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Large Language Models

What we talk about when we talk about LLMs 
(1) LLMs model text and can be used to generate it based on input context, i.e. by selecting the tokens that are 

the most likely given the partial context provided as input (either masked or as a prompt). The text can be in 
any modality — as characters, audio waves, pixels, etc.


(2) LLMs receive large-scale pretraining, where ‘large-scale’ refers to the pre-training data rather than the 
number of parameters. The exact threshold for LLM-qualifying volume of data is necessarily arbitrary, and we 
propose setting it to 1B tokens (inspired by Chelba et al. (2013)). As such, we consider BERT (Devlin et al. 
2019) to be an LLM, given that it was trained on a corpus containing 3.3B tokens.


(3) LLMs make inferences based on transfer learning: LLMs are meant to be adaptable to many tasks, given 
that their language modeling objective (i.e. pre-training) encodes information that can then be leveraged in 
other tasks. This adaptation can be done in different ways – currently, two of the most popular ones are fine-
tuning, as in BERT (Devlin et al. 2019), or prompting, as in GPT-3 (Brown et al. 2020a).

Mind your Language (Model): Fact-Checking LLMs and their Role in NLP Research and Practice (Luccioni, Rogers, 2023) arXiv e-prints, arXiv: 2308.07120

https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=5oCYOE0AAAAJ&sortby=pubdate&citation_for_view=5oCYOE0AAAAJ:YFjsv_pBGBYC


Monolingual LLMs
Learning LLMs 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*)

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)



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

2. Multi-purpose text generation via prompting



The race for scores

Evaluation better be « holistic » 
• tasks, bias, fairness, openness, etc.


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

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


The race for size

Using deepspeed and Megatron to train Turing-NLG-530

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.

Size related to « depth » and « thickness » 
• Larger LLMs have better (emerging ?) « performance »

• Also: higher environmental footprint

https://developer.nvidia.com/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-worlds-largest-and-most-powerful-generative-language-model/


Multilingual LLMs: mLLMs
Learning mLLMs parameters with large multilingual corpora, auxiliary tasks 
and natural annotations

1. Predict next word given prefix: pure decoder
(eg. mGPT, XGLM, BLOOM, PALM-2, Falcon)

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

3. Denoising sequence to sequence : encoder-decoder
(eg. mBART, mT5, etc)

Complementary objectives to bridge between languages 
• parallel corpora (TLM loss, MT loss)

• bilingual dictionaries

• synthetic mixed-language data



mLLMs need multilingual texts

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

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

• parameter sharing for same-language scripts



Using Multilingual LLMs
1. Fine-tune task-adapted models on L1, use it to 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 annotation in L1



mReps are very useful

X-lingual transfer 
(zero-shot)



Unsupervised Cross-Lingual Representation Learning (Ruder et al., ACL 2019)

Multilingual representations 
make good alignments

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 are very useful

https://aclanthology.org/P19-4007
https://aclanthology.org/2020.findings-emnlp.147


Annotations for free 
via alignment links

Tag source

Align words Transfer tags

mReps are very useful
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Dependencies for free 
via alignment links

Multilingual Structural Projection across Interlinear Text (Xia & Lewis, NAACL 2007)

Parse source

Transfer links

mReps are very useful

https://aclanthology.org/N07-1057


Analyzing mReps

Image (c): G. Wisniewski

Universal and Independent: Multilingual Probing Framework for Exhaustive Model Interpretation and Evaluation (Serikov et al., BlackboxNLP 2022)Universal probing

BLOOM: A 176B-Parameter Open-Access Multilingual Language Model (BigScience Workshop, arxiv 2022)

https://aclanthology.org/2022.blackboxnlp-1.37
https://arxiv.org/abs/2211.05100


Evaluating mLLMs

mLLMs as representation learners
• recovering good bilingual associations

• yielding good (word, sentence) alignments

• encoding linguistic features

• effective X-lingual performance

mLLMs for text generation
• good models of multilingual texts

• good machine translation systems

• discriminating well vs ill-formed sentences

• generating realistic mixed-language  ?

mLLMs as monolingual models

A wealth of multilingual benchmarks
• XTreme, X-GLUE, XTreme-R

• Mega, MegaVerse

• BUFFET

• XTreme-Up

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

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


The landscape of mLLMs
2019-2022 - « High-resource / Mid-resource » 
•  « pure encoder»: mBERT (100 languages), XLM-R (100 languages)

•  « pure decoder »: LMs: XGLM (30 languages), Falcon (4+7 languages), BLOOM (46 languages), 


mGPT (60 languages), PALM (100 languages)

•  «enc/dec »: YaLM (Russian-English), GLM (Chinese-English), AlexaTM (12 languages), mBART (50+ 
languages), mT5 (105 languages), 

•  multilingual translation models: M2M (100 languages), NLLB (200 languages), etc

mT5 BLOOM
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RefinedWeb: The RefinedWeb Dataset for Falcon LLM (Penedo et al, 2023)

CommonCrawl

https://arxiv.org/abs/2306.01116


Widening the Scope of mLLMs

Main challenge: lack of monolingual data

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

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


The landscape of mLLMs
2022-2023 - « widening the scope » 
•  Artificial data from lexicon


•Search and cure

•AfriBerta (11 languages), IndicNLPSuite (11 languages), etc

•Serengeti (517 languages) 

•MadLad-400 (400 languages)

•Glot500-m (500 languages)

mBERT/NMT
Wikipedia/ 

CommonCrawl
Bible

Lexicons

Covered Language Varieties 
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Expanding Pretrained Models to Thousands More Languages via Lexicon-based Adaptation (Wang et al., ACL 2022)

SERENGETI: Massively Multilingual Language Models for Africa (Idebara et al, 2023)

