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Tutorial Logistics

ADate and Location:'™July 2023Metropolitan West
ATimings: 9 AM 12:30 PM local time

AFirst half: 9 AM 10:30 AM

ABreak: 10:30 AM11 AM

ASecond half: 11 AM12:30 PM



Tutorial Scope

AWe expect everyone to be familiar with Englistrsions of LLMS
AHence, we will not go into the fundamentals of LLMs

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

AOut of scope for this tutorial

AAdapters and parameter efficient fireining for multilingual models (please
see EMNLRO22tutorial by Ruder et al. for a great coverage of this)



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 Al (30 min)

Language Communities (15 min)

Open Research Questions (10 min)

Conclusion (10 min)

Q&A (20 min)



Housekeeping

ASlides and references

https://aka.ms/ACL2023tutorial

AQ&A
A2-4 questions after each section (tinpermitting)
AQuick clarification questions can be asked during the talks
A Attendees on Zoom can type in chat, one of the instructors will moderate
ALonger Q&A will be at the beginning of the break (optional) and at the end


https://aka.ms/ACL2023tutorial

How well have

Language Technologie
been serving the 6000
languages of the
planet?
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Hierarchy of languages in terms of available

resources for training NLP systems

Joshi et al. ACL 2020



https://arxiv.org/abs/2004.09095
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are untouched by the benefits of language technology.

Class 5 Example Languages #LLangs | #Speakers | % of Total Langs
0 Dahalo, Warlpiri, Popoloca, Wallisian, Bora 2191 1.2B 88.38%
| Cherokee, Fijian, Greenlandic, Bhojpuri, Navajo 222 30M 5.49%
2 Zulu, Konkani, Lao, Maltese, Irish 19 5.TM 0.36%
3 Indonesian, Ukranian, Cebuano, Afrikaans, Hebrew 28 1.8B 4.42%
4 Russian, Hungarian, Vietnamese, Dutch, Korean 18 2.2B 1.07%
5 English, Spanish, German, Japanese, French 7 2.5B 0.28%
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Are our technologies

progressively getting
more linguistically
iInclusive and diver8e
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Entropy of the distribution of Language
mentions in ACL papers over the years

Joshi et al. ACL 2020
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Doddapanenet al.2021 A Primer on Pretrained Multilingual Language Models

2107.00676odf (arxiv.org)

Model Architecture pretraining Languages
Objective Task
N k d #Params. Function Mono. Parallel specific #langs. vocab.
data
IndicBERT (Kakwani et al., 2020) 12 12 768 33M MLM IndicCorp X X 12 200K
. MLM, TLM, e 1.
Unicoder (Huang et al., 2019) 12 16 1024 250M CLWR. CLPC, CLMLM Wikipedia v X 15 95K
XLM-15 (Conneau and Lample, 2019) 12 8 1024 250M MLM, TLM Wikipedia v X 15 95K
XLM-17 (Conneau and Lample, 2019) 16 16 1280 570M MLM, TLM Wikipedia v X 17 200K
MuRIL (Khanuja et al., 2021) 2 12 768 236M MLM, TLM CommonCrawl v X 17 197K
+ Wikipedia
VECO-small (Luo et al., 2021) 6 12 768 247TM MLM, cs-MLM T CommonCrawl v X 50 250K
VECO-Large (Luo et al., 2021) 24 16 1024 662M MLM, CS-MLM CommonCrawl v X 50 250K
InfoXL.M-base (Chi et al., 2021a) 12 12 768 270M MLM, TLM, XL.CO CommonCrawl v X 94 250K
InfoXLM-Large (Chi et al., 2021a) 24 16 1024 559M MLM, TLM, XLCO CommonCrawl v X 94 250K
XLM-100 (Conneau and Lample, 2019) 16 16 1280 570M MLM, TLM Wikipedia X X 100 200K
XLM-R-base (Conneau et al., 2020a) 12 12 768 270M MLM CommonCrawl X X 100 250K
XLM-R-Large (Conneau et al., 2020a) 24 16 1024 559M MLM CommonCrawl X X 100 250K
X-STILTS (Phang et al., 2020) 24 16 1024 559M MLM CommonCrawl X v 100 250K
HiCTL-base (Wei et al., 2021) 12 12 768 270M MLM, TLM, HICTL CommonCrawl v X 100 250K
HiCTL-Large (Wei et al., 2021) 24 16 1024 559M MLM, TLM, HICTL CommonCrawl v X 100 250K
. MLM, TLM,
Ernie-M-base (Ouyang et al., 2021) 12 12 768 270M CAMLM., BTMLM CommonCrawl v X 100 250K
. MLM, TLM,
Ernie-M-Large (Ouyang et al., 2021) 24 16 1024 559M CAMLM. BTMLM CommonCrawl v X 100 250K
mBERT (Devlin et al., 2019) 12 12 768 172M MLM Wikipedia X X 104 110K
Amber (Hu et al., 2021) 12 12 768 172M MLM, TLM, CLWA, CLSA Wikipedia v X 104 120K
RemBERT (Chung et al., 2021a) 3218 1152 , 55oM* MLM CommonCrawl X X 110 250K
+ Wikipedia
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Linguistic Coverage
of Different Models

A Pretraining Data of different models is
predominantly English!

A However, even small percentages of ron
English data can facilitate cross lingual

transfer. Blevins et al. 2032204.08110]
Language Contamination Helps Explain
the Crosdinqual Capabilities of English
Pretrained Models (arxiv.org)

14
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Data Collection and Traininghéiltilingual LLMs



Dalais a key component for

training better performingLanguage
Models in the Multilingual domain.

AA Multilingual LLM can enable and
even revolutionize several
downstream scenarios for many
languages at once

AAlso aid in bridging the gap between
societies and pushing the frontier for
technologicabdvancements



Dalais a key component for

training better performingLanguage
Models in the Multilingual domain.

AA Multilingual LLM can enable and
even revolutionize several
downstream scenarios for many
languages at once

AAlso aid in bridging the gap between
societies and pushing the frontier for
technologicabdvancements

Challenges:
A Quantity

A Quality
A Sourcing
A Governance




Data Collection Challenges: Quantity

ASubstantial gaps in quantity across
ALanguages (commoncrawl.org)

Language Distribution in Commoncrawl

18



Data Collection Challenges: Quantity

ASubstantial gaps in quantity across
ALanguages (commoncrawl.org)

Language Distribution in Commoncrawl
Juad 57 languages

are < 0.001%
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Data Collection Challenges: Quantity

ASubstantial gaps in quantity across

ALanguages (commoncrawl.org)
ADomains(Gao et al., 2020)

20



Data Collection Challenges: Quality

100

AKreutzer et al., 2022 did a
comprehensivesurvey
covering quality issues acros
different datasets

80 -

60 -

40 -
—e— CCAligned
== ParaCrawl

AQ1: What % of languages

...are this percent correct or less.

