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Outline

* Monolingual Sequence-to-sequence pre-training

— MASS: Masked seg-to-seq pretraining
— BART

* Multilingual fused pre-training
— Cross-lingual Language Model Pre-training [NeuriPs, 2019]
— Alternating Language Modeling Pre-training [aaal, 2020
— XLM-T: Cross-lingual Transformer Encoders

* Multilingual sequence to sequence pre-training
— MBART [TACL, 20201
— MRASP & mMRASP2 [EMNLP, 20207 [ACL, 2021]

— LaSS: Learning language-specific sub-network via pre-training & fine-tuning
[ACL, 2021]




Sequence-to-sequence Pre-training



Sequence-to-sequence learning for MT

J'adore chanter et danser

I like singing and dancing BOS J'adore chanter et danser




MASS: Pre-train for Sequence to Sequence Generation

* MASS is carefully designed to jointly pre-train the
encoder and decoder
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» Mask k consecutive tokens (segment)

— Force the decoder to attend on the source representations, 1.e.,
encoder-decoder attention

— Develop the decoder with the ability of language modeling

MASS: Pre-train for Sequence to Sequence Generation, [Song et al ICML 2019] 5



MASS vs. BERT/GPT
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MASS: Pre-train for Sequence to Sequence Generation, [Song et al ICML 2019]
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MASS: Pre-train for Sequence to Sequence Generation, [Song et al ICML 2019]
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Low-resource NMT
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MASS: Pre-train for Sequence to Sequence Generation, [Song et al ICML 2019]
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Summa

* Advantages

— Unified sequence-to-sequence pretraining which jointly pretrains encoder,
decoder and cross attention

— Achieves improvements on zero-shot / unsupervised NMT
e Limitions
— No evidence on rich resource NMT
— Pre-training objective inconsistent with NMT, e.g. monolingual v.s. multilingual
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MASS: Pre-train for Sequence to Sequence Generation, [Song et al ICML 2019]



BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation,
Translation, and Comprehension

? ? ABCDE ABCDE
TERE: TRRE

B|d|reCt|Ona| Autoregressive Bidirectional AUtoregreSSive

< EnCOder > DeCOder . < Encoder > Decoder >
I Frettd N trrit
A_C_E <s>ABCD A_B_E <s>ABCD

A schema comparison with BERT, GPT and BART.

» Standard sequence-to-sequence Transformer architecture

* Trained by corrupting documents and then optimizing a reconstruction
loss

 Allows to apply any type of document corruption.

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, [Lewis et al ACL 2020] 10



Noising the input

(AC._E.) (DE.ABC.) (C.DE.AB)

Token Masking  Sentence Permutation Document Rotation

s
(A.c.e. )y (aBCc.DE.) I (A_.D_E.)

Token Deletion Text Infilling

» Token masking: Random tokens are sampled and replaced with [MASK]
* Token deletion: Random tokens are deleted from the input.

 Text infilling: A number of span are sampled. Each span is replaced with
[MASK]. O-length span corresponding the insertion of [MASK].

» Sentence permutation: Sentences are shuffled with random order.

* Document Rotation: A token is chosen uniformly at random, and the document
IS rotated so that it begins with that token.

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, [Lewis et al ACL 2020]
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Noising the input

(AC._E.) (DE.ABC.) (C.DE.AB)

Token Masking  Sentence Permutation Document Rotation

s
(A.c.e. )y (aBCc.DE.) I (A_.D_E.)

Token Deletion Text Infilling

» Token masking: Random tokens are sampled and replaced with [MASK]
* Token deletion: Random tokens are deleted from the input.

* Text infilling: A number of span are sampled. Each span is replaced with
[IMASK]. O-length span corresponding the insertion of [MASK].

» Sentence permutation: Sentences are shuffled with random order.

* Document Rotation: A token is chosen uniformly at random, and the document
IS rotated so that it begins with that token.

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, [Lewis et al ACL 2020]

12



Noising the input

(AC._E.) (DE.ABC.) (C.DE.AB)

Token Masking  Sentence Permutation Document Rotation

s
(A.c.e. )y (aBCc.DE.) I (A_.D_E.)

Token Deletion Text Infilling

* Text infilling: A number of span are sampled. Each span is replaced with
IMASK]. O-length span corresponding the insertion of [MASK].

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, [Lewis et al ACL 2020]
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Noising the input

(AC._E.) (DE.ABC.) (C.DE.AB)

Token Masking  Sentence Permutation Document Rotation

s
(A.c.e. )y (aBCc.DE.) I (A_.D_E.)

Token Deletion Text Infilling

» Sentence permutation: Sentences are shuffled with random order.

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, [Lewis et al ACL 2020]
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Noising the input

(AC._E.) (DE.ABC.) (C.DE.AB)

Token Masking  Sentence Permutation Document Rotation

s
(A.c.e. )y (aBCc.DE.) I (A_.D_E.)

Token Deletion Text Infilling

* Document Rotation: A token is chosen uniformly at random, and the document
IS rotated so that it begins with that token.

