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Tutorial Logistics

ÅDate and Location: 9th July 2023, Metropolitan West

ÅTimings: 9 AM - 12:30 PM local time

ÅFirst half: 9 AM - 10:30 AM

ÅBreak: 10:30 AM - 11 AM

ÅSecond half: 11 AM - 12:30 PM
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Tutorial Scope

ÅWe expect everyone to be familiar with English-versions of LLMs

ÅHence, we will not go into the fundamentals of LLMs

ÅAlthough comprehensive, there are other relevant additional 
topics/papers that are not covered here

ÅOut of scope for this tutorial
ÅAdapters and parameter efficient fine-tuning for multilingual models (please 

see EMNLP 2022 tutorial by Ruder et al. for a great coverage of this)
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Tutorial Outline
Introduction (10 min)

Data collection and Training (40 min)

Prompting Strategies (20 min)

Evaluation, Interpretability, Analysis (20 min)

Q&A (10 minutes over break)

Break (20 minutes)

Responsible AI (30 min)

Language Communities (15 min)

Open Research Questions (10 min)

Conclusion (10 min)

Q&A (20 min)
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Housekeeping

ÅSlides and references
ÅSlides and references are posted on the tutorial website 

https://aka.ms/ACL2023tutorial

ÅQ&A 
Å2-4 questions after each section (time-permitting)

ÅQuick clarification questions can be asked during the talks

ÅAttendees on Zoom can type in chat, one of the instructors will moderate

ÅLonger Q&A will be at the beginning of the break (optional) and at the end
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1 
How well have 
Language Technologies 
been serving the 6000+ 
languages of the 
planet? Hierarchy of languages in terms of available 

resources for training NLP systems

Joshi et al. ACL 2020
8

https://arxiv.org/abs/2004.09095


88% ƻŦ ǘƘŜ ǿƻǊƭŘΩǎ ƭŀƴƎǳŀƎŜǎΣ ǎǇƻƪŜƴ ōȅ 1.2B people 

are untouched by the benefits of language technology.
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2 
Are our technologies 
progressively getting 
more linguistically 
inclusive and diverse?

Entropy of the distribution of Language 
mentions in ACL papers over the years

Joshi et al. ACL 2020
10

https://arxiv.org/abs/2004.09095


Until 2015, prestige of a conference has been inversely correlated to 
Linguistic D&I. Things are getting better recently. 
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Doddapaneni et al. 2021. A Primer on Pretrained Multilingual Language Models
2107.00676.pdf (arxiv.org)
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Multilingual Language Models

Encoder-Only 
Models

mBERT

XLM-R

XLM

XY-LENT

Decoder-Only 
Models

XGLM

BLOOM

PALM

GPT-3

BLOOMZ

GPT-3.5

GPT-4

Encoder-
Decoder 
Models

mT0

mT5

mBART

No fine-tuning 

Task-specific fine-tuning

Multi-task / Instruction fine-tuning

Figures from Liu et al. 2021

13



Linguistic Coverage 
of Different Models

ÅPre-training Data of different models is 
predominantly English!

ÅHowever, even small percentages of non-
English data can facilitate cross lingual 
transfer. Blevins et al. 2022 [2204.08110] 
Language Contamination Helps Explain 
the Cross-lingual Capabilities of English 
Pretrained Models (arxiv.org)
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Data Collection and Training ofMultilingual LLMs

Barun Patra and Vishrav Chaudhary



Datais a key component for 
training better performing Language 
Models in the Multilingual domain.
ÅA Multilingual LLM can enable and 

even revolutionize several 
downstream scenarios for many 
languages at once

ÅAlso aid in bridging the gap between 
societies and pushing the frontier for 
technologicaladvancements
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Datais a key component for 
training better performing Language 
Models in the Multilingual domain.
ÅA Multilingual LLM can enable and 

even revolutionize several 
downstream scenarios for many 
languages at once

ÅAlso aid in bridging the gap between 
societies and pushing the frontier for 
technologicaladvancements

Challenges:
ÅQuantity
ÅQuality
ÅSourcing
ÅGovernance
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Data Collection Challenges: Quantity

ÅSubstantial gaps in quantity across
ÅLanguages (commoncrawl.org)

Language Distribution in Commoncrawl
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Data Collection Challenges: Quantity

