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Multilingual LLMs

Why do we train Multilingual LLMs?
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Multilingual LLMs

Why do we train Multilingual LLMs?

. Accessibility to technology for speakers across the Globe &

¢ Efficiency: more sustainable than training a model for each language

¢ Cross-lingual transfer learning
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MUltilingual LLMS: Cross-l_ingual Transfer source: https://arxiv.org/pdf/2205.04086

Model share knowledge of multiple oy
languages en L

Fine-tuning or instructing the fy 3 ,
model for a task in one language
enables solving it for another one ES o

ga te
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https://arxiv.org/pdf/2205.04086v1.pdf

MUltilingual LLMS: CrOSS-Lingual Transfer source: https://arxiv.org/pdf/2205.04086

Model share knowledge of multiple oy
languages. en L

Fine-tuning or instructing the fy 3 ,
model for a task in one language
enables solving it for another one. ES o

Not yet fully understood, but we
have some clues!

ga te
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Multilingual LLMs: Cross-Lingual Transfer

How to pick the right model for my* language?

* For English speakRers: my friend’s language
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Multilingual LLMs: Cross-Lingual Transfer

How to pick the right model for my* language?

¢ Check if model claims to support it

* For English speakers: my friend’s language
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Multilingual LLMs: Cross-Lingual Transfer

How to pick the right model for my* language?

¢ Check if model claims to support it

¢ Check the training or fine-tuning data

¢ Check data for similar languages

* For English speakers: my friend’s language
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Multilingual LLMs: Cross-Lingual Transfer

How to pick the right model for my* language?

¢ Check if model claims to support it

¢ Check the training or fine-tuning data
¢ Check data for similar languages

« Check tokenization

* For English speakers: my friend’s language
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Let’s Talk About Data




Multilingual LLMs: Data

Languages hugely differ
In data availability.
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source: https://arxiv.org/pdf/2004.09095
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M u lti li n gu al |_ LM S: Data source: https://arxiv.org/pdf/2004.09095

Languages hugely differ

In data availability.
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1. How resourceful is your language?

2. Do you think that it is underrepresented?
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How Resourceful is Your Language?

Group Speakers Languages
5 2.5B English, Spanish, German, French, Arabic, Mandarin
4 1.6B Russian, Hungarian, Vietnamese, Czech, Polish, Persian,
Hindi
3 1.1B Indonesian, Ukrainian, Hebrew, Cebuano, Slovak
2 300 M Irish, Maltese, Lao, Zulu, Amharic
1 1B Cherokee, Fijian, Greenlandic, Navajo, Macedonian
0 1B Dhalo, Warlpiri, Popoloca, Wallisian, Bora
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How Resourceful is Your Language?

Group Speakers Languages
5 2.5B English, Spanish, German, French, Arabic, Mandarin
4 1.6B Russian, Hungarian, Vietnamese, Czech, Polish, Persian,
Hindi
3 1.1B Indonesian, Ukrainian, Hebrew, Cebuano, Slovak
2 300 M Irish, Maltese, Lao, Zulu, Amharic
1 1B Cherokee, Fijian, Greenlandic, Navajo, Macedonian
0 1B Dhalo, Warlpiri, Popoloca, Wallisian, Bora
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Multilingual LLMs: Data

How to balance data?
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XLM-R GPT-3

[0 English [ Russian [0 Persian [0 English [0 German [ ltalian

[ Viet 3 Indonesi [ Romanian [ French [0 Spanish [0 Portugese
BLOOM PALM

0 English 3 French [ Code [ English [ French [ ltalian
[ Chinese ~ [ Spanish [ Portuguese [ German  [EEH Spanish [ Dutch
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Multilingual LLMs: Data

How to balance data?

Continue collecting!
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GPT-3

nglish [ Russian [ Persian [ English [ German [ lItalian
fiet [ Indonesi [ Romanian [ French [0 Spanish [ Portugese

< m

BLOOM

[ English [ French 3 Code [ English [ French Italian
[ Chinese ~ [ Spanish [ Portuguese [ German  [EEH Spanish [ Dutch
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Multilingual LLMs: Data

GPT-3

How to balance data?

Continue collecting!

Popular approach is up-sampling

3 English [ Russian [ Persian [0 English [ German 3 ltalian
ietnamese ndonesian omanian [ French [ Spanish [0 Portugese
of low-resource languages. Y e B
(8

p; . ng

0% ==y — With pi=—x—
(8]
Jj=1 p] Ek=1 Nk PALM

UNIMAX: Even stronger up-sampling
To match underrepresented langs.

Z

0 English 3 French 3 Code 3 English [ French [ ltalian
[ Chinese [ Spanish [ Portuguese [ German 3 Spanish [ Dutch
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Mu lti li ngual LLMS: Data source: www.ruder.io
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https://www.ruder.io/state-of-multilingual-ai/

DO MO no li n gu al MOd e lS EXi St? source: https://arxiv.org/pdf/2204.08110

Monolingual models show some

. oy mxx T5 Data
relatively good multilingual @@, BERT Data
Capabilities. 100M - NN RoBERTa Data

10M

Num. Tokens

One explanation of this phenomena
are contaminations: .

l.e. every monolingual model always
contain a some samples from other e
languages.

