
The Road Towards Massively 
Multilingual Large Language Models

François Yvon - ISIR (Sorbonne Université, CNRS, INSERM)


BUCC @ LREC 2024, Torino

Licensed under CC BY-NC-SA 4.01



Monolingual LLMs
Learning parameters on large monolingual corpora with auxiliary tasks and natural 
annotations

1. Predict next word given prefix: pure decoder
Longtemps je me suis couché [mask] - unmask=‘de’, train  

(eg. GPT*, OPT, GPTJ, PALM*, LLAMA*, Mistral*)
Pθ(wt |w<t)
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Monolingual LLMs
Learning parameters on large monolingual corpora with auxiliary tasks and natural 
annotations

1. Predict next word given prefix: pure decoder
Longtemps je me suis couché [mask] - unmask=‘de’, train  

(eg. GPT*, OPT, GPTJ, PALM*, LLAMA*, Mistral*)
Pθ(wt |w<t)

2. Predict missing word given bidirectional contexts : pure encoder
Longtemps je me suis couché [mask] bonne heure- unmask=‘de’, train  

(eg. BERT, Roberta, CamemBERT, FlauBERT, etc)
Pθ(wt |w−t)

3. Denoising sequence to sequence : encoder-decoder

Longtemts je couché suis de bnone heur || Longtemps je me suis couché de bonne heure 
train  (eg. BART, T5, etc)Pθ(w | w̃) = ∏

t

P(wt |w<t, w̃) +Alt. auxiliary tasks 
• NSP

• span prediction (eg. SpanBERT)

• corruption detection  (eg. Electra)2



Using Monolingual LLMs
1. Fine-tuned task-adapted model: hϕ,θ = hϕ( fθ(w); c)

1+2. Multi-task fine-tuning with prompts a.k.a instruction tuning3



Using Monolingual LLMs
1. Fine-tuned task-adapted model: hϕ,θ = hϕ( fθ(w); c)

2. Multi-purpose text generation via prompting

1+2. Multi-task fine-tuning with prompts a.k.a instruction tuning3



‘‘Holistic’’ evaluation

Multifacet Evaluation 
• tasks, bias, fairness, openness, etc.


Holistic Evaluation of Large Language Models (Liang et al, 2022)

4

https://crfm.stanford.edu/helm/latest/


Types of LLMs

source: https://abiaryan.com/posts/intro-llms/

Naveed, H., Khan, A. U., Qiu, S., Saqib, M., Anwar, S., Usman, M., ... & Mian, A. (2023). A 
comprehensive overview of large language models. arXiv preprint arXiv:2307.06435.
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Also 
•derivatives (fine-tuned, aligned)

•augmented (RAG, Tools, KBs)

•speech, image, video

•multimodal (text+image, +video)

•code, bio-chem, material, actions, …

Types of LLMs

source: https://abiaryan.com/posts/intro-llms/

Naveed, H., Khan, A. U., Qiu, S., Saqib, M., Anwar, S., Usman, M., ... & Mian, A. (2023). A 
comprehensive overview of large language models. arXiv preprint arXiv:2307.06435.
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Multilingual LLMs: mLLMs
Learning parameters with large multilingual corpora, auxiliary tasks and natural annotations

A Survey on Multilingual Large Language Models: Corpora, Alignment, and Bias (Xu et al., IEE TNNLS, 2024)6

https://arxiv.org/pdf/2404.00929.pdf
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Pθ(wt |w<t)

1. Predict next word given prefix: pure decoder

2. Predict missing word given bidirectional contexts : pure encoder
(eg. mBERT, XLM-Roberta, etc)

3. Denoising sequence to sequence : encoder-decoder
(eg. mBART, mT5, …, M2M) + Complementary objectives to align languages 

• parallel corpora (TLM loss, MT loss)

• bilingual dictionaries

• synthetic mixed-language data

• script normalization (romanization, transliteration)

