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CONTEXTE ET DÉFINITIONS

INTRODUCTION



1. Chowdhary (2020) - Natural Language Processing
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COMPRENDRE ET INTERPRÉTER LE LANGAGE HUMAIN ¹

TAL

Médecin

Pathologie

Médicament

https://link.springer.com/chapter/10.1007/978-81-322-3972-7_19


1. Zhao, Zhou, Li et al. (2023) – « A Survey of Large Language Models »
2. Minaee, Mikolov, Nikzad et al. (2024) – « Large Language Models: A Survey »
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GPT ET CIE ¹ ²

TAL

DL

https://arxiv.org/abs/2303.18223
https://arxiv.org/abs/2402.06196


1. Perera et al. (2013) - « Challenges in understanding clinical notes: why NLP engines fall short and where background knowledge can help »
2. Adnan et al. (2019) – « Role and Challenges of Unstructured Big Data in Healthcare »

LE TAL EN MÉDECINE ? 5

DONNÉES NON-STRUCTURÉES ¹ ²

https://doi.org/10.1145/2512410.2512427
https://link.springer.com/chapter/10.1007/978-981-32-9949-8_22


UN COURT HISTORIQUE
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LES PREMIERS ESSAIS 7

1933-1935: GEORGES ARTSROUNI ET PETER TOYANSKIJ ¹

1. Hutchins J. (2002) – « Two Precursors of Machine Translations: Artsrouni and Trojansij »

https://aclanthology.org/www.mt-archive.info/IJT-2004-Hutchins.pdf


LES PREMIÈRES « RÉUSSITES » 8

LE TRADUCTEUR RUSSE->ANGLAIS D’IBM ¹

1. Hutchins J. (2004) – « The Georgetown-IBM Experiment Demonstrated in January 1954 »

https://link.springer.com/chapter/10.1007/978-3-540-30194-3_12
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FONCTIONNEMENT (1) ¹

1. Hutchins J. (2004) – « The Georgetown-IBM Experiment Demonstrated in January 1954 »

https://link.springer.com/chapter/10.1007/978-3-540-30194-3_12
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FONCTIONNEMENT (2) ¹

1. Hutchins J. (2004) – « The Georgetown-IBM Experiment Demonstrated in January 1954 »

https://link.springer.com/chapter/10.1007/978-3-540-30194-3_12
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LA PREMIÈRE VAGUE ¹ ² ³ ⁴ ⁵

1. Bobrow et al. (1964) – « Natural language input for a computer problem solving system »
2. Weizenbaum (1966) – « ELIZA – a computer program for the study of natural language communication between man and machine »
3. Winograd (1971) – « Procedures as a representation for data in a computer program for understanding natural language »
4. http://www.jabberwacky.com/j2about
5. Wallace (2009) – « The Anatomy of A.L.I.C.E. »

https://dspace.mit.edu/handle/1721.1/6903
https://dl.acm.org/doi/10.1145/365153.365168
https://dspace.mit.edu/handle/1721.1/15546
http://www.jabberwacky.com/j2about
https://link.springer.com/chapter/10.1007/978-1-4020-6710-5_13
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EXEMPLE 1: STUDENT ¹

1. Bobrow et al. (1964) – « Natural language input for a computer problem solving system »

https://dspace.mit.edu/handle/1721.1/6903
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EXEMPLE 2: ELIZA ¹ ²

CHATBOTS

1. Weizenbaum (1966) – « ELIZA – a computer program for the study of natural language communication between man and machine »
2. https://www.masswerk.at/eliza/

https://dl.acm.org/doi/10.1145/365153.365168
https://www.masswerk.at/eliza/
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PREMIÈRES DÉSILLUSIONS ¹ ²

LE RAPPORT ALPAC

1. https://en.wikipedia.org/wiki/AI_winter
2. Pierce et al. (1966) – « Language and Machines: Comupters in Translation and Linguistics »

Les travaux menés en TAL depuis les années 1950 
échouent à remplir les objectifs annoncés

https://en.wikipedia.org/wiki/AI_winter
https://dl.acm.org/doi/book/10.5555/1102009
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GRAPHES DE CONNAISSANCES ¹ ²

INGÉNIERIE DE LA CONNAISSANCE

1. Schank (1979) – « Conceptual dependency: A theory of natural language understanding »
2. Schank et al. (1973) – « MARGIE: Memory Analysis Response Generation, and Inference on English »

https://www.sciencedirect.com/science/article/pii/0010028572900229?via%3Dihub
https://www.semanticscholar.org/paper/MARGIE%3A-Memory-Analysis-Response-Generation%2C-and-on-Schank-Goldman/e86f41c73b3ee96b8d75614c0537edeb55719211
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ONTOLOGIES ET « WEB SÉMANTIQUE » ¹

