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Pillar 1I: Data

® | ow-resource languages suffer from the long tail of data availability
® |nnovative approaches to bridge the gap:

® Collection: crowdsourcing, community-driven efforts
® Annotation: active learning, cross-lingual projection, LLM-as-annotator
® Augmentation: back-translation, bitext mining, BLI, gamification
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Pillar Il: Learning

Learn a model to map an input X into an output Y:

Input X Output YV Task
Text Text in another language | Machine Translation
Text Response Dialog
Speech Transcript Speech Recognition
Text Linguistic Structure Language Analysis

But how?
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Paradigm Shifts in NLP

1950s—-80s 1985-2000 2000s—2018 2019-Today

Rule-Based Statistical Deep Learning LLMs
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Rule-based Systems

® Develop rules from simple scripts to more complicated systems

® Generally must be developed for each language by linguists

® Appropriate for some tasks, e.g., spell checking with Hunspell

® Rule-based systems = linguistically inspired approaches

Example (Forms of feminine nouns in German in Hunspell)

SFX
SFX
SFX
SFX
SFX
SFX
SFX
SFX

FNT7Y
F 0
F e
F e
F 0
F 0
F 0
F 0

nen
in
innen
in
innen
in
innen

in

[~iln
[“iln
[“en]
[“en]

References
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Beyond rules: learn from the data

Learn a model to map an input X into an output Y: Adjust a model's
parameters using data to capture patterns and improve prediction accuracy.

Data
examples
Parameters
earning 9
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Learning: Example

Efficiency of learning methods depends on:

e Data: quality, size, type
e Task: complexity, structure of the output space

® Model: capacity, inductive biases, number of parameters
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e Supervised Learning: Paired data (X,Y’), source data X, target data YV’
e.g., machine translation (source — target)
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e Supervised Learning: Paired data (X,Y’), source data X, target data YV’
e.g., machine translation (source — target)

® Unsupervised Learning: Find hidden patterns in unlabeled data X
without Y
e.g., clustering, topic modeling, language modeling

® Reinforcement Learning: An agent learns by interacting with an
environment and receiving rewards
e.g., dialog systems
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Statistical Learning

Learn probability distributions over data
Relies on hand-crafted features
Naive Bayes, HMMs, CRFs, log-linear
models, SVMs

POS tagging, NER, statistical machine
translation (e.g., Moses)

Petal

Sepal Sepal  Petal  Petal  Class
length width  length  width  label

5.1 35 14 0.2 Setosa
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Statistical Learning

® | earn probability distributions over data Petal

Sepal Sepal  Petal  Petal  Class

e Relies on hand-crafted features
length width  length  width  label

® Naive Bayes, HMMs, CRFs, log-linear
models, SVMs

® POS tagging, NER, statistical machine . I.. |
translation (e.g., Moses) mllsg - [ lllwgml oo
® Feature engineering is labor-intensive F/t \C'(:;srg':;e)'s
and does not scale across languages or (stributes; measurements, dmensions)

domains
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Neural Networks: The Basics

® A perceptron: weighted sum of inputs passed through an activation
function

inputs weights

@
e Activation
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Neural Networks: The Basics

A perceptron: weighted sum of inputs passed through an activation
function

A single perceptron can learn linearly separable functions (a single
perceptron can't learn XOR)

e Stack layers — Multi-Layer Perceptron (MLP)

Non-linear activation functions allow learning complex boundaries

inputs weights

e Activation
@ v
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Deep Learning

Called “deep” because of multiple stacked layers

Each layer learns increasingly abstract representations

No manual feature engineering: features are learned from data

Challenge: requires large amounts of data and compute

Shallow Deep
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Deep Learning
® Called “deep” because of multiple stacked layers
® Each layer learns increasingly abstract representations
® No manual feature engineering: features are learned from data
¢ Challenge: requires large amounts of data and compute
® Breakthrough applications: image recognition, machine tranlsation, speech

Shallow Deep
oio.m % D20
O S0P o ©
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Learning Word Representations

