existed at the beginning of the N_ ine_ ties
8 cannot afford to lose more of the momentum that existed at the beginning of the N_ine_ ties
we cannot afford to lose more of the momentum that existed at the beginning of the N_|Jilill ties
we cannot afford toflll more of the momentum that existed at the beginning of the N_ine_ ties
welllllll afford to lose more of the momentum that existed at the beginning of the N_ ine_ ties
we cannot afford to lose more of the momentum that existed at the | ISHIMNE of the N_ine_ ties
we cannot afford to lose more of the momentum that existed at the beginning of the N_ ine_|Jifl§l
we cannot afford to lose moreJBillll§ momentum that existed at the beginning of the N_ine_ ties
we cannot afford to lose more of the momentum that existed’- beginning of the N_ ine_ties
we cannot afford to lose more of the momentum that existed at the beginning of theflill ine_ ties
we cannot afford to lose more of the/iflBIMBHIN that existed at the beginning of the N_ ine_ ties
we cannot afford to lose more of the momentum that|SliSl8E at the beginning of the N_ ine_ ties
we cannot afford to loseiillll of the momentum that existed at the beginning of the N_ ine_ ties
we cannotjilillll to lose more of the momentum that existed at the beginning of the N_ ine_ ties
we cannot afford to lose more of the momentum thatJERIBISE at the beginning of the N_ine_ ties
we cannot afford to lose more offfil§ momentum that existed at the beginning of the N_ ine_ ties
we cannot afford to lose more of the momentum that existed ElfieBeginning ofitie N_ine_ ties
we cannotjiilillll to lose more of the momentum that existed at the beginning of the N_ ine_ ties
we cannot afford to lose more of the momentum|fililll existed at the beginning of the N_ ine_ ties
we cannot afford to lose more offill OMentum that existed at the beginning of the N_ine_ ties
we cannot afford to lose more of the momentum that existed at the beginning{Gflllild N_ ine_ ties
we cannot afford to lose more of the momentum thatjElISEBE at the beginning of the N_ ine_ ties
cannot afford tolll8 more of the momentum that existed at the beginning of the N_ine_ ties
we cannot affordfill lose more of the momentum that existed at the beginning of the N_ ine_ ties]|
we cannotjilililllll lose more of the momentum that existed at the beginning of the N_ ine_ ties
{WelSERAS arford tofl8l more of the momentum that existed at the beginning of the N_ ine_ ties
we cannot afford to lose more of the momentum that existed at the beginning of the N_ me.
we cannot afford to lose more of the momentum fSlBISISN at the beginning of the N_ine_ ties
we cannot afford to lose morefllf the momentum that existed at the beginning of the N_ ine_ ties
10 lose more of the momentum that existed at the beginning of the N_ ine_ ties
wellBBllill afford to lose more of the momentum that existed at the beginning of the N_ ine_ ties
we cannot affordfill lose more of the momentum that existed at the beginning of the N_ ine_ ties
IEEIESHRSI afford 16 lose more of the momentum that existed at the beginning of the N_ ine_ ties
to lose more of the momentum that existed at the beginning of the N_ine_ties
B8 cannot afford to lose more of the momentum that existed at the beginning of the N_ ine_ ties
we cannot afford to lose more of the momentum that existed at the beginning offilililill] ine_ ties!
{8 cannot affordlill lose more of the momentum that existed at the beginning of the N_ine_ ties
Welganinot affordlill lose more of the momentum that existed at the beginning of the N_ ine_ ties|
welllllllll afford to lose more of the momentum that existed at the beginning of the N_ ine_ ties
EIEENAS affordlf6 lose more of the momentum that existed at the beginning of the N_ ine_ ties
IEESRRBIERGIATG lose more of the momentum that existed at the beginning of the N_ ine_ ties
we cannot affordlill lose more of the momentum that existed at the beginning of the N_ ine_ ties
EEIEERAS afford to lose more of the momentum that existed at the beginning of the N_ ine_ ties
eSS afford to lose more of the momentum that existed at the beginning of the N_ ine_ ties
cannotiaffordilll lose more of the momentum that existed at the beginning of the N_ine_ ties
[NEIEES affordll lose more of the momentum that existed at the beginning of the N_ ine_ ties
We cannot aﬂo_ morelGiffSIMomentumInat existed at the beginning of the N_ine_ ties
| more of the momentum that existed at the beginning of the N_ ine_ ties

i cannot afford toliB88 more of theIBMBRI that existed at the beginning of the N_ine_ ties
we cannotiElieng toll6Se more of the momentum that existed at the beginning of the N_ ine_ ties

