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Multilingual NLP and its
Difficulties



Two Varieties of Multilingual NLP

- Monolingual NLP in Multiple Languages:

- QA, sentiment analysis, chatbots, code
generation

- in English, Chinese, Hindi, Japanese, Spanish, ...
-+ Cross-lingual NLP:
- Machine translation

- Cross-lingual QA



Paucity of data
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* Big disparity in monolingual data available for training

* Even less annotated data for NMT, sequence label, dialogue...

Data Source: Wikipedia articles from different languages



Lingquistic Peculiarities

 Most methods are tested first on English, but not all
languages are the same as English

* e.0.
* Rich morphology (case, gender, etc.)
* Accents/diacritics
» Different scripts such as CJK
* Dialectal language

e [ack of formal writing systems

Data Source: Wikipedia articles from different languages



An Aside: Language or
Dialect??

There Is also an interest In dialect processing

[dealized definition: languages are mutually
unintelligible

Reality: "a language Is a dialect with an army”

Processing dialects is similar to processing similar
languages but

e Data scarcity Is worse

 Arguments are more nuanced



Multilingual Learning

 We would like to learn models that process
multiple languages

e Why?

- Transfer Learning: Improve accuracy on lower-

resource languages by transferring knowledge
from higher-resource languages

- Memory Savings: Use one model for all
languages, instead of one for each



High-level Multilingual Learning Flowchart

Sufficient labeled data
in target language?

Must serve many
languages w/ strict
memory constraints”

-/ \= w/ \x

multilingual  cross-lingual annotation,
models supervised active
adaptation learning

Access to annotators
who are speakers”’

zero-shot
adaptation



Multilingual Language
Modeling



Simple Multilingual Modeling

e |tis possible to learn a single model that handles several
languages

* Multilingual Input: Can just process different input
languages using the same network (Wu and Dredze 2019)

cecl est un exemple — this is an example
CNIFBITI - thisis an example

 Multilingual Output: Add a tag or prompt about the target
language for generation (Johnson et al. 2016)

<fr> this Is an example = ceci est un exemple
<ja> this is an example = N IIBITT




Difficultl

es In Fully Multi-

Ingual Learning

» “Curse of Multilinguality” For a 01y

_ | _
fixed sized model, the per- = o P | P ( ]
language capacity decreases as  *~ jﬁl [ [ [ L
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languages. (Conn

* |ncreasing the nu
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eau et al, 201 9) B Low res. B High res. All

mber of low-resource languages

—> decrease in the quality of high-resource language

translations (Aharoni et al, 2019)

* How to mitigate”

Better data balancing, better

parameter sharing



lokenization Disparity

English

GPT-35&GPT-4 GPT-3(Legacy)
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OpenAI's large language models (sometimes referred to as GPT's) process
text using tokens, which are common sequences of characters found in a
set of text. The models learn to understand the statistical relationships
between these tokens, and excel at producing the next token in a sequence
of tokens.
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OpenAl's large language models (sometimes referred to as GPT's) process
text using tokens, which are common sequences of characters found in a
set of text. The models learn to understand the statistical
relationships between these tokens, and excel at producing the next
token in a sequence of tokens.
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OpenAl G66HHOOGLLHHLOLELHHHHOOBLLHHHOLBLLHLLOOLELHLGL0LLLHUL0OLELENE (600
60H000BBLHH000EE GPT GBUHHHLLELLHH00EELHHL0LLELHLL00LEE) VOLBEEHL0LEEY
60HH0LBELHHLLLLELHHN00LELHHNLLLELHHNLLLELEHNLLLLEBHNLLEELHNL0LLELHLN0LE
6U0H000ELE HHLLELHUHHLLLELHHNLLLELHNLLLELEUNLLEELLLNN0L BUUHLLLELHN0LLE
60HH00BULHL000ULUNG COBUUHH00BLLUHL00BUEN000EE HUOOOBULUUGLLBEBHL00E
6O0H000E BUUOOLEBLHHHOLEELHHLLEELHLNL0LELE HHLBELHNLLLEEBHLLLEEBHN0L0E
6000 GEBUHLLLELHNNLLLE BUHOLLELLHHLLEEELNLLE BUHLLLELHHLLLELLUN0LE ©
600HL00BULN0000E BHHOOLULUHLOOLELENL0E BUHOOELUEL0L0EEE HOOOBEUHLLLE
60H000BLLN00E BUUHOOLEUUHU00LEBUH00LEY

Text Token IDs

Similar content, 10.6x the tokens!