have good quality data? 207 e Wik
-— mC4
° 0 ZIO 4|0 6IO 8|0 100

This percent of language corpora in this dataset...
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Data Collection Challenges: Quality

AKreutzer et al., 2022 did a 100-
comprehensiveurvey G
covering quality issues across
different datasets s

AQ2: Do low resource s

languages always have poor
guality data?
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Data Collection Challenges: Quality

AReasons include

Alncorrect Language ldentification (poor quality + similar languages)
AMachine generated data

ALimited identification tools available for toxic/adult content



Data Collection: Sourcing & Governance

A Initiatives by government agencies

A Defining actorsdata custodians, rightholders, and other parties
to appropriately govern shared data

A Designed 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



Data Requirements

Responsible

Foundations
Sharable

Multidomain

Versioned 0
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Data Preprocessing

e |NitIAl Cleaning e Flltering

/ooDownIoading ) /ooExact Substring based )

wText Extraction (mC4, OSCAR v*, CC100

wSimple Deduplication (URL wLanguage Identification wFuzzyMinhashbased (GPT wHeuristics Based (Refined

Based) wThreshold based filtering 3, ThePILE Web)
wMulti-language wBoth (Refined Web) wModel Based (CQet,
documents CC100)

wNSFW URL Based, PII
\ooLine Based, Doc based

b Collection ~ -/ e Deduplication

26



Tokenization

Models

A Tokenization algorithms that have a fallback to bytes (and hence produce few / no U NRordpiece
tokens) A mBERT

A Most popularSentencepieceBPE antiVordpiece
Sentencepiece

A Larger vocabulary size usually correlated with better performance A XLMRobertamBARTXGLM,
A At cost of training speed, inference speed and increased parameters) mT5

A Allocating vocab capacity across different languages improves performance VoCAP
A Eg following theVoCARxpproach presented in Zheng et al. 2021 A XLME, XMLENT

A Another alternative seems to be leveraging bipesed models BPE

A But seem to require deeper (encoder) models / with additional capacity {byje A GPT* Bloom
A Additionally, require models that can cover larger context windows

A More robust to misspellings
Bytelevel

A ByteT5, Perceiver



Data Sources For Training

Monolingual Corpora

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

OURN UMRIA z A TiNx) % G U ®RgREo By NP wyb |
o TR AW bR @) RE

[ L'apprentissagautomatiquechange le mondaujourd'hui ]

avec desecherchegjui sedéroulenta un rythme
extrémementrapide

o Abkat hmigra HIKE? T Ciej
E0Ln A " BAvo.

Models
A mBERTXLMRoberta
A mT5,AlexaTM bytemT5

Bitext Corpora

English Centric

| love cats [ J'aimeles chats. ]

: | love cats [ Ore FRUxudpel B B]]

:Ilovecats:[TPEt“ , F0 \po.]

Models

A XLM, XLME, DeBERTa V3,
Info-XLM

A mBART

A PalLM?2

X-Y Directions

[ J'aimeles chats. ] [ OrF FRUxudbe | [3}

[1‘}€“ B LIRS \po.][llovecats]

Models
A M2M 100*
A XYLENT

—

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



Sampling Techniques

Monolingual Corpora

Temperature Sampling
A P()) == where¢ is the number of samples for

ji"language
A Upsampledow resourcdangauges
downsampledow resource languages

Unimax

A Allocate budget as uniformly as possible

A Start with lowest resource language, and keep
adding, allocating uniform budget

A Better performance compared to Temperature
Sampling

Bitext Corpora

English Centric

Temperature Sampling
A Here, the normalization is over
non-English languages

X-Y Directions
Temperature Sampling

A PG, j) :B—“h wheret is the

number of samples farjth
language pair

Approximating English Centric
marginal distributions
A P{, j) such that "QP(j) =
B 0 "6Qis similar to English
Centric distributions



Encoder Models: Cloze Infilling

Bl E 6 0D O e

A BERT style models Models

A X% of tokens are masked, and model uses left and righ A mBERT
context to predict the middle token A XLM

A Can use both monolingual and bitext data A XLMRoberta

research

—f

30



Encoder Models:

A Electra style training paradigm

A Predicting which tokens come from
generator vs which come from data

A But unlike a GAN, generator trained on ML

A More sample efficient
A In general better performance

A Variants to stop gradient flow between generator
and discriminator embeddings
A Different layerwise behavior compared to MLM

A Higher layers better at semantic retrieval
tasks

[1][1][01 )

Discriminator

|

|

Generator

|

DOCDE

60 1

w P wu
o o o

Averaged accuracy
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o

—eo— XLM-R
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=
o
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Layer

12

Figure 3: Evaluation results on Tatoeba cross-lingual

sentence retrieval over different layers. For each layer,

the accuracy score is averaged over all the 36 language
pairs in both the xx — en and en — xx directions.

XNLI Acc

76.6

76.2

76.0

75.8 1

75.6

75.4 A

75.2 1

~

Electra Models

5.0 A

AXLM-E (125K).______Speedup 130x ______ XLM-R£TLM (1.5
XLM-R+TLM (1.2M)_gem=m
XLM-R+TLM (0.9M)

TXLM-E (90K) @ XLM-Align
XLM-R+TLM (0.6M)
XLM-R+TLM (0.3M)

Jl,XLM-E (45K) g XMR

0 20 40 60 80 100 120

FLOPs (1e20)
Models

A DEBERTAV3

*Figures taken fron”?%:hi et al 2022



Encoder Models: Auxiliary Losses

Contrastive loss

/\

A Contrastive Losses leveraging bitext data to improve semantic
similarity

A Improved performance especially for semantic retrieval tasks
A Can be used in conjunction with previous approaches

A No substantial difference between different forms of contrastive
losses $imMCLRsMoC9

A Performance somewhat dependent on which layer is chosen for
momentum contrast

A Electra style models less susceptible to this compared to
MLM models

[ Encoder]

W

Models
A Info-XLM

Momentum
Encoder

|

\

(

®w h m X

*T indicates translation

\



Encoder Decoder Models

A Standard Transformer Architecture
A Two transformers one for encoder, one for decoder

A Can repurpose a decoder with prefix LM for similar
purpose

Decoder also has complete encoder information

Encoder ] Decoder

Encoder layers have bidirectional informationDecoder layers have causal attention
Traditional Encoder Decoder

GO9YO2RSNE LINBFAE I

oDecodek prefix attends to prefix |
with a causal mask |

ftf LINBFTAE (21S8ya

ame o)
&R 1)

Decoder

Prefix LM structure

Models

A mT5, byte s
A mBART

A AlexaTM

33



Encoder Decoder Denoising Objectives

A Token MaskingMasking 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

MBARTreconstructing the entire sentencé)JexaTM no use of MASK tokens, still reconstruct entire sequence

A Sentence Masking / Denoisin§lask out continuation of a document, getting model to generate the continuation

[S]L'apprentissagautomatique<X> change le mondaujourd'hui

UL2, UI2R,AlexaTM Get model to complete generation. Note the usage of prefix tokens to denote type of noise

