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L’IA a récemment fait des progrès époustouflants
De la perception, nous sommes passés au raisonnement

Source: https://orfe.princeton.edu/~alaink/SmartDrivingCars/PDFs/Jonai_ComputerVisionFOrAutonomousCars_2017.pdf

2017

https://orfe.princeton.edu/~alaink/SmartDrivingCars/PDFs/Jonai_ComputerVisionFOrAutonomousCars_2017.pdf
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Source: http://image-net.org/challenges/talks_2017/ILSVRC2017_overview.pdf

Les modèles sont devenus experts dans 
certaines tâches visuelles

La compétition ImageNet originale a été discontinuée

http://image-net.org/challenges/talks_2017/ILSVRC2017_overview.pdf
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Modélisation de distributions en très haute dimension

Source:  https://arxiv.org/abs/1906.00446 (VQ-VAE 2)

https://arxiv.org/abs/1906.00446
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Les réseaux de neurones profonds
ont joué un rôle majeur dans ces avancées

Source: https://medium.com/mlreview/multi-modal-methods-image-captioning-from-translation-to-attention-895b6444256e

Convolutional Neural Network
(e.g. Inception)

Recurrent Neural Network 
(e.g. LSTM)

https://medium.com/mlreview/multi-modal-methods-image-captioning-from-translation-to-attention-895b6444256e
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Les modèles Transformer sont à l’origine de plusieurs 
avancées récentes

Source: Vaswani et al. (2017)

https://proceedings.neurips.cc/paper_files/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
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La puissance de ces modèles ne cesse d’augmenter
Des habiletés de raisonnement surprenantes émergent

Source: https://huggingface.co/blog/large-language-models

https://huggingface.co/blog/large-language-models
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On peut maintenant générer du texte réaliste

Québec, le 27 mars 2023 Le maire de la ville de Québec, Bruno Marchand, a dévoilé aujourd'hui
un ambitieux projet de mobilité durable basé sur la téléportation. Ce projet, qui pourrait être mis en
place d'ici 2025, vise à réduire considérablement les émissions de gaz à effet de serre et à améliorer
la qualité de vie des citoyens.

Selon le maire Marchand, la téléportation représente l'avenir de la mobilité urbaine. Ce moyen de
transport innovant permettrait de réduire la congestion routière, de diminuer la dépendance aux
énergies fossiles et de favoriser un mode de vie plus écologique.

Le projet prévoit la construction de stations de téléportation réparties à travers la ville, offrant un
accès facile et rapide aux usagers. Les déplacements se feraient instantanément, réduisant ainsi les
temps de trajet et les émissions polluantes.

Les investissements nécessaires au développement de cette technologie seront répartis entre la ville
de Québec, le gouvernement provincial et des partenaires privés. Le maire Marchand espère que
ce projet novateur permettra de positionner la ville de Québec comme un leader mondial en
matière de mobilité durable et d'innovation technologique.

Généré avec GPT-4
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… traduire du texte en images

Source: Open AI Dall•E 2

Input
An astronaut riding a horse in photorealistic style.

https://openai.com/product/dall-e-2
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… générer du code

Source: bdtechtalks.com

GitHub Copilot – Open AI Codex

https://i0.wp.com/bdtechtalks.com/wp-content/uploads/2021/07/openai-codex.jpg?ssl=1
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+

Initiative ouverte et responsable 
pour l’élaboration de modèles 
de génération de code

Collaboration ServiceNow & HuggingFace, 
avec une communauté de 400 participants 
provenant de 30 pays.

26 sept., 2022:
Lancement officiel

The Stack v1.0

Q2 2023:
Fin de la phase 1

The Stack v1.1
1er déc., 2022

Lancement des 
modèles 1B Santa
(31 déc., 2022)

Entrainement 
d’un modèle 
avec 1B param.

Plus d’info: https://www.bigcode-project.org

Début Q2, 2023:
Lancement d’un modèle à 15B param.

https://www.bigcode-project.org/
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… percevoir, raisonner, planifier et agir

Raisonnement Contrôle

Source: Adaptation de Driess et al. (2023)

PaLM-E

https://palm-e.github.io/
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Les copilotes vont changer notre manière de travailler

Source: Microsoft

https://www.microsoft.com/en-us/microsoft-365/blog/2023/03/16/introducing-microsoft-365-copilot-a-whole-new-way-to-work
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Malgré tout, ces modèles ne sont que de puissants 
détecteurs de corrélations

Source: de Haan et al. (2019), Causal Confusion in Imitation Learning

Scenario A: Full Information Scenario B: Incomplete Information

policy attends to brake indicator

Figure 1: Causal misidentification: more information yields worse imitation learning performance. Model A
relies on the braking indicator to decide whether to brake. Model B instead correctly attends to the pedestrian.

This situation presents a give-away symptom of causal misidentification: access to more information

leads to worse generalization performance in the presence of distributional shift. Causal misidentifi-
cation occurs commonly in natural imitation learning settings, especially when the imitator’s inputs
include history information.

