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What is a LLM?
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A biased definition

1. a transformer architecture (those thinking RNN are

asked to leave the room quickly🤐)

2. used to predict masked word
↪ self-supervised training
3. with a large number of parameters (and

large training set)
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Why is size so important?
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Few-Shot Learning

• GPT-3 has “capacities” that were not expected:
few-shot learning

• can be trained to do new tasks
↪ only by providing 2-3 examples
↪ directly in the prompt

Example
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Emergent Abilities: e.g. arithmetic

• GPT-3 knows how to add two numbers
↪ smaller models do not
• increasing model size⇒ new capacities
↪ emergence

from (Brown andothers 2020)
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In a nutshell

• phrase your task as an instruction...
• ...an LLMwill solve it...
• ...without you having to program it
explicitly
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A Prompting Approach toMT

A simple prompt forMT:

Source: [X1]
Target: [Y1]
Source: [X2]
Target: [Y2]
⋮
Source: [Xn]
Target: [Yn]
Source: [X]
Target:

↪ Source and Target: language name
↪ several selection strategies (e.g. 𝑘-nn on the source

representations)

• experiments described in (Vilar andothers
2023)

↪ many similar papers (using different
LLMs): (Agrawal andothers 2022),
(Zhang, Haddow and Birch 2023),
(Hendy andothers 2023) (inter alia)
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Results

• results are comparable to that of an NMT system (on many languages)

• but much more expansive to generate (by any measure)
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Be Careful

• LLMs answers contain more than
translations
↪ explainations, text to maximise users’

engagement, ...
• maybe difficult to extract translations

↪ e.g. Briakou andothers 2024: extracting
translation correctly change the ranking
of systems by automatic metrics

• how to solve that?

↪ ask (politely) in the prompt
↪ constrain output
↪ do not use prompting
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A Paradigme Shift forMT

LLMs translate in
fundamentally different
ways from statistical and
NMT systems😱🤯😵‍💫
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Statistical Machine Translation

parallel data
ar↔ fr: 112 millions sentences

en↔ fr : 1 billion sentences

ML MT system

• statistical learning (first: phrase-based, then NMT)

↪ learns to reproduce translations from a training set
• very good results when a large, in-domain, parallel corpus is available
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Basically...

MT systems:
• learn to imit/reproduce the translations
seen during training

↪ identify patterns / co-occurrences
• can only translate words it has observed
↪ to translate “traduction automatique”, the

termmust appear in a (many) parallel
sentences with the correct translation

↪ only a distorted image of the reality
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Why is translation with a LLM different?

• LLMs are trained frommonolingual data
only

↪ even if parallel corpora are included in
monolingual data
⇒ no explicit cross-lingual supervision

• translation capacities = emerges
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Translating with prompts

• as DeepL
• but without parallel data !

15/49

Translation with LLMs is magic ©

• translation without parallel data
↪ no more domain / language problems
• controls style, terminology, length, ...
using the prompt

↪ “translates the following text into formal
French...”

↪ “translates the following text knowing that
A translates into B, C into D, ...”

↪ “Here are some examples of translations
from the [...] domain translate me the
following text”
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Terminology extraction

👧 Please extract the technical terms fromthe following text and list them in a table inArabic,
English and French. [Wikipedia page on Translation Studies]
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Expliquer les traductions
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Identifying translation difficulties

👧 Je suis un traducteur professionnel qui doit traduire la poésie suivante : « Mon enfant,
ma sœur, Songe à la douceur, D’aller là-bas vivre ensemble ! [...] ». Quelles seront les
difficultés et les points de vigilance

🤖 Traduire cette poésie, tirée de « L’Invitation au voyage » de Charles Baudelaire, pose
plusieurs défis en raison de la densité émotionnelle, des sonorités, et des subtilités de sens
qui caractérisent le poème. Voici quelques points clés et difficultés potentielles auxquelles
prêter attention : [...] «Mon enfant, ma sœur » crée immédiatement une relation intime
et tendre, où le locuteur invite une personne proche dans une sorte de rêve commun.
Cette familiarité douce peut être difficile à rendre en anglais, où les expressions intimes
n’ont pas toujours le même naturel ou la même portée. [...] Par exemple, l’idée d’« aimer
à loisir, aimer et mourir » pourrait être interprétée comme une célébration de l’amour
dans sa liberté totale, un amour si complet qu’il contient même la mort. Cette idée doit
se transmettre avec la même intensité et ambiguïté en anglais, ce qui peut nécessiter des
réajustements créatifs.
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Evaluate Translations (1)

• use an LLM to identify errors in a translation
• providing it with a typology of errors
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Evaluate Translations (2)
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Evaluate Translations (3)
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Evaluate Translations (4)
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Warning