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, [Lewis et al ACL 2020]



Fine-Tune on Neural Machine Translation
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* Replace BART's encoder embedding layer with a new randomly initialized encoder
* The new encoder uses a separate vocabulary from the original BART mode

 First, freeze BART parameters and only update the randomly initialized source
encoder. Then, jointly tuning with a few steps.

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, [Lewis et al ACL 2020] 16



Results on NMT

B *MASS W Baseline [ BART [ BERT-fused e Results on IWSLT 2016 En-

40 >Ro augmented with back-
translation data

* 6 layer of additional

transformer encoder to
37.5 : :
encoding Romania
2695 representation.
* "MASS reports unsupervised
35 E— results

Ro->En

38.75

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, [Lewis et al ACL 2020] 17



Multilingual Fused
Pretraining




Multi-lingual Pre-training for NMT

» Data scarcity for low/zero resource languages.
» Transfer knowledge between languages.

19



Cross-lingual Language Model Pretraining

Learning cross-lingual representation

1 2

Cross-lingual Language Model Pre-training, [Conneau et al NeurlPS 2019] 20



Multiple masked language model (MLM

Similar to BERT, but in many languages...
Multilingual representations emerge from a single model trained

on many languages

Masked Language

Modeling (MLM) take [/s] drink now
Transformer
Token
embeddings [/s] [MASK] a seat | [[MASK]| | have a [MASK] [/s] MASK]| | relax and
+ + + + + + + + + + + +
Position
embeddings 0 1 2 3 4 5 6 7 8 9 10 11

Multilingual Masked language modeling pretraining

Cross-lingual Language Model Pre-training, [Conneau et al NeurlPS 2019]

21



Translation lanquage model (TLM

MLM is unsupervised, but TLM leverages parallel data...
Encourage the model to learn cross-lingual context when predicting

Translation Language

Modeling (TLM) curtains were les bleus
Transformer
Token ; —
embeddings s} the [MASK]|  |[MASK] blue [/s] [/s] [MASK]| [rideaux| |étaient| |[MASK] [/s]
+ + + + + + + + + + + +
Position
embeddings 0 1 2 3 4 5 0 1 2 3 4 5

Translation language modeling (TLM) pretraining

Cross-lingual Language Model Pre-training, [Conneau et al NeurlPS 2019]



Results on Unsupervised Machine lranslation

Initialization is key in unsupervised MT to bootstrap the iterative BT process

Embedding layer initialization
is essential for neural unsupervised MT (*)

10.75 P@1
27.86 P@1

61.26 P@1

iter. 0 iter. 1 iter.2 iter.3 iter. 4

Cross-lingual Language Model Pre-training, [Conneau et al NeurlPS 2019]

Full Transformer model initialization
significantly improves performance (+7 BLEU)

45.57 P@1 Supervised 2016 SOTA (Edinburgh) I 362

BLEU

23



Results on supervised machine translation

important for translation
— Pre-training both encoder . mode pretrained cim) ‘

and decoder improves

— MLM Is better than CLM Full model pretrained (MLV) _

— Back translation + Pre- o
tralnlng aChleve the beSt B without back-translation  m with back-translation

Cross-lingual Language Model Pre-training, [Conneau et al NeurlPS 2019] 24



Ablation stud

* Adding more languages improves performance on low-
resource languages due to positive knowledge transfer

« Sampling batches more often in some languages improves
performance in these languages but decrease performance in
other languages (capacity allocation problem)
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Cross-lingual Language Model Pre-training, [Conneau et al NeurlPS 2019]



Summa

» Cross-lingual language model pre-training is very
effective for NMT

* Pre-training reduces the gap between unsupervised
and supervised MT

* Encourage knowledge transfer across languages is
promising

Cross-lingual Language Model Pre-training, [Conneau et al NeurlPS 2019]
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Alternating Language Modeling for Cross-Lingual Pre-Training

Translation Language

embeddings

curtains were | ldes | | bleus
A A A
rmer
A A A A A A A A A A
the blue [/s] [/s] [MASK] rideaux| [(étaient| |[M ASK] [/s]
+ + + + + +

Position
embeddings

Translation language modeling (TLM) pretraining

Sentence level mixing

Chinese token
English token

[IJ?[H: T Ay 55 L ﬁij]ICalls for fresh industrial action]

:> [c:ans][ for ][ T ][ iy ][%__][action]

(b) ALM

Token level mixing

 ALM extend TLM in a sentence, which alternately predicts words of

different languages

* ALM can capture the rich cross-lingual context of words and phrases

Alternating Language Modeling for Cross-Lingual Pre-Training [Yang et al AAAI 2020] 27



Overview of ALM pre-training
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Alternating Language Modeling for Cross-Lingual Pre-Training [Yang et al AAAI 2020]



Training details

e Dataset

— Original parallel data to generate 20 times code-switched sentences

— Separately obtain the alternating language sentences of source
language and target language, which are 40 times than original
data

— Totally, 1.5 billion code-switched sentences are used for pre-training

 Model

— Transformer big

— Reload the parameters of ALT for both encoder and decoder. The
cross-lingual attention parameters are randomly Initialized.