In this paper, we first point out and investigate the causal misidentification problem in imitation
learning. Then, we propose a solution to overcome it by learning the correct causal model, even when
using complex deep neural network policies. We learn a mapping from causal graphs to policies,
and then use targeted interventions to efficiently search for the correct policy, either by querying an
expert, or by executing selected policies in the environment.

2 Related Work
Imitation learning. Imitation learning through behavioral cloning dates back to Widrow and Smith,
1964 [58], and has remained popular through today [41, 44, 36, 37, 4, 13, 33, 56, 3]. The distributional
shift problem, wherein a cloned policy encounters unfamiliar states during autonomous execution,
has been identified as an issue in imitation learning [41, 9, 42, 43, 25, 19, 3]. This is closely tied
to the “feedback” problem in general machine learning systems that have direct or indirect access
to their own past states [47, 2]. For imitation learning, various solutions to this problem have been
proposed [9, 42, 43] that rely on iteratively querying an expert based on states encountered by some
intermediate cloned policy, to overcome distributional shift; DAgger [43] has come to be the most
widely used of these solutions.

We show evidence that the distributional shift problem in imitation learning is often due to causal
misidentification, as illustrated schematically in Fig 1. We propose to address this through targeted
interventions on the states to learn the true causal model to overcome distributional shift. As we
will show, these interventions can take the form of either environmental rewards with no additional
expert involvement, or of expert queries in cases where the expert is available for additional inputs. In
expert query mode, our approach may be directly compared to DAgger [43]: indeed, we show that we
successfully resolve causal misidentification using orders of magnitude fewer queries than DAgger.

We also compare against Bansal et al. [3]: to prevent imitators from copying past actions, they train
with dropout [53] on dimensions that might reveal past actions. While our approach seeks to find
the true causal graph in a mixture of graph-parameterized policies, dropout corresponds to directly
applying the mixture policy. In our experiments, our approach performs significantly better.

Causal inference. Causal inference is the general problem of deducing cause-effect relationships
among variables [52, 38, 40, 50, 10, 51]. “Causal discovery” approaches allow causal inference from
pre-recorded observations under constraints [54, 17, 29, 15, 30, 31, 26, 14, 34, 57]. Observational
causal inference is known to be impossible in general [38, 39]. We operate in the interventional
regime [55, 11, 49, 48] where a user may “experiment” to discover causal structures by assigning
values to some subset of the variables of interest and observing the effects on the rest of the system.
We propose a new interventional causal inference approach suited to imitation learning. While
ignoring causal structure is particularly problematic in imitation learning, ours is the first effort
directly addressing this, to our knowledge.

3 The Phenomenon of Causal Misidentification
In imitation learning, an expert demonstrates how to perform a task (e.g., driving a car) for the benefit
of an agent. In each demo, the agent has access both to its n-dim. state observations at each time t,
Xt = [Xt

1, X
t
2, . . . X

t
n] (e.g., a video feed from a camera), and to the expert’s action At (e.g., steering,

2

Le modèle croit que l’indicateur lumineux est la cause
du freinage.

Le modèle comprend que le piéton est la cause.

de%20Haan%20et%20al.%20(2019)
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Prise de décision: les corrélations ne suffisent pas

Qu’est-ce qui arrivera si on donne 
ce médicament à ce patient?

Comment vont réagir nos clients si 
on augmente les prix?
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Un autre exemple
Le problème des données historiques

Treatment E[Y | A] E[Y | A, Z = mild] E[Y | A, Z = severe]

Yes (A = 1) 78% (273/350) 93% (81/87) 73% (192/263)

No (A = 0) 83% (289/350) 87% (234/270) 69% (55/80)

Taux de survie des patients selon le traitement

Source: adaptation de Julious et Mullee (1994)

Conclusion: Le traitement semble néfaste

https://pubmed.ncbi.nlm.nih.gov/7804052
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Un autre exemple

Taux de survie des patients selon le traitement

Source: adaptation de Julious et Mullee (1994)

Treatment E[Y | A] E[Y | A, Z = mild] E[Y | A, Z = severe]

Yes (A = 1) 78% (273/350) 93% (81/87) 73% (192/263)

No (A = 0) 83% (289/350) 87% (234/270) 69% (55/80)

Condition légère: le traitement est bénéfique

https://pubmed.ncbi.nlm.nih.gov/7804052
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Un autre exemple

Taux de survie des patients selon le traitement

Source: adaptation de Julious et Mullee (1994)

Treatment E[Y | A] E[Y | A, Z = mild] E[Y | A, Z = severe]

Yes (A = 1) 78% (273/350) 93% (81/87) 73% (192/263)

No (A = 0) 83% (289/350) 87% (234/270) 69% (55/80)

Condition légère: le traitement est bénéfique

Condition sévère: le traitement est bénéfique

https://pubmed.ncbi.nlm.nih.gov/7804052
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Pourquoi?
Les données historiques reflètent un protocole
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Pourquoi?
Les données historiques reflètent un protocole

