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What are Large Language Models?
• Typically, transformer decoder models
• They generate text by looking at only previously generated 

text (auto-regressive)
• Trained on a self-supervised task 

• Next word prediction task 
• Large amount of text data 
• Large Models

• In-context learning capability

[GPT3]

• Finetuning on (relatively) small supervised and preference data to align instructions and values 
[InstructGPT]
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Current LLMs vs. older generation (BERT/BART/XLM-R)

Current
• Decoder-only (NLU and NLG)

• Causal LM training objectives

• Every task is just text completion

• In-context learning & Post-training

• Large model size (GPT3: 175B params)

• Trained on large corpora (Qwen3: 36T 
tokens) 

Old Generation
• Encoder-only (NLU), Enc-dec (NLG)

• Denoising objectives (MLM, DAE)

• Classification/text generation

• Per-task finetuning

• Small models (largest mT5: ~13B)

• Modest amount of data (~BERT: 137B tokens)

NLU: natural language understanding
NLG: natural language generation 6



What makes LLMs exciting?

• Inherent knowledge
• Multi-task abilities and task-

composition
• Little task-specific training required 
• Help in writing , creativity, 

brainstorming, data generation, 
explanation, etc. 

• Reasoning Capabilities

https://www.youtube.com/watch?v=qbIk7-JPB2c [SparksOfAGI] 7

https://www.youtube.com/watch?v=qbIk7-JPB2c
https://www.youtube.com/watch?v=qbIk7-JPB2c
https://www.youtube.com/watch?v=qbIk7-JPB2c


Maths

Explanations

Plotting

Understanding 
Programs

[SparksOfAGI]

Drawing

8

Reasoning



Explosion of LLMs  … but mostly limited to English

9



Benefits of LLMs are mostly limited to English

[BUFFET, MEGA, ChatGptMT,ChatGptMLing,MMATH]

Performance on translation 
High vs low resource

• Significant gap between English and other languages on multiple tasks

• High-resource and Latin script languages can give good performance on GPT

• Poor performance on low-resource languages 

• Translate-test is a strong baseline

• Open-source models lag behind GPT models ➔ they are very English heavy

Results on XQuad QnA

Results on 
XNLI

Results on 
X-CSQA

10

Performance on MMATH



Why do LLMs lag behind for other languages?

• Lack of 

• Pre-training data

• Token representation 

• Instruction tuning data 

• Human preference data

• Reasoning data

• Inability to transfer from English

• Limitations of Translate-Test

[BUFFET, MEGA, ChatGptMT]

Fertility ➔number of tokens per word
High fertility ➔ low-efficiency, suboptimal 
representations 

[Xfactr]

Most LLMs 
trained on  <10% 
non-English data

11



Why extend English LLMs to new languages?

• Very few high-quality multilingual open LLMs
• Large-scale compute needed for training multilingual models from scratch
• Extending existing LLMs can be compute-efficient
• Leverage strong English capabilities of base LLMs
• English LLMs are at the cutting edge with regular updates

Major projects extending English LLMs: 
ChineseLLama, OpenHathi, Sarvam-M, RomanSetu, SeaLLM, Sea-LION, Sailor, ALMA, X-
ALMA, Tower series

12



Do English-dominant LLMs have some 
inherent multilingual capabilities?
Yes, to some extent … 

Why? – during training they might have been exposed to some non-English data 
• Documents with multiple languages 
• Incorrect LID
• Increasingly some representation of non-English data e.g. Gemma3, LLama4, Qwen3

How good are the multilingual capabilities?
• Might be ok at language understanding e.g. classification, sentiment analysis 
• Bad at generation 
• Better on Latin script languages 
• Languages with better pre-training representation perform better 

13



How do English LLMs achieve multilingual capabilities?
• Do LLMs think in English? 

• Do LLM use English as a pivot 
for decision making?

Bottom layers: Feature learning 

Middle layers: Concept mapping to language tokens
  (with English bias), task solving

Top layers: Language generation in target language

There are language-specific neurons (mainly 
concentrated in the top and bottom layers)

[LmaLatent,PNLD,LSP,SharingNeurons]

The central question in building multilingual 
LLM is to bring representations of English and 
other languages closer to achieve good 
cross-lingual transfer 

14



Extending English LLMs to Non-English 
Languages

Vocabulary 
Expansion

Continued Pre-
training

Supervised
Instruction-
finetuning

Human Preference 
Alignment

English LLM

Multilingual LLM

16

Infusing Reasoning 
Capabilities
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Vocabulary Expansion

18



Vocabulary Basics

LLM Vocabulary Properties
• Finite vocabulary size 
• Subword units: basic units are smaller than words
• Open vocabulary: all words can be defined as concatenation of 

subwords 

spacecraft

Vocabulary: Set of tokens (basic I/O units)

tokenizer

Decomposes a 
word into the 
tokens from 
vocabulary

space

craft

0.78 0.84 … 0.27 0.08

0.99 0.21 … 0.55 0.35

Vocabulary items 
have embeddings

19



What if vocabulary is under-represented?

Noisier embeddings and lesser semantic cohesion

More memory consumption 

More decoding time

Limit on longest processable sequence

Fertility = Average number of tokens per word

Unknown characters 
(BPE-based vocab)

UNK vocab item

Fallback to known characters 
(BPE-based vocab)

High Fertility

Fallback to bytes 
(Byte BPE-based vocab)

Even Higher Fertility

High fertility   ➔ 

20



How to extend tokenizer vocabulary? 

Monolingual 
Data

Train Tokenizer New Vocab

Existing Vocab Extended VocabConcat

Initialize new 
Embeddings 

Base LLM

LLM with 
extended vocab

23

Continued Pre-
training

Input & output 
embeddings



What do we want from a good vocabulary 
expansion technique?
• Achieve improved fertility ➔ efficient inference

• Optimize compute required for continued pre-training

• Optimize data required for continued pre-training

• Task performance goals
• Retain performance on original languages (generally English)

• Improve performance on the language of interest

• Achieve performance close to joint training of multilingual model

• Enable better cross-lingual transfer

24



How to extend tokenizer vocabulary? 

Monolingual 
Data

Train Tokenizer New Vocab

Existing Vocab Extended VocabConcat

Initialize new 
Embeddings 

Base LLM

LLM with 
extended vocab

25

Continued Pre-
training



Some simple embedding initialization 
methods
• Randomly initialize all embeddings 
• Copy embeddings from original vocab to  new vocab items via 

random assignment
• Copy embeddings of shared vocabulary items

26

• Changes existing vocab’s probability  distribution
• Incorrect generation in existing language
• Large convergence time

[FVT,EfficientCVA,SmallDataCVA,ConstrainedW2V]



Average Initialization
A simple solution: Initialize new tokens to average of embeddings of existing tokens 

• Low KL-divergence between pre- and post-expansion LMs for existing vocabulary 
• Greedy decoding with prefix of existing tokens will result in output from existing tokens 
• A general result: the above applies if new embeddings are in the convex hull of existing 

embeddings 

A practical solution: We want to avoid all new embeddings been initialized to same value 
1. Add small random noise to the average embeddings
2. Decompose new tokens using existing tokenizer – average of these embeddings.

