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Why Multilingual NM T

e Develop one model to translate between all language
nailrs.

e Model-side: Languages with rich resource could benetfit
those with low resource
o Similar languages share tokens

e Serving-side: only one model deployment versus of many

deployments. Simpler workload and jolb management and
scheduling.

o Many languages would have much few requests but still need to
occupy the servers.



MNMT Categorization

e \any-to-one:
o Many source language to a target language
o Usually the target is English

e One-to-Many:
o One source language to many target languages
o Usually the source is English

e Many-to-many:
o Many source language to many target languages

o Should include non-English pairs (often low-resource or zero-resource
setting), very challenging!

e \Which is simpler?



MNMT Fine-tuning Testinc

e Exotic (Unseen) pair

o Both the testing source language and target language appeared in the training, but
the source-target pair never appeared In the training

o Also known as zero-shot MNMT

e Exotic (Unseen) source
o [esting source language never occur in the training

e Exotic (Unseen) target
o [esting target language never occur in the training

e Exotic (Unseen) full

o Neither the source language nor the target language for testing occur in the
training

o |s it even possible? Yes, for the pre-train fine-tuning paradigm.




MNMT with Language lags




A single model for Multilingual NMT

® | anguage-specific encoding (@en@car, @de@automobile)
e But hard to learn a joint embedding.
e Challenge:

o |large vocabulary (twice many)
o how does the model know it Is to translate into German or French??

J'adore chanter et danser

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

Ha et al. Toward Multilingual Neural Machine Translation with Universal Encoder and Decoder. 2016
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Multilingual Machine Translation - Language [ag

J'adore chanter et danser
Encoder Decoder
<EN id> I like singing and dancing <FR id> J'adore chanter et danser
e One model can translate

pbetween many

languages. (Fr }—|Many-to-many
. - MT model

. anguage lag Is used to

Inaicate the source and |

target language.

e \/ocabulary is bullt jointly

Johnson et al. Google’s Multilingual Neural Machine Translation System: Enabling Zero-Shot Translation. 2017 10


https://aclanthology.org/Q17-1024.pdf
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e Single joint vocabulary [Johnson 2017
o combine all corpus together, and apply BPE

o Soft-decoupled encoding [Wang et al 2019]
e Fven better: learned vocabulary [Xu 2021, (later in class)
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Google's MNMT

Table 4: Large-scale experiments: BLEU scores for single
language pair and multilingual models.

o Model Single | Mult Mult  Mult  Multi

° Tralnlng 12 ‘anguage nodes 1024 1024 1280 1536 1792
pairs ’[Qge’[her params | 3B | 255M 367M 499M  650M
En—Ja 23.66 21.10 21.17 21.72  21.70

o | STM-s2s: En—Ko | 19.75 | 18.41 1836 1830 18.28
Ja—En 2341 21.62 22.03 2251 23.18

o 8 layer LSTM encoder, Ko—En | 2542 | 22.87 2346 24.00 24.67
1st \ayer bidirectional En—Es | 3450 | 3425 3440 34.77 34.70
En—Pt 3840 | 37.35 3742 37.80 37.92

o 8 layer LSTM decoder Es—En | 38.00 | 36.04 3650 37.26 37.45
With attention Pt—En | 4440 | 4253 4282 43.64 43.87
En—De 26.43 23.15 23.777 23.63 24.01

En—Fr 35.37 34.00 34.19 3491 34.81

De—En 31.77 31.17 31.65 3224 32.32

Fr—En 36.47 | 3440 34.56 3535 35.52

ave diff - -1.72 -1.43 -0.95 -0.76

vs single - S5.6% -471% -3.1% -2.5%

Johnson et al. Google’s Multilingual Neural Machine Translation System: Enabling Zero-Shot Translation. 2017
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Google’s MNMT Zero-shot

e Bilingual pivot
o Multilin g Lal JQ| Nt Table 5: Portuguese—Spanish BLEU scores using various

. L. . models.
¢ What S mISSIHQ N Model Zero-shot BLEU
the table” (a) PBMT bridged no 28.99
. . (b) NMT bridged no 30.91
o Multilingual pivot ©) NMT Pt—Es no 31.50
(d) Model 1 (Pt—En, En—Es) yes 21.62
zero-shot!| (e Model 2 (En<+{Es, Pt}) yes 24.75
(f) Model 2 + incremental training no 31.77

/

no longer zero-shot, since additional
Pt-Es pairs are used.