ÅSubstantial gaps in quantity across
ÅLanguages (commoncrawl.org)

Language Distribution in Commoncrawl
57 languages 
are < 0.001%
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Data Collection Challenges: Quantity

ÅSubstantial gaps in quantity across
ÅLanguages (commoncrawl.org)

ÅDomains(Gao et al., 2020)

ArXiv

Medical

LawConversational

Educational ΧΦΦΦ
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Data Collection Challenges: Quality

ÅKreutzer et al., 2022 did a 
comprehensive survey 
covering quality issues across 
different datasets

ÅQ1: What % of languages 
have good quality data?
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Data Collection Challenges: Quality

ÅKreutzer et al., 2022 did a 
comprehensive survey 
covering quality issues across 
different datasets

ÅQ2: Do low resource 
languages always have poor 
quality data?
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Data Collection Challenges: Quality

ÅReasons include

ÅIncorrect Language Identification (poor quality + similar languages)

ÅMachine generated data

ÅLimited identification tools available for toxic/adult content
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Data Collection: Sourcing & Governance

ÅInitiatives by government agencies

ÅDefining actors:data custodians, rights-holders, and other parties 
to appropriately govern shared data

ÅDesigned to account for the privacy, intellectual property, and user 
rights ofthe data and algorithm subjects in a way that aims to 
prioritize localknowledge and expression of guiding values

24



Data Requirements

Foundations

Size

Quality

Multidomain

ContinualVersioned

Sharable

Responsible
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Data Preprocessing

ωDownloading

ωText Extraction

ωSimple Deduplication (URL 
Based)

Collection

ωLanguage Identification

ωThreshold based filtering

ωMulti-language 
documents

Initial Cleaning
ωExact Substring based 

(mC4, OSCAR v*, CC100)

ωFuzzy Minhashbased (GPT-
3, ThePILE)

ωBoth (Refined Web)

Deduplication

ωHeuristics Based (Refined 
Web)

ωModel Based (CC-Net, 
CC100)

ωNSFW URL Based, PII

ωLine Based, Doc based

Filtering
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Tokenization

ÅTokenization algorithms that have a fallback to bytes (and hence produce few / no UNK 
tokens)

ÅMost popular Sentencepiece, BPE and Wordpiece

ÅLarger vocabulary size usually correlated with better performance

ÅAt cost of training speed, inference speed and increased parameters)

ÅAllocating vocab capacity across different languages improves performance

ÅEg: following the VoCAP approach presented in Zheng et al. 2021

ÅAnother alternative seems to be leveraging byte-based models

ÅBut seem to require deeper (encoder) models / with additional capacity (byte-T5)

ÅAdditionally, require models that can cover larger context windows

ÅMore robust to mis-spellings

Models

Wordpiece

ÅmBERT

Sentencepiece

ÅXLM-Roberta, mBART, XGLM, 
mT5

VoCAP

ÅXLM-E, XY-LENT

BPE

ÅGPT*, Bloom

Byte-level

ÅByte-T5, Perceiver
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Data Sources For Training

Machine learning is changing the world today with research 
happening at an extremely fast pace.

ÖÜɠÑ ÙȑÑʋÀ zÅ ÏȓȑÑ×ɟ ¾ɨ ÔÏÙ Øßɡ ßɮ ©Ø yÑȓÞɰÐɟÑ 
ÔßȓÍ ÍɭÅ ÀȑÍ Þɭ ßɨ Øßɟ ßɮ]

L'apprentissage automatique change le monde aujourd'hui 
avec des recherches qui se déroulent à un rythme 
extrêmement rapide.

͙́ ᾋ╘ᵰ↕ẖᵐἶҵᴛֿב ӇѤ⁷̯ᴛ₡ѥϳ
ἝỮ╙ṉ ᾎ ̆▓ᾋѱѻ.

Models
Å mBERT, XLM-Roberta
Å mT5, AlexaTM, byte-mT5

Monolingual Corpora Bitext Corpora

English Centric

I love cats J'aime les chats.

I love cats ÖȓÆɭ ȐÔȒġÙ×ɟɯ ÒÞęÏ ßɮ]

I love cats ϮѤ̆‚╪ᵑꜜῷ ѱѻ.

