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Overview: Multilingual NMT

s N  Low-resource languages benefit from sharing the
Encoder same representation space as high-resource
. y languages (Firat et al., 2016; Zoph et al., 2016; Johnson
etal., 2017)
model 6
a2 N

 Operational costs are reduced and models scale

Decoder to a large number of language pairs (Arivazhagan et
- -~ al., 2019; Aharoni et al., 2019)




MBART-50: A multilingual pretraining model (Tang et al., 2020)

e Encoder-decoder Transformer

* Denoising autoencoding in multiple

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

|anguageS (Lewis et al., 2020, Liu et al., 2020) Token Masking SentenceP@ermutation Document Rotation
* Monolingual data of 50 languages during (a.c.e.) &) (aBc.pe.) <3 (A_.D_E.)
Token Deletion Text Infilling

pre-training

e Has not been trained for MT



MBART-50 for NMT
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MBART-50 for NMT

Fine-tune all parameters for
- NMT (English-to-many)

a I a I
Transformer Transformer

encoder decoder
\_ J \_ J

R Fine-tune all parameters for
NMT (many-to-English)

* Not all languages are modeled equally well
* The entire model needs to be updated



A new set of adapters can be trained

Efficient fine-tuning for NMT: Language-pair adapters

for each language pair

This works well for high-resource
languages (Bapna and Firat, 2019)

But does not work for low-resource
languages, because there is no
sharing between related languages
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Efficient fine-tuning for NMT: Language-agnostic adapters

A B C D

A new set of adapters can be

trained for all language pairs
(Stickland et al., 2021)

Adapter
BART Encoder Adaptei BART Decoder
» This suffers from negative (pre-tramed)  Adapiei (pre-tramed)
Adapler
interference between unrelated \
(randomly
New Encoder initialized) </§> A B C
(randomly
initialized

a f v 7§
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Efficient fine-tuning for NMT

Language-palr adapters Language-agnostic adapters
(Bapna and Firat, 2019) (Stickland et al., 2021)
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Efficient fine-tuning for NMT

Language-pair adapters Language-agnostic adapters
(Bapna and Firat, 2019) (Stickland et al., 2021)
A B C D

Can we share information between

similar languages while avoiding

negative inteference?

a f vy n
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Language-family adapters for low-resource multilingual NMT

Idea: We encode the similarities between related languages
with adapters trained on each language family.



Adding adapters to mBART-50
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Adding adapters to mBART-50
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Adding adapters to mBART-50
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Adding adapters to mBART-50

/ En Adapter \

-------------------------------------------------------------------------------
. *

Feed Forward

Encoder-decoder Attention

English

Self-Attention

_ Encoder-decoder Attention _
\_ /

Serbian

Independently-trained
adapters for various
language pairs
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Adding adapters to mBART-50

En Adapter
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Our model: Language-family adapters
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Training for MT

Embed Adapter
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Embed Adapter

Language family
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Training for MT
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Training for MT
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Training for MT
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Experimental Setup

 PLM: mBART-50 (trained on monolingual data, ~680M params)
* Adapters: bottleneck size 512
* [ranslation: En->XX
* Baselines:
O [anguage-pair adapters
o Language-agnostic adapters
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Datasets

 TED talks (Qietal.,, 2018) and
OPUS-100 (Zhang et al., 2020) for 17

low-resource languages (and
English)

* Language families: Indo-lranian (|),
Balto-Slavic (BS), Austronesian (A

o Starred languages do not appear
INn MBART-50 pretraining corpus

Language (code) Family Train Set
TED OPUS-100
*Bulgarian (bg) BS 174k 1M
Persian (fa) I 151k IM
*xSerbian (sr) BS 137k IM
Croatian (hr) BS 122k 1M
Ukrainian (uk) BS 108k 1M
Indonesian (1d) A 87k 1M
*Slovak (sk) BS 61k 1M
Macedonian (mk) BS 25k IM
Slovenian (sl) BS 20k 1M
Hindi (hi) I 19k 534k
Marathi (mr) I 10k 27k
*xKurdish (ku) I 10k 45k
*xBosnian (bs) BS 6k IM
*Malay (ms) A 5k 1M
Bengali (bn) I 5k IM
xBelarusian (be) BS S5k 67k
xFilipino (fil) A 3k -
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Main results

BALTO- AUSTRO- INDO-

Model SLAVIC NESIAN IRANIAN

bg” st hr uk  sk” mk sl bs"  be’ id ms” fil* fa hi mr  ku” bn AVG
OPUS-100
Lang-pair 278 175 237 17.7 250 350 241 210 10.1 28.0 245 - 105 156 17.0 141 130 203
Lang-agnostic 21.6 19.7 214 138 241 289 196 195 113 286 218 - 8.1 169 178 128 11.2 18.6
Lang-family 254 209 237 151 277 319 226 203 152 313 254 - 98 187 250 153 129 213
TED
Lang-pair 35.7 21.1 305 21.1 242 270 214 286 125 354 234 122 140 141 100 49 90 203
Lang-agnostic 31.7 240 29.7 219 206 265 202 278 7.7 338 2211 116 17.0 155 70 33 6.0 19.2
Lang-family 33.8 251 305 222 228 280 215 278 95 347 220 115 175 198 103 41 116 20.7

Test set BLEU (%) scores when translating out of English ( en -> xx).
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Main results

BALTO- AUSTRO- INDO-

Model SLAVIC NESIAN IRANIAN

bg” sr” hr uk  sk” mk sl bs” B” id ms” fil” fa hi mr  ku” bn AVG
OPUS-100
Lang-pair 278 175 237 17.7 250 350 241 210 10.1 28.0 245 - 105 156 17.0 141 130 203
Lang-agnostic 21.6 197 214 138 241 289 196 195 113 286 218 - 81 169 178 128 11.2 18.6
Lang-family 254 209 237 151 277 319 226 203 152 313 254 - 98 187 250 153 129 213
TED
Lang-pair 35.7 21.1 305 21.1 242 270 214 286 125 354 234 122 140 141 100 49 90 203
Lang-agnostic 31.7 240 297 219 206 265 202 278 7.7 338 221 116 17.0 155 70 33 6.0 192
Lang-family 338 251 305 222 228 280 215 278 95 347 220 115 175 198 103 41 116 20.7

Test set BLEU (1) scores when translating out of English ( en -> xx).