Johnson et al. Google’s Multilingual Neural Machine Translation System: Enabling Zero-Shot Translation. 2017 13


https://aclanthology.org/Q17-1024.pdf

Google’s MNMT Zero-shot

o MINMT Is worse than pivot on zero-shot directions

Table 6: Spanish—Japanese BLEU scores for explicit and
implicit bridging using the 12-language pair large-scale
model from Table 4.

Model BLEU

NMT Es—Ja explicitly brideed  18.00
zero-shot ! NMT Es—Ja implicitly bridged ~ 9.14

14



Source Language Tag or target Language Tag?

° We iInvestigate the tollowinc four languaqge taq str

<EN id> like singing dancing <FR id> J'adore chanter danser

Original Hello World! iHola Mundo
T-ENC ~es__ Hello World! iHola Mundo
T-DEC Hello World! ~es  jHola Mundo

S-ENC-T-ENC ~__en_ es Hello World! iHola Mundo
S-ENC-T-DEC en__ Hello World! es__ jHola Mundo

Wu et al. Language Tags Matter for Zero-Shot Neural Machine Translation 2021. 15



Language Tag Does not Affect Performance on Supervised Directions

Supervised directions: The directions which has been seen
together In the training time.

B T-ENC I T-DEC . S-ENC-T-ENC B S-ENC-T-DEC

36 35.55 35.49 35.53 35.53
32.3 32.43 32.56 32.39

25.63 25.58 25.84 25.63

27

18

IWSLT17 Europarl TED talks

Wu et al. Language Tags Matter for Zero-Shot Neural Machine Translation 2021. 16



Target Language Tag on Encoder Strategy Gets Best Zero-Shot Performance

/Zero-shot directions: The directions between known languages
that the model has never seen togetner at training time.

B T-ENC S-ENC-T-ENC B S-ENC-T-DEC

8.01 *

4.07

1.98 1.91

IWSLT17 Europarl TED talks

Wu et al. Language Tags Matter for Zero-Shot Neural Machine Translation 2021. 17



Mixed Source Language can still be Translated
e {Ja, Ko} -> En

e Japanese: TAIFERRAKZFDZFEAETI ., — | am a student at
Tokyo University.

e Korean: Lt — 1 c3d Heoef—|o e o A-O|L|CH — | am a
student at Tokyo University.

e Japanese/Korean: TA[FEERAR=F Fs 70 AR | L Cf — |
am a student of Tokyo University.

18



Mixed Decoder for Target Language

° N -> {Ja, KO} Table 8: Gradually mixing target languages Ja/Ko.
® Elth ar g enerate Wko i ar?tllllst be getting somewhere near the centre of the
Japanese or Korean 0.00 BIHEROFLOITICE ZHICiT» C\V1 5
| E LY,
0.40 FIIHERDOHLIT KD ETHICTHFEWVW TN SIS
JEARRAYTAN
0.56 FIIHIFRDOFLDIT K D ETHICL > TV 5
| RV,
0.58 I A TOHL 717}o] of o & 7ol = 28} 71 9
of ot}
0.60 =X 72 AE &) 747} o] of o b 7hol & 25} 31 9]
of o &t}

0.70 =R 7Y F A 2H o 9ol = F3f of g .
0.90 U=ol 7R 7254l 2 A o = s oFgh T
1.00  UR=o]E7R| ol 54 2 A o = e ofgh o




Multilinqual NMT with mTransformer

e Model: Transtormer-base (6ebd, 512) ==> mTransformer

e Data: ED-talk, 59 languages, 116 directions

Ar-En

De-En

He-En

It-En

Avg

Az-En Be-En GI-En Sk-En | Avg.

of examples 50k 45k 10k 61k 20.3k
Neubig & Hu 18
baselines 2.7 2.8 16.2 24 11.42
many-to-one 11.7 183 29.1 283 |21.85
Wang et al. 18 11.82 18.71 303 28.77 | 224
Ours
many-to-one 11.24 18.28 28.63 26.78 | 21.23
many-to-many | 12.78 21.73 30.65 29.54 | 23.67