A Survey on Multilingual Large Language Models: Corpora, Alignment, and Bias (Xu et al., IEE TNNLS, 2024)6

https://arxiv.org/pdf/2404.00929.pdf
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Using Multilingual LLMs
1. Fine-tune task-adapted models on L1 and process L2 with zero-shot model transfer 

2. Multi-purpose, multilingual text generation via prompting

mLLMs are a blessing 
• hardly more difficult than mLLMs

• excel in multilingual tasks

• enable X-lingual transfer 

Only requires annotations in L1
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mLLMs need multilingual texts
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mLLMs need multilingual texts

Subword tokenizers are trainable 
• require mixed-language, mixed-script training corpora

• parameter sharing for same-script languages

• larger language get more units, are better segmented, perform better

8



LMM tokenization: fertility

 Tokenizer evaluation on European Langauges (Occiglot 2024)

0

1.75

3.5

5.25

7

English Catalan French Italian Portuguese Romanian Spanish Dutch German Greek Ukrainian

Mistral LLama Phi Gemma
|V|=32k |V|=32k |V|=51k |V|=260k
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https://occiglot.eu/posts/eu_tokenizer_perfomance/


Multilingualism in tokenizers

 GlotScript: A Resource and Tool for Low Resource Writing System Identification (Kargaran et al, proc LREC COLING 2024)

10

http://www.apple.com/fr/


mLMMs: m = ? 

Examining Model Cards
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mLMMs: m = ? 

Examining Model Cards

in 46 languages
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Multingualism in LMMs

 : monolingual LLMs 
- ara: AraBERT, JASMINE, …

- eng: BERT, ELMO, GPT-2,T5, …

- fra: CamemBERT, BARThez, GPT-FR

m = 1
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Going Beyond Language 
counts

13



 

Language distributions in mLLMs
Comparing published statistics is *hard* 

• variability in language / variety names (and scripts)

• errors in LID

• units of measures (tokens vs. bytes vs. #docs)

• corpus building details (genre matters)

• language sampling details


When the information is even given…

A Survey on Multilingual Large Language Models: Corpora, Alignment, and Bias (Xu et al, 2024)

Only correct solution: go back to data (if possible)… and count

14

https://arxiv.org/pdf/2404.00929.pdf


1. Select reliable sources
• curated multilingual corpora

• new data crawls 
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• excludes toxicity by design 

Glot500: design choices
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1. Select reliable sources
• curated multilingual corpora

• new data crawls 

• multiple domains: web, news, science, 


religion, etc

• excludes toxicity by design 

Glot500: design choices
2. Language Identification
• per sentence LID

• joint detection of language + script

4. Final selection = Glot500-c
• > 30k sentences

• from 2000+ to 511 language / 34 scripts

• 610Gb of text 1.5b sentences

• head vs. tail languages

• 1000 dev+test sentences / language

3. Chunks and sentence 
• high character repetitions

• normal / special char ratios

• insufficient number of words  

• wrong language / script

• char LM filtering

• duplicate removal

15



Glot500-c: m = 511 languages

Usual suspects
Minority script
Minority variety

Minority language 

100 ‘‘head’’ 
411 ‘’tail’’
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Language ID is key

2. Language Identification

• per sentence LID

• joint detection of language + script

17



Language ID is key

Is this reliable ? Will it scale ? 
Also domains ? genres ?

2. Language Identification

• per sentence LID

• joint detection of language + script

17



Auditing data with GlotScript

Script-languages mismatches detection finds many errors 18



Existing tools are limited

Fastext LID 176
Compact Langage Detector 107
whatlang 69
OpenLID 200
franc-s 82 
franc-m 187
franc-l 417

Language Identification at scale

Quality at a Glance: An Audit of Web-Crawled Multilingual Datasets (Kreutzer et al, 2022),

19

https://fasttext.cc/docs/en/language-identification.html
https://github.com/google/cld3
https://github.com/greyblake/whatlang-rs
https://github.com/wooorm/franc
https://github.com/wooorm/franc
https://github.com/wooorm/franc
https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00447/109285/Quality-at-a-Glance-An-Audit-of-Web-Crawled
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Other issues 
• speed