Models
Å XLM, XLM-E, DeBERTa v3, 

Info-XLM
Å mBART
Å PaLM-2

J'aime les chats. ÖȓÆɭ ȐÔȒġÙ×ɟɯ ÒÞęÏ ßɮ]

X-Y Directions

ϮѤ̆‚╪ᵑꜜῷ ѱѻ. I love cats

Models
Å M2M 100*
Å XY-LENT

General Trend of Performance Increase (within a model class type) 28



Sampling Techniques
Monolingual Corpora Bitext Corpora

English Centric

Temperature Sampling
Å Here, the normalization is over 

non-English languages

X-Y Directions

Temperature Sampling

Å P(i, j) = 
ȟ

В ȟ
, where ὲȟis the 

number of samples for i-jth 

language pair

Approximating English Centric 
marginal distributions 
Å P(i, j) such that ᶅ ὮP(j) = 
ВὖὭȟὮis similar to English 
Centric distributions

Temperature Sampling

Å P(j) = 
В

, where ὲis the number of samples for 

jth language
Å Upsamples low resource langauges, 

downsamples low resource languages

Unimax
Å Allocate budget as uniformly as possible
Å Start with lowest resource language, and keep 

adding, allocating uniform budget
Å Better performance compared to Temperature 

Sampling
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Encoder Models: Cloze Infilling

ÅBERT style models

ÅX% of tokens are masked, and model uses left and right 
context to predict the middle token

ÅCan use both monolingual and bitext data 

Transformer

<s> Machine [MASK] is changing the world today with [MASK] happening at an

Learning research

Models

ÅmBERT

ÅXLM

ÅXLM-Roberta

Transformer

<s> I [MASK] cats JΩ aime les

love chats

[MASK]</s> <s> </s>
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Encoder Models: Electra Models
ÅElectra style training paradigm

ÅPredicting which tokens come from 
generator vs which come from data

ÅBut unlike a GAN, generator trained on MLM 
task

ÅMore sample efficient

Å In general better performance

ÅVariants to stop gradient flow between generator 
and discriminator embeddings

ÅDifferent layer-wise behavior compared to MLM

ÅHigher layers better at semantic retrieval 
tasks

Models

ÅXLM-E

ÅXY-LENT

ÅDEBERTAv3

Generator

<s> I [MASK] cats

like

</s>

Discriminator

<s> I cats </s>

1 1 0 1 1 

*Figures taken from Chi et al 2022
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Encoder Models: Auxiliary Losses

ÅContrastive Losses leveraging bitext data to improve semantic 
similarity

Å Improved performance especially for semantic retrieval tasks

ÅCan be used in conjunction with previous approaches

ÅNo substantial difference between different forms of contrastive 
losses (SimCLR vs MoCo)

ÅPerformance somewhat dependent on which layer is chosen for 
momentum contrast

ÅElectra style models less susceptible to this compared to 
MLM models

Models

Å Info-XLM

Encoder
Momentum 

Encoder

ὼ
ὼ ȟὼ ȟὼ Χ

*T indicates translation

Contrastive loss
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Encoder Decoder Models

ÅStandard Transformer Architecture

ÅTwo transformers one for encoder, one for decoder

ÅCan repurpose a decoder with prefix LM for similar 
purpose

Encoder

input sequence<s>

Decoder

output sequence<s>

Encoder layers have bidirectional informationDecoder layers have causal attention

Decoder also has complete encoder information
Decoder

input sequence<s> output sequence<s>

Traditional Encoder Decoder

Prefix LM structure

ά9ƴŎƻŘŜǊέ ǇǊŜŦƛȄ ŀǘǘŜƴŘǎ ǘƻ ŀƭƭ ǇǊŜŦƛȄ ǘƻƪŜƴǎ

άDecoderέ prefix attends to prefix 
with a causal mask

Models

ÅmT5, byteT5

ÅmBART

ÅAlexaTM
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Encoder Decoder Denoising Objectives

ÅToken Masking: Masking certain fraction of tokens (similar to BERT), but get the model to generate the tokens

Machine Learning is <X> the <Y> today <S><X> changing <Y> world </s>

mT6, byteT5: using sentinel tokens for indicating what tokens / bytes to mask and get decoder to generate generate

ÅSentence Masking / Denoising: Mask out continuation of a document, getting model to generate the continuation 