Alternating Language Modeling for Cross-Lingual Pre-Training [Yang et al AAAI 2020]
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Results

En — De BLEU(%) De — En BLEU(%)
Transformer (Vaswani et al. 2017) 28.40 Transformer (Vaswani et al. 2017) 34.49
ConvS2S (Gehring et al. 2017) 25.16 LightConv (Wu et al. 2019) 34.80
Weighted Transformer (Ahmed, Keskar, and Socher 2017) 28.90 DynamicConv (Wu et al. 2019) 35.20
Layer-wise Transformer (He et al. 2018) 29.01 Advsoft (Wang, Gong, and Liu 2019) 35.18
RNMT+ (Chen et al. 2018) 28.50 Layer-wise Transtormer (He et al. 2018) 35.07
mBERT (Devlin et al. 2019) 28.64 mBERT (Devlin et al. 2019) 34.82
MASS (Song et al. 2019) 78 .92 MASS (Song et al. 2019) 35.14
XLM (Lample and Conneau 2019) 28.88 XLM (Lample and Conneau 2019) 35.22

- MBERT:. extends the BERT model to different languages
 XLM: the most related work. The results are implemented with released code.

» Mass: set the fragment length k as 50% of the total number of masked tokens in
the sentence.

Alternating Language Modeling for Cross-Lingual Pre-Training [Yang et al AAAI 2020]



| =@= ALM
=% = Transformer *

0 20 30 40 50 60 70 80 90 100
Ratio(%)

 Randomly shuffle the full parallel training set in the task of IWSLT 14
German- to-English translation dataset. Then, extract the random
K% samples as the fine-tuned parallel data

* Not surprise, the improvements of ALM is larger for low resource
NMT

Alternating Language Modeling for Cross-Lingual Pre-Training [Yang et al AAAI 2020]



Visualization of word embedding

Mixing Chinese words and English words can draw the distribution of source
language and target language in a same space
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(b) ALM

(a) Transformer

Alternating Language Modeling for Cross-Lingual Pre-Training [Yang et al AAAI 2020]
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XLM-T: Scaling up Multilingual Machine Translation with Pretrained Cross-lingual
Transformer Encoders

4 )
a )
g - L -v Decoder
Off-the-shelf Pt - 3 g < >
: _- Fine- —
Pretra_lned <= Initialize y ine-tune Multilingual
Cross-lingual ~~. Parallel Data
Encoder T~e r D ~_ S
\ J T~
~~ Encoder
\ Y
Multilingual NMT
Nt Y,

* Initialize MT encoder and decoder with pre-trained cross-lingual
encoders

* Fine-tune the model on multilingual parallel data

XLM-T: Scaling up Multilingual Machine Translation with Pretrained Cross-lingual Transformer Encoders [Ma et al, 2020]



XLM-T: Scaling up Multilingual Machine Translation with Pretrained Cross-lingual
Transformer Encoders

X — En Fr Cs De Fi Lv Et Ro Hi Tr Gu | Avg

Train on Original Parallel Data (Bitext)
Bilingual NMT 36.2 28.5 402 192 175 19.7 298 14.1 151 93 | 23.0

Many-to-One 348 29.0 40.1 21.2 204 262 348 228 238 19.2 | 27.2
359 305 41.6 225 214 284 366 24.6 256 204

Many-to-Man 359 29.2 400 21.1 204 263 355 23.6 243 20.6 | 27.7

35.5 300 40.8 22.1 215 27.8 36.5 253 25.0 20.6

Train on Original Parallel Data and Back-Translation Data (Bitext+BT)

(Wang et al., 2020) | 35.3 319 454 238 224 305 39.1 287 27.6 235 | 30.8
Many-to-One 359 326 44.1 249 231 315 397 282 278 23.1 | 31.1
XLM-T 36.0 33.1 448 254 239 327 398 30.1 288 23.6| 318
(Wang et al., 2020) | 35.3 31.2 437 23.1 21.5 295 381 275 262 234|300
Many-to-Many 357 319 437 242 232 304 39.1 283 274 23.8 | 30.8
XLM-T 36.1 326 443 254 238 32.0 403 295 2877 242 | 31.7

» The multilingual models achieve much better performance on the low-resource languages and
are worse on the high-resource languages

 XLM-T achieves significant improvements over the multilingual baseline across all 10 languages
* In the back-translation setting, XLM-T can further improve this strong baseline

XLM-T: Scaling up Multilingual Machine Translation with Pretrained Cross-lingual Transformer Encoders [Ma et al, 2020]



XLM-T: Scaling up Multilingual Machine Translation with Pretrained Cross-lingual
Transformer Encoders

X — En Fr Cs De Fi Lv Et Ro Hi Tr Gu | Avg

Train on Original Parallel Data (Bitext)