34



Encoder Decoder Denoising Objectives

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

[X] Elaprendizaje<X>esta<X>el <Y> <B>automatico<S>cambiando<S>mundo<E>

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

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

U2/ UL2R [ Pal i

Also possible as post training step, to boost a
general purpose decod@&r abilities

[R] Machine Learning is <X> the <Y> tod

[S]L'apprentissagautomatique<X>

change le mondaujourd'hui

<B>automatico<S>cambiando<S>mundo<E>

[X] Elaprendizaje<X>esta<X>el <Y>

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

35



Causal Decoder Models

A Standard autoregressive decoding

A Shown in (Wang et &022 to have best performance
for direct zereshot adaptation

A In contrast, encoder decoder models tend to d
perform better after finetuning on instruction Decoder
datasets

A The authors recommend training decoder models
followed by non decoder training followed by
instruction tuning

A Improvement using non decoder continued Models
training also shown in (Tay et.2022
A XGLM

A Improvement of instruction tuning over such a
model also corroborated by (Chung e&??) A Bloom

Continued Training with non decoder objectives

A Note: The previous observations are for English centric A UL2R
models.
PALM2 report impressive multilingual performance
following a similar recipe, so might be applicable for
multilingual scenarios too. 36




PostTraining: Instruction Finetuning

P3 xP3

A Post training carried out on instructions dataset . ! . .

I 1 1 1
1 1 1 1

g . sentencel He was a scholar in Metaphysical sentencel Fue académico en literatura metafisica,
Multlllngual LLM tralned On Literature, Theology and Classica 1 teologia y ciencias cléasicas.”

sciences.

sentence2 Fue académico en literatura metafisica

A English only instructions grlataset) T | eceracire nactogy, and Sasescar

science.

A Multilingual datasets (but with English Prompt8xP e

A Multilingual datasets (with prompts translated to
target language x@mt) [ S iy 1 [ Bancarme 24 {aancameest J

label 1

Question: Can we rewrite Sentence 1 to
Sentence 2? Yes or No? {{Choices[label]}}

Question: Can we rewrite Sentence 1 to
Sentence 2? Yes or No? {{Choices[label]}}

A Seems to improve both English and multilingual
performance

xP3mt

A When prompts are multilingual, there seems to be a Models - B
tradeoff between English and multilingual performance ' '

sentencel Fue académico en literatura metafisica,

teologia y ciencias clasicas.”
A Bloomz

sentence2 Fue académico en literatura metafisica,

teologia y ciencia clasica.

label 1

[ Choices=[No, Si] ]

Y

Oracién 1: {{sentencel}}

Oracidn 2: {{sentence2}}
Pregunta: ;lLa oracion 1 parafrasea la
oracidén 2? ;5i o no? {{Choices[label]}}

*Figures taken fronMuennigﬁgffet al 2023
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Prompting Basigsu et a.2023

Table 3. Examples of input, template, and answer for Different Tasks

Pretrain, finetune -> pretrain, Tosk Exampis ot @0 Tempiat e 5

p ro m pt an d p re d i Ct Sentiment I love this movie. [X] The movie is [Z]. fa%::ai:ic

sports

P ro m pt e n g i n e e ri n g : fi n d i n g th e Text Classification Topics He prompted the LM. [X] The text is about [Z]. SCiff.J.Tlcﬁ

m OSt ap p ro p r i a.te p ro m pt to a.I | OW Intention What is taxi fare to Denver? [X] The question is about [Z]. qu?irtl;ity

a LM to solve the task at hand =

Text-span Classification Aspect Sentiment Poor service but good food.  [X] What about service? [Z]. Terrible

DeSi n Choices [X1]: An old man with ... Yes
g Text-pair Classification  Natural Language Inference [X2]: A man walks ... [X11? [Z], [X2] No

. Taggin, Named Entity Recognition Ei;% ;:ﬁ: went to Parts. [X11[X2] is a [Z] entity. Oril;(?i;itzi?)trilon
nput construction geing

The victim ...

A Te m p | ate Summarization Las Vegas police ... [X] TL;DR: [Z] A woman ...

Text Generation

I love you.

A An Swe r (Z) Translation Je vous aime. French: [X] English: [Z] 1 fancy you.
[X1]: A man is smoking. Yes
Regression Textual Similarity [X2]: A man is skating. [X11 [Z], [X2] No

AFewshot examples
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Multilingual Prompting: Design Choices

-

ﬁfnu are an NLP assistant whose purpose 151
\to solve Natural Language Inference {NLI): Instruction
lprnb'LemE NLI is the task of '
.determ:l.n:l.ng the inference relation :
'between two texts: entailment, :
lcuntradictiun or neutral. i

1

-f

N NN N NN N NN NS N NN N SR NN NN EE N R

Iqai et foredt odf & we srpfa @)
el @ Fflam Fa .
'Question: HTEH! H)f ?ET 2| : fremp (x1)

[True False, or Neither?

-----q

|Fa1.se, foerv (V1)

" AR Ster A T W
|§TEEDI‘I e W ®d ?Eﬂ' ﬁﬁ‘ﬂﬁ%]ﬁ SEPT Bl f!em (Ites!)
‘el HEp W 2 R g9 @ d .

|True, False, or Neither? )

~

Instruction:language

Fewshot examplestanguage,
number, random/specific

Verbalizer*:language, form

Test examplelanguage

*Qutput (if applicable):
language
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Monolingual Prompting

-

ﬂ'nu are an NLP assistant whose purpose 151

\to solve Natural Language Inference {NLI): Instruction

lprnb'LemE NLI is the task of '

.r:leterm:l.n:l.ng the inference relation : j

'between two texts: entailment, :

lcnntradictiun or neutral. i
[
-f

Iu,Eﬁ et foredt odf ¢w ¥ UF el Erﬁl
el @ Fflam Fa |
'Question: HTEH! H‘T ?ET 2| : fremp (x1)

|True, False, or Neither?

s l-—r

-----q

|Fa1.se, foerv (V1)

" 3 BrET gt TEa
|ETEEDI‘I Y W Ea T ﬁﬁ‘i’ﬁlﬁf%ﬂﬂ TEHT E':Tlftunp(xtu!)

el T W E R EW w’ A

|True, False, or Neither? J

~

Instruction:English

Fewshot examples:
Native language

Verbalizer*:English

Test examplelNative language

*Qutput (if applicable)Native
language
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Translatetest Prompting

-

ﬁmu are an NLP assistant whose purpose 151

\to solve Natural Language Inference (NLIJ: Instruction

lprnb'LemE NLI is the task of '

.determ:.n:.ng the inference relation : j

'between two texts: entailment, :

lcnntradictinn or neutral. i
[
-f

'EEF et et odf o | us gl fﬂ”ﬂ

el &1 e wea !