• implementation / deployment

• lack of openness

• lack of documentation

• lack confidence estimation

• lack of rejection model

• errors

Designing your own 
• selecting / naming languages

• curating corpora

• the language mix, again
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Train corpus (V1.0)  
• >1800+ languages scripts

• multiple reliable sources

• mixture of domains:

• Wikipedia

• religious texts

• collaborative translations

• academia

• storybooks

• news sites

Training and testing GlotLID

Implementation: FastText 
• linear classifier

• char & word n-gram features 

• highly optimized for speed 

(training and inference)

• use with a pinch of salt

Bag of Tricks for Efficient Text Classification (Joulin et al., EACL 2017)

20

Test data  
• GlotLID-c (testset) (1800+)

• Universal Declaration of Human 

Rights (UDHR) (204)

• Flores 200

https://aclanthology.org/E17-2068


Language verification

Closed set assumption 
• set of possible languages known (differs for each baseline) 

Benchmark

LID

21



Language verification

Closed set assumption 
• set of possible languages known (differs for each baseline) 

Corpus building for low-resource languages 
• Negatives >> Positives

• FPR matters

• F1 not important for HR

Benchmark

LID
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Evaluating GlotLID

Benchmark/Web

LID

- rejection + rejection

Open set assumption : a realistic setting  
- set of possible languages is unknown 

- rejection matters

22



Language Identification unsolved

Kargaran et al 2023: https://arxiv.org/abs/2310.16248
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Language Identification unsolved

Kargaran et al 2023: https://arxiv.org/abs/2310.16248

New issues 
• more realistic data (register, domains, etc)

• code-mixed inputs

• improved calibration

https://huggingface.co/spaces/cis-lmu/glotlid-space
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Data unbalance in mLLMs
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Data unbalance in mLLMs

mT5 BLOOM

0 2 4 6 8 10 12

Percentage (%) in no. documents

Russian
German
Spanish

Japanese
French

Chinese
Italian

Portuguese
Dutch
Polish
Czech

Indonesian
Turkish

Vietnamese
Swedish
Persian
Arabic

Romanian
Modern Greek

Korean
Others

13.19%

10.81%

9.45%

9.03%

8.88%

8.46%

4.69%

4.27%

3.42%

3.17%

2.01%

1.91%

1.89%

1.61%

1.45%

1.31%

1.21%

1.09%

1.07%

1.04%

11.08%

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Percentage (%) in disk size

Russian
German

Japanese
Spanish
Chinese
French
Italian

Portuguese
Polish
Dutch

Indonesian
Turkish

Vietnamese
Czech

Persian
Modern Greek

Swedish
Arabic

Romanian
Hungarian

Others

17.5%

9.32%

9.31%

9.05%

8.9%

7.48%

4.31%

3.87%

2.86%

2.62%

2.13%

1.82%

1.8%

1.71%

1.49%

1.36%

1.35%

1.18%

1.1%

1.07%

9.76%

RefinedWeb: The RefinedWeb Dataset for Falcon LLM (Penedo et al, 2023)

CommonCrawl
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Data unbalance in mLLMs

A Survey on Multilingual Large Language Models: Corpora, Alignment, and Bias (Xu et al., IEE TNNLS, 2024)25

https://arxiv.org/pdf/2404.00929.pdf


‘‘there is no multilingualism, 
only proofs of multilingualism’’

26



(« pu

Training Glot500-m

Starting point: XLM-R-(B)
• 100 head languages

• « Pure encoder »

• Trained on CommonCrawl with MLM loss

• 250k vocab with SentencePiece (SP)

• base (270m) and large (550m) parameters
Unsupervised Cross-lingual Representation Learning at Scale (Conneau et al., ACL 2020)

An ‘’academic’’ configuration

27
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Training Glot500-m

Starting point: XLM-R-(B)
• 100 head languages

• « Pure encoder »

• Trained on CommonCrawl with MLM loss

• 250k vocab with SentencePiece (SP)