Bilingual NMT 36.2 285 402 192 175 197 298 14.1 151 9.3 | 23.0
Many-to-One 348 29.0 40.1 21.2 204 262 348 228 238 192 27.2
XLM-T 359 305 416 225 214 284 366 246 256 204 | 28.8
Many-to-Many 359 292 400 21.1 204 263 355 23.6 243 206 | 27.7
XLM-T 355 30.0 408 221 215 27.8 365 253 250 20.6 | 28.5

Train on Original Parallel Data and Back-Translation Data (Bitext+BT)

(Wang et al., 2020) | 35.3 319 454 238 224 305 39.1 287 27.6 235 | 30.8
Many-to-One 359 326 44.1 249 23.1 315 397 282 278 23.1 | 31.1
36.0 33.1 448 254 239 327 39.8 30.1 28.8 23.6

(Wang et al., 2020) | 35.3 31.2 437 23.1 21.5 295 381 275 262 234|300
Many-to-Man 35.7 319 4377 242 232 304 39.1 283 274 23.8 | 30.8
36.1 32.6 443 254 238 32.0 403 295 28.7 24.2

» The multilingual models achieve much better performance on the low-resource languages and
are worse on the high-resource languages

 XLM-T achieves significant improvements over the multilingual baseline across all 10 languages
* In the back-translation setting, XLM-T can further improve this strong baseline

XLM-T: Scaling up Multilingual Machine Translation with Pretrained Cross-lingual Transformer Encoders [Ma et al]



XLM-T: Scaling up Multilingual Machine Translation with Pretrained Cross-lingual
Transformer Encoders

En — X | Fr Cs De Fi Lv Et Ro Hi Tr Gu

Train on Original Parallel Data (Bitext)
Bilingual NMT 36.3 223 402 152 165 150 23.0 122 133 7.9

One-to-Many 342 209 400 150 181 209 260 145 173 13.2
XLM-T 348 214 399 154 187 209 266 158 174 15.0
Many-to-Many 342 21.0 394 152 18.6 204 26.1 15.1 172 13.1
XLM-T 342 214 397 153 189 20.6 265 156 175 14.5

Train on Original Parallel Data and Back-Translation Data (Bitext+BT)
(Wang et al., 2020) | 36.1 23.6 420 17.7 224 240 29.8 198 194 17.8

One-to-Many 36.8 23.6 429 183 233 242 295 202 194 132
XLM-T 373 242 436 18.1 237 242 297 20.1 202 137
(Wang et al., 2020) | 35.8 224 412 169 21.7 232 297 192 187 16.0
Many-to-Many 359 229 422 175 225 234 289 198 19.1 145
XLM-T 36.6 239 424 184 229 242 293 20.1 19.8 128

* Generally, the improvements are smaller than X — En

* The multilingual part of En — X is at the decoder side, which XLM-R is not
an expert in.

XLM-T: Scaling up Multilingual Machine Translation with Pretrained Cross-lingual Transformer Encoders [Ma et al]



PART 3: Multilingual Pre-training for NMT

» Multilingual fused pre-training
— Cross-lingual Language Model Pre-training [NeurlPs, 2019]
— Alternating Language Modeling Pre-training [AAAl, 2020]
— XLM-T: Cross-lingual Transformer Encoders

» Multiingual sequence to sequence pre-training  <t—
— MBART [TACL, 2020

— CSP [EMNLP, 2020]
— MRASP & mMRASP2 [EvMNLP, 20207 [ACL, 2021]

— LaSS: Learning language-specific sub-network via pre-training &
fine-tuning [AcL, 2021]
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MBART: Multilingual Denoising Pre-training for Neural Machine Translation

A

ZFN U» & . </s> BT BBH . </s> <Ja>

*

<Ja>FNh U» & . </s> K= BHH ., </s>

A

<En> Well then . </s> See you tomorrow .</s>

__BBH . </s>FN __</s> <Ja>
N Y,

Multilingual Denoising Pre-Training (mBART) Fine-tuning on Machine Translation

» Multilingual denoising pre-training (25 languages)
— Sentence permutation
—Word-span masking

* Fine-tuning on MT with special language id

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020] 38



Dataset

O Data: CC25 CO rpu S Code Language Tokens/M  Size/GB
En Engli.sh 55608 300.8

— CC25 includes 25 languages from S Russian s e
different families and with varied amounts e hanese S e
of text from Common Crawl (CC) be Eromch om0 s6s

Fi Finnish 6730 54.3

— Rebalanced the corpus by up/down- b S ou 342
sampling text A (R

1 O NI Dutch 5025 29.3

\ — D; Ar  Arabic 2869 28.0

y — - ° ] Tr Turkish 2736 20.9

: Dq Zz pff Hi  Hindi 1715 20.2

L Libuanian 835 133

— Sentence Piece which includes 25,000 Kk Kaalh e o
Et Estonian 843 6.1

subwords Ne  Nepali 237 3.8

_ . Si Sin.hala. 243 3.6

— Noisy function follows BART Gu  Cuanat o1

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020]
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MBART: Low-medium translation results

Languages En-Kk En-Vi En-Tr En-Ja En-Ko . ow resource: more than 6
Data Source WMT19 IWSLT15 WMT17 IWSLT17 IWSLT17 . .