'Question: 3MTEH! H‘T ?ET gl : fremp (x1)
I

|True, False, or Neither?
L] -

--.--q

|Fa1.se, foerv (V1)

" 3 BrET gt TEa
'ETEED“ EI’TEf b -@ﬁ iﬁf ﬁitliﬂlﬁf%ﬂﬁ aw E':Tlffun (IEE.‘.!)
el g @ E AN W W T g

|True, False, or Neither? J

~

Instruction:English

Fewshot examples:
English

VerbalizerEnglish*
Test exampleTranslated to English

*Output: Backtranslated (if
required, like inNSumm)
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Crossingual Prompting

-

ﬂ'nu are an NLP assistant whose purpose 151

\to solve Natural Language Inference {NLI): Instruction

lprnb'LemE NLI is the task of '

.r:leterm:l.n:l.ng the inference relation : j

'between two texts: entailment, :

lcnntradictiun or neutral. i
[
-f

Iu,Eﬁ et foredt odf ¢w ¥ UF el Erﬁl
el @ Fflam Fa |
'Question: HTEH! H‘T ?ET 2| : fremp (x1)

|True, False, or Neither?
L] -

-----q

|Fa1.se, foerv (V1)

" 3 BrET gt TEa
|ETEEDI‘I Y W Ea T ﬁﬁ‘i’ﬁlﬁf%ﬂﬂ TEHT E':Tlftunp(xtu!)

el T W E R EW w’ A

|True, False, or Neither? J

~

Instruction:English

Fewshot examplestEnglish/pivot

Verbalizer*:English

Test examplelNative language

*Qutput (if applicable)Native
language

46



Chainof-thought promptingsnietai, 2022]

Original Question Frage: Roger hat 5 Tennisbiille. Er kauft noch 2 Dosen Tennisbiille. In jeder

A P ro m pti n g te C h n i q u eS Dose sind 3 Tennisbiille. Wie viele Tennisbiille hat er jetzt?

DIRECT Antwort: 11

A D 1 r t NATIVE-COT Schritt-fiir-Schritt-Antwort: Roger begann mit 5 Billen. 2 Dosen von jeweils 3
I eC Tennisbillen macht 6 Tennisbille. 5 + 6 = 11. Die Antwort ist 11.

. EN-CoT Step-by-Step Answer: Roger started with 5 balls. 2 cans of 3 tennis balls each
N atlve.‘ OT is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Translated Question: Roger has 5 tennis balls. He buys 2 more cans of tennis balls. Each
A E r]_C OT English Question can has 3 tennis balls. How many tennis balls does he have now?
TRANSLATE-EN Step-by-Step Answer: Roger started with 5 balls. 2 cans of 3 tennis balls each

is 6 tennis balls. 5+ 6 = 11. The answer is 11.

Table 1: Example solution formats (§3) for a German exemplar problem, where German-specific

ATranslateEn
. components are underlined and are changed to the corresponding translations for other investigated
AC h O I Ce Of exe m p I ar |an g u age languages. For DIRECT, NATIVE-COT and EN-COT, we provide the original German question

as input to the model and expect an answer in the corresponding format; for TRANSLATE-EN, we
input the translated question in English, and expect a step-by-step solution in English. To obtain the
desirable output format, we prepend few-shot examples in the corresponding format.

DIRECT NATIVE-COT EN-COT TRANSLATE-EN

NATIVE-EXEMPLARS v v v v
ENGLISH-EXEMPLARS v N/A v N/A
MULTILINGUAL-EXEMPLARS v v v N/A

Table 2: Possible combinations between few-shot exemplar selection and solution strategies.
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Chainof-thought prompting Results

AMGSM: arithmetic reasonind typologically diverse languages

AFewshot native exemplars
ANative-CoTand ErCoToutperform direct on all languages
AResults similar to Translat&n even on lowesource languages

AEnCoToutperforms NativeCoT

AExemplar number and type choices

AMore exemplars help
ANative exemplars with EGoTbest, Multilingual exemplars + E2oTclose

AEn exemplars not as good



Input

Request: EIBETRES
R 3 2R 3 B, &
ERPFIIEE 60 K. fiEs
A—He R

Crossthought promptingruang et ai2023

XLT

I want you to act as an arithmetic reasoning expert for Chinese.

Request: EIBHTRESER 3 1 3 BodHl, SELPHI 60 #.

faig A —HmSDK?

You should retell the request in English. LLM
You should do step-by-step answer to obtain a number answer .

You should step-by-step answer the request.

You should tell me the answer in this format 'Answer:'.

Output

Request: James decides to run 3 sets of 60-meter sprints three times a week. How many meters does he run in total

each week?

Step-by-step answer:

1. James runs 3 sets of 60-meter sprints, which means he runs 60 x 3 = 180 meters per sprint.
2. James runs 3 sets of 180 meters per week, which means he runs 180 x 3 = 540 meters per week.

Answer: James runs a total of 540 meters per week.

Figure 2: Overview of our method. Given a request, its associated meta information is filled into
the placeholders of the XL T template to form the language-independent prompt, which is fed to the
LLM to enhance the generation of responses in the desired format.

AAdditional step to encourage
the model to engage In
crosslingual thought by
rephrasing the requested
content in English

AComparison with
monolingual and translate

test
AOutperforms both



Ag g regatiorﬂ\lambi et al.2023

AAggregate responses of different
prompting strategies into a single
response

AExploit strengths of different
prompting strategies and
Information contained in different
languages

AOutperforms mono prompting for
some lowresource languages in
the IndicQAdataset

AMore calls to the LLM

_type: prompt

input_variables
['query", "responses"”,

"language"]
template: |

INSTRUCTION: You are a
multilingual expert. Analyse

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:

all



Soft promptingzhao et al., 2021

AlLeverages pseudo tokens that are not part of the vocabulary fotdined
models on NLI (MNLI, XNLI)

ATechniques
A Discrete prompting (DP)
A Soft prompting (SP)
A Mixed prompting (MP)
AResults (En)
A Prompting outperforms finguning, SP>DP>MP

AResults (other languages)
A DP withdinstructiorg in English performs best
A Prompting not always better. DP best for some languages except Hindi, Swahili, Urdu.