MADLAD-400: A Multilingual And Document-Level Large Audited Dataset (Kudunguta et al, 2023)

Glot500: Scaling Multilingual Corpora and Language Models to 500 Languages (ImaniGooghari et al., ACL 2023)

https://aclanthology.org/2022.acl-long.61
https://arxiv.org/abs/2212.10785
https://arxiv.org/abs/2309.04662
https://aclanthology.org/2023.acl-long.61


1. Select reliable sources
• curated multilingual corpora

• new data crawls 

• multiple domains: web, news, science, 


religion, etc

• excludes toxicity by design 

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

• joint detection of language + script

4. Final selection
• > 30k sentences

• from 2000+ to 511 language / 34 scripts

• 1.5b sentences

• head vs. tail languages

• 1000 dev+test sentences / languages

3. Chunks and sentence filtering
• high character repetitions

• normal / special char ratios

• insufficient number of words  

• wrong language / script

• char LM filtering

• duplicate removal



Glot500-c: the artefact

Usual suspects
Minority script
Minority variety

Minority language 

100 « head » 
400 « tail » 



Training Glot500-m

Starting point: XML-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 computations   

An « academic » configuration

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


Evaluating Glot500-m

Sentence labeling

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

• POS (63 head, 28 tail), F1 using UD


Use zero-shot transfer from English

Requires gold labels

Text classification

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


Use 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,

https://arxiv.org/pdf/2305.08487.pdf


Evaluating Glot500-m
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 

Requires parallel data

L1 → L2 → L3 → L4 → L1

Unsupervised multilingual evaluation 



Improving tail languages

Glot500-m vs XML
• outperforms all models on average

• better than XML-R-B for head languages

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

Also
• are averages that informative ?

• tail language scores remain poor

Check paper for complete results / language



Where Glot500-m really helps

• Scripts not in XMLR

• Large training data

• Cluster effects


• Neighbours in XMLR


Also: the « curse of multilinguality » - myth or reality ?



Take away 

Limitations
• corpus selection and curation

• subword vocab size and training

• language choices

• filtering strategies 

To be continued
• deeper analysis of results

• analysis by langage families

• linguistic analysis of representations

• evaluation of text generation

A useful artefact
• extends the scope of « modern » NLP for tail 

languages

• open-source, documented corpus collection


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



Towards 1000 languages

Is this reliable ? Will it scale ?

2. Language Identification

• per sentence LID

• joint detection of language + script



Many tools

• FastText LID

• Compact Language Detector (CLD2, CLD3)

• and more (whatlang, franc, idNet, openLID…)


Mostly using ML techniques 

NB, SVM, LogReg, NNets A solved problem ?

Language Identification



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

Other issues

• speed

• implementation / deployment

• lack of openness

• lack of documentation

• lack confidence estimation

• lack of rejection model

Designing your own

• selecting / naming languages

• curating corpora

• the language mix, again

Language Id

Farsi

دهم جون ماں کراچی ءَ نميران بوت ءُ بلوچاں وتي اے کلانيں

Balochi

« out-of-model cousin error »

Language Identification at scale

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


Ethnologue:https://www.ethnologue.com/country/FR/

ISO 639-3 (3 letters) also ISO 639-1 (2 letters)

BCP 47 language-extlang-script-region-variant-extension-privateuse

7000+

Language Identification



Train corpus  
• >1800+ languages scripts

• multiple reliable sources

• mixture of domains:

• Wikipedia

• religious texts

• collaborative translations

• academia

• storybooks

• news sites

Training GlotLID

Implementation: FastText 
• linear classifier

• char & word n-gram features 

• highly optimized for speed 


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

https://aclanthology.org/E17-2068


• FLORES-200

• Universal Declaration of Human Rights 

• 204 distinct language-scripts
• human verified translations

• exist in 500+ languages

• partial overlap with Wikipedia

• GlotLID-C (testset)

• 1832 language-scripts

Evaluating LID

TP FP

FN TN

∈ L

∉ L

Lid = L Lid ≠ L

R =
TP

TP + FN

P =
TP

TP + FP

F1 =
2 × P × R

P + R

FPR =
FP

FN + FP



Evaluating GlotLID

Benchmark/Web

LID

- rejection + rejection

« Realistic setting »  
- set of possible languages is unknown 

- rejection matters



Language verification

Closed language 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



Language Identification unsolved

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

New issues 
• more realistic data

• code-mixed inputs

• improved calibration

https://huggingface.co/spaces/cis-lmu/glotlid-space



Script Identification is easy
Scripts names 
• normalized in ISO-15924

• deterministically matched in Unicode 

15.0 tables

• 161 scripts documented

Script - language associations 
Normalize and aggregate:

• VanEsch et al 2023

• Wikipedia

• ScriptSource (SIL)

• LangTag

• Misc. sources




Auditing data with GlotScript

Script-languages mismatches detection finds many errors 



Auditing tokenizers



Script Identification Can Help

https://github.com/cisnlp/GlotScript

Kargaran et al, 2023: https://arxiv.org/abs/2309.13320



Script identification can help

https://github.com/cisnlp/GlotScript

Kargaran et al, 2023: https://arxiv.org/abs/2309.13320



mLLMs are still a wonder

         

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

• which linguistic properties help / break transfer?

• how to measure positive / negative interference?

• how to measure language coverage?


How about the « curse of multilinguality »?  

• Impact of language distributions ?

• Impact of model size?

• Impact of vocabulary size?

• How to achieve fairness in mLLMs design?

What we need to do 
• better models of heterogeneous data 

• more diverse samples of language use 

• rethink evaluation and scores


More questions 
How about actual multilingual tasks?

• machine translation

• generating code-switched language

• summarization from multilingual texts 



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

• their multilingual abilities are poorly understood

• stay tuned
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