# of examples

213k

167k

211k

203k

198.5k

baselines
many-to-one
many-to-many

27.84
25.93
28.32

30.5
28.87
32.97

34.37
30.19
33.18

Aharoni et al. Massively Multilingual Neural Machine Translation. 2019

33.64
32.42
35.14

31.59
29.35
32.4

20



Limitation of mTransformer: does not work for Many-to-Many En-X

En-Az En-Be En-Gl En-Sk | Avg.
# of examples | 5.9k 4.5k 10k 61k 20.3k
baselines 2.16  2.47 326 5.8 3.42

one-to-many | S.06 10.72 26.59 24.52 | 16.72
many-to-many | 3.9 7.24 23778 21.83 | 14.19

En-Ar En-De En-He En-It | Avg.
# of examples | 213k 167k 211k 203k | 198.5k

baselines 1295 2331 23.66 30.33 | 22.56
one-to-many | 16.67 30.54 27.62 35.89 | 27.68
many-to-many | 14.25 2795 24.16 33.26 | 24.9

Table 3: En—X test BLEU on the TED Talks corpus

Aharoni et al. Massively Multilingual Neural Machine Translation. 2019 21



Even More Langquaqges

# of language pairs | 102
e mlranstormer ey o
o beod, 1024 -> 8192 min 63,879
max 1,000,000
o 4/7/3m parameters average 940,087
, std. deviation | 188,194
e 103 Languages (Inc. En) total # of examples | 95,888,938
o 64k vocah

Ar Az Be De He It NI Ro Sk Tr Avg.

baselines 23.34 163 2193 30.18 31.83 36.47 36.12 34.59 2539 27.13 | 28.33
many-to-one | 26.04 23.68 25.36 35.05 33.61 35.69 36.28 36.33 28.35 29.75 | 31.01
many-to-many | 22.17 21.45 23.03 37.06 30.71 350 36.18 36.57 29.87 27.64 | 29.97

Table 5: X—En test BLEU on the 103-language corpus

Ar Az Be De He It NIl Ro Sk Tr Avg.

baselines 10.57 8.07 153 23.24 1947 3142 28.68 2792 11.08 15.54 | 19.13
one-to-many | 12.08 992 15.6 31.39 20.01 33 31.06 28.43 17.67 17.68 | 21.68
many-to-many | 10.57 9.84 14.3 2848 1791 30.39 29.67 26.23 18.15 15.58 | 20.11

| Table 6: En—X test BLEU on the 103-language corpus _
Aharoni et al. Massively Multilingual Neural Machine Translation. 2019



More language trained together, but

Ar-En  En-Ar Fr-En En-Fr Ru-En En-Ru Uk-En En-Uk | Avg.
5-t0-5 2387 1242 3899 373 2907 2486 26.17 1648 | 26.14
25-t0-25 2343 11.77 38.87 36.79 2936 2324 2581 17.17 | 25.8
50-to-50 23.7 11.65 37.81 35.83 2922 2195 26.02 15.32 | 25.18
75-t0-75 22.23  10.69 3797 3435 28.55 20.7 25.89 14.59 | 24.37
103-to-103 | 21.16 10.25 3591 3442 27.25 199 24.53 13.89 | 23.41

23



Ar-Fr  Fr-Ar Ru-Uk Uk-Ru | Avg.
5-t0-5 1.66 4.49 3.7 3.02 3.21
25-t0-25 1.83 S5.52 16.67 4.31 7.08
50-to-50 4.34 4.72 15.14 20.23 11.1
75-t0-75 1.85 4.26 11.2 15.88 3.3
103-to-103 | 2.87 3.05 12.3 18.49 9.17

Table 8: Zero-Shot pertormance while varying the

number of languages involved

m Transformer Zero-shot Performance

24



Bigger Data

e Data: 25 billion sentence pairs in
103 languages

e Model: mTranstformer with 375million

params (larger than Transformer-
DIg)