Heuristic Sampling of Data

T=5 =

e —

- >
High Resource (HR) Medium Resource (MR) Low Resource (LR)

Sampling Probability

 Sample data based on dataset size scaled by a temperature term

* Sample at model training time, or vocabulary construction time

Massively Multilingual Neural Machine Translation in the Wild. Arivazhagan et. al. 2019



| earning to Balance Data

&
/ : | D;tflrain\ \
Pp(i; Vft) - g
{Scorer} [ Model }
Vi |

* Optimize the data sampling distribution during training

* Upweight languages that have similar gradient with the multilingual dev set

Balancing Training for multilingual neural machine translation. Wang et. al. 2020



Machine ITranslation



Trans\ation

JNK. ROWILING

Mr. and Mrs. Dursley, who
lived at number 4 on Privet
Drive, were proud to say they
were very normal, fortunately.

J- K. Rowling

Hotty Potter

© yla piedra filosofal

-

P

”

."' )

El sefor y la senora Dursley,
gue vivian en el numero 4 de
Privet Drive, estaban orgullosos
de decir gue eran muy
normales, afortunadamente.



Why Is it difficult to translate”

e Syntactic divergences between languages

The development of artificial intelligence is a really big deal.

S _——  —— F— \

El desarrollo de la inteligencia artificial es un asunto realmente importante.

The development of artificial intelligence is a really big deal.
_ - o= _
%/2/
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Why is it difficult to
translate”

* Lexical ambiguities and divergences across languages

[Example from Jurafsky & Martin Speech and Language Processing 2nd ed.]



Translation lasks

« WMT (the Conference on Machine Translation)
shared tasks — run every year for translation,
evaluation, etc.

* FLORES: a dataset in 200 languages translated
from English Wikipedia

 JWSLT: tasks on speech translation



Automatically Evaluating M1

« BLEU: Measure overlap of token n-grams
(Papineni et al. 2002)

 Problem: doesn't consider paraphrases,
morphology, etc.

- chrF: Based on character n-grams instead
(Popovic et al. 2015)

- COMET: Trained based on multilingual
embeddings (Rei et al. 2020)

- GEMBA: Ask an LM how good the translation is
(Kocmi and Federmann 2023)



NLLB Translation Model
NLLB Team 2022

 Example of building a strong MT model

N Model

NLLB Seea

Public Bitext

Monolingual
Data

LASER3 Mined
Bitext

Language Identification
& Cleaning

H Data set

NLLB-200 !
Model

Mixture of Experts
Curriculum Learning
Self-Supervised Training
Backtranslation
Incorporating NLLB-Seed

FLORES-200

Toxicity-200

Human
Evaluation



Bitext Mining w/ Sentence
Em beddings (Heffernan et al. 2022)

e Take sentence representations and adapt them for similarity search
Masked Language Modeling Multilingual Distillation

| > cosine loss € |

cross entropy loss .
sentence embedding sentence embedding

T XXX XXX XX) XXX XX XXX

I I
( Student 1 Student ) ( Teacher )

I I

T . bitext
Saatin bozuk mu? €-------

> | Is your watch broken?

Saatin [MASK] mu? monolingual
This is a nice house. €------- = This is a nice house.

e Search for the most similar sentence, normalized to prevent “hubness”

xsim(x,y) = margin(cos(x,y),

Z coséi,z)_|_ Z coséz,z))

26NNy () z€N N (y)




Can we Use LLMs
as-1s for Translation?

* We can just ask an LLM to translate

* Results can be good for high-resource languages, but less so
for low-resource languages (Robinson et al. 2023)
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Multilingual Pre-trainec
Models



Multilinguality of Standard LLMs

 Closed LLMs such as GPT1-4 are typically
incidentally multilingual due to large training data

* Open LLMs often do data filtering to allow for good
performance on English, and can be less
multilingual



Multi-lingual Representation Learning

* Language model pre-training has shown to be
effective for many NLP tasks, eg. BERT

 BERT uses masked language model (MLM) and
next sentence prediction (NSP) objective.