• these are just examples of what can be done
(or, more precisely, what has been done)

↪ it’s up to you to imagine new uses
• today main challenges
↪ true evaluation of llms capabilities
↪ understand if and when it fails
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To be clearer

• no explanation for LLMs’ cross-lingual
capabilities (as for many other capacities)

↪ to be more precise: contradictory and
partial explanations

• for the moment just a very (too) large
number of observations
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Two techniques to improve LLM capacity to
reason

• instruction fine-tuning
• chain-of-thought prompting
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Instruction Fine-Tuning
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Instruction fine-tuning

• “instruction tuning”: fine-tuning a LM on
a collection of tasks described by
instructions

• improves the zero-shot performance of
LM

↪ no need to explain the task at hand, the
model already knows it!
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Recall: Fine-Tuning a Decoder
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In a word
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Instruction corpus (1)

The no robots corpus
prompt Why is Aberdeen called the Granite City?
answer Alberdeen’s nickname, the Granite City, comes from the city’s history and contribution of granite, in addition to the architectural style of more

than fifty percent of the city’s buildings. Many of the city’s most popular buildings and residential properties were built using granite from large

quarries around the North-East, most notably the Rubislaw Quarry in Aberdeen’s west end. As technology and practices for handling a large

amount of rock improved, Aberdeen quickly became the granite capital of the world, exporting granite by sea to several areas globally.
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Instruction corpus (2)

The no robots corpus
prompt I have 2 lists below. Can you showme how to make a bar chart from them using Python?

1 list1 = ["USA", "China", "Russia", "Brazil", "Japan"]
2 list2 = [22, 53, 32, 45, 56]

answer There is a useful module called MatPlotLib that can help you achieve this. If you have not already, you will need to install the module first.
To install it with PIP, open your command line and enter:

pip install matplotlib
To install it with Conda, enter:

conda install -c conda-forge matplotlib
Then you can import the module into your Python code. Here is the full code:

1 from matplotlib import pyplot as plt
2

3 list1 = ["USA", "China", "Russia", "Brazil", "Japan"]
4 list2 = [22, 53, 32, 45, 56]
5

6 plt.bar(list1, list2)\nplt.show()

This will display a bar chart with list1 on the x-axis and list2 on the y-axis.
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Instruction corpus (3)

Different categories of prompts:
• Generation: 45.7%

• OpenQA: 12.4%

• Brainstorm: 11.2%

• Chat: 8.4%

• Rewrite: 6.6%

• Summarize: 4.2%

• Classify: 3.5%

• Coding

• ...

↪ 10k examples
↪ several other datasests: Dolly-15k, ...
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ANewAmazing Property of LLMs

• instruction fine-tuning: improve the
model performance on new tasks🤔

↪ i.e. tasks that have not been seen during
training!

• see: (Wei, Bosma andothers 2022) or
(Chung andothers 2024) more generally: look for the
work of JasonWei
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The tasks
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The Results

from (Chung andothers 2024)
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Another wonderful technique

What is Chain-of-Thougt prompting?
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CoT Prompting

• guiding LLM to generate a step-by-step
sequence of reasoning processes rather
than jumping directly to an answer

• identify (and solve !) subtasks to solve a
problem

↪ “unlock” reasoning capabilities in LLMs
through structured prompting
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A picture is worth a thousandwords

from (Wei, Wang andothers 2024)
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Impact

• impressive results
• again: (almost) no explanation
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Properties of CoT

• Decomposition of Multi-Step Problems
• Interpretability of Model Behavior
• Versatility Across Tasks⇒ can be used in any task that humans solve using language-based
reasoning.

• Ease of Elicitation in LLMs⇒ can be “triggered” using few-shot learning
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En mettant tout bout à bout

Translating Step-by-Step: Decomposing the Translation Process for Improved Translation Quality of Long-Form Texts, E. Briakou, J. Luo, C. Cherry, M. Freitag,
arXiv:2409.06790, 2024

⇒ améliore les performances (meilleurs scores WMT’24)
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Prompting

• prompting used to be a big thinkgs
↪ “prompt engineer” the new dream job
↪ so many books, tutorial, training

programs, ...

• no longer true !
↪ LLMs are so capable they grasp what you

want better than you do.
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Prompt rewritting

• most LLMs rewrite your prompts
↪ ensure output consistency (e.g. ollama json schema)
↪ ensure better interaction/answer
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The last trick(s) to kill prompting

• “Let’s think this step by step”
↪ (kojima22large2025) “better” than all

CoT strategies
• “Generate 5 responses to this prompt,
each with their probability.”

↪ (zhang2025verbalized) (published 1st Oct. 2025)
“verbalized sampling”

↪ increase diversity/creativity (reduce
typicality)
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Part I
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