En—Any | High 25 | Med. 52 | Low 25

Bilingual | 29.34 17.50 11.72

All—All 28.03 16.91 12.75
En—Any | 28.75 17.32 12.98

Any—En | High 25 | Med. 52 | Low 25
Bilingual | 37.61 31.41 21.63
All—All 33.85 30.25 26.96
Any—En | 36.61 33.66 30.56

Arivazhagan et al. Massively Multilingual Neural Machine Translation in the Wild: Findings and Challenges. 2019 29

Bilingual En—Any translation performance vs dataset size

Bilingual Any—En translation performance vs dataset size




Sampling of Data
. sa}mp\e data prob w.r.t

pT Data distribution over language pairs

1000000000

100000000

En—Any | High 25 | Med. 52 | Low 25

Ty — 27.81 16.72 | 12.73 10000000

Iy =100 | 27.83 16.86 12.78 00000

Ty = 28.03 16.91 12.775

Any—En | High 25 | Med. 52 | Low 25 100000

Ty = 33 82 20 78 26.27 Igh Resource <« — Low Resource

Ty =100 | 33.70 | 30.15 | 2691 o , o

TV — 33 85 30.25 26.96 {French, German, Spanish, ...} {Yoruba, Sindhi, Hawaiian, ...}

26



Bigger Model

e miransformer:

o 400m, 1.3B wide (12e12d), 1.3B deep (24e24d)
o Deep Is better than wide!

Any—En translation performance with model size

En—Any translation performance with model size

. ® = Transformer-Big 24-Deep (1.3B) @ = Transformer-Big (400M) g

® =~ Transformr-Big 24-Deep (1.3B) @ = Transformer-Big (400M) ® = Transformer-Wide (1.3E)
= ® ~ Transformer-Wide (1.3B) i< .
5 . . 9 . -
2.5 b : ) ¢ 5 -
o.‘ 0 . ° h" 'w Va : ’ '. B
25 oot W I3 VORISR MR 238N
3 v
5
6
7.5

-10



Limitation
e mlransformer boosts performance on low-resource
languages but not high-resource

® /ero-shot directions are not usable yet.

En—Any translation performance with multilingual baselines Any—En translation performance with multilingual baselines

® - Oversampling @ = Original Data Distribution ® - Oversampling ® = Original Data Distribution

10 10

) 10
10

Arivazhagan et al. Massively Multilingual Neural Machine Translation in the Wild: Findings and Challenges. 2019 28



MT w/ Adapter



Parameter Interference issue for MNMT

e |nsufficient model capacity

o the sharing model capacity has to be split for different translation
directions

Bilingual Multilingual

30



Multilingual NMT with Serial Adapter

® For each layer, adding
language-specific module

o 77 =LNT(z).

e h =reluW z") ”
e x =\\V\h + 7 \

[EnFr| DeEn ZhEn

P

Feed forward

Self Attention

g

Encoder

e Could be used for both
domalin adaptation and
MNMT

e Joint training the whole
architecture

t
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English (en) output

//' N

P

A

\ Feed forward

\

\ Attend

Self Attention

\, Cross Attention R

~— ‘///X
\ Decoder

S~ —

. ™~
O
p N
\

L / EnFr| DeEn ZhEn )

)
'
) ’
. '
. '
.
’
bl
" '
. ’
. '
5 ’
. '
1 '
Yo
\
'
.
.

4?%—-\\

("RELU |

Down
Projection

\\‘\\\

Prolectlo /

Layer Norm

Bapna & Firat, Simple, Scalable Adaptation for Neural Machine Translation, 2019

R R R R R R R R R R R ettt -
» .
’
. '
v .
’ ’ J
L
& '
’ L
’ ’ ’
’ L
L
L

\ |



Serial Adapter improves Multilingual Translation

‘ O n r i C h re S O u rC e ‘ a n g 6 | English-tg-Any Translation performance for mujtilingual models wjth adapters
4 - .

e But serial-adapter Is not
olug-and-play RV | |
o Joint training mTransformer+SA -~ -~ -~ e

will be better than training |
m Transformer, fix, and train syt Eaglsh Translation herformance for mijiingual models with adapters
adapter.

o Adapter has tight integration with
the main architecture.

