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Breaking Language Barriers
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Al Translation has increased international
trade by 10%
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World’'s 7000 Languages
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Neural Machine Translation
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Attention is all you need. Vaswani et al 2017. Sequence to sequence learning with Neural Networks. Sutskever et al 2014.



LLM for Translation
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Attention is all you need. Vaswani et al 2017.

Sequence to sequence learning with Neural Networks. Sutskever et al 2014.



Translate

Math Calculation

Summarize / \ﬁ
- - N

Polish Emaill Write Code



Outline

® [he cross-lingual impact of vocabulary sharing in LLM

e | | aMAX: Scaling LLM to 100 languages

e | iIngoLLM: training-free method to enable LLLM for
endangered languages
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Vocabulary

Word level

The most ( eager 2 is ' Oregon \ which ¢ is ) enlisting )5 , - 000 drivers ; in | the country

Char level

Sub-word level

The most eager is O re g0 n which s en list jng 5 , 000 driver s in the country

Sub-word vocabulary is the dominant choice



Tokenizer — split text into basic units

Many words don’t map to one token: indivisible.
| tokenizer

Many words don't map to one token: indivisible.

[7685, 2456, 836, 470, 3975, 284, 530, 11241, 25, 773, 452, 12843, 13]

| embedding table lookup

23 -3.2 83 54 21 39 -89 38 39 33
45 59 4.5 7.1 1.0 53 50 3.1 0.7 5.0

38 12 38 90 93 31 42 08 92 58



Popular subword vocab: Byte-Pair-Encoding

o starting from chars
o repeatedly, merge most frequent pairs to form new tokens

o until reaching a fixed size. ] i
a
raw word freq. d c ¢ e
"""""" merge ¢ merge e merge ﬁ merge h
R A A
147 Y/ Y/ ’ ’ .7 t
catch 50 @ | £> | % " i-)_—> L
: : at cat
rat 30 at at cat o
ct rat catc
rattle 40

14
Neural Machine Translation of Rare Words with Subword Units. Sennrich et al. ACL 2016



\ L= | Vocabulary Learning via Optimal Transport
e Entropy-regularized Optimal Transport ~ Jransportation matrix P

Tok
b b
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b Pb,a Pb,ab Pb,bc

subject to
C Pc,a Pc,ab Pc,bc

Vi € C]]é)]‘, Z Pi,j — P(l)

' Tok
JEn cré\

Cost matrix D

A a ab bc

VieW,| X Pj—PQU)|=c¢ 0 2
ie Char b oo In2 In2

oo In2

e Sinkhorn’s algorithm (from [Sinkhorn 1967

Xu, Zhou, Gan, Zheng, Lei Li. Vocabulary Learning via Optimal Transport for Neural Machine Translation. ACL 2021. 15



Vocabulary Sharing

English: television  Spanish: television
French: television Italian: television
Dutch: televisie Portuguese: televisao

Swedish: television Finnish: televisio

16



Embedding Finetuning for LLM

e Construct a small instruction-finetuning dataset using 10k
bilingual parallel data

e Finetune LLaMA-7B

e Examine the translation performance of
o The supervision bilingual direction (bilingual)
o All other directions (multilingual)

17



Does embedding FT promote bilingual &
multilingual translation performance?

Performance
Quadrant Case Languages
Bilingual Multilingual
Reciprocal N N cs, da, fr, de
Altruistic J 4 ar, vi, zh, ko
Stagnhant J J Km, lo, gu, te
Selfish 4 J hi

18



Fine-tuning
on bilingual
data does
not always
bring
benefits to
supervised
direction!

Multilingual Performance

—2-

Non Indo-European
e Indo-European

ar, vi, zh, ko . % o
- ®
@

@)

:..
(..
.\

Altruistic Quadrant Reciprocal Quadrant

o Stagnant Quadrant Selfish Quadrant

~10 0 10 20

Bilingual Performance

—-20




Stagnant Quadrant — Over-tokenization

e Byte-BPE (BBPE) produces longer byte level token
seguence than the number of characters

* % [tao] (gluttonous) = three tokens [227, 234, 260]

e |mplication for improvement:
o shortening: remove the common prefix 227

20



Stagnant Quadrant: expandlng vocab

shortening -=
20
15
10
O —
en—>km en—>lo en—>gu en—>te

M Full Tuning ®m Extend Vocab M Shorten



Outline

® [he cross-lingual impact of vocabulary sharing in LLM

—) e LLaMAX: Scaling LLM to 100 languages

e | iIngoLLM: training-free method to enable LLLM for
endangered languages
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The quest of multiirgual massive-lingual
LLM
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LLaMAX: continual pre-training + instruction

fine-tuning
e Combine both parallel (102) and monolingual (94) data

e Data Augmentation by Random Aligned Substitution (RAS)

—[ Parallel Data ]

____________________________________________

[source]: : Hello, today is a/good day. [source]: - -IS a-day
[target]: fR%F, SRENTHFHT [target]: fR%F, SREBNHFHT

—[ Monolingual Data ]

_____________________________________________________________

__________________________________________________________

______________________________________________________

HeIIo, today is algood day. [source]: - _ IS a - day.