Automated Prompt Selectionambi et al., 2023]

ANo onesizefits-all multilingual prompting strategy

AChallenge: Several strategies, models, embeddings etc.
AHow to select best strategy for each task and language

ALEAR, Learning Strategies for Polyglot LLMs

ALearning algorithm dynamically selects the optimal prompt strategy, LLM model,
and multilingual embeddings based on raale human feedback and evaluation

metrics- improvements 0f15% on all languages
Human Feedback/
Automated Metrics

/

Prompt, Strategy,
20KSNI {VY;7

s §(ase Model
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m Microsoft

Evaluation, Interpretability and Analysis of
Multilingual LLMs
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Dataset Task Languages Task wise Language Family Distribution
BUCC+ O 0 0 0.25 0 0
XNLI Natural Language Inference 15 LAReQA 4 0.09 0 0 0.09 0 0.27
Indic-XNLI Natural Language Inference 11 M;ng\ 1 qu g g g-ii g g-ﬁ
GLUECoS Natural Language Inference 2 Mewslix - 000 T 0 0 o o T037
PAWS-X Paraphrase Identification 7 g:‘t\’Dsg 1 g g g 0-[}4 g g-ﬁ
XCOPA Commonsense Reasoning 10 Tatoeba { 0.07 | 0.05 0.01 [ 0.03 | 0 | 0.26
XStoryCloze Commonsense Reasoning 11 %  TYDIQA10.09T0.09 009 [ © 0 1045
. . : i UDPOS { 0.07 | 0.04 0.02 [0.02 | 0 | 0.23
TyDiQA-GoldP  Question Answering 9 WikiANN - 0.05 | 0.09 0.02 [ 0.02 | 0 | 0.2
MLQA Question Answering 6 WikiLingua { 0.06 | 0.06 0 [006] 0 |0.28
: - WikiNEuRal {0 0 0 0 0 0
XQ}]AD Quest;on Answer%ng 11 XCOPA 0 51 T T 01 5
IndicQA Question Answering 10 XL-BEL{ 0 0 0 0.1 0
. XNLI 4 0.07 0 0.07 | 0.07 0 0.2
UDPOS Part of Speech Tagging 38 XQUAD 1005 10 o050
PANX NER 48 xSID{0.09 | 009 [ 045 0 [009] 0 |0.27
WinoMT Gender Bias 8 e c c ) c © 5
: : © 7 5 g e 2 £
GLUECoS Sentiment Analysis 2 i 7 a S ] = 5
< c o Qo Q 3 ©
Jigsaw Toxicity Classification 6 o < 5 5 in =
1 3 M= w I'IlJ o 8 )
XLSum Summarization 44 < 2 s = & =
= 2
m
=

Language Family

Majority of multilingual benchmarks support only a handful
0KS 62N RQa f I y3dz I S-&Eurdpeam

of

1.0

0.8

0.6

-0.4

-0.2

-0.0

Linguistic Coverage of Different Datasets



Evaluation Methodologies

Evaluation
Methodologies

Task Specific
Finetuning

Prompting / In
context
learning

ZeroShot FewShot Cross
Cross Lingual Lingual
Transfer Transfer

Monolingual
fine-tuning prompting Prompting

Translatetrain Monolingual Cross Lingual

Translate Test
Prompting

Chainof-
Thought
Prompting

Crossthought
prompting
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Evaluation Methodologies

Evaluation
Methodologies

Task Specific Progwop;]t{g)gt/ o
Finetuning Iearning

ZeroShot FewShot Cross

Cross Lingual Lingual
Transfer Transfer

Monolingual Translatetrain Monolingual Cross Lingual Translate Test
fine-tuning prompting Prompting Prompting

Finetune model with task specific
data in a source language (often
English) and test on different
target languages directly.

Chainof-
Thought
Prompting

Crossthought
prompting
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Evaluation Methodologies

Evaluation
Methodologies

Task Specific Progwop;]t{g)gt/ o
Finetuning learning
|

ZeroShot FewShot Cross

Cross Lingual Lingual
Transfer Transfer

I
[ | [ | |
Monollngual Translatetrain Monollngual Cross Llngual Translate_ Test
fine-tuning prompting Prompting Prompting

Finetune model with task specific
English data and a few training
examples in the target language
that we wish to evaluate the
mode on.

Chainof-
Thought

Prompting

|
Crossthought
prompting
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Evaluation Methodologies

Evaluation
Methodologies

Task Specific
Finetuning

ZeroShot FewShot Cross
Cross Lingual Lingual
Transfer Transfer

Monolingual
fine-tuning

Finetune model with task specific
data in target language.

Translatetrain

Prompting / In
context
learning

Monolingual
prompting

Cross Lingual
Prompting

Translate Test
Prompting

Chainof-
Thought
Prompting

Crossthought
prompting
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Evaluation Methodologies

Evaluation
Methodologies

Task Specific
Finetuning
|

Prompting / In
context
learning

ZeroShot FewShot Cross

Cross Lingual Lingual
Transfer Transfer

[ | [ |
Monollngual Translatetrain Monollngual Cross Llngual
fine-tuning prompting Prompting

Finetune model with taskspecific
data in source language translated
to target language using MT.

Translate Test
Prompting

Chainof-
Thought
Prompting

Crossthought
prompting
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Benchmarking Multilingual Models

On commonsense reasoning tasks like XCOPAXS&tatyCloze
GPT4 outperforms all other models

Model Classification Question Answering Sequence Labelling Summarization
XNLI PAWS-X XCOPA XStoryCloze XQuAD TyDiQA-GoldP MLQA UDPOS PAN-X XLSum
Metrics Acc. Acc. Acc. Acc. F1/EM F1/EM F1/EM F1 F1 ROUGE-L
Fine-tuned Baselines
Performance mBERT 65.4 l 81.9 I 56.1 x 64.5/49.4  59.7/439  6l4/442 [ 719) [ 622] x
. mT5-Base 75.4 86.4 49.9 X 67.0/49.0 5727412 64.6/45.0 - 55.7 | 28.17 I
Improves With |  xim-r Large 792) (864 x 766/608)  65.1/450 (70 6 7532) (762 65 2 x
Scale TuLRv6 - XXL 88.8") | 93.27) | 82.21 X 86/729")  [84.6/738] (81/63. 9T 83.01 84 7T X
Prompt-Based Baselines
BLOOMZ 542 (82.2)7 60.4 76.2 (70.7/58.8)"  (75.2/63.2)}
Open Al Models
text-davinci-003 59.27  67.08 75.2 74.7 40.5/28.0 49.7/38.3 44.0/28.8 -
text-davinci-0e3 (TT) 67.0 68.5 83.8 94.8 X X 549/34.6 X X -
gpt-3.5-turbo 62.1 70.0 79.1 87.7 60.4/38.2 60.1/384 56.1/32.8  60.2¢ 40 3 18.8
gpt-3.5-turbo (TT) 64 67.2 81.9 93.8 X X 46.3/27.0 X 16.0%*
gpt-4-32k 154') (73.0] (8971) (965') (6837466  [715/509) [67.2/433!) | 66.6'] | 55. T ] (1977

Finetuned models for the most part outperform prompting LLMs on multilingual datasets, with e

some of the smaller models likeBERBNnd mb outperforming GP-B.5and in some cases even GPT

62
*Caveat: it is unclear which evaluation datasets GPT4 has sleeing training. However, despite the possibility the performamreain subo pt i mal 2



B e n C h m arki n g Translate-Test Relative Improvement over Monolingual for GPT-3.5 Turbo
Multilingual Models: | 4

=
<)

For LLMs trained
sl I [

English data, - R 0
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language queries to

English is usually th
nest way to go for
ow-resource
anguages .