Size 91K 133K 207K 223K 230K BLEU. But fails in
Direction — — — — — — — — — — extreme|y low-resource
Random 08 02 236 248 122 95 104 123 153 163 setting

mBART?25 7.4 25 361 354 225 17.8 19.1 194 24.6 22.6
Languages En-NI En-Ar En-It En-My En-Ne En-Ro
Data Source IWSLT17 ITWSLT17 ITWSLT17 WAT19 FLoRes WMTI16

Size 237K 250K 250K 259K 564K 608K

Direction <+ o < > < > < o — — — —

Random 34.6 293 275 169 31.7 28.0 233 349 76 43 340 343
mBART25S 433 348 376 21.6 398 340 283 369 145 74 378 37.7

Languages En-Si En-Hi En-Et En-Lt En-Fi En-Lv
Data Source FLoRes ITTB WMT18 WMT19 WMT17 WMT17
Size 647K 1.56M 1.94M 2.11M 2.66M 4.50M

Direction < — — — — — — — — — — —

Random 7.2 1.2 109 142 226 179 18.1 121 21.8 202 156 129
mBART25S 13.7 33 235 208 278 214 224 153 285 224 193 159

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020] 40



MBART: Low-medium translation results

Languages En-Gu En-Kk En-Vi En-Tr En-Ja En-Ko LOW resource: more than 6
Data Source WMT19 WMT19 IWSLT15 WMT17 IWSLT17 IWSLT17 . .
Size 10K 91K 133K 207K 223K 230K BLEU. But fails in
Direction <« — — — — — — — — — — — extreme|y low-resource
Random 0.0 0.0 0.8 02 236 248 122 9.5 104 123 153 16.3 Sett|ng

mBART2S 03 01 74 25 361 354 225 178 191 194 246 22.6

Languages En-NI En-Ar En-It En-My En-Ne En-Ro
Data Source | IWSLT17 IWSLT17 IWSLT17 WAT19 FLoRes WMT16
Size 237K 250K 250K 259K 564K 608K

Direction | <+ o < > < > < o — — — —

Random | 34.6 293 275 169 31.7 28.0 233 349 76 43 340 343
mBART?2S | 43.3 348 376 21.6 398 340 283 369 145 74 378 37.7

. . Medium resource: more than 3
Languages En-Si En-Hi En-Et En-Lt En-Fi En-Lv

Data Source FLoRes ITTB WMTI18 WMT19 WMT17 WMT17 B L E U
Size 647K 1.56M 1.94M 2.11M 2.66M 4.50M
Direction | < — — — — — — — — — — —

Random | 7.2 1.2 109 142 226 179 181 121 21.8 20.2 156 129
mBART25 | 13.7 33 235 208 278 214 224 153 285 224 193 159

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020] 41



MBART: Rich-resource translation

Languages Cs | DS Zh De Ru Fr
Size 11M 15M 25M 28M 29M 41M

Random 16.5 33.2
mBART25 18.0 34.0

* Pre-training slightly hurts performance when >25M parallel sentence are
avallable.

* When a significant amount of bi-text data is given, supervised training are
supposed to wash out the pre-trained weights completely.

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020] 42



MBART: Pre-training complementary to B1

En-Ne Ne-En En-Si
10 9.6 29 10 3| o
20 19.4
) 8.6 8
LLJ
D 8
o { 14 151 ¢ 15
= 6.8 68| 1| &~ - ®
S et o 12,7 "
? 4 o 4
LL s --@-- Random 10 ///’, -@-- Random 2 12/,/ -@-- Random 10 ,,/,/ --@-- Random
43/ —A— mMBART25 7.6// —A— mMBART25 o —A— mMBART25 Z;Z" —A— mMBART25
o o
0
0 1 2 0 1 2 0 1 2 0 1 2
+BT iterations +BT iterations +BT iterations +BT iterations

* Test on low resource FLoRes dataset cuzman etal., 2019]
» Use the same monolingual data to generate BT data

* Initializing the model with mBART25 pre-trained parameters
iImproves BLEU scores at each iteration of back translation, resulting
IN new state-of-the-art results in all four translation directions



Is pre-training on multilingual better than on single language?

 BART model trained on the same En and Ro data only. Both have improvements over
baselines, while worse than mBART results, indicating pre-training in a multilingual setting Is

essential.

 Combining BT leads to additional gains, resulting in a new state-of-the-art for Ro-En translation
« mMBARTO2Z2 is better than mBART25. The more seems not the better?

Pre-training

Fine-tuning

Model Data En—Ro Ro—En +BT
Random None 34.3 34.0 36.8
XLM (2019) En Ro 35.6 38.5
MASS (2019) En Ro 39.1
BART (2019) En - - 38.0
XLM-R (2019) CC100 35.6 35.8

BART-En En 36.0 35.8 37.4
BART-Ro Ro 37.6 36.8 38.1
mBART(2 En Ro 38.5 38.5 39.9
mBART?25 CC25 37.7 37.8 38.8

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020]
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How many languages should you pre-train on?