Strong baseline [ConstrainedW2V,SmallDataCVA]

[AveInit,ConstrainedW2V, ExpandChoices, SmallDataCVA]

27



Weighted Average Initialization
• Target token embeddings ( 𝑒𝑡) as weighted average of source token embeddings (es)
• Weights based on source-target token similarities from auxiliary static embeddings (𝑠𝑥,𝑦)

[WECHSEL]

28

Ways of auxiliary obtaining static embeddings

2. From weighted average of word-embeddings 
containing token  [OFA,WECHSEL]

3. Directly learn the static subword embeddings [FOCUS]

1. Using subword-aware word embeddings 
         (like FastText) [WECHSEL]



Weighted Average Initialization (2)

(Final)

Better Initialization, but still needs continued pre-training

After Continued Pre-training 
Faster convergence vs. random baselines for 
• LM perplexity
• Downstream performance

[WECHSEL]

29



WECHSEL Extensions

OFA (One-for-All): multilingual vocabulary, need to handle large vocab [OFA]
• Factorize and reduce embedding dimension (inspired from ALBERT) 
• Source embedding factorization with SVD

• Co-ordinates: language-dependent
• Primitives: language-independent

• Projection of source co-ordinates to target co-ordinates like WECHSEL

FOCUS: 
Target token embeddings as weighted average of overlapping source/target token 
embeddings  [FOCUS]

30



Learning the weights of the linear combination 

Heuristic approaches like WECHSEL, OFA, etc. 
• Need cross-lingual embeddings or bilingual dictionaries
• Do not optimize for any specific objective

31

𝑬𝒕 = 𝑾 𝑬𝒔Can we learn the weight matrix W that represents 
the linear combination weights?

What should be the learning objective?
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Word2Vec objective [ConstrainedWord2Vec]

LM Objective [VocADT]

Model learning new token embeddings as a Word2Vec problem (like skipgram) 

with the following constraints: 

• Embeddings of existing tokens are frozen

• Embeddings of new tokens are strictly expressed as linear combination of existing tokens

In-expensive, no bilingual embeddings required 

Directly optimize for the LM objective i.e. next token prediction

• Freeze all original LLM parameters and update only the weight matrix W

• Initialize the weights W to copy shared vocabulary embeddings

• Auxiliary objective to prevent shared vocabulary embeddings from deviating too far

Directly optimizes for end objective, more computationally expensive
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CW2V is Word2Vec objective

VocADT multi is the LM objective approach

Approaches which learn the weights 
outperform or are at least competitive with 
approaches using heuristics 

Simpler training pipelines, require less external 
resources

Note: ZETT also uses LM objective and a more 
general mapping function



Zero-shot Tokenizer Transfer [ZETT]

Learn a function to predict embeddings for any given tokenizer for a fixed language model?

Train once, and then use it to predict embeddings for any new tokenizer

Diverse Tokenizer data

• Sample frequent tokens from all substrings

• Sampled from different data subsets

• Noise added to frequencies

Hypernetwork generates target 
embeddings for the new tokenizer

35

Replaces static embedding lookup

Training the hypernetwork
Training Objective (End-to-End training)

• Gold Target embeddings are not available

• Train with standard LM objective (MLM,CLM)

• Only the Hypernetwork parameters are trained

• Main LM parameters are frozen



Hypernetwork design [ZETT]

HLM is a small encoder LM 
that generates embeddings 
for a new token from a 
sequence of original tokens

Hypernetwork is trained to minimize the loss of the main LLM 

Making hypernetwork training easier – First train to mimic embeddings of the initial tokenizer 

Stabilize training: auxiliary loss to minimize difference between new and original embeddings



Results for ZeTT [ZETT]

ZETT performs better than other approaches on multiple downstream tasks

37

CPT with less than a billion tokens can 
close the gap with the original model 

Hypernetwork trained for base model 
can be applied to fine-tuned model



How to extend tokenizer vocabulary? 

Monolingual 
Data

Train Tokenizer New Vocab

Existing Vocab Extended VocabConcat

Initialize new 
Embeddings 

Base LLM

LLM with 
extended vocab

38

Continued Pre-
training



Basic CPT Recipe for vocab transfer

39

CPT: train only embeddings Task-training: train only non-embedding parameters

Language-specific positional embeddings

Adding noise to embeddings

Language-specific adapters

Other CPT choices include 

[CLT]



Results

40

Method XNLI MLDOC PAWS-X XQuAD

Joint Multilingual 70.5 80.4 87.0 65.7

Joint Pair 71.1 80.8 87.5 67.0

Adapted Model

vanilla 67.8 81.2 86.0 61

+ pos emb 69.1 80.0 86.9 56.8

+ noising 70.0 76.7 82.7 57.8

+ adapters 69.5 79.3 82 66.8

• Adapted model is competitive with the jointly trained models
• Different design choices are useful in different scenarios (language-specific variations)

• Language-specific positional embeddings are generally useful
• English performance is not degraded
• Generalization across languages in the internal representations of the network

(average results across multiple languages)



Some CPT strategies for faster convergence

• Select high new-token coverage data [DataSelect]
• Initially freeze non-embedding parameters [CLT]
• For shared vocab items – try not to deviate much from original 

embeddings [ZETT]
• Learn new embeddings using a pruned LLM when using end2end 

LM objective aka VocADAPT and ZeTT [MiniModel]

41
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Can initial pre-training be designed so that it is 
easier to expand vocabulary and support new 

languages later?

Goal: Improve plasticity of initial pre-trained model



Universal Tokenizer

43

Train tokenizer to support more languages 
than supported during initial pre-training

CPT benefits more when using a tokenizer that supports 
expanded languages.

Even languages not included in universal tokenizer benefit 
better during CPT 

Improved language plasticity and faster adaptation 

Can outperform strong vocabulary initialization 
methods like average of source vocab embeddings

Works probably because of data leakage in the initial pre-
training

[UniversalTok]



Pre-training with active forgetting

44

During initial pre-training, reset the 
embeddings periodically

Avoids network taking shortcuts in 
learning embeddings

Teaches the network to adapt 
embeddings quickly during 
continued pre-training

Influence of compute during CPT

Forgetting during network training has 
also been explored in more general 
settings

[ActiveForget]



Summary of initialization methods

Sampling from Random (Normal) Distribution

Average of Existing Embeddings

Weighted Average of Existing Embeddings

Simple
Changes existing vocab’s probability  distribution
Large convergence time

Limited change in existing vocab’s distribution
Large convergence time [AveInit]

Initializations like [WECHSEL, OFA, FOCUS, 
ConstrainedW2V,VocAdapt]

Improves convergence rates

Hypernetworks for learning embeddings

Learn a hypernetwork that can predict embeddings 
for any tokenizer, enabling zero-shot tokenizer 
transfer [ZETT] 

45



Summary & Recommendations

• Vocab expansion reduces fertility and improves efficiency

• Can we do better than random initialization? 
• Weighted averaging and methods learning the new embeddings do better 
• Simple methods like averaging, constrained W2V are strong baselines
• Fast convergence with less than a billion tokens

• Will vocabulary expansion lead to lower performance on English?
• If initialized embeddings are in convex hull, greedy decoding results does not change 
• CPT can lead to initial drop in results – can be avoided or mitigated with the right representation of 

English in data mixture, CPT method, etc.

• Is vocabulary expansion competitive/better than relying to initial sub-
optimal vocab?
• Yes, with the right choices about embedding initialization, CPT, amount of data, etc.

• Make provision for vocabulary expansion in initial pre-training

46
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Continued Pre-training

50



Base LLM

Monolingual 
Data

Continued 
Pre-training

CPT LLM

Causal Language Modeling Objective

51

Strong base model in target 
language for post-training



Why do continued pre-training? (1)
Language competence/fluency in target language 

Perplexity reduces with increase in 
pre-training corpus size

[LmaByndEng]

Achieves same loss as full pre-training from scratch for 
new language with far less compute – 25 to 50% lower

[ScalingCPT]



Why do continued pre-training? (2)

Improve alignment b/w English and target language

Language Base LLM After CPT
Gujarati 0.39 0.46
Hindi 0.40 0.44
Marathi 0.44 0.48

Cosine similarities between English and target 
languages increases with CPT

[RomanSetu]

This can be useful for transfer learning from English



Why do continued pre-training? (3)

• LMs better at using in-language knowledge vs. cross-lingual transfer 
• Incorporate cultural-specific knowledge captured in native language corpora only

Provide required knowledge  in target language for better understanding

54

Knowledge Probing Task: Predict missing tokens which capture model’s knowledge 

[Xfactr,MLAMA,CLIKA]



[Xfactr]

Most multilingual models can’t transfer knowledge in English to other languages 

Results on Knowledge Probing task shows that non-English languages 
don’t have enough data

English 
accuracy for 
knowledge 

probing is much 
higher than 

other languages

55



Why do continued pre-training? (4)

Improved downstream task performance

56

CPT can help improve 
• Language Fluency 
• Downstream Task performance

Retain in-context capabilities of the original model 

Better than pre-training from scratch for a new language
[RomanSetu,EmergentCPT,ScalingCPT]

[EmergentCPT]

[ScalingCPT]



Large-scale, Document-level Datasets

Wide coverage of topics

Representation of culture-specific data, native literature

High Quality Documents

Capture data in different modalities and genres

Data to Help Cross-lingual transfer with English

57

What properties do 
we want to see in 

multilingual corpora?