32



Counter Interference
e \Which adapter will remove noise”?

i b

Layer | 5
yer
Adapter Feed Forward Adapter
| . Layer
Self Attention Self Attention Adapter

i—l

Zhu et al. Counter-Interference Adapter for Multilingual Machine Translation. 2021
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Parallel Adapter - CIAT

e Design rationale:
o process before multilingual inte

e Embedding adapter
o Parallel layer adapter
® [raining:
o Pretrain mTransformer on muiltil

o Fix mTransformer and train par
pairs

-

Output Layer

Feed Layer
Forward Adapter
Layer Norm
Self La'yer
Attention Adapter
u_ayer Norm /
<+>" """"" :
Emb
Adapter
Embedding

I

source sentence

!

/ Decoder x N Y\ .7~ Up I
--- -:_- --- -_-:_ - _: Projection
Feed ! Layer !
Forward ' = Adapter 1 ReILU
] ! I
|— ----- oo Down
Layer Norm \\\ Projelction .
| |
Cross
Attention
Layer Norm
Self La'yer
Attention Adapter
|
&ayer Norm / ,// Up O
K Projection
L M, '
: Erlnb : ReILU
. Adapter | Down
I e Projection
\ I
Embedding "\ Layer Norm
N /

T

target sentence

Zhu et al. Counter-Interference Adapter for Multilingual Machine Translation. 2021

|
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Comparing MNMT w/ Adapters

B Bilingual B mTransformer Multilingual KD [ Serial Adapter [ CIAT

e mlransformer could 38
be worse than
bilingual
Transtormer 33

e Both serial adapter
and parallel adapter
(CIAT) improves 28
mTransformer

e Parallel even beat
bilingual 23
Transformer! Serial
adapter does not.

\\NSLT XER \\NSLT ent \)510 O \)5100 En-X \NN\TG X-EN \NN\TG En-X
Zhu et al. Counter-Interference Adapter for Multlllnqual achlne Translation. 2021

18 ===
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ratio of L2 norm

Which layer-adapter are more important?
o Upper decoder layer adapter is more important

direction =@ zh2en = en2zh

Drop in perf. removing

0 . oa enc/dec adapters
i A 0 e
*1Th [y ; . RN
\‘ " 4
0.1 ' :

N

last ablated layer

2 4 6 2 4 6
first ablated layer index first ablated layer index

36



Embedding Adapter is also important!

e Embedding adapter enhance the word embedding
similarity between language pairs

model

>
= . w/ emb adapter
© 0.2
E . w/o0 emb adapter
0p)
O
=
7p
®
Oo01-
O
@)
©
>
<

0.0 -

en2ar en2fr en2de en2zh en2ru ar2en fr2en de2en zh2en ru2en

Direction 37



Benefit of MNMT w/ Adapter

e Improve the performance on MNMT, even beat Bilingual NMT

o Reducing interference among large languages
o Boost performance on zero-shot setting

e \Vith a fraction of overhead
o Bilingual Transformer-big: N x 242m

o mlransformer: 242m
o mTlransformer+Serial Adapter: 242m + N x 12.6m
o mTlransformer+parallel adapter (CIAT): 242m + N x 12.6~27.3m

e Plug-and-play: CIAT only needs to finetune adapter

38



Exploiting Model Capacity with
Language-specific Subnet




Challenge of Multilingual NMT

e Challenge: Performance degradation for rich-resource
o caused by Parameter Interference

B Bilingual B Multilingual

h Resource
. ow Resaurce

En-Tr (0.2m) En-Ta(0.6m) En-Zh(20m) En-Fr(36m)

40



Language-Specific Sub-network (LaSS

e Fach direction has
o shared parameters with other directions
O preserves its language-specific parameters

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

$

L in et al | earnina | anataae Soecific Sub-network for Multihinaual Machine ransla:mn. 2021

41



. aSS overall framework

e For each language pair s; — f;, a sub-network is selected
from base model @, indicated by a binary mask

M. . {01}

Si_)ti

En—/Zh

En—Fr

Base Model

42



How to find language-specific sub-network: Intuition

® Fine-tuning and pruning
o Fine-tuning on §; — . amplifies important weights and diminishes
the unimportant weignts.