(d) k=50



Probing individual attention-bridge heads

QO 2 & © 2204245202290k q0 9% a0 2l ol abd ad A0 2 b pO 2 0

attention head

—— bigramshift —— coordinationinversion —— depth —— length —— objnumber

oddmanout subjnumber tense topconstituents wordcontent



Does self-attention encode syntactic information?

en —>cs (en—de | en—et | en—fi | en—>ru | en—tr | en— zh
attention head 0 | 15.06 10.67 8.79 31.63 17.13 10.99 13.00
attention head 1 9.94 32.90 8.68 12.58 12.02 10.74 15.76
attention head 2 | 15.84 10.62 9.60 10.12 12.08 13.69 15.50
Layer 0 attention head 3 | 10.62 15.39 31.38 8.31 11.08 9.78 22.79
attention head 4 | 17.25 18.12 7.76 25.10 1175 13.20 10.28
attention head 5 16.71 14.47 24.24 13.63 12.39 27.55 17.19
attention head 6 | 30.26 26.28 11.76 10.43 1135 9.90 33.26
attention head 7 | 15.17 15.31 9.61 9.51 12.13 31.81 9.69
attention head 0 | 36.02 29.80 17.37 17.49 35.56 16.91 16.75
attention head 1 | 28.02 2723 16.68 28.25 13.04 28.23 17.71
attention head 2 | 20.20 11.14 19.02 33.38 18.49 7.98 13.45
Layer 5 attention head 3 | 11.86 8.30 22.45 14.71 19.17 15.76 19.16
attention head 4 | 31.71 19.62 33.68 31.87 26.42 13.61 27.50
attention head 5 | 13.55 15.20 30.73 17.35 11.98 23.13 26.70
attention head 6 | 26.02 35.32 14.83 24.99 9.77 16.99 29.73
attention head 7 18.63 10.33 15.71 11.01 12.59 25.67 14.79

Unlabeled
attachment
scores
compared with
verified syntactic
treebank trees
(CoNLL2017)



Typical self-attention patterns in transformer-based NMT

Often pretty sharp attention patterns related to positional information!



Replace self-attention with fixed attention patterns

High resource scenario: Encoder heads EN-DE DE-EN xL = x learnable attention heads
8L 26.75  34.10 xF = x fixed attention heads
e German -- English TFioren+1L 26.52  33.50
e 11.5M training sentences TFword+1L 2692  33.17
. 1L 2626 3291 Enc. heads DE-EN KO-EN EN-VI VI-EN
Low resource scenario:
8L 30.86 6.67 29.85 26.15
. TFwora+1L 32.56 8.70 31.15 28.90
e Korean -- English, 90K wor
orea glish, 90 1L 30.22 6.14 28.67 25.03

e Vietnamese -- English, 133K

Priorwork 133.60 11037 ¥27.71 ¥26.15




Imprint of Passivization and Negation on Contextualized Representations

(1) The mafia kidnapped the millionaire. (1) The boy i . .
- . . . y is playing the piano.
(2) The millionaire was kidnapped by the mafia. (2) The boy is not playing the piano.

BERT representations
VERBS SUBJECTS OBJECTS

BERT representations

VERBS SUBJECTS OBJECTS

MT (EN > DE) representations

SUBJECTS OBJECTS

S L
;'.*\r»%gs*%
MT (EN > DE+EL) representations MT (EN > DE+EL) representations
SUBJECTS OBJECTS VERBS SUBJECTS OBJECTS
i h‘,.*:. '...'3-‘1 wp k\ % & . ﬁ:ﬁ"&ﬂ*
. I 5 y
3 (S A :

Data: contrastive pairs from SICK and template based synthetic examples



The “De-biasing” Procedure

Ravfogel at el., 2020, Null It Out: Guarding Protected Attributes by

Iterative Nullspace Projection. ACL.