® Represent words as dense vectors in a continuous space
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® Represent words as dense vectors in a continuous space
® Words appearing in similar contexts get similar representations
® Enabled transfer of lexical knowledge across tasks
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Learning Word Representations

Represent words as dense vectors in a continuous space

Words appearing in similar contexts get similar representations

Enabled transfer of lexical knowledge across tasks

Foundation for all subsequent neural NLP work
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® Process sequences step-by-step, maintaining a hidden state
® Exploit the sequential nature of language: each word conditions on the
previous context
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Recurrent Neural Networks (RNNs)

® Process sequences step-by-step, maintaining a hidden state

® Exploit the sequential nature of language: each word conditions on the
previous context

® Language modeling, machine translation (seq2seq), text generation

Feedforward Recurrent
Y1 Y2 Y3
<:)\\~<:> h h h,
y =
/‘V
O 5 1
T1 T2 T3
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Recurrent Neural Networks (RNNs)

Process sequences step-by-step, maintaining a hidden state

Exploit the sequential nature of language: each word conditions on the
previous context

Language modeling, machine translation (seq2seq), text generation
Encoder-decoder: one network reads input, another generates output

Feedforward Recurrent Encoder-Decoder

T T2 T3

Y1 Y2 Y3
©00 - s o [
T S Y
x1 X9 T3

Yy Y2 y3 15/34
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Recurrent Neural Networks (RNNs)

Process sequences step-by-step, maintaining a hidden state

Exploit the sequential nature of language: each word conditions on the
previous context

® Language modeling, machine translation (seq2seq), text generation

® Encoder-decoder: one network reads input, another generates output
This became the standard for machine translation (Sutskever et al., 2014)

Feedforward Recurrent Encoder-Decoder

Y1 Y2 Y3 z1 x2 z3
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Recurrent Neural Networks (RNNs)
Process sequences step-by-step, maintaining a hidden state
Exploit the sequential nature of language: each word conditions on the
previous context
Language modeling, machine translation (seq2seq), text generation
Encoder-decoder: one network reads input, another generates output
This became the standard for machine translation (Sutskever et al., 2014)
Vanilla RNNs struggle with long-range dependencies (— LSTM)

Feedforward Recurrent Encoder-Decoder

Y1 Y2 Y3 z1 x2 z3
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Attention Mechanism

® Problem: Encoder-decoder models
compress entire input into a single
fixed-size vector

References

16 /34


https://jalammar.github.io/illustrated-transformer/

From X to Y Approaches to Low-Resource NLP Takeaways References

00000000000 e000

0000000000000

[e]e]

Attention Mechanism

® Problem: Encoder-decoder models
compress entire input into a single
fixed-size vector

® Solution: Let the decoder attend to all
encoder states at each step (Bahdanau

et al., 2014)
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Problem: Encoder-decoder models
compress entire input into a single
fixed-size vector

Solution: Let the decoder attend to all
encoder states at each step (Bahdanau
et al., 2014)

The model learns where to look for
each output token (Vaswani et al.,
2017)

Enabled scaling to billions of parameters
See The lllustrated Transformer
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e BERT (Devlin et al., 2019): Masked Language Modeling
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BERT and GPT: Pre-trained Language Models

BERT (Devlin et al., 2019): Masked Language Modeling

® Mask random tokens, predict them from bidirectional context
® Pre-train on large corpora, fine-tune on downstream tasks
® Excels at understanding tasks: NER, classification, QA

GPT (Radford et al., 2018): Autoregressive Language Modeling

® Predict the next token left-to-right
® Scaled up massively: GPT-2, GPT-3, GPT-4, ...
® Excels at generation tasks: text completion, dialog, translation

Both achieved state-of-the-art on virtually all NLP benchmarks

® For low-resource: multilingual variants (mBERT, XLM-R, BLOOM) are
key
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Prompt Engineering

With large pre-trained models, how you ask matters as much as the model
itself
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Prompt: a natural language instruction or template given to the model

No fine-tuning needed — especially attractive for low-resource settings
Examples (Liu et al., 2023):

® Zero-shot: “Translate this sentence to Ladin: The weather is nice."
® Few-shot: Provide a handful of input-output examples in the prompt
® Chain-of-thought: “Let’s think step by step..."