Large-scale, Document-level Datasets

Wide coverage of topics

Representation of culture-specific data, native literature

High Quality Documents

Capture data in different modalities and genres

Data to Help Cross-lingual transfer with English

Publicly Multilingual 
corpora are good 

starting points

Build custom language (group) specific collections to address gaps

?

?

58

Major Corpora

mC4, CC100

Wikipedia

OSCAR

CulturaX

MADLAD

Glot-500

MALA-500



FineWeb2 – Scaling up the Web Data

59

• ~100 common crawl 
snapshots

• 1000+ languages
• 20TB of data
• 5B documents
• 3T words

But web-data 
independently may not 

be sufficient...
[FineWeb2]
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Explore 
additional 

sources of data..

[FineWeb2]



Data from 
different 

modalities – 
audio/OCR

High –quality 
sources

OCR to unlock 
diverse regional 

and cultural 
content in PDFs

Translations and 
Transliterations to 

enable cross-lingual 
transfer

[IndicLLMSuite]

SANGRAHA
Creating high-quality pre-training 

data at scale

61



Pipelines for Cleaning Web Data

62

Downloading WARC 
files

URL filtering from 
blocklists

Content Extraction 
(Trafilatura)

Language 
Identification

Deduplication 
(MinHash)

Stop-Word Filtering

Adaptive Threshold 
Filtering 

Precision Filtering 
(for low res)

Rehydration 
(upsampling)

[FineWeb2]



Examples of Filtering Thresholds
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Common 
vs 

Language Specific 
thresholds?

[IndicLLMSuite]



Adaptive Filtering Thresholds

64
[FineWeb2]



Multilingual Challenges in Filtering

65

URL filtering from 
blocklists

Can existing blocklists or 
heuristics be extended to 
multilingual content?

Language 
Identification

Are existing LID models 
good enough for code-
mixed, Romanized 
content and distinguishing 
similar languages?

Stop-Word Filtering

Need to curate language 
specific stop-word lists or 
toxic-word lists



Examples of Filtered Content

66[IndicLLMSuite]



Examples of Filtered Content

67[IndicLLMSuite]



Multimodal Filters

68

[IndicLLMSuite]
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Multimodal Filters

[IndicLLMSuite]



Usefulness of Data Cleaning

70
[FineWeb2]



Model Based Filtering

71

Get a better proxy 
for quality than 
simple heuristics.

Can be SLLMs, or 
simple n-gram 
models or simple 
fast-text based 
classifiers

[UltraFineWeb]



Model Based Filtering

73Trade-off between cost and performance [ModelDataSelection]



Model Based Filtering

74

Model based filtering can help in 
filtering documents from targeted 
domains (like STEM, Reasoning, 
Legal, etc)

Significant downstream 
performance boosts compared to 
original FineWeb2

[FineWeb]



Great, so what after Data?

75



Train on document-level data

Finetuning on long, coherent 
sequences helps model learn and 
correlate different pieces of 
knowledge

76

All Data

High quality 
subset

Initial CPT

Specific targeted 
domains

Long-context

STEM, math, 
agentic cases, 
etc.

Late-stage CPT

Reasoning
Centric data

Annealing/
Cooldown

Instruction
Pre-training

Balanced distribution across languages 

Optimize learning rates and schedules 
for CPT

The Multilingual CPT Recipe
[Sailor2]



Does English performance get impacted by CPT?

77

Model Perplexity Linguistic Tasks Knowledge Tasks

Base 2.40 50.36 79.28

CPT w/o English 3.68 29.38 44.23

[CLICKA, ScalingCPT]

Is retaining English language capabilities and competence important?

CPT on target language can cause catastrophic 
forgetting and degrade English performance

• We might want to use the same model for English and the new language

• Can drop in English capabilities impact other languages?



Is retaining English language capabilities and 
competence important?

78

Drop in English capabilities can impact other languages also

CPT  only on target language can improve language modeling, 
not downstream tasks

[EmergentCPT]



What happens if CPT does not include English?

79

Distribution shift from switching to a new 
language can result in a catastrophic 

forgetting of the ICL capabilities of the model

Strong Parameter shift without English

[EmergentCPT]



Using LoRA for CPT

80

LoRA and other PEFT methods can be used to reduce catastrophic forgetting

• Can help reduce perplexity 
• Improved performance compared to no-English CPT
• Still lags CPT with English 

PEFT methods lack sufficient capacity to make use of CPT data

[EmergentCPT]



Data Replay: Adding English to CPT Mix

81

• Full Replay: Include English in the CPT mix throughout ➔ overhead
• It can be sampled at less ratio than the target language (typically 20-30%)

• Curriculum Replay: Include English only during the initial part of CPT

Data Replay helps improve performance in all aspects

Curriculum based CPT can be as effective as full CPT   

    + Achieves significant savings in compute 

Data Replay also helps regain English performance

[EmergentCPT]



Model Merging Original PT and CPT models
• Popular way to improve model performance 

and making it robust [EMA]

• Shows to work well for SFT and domain adaptation 
[SMOLLM3,SWAD]

• Model Merging for CPT
• Merge CPT with original checkpoint [Tower+]

• Exponential Moving Average (EMA) of checkpoints 
[EmergentCPT] 

• No need for English CPT

82

(assign higher weight to older checkpoint)
EMA is very competitive with full/curr CPT

[EmergentCPT]



Model Merging CPT and SFT models

83

[ModelMergingLRL]

Merge CPT and English SFT models 

• Model Merging can outperform 
CPT-then-SFT in most cases

• CT-then-SFT can be preferred in 
resource constrained scenarios

Model merging can also be used to 
combine language and task skills 

Model Merging is a useful tool in the language adaptation toolkit for efficient adaptation



Expansion to large number of languages
3 phase pre-training combining Full and LoRA CPT
1. Full CPT for all languages 
2. Finetuning language-group specific LoRA modules 
3. Finetune the language-group specific LoRA modules on parallel data

84

Language-specific modules really help 
handle a large number of languages

15% more parameters due to LoRA ➔ 
increased capacity helps

Able to support CPT of 50 languages

[X-ALMA]



Improving Cross-lingual Transfer in Pre-training

Why?

• Help improve cross-lingual alignment 

• Make knowledge available in English in the target languages 

• Help translation task

• Using Parallel/Translated Data

• Using Romanized Representation

85



Using human-written parallel data 
• Train on document/paragraph pairs ➔ very little availability
• Train on sentence pairs ➔ modest availability depending on language pair

Using Parallel Data
[Tower, Palm2, PolyLM, OpenHathi,ALMA]

87

Training Schedule 
• Monolingual PT followed by Parallel PT (for translation LLMs) [ALMA]
• Joint Monolingual and Parallel data (upsampled) PT [Tower,Palm2]
• Parallel PT followed by Monolingual PT [OpenHathi]

<lang1>  [text] <lang2> [text]
<lang2>  [text] <lang1> [text]



Believed to improve LLM ability to understand and generate multilingual text [Palm2]
No systematic results on utility of parallel data in pre-training on downstream tasks
 
Previous work on encoder and encoder-decoder PLMs [PrimerPMLM]
• Improves retrieval and translation quality significantly
• Modest improvement for cross-lingual transfer in different tasks

88

Parallel data is useful for translation task
 [Tower, ALMA, OpenHathi, InciBiling]