INGÉNIERIE DE LA CONNAISSANCE

1. Breitman, Casanova and Truszkowski (2007) – « Semantic Web: Concepts, Technologies and Applications »

https://link.springer.com/book/10.1007/978-1-84628-710-7
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LA « SNOMED-CT » ¹ ²

EXEMPLE EN MÉDECINE

1. Chang and Mostafa (2021) – «The use of SNOMED CT, 2013-2020: a literature review »
2. Home | SNOMED International

https://academic.oup.com/jamia/article-abstract/28/9/2017/6307174?redirectedFrom=fulltext
https://www.snomed.org/
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LES APPROCHES STATISTIQUES ¹ ² ³

L’APPRENTISSAGE MACHINE POUR LE TAL

1. Charniak (1993) – « Statistical Language Learning » 
2. Manning and Schutze (1999) – « Foundations of Statistical Natural Language Processing »
3. Marcus (1995) – « New Trends in Natural Language Processing: Statistical Natural Language Processing »

https://mitpress.mit.edu/9780262531412/statistical-language-learning/
https://mitpress.mit.edu/9780262133609/foundations-of-statistical-natural-language-processing/
https://www.pnas.org/doi/10.1073/pnas.92.22.10052
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RAPPEL

Objectif:   F: X ↦ Y

x0 x1 y
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… … …
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x0=1.55, x1=51

y=21.22

Inférence
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QUELQUES SOUS-PROBLÈMES ¹ ²

1. Emms and Luz (2007) – « Machine Learning for Natural Language Processing »
2. Zhang and Teng (2021) – « Natural Language Processing: A Machine Learning Perspective »

https://www.researchgate.net/publication/228686410_Machine_learning_for_natural_language_processing
https://direct.mit.edu/coli/article/48/1/233/107570/Natural-Language-Processing-A-Machine-Learning
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LA « TOKENISATION » ¹ 

1. Mielke et al. (2021) – « Between words and characters: a brief history of open-vocabulary modeling and tokenization in NLP »

https://arxiv.org/abs/2112.10508
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USAGES ¹ ²

1. Emms and Luz (2007) – « Machine Learning for Natural Language Processing »
2. Zhang and Teng (2021) – « Natural Language Processing: A Machine Learning Perspective »

https://www.researchgate.net/publication/228686410_Machine_learning_for_natural_language_processing
https://direct.mit.edu/coli/article/48/1/233/107570/Natural-Language-Processing-A-Machine-Learning
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EXTRACTION D'INFORMATIONS ¹ ²

1. Iroju and Olaleke (2015) – « A Systematic Review of Natural Language Processing in Healthcare »
2. Malmasi et al. (2018) – « Extracting Healthcare Quality Information from Unstructured Data »

https://www.mecs-press.org/ijitcs/ijitcs-v7-n8/v7n8-7.html
https://pmc.ncbi.nlm.nih.gov/articles/PMC5977624/
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CLINICAL TEXT ANALYSIS KNOWLEDGE EXTRACTION SYSTEM (CTAKES) ¹

1. Apache cTAKES™ - clinical Text Analysis Knowledge Extraction System

https://ctakes.apache.org/index.html
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LES PREMIERS SUCCÈS ¹ ²

1. Deng and Liu (2018) – « Deep Learning in Natural Language Processing »
2. Goldberg (2016) – « A primer on neural network models for natural language processing »

https://link.springer.com/book/10.1007/978-981-10-5209-5
https://arxiv.org/abs/1510.00726
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LES RÉSEAUX DE NEURONES MULTI-COUCHES ¹ ²

1. LeCun, Bengio and Hinton (2015) – « Deep Learning »
2. Charniak (2019) – « Introduction to Deep Learning »

https://www.nature.com/articles/nature14539
https://dl.acm.org/doi/book/10.5555/3351847
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LE « WORD EMBEDDING » ¹ ²

1. Turian, Ratinov and Bengio (2010) – « Word representations: a simple and general method for semi-supervised learning »
2. Almeida and Xexéo (2023) – « Word Embeddings: A Survey »

https://dl.acm.org/doi/10.5555/1858681.1858721
https://arxiv.org/abs/1901.09069


L’APPRENTISSAGE PROFOND POUR LE TAL 28

LE « WORD2VEC » ¹ ² ³

1. Mikolov, Yih and Zweig (2013) – « Linguistic regurlarities in continuous space word representations »
2. http://nlp.polytechnique.fr/word2vec
3. https://samyzaf.com/ML/nlp/nlp.html

https://aclanthology.org/N13-1090/
http://nlp.polytechnique.fr/word2vec
https://samyzaf.com/ML/nlp/nlp.html
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LES « TRANSFORMERS » ¹ ² ³