[target]: Hello, today is a good day.

24

Yinquan Lu, Wenhao Zhu, Lei Li, Yu Qiao, Fei Yuan. LLaMAX: Scaling Linguistic Horizons of LLM by Enhancing Translation Capabilities Beyond 100 Languages. EMNLP 2024.



LLaMAX achieves the best overall
translation for 6<->101 langs

de-X X-de
zh-X

X-zh —— LLaMA2-7B

—— LLaMA2-13B

—— LLaMA3-8B

—— LLaMA2-Alpaca-7B
—— LLaMA2-Alpaca-13B
—— LLaMA3-Alpaca-8B
—— PolyLM

—— Yayi2

—— Towerlnstruct
—— Aya-23

—— Qwen2-Instruct
—— LLaMAX2-Alpaca
—— LLaMAX3-Alpaca

en-X X-en

az-X X-az

25
Yinquan Lu, Wenhao Zhu, Lei Li, Yu Qiao, Fei Yuan. LLaMAX: Scaling Linguistic Horizons of LLM by Enhancing Translation Capabilities Beyond 100 Languages. EMNLP 2024.



LLaMAX improves translation for unseen
Ianquaqes

30r LLaMA2 Alpaca
] l,LaMAXZ Alpa;a

En-X (seen) En-X (unseen) X-En (seen) X-En (unseen)
26
Yinquan Lu, Wenhao Zhu, Lei Li, Yu Qiao, Fei Yuan. LLaMAX: Scaling Linguistic Horizons of LLM by Enhancing Translation Capabilities Beyond 100 Languages. EMNLP 2024.



LLaMAX is a better foundation model:

retains and performs well on other multilingual tasks

80
W LLaMA2-Alpaca i

70; == LLaMAX2-Alpaca e

_________________________________________________________________________________________________________________________________________________________

X-CSQA XNLI MGSM

27
Yinquan Lu, Wenhao Zhu, Lei Li, Yu Qiao, Fei Yuan. LLaMAX: Scaling Linguistic Horizons of LLM by Enhancing Translation Capabilities Beyond 100 Languages. EMNLP 2024.



Outline

® [he cross-lingual impact of vocabulary sharing in LLM

e | | aMAX: Scaling LLM to 100 languages

— e LingoLLM: training-free method to enable LLM for
endangered languages
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LLMs cannot directly process endangered languages.

-
Translate this Manchu sentence into English:

\bi yali golame bahanarakv.

@4{/ still cannot move forward. X ]
84[1 cannot stir-fry meat. ]

30



Motivation: Using Linguistic Description in LLM

e 95% of the world’s 7000~ languages don’t have enough
data for training LLMs

e Most have a grammar book (60%) or dictionary (75%).

Large

Mandarin corpus
- Not End-
Eﬂg“Sh angered
Spanish Grammar

French Dictionary

36%

62%

75%

95%

64%

38%

25%

Small

Corpus Cherokee

End- :
angered Gaelic
No gr. \Wenzhou Wu

No Dict.  1USOM

31



MANCHU SCRIPT 59

N Vowels rendered Writing
by a grapheme initial middle final isolated
A CLASSIFIED DICTIONARY Ll oo R
H
A GRAMMAR OF ]‘"’ﬁ‘)l:‘:
AN ELVISH LANGUAGE FROM ’
J. R. R. TOLKIEN’S LORD OF THE RINGS |
.
HA'NIIMAGOOANSXWHUM
ALGAXHL .
GITKSEN ~ GITKSAN .
)
Quenya g
» s (.’,..;-5 - y q o
GITXSENIMX ~ GITXSANIMAX TO ENGLISH 7 Late Period (1950-1973)
DicTIONARY | B
LEARNER'S EDITION, VOLUME 1 1y sindarin <U®o  sindé <OE
Q. noun. Grey-elven Q. grey, pale or silvery grey
Element in sindé (p) adj. "grey, pale or silvery grey"
e Q. hwesta sindarinwa “Grey-elven hw?” (the Vanyarin dialect preserves the older
7 7 4 LotR/1123 form pind€) (WJ:384, THIN; in SA:thin(d)
\ ’ the form given is sinda, cf. also sindanériello
‘ l Elements "from a grey country" in Namdrié. Sindé and
\ Q Word  Gloss sinda_ are apparently variants of the sam
r— "y S word.) _Stem sindi-, given the primitive
nda rey-e
4 form Hthindi; cf. Sindicollo (q.v.)
DAVID SALO -rin “-ian, racial-adjective, language”
[Quettaparma Quenyallo] Group: Quettaparma
Quenyallo. Published 11 years ago by Ardalambion