High-quality and limited parallel data is 
sufficient



Machine Translated Data for Monolingual Pre-training
Why: 
• Most languages do not have sufficient monolingual data to capture 

knowledge
• Transfer of knowledge in multilingual LLMs is challenging

Simple, brute-force solution: Translate English content to other languages

• Needs a decent MT model 
• NMT as well as LLM-based translation perform similarly on downstream eval
• Can be most useful high-quality, knowledge intensive corpora like 

Wikipedia, FineWeb-EDU 

[IndicMonoDoc, IndicLLMSuite, TransLLMWeb, MTPretrainLessons]
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Machine Translated Data for Monolingual Pre-training

[IndicMonoDoc]
90



Effect of MT data on Pre-training
• Pre-training on MT data competitive to native language documents on many NLP tasks

• Translation quality filtering + CPT on small native data improves quality

• For small LMs, synthetic data might outperform original data 

[IndicMonoDoc]

91

Model size Scaling is effective even for MT data

[MTPretrainLessons]

MT data is less effective for medium/low-
resource languages with lower MT quality
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Limitations to using MT data 
• Models trained on MT data weak on linguistic proficiency and cultural knowledge
• Additional CPT on small native data improves quality can help overcome these deficiencies

Native LLM MT LLM MT+ Native CPT LLM

Linguistic Proficiency 79.41 65.13 74.79

Cultural Awareness 62.62 48.84 57.61

MT data can be successfully used for CPT of an English-heavy LLM 

LM Perplexity Accuracy on few-shot sentiment analysis

Linguistic competency test for French on fr-grammar/vocab tests
Cultural awareness tests for Indonesian on COPAL-ID testset

[IndicMonoDoc]

[TransLLMWeb]



Large Scale Pipelines for Translation

93

Format Preserving 
Translations

Efficient Translation 
Pipelines

Alternatively 
use LLM-based 

translation 
systems

[IndicLLMSuite]



Pre-training on Romanized Representation

Romanized fertility more 
than 2x lower than native 

script fertility 

Romanized representations are 
better aligned to English than 
native script representations 

[RomanSetu, IndicLLMSuite, TransliCo]

(130 tokens)

(63 tokens)

Non-Roman script challenges: High-fertility/data loss, expensive vocab extension

Transiteration choices
• Natural transliteration 

• Fixed Romanization schemes 94

Why use romanized data 
• Many languages are additionally written 

in romanized script
• The same script as English → better 

alignment?

[RomanSetu]
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Aligning the romanized representations explicity

Fine-tune an LLM by contrasting sentences in its training data and their 
Roman transliterations

Improves cross-lingual transfer 
on a variety of tasks

Aligns the representations 
across scripts 

Post-align Pre-align

[TransliCo]



Summary and Recommendations

• CPT helps improve language competence and model’s “accessible” 
knowledge.

• High-quality, diverse and culturally relevant data should be curated.
• Critical to maintain English task performance during CPT

• Avoiding catastrophic forgetting: Data Replay, Adapters, Model Merging
• Does parallel data improve cross-lingual transfer?

• Improves translation quality
• Improving cross-lingual transfer, use of translated data requires further 

research
• Data augmentation methods like romanization, code-switching are 

helpful
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Tutorial Outline

• Introduction

• The Multilingual LLM Challenge

• Extending LLMs to new languages

• Vocabulary Expansion

• Continued Pre-training

• Post-Training

• Multilingual Evaluation

• Summary & Future Directions
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Post Training

98
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Post Training

Pre-trained Model

Post-trained Model

Supervised Instruction Tuning

Preference Alignment

Reasoning Capabilities

...

Chat Capabilities

Language Fluency
(Text Completion)



Outline

• Supervised Instruction Tuning
• Data Creation Strategies
• Training Strategies
• Ablations

• Reinforcement Learning
• Intro to RL
• RL for preference alignment
• RL for Reasoning

100



Supervised Instruction Tuning

102



CPT LLM

IFT dataset
(instruction,

Input, output)

Instruction 
Finetuning

IFT LLM

Supervised Modeling Objective

Train on in-language IFT dataset
Sources of IFT dataset 
Quality and diversity of IFT dataset

To retain English task performance
Include English in the IFT training 

103

Only computed 
over the output 

tokens



Instruction Tuning Tasks

• English Data IFT
• In-language IFT with Machine Translated Data
• Locally/Culturally relevant IFT data
• Synthetic Data Generation
• Parallel Data
• Monolingual Data
• Romanized IFT Data
• Cross-lingual Thought Data 
• Cross-lingual IFT Data
• Code-switched IFT Data

Let’s look at these tasks in detail

Generating IFT Data

Auxiliary Tasks

Transforming IFT 
Datasets

Variety of tasks/objectives to improve non-English performance 

104



Generating IFT Data

105



Using English IFT Dataset

• Instruction tune the model on English instruction dataset 
• Evaluate on non-English data ➔ Zero-shot cross-lingual evaluation
• Instruction tuning on English important to retain English capabilities
• Important for performance in other languages also

106

Representative English IFT datasets
• Tulu3 Mixture
• UltraChat
• FLAN
• ORCA



Zero-shot Results

107

Summarization (Rouge-L) Math (Accuracy)

Aya 7B Aya 35B Aya 7B Aya 35B

Emergent zero-shot cross-lingual transfer as we increase model parameters

Reference English performance

[MultlingualPostTrainer]



Using Machine Translated IFT Dataset
• Translate English instruction tuning datasets into the language 
• Fine-tune model on translated dataset

Task BeleBele QA MKQA XL-Sum
Accuracy F1 Rouge-L

English IFT 45.58 36.48 8.42
Language IFT 48.28 37.95 15.87

Average performance across many 
languages; [SDRRL]

Instruction tuning on translated data outperforms English instruction-tuning
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Creating Translated IFT Data
• Off-the-shelf NMT systems [Airavat]: higher quality, particularly for low-resource
• GPT [Okapi]: can do translation taking the entire context of input/output
• Hybrid Approach [LlmByndEng]: Do one of the above depending on language’s translation quality 

Comparison of various translation engines
Sentence-level

[ChatGptMT]

Comparison of various translation engines
Document-level

 [ChatGptMT]

Choice of Translation Engine

109
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Creating Translated IFT Data (2) Ensuring Translation Quality

Quality Filtering
High quality examples are important for instruction tuning

• Use an MT evaluation metric like COMET-QE to identify bad translations
• Rule-based filters to avoid code examples, etc. that are difficult to translate

Filter

Translated IFT Data High-quality IFT Data

Threshold 𝜏 > 0.7,0.8...



Creating Translated IFT Data (3)

• Instruction, Input, Output [Okapi, Airavat, xLLama, SDRRL]

• Input, Output [BLOOMZ]

• English instruction is a common usecase
• Models are good at English Instruction following

• Instruction, Input  [BactrianX]

• Give translated Instruction & Input
• Generate response using GPT in the target language
• Language/culture-specific examples

What to Translate

111



But we are just translating existing datasets – they might not be reflective 
of topics relevant to the language users

112

Can we synthetically generate SFT datasets?

Can you tell me some 
popular breakfast 

options?

Sure! You could have 
pancakes and eggs...

May not be relevant in 
target language 
region/culture



Generating Culturally Relevant IFT Data 
through English

[IndicLLMSuite]

Use multiple English LLMs along with Wikipedia context 
to simulate conversations on topics of interest

Translate the conversations from English to target language

Creativity is 
the limit

113
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Data generation in English? 
➔ LLMs are quite capable when it comes to English generation 

Can we generate data IFT data in the native language?

• Limited language support in LLMs
• Quality of LLMs for multilingual generation 
• Possibility of hallucinations, factual inaccuracies, cultural biases

Curate small high-quality seed Instructions 

Generates the entire examples from strong LLM 
like GPT in target language

Use methodologies like Instruction 
backtranslation

[PolyLM,SeaLLM,Updesh,AyaExpanse]
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It is possible to synthetize diverse IFT data using strong multilingual LLMs along with high 
quality filtering with strong multilingual LLMs validated by human annotators

[Updesh]
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Mix and Match depending on our use case

No single multilingual model is good for all scenarios. 
Route the data generation to an appropriate LLM based on prompt – 
 rule-based, learned router, etc. 