0.0

English Spanish Chinese  Indonesian Russian Arabic Hindi Basque Swahili Telugu Burmese
Language
[ 0V003 Menolingual EA DV003 TranslateTest B GPT-3.5-Turbo Monolingual EEN GPT-35-Turbo Translate-Test ~ [ GPT-4 Monclingual ] [EEEE GPT-4 Translate-Test [0 HLOOMZ
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Benchmarking
Multilingual Models:
Performance

generally drop
drastically for low
resource languages!

100

100

“ -
80 80 = - "a
. . F . sl
“ 1 . " - - ~
w60 . ~ «n 60 - .
x e x . = n .
LR + ——————— XNLL p = 079 Ny . "
. x < TAWSX,p-081
— . .
x  XQuAD,p =091
204 . I B — o MLQA,p =087 20 S —" - S POS, p = 036
+ TyDiQA, p=082 s NERp=035
¢+ BUCC,p=095 Tatoeba, p = 0.68
0 0 -
sw o tebn hi ur el bg id ar vi es  frde yo sw jv te Haf tath urel etkkbg tr  hud  fa zh es nl de
0.05 0.07 0.1 015 02 0.3 0.5 0.7 1 1.5 2 0.05 0.07 0.1 015 0.2 0.3 0.5 0.7 1 1.5 2

# of Wikipedia documents (in millions)

# of Wikipedia documents (in millions)

Figure 2. Performance of mBERT across tasks and languages in comparison to the number of Wikipedia articles for each language. We
show tasks with a Pearson correlation coefficient p > 0.7 on the left and others on the right. Numbers across tasks are not directly
comparable. We remove the x axis labels of overlapping languages for clarity. We additionally plot the linear fit for each task (curved due
to the logarithmic scale of the x axis).

(From Junjie et al. 2020)

—&— mT5 English FT mT5 Eng.+Tgt. FT ~ —<— BLOOM English ICL ~ —¥— ChatGPT English ICL

60 . » >
60 >
8 50 -
L
< 40
40
20
el hi swW aym chi de it tr id el hi bg ko th et ml te haukinpcrmwol ru id ar fi ko be te SW
NLI NER QA

Figure 3: Model performance across three tasks, NLI, NER, and QA, displayed for various languages. The
languages are sorted based on token availability in mC4, with the left side representing high-resource languages. All
methods show performance deteriorations in lower-resource languages (right side), with larger drops in ENGLISH-
ICL methods. Additional fine-tuning in target languages is more effective in less-represented languages.

(FromAsaiet al.2023
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Benchmarking Multilingual Models: Performance is

favorably biased towards highexsource languages families
(Indo-European: Germanic and Romance families)

100

% Human x i
100 = 4 English -~
+ : Average w/oen 80 »*
+ 5 :; * Ps IE: Roma % x :
80 i m » s IE: Indo-Ary a Y v %
[ ] 5 7 B = g IE: Slavic o G0 ‘f, ¥ &+ 3
x ﬂ? & i 1E: Germ. é [] i ] a
P i IE: Greek A g * T
60 g - ® - A [E: Iranian 40 . F
%) - = * i A
2 2 ' B Y < Afro-Asiatic w o 1
© i & X " Uralic * x
< 20
9] 40 Bl ¥ @ Austronesian 4
@ ®m Sino-Tibet ; *
H o Turkic 4 [ ]
i ¢ Dravidiar 0
20 X X Niger-Congo =5 X < v N o g v o £
#  Austro-Asiatic = v % _g eg % 9‘ g % Lf:}
¢ Kartveliar x % =) LEJ’ o Q-? = i
Kra-Dai o = o x <T
0 y A <}
S o+ % & 9 G ap | le 2 3
v S F FL& & o =
Q) que
+é éq Q e Q\’}Y’ @ O\ %0 &g'o ® Koreanic ) . . - .
= &A) N\ IE: Germanic o Turkic v Niger-C ongo *  Japonic Basque
» IE: Romance +  Sino-Tibetan * Kra-Dai » Koreanic IE: Iranian
= |E: Greek A Austro-Asiatic e |E: Indo-Aryan »  Uralic Niger-Congo
XLMR +  |E: Slavic % Afro-Asiatic «  Dravidian Austronesian Kartvelian

(From Junijie et al. 2020) ChatGPT
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Benchmarking Multilingual Models: Impact of
¢21SYAl SNQa ljdz- t Ade

Tokenizer quality measured as Fertility (Rust et al. 2021) which measures the av

number of subwords produced per tokenized word

GPT-35-Tubo Words____________ . | GPT-4
1.0 ; ( 1 |
1, .
VW ' L ) | ]| ] | L0 bagepan o
08 e e i A T >
. L [ e S e e e e =
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0.6 & --E\A%:::H»T ___________ - l ® 08 ®ege o T 43
. ¥ Cagg SS— . TG Y =
o G B Tokenized Sulwords 7 e TR
4 : N e N .
‘11_;“ ] 1 1 0.6
02 T | : ABAN AaA B
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0.0 “ | i
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«  IndicQA, p= —0.96 «  XNU, p=—0.79 Fertlllty _ c 8)- G +  IndicQA, p = —0.86 e XQuAD, p=—0.71
«  XCOPA, p=—0.98 «  XQuAD, p= —0.7T s XCOPA, p=—0.96 »  XstoryCloze, p = —0.92
o XLSum, p=—0.82 s XstoryCloze, p = —0.75 e XNLIL, p=-08
() Correlation between tokenizer fertility and performance for GPT-3.5-Turbo. 5 (b) Correlation between tokenizer fertility and performance for GPT-4
z
E
S
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oo o]l ol o] JJJJJ d
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o ic [ ; )
E £ s
Language
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Benchmarking Multilingual Models: Impact of
Tokenize®Q guality on cost

The tokenizer quality can have effects beyond performance, where prompting

commercial LLMs on lovesource languages can be much more expengiveagt al.

2023)!

What is the Moia sivai n
capital of TpWrElOUTU
Morocco? Tou Mapdkou;?

WAt is the  @ola GGGV 0@
capital of @@putc@Podon oo
Moroceo Feodovhrogs

2

\ ¥
D @D

Figure 1: We investigate the effects of subword tokeniza-
tion in LLMs across languages with different writing
systems. Our findings highlight disparities in the utility
of LLMs, as well as socio-economic disparities and in-
creased costs in using commercial APIs for speakers of
underrepresented languages. !

512
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2
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Uhsdo w28 6
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— wi ~— E«U

Language Faﬁly and Script

Figure 4: Estimated cost per language family/script, rel-
ative to English. The language families are abbreviated
as follows: IE: Indo-European, ST: Sino-Tibetan, AC:
Atlantic-Congo, AA: Afro-Asiatic, DR: Dravidian, KA:
Kartvelian.