Caveat: LLM knowledge of low-resource languages is shallow

Performance highly sensitive to prompt phrasing and example selection
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Yes
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Active learning
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Zero-shot Learning
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Zero-shot Transfer
e Suppose that we have no data for a language (pair) of interest

® |dea: leverage information from high-resource languages to help improve

performance on low-resource languages.
e Zero-shot transfer: translate without any parallel data

® Training
English English
Model
French ‘ French
Swiss German Swiss German
Kurdish Kurdish
Test

<cy> Shwmae <en> Hello

Use monolingual data too: corrupt a sentence, train the model to
reconstruct it (denoising)
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® Train a single model on multiple related tasks simultaneously

Shared representations across tasks act as an inductive bias

Idea: knowledge from auxiliary tasks can improve performance on the main
task

Especially helpful when the target task has limited data

Example: jointly train NER, POS tagging, and dependency parsing
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Multi-task learning framework (Yu et al., 2024)
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Multilingual Learning

® Training a single model on a mixed dataset from multiple languages

English English
: [Modela < ™

French French
Swiss German Swiss German
Kurdish Kurdish

® To specify target language, simply add a language tag!

<en> Ceci n'est pas une pipe <en> This is not a pipe

<es> Ceci n'est pas une pipe Modelj <es> Esto no es una pipa

<de> Ceci n'est pas une pipe <de> Dies ist keine Pfeife
<ckb> Ceci n'est pas une pipe <ckb> Eme pip niye
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Multilingual Learning: A Zero-Sum Game?

® How to deal with the curse of multilinguality (Conneau et al., 2020) or
capacity bottleneck (Arivazhagan et al., 2019)7
Multilingual pretraining is characterized with severe data imbalance: In what
proportions should we balance the pretraining languages?
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Multilingual Learning: A Zero-Sum Game?

Accuracy
D = \ NN B )
S O O o O

7 15 30 60 100
Number of languages

| B Low res. B High res. mAll |

® How to deal with the curse of multilinguality (Conneau et al., 2020) or
capacity bottleneck (Arivazhagan et al., 2019)7
Multilingual pretraining is characterized with severe data imbalance: In what
proportions should we balance the pretraining languages?

® Increasing the number of low-resource languages — decrease in the quality
of high-resource language translations
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Multilingual Learning: Weighting Strategies
Find a trade-off between language coverage and performance
Upsample low-resource languages — model overfit
Downsample high-resource languages — model underfit
Uniform: Sample/weight all tasks with equal probability
Proportional: Sample/weight tasks according to data size
Temperature-based: Sample tasks according to data size exponentiated by
1/7
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Multilingual Learning: Parameter Sharing

English ~_ - —Initialize, deby | Armenian

French Occitan
Swiss German Breton

Kurdish Shan

® Share all parameters
e.g. single model for all domains
® Share some model components, not others
e.g. share encoder or attention mechanism, separate decoder
® Very small number of unshared parameters
e.g. a single embedding specifying the language or domain
® Parameter efficient tuning: prompt tuning, prefix tuning, adapters,
compacters and etc
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Approaches to Low-Resource NLP

How to effectively train models for low-resource languages?

‘Sufficient labelled data in target language? ‘

‘ Access to native annotators? ‘

Yes

Active learning Zero-shot Learning Multi-task learning Few-shot learning, Transfer learning
Distant & Weak Supervision Data Augmentation Multilingual Learning Adaptation
Cross-Lingual Annotation Projections

Strict memory constraints?
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Adapters

® Adaptation: Improve accuracy on

lower-resource languages by
transferring knowledge from
higher-resource languages

® Add small trainable sub-networks
that can be added post-hoc

'
1 Transformer

! Layer

2x Feed-forward
layer

Multi-headed
attention

“Parameter-Efficient Transfer Learning for NLP” Houslby et al. 2019.