[S] L'apprentissage automatique <X> change le monde aujourd'hui

UL2, UL2R, AlexaTM: Get model to complete generation. Note the usage of prefix tokens to denote type of noise

Machine Learning is [MASK] the [MASK] today <S>Machine Learning is changing the world today </s>

mBART: reconstructing the entire sentence, AlexaTM: no use of MASK tokens, still reconstruct entire sequence
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Encoder Decoder Denoising Objectives

ÅExtreme corruption: Mask out large parts of the document, getting the model to generate them

[X] El aprendizaje <X> está <X> el <Y> <B> automático <S> cambiando <S> mundo <E>

UL2, UL2R: Try and recover a severely noised document, using multiple sentinels 

ÅCombinations: Combine different noising strategies together (using sentinel tokens to denote different masking strategies)

[R] Machine Learning is <X> the <Y> today <S><X> changing <Y> world </s>

[S] L'apprentissage automatique <X> change le monde aujourd'hui

[X] El aprendizaje <X> está <X> el <Y> <B> automático <S> cambiando <S> mundo <E>

Note the different prefix tokens to tell the model what mode to generate in

UL2 / UL2R / PaLM2: 

Also possible as post training step, to boost a 
general purpose decoderΩs abilities
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Causal Decoder Models

ÅStandard autoregressive decoding

ÅShown in (Wang et al 2022) to have best performance 
for direct zero-shot adaptation 

Å In contrast, encoder decoder models tend to 
perform better after fine-tuning on instruction 
datasets

ÅThe authors recommend training decoder models 
followed by non decoder training followed by 
instruction tuning

Å Improvement using non decoder continued 
training also shown in (Tay et. al 2022)

Å Improvement of instruction tuning over such a 
model also corroborated by (Chung et al 2022)

ÅNote: The previous observations are for English centric 
models. 
PALM-2 report impressive multilingual performance 
following a similar recipe, so might be applicable for 
multilingual scenarios too.

Decoder

WΩ aime<s> chatsles

Models

ÅXGLM

ÅBloom

Continued Training with non decoder objectives

ÅUL2R
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Post-Training: Instruction Finetuning

*Figures taken from Muennighoff et al 2023

ÅPost training carried out on instructions dataset

ÅMultilingual LLM trained on

ÅEnglish only instructions (P3 dataset)

ÅMultilingual datasets (but with English Prompts xP3)

ÅMultilingual datasets (with prompts translated to 
target language xP3mt)

ÅSeems to improve both English and multilingual 
performance

ÅWhen prompts are multilingual, there seems to be a 
tradeoff between English and multilingual performance

Models

ÅBloomZ

ÅmT0

37
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Prompting Strategies for Multilingual LLMs

Sunayana Sitaram



Prompting Basics [Liu et al., 2023]

Pre-train, fine-tune -> pre-train, 
prompt and predict 

Prompt engineering: finding the 
most appropriate prompt to allow 
a LM to solve the task at hand

Design choices 

ÅInput construction (X)

ÅTemplate

ÅAnswer (Z)

ÅFew-shot examples
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Multilingual Prompting: Design Choices

Instruction: language

Few-shot examples: language, 
number, random/specific

Test example: language

Verbalizer*: language, form

*Output (if applicable): 
language
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Monolingual Prompting

Instruction: English

Few-shot examples: 
Native language

Test example: Native language

Verbalizer*: English

*Output (if applicable): Native 
language
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Translate-test Prompting

Instruction: English

Few-shot examples: 
English

Test example: Translated to English

*Output: Back-translated (if 
required, like in Summ.)

Verbalizer: English*
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Cross-lingual Prompting

Instruction: English

Few-shot examples: English/pivot

Test example: Native language

Verbalizer*: English

*Output (if applicable): Native 
language

46



Chain-of-thought prompting [Shi et al, 2022]

ÅPrompting techniques

ÅDirect

ÅNative-CoT

ÅEn-CoT

ÅTranslate-En

ÅChoice of exemplar language
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Chain-of-thought prompting - Results

ÅMGSM: arithmetic reasoning, 10 typologically diverse languages

ÅFew-shot native exemplars
ÅNative-CoT and En-CoT outperform direct on all languages