Iterative Null-Space Projection (INLP):

1.

. Project data on nullspace using PN(W

Train linear classifier with weight matrix W

. Find nullspace of the classifier N(W) and

projection matrix Py, st. W(P, ., X) = 8 VX

) N(W)

)

. Repeat 1-3 until classifier training fails

~

e A
W
V = Nullspace(W) A X-A
. A /Prij(X)
//
~ ke /
. TS = // A
® S
Proj, (X)

@

®

Fig. from Ravfogel at el., 2020,
Null It Out: Guarding Protected Attributes
by lterative Nullspace Projection. ACL.



Before vs. After

Active-Passive

VERB A-SUBJ/P-AG || A-OBJ/P-SUBJ
It-0 | It-2 || It-0 It-2 1t-0 It-2
L-1 0.99 | 0.50 || 1.00 | 0.50 0.99 0.50
BERT L6 | 1.00|0.49 || 1.00 | 0.50 1.00 0.50
L-12 || 0.99 | 0.50 || 0.99 | 0.50 0.95 0.50
MT L-1 0.86 | 0.49 || 0.98 | 0.47 0.91 0.50
(EN > DE) L-3 || 0.87 049 || 1.00 | 0.49 0.96 0.50
L-6 | 090|049 | 1.00| 0.53 0.97 0.50
L-1 0.86 | 0.48 || 0.98 | 0.48 0.92 0.50
%I‘Efg; L-3 || 0.86| 049 || 098 | 0.49 0.96 0.50
L-6 | 091|049 | 099 | 049 0.98 0.51

*classification accurracies )

before and after 2 iterations\

Positive-Negative

VERB SUBJECT OBJECT

It-0 | It-2 || It-0 | It-2 || It-0 | It-2
L-1 {[0.99 | 0.49 || 0.86 | 0.50 || 0.77 | 0.50
BERT L-6 | 1.00 | 0.50 || 0.98 | 0.50 || 0.88 | 0.50
L-12 || 1.00 | 0.50 || 0.92 | 0.50 || 0.90 | 0.50
MT L-1 |[0.94 | 049 || 0.57 | 0.50 || 0.76 | 0.51
(EN > DE) L-3 {094 | 0.51 || 0.66 | 0.50 || 0.77 | 0.50
L-6 {096 | 0.47 | 0.77 | 0.50 || 0.81 | 0.49
L-1 {093 | 0.52 || 0.64 | 0.50 || 0.80 | 0.50
NI[;FET;; L-3 |[0.94 | 049 || 0.69 | 0.50 || 0.83 | 0.50
L-6 | 097|047 | 0.78 | 0.50 || 0.85 | 0.50

Before Null-space Projection

BERT representations
Layer 1 Layer 6 Layer 12

5 ra

MT (EN > DE+EL) representations

BERT representations
Layer 1 Layer 6

Layer 12
%‘_ ) 209 o

MT (EN > DE) representations
Laye_r 1

Layer 3

MT (EN > DE+EL) representations
Layer 1 Layer 6

After Null-space Projection

Layer 3

Before Null-space Projection

BERT representations
Layer 1 Layer 6
e, %

MT (EN > DE+EL) representations

Layer Layer 6

Layer 12

BERT representations
Layer 1 Layer 6

77

Layer 12

MT (EN > DE+EL) representations
Laygr 3 Lay_er 6

After Null-space Projection




Transferring the projection between datasets (TEMPL — SICK)

accuracy (%)

accuracy (%)

100 1

90 |

80 1

701

60 -

50

100 1

90 |

80

701

60

50 1

SICK-PAS: VERB

......................................... e
S A WNRERY! " SIS S Ui |

y .
—fp—t B v\

||.{‘|[-|

1 2 3 45 6 7 8 9 1011 12
Layers

SICK-NEG: VERB

12 3 456 7 8 9 1011 12
Layers

accuracy (%)

accuracy (%)