* Models such as mBERT, XLM, XLM-R extend BERT
for multi-lingual pre-training.



Multilingual Masked
. anguage Modeling

* Also called translation language modeling (Lample
and Conneau 2019)
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More Explicit Alignment
Objectives

Unicoder (Huang et al. 2019) AMBER (Hu et al. 2020)

‘cross-lingual word recovery’ bidirectional explicit
alignment objective

Our earth needs care

| | H h
Transformer 1 tr A
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embedding g
Languag
embedding
Token
embedding & i :



Multilingual Understanding Evaluation

- XTREME: 40 languages, 9 tasks focused on representation-based

models (Hu et al. 2020)

Sentence Classification

Structured Prediction

Sentence Retrieval

Question Answering

XNLI
PAWS-X

POS
NER

BUCC »1 Combined Score

Tatoeba

XQuAD
MLQA
TyDIQA

V VY
mEm»™ - X

- MEGA: Focused more on LLMs (Ahuja et al. 2023)

Language Family Distribution in MEGA
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(b) Language Family
Distribution

Instruction

.You are an NLP assistant whose | i
ipurpose is to solve Natural
‘Language Inference (NLI)

I
g@swaﬁﬁim%.
,:Question: 95 @3l gl i Input
iTrue, False, or Neither? ;

i Input

(c) Example of
multilingual prompting



Explicitly Multilingual Pre-training



M5 (Xue et al 2020)

 Multilingual encoder-decoder

* [rained on many languages, high performance
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% of mT5 training examples

Pages of mC4 training text
[
o

10° 1 - 0.008

Figure 1: Page counts per language in mC4 (left axis), and percentage of mT5 training examples coming from
each language, for different language sampling exponents « (right axis). Our final model uses a=0.3.



Aya 23 (Aryabumi et al. 2024)

* 8B and 35B autoregressive LMs

* Pre-training: based on standard pre-trained model
w/ good multilingual balance (Command-R)

* Fine-tuning: multilingual templates, the Aya
dataset of human-labeled data (204Kk), translated
data, synthetic data



lower (Alves et al. 2024)

8B autoregressive LM tailored specitically tor translation

Pre-training: llama

Continued pre-training: On translation and filtered

monolingual data

Fine-tuning: multilingual instruction tuning data

Results: strong results on translation tasks

FLORES-200
89 ﬁ TOWERINSTRUCT 13B GPT-4
.-‘—.—‘A—‘-v—‘—v—..—v—..—‘_._._._._._._._._,_._‘
A TOWERINSTRUCT 7B
~ 88 o O
o Mixtral-8x7B-Instruct LLaMA-270B
\
= *
= @ Gemma 7B NLLB 54B
g 87 [] LLaMA-2 13B
J
86 Mistral-7B-Instruct-v0.2
L Lrama-2 78
85
7 13 46 54 70

Model size (# billion parameters)

86

84

82

80

78

WMT23

GPT-4
_‘_.A_._‘_._‘_._‘_._‘_._,_‘_._‘_._._._,_._,

A TOWERINSTRUCT-13B
A ¢ ALMA-R 13B
TOWERINSTRUCT-7B

0 ALMA—R 7B Mixfrail-Sx?B-hstruct O

LLaMA-2 70B
© Gemma 7B
[J LLaMA-2 13B
Mistral-7B-Instruct-v0.2
[J] LLaMA-2 7B “% NLLB 54B
l
7 13 46 54 70

Model size (# billion parameters)



Advanced Modeling
Strategies



Cross-lingual Transter
L earning

 CLTL leverages data from one or more high-
resource source languages.