Languages De Ro It My En
Size/GB 66.6 614 30.2 1.6 | 300.8
mBART02 31.3 38.5 3977 36.5
mBARTO06 - 38.5 393 -
mBART25 305 37.7 398 36.9

40
38
36
34
32
30

B mbart02 P mbart06

mbart25

De

RO

It

* Pretraining on more languages helps most when the target
language monolingual data is limited

* When monolingual data is plentiful (De, Ro), pre-training on
multiple languages slightly hurts the final results (<1 BLEU)

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020]
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sis: Pre-training steps matters

38
= 37
-
‘g —e— mMBART?25
< —=— mMBARTO2
- 36
2 St Random
Q
<
" 35

B e G T e

0 100 200 300 400 500

pretraining steps (K)

» Without any pre-training, the model overfits and performs much worse than the baseline
» After just 25K steps (5% of training), both models outperform the best baseline.

* The models keep improving by over 3 BLEU for the rest of steps and have not fully converged after
500K steps.

* The more the better

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020]
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Analvsis: Perform better on low resource

31.330.9
20 9.1 30.2
26.9 27.2 6. 21

5 22
T 20.7
o 20
e
£ ¥4.7
§ 15
7
c
= 10

5 4.4

—e— Random
. 0.0 —— mMBARTO02
104 10° 10° 10’

Bi-text Size (# of sentence pairs)

* The pre-trained model is able to achieve over 20 BLEU with only 10K training
examples, while the baseline system scores 0.

» Unsurprisingly, mBART consistently outperforms the baseline models, but the gap
reduces with increasing amounts of bi-text, especially after 10M sentence pairs

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020] 47



Analysis: Generalization to unseen languages

Monolingual NI-En En-NI Ar-En En-Ar NI-De
Random None 34.6 (-8.7) 29.3(-5.5) 27.5(-10.1) 169(-4.7) | 21.3(-6.4)
mBART(02 EnRo 41.4 (-2.9) 345(-0.3) 349 -2.7) 21.2(-04) | 26.1(-1.6)
mBART06 EnRoCslItFrEs 43.1(-0.2) 34.6(-0.2) 37.3(-0.3) 21.1(-0.5) | 26.4(-1.3)

mBART2S All 43.3 34.8 37.6 21.6 27.7 26.1

NI-De and Ar are not included in the pre-training corpus

* MBART can improve performance even with fine tuning for languages that did not
appear in the pre-training corpora,

* Pre-training has language universal aspects, especially within the parameters
learned at the Transformer layers.

* The more pre-trained languages the better

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020] 48



Unsupervised Machine Translation

Monolingual Ne Text Monolingual En Text

Similar Pairs Dissimilar Pairs

Input / \MLE loss MLE Ioss/ \Input Model En-De En-Ro En-Ne En-Si

[ J [ J — — — — — = = =
-—-| mBART mMBART [--

Random 21.0 172 194 21.2 00 0.0 0.0 0.0
becods /mput - .nput\ ecods XLM (2019) 343 264 318 333 05 01 0.1 0.1

Generated En Text @ Generated Ne Text MASS (2019) 35.2 28.3 33.1 35.2 B B B -
mBART 340 298 305 350 100 44 8.2 3.9

UNMT with back translation

* Following the same procedure with UNMT, but initialize the translation model
with the pre-trained mBART

* To avoid simply copying the source text, constrain mBART to only generating
tokens in target language

* Achieve very competitive results

Multilingual Denoising Pre-training for Neural Machine Translation [Liu et al., TACL 2020]



MRASP: multilingual Random Alighed Substitution Pre-training

* mMRASP: multilingual Random Aligned Substitution
Pre-training

> Multilingual Pre-training Approach

>~ RAS: specially designed training method to align
semantic embeddings

Y1IIY21 Y3 Y4 Y5

:
I I
I I
I I
: Encoder Decoder | !

-
-x-1 < Y1l v2lly3l va :

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020] 50



MRASP: Overview

Pre-training :

[asoe ] o) L] emer ] Loz

OI'Ig - s s --- BPEEEEEEEBF-=-BEEEEEEEE

TR |

i =
<EN id> lik inqi d '
tok [ <enie- | [1] [ met] [ snang ancig
i

“*FfFEEEEEEERE®

L 4
L 4

Random Aligﬁed Substitution

<En> I love you.

Fr Ee <Fr> Je t'aime.
<De> Ich liebe dich.

N\
|:> j\_\ <Es> Te quiero.
( S 7 ; <|t> ti amo.

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020]



MRASP: Overview

Pre-training =

:
|
Decoder

][] oo (2o |

' |
playing basketball : M au
|
|

Fine-tuning En-Fr
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I.

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020]
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MRASP: RAS method

e Random Aligned Substitution (RAS)

>~ Randomly replace a source word to its synonym in different
language.