100 1

90 1

80 1

701

60 1

501

100+

90

80

701

60 1

50

SICK-PAS: A-SUBJ/P-AG

123456 7 8 9 101112
Layers
SICK-NEG: SUBJECTS

1 2 3 4 5 6 7 8 9 1011 12
Layers

1001

90 1

70

accuracy (%)

60 -

50 1

100 1

90 |

accuracy (%)

60

50 1

SICK-PAS: A-OBJ/P-SUBJ

Does not

80 1

transfer for
BERT

Does transfer

12 3 456 7 8 9 101112

Layers
SICK-NEG: OBJECTS

for NMT

80 -

701

123456 7
Layers

SICK Original, BERT

SICK Cleaned, BERT

SICK Original, MT: EN > DE
SICK Cleaned, MT: EN > DE
SICK Original, MT: EN > DE+EL
SICK Cleaned, MT: EN > DE+EL




What is
the diffe
rence between LM and
nd MT en
coders?

meaning

Absu'act

S O l I r Various studies ghow that pre\xa'mad Janguag®
models such a8 BERT cannot traightfor-
wardly replace encoders in neural machin®

translation despite their enormov i

other tasks: “Thisis ever onishi!
 milarities qween 1€ architec”

sine simil arity>
sures for (eprzsemm\ al si
—ealing, that

sidering
{fures: This pape’ on the e
pedding P! create, W 4 averag® ¢
i ¢ and MEA”
similanty for com-

and NMT en- oon
T iemificantly differ- i .
i inMT is P
27 e rvvically b‘\d’\rectjm\a\ enc
+ amences and

- tawe e



Comparing the shape of the embedding spaces

1.0

L& b

LO L1 L2 L3 L4 L5 L6 L7 L8

Measure of anisoptropy of the representation space:
Average cosine similarity between randomly sampled words

L9

L10 L11 L12

Method of (Ethayarajh, 2019)



Comparing the contextualisation of embeddings

0.75

0.5

0.25

—3— SelfSim BERT

——  SelfSim MT
— <+ - SelfSim MT (raw)
IntraSim BERT

— -4 - IntraSim MT

Layer

6 7 8 9 10 11 12

SelfSim: average
cosine similarity of
words in different
contexts

IntraSim: average
cosine similarity of
words to the mean
sentence vector



How to turn BERT into an MT encoder

Encode P.:Xpllﬂt ane-
alignment | tuning
MTbaseline 6-layers X X
huggingface en-de Trf X X
M1:align BERT v X
M2:fine-tune X v
) (12-layers)
M3:align+fine-tune v v
T v T T
BRSSP =N
t-SNE view of the embedding space o Loeett LI T B
multilingual BERT for english-german L S e —_
before(left) and after (right) alignment 2 T § oany| - 4
(Cao et al., 2020). " - H




How to turn BERT into an MT encoder

Eacod f.lxpllmt ane- Train e
MTbaseli 6.1 2 1gn;n ent tun;ng Explicit Alignment | Fine-Tuning
asemne - Ayess Europarl 45K 150K 1.5K
huggingface en-de Trf X X
. MuST-C 45K 150K 1.5K
M1:align 4 X
y BERT newstest 13K 13K 500
M2:fine-tune (1 lavers) X v
e y— y v / Total 102K 313K 3.5K
2 .0.. . .,‘:.-. . L. ‘?.:.':.. @ &
A T - A
t-SNE view of the embedding space o L oeeet ) e '
multilingual BERT for english-german . L et e .
before(left) and after (right) alignment 'S S v W % s
(Cao et al., 2020). i, FH g ’°




How to turn BERT into an MT encoder

Encoder P;XPlidt Filfe' Train Val
- alignment | soming Explicit Alignment | Fine-Tuning -
hMu,Tnga;;;ti e 6'1%“3 i j: Europarl 45K 150K | 15K
M1:align Y, P MuST-C 45K 150K 1.5K
BERT newstest 13K 13K 500
ViZ:fine-tune (12-layers) . g Total 102K 313K 3.5K
M3:align+fine-tune v v ’
MuST-C | newstest2014

MTbaseline 29.9 14.5

huggingface en-de 33.7 28.3

M1:align 214 18.1

M2:fine-tune 33.8 239

Ma3:align+fine-tune 34.1 25.0




What happens to the embedding spaces?