• base (270m) and large (550m) parameters
Unsupervised Cross-lingual Representation Learning at Scale (Conneau et al., ACL 2020)

Extended subword vocabulary
• train SP model on Glot500-m (250k)

• temp = 0.3  

• merge « old » and « new » types

• 401k vocabulary

Training regime
• random language mixtures (temp = 0.3)

• MLM loss

• no change in model size

• two weeks of computation   

An ‘’academic’’ configuration

27

https://aclanthology.org/2020.acl-main.747


Proofs of multiligualism

mLLMs as representation learners
• recovering good bilingual associations

• yielding good (word, sentence) alignments

• encoding linguistic features

• effective cross-lingual performance

mLLMs for text generation
• good models of multilingual texts

• good machine translation systems

• generating realistic mixed-language

mLLMs as a set of monolingual models

A wealth of multilingual benchmarks
• XTreme, XTreme-R, XTreme-Up

• X-GLUE

• Mega, MegaVerse

• BUFFET

Xtremeup: A User-Centric Scarce-Data Benchmark for Under-Represented Languages (Ruder et al, 2023)

28

https://arxiv.org/abs/2305.11938
http://www.apple.com/fr/


Proofs of multiligualism

mLLMs as representation learners
• recovering good bilingual associations

• yielding good (word, sentence) alignments

• encoding linguistic features

• effective cross-lingual performance

mLLMs for text generation
• good models of multilingual texts

• good machine translation systems

• generating realistic mixed-language

mLLMs as a set of monolingual models

A wealth of multilingual benchmarks
• XTreme, XTreme-R, XTreme-Up

• X-GLUE

• Mega, MegaVerse

• BUFFET

Xtremeup: A User-Centric Scarce-Data Benchmark for Under-Represented Languages (Ruder et al, 2023)

Require annotated benchmarks - possibly via MT
28

https://arxiv.org/abs/2305.11938
http://www.apple.com/fr/


PPL is a weak signal
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PPL is a weak signal

German, Japanese, Russian are not in BLOOM (in blue)
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PPL is a weak signal

German, Japanese, Russian are not in BLOOM (in blue)
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Perplexity	gain	(xlmr	-	glot500)

``losers’’ (87)

``winners’’ (424)
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Unsupervised Cross-Lingual Representation Learning (Ruder et al., ACL 

mReps yield good alignments

Bilingual Lexicon Induction with context independent models
30

https://aclanthology.org/P19-4007


mReps yield good alignments

Similarity  Alignment 
+ monotonicity, low distortion

+ symmetry, low fertility, ‘‘pigeon hole’’ principle

⇒
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Sentence level

mReps yield good alignments

Similarity  Alignment 
+ monotonicity, low distortion

+ symmetry, low fertility, ‘‘pigeon hole’’ principle
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SimAlign: High Quality Word Alignments Without Parallel Training Data Using Static and Contextualized Embeddings (Jalili Sabet et al., Findings 2020)

Word level

Sentence level

mReps yield good alignments

Similarity  Alignment 
+ monotonicity, low distortion

+ symmetry, low fertility, ‘‘pigeon hole’’ principle

⇒
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https://aclanthology.org/2020.findings-emnlp.147


Assessing alignment
Sentence Retrieval
• Tatoeba (68 head, 28 tail), acc@10

• Bible (94 head, 276 tail), acc@10


Find nearest foreign neighbor in multilingual 
space for 1000 (resp. 500) English sentences

Requires parallel data 

Round trip Alignment

• Bible (95 head, 288 tail), acc@10


Word SimAlign

Report exact matches, averaged over 5 runs 

Requires parallel data

L1 → L2 → L3 → L4 → L1

Unsupervised multilingual evaluation 

32



Assessing alignment

Glot500-m vs XLM-R

• outperforms all models on average

• better than XLM-R-B for head languages

• much better than XLM-R-* for tail languages

Caveats

• Only ~ 100 Tatoeba languages

• Tatoeba & Bible are very peculiar

• RTT is very hard 

33



Zero-shot X-lingual transfer

34



Zero-shot X-lingual transfer
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Zero-shot X-lingual transfer