>~ Draw the embedding space closer.

ppre _ 2 (¢}, [—log P, (Xi | C (XJ) )]

,JEE

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020]
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Training Data for mRASP

* Pre-training Dataset: PC32 (Parallel Corpus 32)

— 32 English-centric language pairs, resulting in 64 directed
translation pairs in total

— Contains a total size of 110.4M public parallel sentence pairs

100000000
10000000
1000000
100000
10000
1000

100

10

1

# of En-X sentence pairs

Fr Lv Fi Hi Cs Tr Ka Sr My

Et It Ru
Pre-training Multilingual Neu aIMach ne Translation by Leveraging Alignment In fomato [Lin et al., EMNLP 2020]

Gu
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MRASP: Fine-tuning Dataset

* Fine-tuning Dataset
* |ndigenous Corpus: included in pre-training phase
> Extremely low resource (<100K) (Be, My, etc.)
> Low resource(>100k and <1M) (He, Tr, etc.)
> Medium resource (>1M and <10M) (De, Et, etc.)
> Rich resource (>10M) (Zh, Fr, etc.)

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020]
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MRASP: Rich resource works

Rich resource benchmarks can be further
improved (En->Fr +1.1BLEU).

47 —
51 B Direct CTNMT M Direct CTNMT
B XLM W MASS B mMBART H mRASP
B mBERT W mRASP
30.25 _ 45.25
29.5 435
28.75 —— I 4175 .
. Il . l
En2De(wmt2016) En2Fr(wmt2014)

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020] 56



MRASP: Low resource works

Extremely-Low Resource Directions B Direct M mRASP
40

31.1 30.4 '
30 253 27 -
10 8. 7. . -
) I IE B -I II

EnZBe BeZEn En2My My2En En2Af Af2En En2Eo Eo2En
Low Resource Directions
50

40 33.3
0 30
3.2 zz
20
10 I
0

En2He He2En En2Tr Tr2En En2Ro Ro2En En2Cs (Cs2En
lower resource higher resource

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020]

57



MRASP: Unseen lanquages

* mMRASP generalizes on all exotic scenarios.

W 0.7 23.5 21.2

25.8 267 29.9 23.4

- Da-El(1.2mM)
_-‘%
m 00 & 141 16.9
| otickul Dot W1 132 : 176 108
12.8
22 7 38.1

68
_229

321

Exotic Source/
Target

:10.9 24.2
19.1 ¥)8.4 27.6 29 5

12k: Direct not work VS mRASP achieves 10+ BLEU!!

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020]




MRASP: Compare with other methods

e MRASP outperforms mBART for all but two
language pairs.

30

22.5 f -
T _
0 L — -I I

EN2Gu  Gu2En En2Kk  Kk2En En2Tr Tr2En En2Et Et2En

50
37.5

25 — —
= 0 ol ol ol 0 M
0

En2Fi FI2En En2Lv Lv2En En2Cs En2De  En2Fr
Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020] 59
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MRASP: Makes multilingual embeddings more similar

B mRASP w/o RAS B mRASP

0.5
0.4
0.375
032 0.3
0.25
o I I I I I I I

En-Zh En-Fr En-De En-Ro En-Ru En-Cs En-Ar En-Tr En-Et En-Af
Language Pair

RAS draws the embedding space of languages closer.

Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information [Lin et al., EMNLP 2020] 60



MRASP 2: Contrastive Learning for Many-to-many Multilingual Neural Machine
Translation

‘@nce with multilingual baselines

En—Any transigéon p

® -0 o!- Original Data Distribution

Supervised

o

,.i'----

Unsupervised

o
B

Zero-shot

o
-
Il I = = = =W
-
B

Enabling unsupervised / zero-shot translation

|
Any—En translation performance with multilingual baselines

0
® =~ Oversampling @ = Original Data Distribution

o

Parallel

'-------------------.

v/
v/

--ﬁ'".

Monolingual

Arivazhagan et:al. 2019
L T T T T T T 7 g -’

_ _ Comparable / better performance on high-resource directions
Leveraging both parallel & monolingual data

Contrastive Learning for Many-to-many Multilingual Neural Machine Translation [Pan et al., ACL 2021]
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MRASP2 introduces monolingual data

* Para”el teXt R : J'adore chanter et danser <EOS>

( Encoder ) — [ Decoder )

<EN id> I like NEER and Bk 2 : <FR id> Jadore chanter et danser
------------------------------ b I S Pl el e MO
singing dancing
. || | | meen | [ 2z || e || R | ve || <EOs-
 Monolingualtext — Eemlemiemem e

<ZHid> | | & || like || quel || & lsst]| B || Musik || W& <ZHid> | | & | =X wkfe (| 2828 (| B9 || &5 || W
AR || WIRFR || 2R N

Contrastive Learning for Many-to-many Multilingual Neural Machine Translation [Pan et al., ACL 2021] 62



MRASP2 maps different languages in a same space

Contrastive Loss: Ly

Cross Entropy Loss: Le
A

— —-

Negative Positive Anchor

I <Fr> Je t'aime.