Takeaways

Feedforward
down-project

References
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Adapters

Adaptation: Improve accuracy on
lower-resource languages by
transferring knowledge from
higher-resource languages

Add small trainable sub-networks
that can be added post-hoc

The original model weights are
fixed; just the adapter modules are
tuned

Can be used for multitask or
multi-lingual learning

References
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Multilingual and Zero-Shot Learning: Considerations

When transferring from another language, let it be similar to the target
language and high-resourced

Go beyond scripts: use phonological representations to make the similarity
between languages apparent

Zero shot transfers well to language with different scripts, esp. for languages
with little vocabulary overlap

Zero shot does not work well for typologically different languages, e.g.
fine-tune in English, test on Japanese

When fine-tuning a pre-trained model on a new task or language, it may
forget what it previously learned — catastrophic forgetting

32/34



Takeaways

33/34



Recap From X to Y Approaches to Low-Resource NLP Takeaways References
000 000000000000000 0000000000000 oe

Takeaways

® NLP has evolved from rules — statistical models — neural networks —
pre-trained LLMs

34/34



Approaches to Low-Resource NLP Takeaways References
oe

0000000000000

From X to Y

Recap
000000000000 000

Takeaways

® NLP has evolved from rules — statistical models — neural networks —

pre-trained LLMs
® Each paradigm shift reduced the need for manual engineering but increased

the need for data

34/34



Recap From X to Y
000 000

Takeaways References
oe

Takeaways

® NLP has evolved from rules — statistical models — neural networks —
pre-trained LLMs

® Each paradigm shift reduced the need for manual engineering but increased
the need for data

® For low-resource languages, the key strategies are:

34/34



Recap From X to Y
000 000

Takeaways References
oe

Takeaways

® NLP has evolved from rules — statistical models — neural networks —
pre-trained LLMs

® Each paradigm shift reduced the need for manual engineering but increased
the need for data

® For low-resource languages, the key strategies are:
® Zero-shot and cross-lingual transfer from high-resource languages

34/34



Recap From X to Y
000 0000000

Takeaways References
oe

Takeaways

® NLP has evolved from rules — statistical models — neural networks —
pre-trained LLMs

® Each paradigm shift reduced the need for manual engineering but increased
the need for data
® For low-resource languages, the key strategies are:

® Zero-shot and cross-lingual transfer from high-resource languages
® Multi-task and multilingual learning to share knowledge across languages

34/34



Takeaways
oe

Takeaways

® NLP has evolved from rules — statistical models — neural networks —
pre-trained LLMs

® Each paradigm shift reduced the need for manual engineering but increased
the need for data

® For low-resource languages, the key strategies are:

® Zero-shot and cross-lingual transfer from high-resource languages
® Multi-task and multilingual learning to share knowledge across languages
® Parameter-efficient adaptation (adapters) to avoid catastrophic forgetting

Next week: How do we know if our models actually work?
— Pillar 1ll: Evaluation

34/34



Takeaways
oe

Takeaways

NLP has evolved from rules — statistical models — neural networks —
pre-trained LLMs

Each paradigm shift reduced the need for manual engineering but increased
the need for data

For low-resource languages, the key strategies are:

® Zero-shot and cross-lingual transfer from high-resource languages

® Multi-task and multilingual learning to share knowledge across languages

® Parameter-efficient adaptation (adapters) to avoid catastrophic forgetting
No single approach works for all languages: choose based on available
resources and typological similarity

Next week: How do we know if our models actually work?
— Pillar 1ll: Evaluation

34/34



Takeaways
oe

Takeaways

NLP has evolved from rules — statistical models — neural networks —
pre-trained LLMs

Each paradigm shift reduced the need for manual engineering but increased
the need for data
For low-resource languages, the key strategies are:

® Zero-shot and cross-lingual transfer from high-resource languages
® Multi-task and multilingual learning to share knowledge across languages
® Parameter-efficient adaptation (adapters) to avoid catastrophic forgetting

No single approach works for all languages: choose based on available
resources and typological similarity

The bottleneck is shifting from models to data and evaluation

Next week: How do we know if our models actually work?
— Pillar 1ll: Evaluation
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