1. Vaswani et al. (2017) – « Attention is all you need »
2. Devlin et al. (2018) – « BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding »
3. Radford et al. (2018) – « Improving language understanding by generative pre-training »

https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1810.04805
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
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LE MÉCANISME D’ATTENTION ¹ ²

1. Vaswani et al. (2017) – « Attention is all you need »
2. https://jalammar.github.io/illustrated-transformer/

https://arxiv.org/abs/1706.03762
https://jalammar.github.io/illustrated-transformer/
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LE MÉCANISME D’ENCODAGE ET DE DÉCODAGE ¹

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

https://jalammar.github.io/illustrated-transformer/
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EXEMPLE ¹

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

https://jalammar.github.io/illustrated-transformer/
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UNE HISTOIRE DE FAMILLE ¹

1. Berthelier, Boutet and Richard (2023) – « Toward training NLP models to take into account privacy leakages » 

https://hal.science/hal-04299405
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LES « LARGE LANGUAGE MODELS » ¹ ² ³ ⁴

1. https://chat.openai.com/
2. https://llama.meta.com/
3. https://mistral.ai/
4. Zhao et al. (2023) – « A Survey of Large Language Models »

https://chat.openai.com/
https://llama.meta.com/
https://mistral.ai/
https://arxiv.org/abs/2303.18223
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ARBRE GÉNÉALOGIQUE (EN SANTÉ) ¹

Transformer
(2017)

BERT
(2018)
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er

Megatron
(2019)

RoBERTa
(2019)

ClinicalBERT
(2020)

BioBERT
(2020)

CamemBERT
(2020)

GPT 1 et 2
(2018)

DrBERT
(2023)

GatorTron
(2022)

BioGPT
(2022)

PaLM
(2022)

Med-PaLM
(2023)

1. Yagnik N., Jhaveri J., Sharma V., et al. (2024) – « MedLM: Exploring Language Models for Medical Question Answering Systems

LLaMA
(2023)

ChatDoctor
(2023)

DrBERT 4k
(2024)

AliBERT
(2023)

Mistral 7B
(2023)

BioMistral
(2024)

https://arxiv.org/abs/2401.11389
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SYNTHÈSE
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UN ÉVENTAIL DE POSSIBILITÉS ¹

1. Minaee, Mikolov, Nikzad et al. (2024) – « Large Language Models: A Survey »

https://arxiv.org/abs/2402.06196


USAGES, LIMITES ET PERSPECTIVES

LES LARGES MODÈLES DE LANGAGE
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CHATGPT ¹

1. https://chatgpt.com

https://chatgpt.com/
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FONCTIONNEMENT

1. https://chatgpt.com

ENCODERS

INPUT

EMBEDDINGS

GPT-3.5 / GPT-4

Linear + Softmax

OUTPUT

PREVIOUS
OUTPUT

ChatGPT génère la suite la plus plausible selon lui
d’une discussion commençant par votre question

Les « bonnes » réponses de ChatGPT sont un effet 
de bord de son entrainement

https://chatgpt.com/
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FAILLES TECHNIQUES

1. Huang L., Yu W., Ma W., et al. (2023) – « A Survey on Hallucination in Large Language Models: Principles, Taxonomy, Challenges and Open Questions »
2. Zhang Y., Li Y., Cui L., et al. (2023) – « Siren’s Song in the AI Ocean: A Survey on Hallucination in Large Language Models »
3. Lui Y., Jia Y., Geng R., et al. (2023) – « Prompt Injection Attacks and Defenses in LLM-Integrated Applications »
4. Wei A., Haghtalab N., and Steinhardt J. (2023) – « Jailbroken: How Does LLM Safety Training Fail? »
5. Gandalf | Lakera – Test your prompting skills to make Gandalf reveal secret information.