Encoder Decoder

<En> It’s sunny. <En> I love you.

<Fr> C'est la vie.

<Fr> Je t'aime.

<Zh> R ik

Contrastive Learning for Many-to-many Multilingual Neural Machine Translation [Pan et al., ACL 2021] 63



40

30

20

10

Experiments

" m-Transformer B mRASP (w/o finetune) mRASP2 w/o AA B mRASP2 w/o MC24 B mRASP2

Supervised Unsupervised Zero-shot

Monolingual Corpus mainly contributes to unsupervised translation
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Better Semantic Alighment: Sentence Retrieval

90

85

80

75

70

B m-Transformer

B mRASP2 w/o AA

B mRASP2

89.6

Averaged Retrieval acc

15-way parallel test set(Ted-M): 2284
samples

Contrastive Learning and Aligned
Augmentation both contribute to the
Improvement on sentence retrieval
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Learning Language Specific Sub-network for Multilingual Machine Translation

» LaSS accommodates one sub-network for each language pair.

— Each language pair has shared parameters with some other language
pairs and preserves its language-specific parameters

— For fine-tuning, only updates the corresponding parameters

En=»> Zh En Zh
En=—» Fr En=» Fr
En=» De En=» De

s

Learning Language Specific Sub-network for Multilingual Machine Translation [Lin et al., ACL 2021] 66



Efficacy in alleviating Parameter Interference

Transformer-base Transformer-big
28 B Baseline 30 B Baseline B _LaSS
24.75 26.25
21.5 22.5
- II - II II
. W
Low Medium Rich Medium Rich

LaSS obtains consistent gains for both Transformer-base and Transformer-big

Learning Language Specific Sub-network for Multilingual Machine Translation [Lin et al., ACL 2021] 67



LaSS obtains more gains for rich resource

Transformer-base Transformer-big
28 B Baseline B LaSS 30 B Baseline .4355
+1.7
24.75 26.25
21.5
- F II II - II II
15
Low Medium Rich Low Medium Rich

With the dataset scale increasing, the improvement becomes larger, since rich
resource language pairs suffer more from parameter interference ”



Adaptation to New Language Pairs

 Distribute a new sub-network for new language pair
and train the sub-network for fixed steps

Bilingual

N S

model

e | 9SS
baseline
direction

e cn2it bleu

10 == = 3vQg other bleu

0 250 500 750 1000

te
Learning Language Specific Sub-network for Multilingual Machine Trans?atiorP[Ein et al., ACL 2021]
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Adaptation to New Language Pairs

 Distribute a new sub-network for new language pair
and train the sub-network for fixed steps

Bilingual
30
:) I s
LL] model
. n_n' 20 e | 2SS
LaSS reaches the bilingual model baseline
performance with fewer steps. direction
e cn2it bleu
10 == = gvg other bleu

0 250 500 /50 1000
steps
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Adaptation to New Language Pairs

 Distribute a new sub-network for new language pair
and train the sub-network for fixed steps

Bilingual
30 /
D —
T 1] — - model
LaSS halrdly drops on existing = 4 7 e, e | 3SS
dnguage pairs == paseline
direction
aame cCNZIC Dlieu
10 )

== = gvQg other bleu

0 250 500 /50 1000
steps
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Adaptation to New Language Pairs

 Distribute a new sub-network for new language pair
and train the sub-network for fixed steps

Bilingual
o . 30

easy adaptation is attributed to the

language specific sub-network - _ Ay e
Only updates the corresponding - model

parameters avoids catastrophic @ 20 i

forgetting baseline

direction
- cnzZit _Dieu
10 == = gvg other bleu

0 250 500 /50 1000
steps
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Top/bottom layers prefer language specific capacity
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o1 2 3 4 s The top deals with output projection
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a) Encoder _ _
embedding layer, which are both
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/3



Mask similarity is positively correlated to language family

En—X

It es

-51

-50

-49

he fa ar plde nl

es it nl de pl ar tfa he

’0
L 4
L 4
’0
L 4

Similar languages

he fa ar plde nl ites

X—En

_és it nl de pl ar fa he

for both En—X and X—En

Learning Language Specific Sub-network for Multilingual Machine Translation [Lin et al., ACL 2021] 74
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Summaryv for Multilinqual Pre-traininc

» Multilingual fused pre-training

— Training encoder on masked sequences composed of multiple
language, concatenated or mixed words.

* Multilingual sequence-to-sequence pre-training

— mBart: Recover original sentence from noised ones in multiple
languages.

— MRASP & mMRASP2: augmenting data with randomly substitute of
words from bilingual lexicon + monolingual reconstruction +
contrastive learning

— LaSS: use pre-training and fine-tuning to discover language-
common sub-nets and language-specific sub-nets for MT
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Readinc

» Song et al. MASS: Pre-train for Sequence to
Sequence Generation, 2019.

» Lewis et al. BART: Denoising Sequence-to-Sequence
Pre-training for Natural Language Generation,
Translation, and Comprehension, 2020
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