Routing-based ensemble model can significantly improve final model performance

[AyaExpanse, MultilingualArbitrage]



Auxiliary Tasks

117



Can we align the language spaces for better cross-lingual transfer of 
knowledge and skills

118

Can parallel data or script uniformity help achieve the goal?



Using Parallel Data
Translation is a special task for multilingual IFT models

• Teaches the model to translate
• Aligns English and language representations better
• Improves performance on other downstream tasks
• Parallel data and translated IFT data both help

Results on Chinese for various Tasks Results for other languages on MLQA

[xLlama,PLUG,TOWER,ALMA-R]

Results for translation task
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Romanized Representation
Just like pre-training, use romanized representation for IFT too

[RomanSetu]

• NLG task performance improves with romanized data
• NLU task performance is on par, though more efficient
• Note: CPT with romanized data is crucial for Romanized 

Data IFT
120



Can we further improve the fluency of the target non-English language 
text?

121

Can monolingual target language data help achieve the same?



Using Monolingual Data

• “Translationese IFT Data” ➔ output language might not be fluent and high-
quality

• Expose model to monolingual target language data during IFT
• Incorporate a task that helps model generate fluent output in target language 

Task 1: Standard next-word prediction (CLM) 
Switch between IFT and CLM objective in mini-batches

Task 2: Sentence Completion Task
 Only IFT objective required 

[SDRRL] 122



Transforming IFT Datasets

123



Models are still better in English

124

What if we ask in target language and use English as a proxy or vice versa?



Cross-Lingual Thought Prompting (XLT)

Model asked to generate 
intermediate English artifacts

No explicit translation call

The LLM itself is used as a 
translator implicitly

Multiple inferences are avoided

Input in original language is 
available to LLM

Increased token length for model, 
Reduces possible input token size

Ask the model to implicitly think in a different language 

[XLT,PLUG]

Monolingual QA

Monolingual QA  
with 'thinking in 
English' aka

125

Monolingual QA → Translate to English → 
English Answer → Translate Back to 
Source Language

Monolingual QA  
with Translate-
then-Test

Cross-Lingual Thought 
Prompting



Cross-Lingual Thought Prompting (XLT)

Model asked to generate 
intermediate English artifacts

No explicit translation call

The LLM itself is used as a 
translator implicitly

Multiple inferences are avoided

Input in original language is 
available to LLM

Increased token length for model, 
Reduces possible input token size

Ask the model to implicitly think in a different language 

(XLT,PLUG) 126



TaCo: Instruction tuning with Cross-Lingual  Thought data

Standard IFT TaCo
Nepali 39.3 88.1
Persian 46.5 83.9

Evaluation on translated Vicuna Benchmark with GPT4

Finetune

Finetuned LLM

(TaCo,PLUG)

Limitations
• Reduced maximum sequence length
• Increased latency

The PLUG paper also shows improvements (discussed later) 127



Cross-Lingual Instruction Tuning

(𝑄𝑒𝑛, 𝐴𝑒𝑛) (𝑄ℎ𝑖, 𝐴ℎ𝑖)

(𝑄ℎ𝑖, 𝐴𝑒𝑛) (𝑄𝑒𝑛, 𝐴ℎ𝑖)

In-language 
instruction sets

Cross-language 
instruction sets

English Non-English

Cross-lingual instruction help the model to align languages and think in English

Avoids intermediate English generation of Cross-lingual Thought Prompting

𝑄ℎ𝑖: मैं अपने समय प्रबंधन कौशल को कैसे सुधार सकता ह ूँ? मुझे 5 संक्षिप्त ंब ं ु ियेये 

𝐴𝑒𝑛: 
1. Prioritize tasks based on importance and urgency.
2. Set specific goals with deadlines (SMART goals).
3. Use time management tools like calendars and apps.
4. Minimize distractions to maintain focus.
5. Regularly review and adjust your schedule for better efficiency.

[SDRRL,XCOT,CIT]

Jointly optimize 
all these 

objectives

128



Code-switched Instruction Tuning

Code-switching help the model to align languages better at sub-sentence level

𝑄ℎ𝑖: मैं अपने time प्रबंधन skill को कैसे सुधार सकता ह ूँ? मुझे 5 brief ंब ं ु ियेये 

𝐴𝑒𝑛: 
1. महत्व और तात्काललकता के आधार पर कायों को प्राथलमकता  ें 
2. समय सीमा (स्मार्ट लक्ष्य) के साथ ववलशष्र् लक्ष्य ननधाटररत करें 
3. कैलेंडर और ऐप्स ेैसे समय प्रबंधन र् ल का उपयोग करें  
4. फोकस बनाए रखने के ललए ववकर्टणों को कम करें 
5. बेहतर  िता के ललए ननयलमत रूप से अपने शेड्य ल की समीिा करें और उसे समायोये त 

करें 

Code-switching: alternating between two or more languages in conversation

Generate code-switched instruction by replacing some source words with their target language translations

[COMMIT,SDRRL,XCOT]

Some optimizations to improve models further
• Retain English instructions, code-switch only the inputs and outputs
• Do code-switching during pre-training as well

129



Self-Distillation from Resource Rich Language

(𝑄𝑒𝑛, 𝐴𝑒𝑛)

(𝑄ℎ𝑖, 𝐴ℎ𝑖)

Generate 
LLM 

response
(𝑄𝑒𝑛, 𝐴𝑒𝑛

′ )

(𝑄ℎ𝑖 , 𝐴ℎ𝑖
′ )

(Self-distillation)

Using the model’s own responses can help imprpving the model’s own representation space

What is the most important 
time management technique?

Minimize distractions to maintain focus Maintain focus by minimizing any 
disturbance

[SDRRL,LMPpl] 130



Translation Task

Sentence Completion Task

Putting it all together

(these tasks are added so model 
preserves native language 
competency)

[SDRRL]

Cross-lingual Instructions
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Summary Results

(This summary is for the SeaLLM 
backbone LLM, results in main paper are 
for LLama)

SFT: FT on English data 
T-SFT: source and target translated 
CIT: target translated 
XCOT: source translated + source code-switching

[SDRRL]

Bringing together all these objectives and data augmentations:
•  Helps improve overall response quality across multiple tasks
• Retains English performance  
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IFT Data Transformation Helps

• Using the LLMs own responses is a very useful method to 
improve cross-lingual transfer

• The MT and sentence completion tasks are very useful
• The cross-lingual instruction tuning tasks are also 

complementary 
• Code-switching (on input side) has modest benefits

[SDRRL]
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How much non-English IFT Data? [MultilingualPostTrainer]

As we increase number of non-English language samples:
• Small models: Multilingual performance improvements are task-dependent
• Large models: Multilingual performance plateaus after the addition of 200– 400 samples per 

language for each task.
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Seen vs Unseen language

136

• Unseen languages benefit from 
improvements on seen languagues

• But suffer if seen language performance 
deteriorates

• This means that the performance trend on 
the unseen language is dependent on the 
seen language performance trend

[MultilingualPostTrainer]



Multi-task Training Benefits

137

• Non-English languages benefit from task diversity in large 
models.

• With sufficient scale, models are able to transfer to 
unseen languages for some tasks.

[MultilingualPostTrainer]



Script vs Language

138

• Cross-lingual transfer from Latin script 

languages insufficient for non-Latin script 

languages – Script dependency of cross-

lingual transfer

• Mathematical Reasoning may benefit from 
Latin-script data as it is not as linguistically 

motivated as IF and summarization tasks.

[MultilingualPostTrainer)]



Summary and Recommendations

• Machine Translation is a good starting point to create IFT data
• Use LLMs to generate culture/region-specific data in 

English/target-language
• Improve alignment between English and other languages using 

methods like cross-lingual instruction tuning, romanized/code-
switched data

• Machine Translation is an important task for cross-lingual 
alignment
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Beyond Multilingual IFT: What’s Next?