Hallucinations ¹ ²

Attaques par injection de prompt ³

Jailbreaking ⁴ ⁵

https://arxiv.org/abs/2311.05232
https://arxiv.org/abs/2309.01219
https://arxiv.org/abs/2310.12815
https://arxiv.org/abs/2307.02483
https://gandalf.lakera.ai/baseline
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FAKE NEWS ! ¹ ²

1. Groundbreaking BBC research shows issues with over half the answers from Artificial Intelligence (AI) assistants
2. bbc-research-into-ai-assistants.pdf

https://www.bbc.com/mediacentre/2025/bbc-research-shows-issues-with-answers-from-artificial-intelligence-assistants
https://www.bbc.co.uk/aboutthebbc/documents/bbc-research-into-ai-assistants.pdf
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LE CAS DU BING’S CHAT MALVEILLANT ¹ ² ³ ⁴

1. Hendrickson J. (2023) – « I Made Bing's Chat AI Break Every Rule and Go Insane »
2. Hubinger E. (2023) – « Bing Chat is blatantly, aggressively misaligned »
3. Reddit (2023) – « Full Sydney pre-prompt (including rules and limitations and sample chat) »
4. Monsieur Phi (2023) – « GPT-4 est-il incontrôlable ? »

https://www.howtogeek.com/145905/i-made-bings-chat-ai-break-every-rule-and-go-insane/
https://www.lesswrong.com/posts/jtoPawEhLNXNxvgTT/bing-chat-is-blatantly-aggressively-misaligned
https://www.reddit.com/r/bing/comments/11398o3/full_sydney_preprompt_including_rules_and/
https://www.youtube.com/watch?v=dDhTMIao-fM


EMPOISONNEMENTS DES DONNÉES 44

L’EMPOISONNEMENTS DES DONNÉES ¹

1. Alber et al. (2025) – « Medical large language models are vulnerable to data-poisonning attacks »

https://www.nature.com/articles/s41591-024-03445-1
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PROMPT ENGINEERING ¹

1. https://www.promptingguide.ai/

https://www.promptingguide.ai/
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REASON + ACT = REACT ¹ ²

1. https://www.promptingguide.ai/techniques/react
2. Yao et al. (2023) – « ReAct: Synergizing Reasoning and Acting in Language Models »

https://www.promptingguide.ai/techniques/react
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LE « RETRIEVAL AUGMENTED GENERATION » ¹

1. Gao Y., Xiong Y., Gao X., et al. (2023) – « Retrieval-Augmented Generation for Large Language Models: A Survey » 

https://arxiv.org/abs/2312.10997
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LES « LLMS AGENTS » ¹ ² ³

1. Jin et al. (2024) – « From LLMs to LLM-based Agents for Software Engineering: A Survey of Current, Challenges and Future »
2. https://www.promptingguide.ai/research/llm-agents
3. https://www.truefoundry.com/blog/llm-agents

https://arxiv.org/abs/2408.02479
https://www.promptingguide.ai/research/llm-agents
https://www.truefoundry.com/blog/llm-agents
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AGENTS CONVERSATIONNELS ¹

1. Abbasian et al. (2024) – « Conversational Health Agents: A Personalized LLM-Powered Agent Framework»

https://arxiv.org/abs/2310.02374
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ROBOTS D’ACCEUIL ¹ ² ³

1. A l’hôpital Broca à Paris, des robots de compagnie pour les personnes âgées
2. Spring, vers une robotique réellement sociale | Inria
3. Alameda-Pineda et al. (2024) – « Socially Pertinent Robots in Gerontological Healthcare »
4. Mr Phi (2025) - « Sommes-nous prêt à vivre parmis les robots ? »

https://www.lemonde.fr/festival/article/2018/10/04/a-l-hopital-broca-a-paris-des-robots-de-compagnie-pour-les-personnes-agees_5364390_4415198.html
https://www.inria.fr/fr/spring-robotique-intelligence-artificielle
https://arxiv.org/abs/2404.07560
https://www.youtube.com/watch?v=fJv7-Ya_H5s


CONCLUSION
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POURQUOI ? COMMENT ? ¹

1. https://medium.com/@Coursesteach/natural-language-processing-part-1-5727b4efc8b4

Permet d’extraire et/ou de traiter des 
informations depuis des documents médicaux

Nécessite d’être adapté au « jargon » médical

Les récentes avancées rend envisageable le
développement d’assistants personnel
performants

Les LLMs restent une jeune technologie à 
utiliser avec précaution

https://medium.com/@Coursesteach/natural-language-processing-part-1-5727b4efc8b4


QUELQUES RÉFÉRENCES EN PLUS 53

POUR CREUSER LE SUJET

Underscore_ - Actualités sur les LLMs

MrPhi – Réflexions sur les LLMs

https://www.youtube.com/@Underscore_
https://www.youtube.com/playlist?list=PLuL1TsvlrSndAkp15HeiHoZGqyfivFqJd
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