Similar representations 

Identical labels 

⇒
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Evaluating zero-shot transfer

Sentence labeling

• NER (89 head, 75 tail), F1 using wikiAnn

• POS (63 head, 28 tail), F1 using UD


Zero-shot transfer from English

Requires gold labels

Text classification

• Sentence Classification (90 head, 284 tail) F1 
using Taxi1500


Zero-shot transfer from English

6-way classification for test data (Bible) 

Standard benchmarks with fine-grained annotations 
Mostly head languages

Taxi1500: A Multilingual Dataset for Text Classification in 1500 Languages 

C Ma et al  (2023) arXiv preprint arXiv:2305.08487,
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Improving tail languages

Glot500-m vs XLM-R
• outperforms all models on average

• better than XLM-R-B for head languages

• much better than XLM-R-* for tail languages

Also
• are averages that informative ?

• tail language scores remain poor

36



Where Glot500-m helps (or doesn’t)

``Winners’’:

• Languages not in 

XLM-R + large 
training data


• Scripts not in XLM-R

• ‘‘Cluster’’ effects


``Losers’’:

• Neighbors or 

superclass in XLM-R

• Small training data
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Glot500-m: complementary results

One language, two scripts
Analysis per language family

Also: the ‘‘curse of multilinguality’’  
Check paper for complete results / language

Sentence Retrieval Bible

38



Glot500-m: what coverage?

Number of tasks evaluated
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Glot500, some lessons learned

Limitations
• corpus selection and curation

• subword vocab size and training

• language choices

• filtering strategies 

To be continued

• analysis of results

• analysis by langage families / scripts

• linguistic analysis of representations

• evaluation of text generation abilities

A useful artefact
• extends the scope of ‘’modern’’ NLP for tail 

languages

• open-source, documented corpus collection


https://huggingface.co/cis-lmu/glot500-base40



mLLMs are still a wonder

         

Open question and issues 
mLLMs: more than a collection of monolingual models ?

• which linguistic properties help / break transfer?

• how critical is alignment? parallel data?

• how to measure positive / negative interference?

• how to measure language coverage?

• how to measure non-linguistic biases ?

• racial, social, cultural, etc
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mLLMs: more than a collection of monolingual models ?

• which linguistic properties help / break transfer?

• how critical is alignment? parallel data?

• how to measure positive / negative interference?

• how to measure language coverage?

• how to measure non-linguistic biases ?

• racial, social, cultural, etc

What we need to do 
• more tools (lid, cs id, variety id, etc)

• massively multilingual benchmarks

• better models of heterogeneous data 

• more diverse samples of language use


• rethink data collection, evaluation and 
scores


How about actual multilingual tasks?

• machine translation

• generating code-switched language

• summarization from multilingual texts


What happens with multi-step training? 
• Effect of multilingual finetuning 

• Effect of multilingual instruction tuning

• Effect of multilingual alignment 

How about the ``curse of multilinguality’’ ?  

• impact of language distributions ?

• impact of model size?

• impact of vocabulary size?
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A final word of caution

Towards ‘’the next 1000 languages’’, really ?

The State and Fate of Linguistic Diversity and Inclusion in the NLP World (Joshi et al., ACL 2020)42

https://aclanthology.org/2020.acl-main.560


A final word of caution

Towards ‘’the next 1000 languages’’, really ?

The State and Fate of Linguistic Diversity and Inclusion in the NLP World (Joshi et al., ACL 2020)Local Languages, third spaces, and other high-resource scenario (Bird, 2022) 42

https://aclanthology.org/2020.acl-main.560


Conclusions & Take aways

60,000

50,000

40,000

30,000

20,000

10,000

= Official EU language
= Official national language without being an official EU language
= Regional or minority language

mLLMs can boost LTs for ``tail’’ languages 
multilingual abilities remain poorly understood
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