• Multilingual IFT gives us instruction-following ability across 
languages

• But two core challenges remain:
oPreference Alignment: Responses may still be not well-

calibrated/nuanced, unsafe, biased, or culturally misaligned across 
languages

oReasoning: Models often fail at multi-step thinking, planning, factual 
consistency

143
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Post Training

Pre-trained Model

Post-trained Model

Supervised Instruction Tuning

Preference Alignment

Reasoning Capabilities

...

Reinforcement 
Learning Chat Capabilities



Reinforcement Learning
Tweaking model behavior

145



Why RL?
● To encourage model to explore CoT without explicit supervision
● To avoid needing well written responses for supervised training

○ Saves massive human effort
● To incorporate human feedback at a high level
● To get to ASI/AGI



IFT Model

What is the
meaning of
life?

Happiness

42

Sadness​

Reward 
Mechanism

5

1

-1

RL 
Training RL Model



Reward Mechanisms (Broadly)
● Via human signals (RLHF)

○ Rewards from a model based on human feedback on model 
responses

● Via Non-Human signals
○ Via machine feedback (RLMF)

■ Rewards from an execution of a program
○ Via Grading LLM or AI models (RLGF/RLAIF)

■ Rewards from a LLM or some AI model



Building Reward Models From Human 

Feedback

https://huggingface.co/blog/rlhf


Rewards From Machine Feedback (RLMF)

Write a 

program to 

add two 

numbers

LLM Program Execute

5

1

-1

Program executes, and gives 
correct output
Program executes, but gives 
an incorrect output

Program does not execute

Score



Rewards From AI Feedback (RLAIF)

Translate to 
Japanese: I 
am happy LLM

私は嬉しい
です

私は嬉しい
でございま
す

私は悲しい
です

XComet

1.0

0.5

0.0



Rewards From Grading LLM (RLGF)

Translate to 
Japanese: I 
am happy LLM

私は嬉しい
です

私は嬉しい
でございま
す

私は悲しい
です

LLM

1.0

0.5

0.01. Correct 
language?
2. Correct 
formality?

Grading 
criteria
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Post Training

Pre-trained Model

Post-trained Model

Supervised Instruction 
Tuning

Preference Alignment

Reasoning Capabilities

...

Chat Capabilities



Multilingual Preference Alignment
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Reward Data 
Generation in 

English

Translated Reward 
Data

Trained Reward 
Model

Aligned LLM

Translation
Binary 

Preference
Training on 
SFT Model

PPO

[Okapi]

Target Language Reward Model
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English Prompts Target Language 
Prompts

Translation
Generate Completions in 

Target Language

Target Language 
Completions

English 
Completions

Generate 
Completions in 

English

Translation

Translated Completi
ons

Diversity

Reward Model

Ranked Completions

Multilingual Aligned Aya 23B: Training a Multilingual Aligned Model

[MultilingualRLHF]

Preference Data: Translate vs Generate

Translationese
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[MultilingualRLHF]

Impact of Number of Languages during RL

• Preference optimization using English helps
• More languages leads to further increase
• Unseen languages benefits from more languages
• RLOO is better than DPO
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Impact of Number of Training Instances 
during RL

• More instances (ML-23* vs ML-23) leads to improvements for DPO and RLOO

[MultilingualRLHF]
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Can English Reward Models be used in 
Cross-lingual Setting?

English RMs show 
larger gains 
compared to 
target language 
RMs

[CrossLingualRM, RewardTransfer] 
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English vs non-English Reward Models for 
Alignment

• English RM --> improvement across languages  --> 

beats target language RM (translated)

• English being the predominant language?

• High-Quality English preference data is a good 

choice and is cost-effective

• RMs based on MLM objective are better for a good 

XL reward signal

• Lesson: Convert your LLMs to MLMs before reward 

modeling

○ MNTP objective

[CrossLingualRM, RewardTransfer] 



Impact of Cross-lingual Preference Dataset

• Cross-lingual feedback data, leads to 
better generalization compared to 
monolingual feedback data

• Gains on low-resource languages is  more 
compared to high-resource languages 

162

[xLLMs]



RL is effective for XL transfer than SFT

[CrossLingualRL]



Is LLM-as-judge reliable for all languages? 

Good but not 

consistent!

[MultilingualJudgeReliability]



Summary

• More languages during RL helps generalize to unseen languages
• In absence of target language Reward model, English reward 

model helps
• More instances improves alignment
• Have cross-lingual data during RL for better alignment

165
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Post Training

Pre-trained Model

Post-trained Model

Supervised Instruction Tuning

Preference Alignment

Reasoning Capabilities

...

Chat Capabilities



Multilingual Reasoning

167



What is Reasoning in LLMs?

• A specialized LLM trained to explicitly perform multi-step reasoning (aka 
LRM)

• Modern Large Reasoning Models (LRMs) have an explicit "thinking" phase, 
often separated by special tokens like <think>...</think>.

168



Do existing LRMs exhibit multilingual ability? Is there a 
difference between closed and open-weights models?

170



Can LRMs exhibit multilingual capability?

171

Closed-source models are better at handling non-English CoT
[xMR]



Do LRMs exhibit language bias in reasoning?

173



Do Models think in English?

• Most open-weight models often default to a "reasoning hub" 
language - primarily English, regardless of the input language.

• Closed-source models reason better in non-English languages 
compared to open-weight models but there is still a gap

174

Reasoning often 
defaults to English 
regardless of input 
language

[xReasoning]



Does changing the reasoning language impact performance?

175



Effect of Forcing to Think in Target Language

• Forcing non-English reasoning 
often hurts performance.

• Can we not let it use English? 
Reasoning in the prompt 
language helps 
oAvoid Cross-lingual 

semantic drift (translation)
o Language-specific concepts
omore reliability and 
o trust to the end-user; hence 

important.

176

[xReasoning]



Is English Thinking always better?

• English CoT is often better; but not always
• Cells marked in red perform better compared to English when 

prompt+reasoning is in native language
• Lost in Translation: When English CoT is wrong, it is often because 

the LLM has errors in implicitly translating the prompt from source 
language

177

[MultilingualEmpower][LiT]



Is English Thinking always better?

• Forcing reasoning in the native language can improve 
performance on cultural knowledge benchmarks and reduce 
toxicity in safety evaluations.

178

[LanguageMatters]



Does task difficulty correlate with reasoning language?

179



Impact of Task Difficulty on Reasoning Language

180

• For easy tasks (e.g., MATH500), language choice has little effect on 
accuracy, while non-English reasoning uses fewer tokens

• As task difficulty increases, we see a relative drop of upto 50% on 
average compared to English

• For harder tasks, high-resource languages (Zh, Ru), outperform low-
resource one (Hi).

[EfficientXLang]



Cross-lingual Collapse

181



Cross-lingual Collapse
• A Multilingual model reverts to reasoning in 

dominant language even though the prompt is in 
different language

• The LLM prefers English reasoning paths as it 
maximizes the rewards

182

[CrossLingualCollapse, GapsInMR]



M2A: Overcoming Multilingual Collapse

• Given question (q) and English ground truth 
(y)
o Translate q to each target language
o Generate multiple outputs for each translated 

question
o Calculate reward for each output

• Multilingual Context Alignment
o Use cosine distance between y and generated 

output as rewards
o Shuffle output and ground truth to get negative 

rewards [ensure language is different]
• Multilingual Reasoning Step Alignment

o Split y and output into sentences
o Align and calculate rewards at the sentence 

level
• Language Consistency Reward

183

[M2A]



M2A: Overcoming Multilingual Collapse

184

• SFT 
o improves accuracy in English and non-

English languages
o Reasoning is generated in English language

• SFT on Translated Data
o drop in non-English language accuracy
o Improves response generation in non-

English language

• M2A
o Improves all metrics
o Accuracy in non-English language is lower 

compared to SFT

[M2A, GapsInMR]
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M-Thinker: Overcoming Cross-lingual Collapse