- Popular strategies:
 Multilingual learning (above)
* Pre-train and fine-tune
* /ero-shot transfer

* Annotation projection



Pre-train and Fine-tune

English
Model

French —» [M"ede'j—» English Belurasian—>[ p j — English
£

Hindi ™ |

Turkish

.
-
‘e o*
- *
. S
., .
. mgm n o*
., .
‘e o*
e *
‘e .*
a, .
Yay ,“‘
'..... --“I
L] -
R LT P L

e First, do multilingual training on many languages (eg. 58
languages in the paper)

* Next fine-tune the model on a new low-resource language

Rapid adaptation of Neural Machine Translation to New Languages. Neubig et. al. 2018



Similar Language
Regularization

English

o] | Belurasian Model |
French — —> English _ — 0 — English
0 Russian -
Hindi .
Turkish i
T Initialize .

* Regularized fine-tuning: fine-tune on low-resource
language and its related high-resource language to
avoid overfitting

Rapid adaptation of Neural Machine Translation to New Languages. Neubig et. al. 2018



Meta-learning for
multilingual training

Ro
‘\
Es
LV -.__ :I - Pt
(a) Transfer Learning (b) Multilingual Transfer Learning (c) Meta Learning

e Learning a good initialization of model for fast adaptation to all languages
* Meta-learning: learn how to learn
* Inner loop: optimize/learn for each language

e Quitter loop (meta objective): learn how to quickly optimize for each
language

Meta-learning for low-resource neural machine translation. Gu et. al. 2018



/ero-shot transter for
oretrained representations

* Pretrain: large language model using monolingual
data from many different langauges

* Fine-tune: using annotated data in a given
language (eg. English)

e Test: test the fine-tuned model on a different
language from the fine-tuned language (eg.
French)

* Multilingual pretraining learns a language-
universal representation!

How multilingual is multilingual BERT? Pires et. al. 2019



Annotation Projection

* |[nduce annotations in the target language using
parallel data or bilingual dictionary (Yarowsky et al,

2001).

Tagger Output DT NNS
English The laws ...
French Les lois ...
Induced Tags DT NNS
NNS NNS
nnnnnnn Laws ... @ Laws.
Les lois... Les lois ...
Induced Tag NNS, NNSy @ NNS
CCCCCCCCC (DT) (NNS) (DT) (NNS)

VBG NN
... iving room ...

/|

@ ...salon...
NN

NNS NNS
... potatoes ... ... veterans ...

N\

...pommes de terre... ... anciens combattants ...
NNS, NNSp NNS. NNS , NNS
(NNS) (IN)  (NN) (Q4) (NNS)



Which Language to Use”

* When transferring from another language, it is ideal that it is

- Similar to the target language

- Data-rich

Generate Training Data

Ly 1: Transfer Language 1

Lik: Task Language

Lt o: Transfer Language 2

Lix: Task Language

Transfer Transfer
Learning Learning
NLP Model 1 NLP Model 2

| score(Ly 1, Ly |

{ score(Ly o, Lik) }

7

Train Transfer Language Ranker

/

score(Lm » Lik)
score(Ltf,g, Lix)

i Learning to Ra

[Transfer Language Ranker]

nk

Lin et al. (2019) examine how to identify better transfer languages

Method MT EL POS DEP
. word overlap oy 28.6 30.7 134 523
% subword overlap 0s,, | 29.2 — — —
" sizeratio Stf/Stk 37 03 95 248
© type-token ratio d;¢, 2.5 — 7.4 6.4
o genetic dgen 242 509 148 320
% syntactic dsyn, 14.8 464 41 229
% featural dyeq 10.1 475 57 139
=  phonological dyho 3.0 4.0 98 434
20 inventory d;n. 85 413 24 235
= geographic dgeo 151 495 157 464
LANGRANK (all) 51.1 63.0 289 65.0
LANGRANK (dataset) 537 170 265 65.0
LANGRANK (URIEL) 326 58.1 166 59.6




What if languages don't
share the same script”?

* Use phonological
representations to make
the similarity between
languages apparent.

e.g.: Rijhwani et al (2019)
use a pivot-based entity
inking system for low-
resource languages.

Marathi [ [AYei8] &1 e JRIUT T Qab 20 341%]

Gloss: [Poland] is a country in Central Europe.