[LBI/Sindarin; Let/176; Let/219; LotR/1123;
LotR/1127; LotRI/Sindarin; LRI/Sindar;

(Helge Fauskanger).




LingoLLM

Insight: Make LLLMs translate like human language learners.

Morph.
Source Sentence

E— Dict Gl LLM - lati
Analvzer orphemes 0SS ranslation
(in Gitksan) [> y dim sga-sgit [> & will block-lie- ﬁ> We will
dim sgasgitxu'm == -PASS-1PL 7, PASS-1PL @ oppose it
PY

Morphological Ana{lysE) Dictionary Mapping Grammar Book

% °9959 /txulm > Gitksan English The suffix —'m

Sy °garsgitxu-m Rop dim  wil ABChy indicates that

5sga-sqgit-PASS-1PL Z sga  block =

-
sgit lie.on =

a verb is first
person plural.
Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024.




LingoLLM Step 1: Morphological Analysis

e Turn words into morphemes:
o easler to find In dictionaries; we know their roles in a sentence.

e An example in English: Cats got your tongue.
Word Morphemes |
cats Cat+Plural
got get+Past
your  2nd.Person.Singular+Possession

tongue Tongue+Singular

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024. 34



LingoLLM Step 2: Dictionary Matching
e Find the closest match in the dictionary (not always exact)

e An example in English to Chinese: Cats got your tongue.

cats Cat+Plural Jtg+Plural

got get+Past 2 ZFl|+Past
your  2nd.Person.Singular+Possession {/R+Possession
tongue Tongue+Singular H=L+Singular

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024. 35



LingoLLM Step 3: LLM Translation

his Is a grammar book for Manchu.

Manchu has a subject-object-verb word order.

Translate the following sentence from Manchu to English:
bi yall golame bahanarakv.

Here’s the word by word translation of the words:

i — [; vall — meat; golame — stir-fry. PRESENT;

pahanarakv - cannot.PAST.IMPERFECT;

Translate the sentence into English.

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024.
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Response Selection (Acc.)
1.0

L|ngOLLM Math Reasoning (A

significantly |

Improves |
eordering (BLEU)

NLP on

endangered

languages

5 tasks, Translaticl)ori(BL

Zero-Shot GPT-4
Zero-Shot COT GPT-4

10.0 Few-Shot GPT-4

Keyword-to-Text (BLEU) B LingoLLM (ours)

8 languages

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024. 37



LingoLLM elevates LLM from no-translation to decent translation

12

10

BLEU
o))

Manchu, Gitksan, Natugu, Arapaho, Uspanteko, Tsez, Bribri, Wolof
12

10

BLEU
o))

4
| l
0 Y .

Zero-Shot Zero-Shot Few-Shot  LingoLLM  LingoLLM Zero-Shot Zero-Shot Few-Shot LingoLLM  LingoLLM

GPT-4 CoTl GPT-4 GPT-4  dict. Only Mixtral CoT Mixtral Mixtral  dict. Only

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024.
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LingoLLM Translation Case - Manchu

. Maou___________

suweni geren xusal dorgi de nikan | niyalma udu

nput goohiyan I niyalma udu

Among your many students, how many are Chinese
Reference

and how many are Korean"?
GPT4 - Every person in the military and every person in the
fewshot common people must have courage
LingoLLM How many Chinese people and how many Koreans

are there among your numerous students”?

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024. 39



LingoLLM Translation Case - Gitksan

I N <

Way ts’ax wildiinl hehl Gitwinhlguu’l it needii hasakdiitehl reserve.
“Needii hasaga’m dim dip suwii gi'namhl laxyibi'm, "dihiida.

And now even though the people of Kitwancool said they did not
Reference want the little reserve; “We don’t want to give away our land,"
they said.

INnput

GPT4 - He said, "I will stay here in Gitanyow, and you will go to the
fewshot reserve. "You Will learn to speak English well there,” he told me."