—

[¥~]

[}

Experiment Cost relative to English
[*)

=]

en fr pt sw es vi ar ko ru ja hi th te am
Language

Figure 5: Average cost of prompt + generated tokens
for XLSUM evaluations relative to English.
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Evaluation
beyond Task
Performance

mmm DBehavior Testing

s Calibration

= Fairness and Biases (Covered By Monojig




Evaluation beyond Task Performance :
Calibration

How reliable are the uncertainty estimates of multilingual models in a-gbod cross lingual setting
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MMLMSs are significantly misalibrated in a zershot cross lingual setting, often being oxeamfident

about their predictions. Using even very little languapecific labeled data can help calibrate the
model




Evaluation beyond Task Performance:
Behavior Testing using Multilingual Checklists

Capability Min Func Test INVariance = DIRectional

ACheckLis(Ribeiro et al. oy o mi-to v t60% (9ot

2020): A task agnostic —_— N

method to test capabilities of Ty ey, —

Template: I {NEGATION] {POS_VERB] the (THING}.

Y
N

Testing NER with INV Same pred. (inv) after removals / additions

@AmericanAir thank you we got on a . pos

N L P S Ste m S | can't say | recommend the food. neg pos X
y u | didn’t love the flight. neg neutral X
Failure rate = 76.4%
T t T .
ATest Types:
different flight to [ Chicago — Dallas ]. — neutral

AMinimum Functionality Test cuirel o ey o | | s
(MFT)

X

Failure rate = 20.8%

Y
AN

Testing Vocabulary with DIR Sentiment monotonic decreasing (1)
A I nvar I an Ce es-u @AmericanAir service wasn't great. You 1 neg "
I are lame. neutral
@JetBlue why won't YOU help them?! neg

1

ADirectional Expectation Test |
(DI R \ Failure rate = 34.6% /

Figure 1: CueckListing a commercial sentiment analy-
sis model (G). Tests are structured as a conceptual ma-
trix with capabilities as rows and test types as columns
(examples of each type in A, B and C).

X




Evaluation beyond Task Performance: Behavio
Testing using Multilingual Checklists

Extend CheckLists created in English to other

languages using Manual or Automatic T

. . {first name}is {adj[0)} than {first namel}. C: Ben is smaller than Frank.
I I Comparisons o . - .
T nS atlon. Who is less {adj[1]}? Q: Who is less small?

Template

P9 WA (first name} {state} {very} .pmo?wpa (first namel) {state}

Intensifi UPMNEY WP NI AR pRNS .BphTnk wpa maw trumy :C
ntensiners
Teps? Wwpa {state) mMne oy Tupo® Wwpa nuw NIND 130 1 1Q
PPN Delhi is wonderful P . J{attribute2}s{attributel} s { [obj[1} A&l {[ob] [0} s ey e g dailall 3 & jal) e 35 200 :C
Hindi feeefl g d English Delhi is beautiful Template: {CITY} is {ADJ} ropertics *{[obj[1} » {property2} 41 thilall 5,5 d&fq,ci «Q
Bamples fewel) 37T & Examples Delhi is nice Lexicon: {CITY} = ['Delhi’, ‘Paris’, ‘New York']; '
@ﬁﬂg Delhils famous. / {ADJ} = ['wonderful’, ‘beautiful, ‘nice, famous’] Tob vs {first_name} 9%®A {profession} 442 {nationality}l C: aifer avew @@ aae B
Bt g d Paris is beautiful Nationality  {first name} 99 Sorget $17 Q: oifery g Stetrst i
o T X Paris is nice =
g, o (e ]
ew Yor| |.5W0n gru Te I - K 1} {Kq 2 . g e . . -
bt Nework s beaut Lexicon: fkﬁ_i§e=fé‘%¥,{§§,,}g 2 Table 3: CHECKLIST templates and generated tests for different capabilities in English, Hebrew, Arabic, and
RSl New ork s famous S e - e, . . Bengali. Words in curly brackets {. ..} are placeholders; see Ribeiro et al. (2020) for more information.
utput
SCTT B S
| TEA

(From Ruder et aR02])

\

Ml

| XA\

(Famous)

(From K et al2022 "



Evaluation beyond Task o e e e L B
Performance: Behavior

Testing using Multilingual
Checklists

Extend CheckLists created in English to other

236
237

languages using Manual or Automatic

i |
Translation! Models perform
Language Vocabulary Temporal Fairness Negation SRL  Robustness WO rSt On teStS In
English FR (SCR) 2421 1.8 94.35 48.16 35.94 4258 I
(Gujarati | FR (TEA) 39.12 34.97 87.46 51.84 4737  52.09,51.54 Ow resource
FR (TEA-ver) 29.09 32.18 88.72 55.15 468 5154 .
FRdiff 1000 279 1.26 33 057 055 Ianguag es Wlth
French FR (TEA) 20.27 11.22 86.52 56.55 40.00 4677 I 5 t d
FR (TEA-ver) 2178 11.53 86.52 61.25 4000 478
FR-diff Ver 1.51 0.31 0 47 0 1.3 Imitea or no pre
Swahili FR (TEA) 46.04 375 88.86 7332 51.87 5845
= FR (TEA-ver) 3853 4372 90.37 73.25 46.51 5538 tral ni ng data SUCh
FR-diff 8.24 6.22 1.51 0.07 536 307
Arabic FR (TEA) 46.71 1437 91.98 52.08 394 5332 as g U, h a; ht ’ q U,
German FR (TEA) 38.45 15.59 85.25 47.56 43.03  44.04 q/
Spanish FR (TEA) 29.44 3.18 89.45 59.41 4139 50.1 SW’ WO, andyo and
Russian FR (TEA) 4026 5.07 9367 5613 403 4761 N Iang uag es W|th
Vietnamese FR (TEA) 23.50 21.67 93.22 63.05 5312 5097 . . Table 5: Error rate of XLM-R fine-tuned on English
(Japanese |  FR (TEA) 26.9 24.22 9369 501 5097 - non'Lat|n SCI’IptS SQuAD v1.1 on 6 CHECKLIST QA tests.
Table 2: Failure rates for 9 1 6 capabilities for sentiment analysis. Failure rates of English
il 2 Pl e oD s s s apblies s et sl Fls e of bl e such as he, Ja, (From Ruder et al. 2021)
TEA-ver and FR-diff is reported, for the rest of languages FR for TEA is reported. th : an d Z h 72

(From K et al. 2022)



What makes Multilingual
Evaluation Hard?