Cross-lingual Entity Linking

Uidis » Poland
Marathi

Grapheme Pivoting
g —> Uldis Poland
Marathi Hindi

Phoneme Pivoting
polande ——» poleeindes
Marathi IPA Hindi IPA

powland
English IPA



How to Share Parameters”

Share all parameters (e.g. Johnson et al. 2016)

Share only the encoder or or attention mechanism
(Dong et al. 2015, Firat et al. 2016)

Share some matrices of the Transformer model
(Sachan and Neubig 2018)

Use a parameter generator to generate parameters
per language (Platonios et al. 2018)



| anguage c£xperts

* Apply language experts + Or pre-train with
post-hoc for task/_ language experts (e.g.
language adaptation

(e.g. Pteiffer et al. 2020) Pleifier et al. 2022)

Embeddings iIl Add & Norm
A

» Add z Norm
Inv En 1] Inv Qu l_’
Adap

Task NER Adapt

\

Lannguage 1

L

/

A'd

Add & Norm
A

Feed
Forward

1 A
Add & Norm L
Adap Adap Multi-Head
A

A
Attention Multi-Head
Embeddings AL A

Attention

A




Creating New Data



Active Learning Pipeline

[ abeled Data

X y
x y \ Training Unlabeled
Data
Annotation Moael
Data .
m Selection




Why Active Learning”




Fundamental ldeas

* Uncertainty: we want data that are hard tor our
current models to handle

 Representativeness: we want data that are similar
to the data that we are annotating



Uncertainty Sampling Criteria

 Entropy: larger entropy = more uncertain

H(z) = = ) P(ylx)log P(y|x)

Yy
 Top-1 confidence: lower top-1 confidence = more
uncertain

y = argmax log P(y|x)
J

topl(z) = log P(j|x)

* Margin: smaller difference between first and second
candidates = more uncertain

margin(x) = log P(y|z) — max log P(y|x)
Y7y

Tong, Simon, and Daphne Koller. "Support vector machine active learning with applications to text classification." Journal of
machine learning research 2.Nov (2001): 45-66.

Culotta, Aron, and Andrew McCallum. "Reducing labeling effort for structured prediction tasks." AAAI. Vol. 5. 2005.



Representativeness

* How can we
classity
examples as
being "similar to
many others"?

* |n simple feature
vectors: high
overlap in

Vector Space (a) Uncertainty Oracle (b) Our Method

Sener, Ozan, and Silvio Savarese. "Active learning for convolutional neural networks: A core-set approach." arXiv preprint
arXiv:1708.00489 (2017).



Cross-lingual Learning +
Active Learning

train m% NER Model fitted model
Tpel IR TRIGPT Y BHI TR GUIA BIE VAT STaTd
Boralora
ﬂl W Cross-Lingual
W Transfer Learning
|

\ =
< abel o Target language
Enalish Target Language
nglis labeled dataset . .
labeled dataset Tquery spans | ol 3R fRI&{pl bl HH 0 | AT ST
\—[ Active Learning

e Both perform better than either in isolation

Chaudhary, Aditi, et al. "A little annotation does a lot of good: A study in bootstrapping low-
resource named entity recognizers." EMNLP 2019.



Active Learning for Multiple Langua

(Khanuja et al. 2023)

Step 3: Finetuning

Ly s o8|\ e  bodels
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/ Source Data Labelling l
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3 Target(t)
L Source Data ' Source
® L
o 0. o0 [0 Labelled
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® ® 1 Unlabelled
Target Data o "0 00 Labelling
a ° o, .‘.&%Annotator
= % x X L4 h 4
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PCA Plot of Embedding Matrices

? Not addressed

PCA Plot of Embedding Matrices

20 Train 20 Train
e Selected Train o N e Selected Train
15 1% RLE £ ¢ L5, ¢ Target
y RS Ay
10 10 -~
L L IR o
g 0 § ) . "'l’»..;c' 4
st Lf""w')'-".,‘"l‘t"'
-5 -5 3ot 4~ B¢
i v..._'..
-10 -10 '.“ -
~15 ~15
=20 -10 0 10 20 -20 ~10 0 10 20
PCA-2 PCA.2
(a) AVERAGE-DIST (b) UNCERTAINTY

PCA-

€S

PCA Plot of Embedding Matrices

Train
e Selected Train

=20

-10 2 10 2
(c) KNN-UNCERTAINTY



Questions?