ÅResults similar to Translate-En even on low-resource languages

ÅEn-CoT outperforms Native-CoT

ÅExemplar number and type choices
ÅMore exemplars help

ÅNative exemplars with En-CoT best, Multilingual exemplars + En-CoT close

ÅEn exemplars not as good
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Cross-thought prompting [Huang et al., 2023]

ÅAdditional step to encourage 
the model to engage in 
cross-lingual thought by 
rephrasing the requested 
content in English

ÅComparison with 
monolingual and translate-
test

ÅOutperforms both
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Aggregation [Nambi et al., 2023]

ÅAggregate responses of different 
prompting strategies into a single 
response

ÅExploit strengths of different 
prompting strategies and 
information contained in different 
languages

ÅOutperforms mono prompting for 
some low-resource languages in 
the IndicQA dataset

ÅMore calls to the LLM

_type: prompt

input_variables :

    ["query", "responses", 

"language"]

template: |

    INSTRUCTION: You are a 

multilingual expert. Analyse  all 

the responses and provide the best 

response in less than 3 words from 

the below set of responses based on 

the context given.

    QUESTION: {query}

    RESPONSES: 

    {responses}

    ANSWER in {language} in less 

than 3 words: 

50



Soft prompting [Zhao et al., 2021]

ÅLeverages pseudo tokens that are not part of the vocabulary for fine-tuned 
models on NLI (MNLI, XNLI)

ÅTechniques
ÅDiscrete prompting (DP)
ÅSoft prompting (SP)
ÅMixed prompting (MP)

ÅResults (En)
ÅPrompting outperforms fine-tuning, SP>DP>MP

ÅResults (other languages)
ÅDP with άinstructionέ in English performs best
ÅPrompting not always better. DP best for some languages except Hindi, Swahili, Urdu.
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Automated Prompt Selection [Nambi et al., 2023]

ÅNo one-size-fits-all multilingual prompting strategy 

ÅChallenge: Several strategies, models, embeddings etc.

ÅHow to select best strategy for each task and language 

ÅLEAP ς Learning Strategies for Polyglot LLMs

ÅLearning algorithm dynamically selects the optimal prompt strategy, LLM model, 
and multilingual embeddings based on real-time human feedback and evaluation 
metrics - improvements of 15% on all languages

Base Model 
Prompt, Strategy, 
ƻǘƘŜǊ ƪƴƻōǎΣ Χ

Response
Human Feedback/
Automated Metrics
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Evaluation, Interpretability and Analysis of 
Multilingual LLMs

Kabir Ahuja



Multilingual Datasets
Sentence Pair 
Classification

Indic-XNLI

Americas-XNLI

XNLI

Natural Language Inference

PAWS-X

Paraphrase Identification

IndicCOPA

XCOPA

XStoryCloze

Commonsense Reasoning

Question 
Answering

XQUAD

MLQA

TyDiQA-GoldP

Span Prediction

IndicQA

Sequence 
Labelling

UDPOS

Part of Speech Tagging

MasakhnePOS

PAN-X

Named Entity Recognition

MasakhaneNER

IndicNER

TyDiQA-
Primary

XOR-QA

Retrieval Based

LARQA

Generation

IndicParaphrase

XLSum

Summarization

TyDiQA-QG

Question Generation
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Linguistic Coverage of Different Datasets

Majority of multilingual benchmarks support only a handful of 
ǘƘŜ ǿƻǊƭŘΩǎ ƭŀƴƎǳŀƎŜǎ ŀƴŘ ǘƘŀǘ ǘƻƻ ǘȅǇƛŎŀƭƭȅ LƴŘƻ-European!
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Evaluation Methodologies

Evaluation 
Methodologies

Task Specific 
Fine-tuning

Zero-Shot 
Cross Lingual 

Transfer

Few-Shot Cross 
Lingual 
Transfer

Monolingual 
fine-tuning

Translate-train

Prompting / In-
context 
learning

Monolingual 
prompting

Cross Lingual 
Prompting

Translate Test 
Prompting

Chain-of-
Thought 

Prompting

Cross-thought 
prompting
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Evaluation Methodologies

Evaluation 
Methodologies

Task Specific 
Fine-tuning

Zero-Shot 
Cross Lingual 

Transfer

Few-Shot Cross 
Lingual 
Transfer

Monolingual 
fine-tuning

Translate-train

Prompting / In-
context 
learning

Monolingual 
prompting

Cross Lingual 
Prompting

Translate Test 
Prompting

Chain-of-
Thought 

Prompting

Cross-thought 
prompting

Fine-tune model with task specific 
data in a source language (often 
English) and test on different 
target languages directly.
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Evaluation Methodologies