43

l in et al | earnina | anauaae Sonecific Sub-network for Multilinaual Machine Translation 2021



How to find language-specific masks
e Start with a vanilla multilingual model @, jointly trained on

N
{ @Si_)ti} -

o For each language pair s; = t;, fine-tuning 6, on &
respectively

e Rank the weights in fine-tuned model and prune the lowest
a percent to obtain M _,,

l

Si_>ti,

44
l in et al | earnina | anauaae Sonecific Sub-network for Multilinaual Machine Translation 2021



Structure-aware Joint Traininc

e Further continue to train 6, through structure-aware
updating after obtaining M

o Create batch %, _,,
o Forward and backward with sub-network

0 t.={eg\Mf =1}

Si_)ti

full of samples from s; — 1.

Lin et al. Learning Language Specific Sub-network for Multilingual Machine Translation. 2021

45



Efficacy In alleviating Parameter Interference

e | 2SS obtains consistent gains for both Transformer-base
and Transformer-big

Transformer-base Transformer-big

B Baseline B LasSS B Baseline B LaSS
28 30
24.75 26.25
21.5 22.5
18.25 II 18.75
. .

Low Medium R|ch Medium Rich

l in et al | earnina | anauaae Sonecific Sub-network for Multilinaual Machine Translation 2021



Efficacy In alleviating Parameter Interference

® | 2SS obtains consistent performance gains.
B Vanilla Multilingual Model B LaSS ||

o IWSLT

l in et al | earnina Lanouaoe SDeCIfIC Sub network for Multlllnoual Machlne Translatlon 2021

40
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LaSS obtains large gains in zero-shot translation

e An average of 8.3 BLEU gains on 30 language pairs
e 6.5 BLEU gains for Fr—/Zh

Fr > X Results
B Baseline B LaSS

36
27
13

9

Fr—=Cs Fr—>De Fr—>ES Fr—>Ru Fr—>Zh "

l in et al | earnina | anauaae Sonecific Sub-network for Multilinaual Machine Translation 2021




Benefits of Language-specific Subnet

e The same number of parameters, no extra parameter

* Improved performance on both rich-resource and zero-shot
translation directions.

49



What do we need for larger scale?



Full Many-to-Many MNM T

 Previous many-to-many MNMT does not work well on non-
English pairs |

IS

[ Target language
S Target language -
X X
o X X
X X
English X o X
X o X
) >
00 X ) X
4°) X c
&b o X
3 . 3 X
§ X v X
;) X X
X

(b) M2M-100: Many-to-Many Multilingual Model

[AY Enalich_Cantrice NMultilinanial

[ <zh> '—#/ A [ <fr> '—bf A [ language group a ] ( )
Chaque samedi, je

a I _,[ I ,| m’assois a ma place

FREN, 7ERM shared shared language group b préférée au soleil dans

TH— N MNETE encoder decoder [ | J le café voisin.

B, RAERE [ anguage groupc |\ _ Y,

RIFRIAIE £
\_ Y \_ ) \_ ) [ language group d J

(c) Translating from Chinese to French with Dense + Language-Specific Sparse Model 51

Fan et al. Bevond Enalish-Centric Multilinaual Machine Translation. 2021



100 Langauge Benchmark

o WMIT — 13 languages

o \WAT — Burmese-English

e \WSLT — 4 languages

o - ORES— Sinhala and Nepali <—> English

e [ED—The TED Talks data set4 (Ye et al., 2018) contains translations
between more than 50 languages; most of the pairs do not include English.
The evaluation data is n-way parallel and contains thousands of directions.

o Autshumato— 11-way parallel data set comprising 10 African languages
and English from the government domain. Halt-half split.

e Jatoeba— 692 test pairs from mixed domains where sentences are
contributed and translated by volunteers online. The evaluation pairs we
use from Tatoeba cover 85 different languages.

52



Data mining for parallel corpus
e CCAligned [EI-Kishky et al 2020]

o use LASER encoder to produce sentence embedding

o for every Eng sentence, use vector search engine (e.g. FAISS) to search
candidate aligned sentence by comparing sentence embedding

o parallel or comparable web-document pairs in 137 languages alignead
with English.

e Use language family as bridge to mine
o non-English pairs

e [otal Training Data: 7.5B parallel sentences, corresponding to
2200 directions.