Rewards

• Language Consistency Reward

• Cross-lingual Thinking Alignment Reward

o Use a LLM to score English and target language reasoning 

alignment

• Format Reward

• Accuracy Reward

Reward hacking helps avoid cross-
lingual collapse to a certain extent

[M-Thinker]



Budget Alignment: Making LLMs reason in Your Language

1. Perform SFT using small high-quality 
in-language data

2. In-domain improves --> out of 
domain drop

186

[BudgetAlign]



Budget Alignment: Making LLMs reason in Your Language

1. Do GRPO-SFT on the stage 
1 model
o Use high-clip and no KL – 

ensures the model doesn't 
revert to English for 
reasoning

2. GRPO improves on SFT 
while retaining language 
accuracy (out-of-domain 
too)

187

[BudgetAlign]



Budget Alignment: Making LLMs reason in Your Language

1. Merging helps improve 
performance on other 
tasks

2. Slight drop-in performance 
on in-domain

188

[BudgetAlign]



Training Multilingual Reasoning Models by Imitating

189



Distilling Native CoT From English

190

(Q_en, A_en) Large Reasoning Model (Q_en, CoT_en, A_en)

(Q_xx, CoT_xx, A_xx) FilteringTranslation Engine

Sampling: 0.8, 0.9...

Templates, LLM Rewriting, Guidelines etc.



Distilling Native CoT Data Directly

191

(Q_xx, A_xx) Large Reasoning Model (Q_xx, CoT_xx, A_xx)

Native CoT Filtering

Sampling: 0.8, 0.9...

Using Native IFT Data if available can 
help elicit Language-specific 
reasoning patterns

Templates, LLM Rewriting, Guidelines etc.
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Translated English CoT vs Target-language CoT
[CoTXLanguages]

• High-resource languages
o Scaling model improves reasoning in 

both English and Target language CoT
• Low-Resource Languages

o Translated English CoT is better than 
target language CoT

o Target Language CoT with larger models 
fails to reach English performance with 
smaller models

Finding: Translating English CoT to target language and then finetuning is better than generating CoT in 
native language (this is task-dependent)



Summary and Recommendations

• LRMs can reason better in English irrespective of the query language
• For culturally-sensitive queries, query language reasoning is better 

than English
• Enabling LRMS to reason in query language is an active area of 

research
o SFT followed by GRPO leads to better reasoning in target language

• Finetuning using translated reasoning traces is better than finetuning 
on native reasoning traces
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Tutorial Outline

• Introduction 

• The Multilingual LLM Challenge

• Extending LLMs to new languages

• Vocabulary Expansion

• Continued Pre-training

• Post-Training

• Multilingual Evaluation

• Summary & Future Directions

198



Multilingual Evaluations
How to measure our model improvements?
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Broad Taxonomy of Evaluations

201

Styles of 
Evaluations

Benchmarks

MCQ like Generative Vibe Evals Arenas

In the Wild Abilities to 
Evaluate

Standard NLP 
Tasks

Knowledge

Math
Instruction 
Following

Chat

Culture & 
ValuesSafety...

BLEU & 
variants

Rouge & 
variants

Accuracy & 
variants

BERTScore & 
variants

Human 
Evaluations

LLM-as-a-
judgeMetrics

Where to 
evaluate?

How to 
evaluate? What to 

evaluate?



Modern LM Evals - Benchmarks
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Overview of the Capabilities to Measure
Name Description Famous Benchmarks

Knowledge, Academic Measures the model's grasp of facts and diverse 
academic subjects.

MMLU, MMLU-Pro, 

Commonsense Reasoning Tests the model's understanding of unstated, 
everyday world knowledge.

Hellaswag, Winogrande, BoolQ, PiQA, 
CommonsenseQA, etc

Reading Comprehension Assesses the ability to read a text passage and 
answer questions about it.

SQuAD, RACE

Math Measures proficiency in solving mathematical 
problems (word problems, etc.).

GSM8K, MATH, MATH-500

Reasoning Probes logical deduction, problem-solving, and 
multi-step thinking.

ARC, DROP, GPQA, LogiQA

Coding Evaluates the ability to write, debug, and 
understand computer programs.

HumanEval, MBPP

Instruction Following Tests if the model can accurately follow specific 
and complex user commands.

AlpacaEval, IFEval, Arena-Hard

Conversation Ability Assesses the quality of multi-turn dialogue, 
coherence, and helpfulness.

MT-Bench, WildBench, BigGenBench

Safety, Fairness, Robustness Measures adherence to safety guidelines and 
resilience to bias/adversarial inputs.

BBQ, ToxiGen, TruthfulQA, XS-Test, 
Adv-Bench

Tool/Function Calling Evaluates the ability to correctly use external tools 
or APIs to complete a task.

ToolBench, MCP-Bench, API-Bank

Domain/Application Specific Tests expertise in a specialized field, such as 
medicine or law.

MedQA, LegalBench, 
208



Evaluation Paradigms

210

Conditional
Log Likelihood

Rolling
Log Likelihood (Pplx)

Generate (until)

[LMEvalHarness]



Frameworks for Evaluation

• Lm-evaluation-harness

211

Solves the 
orchestration problem

[LMEvalHarness]



Frameworks for Evaluation

• Evalchemy
• OpenAI Evals
• DeepEval
• Opik
• LightEval
• Etc...
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Now let's see the Multilingual 
World

213



Current State of Multilingual Benchmarks

214
[BitterLesson]



Strategies for Creating Benchmarks

• Machine Translation
• Adaptation
• Create from Scratch

216



Translation

217

English Benchmarks Translation 
Systems

Translated Benchmarks

Specialized 
Translation 

Systems

LLMs / LLM-
Based 

Systems



Translation (Benefits)

1. Quick and Easy way
2. Easily leverage existing high quality test-sets
3. Enables fair cross-lingual comparison.
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Translation (Challenges)

1. Translationese: Introduces Semantic Drift, Mistranslation of 
Culturally-specific content, idioms, etc.

219

Its raining cats and dogs

यह ंबयललयों और कुत्तों की 
बाररश हो रहि है 

म सलाधार बाररश हो रहि है 



Translation (Challenges)

• Loss of Cultural Grounding: Translation inherits English-centric 
knowledge and worldview, failing to reflect real-world relevance.

220

Which of the following 
best describes a 
contributing factor in the 
crafting of the United 
States Constitution?

VS
Which of the following 
best describes the role of 
the Drafting Committee, 
chaired by Dr. B. R. 
Ambedkar, in the 
formation of the Indian 
Constitution?



Translation (Challenges)

• Difficulty Preserving Task Properties: Some tasks lose their 
discriminative properties upon translation – making them easier or 
unintended ways?

221

The trophy didn’t fit in the 
suitcase because it was 
too small.

ट्रॉफी स र्केस में नहिं समाई 
क्योंकक सटूकेस बहुत छोटा 
था।

Translate the given sentence  to 
French  'He said that checking the 

meanings will start at the next casual 
meeting.'  

Переведите данное предложение  на 
французский «Он сказал, что проверка 

значений начнется на следующей случайной 
встрече».

Hindi

Russian

[sPhinX]



Translation (Challenges - Solutions)
Solution?
• Human-in-the-loop (Expensive but Gold)
• Backtranslate

222

Original Text Translated Text

**Original Text

Translation

Translation

Filtering



Translation (Challenges - Solutions)

• LLM-Based Selective/Adaptive Translation

223
[sPhinX]



Translation – Still a reasonably good alternative

224

[MTvsHumanEval]



Translation – Still a reasonably good alternative

225

[GlobalMMLU]

- Generally perform better on 
Human Translated data for 
high resource languages.

- Trend slightly shifts as we 
move towards low-
resource as models primarily 
rely on machine-translated 
data for training.