1.0
o BERT
3 M1

g 0.5 - HEE M2

o M3

<>
<D
—Tr

L5 L6 L7 L8 L9 L10 LI1 L12
— —e— - SelfSim BERT — —e— - IntraSim BERT

15 — 55— SelfSim M1 0.75 —A— IntraSim M1

—&— SelfSim M2 —A— IntraSim M2

0.75 |- —8— SelfSim M3 0.5 | —A—  IntraSim M3

—_—
0.5 - 0.25
Layer
0.25 0 |

O 1 2 3 4 5 6 7 8 9 10 11 12 o 1 2 3 4 5 6 7 8 9 10 11 12



Representation similarity analysis (RSA)

RSA: BERT vs MT RSA: M1 vs MT

0.36 042 0.44 0.39 043 | 051 NOSE

0.48 048 0.45

0.57 058 @ | 058 0.52

055 053 048

0.52 050 045 0.54 046

0.49 0.53 0.44

059057 0.56 0.53 047 038

AR ARV IRV R IR I S
LA A R R R R R R R

RSA: M3 vs MT

039 041 046 O. ¥ ; MT-L6 O 0 0.41 0.47 052
052 048 041 0.23 / MT-L5 $10) ; . . .53 054 0.53

0.53 0.2 MT-L4 4 : ; ) 059 058 056

MT-L1

R R R R SR I
B A R A A A A P s



Projection-Weighted Canonical Correlation Analysis

MT-L6

MT-L5

PWCCA: BERT vs MT

0.71 0.71 0.70 0.70

0.71 0.71 0.70 0.69

0.72 0.70 X 0.68

0.72 0.70 .6 0.68

0.72 0.70

PWCCA: M1 vs MT

0.80 0.83

081 082 O : 0.85 0.86

0.80 0. 5 ) 0.81 0.81

0.79 0. £ ! 0.79 0.79

0.78 E 2 K 0.78 0.78

3 > > V) © A 2 2 o > J
N N \"\;\f é\'\' &,\f “\’,\r “,‘\’,\r »: >

& &

PWCCA: M3 vs MT

0.79 0.81

0.79 0.81

0.78 0.79

0.77



Takeaways ,- i FQT RAN

Found in Translation
http://helsinki.fi/fotran

It's easy
e ... to train a translation model
e ... to include additional languages
e ... to use multilingual models for various tasks
It's difficult
e ... to do something smarter than adding more data and training from scratch
e ... to understand what is going on in the model

e ... 1o design probing tasks and benchmarks that lead to reliable conclusions



Possible conclusions r" FQTRAN

Found in Translation

- L http://helsinki.fi/fotran
Multilinguality is useful

e Knowledge transfer works to some extent
e Zero-shot learning is possible (but weak)
e May lead to more abstraction

Linguistic information

e |s spread all over the place without very clear patterns
e Local dependencies dominate a lot (which is no big surprise)
e Certain phenomena can be extracted from distributed representations

Many things left to do ...



Next steps f i FQT RAN

Found in Translation
http://helsinki.fi/fotran

Scale up and extend

Massively multilingual models (with modular architectures?)

Add multimodality (we already have an audio encoder for the attention bridge)
Hierarchically-shared bridge models (typological hierarchies?)

Properly model uncertainty

Continue the analyses of NMT representations (and benchmarks)

e Difference between LMs and translation models
e Monitor representations during training with different objectives
e Understand what benchmarks really test and reveal



meaning

the World’s languages

https://blogs.helsinki.fi/language-technology/
http://helsinki. f|/fotran

Thank you!

Special thanks to
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