B "Although it seems that the people of Kitwancool don’t want the
INgoL.LM , . . ” .
reserve, 'We do not wish to give away our land,’” they said.

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024. 40



LingoLLM Translation Case - Arapaho

T e

INnput nihcihcee3ciitelt nilyou nuh’uuno heeneesa3i’okuutoonr’

Reference He inadvertently walked in where people were sitting.

GPT4 - 1m going to work for you tomorrow
fewshot 9o y |
LingoLLM Someone accidentally entered this room where people

SIt.

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024. 41



Can LingoLLM solve a math problem in an endangered language?

Example Problem (Manchu): Mari gi Jon juwe (2) se ajigesi,
Jon qi Jeisa sunja (5) se amba. alka Jeisa 20 se oqi, ere ilan
(3) sarganjui | se be uheri agagi yagese ombi*?

Example Problem (English): Mary is two years younger than
Joan, who is five years older than Jessa. If Jessa is 20 years
old, what is the sum of the ages of the three qirls”

Zhang, Choi, Song, He, Wang, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024.
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LingoLLM solves a math problem by translating it first

Original Problem: Baldur gets water from a well. He gets 5
pails of water every morning and 6 pails of water every
afternoon. If each pail contains 5 liters of water, how many
liters of water does he get every day?

LingoLLLM translation from Manchu: Balder, early in the
morning, picks up water from the well. He takes five buckets
INn the evening, and six buckets in the morning. If one bucket
equals five bowls, how many bowls of water does he get in a
day?

43
Zhang, Choi, Song, He, Wana, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024.



LingoLLM Manchu gets close to English in math

Manchu Math
100%

90%
80%

70%
60%
50%
40%
30%
20%

0%

Zero-Shot  Zero-Shot CoT Few-Shot GPT4  LingoLLM  GPT4 - English
GPT4 GPT4 Input

Zhang, Choi, Song, He, Wana, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linguistic descriptions. ACL-Findings 2024.

Accuracy
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LingoLLM performs well in multiple tasks and
languages.

0.9 9

Accuracy (Response Selection) BLUE - Keyword to Text BLEU.- Word Reordering

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

0

30
20
Zero-Shot Zero-Shot LingoLLM  English Input 0 0

CoT Zero-Shot Zero-Shot CoT Few-Shot LingoLLM Zero-Shot Zero-Shot CoT Few-Shot LingoLLM

(o]

~N

[e)]

w

I

w

N

=

45
Zhang, Choi, Song, He, Wana, Li. Hire a linguist!: Learning endangered languages in LLMs with in-context linquistic descriptions. ACL-Findings 2024.



Summary

¢ \/ocabulary sharing leads to different four-quadrant impact
o Altruistic: bilingual fine-tuning improves other language
o Stagnant: shortening helps

e | | aMAX: Scaling LLM to 100 languages

o do not expand vocab!
o combining both bilingual and monolingual
o data augmentation

e | ingoLLM: using morphological analyzers, dictionaries, and
grammar books to enable LLM for endangered languages

47



Multilingual Translation @ Li-Lab
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Training Evaluation Deploy
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Crossing Barriers for 1000 Languages

e 1: Democratizing MT for
extremely-low resource

?
languages -
<10k parallel sentences A GG - ff
Inuktitut nglis e
e 2: Low-latency Streaming =N ?}ﬁwe L ,
. netis ortu ueSs%anish Macedonian iRl -
Speech Translation i Pore q i 'rCh
Spanis French uan
<100hrs speech-text data . 9 e Kanla? s
Chamorro
e 3: Efficient, low-cost Bpnh e Sl Shole gy g Mol
: Portuguese Portugues? Motu
Translation o = B
Spanish Zulu ?
Maori

? understudied 49



Challenges

e Script: Endangered languages may have rare scripts and

orthography.

rgivalaci -

tenteke suija l?n-;{a banin inu untuhun 55{3 3Czbl dUIT'SUl

q”
untuhun . 9 ~untuhun
uthal untuhun uthai duEun inu. dursun ci encu akua.

TLLTTiTiiTy.

50



Challenges

e Script: Endangered languages may have rare scripts and
orthography.

e Speech: Endangered languages may only be spoken and not
written. It’'s more useful If we process speech.

e OCR: Many dictionaries and grammar books are not well-digitized.

e Agentic: LingoLLM may perform better if it can locate context more
autonomously with given tools, instead of following a fixed workflow.

51



Towards Scaling Large Language Models to
1000 Languages

MRASE WACO
LEGRINT N »
amax &

VOLT

https://lellilab.github.io



https://leililab.github.io/