Evaluation 
Methodologies

Task Specific 
Fine-tuning

Zero-Shot 
Cross Lingual 

Transfer

Few-Shot Cross 
Lingual 
Transfer

Monolingual 
fine-tuning

Translate-train

Prompting / In-
context 
learning

Monolingual 
prompting

Cross Lingual 
Prompting

Translate Test 
Prompting

Chain-of-
Thought 

Prompting

Cross-thought 
prompting

Fine-tune model with task specific 
English data and a few training 
examples in the target language 
that we wish to evaluate the 
mode on.
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Evaluation Methodologies

Evaluation 
Methodologies

Task Specific 
Fine-tuning

Zero-Shot 
Cross Lingual 

Transfer

Few-Shot Cross 
Lingual 
Transfer

Monolingual 
fine-tuning

Translate-train

Prompting / In-
context 
learning

Monolingual 
prompting

Cross Lingual 
Prompting

Translate Test 
Prompting

Chain-of-
Thought 

Prompting

Cross-thought 
prompting

Fine-tune model with task specific 
data in target language.
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Evaluation Methodologies

Evaluation 
Methodologies

Task Specific 
Fine-tuning

Zero-Shot 
Cross Lingual 

Transfer

Few-Shot Cross 
Lingual 
Transfer

Monolingual 
fine-tuning

Translate-train

Prompting / In-
context 
learning

Monolingual 
prompting

Cross Lingual 
Prompting

Translate Test 
Prompting

Chain-of-
Thought 

Prompting

Cross-thought 
prompting

Fine-tune model with task-specific 
data in source language translated 
to target language using MT.
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Benchmarking Multilingual Models

Performance 
Improves With 

Scale

Fine-tuned models for the most part outperform prompting LLMs on multilingual datasets, with even 
some of the smaller models like mBERT and mT5 outperforming GPT-3.5 and in some cases even GPT-4

*Caveat: it is unclear which evaluation datasets GPT4 has seenduring training. However, despite the possibility the performance remain sub-optimalֿב

On commonsense reasoning tasks like XCOPA and XStoryCloze, 
GPT-4 outperforms all other models
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Benchmarking 
Multilingual Models: 
For LLMs trained 
pre-dominantly with 
English data, 
translating target 
language queries to 
English is usually the 
best way to go for 
low-resource 
languages
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Benchmarking 
Multilingual Models: 

Performance 
generally drop 

drastically for low-
resource languages!

(From Junjie et al. 2020)

(From Asai et al. 2023)
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Benchmarking Multilingual Models: Performance is 
favorably biased towards higher-resource languages families 
(Indo-European: Germanic and Romance families) 

XLM-R

(From Junjie et al. 2020) ChatGPT
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Benchmarking Multilingual Models: Impact of 
¢ƻƪŜƴƛȊŜǊΩǎ ǉǳŀƭƛǘȅ ƻƴ ǇŜǊŦƻǊƳŀƴŎŜ

Tokenizer quality measured as Fertility (Rust et al. 2021) which measures the average 
number of sub-words produced per tokenized word

Words

AAB ABA AAA

AA, B A, B, A AA, A

Tokenized Sub-words

Fertility = ςȢσσ
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Benchmarking Multilingual Models: Impact of 
TokenizerΩs quality on cost

The tokenizer quality can have effects beyond performance, where prompting 
commercial LLMs on low-resource languages can be much more expensive (Ahia et al. 

2023)!
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Evaluation 
beyond Task 
Performance

Calibration

Behavior Testing

Fairness and Biases (Covered By Monojit)
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Evaluation beyond Task Performance : 
Calibration

Ahuja et al. 2022
Jiang et al. 2022

How reliable are the uncertainty estimates of multilingual models in a zero-shot cross lingual setting ?

MMLMs are significantly mis-calibrated in a zero-shot cross lingual setting, often being over-confident 
about their predictions. Using even very little language-specific labeled data can help calibrate the 
model 69



Evaluation beyond Task Performance: 
Behavior Testing using Multilingual Checklists
ÅCheckList (Ribeiro et al. 