Number of tasks with
more than given number of languages

=
~
w

-
o
o

N
w

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

2. Majority of the supported languages are high resourt
(class 3 or above according to Joshi et al. 2020)

~ .
]

w
[=]

"0 5 16 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95150
Number of

Number of Tasks
= =
o
o

N
w

o
[=]

Languages # of Languages
guag supported by MMLMs

16 Language Class
14 0
. 1
> 12 2
Z 0 - 3
Y
1) e 4
—
5 8 . 5
a
£ 6
=
Z 34
2 LI I I
0 |
= —_— i ) ) —_ —_ ) — —_ ey - - P
L5 SEOE SR ERQETEE N E R EY YW PU5 T U ERRTSEE S*‘*—‘L.o>U""“jc’S‘E}S’m@Eg“ﬂﬁg‘ﬁ&uggeﬁ‘aoggguﬁgm382§3£38§%33-§%§§30 TE2E
b =Y

Language
guag 73



Performance Prediction as a Potential Solution

Generate Training Data

' Lyt 1: Transfer Language 1 ] | Lyt o: Transfer Languagezj

Evaluation Set | Ly Tasklanguage | | Ly Tasklanguage |
DE—EN EN-DE ES—EN EN-ES FR—EN EN-FR IT-EN EN-IT EN-PT EN-RU ES—-DE PT—RU

— oo - - - Transfer l Transfer
ang et al. ? ? i i
Chen and Cardie (2018) v ; v ) Learning Learning
Yang et al. (2019) : ) ? ) : NLP Model 1 NLP Model 2
Heyman et al. (2019) !
score(Lys 1, L) score(Ly o, L) e

Train Transfer Language Ranker

BLI Method

Huang et al. (2019)
Artetxe et al. (2019)

ANPERERN
AR NN
LA AN
NN NN
N N
N N N
e NN
PP
R
N
9 0 3

I

Table 1: An illustration of the comparability issues across methods and multiple evaluation datasets from the

Bilingual Lexicon Induction task. Our prediction model can reasonably fill in the blanks, as illustrated in Section 4. ( SGDFEEttm. t‘:; }
score(lLyf 2, Ly

Xia et al. 2020 | Learning to Rank

A
[Transfer Language Flanker]

Figure 1: Workflow of learning to select the transfer

. . . . . languages for an NLP task: (1) train a set of NLP
Predict the performance on a particular experimental setting given p models with all available transfer languages and collect

experimental records of the same task, with each record consisting (R iRt S

the top transfer languages.

characterization of its training dataset and a performance score of t
corresponding metric Lin et al2019
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Case Study: Zefdhot s ~
Performance Prediction o
(Ah Uja et a|2023 T Accuracy

French —_ 13.%
Test Data | Accuracy

S, 49.7%
Test Data Accuracy

BEY Chinese | __, br.8%
Test Data Accuracy

\ s/

TUZERL Finetune -
4 TaskSpecific

Pretrained on 104

languages Data in Englis




Case Study: Zefohot
Performance Prediction
(Ahuja et al. 2022)

MBERT Finetune -
4 TaskSpecific

Data in Englis

Pretrained on104
languages

No Labelled Test Set

Available

—

—

?
Accuracy

?
Accuracy

?
Accuracy

?
Accuracy
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ZeroShot 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!

|, Performance

Measure

E.g., F
Score,
Accuracy etc.



ZeraShot Performance Prediction as a
Regression Problem

Training

Langquage(s

Spe?:ificg ) Training Dataset
Features specific features

| |

1 Q %l{b)r%{l )I'TVm(ll )Mo 3

Relatedness
Performance Test Language
» features
Measure Specific
between

Features training and test
languages



Predicting Performance of Unseen Language

Task Baseline Translate Performance Predictors
XGBoost Group
Lasso
PAWS-X 7.18 3.85 5.46 3.06
XNLI 5.32 2.70 3.36 3.93
XQUAD 6.89 3.42 541 4.53
TyD1QA-GoldP 7.82 1.77 5.04 4.73

Average Leav®neOut Errors (Lower the better)

Ahuja et al. 2022

79



Other Problems with
Multilingual Benchmarks /
Datasets

Train| Latin—High Resource Latin-Low Res. Miscellaneous Averages
Data | en® de' es® f£riT|sw'T tr'l wil |ar®T bg"T el hifT rufT urf? th®T zh'T | SLH —LL —M —All

1. Translated Test Sets: Falil to captul mew

en” [100.0 922 957 934 | 812 89.0 92.1 |94,S 905 914 89.1 938 947 805 905|953 874 907 91.3

CUIturaI Context (Liu et a.I- 2021 y de:; -4.2 -+0.4 +2.1 | 45 +23 +0.7 | 425 425 +2.0 +44 +1.5 +4.0 +58 +3.0 | +1.5 -05 +3.2 420

es 36 +28 #43 +23 | -1.7 -1.0 425 | +19 +19 +0.1 438 +26 434 +45 +32 | +14 -0.1 427 +18

I ranslatlonese £27( 3.0 429 +14 [HE6Y 1.9 18 411 430 +15 -12 412 +22 437 +27 435|420 -09 421 +l5
sw XN -39 B 5.1

57 43| 42 47 27 -11 [ -50 -30 +0.1 [-55 =670 +29 -33 -29
tr"T EERN 29 46 -25 | -1.7 229 | -05 -0.1 -1.7 [+46 -03 426 +25 +04 [ =61 +22 +09 -0.7

- - - it -1.0 20 +06|-09 27 406 +07 -0.1 +34 +0.0 +1.6 PHESN +1.5| -27 +14 +18 +05
2_ I ralnlng datasets I“OStly Onl In ar'T RN 05 2.8 +02 | 20 -1.8 -07 [+5.2 +1.6 +03 +2.7 +04 +2.6 +L5 -02 | 3.1 -15 +1.8 -02

. . . bg*T 08 21 +05| 34 -14 -01|+15 407 (435 +15 +18 +22 22| 21 -16 +29 +06
Eng“Sh WhICh mlg ht not be he o1t WM 16 34 09 |-12 05 -18|-02 +07 435 -06 +04 5570 03 | 38 -12 422 -0.1
' ni't [SERY 33 JEEEl 36 | 42 21 34| 20 -19 35 24 [EIS] 20 -03 32 +13 20
best IVOt |anguage-r¢'l rcet al ru? 5621 +2.1 -0.1 +1.8 |43 -06 +2.0 | +1.5 (348 +2.1 +3.7 JHE2E +43 45 29| 06 -10 437 +L6
. Sl 042 -129 -16.7 -13.1 -16.1 -12.4 99 -11.3 K ]
Gl 241 113 -138 -113 PEH -129 93 114 -126 1 !
202 1? 209 26 +0.1 +06 -14 +3.1 +07 +36 -0.
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Probing multilingual LLMs for
Interpreting and Explaining
Cross Lingual Transfer

Structural Probing

Intrinsic Probing

Causal Probing

token labeling: POS tagging

Figure fromL9-probes (umass.edu)
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https://people.cs.umass.edu/~miyyer/cs685_f20/slides/19-probes.pdf

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 yor
equal to the distance in the vector representations Sue| g s
of the two words under this transformation g

Findo such that: 1 © 4Hid(51en6La;7ermlr?de)? v
Q (QRQ) (6@ &7

Figure 4: Parse distance tree reconstruction accuracy
(UUAS) on layers 1-12 for selected languages, with

A C’D(;E‘H\ ‘l’(ﬁ)@ (L') Fl,) ) 0 ’QHQ S probe maximum rank 128.

To check if syntactic subspaces are similar across languag
check if a probe trained on langua@also predicts the syntax o
languageQ

Rl: Structural probes extract syntax trees frenBERTh different languages

R2: Subspaces encoding different syntactic properties are shared across langug
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