Share of non-English data
in English corpora
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https://arxiv.org/pdf/2204.08110

DO MO no li ngu al MOd e ls EXi St? source: https://arxiv.org/pdf/2204.08110

Monolingual models show some
. oy mxx T5 Data
relatively good multilingual @@, BERT Data

capabilities. 100M - e RoBERTa Data

10M

Num. Tokens

™

Share of non-English data
in English corpora
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Languages Are Different




Multilingual LLMs: Variability of Languages

Order of Subject, Object, Verb throughout languages

@sov
®svo
Ovso
{vos
$ovs
@osv

() No dominant order
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source: https://wals.info
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https://wals.info/feature/81A

MUlti lingual LLMS: Variability of Languages source: https://arxiv.org/pdf/1911.03310

Transfer tends to be better between

pairs of typologically related
languages
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MUlti lingual LLMS: Variability of Languages source: https://arxiv.org/pdf/1911.03310

Transfer tends to be better between

pairs of typologically related
languages

Another issue to consider:
writing system
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Remember about Tokenization




Mu lti li ngu al LLMS: TO ke n izatio n source: wikipedia.org

H5h¥ (Katakana)

1)
is ‘p,

1‘;* g ‘J"i (Kana & Kanji)
F

=y ’,__(Chmase) ‘-

-  @v->
Ly .h Msh“) ® LAILTA % (Zhuyin)

!
) el G W\ *9)  QreaLaM AT (Beybayn Tagalos)
K s D, () \ ‘\ 7
: (OICemet) ) '

mp_lwég Lﬂwﬂ#’” 2 B comen (Hauumo)

(Malayalam)
‘ Cyrillic X - o (smnm)
. Hangeul (featural) i m......x mt,
lmtarﬁ’N

. Latin

. Arabic zlmm.
‘ Other abjads

. Devangari
 Other abugidas

. Greek

. Other alphabets
@ syiiabaries

Chinese logographies

(Sunﬂanese? DNER

MNMENKL (Balinese) o®
(Javanese) \ N .
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https://en.wikipedia.org/wiki/List_of_writing_systems#/media/File:World_alphabets_&_writing_systems.svg

Mu lti li ngu al LLMS: TO ke n izatio n source: wikipedia.org

h.“ ® LAILTAT & (Zhuyin)

v sh)
aaaaaa £
S \,«\\ QeQUEM AT (Baybayin Tagslog)

) : 4 V. ‘5 wﬁ)m uuuuu /‘L\ Z:
. Latin d : : : ] & (ke
 cyrillic ¢ ehiopio
. Hangeul (featural) i
. Arabic
. Other abjads

. Devangari
 Other abugidas

. Greek

. Other alphabets
. Syllabaries

aaaaaa

Chinese logographies
L.

Beware of out-of-vocabulary tokens or [UNK]s @ @ @

NPFL140 - LLM Multilinguality 28



https://en.wikipedia.org/wiki/List_of_writing_systems#/media/File:World_alphabets_&_writing_systems.svg

M u lti li ngu al LLMS: TO ke n izatio n source: own analysis

140 Language
E en . pl BN he
N de BN uk . yi
120 o oy e s

Avg. Sent Segmentation

mt5 umt5 bloom gemma llama xglm mistral llama2
Tokenizer
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Multilingual LLMs: Tokenization

e Oversegmentation increases
computation cost for low-resource
languages

e Splitting into smaller chunks
deteriorates performance

e Less fine-tuning examples fit the
context window

NPFL140 - LLM Multilinguality

source: https://arxiv.org/pdf/2305.13707

What is the Moia gival n
capital of TpwWTEUOUCA
Morocco? ToUu Mapokou;?

\d \

What is the @@oi0 ©OOOva. €O
capital of @€@pu1:@QPoPVPoa 10906
Morocco? 990 p9Ox099;°

\ *
[©©))

& &

The capltal of
Morocco is Rabat

H mpwrelouoa Tou
Mapokou givai n TOAn

Paptrdr, fj emiong
yvwoTh wg Pautrdr ZaAé.
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LLMs for Machine Translation




LLMs for Machine Translation

Closed models (GPT-4) perform

quite well

Open models need multilingual
data and instruction tuning

(ALMA, TowerlInstuct)
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Avg. Reference-Free Eval Scores

source: https://arxiv.org/pdf/2401.08417

86 - ALMA-13B-R (Ours) GPT-4-1106-preview
CRO- e tiging WMT winners
ALMA-13B-LoRA Google Translate
84 - GPT-3.5-text-davinci-003
MADLAD-10B
- NLLB-3.3B
80 1
78
Bayling-13B
76
74 4 Vicuna-13B-1.1
LLaMA-1-13B
LLaMA-2-13B
BigTranslate Gold Reference
72 A
13B Other Sizes

Model Size (B)
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LLMs for Machine Translation: Evaluation

Outperform dedicated MT models

90
80
Better in translation to English %70
than from English translation 60
50

Perform well on tasks other than

machine translation
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source: https://arxiv.org/pdf/2401.08417

XX=en 33,9084-59 85.4686'56
en—-xx
77.16
75.01 75.43
7111
67.47 68.54 68.88
64.37
61.10 59.80 60.94
50.67
:\% :\% :\% :\% :\Q; :\% <’),0 (,)',\
g & N >y v o %3
o ¢ & N A S
QY < & o2 ©
Models
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LLMs for Machine Translation: Evaluation

Can be better than reference from multilingual parallel data

Source: *X /& H ] (Martelly) PU A 3K 25 11 /K A ZE i ol B %2 25 7% 1 2= (CEP),
Reference: It is Martelly's fifth CEP in four years.

ALMA-13B-LoRA: This is Martelly's fifth time being selected by the Provisional
Electoral Council (CEP) in four years.

GPT-4: This is the fifth time Martelly has been selected for Haiti's Provisional
Electoral Council (CEP) in four years.
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