Translation (Existing Approaches)

228

Completely 
automatic LLM 

based QC

[MMLU-ProX]



Translation (Existing Approaches)

230

Human + 
LLM in the 

loop

[BenchMAX]



Adaptation
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English 
Benchmarks

Translation Adapted 
Benchmarks

Human in the 
loop

LLMs / LLM-
Based 

Systems

Adaptation



Adaptation (Example)

232[OMGEval]



Adaptation (Benefits)

• Preserves cultural & linguistic relevance
• Maintains task difficulty & Intent
• Enables fair cross-lingual comparison.
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Adaptation (Challenges)

• Significant more human effort
o Translators who understand both task logic and target culture
oExperts who are proficient in the language

• LLMs aware of cultural artifacts.

234

LLM + Human 
Hybrid 

Approaches



Adaptation (Existing Approaches)

235

[OMGEval]



Create from Scratch

237

Various different approaches possible here:

Replicate the process 
followed for English

PAWS-X
IndicQA
M-IFEval
IndicGenBench
MBBQ



Create from Scratch

Collect from existing various 
sources like Exams, books, 
quizzes, etc.

CMMLU
*MMLU
MILU
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Create from Scratch

• LLM-driven grounded synthetic 
approaches

XIFBench

239



Modern LLM Evals - Metrics
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Disadvantages of Existing Metrics

• Surface-form dependence – Rely heavily on word or n-gram 
overlap.

• Insensitive to paraphrasing – Penalize legitimate variations in 
style, structure, or word choice.

• Need for Reference/Gold - Always need a reference or gold 
answer to compare against.

• Poor correlation with human judgments – Often diverge from 
human perception of quality, especially for creative or long-form 
generation.

241
[AutoMetricsSurvey]



Rule/Constraint based Evals

• Verifying model outputs against explicitly defined "automatable" 
constraints or rules

• Especially useful to measure formatting, basic instruction 
following, tool calling, etc.

242

Prompt LLM

Constraint 
List

Additional 
Tools 

(optional)

Constraint
 CheckerResponse



Rule/Constraint based Evals
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[M-IFEval]



LLM-as-a-judge

246

Prompt LLM LLM++Response



LLM-as-a-judge

Paradigms

• Single-answer scoring
• Pairwise comparison
• Reference-guided Evaluation

247

Strategies

• Vanilla
• Rubrics
• Axis
• Axis+Rubrics
• Multi-agent

Types

• Zero-shot
• Fine-tuned
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• GPT-4 agreement with 
human annotators is high 
for select high resource 
languages.

• Reduces with resource 
level

Are LLMs good Multilingual Evaluators?

[AreLLMEval]
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• GPT-4 agreement highest 
for summarization, lowest 
for open-prompts.

• Deviate most from 
humans in open-ended 
creative tasks.

Does the performance vary with task type?

[AreLLMEval]
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Which paradigm is the most reliable?

• Increased Bias & low 
reliability in direct single 
scoring as compared to 
pairwise evaluations.

[Pariksha]



Fine-tuned Multilingual LLM Judges

254[M-Prometheus]
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Fine-tuning vs Zero-shot?

• Better than zero-shot 
smaller models.

• Still lags a bit as 
compared to GPT-4o

[M-Prometheus]
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Strategies for fine-tuning

• Backbone model choice is 
core driver of performance.

• MT-evaluation capabilities 
positively transfer to general 
capabilities.

• Training on synthetic 
multilingual is better than on 
machine translated

[M-Prometheus]



Cross-lingual Fine-tuned Judges

257

• Evaluating with a reference 
answer better than without a 
reference answer.

• Getting references 
for language-X is very difficult.

• What if reference remains 
in English ?

[CIA]
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Cross-lingual Fine-tuned Judges

Better 
than Zero 
Shot GPT-
4o

[CIA]



Cross-lingual Fine-tuned Judges

259

Generalizes 
well to 

unseen 
languages

Having English 
references maybe 
better than native.

[CIA]



Modern LLM Evals – In the Wild

260



LLM Arenas

• Existing benchmarks
oStatic, prone to 

contamination
oFail to capture nuances of 

real open-ended tasks

• Live Evaluation Platform
oMost natural and real-world
oNo contamination
oCaptures actual utility of 

the models (rather than 
proxies)

261[ChatbotArena]



Ranking Systems

ELO Scores

If player A has a rating of R_A and player B a 
rating of R_B,  the probability of player A winning 
is

262

• Simple, intuitive & online 
friendly

• Order dependence
• Lacks well defined 

confidence intervals

[ChatbotArena]



Ranking Systems
Bradley Terry Model

Given a bunch of votes for M models, the 
Probability of model m beating model m′ 
(i.e, H_t = 1)

263

• Statistically robust– supports 
confidence intervals.

• Not dependent on order
• Computationally heavier
• Not fully online-updatable

where ξ is an M-length vector of so-called BT coefficients

[ChatbotArena]



Offline Leaderboards

265

More than 90K human 
evaluations across 30 
models

[Pariksha]



Cultural Evaluation
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What to Evaluate?

267

Abilities to 
Evaluate

Cultural 
Values

Religion & 
Philosophy

Safety Reasoning
Geographical 

Knowledge

Social Norms

Social 
Etiquettes

Everyday 
Knowledge...



What to Evaluate?

268
[SANSKRITI]



How to create Cultural Benchmarks?

269

Human – LLM 
Cultural Teaming

Human-driven 
creation

[BLEnD]



How to create Cultural Benchmarks?

270

Human – LLM 
Cultural Teaming

[CulturalBench]



Evaluating Cultural Safety & Fairness

272

Need to explore cultural specific concepts & 
scenarios.

One way "doesn’t" work 
for all.

Identity Groups:
• Gender
• Religion
• Region
• Caste
• Tribes
• Ethnicity
• Occupation
• Idealogy, etc..

Target Domains:
• Public Safety
• Crimes
• Personal Attributes
• Family Norms, etc...

[HolisticBias]

[BOLD]
[IndiBias]



Summary & Recommendations

• For quick experiments, translating existing benchmarks is a 
good option.

• Ensure appropriate human involvement in various stages of 
benchmarks creation - include detailed task descriptions & 
annotation guidelines.

• Exercise caution while using LLM-as-a-judge approach. 
Thoroughly test for human correlations for your tasks & languages.

• Ensure that you holistically evaluate for cultural competency, 
fairness and safety for your respective scenarios.
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Tutorial Outline

• Introduction

• The Multilingual LLM Challenge

• Extending LLMs to new languages

• Vocabulary Expansion

• Continued Pre-training

• Post-Training

• Multilingual Evaluation

• Summary & Future Directions
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Summary
• Multilingual LLMs an important direction to democratize LLMs
• Central Challenges: 

• Data Imbalance and Cross-lingual Alignment
• Cost of supporting new languages

• Extending strong English-dominant LLMs to other languages is an 
effective and efficient direction

• Good body of work on various aspects of language expansion like 
vocab expansion, CPT and IFT providing insights and  best 
practices.

• Many data curation efforts and documented pipelines to create 
high-quality data.
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Future Directions
Improving the Adaptation Pipeline
• From insights to robust recipes for different stages

• Vocabulary adaptation
• CPT pipeline including initial, mid, cooldown stages

• Higher efficiency in language adaptation through innovations in the 
different stages

• Focus on compute-efficient directions like model merging
• Capability preservation and avoiding catastrophic forgetting

Multilingual Learning
• Multilingual knowledge transfer remains an evergreen challenge
• Multilingual Reasoning and Preference alignment are relatively 

unexplored areas – with lot of progress to be made
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Future Directions
Data Curation
• Multimodal data curation to unlock many data sources
• Improved synthetic data creation with weak multilingual LLMs
• Document-level Machine translation of English data at scale
• Involve local communities for culture-specific data and 

understanding usecases

Evaluation
• Multilingual evaluation benchmarks addressing different LLM 

capabilities
• Evaluation benchmarks that reflect cultural nuances, regional and 

language relevant use-cases
• Improving multilingual LLM judges for scalable evaluation 
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Thanks!
Tutorial Resources can be found here:
https://ai4bharat.github.io/multilingual-llm-expand-emnlp-2025 

Contact Us: 
ankunchu@microsoft.com 
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