2020): A task agnostic 
method to test capabilities of 
NLP systems.

ÅTest Types:
ÅMinimum Functionality Test 

(MFT)

ÅInvariance Test (INV)

ÅDirectional Expectation Test 
(DIR)
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Evaluation beyond Task Performance: Behavior 
Testing using Multilingual Checklists

(From Ruder et al. 2021)

(From K et al. 2022)

Extend CheckLists created in English to other 

languages using Manual or Automatic 

Translation!
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Evaluation beyond Task 
Performance: Behavior 
Testing using Multilingual 
Checklists

(From Ruder et al. 2021)

(From K et al. 2022)

Extend CheckLists created in English to other 

languages using Manual or Automatic 

Translation! Models perform 
worst on tests in 

low resource 
languages with 

limited or no pre-
training data such 
as gu, ha, ht, qu, 

sw, wo, and yo and
in languages with 
non-Latin scripts 
such as he, ja,

th, and zh 72



What makes Multilingual 
Evaluation Hard?

1. Only a handful of the languages supported by the 
MMLMs have evaluation sets available in most 
multilingual benchmarks.

2. Majority of the supported languages are high resource 
(class 3 or above according to Joshi et al. 2020)
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Performance Prediction as a Potential Solution

Xia et al. 2020

Lin et al. 2019

Predict the performance on a particular experimental setting given past 
experimental records of the same task, with each record consisting of a 
characterization of its training dataset and a performance score of the 

corresponding metric
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mBERT
Pre-trained on 104 

languages

Fine-tune
Fine-tuned mBERTTask-Specific 

Data in English

English
Test Data

80.8% 
Accuracy

Case Study: Zero-Shot 
Performance Prediction 
(Ahuja et al. 2022)

73.4%  
Accuracy

French
Test Data

49.7%  
Accuracy

Swahili
Test Data

67.8%  
Accuracy

Chinese
Test Data

75



mBERT
Pre-trained on 104 

languages

Fine-tune
Fine-tuned mBERTTask-Specific 

Data in English

Indonesian
?
Accuracy

?
AccuracyGujarati

?  
AccuracyHausa

?
AccuracyKorean

No Labelled Test Sets 
Available

Case Study: Zero-Shot 
Performance Prediction 
(Ahuja et al. 2022)
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Zero-Shot Performance Prediction as a 
Regression Problem

Use factors affecting performance of 
LLMs across different languages to 
approximate the performance measures 
without evaluating on a test dataset!

Pre-
training 

size

Syntactic 
Similarity

Subword 
Overlap

.

.

.

Ὢ Performance 
Measure

E.g., F1-
Score, 
Accuracy etc.
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Zero-Shot Performance Prediction as a 
Regression Problem

ί Ὢ ‰ὸȠ‰ɩȠ‰ɩȟὸȠ‰ɝ

Performance 
Measure

Test Language 
Specific 
Features

Training 
Language(s) 
Specific 
Features

Relatedness 
features 
between 
training and test 
languages

Training Dataset 
specific features

78



Predicting Performance of Unseen Languages

Average Leave-One-Out Errors (Lower the better)

Ahuja et al. 2022
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Other Problems with 
Multilingual Benchmarks / 
Datasets

1. Translated Test Sets: Fail to capture 
cultural context (Liu et al. 2021), 
Translationese 

2. Training datasets mostly only in 
English, which might not be the 
best pivot language (Turc et al. 
2021)
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Probing multilingual LLMs for 
Interpreting and Explaining 
Cross Lingual Transfer

Structural Probing

Intrinsic Probing

Causal Probing
Figure from 19-probes (umass.edu)
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Structural Probing (Chi et al. 2020)
Probe for syntactic trees by finding linear 
transformations under which the distance 

between the two words in the dependency parse is 
equal to the distance in the vector representations 

of the two words under this transformation

Find ὄ such that:

Ὠ Ὤ ȟὬ ὄὬ ὄὬ

ÁÒÇÍÉÎɫɫȟȿὨ ύȟύ Ὠ ὬȟὬ ȿ

R2: Subspaces encoding different syntactic properties are shared across languages!

R1: Structural probes extract syntax trees from mBERT in different languages

To check if syntactic subspaces are similar across languages, 
check if a probe trained on language Ὥ also predicts the syntax of 

language Ὦ
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