Language-family adapters consistently outperform the

baselines on both parallel datasets
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How does performance vary per language family?



How does performance vary per language family?

lang-pair = lang-family = lang-agnostic

30.0
28.4
25.8 259
20.0 N Y0
a 16.3
13.7 13.4
]
7 10.0
0.0
avg balto- avg avg indo-

slavic austronesian Iranian
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How does performance vary per language family?

lang-pair = lang-family = lang-agnostic

30.0
28.4
25.8 25 9
22.8 225
20.0 506
a 16.3
13.7 13.4
—
0 10.0
0.0
avg balto- avg avg indo-

slavic austronesian Iranian

 Compared to lang-agnostic, our
approach performs better,
possibly because of avoiding
negative interference

 Compared to lang-pair, in BS
results equivalent, as many of
these languages similar to
languages in pretraining corpus
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Does the approach perform better in seen or unseen languages?

lang-pair = lang-family = lang-agnostic
25.00

20.00 21.46 21,22

20.33 20.36
18.69 18.48

15.00

BLEU

10.00

5.00

0.00
avg unseen avg seen
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Does the approach perform better in seen or unseen languages?

BLEU

lang-pair
25.00

20.00
15.00
10.00

5.00

lang-family = lang-agnostic

» Larger performance
e Improvement for unseen
: 21.22

20.33 20.36
868 " languages

» (Caveat: all languages are
covered by mBART's

vocabulary

0.00

avg unseen avg seen
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Does the embedding layer help?

BALTO- AUSTRO- INDO-
SLAVIC NESIAN IRANIAN
bg hr  mk be 1d ms fa ku bn AVG-16
LANG-AGNOSTIC w/o emb adapter 21.3 215 283 105 287 215 7.6 124 109 18.1
LANG-AGNOSTIC with emb adapter (BASELINE) 21.6 214 289 113 286 218 8.1 128 11.2 18.6
LANG-FAMILY w/o emb adapter 243 226 312 134 314 252 90 137 122 20.6
LANG-FAMILY with emb adapter (OURS) 254 237 319 152 313 254 98 153 129 21.3

Test set BLEU scores ( en -> xx) on OPUS-100.



Does the embedding layer help?

BALTO- AUSTRO- INDO-
SLAVIC NESIAN IRANIAN
bg hr  mk be 1d ms fa ku bn AVG-16
LANG-AGNOSTIC w/o emb adapter 21.3 215 283 105 287 215 76 124 109 18.1
LANG-AGNOSTIC with emb adapter (BASELINE) 21.6 214 289 113 28.6 21.8 8.1 128 11.2 18.6
LANG-FAMILY w/o emb adapter 243 226 312 134 314 252 90 13.7 122 20.6
LANG-FAMILY with emb adapter (OURS) 254 237 319 152 313 254 98 153 129 21.3

Test set BLEU scores ( en -> xx) on OPUS-100.

 On average improve translation scores, only add +0.1%

of the parameters of mMBART-50

* They encode lexical-level information for the languages of

Interest



Analysis

Should we group languages based on linguistic knowledge or
use an unsupervised, data-driven method??
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Automatic clustering of languages

Language Groups id fa ka AVG
ling. family (ours) <be, bg, sr, hr, uk, sk, mk, sl, bs> <id, ms> <ku,fa,hi,mr,bn> 31.3 98 153 21.3
GMM <bg, sr, hr, uk, sk, mk, sl, bs> <ku, id, ms> <be, fa, hi, mr,bn> 297 92 143 19.4
random <bg, hr, mk, bs, be, ms, hi, mr, ku> <sl, 1d> <sr,uk, sk, fa,bn> 27.8 7.0 15.0 18.4

Test set BLEU scores ( en -> xx) on OPUS-100.
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Automatic clustering of languages

Language Groups id fa ku AVG
ling. family (ours) <be, bg, sr, hr, uk, sk, mk, sl, bs> <id, ms> <ku,fa,hi,mr,bn> 31.3 98 153 21.3
GMM <bg, sr, hr, uk, sk, mk, sl, bs> <ku, id, ms> <be, fa, hi, mr,bn> 29.7 92 143 19.4
random <bg, hr, mk, bs, be, ms, hi, mr, ku> <sl,id> <sr,uk.sk,fa,bn> 27.8 7.0 15.0 18.4

Test set BLEU scores ( en -> xx) on OPUS-100.

* (Clusters are mostly corresponding to the language families
(except for be and ku)

 Performance is better using linguistic families
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Key Takeaways

 \We presented an approach that encodes the relations between
languages using language-family adapters

* This is an effective and efficient method for MT from English to low-
resource languages

* (Clustering languages together with a GMM might be helpful in the
absence of linguistic knowledge bases
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Limitations

* EXxploration of non English-centric models
* Covering languages for which the vocabulary is unseen

* More fine-grained grouping of languages
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Thanks!

paper: arxiv.org/pdf/2209.15236.pdf

y @alexandraxron
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