53



BLEU

Direction Test Set | Published M2M-100 A

Without Improvement
English-Chinese (Li et al., 2019) WMT’19 38.2 33.2 -5.0
English-Finnish (Talman et al., 2019) WMT’17 28.6 28.2 -0.4
English-Estonian (Pinnis et al., 2018) WMT’18 24.4 24.1 -0.3
Chinese-English (Li et al., 2019) WMT’19 29.1 29.0 -0.1

With Improvement
English-French (Edunov et al., 2018) WMT’14 43.8 43.8 0
English-Latvian (Pinnis et al., 2017) WMT’17 20.0 20.5 0.5
German-English (Ng et al., 2019) WMT’19 39.2 40.1 0.9
Lithuanian-English (Pinnis et al., 2019) WMT"19 31.7 32.9 1.2
English-Russian (Ng et al., 2019) WMT’19 31.9 33.3 1.4
English-Lithuanian (Pinnis et al., 2019) WMT’19 19.1 20.7 1.6
Finnish-English (Talman et al., 2019) WMT’17 32.7 34.3 1.6
Estonian-English (Pinnis et al., 2018) WMT’18 30.9 33.4 2.5
Latvian-English (Pinnis et al., 2017) WMT’17 21.9 24.5 2.6
Russian-English (Ng et al., 2019) WMT’19 37.2 40.5 3.3
French-English (Edunov et al., 2018) WMT’14 36.8 40.4 3.6
English-German (Ng et al., 2019) WMT’19 38.1 43.2 5.1
English-Turkish (Sennrich et al., 2017) WMT’17 16.2 23.7 7.5
Turkish-English (Sennrich et al., 2017) WMT’17 20.6 28.2 7.6

Average 30.0 31.9 +1.9
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. eqgo-MT: Detachable Architecture

Each branch contains a complete encoder-decoder for a language/
language group.
/ branches for central languages, and 1 branch for all languages
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Lego-MT Two-stage [raining
e st stage: training on many-to-many & one-to-many.data.._.___.
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Multi-centric Data for 433 Lanquages

* [raining Data
o 1.3B sentence pairs collected from OPUS

o 433 languages including 7 central
DataEm Ea h CeArgtr.aIZhLa.n%é .
languages 1,000 — 814,235,742 Cot

e Testing

o Flores-101 Devtest, human written -
translation pairs covering 101 languages. :

o /%85 translation directions 0

e Fvaluation Metric:
o spBLEU, same in Flores-101 Sentencepalrs

2,457,830
92,763,445

,654,270.0
208 025.0

683 531.0

Lego-MT: Learning Detachable Models for Massively Multilingual Machine Translation [Yuan, Lu, Zhu, Kong, Lei Li, Xu, ACL 2023] 99



Lego-MT Model Configuration
e Model Parameters | EGEINT

o Each Flow: 0.6B parameters
o Jotal Training Parameters:
» 9.0B = 1.2B (Mix-Flow) + 0.6 * 7 (Enc-Flow) + 0.6 * 7 (Dec-Flow)

o Inference Parameter:
» 1.2B (Each branch can be independently loaded during inference)

» We use Mix-flow for multilingual evaluation
e [raining Setting
o Max token 8000
o The training of all centric languages is conducted in random order
o Training duration:15 days on 32 A100 GPUs.

Lego-MT: Learning Detachable Models for Massively Multilingual Machine Translation [Yuan, Lu, Zhu, Kong, Lei Li, Xu, ACL 2023] 60
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LEGEIMNT 1.2B outperforms M2M-100 12B!

20 SpPBLEU

3.1 +3.3
10
0

/-to-Many Many-to-7/

B Flores-175M B M2M-100-418M B Flores-615M B V2M-100-1.2B B M2M-100-12B
B Lg-centric Fine-tuning M Multilingual Fine-tuning [ LEGO-MT(1.2B)
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Lego-MT surpasses plain ChatGPT

32 31.9 B ChatGPT W ChatGPT 8-Shot
B Lego-MT
30.2
29
27.9
26
23 l I I
20
Many-to-English English-to-Many _|_GI I“l

Lego-MT: Learning Detachable Models for Massively Multilingual Machine Translation [Yuan, Lu, Zhu, Kong, Lei Li, Xu, ACL 2023]
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