Z = mild
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Pourquoi?
Les données historiques reflètent un protocole

Z = mild

Vous allez survivre. A = 0
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Pourquoi?
Les données historiques reflètent un protocole
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Pourquoi?
Les données historiques reflètent un protocole

Z = severe
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Pourquoi?
Les données historiques reflètent un protocole

Z = severe

Vous êtes en danger! A = 1
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Le paradoxe de Simpson

Z

A Y

Z

A Y

Z

A Y
Causal

Z

A Y

Z

A Y

Z

A Y

Z

A Y

Treatment E[Y | A] E[Y | A, Z = mild] E[Y | A, Z = severe]

Yes (A = 1) 78% (273/350) 93% (81/87) 73% (192/263)

No (A = 0) 83% (289/350) 87% (234/270) 69% (55/80)

Confusion: Les patients les plus malades étaient plus susceptibles de 
recevoir le traitement et aussi de ne pas survivre!

Sévérité

Traitement Survie
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Le paradoxe de Simpson
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Treatment E[Y | A] E[Y | A, Z = mild] E[Y | A, Z = severe]

Yes (A = 1) 78% (273/350) 93% (81/87) 73% (192/263)

No (A = 0) 83% (289/350) 87% (234/270) 69% (55/80)

Confusion: Les patients les plus malades étaient plus susceptibles de 
recevoir le traitement et aussi de ne pas survivre!
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Toutes les questions ne sont pas égales

Z

A Y

Z

A Y

Z

A Y
Causal

Z

A Y

Z

A Y

Z

A Y

Z

A Y

Source: Carey et Wu (2022)

P(Y | A)

https://www.frontiersin.org/articles/10.3389/fdata.2022.892837/full
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Toutes les questions ne sont pas égales
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Source: Carey et Wu (2022)

P(Y | A) P(Y | do(A))

https://www.frontiersin.org/articles/10.3389/fdata.2022.892837/full
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Association vs intervention

Source: Neal (2020)

https://www.bradyneal.com/Introduction_to_Causal_Inference-Dec17_2020-Neal.pdf
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Association vs intervention

Source: Neal (2020)

https://www.bradyneal.com/Introduction_to_Causal_Inference-Dec17_2020-Neal.pdf
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Cadre théorique: Réseaux Bayésiens Causaux

La distribution de chaque variable est exprimée en fonction de ses parents dans le graphe causal
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Expériences randomisées
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Expériences randomisées

A/B testing

Source: Seobility
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https://www.seobility.net/en/wiki/images/2/24/AB-Testing.png
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Tout ne peut pas être randomisé
Pouvons-nous tout de même estimer l’effet d’interventions?

Distribution observée Distribution d’intervention
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Tout ne peut pas être randomisé
Pouvons-nous tout de même estimer l’effet d’interventions?

Identification causale: Il est parfois possible de traduire une quantité causale P(Y | do(A)) 
en quantité observationelle (sans opérateur do).

Distribution observée Distribution d’intervention
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A Y

Z

A YDo-calculus
Pearl (1995)

https://www.jstor.org/stable/2337329
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Tout ne peut pas être randomisé
Pouvons-nous tout de même estimer l’effet d’interventions?

Identification causale: Il est parfois possible de traduire une quantité causale P(Y | do(A)) 
en quantité observationelle (sans opérateur do).

Distribution observée Distribution d’intervention
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Graphe + quantité interv. à Solution / Impossible (temps polynomial) 

https://www.jstor.org/stable/2337329
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Un exemple d’identification causale
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Un exemple d’identification causale

Limitation: Il faut connaitre le graphe
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Découverte de structures causales

Algorithme

Ensemble d’observations Graphe causal et équations structurelles

Problème:
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Découverte de structures causales

Algorithme

Ensemble d’observations Graphe causal et équations structurelles

Problème:



© 2023 ServiceNow, Inc. All Rights Reserved. 41

Découverte de structures causales

Algorithme

Ensemble d’observations Graphe causal et équations structurelles

Problème:

État de l’art:
• Indépendances conditionelles (Spirtes et al., 2000)

• Heuristiques et énumération (Chickering 2002)

• Optimisation continue (Zheng et al., 2018)
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Differentiable Causal Discovery 
from Interventional Data

Bien modéliser les données

Modèle:

Entrainement:

https://arxiv.org/abs/2007.01754

https://arxiv.org/abs/2007.01754
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Differentiable Causal Discovery 
from Interventional Data

Données

Bien modéliser les données

Modèle:

Entrainement:

https://arxiv.org/abs/2007.01754

https://arxiv.org/abs/2007.01754
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Differentiable Causal Discovery 
from Interventional Data

Probabilité
Conditionnelle

Bien modéliser les données

Modèle:

Entrainement:

https://arxiv.org/abs/2007.01754

https://arxiv.org/abs/2007.01754
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Differentiable Causal Discovery 
from Interventional Data

Graphe
causal

Bien modéliser les données

Modèle:

Entrainement:

https://arxiv.org/abs/2007.01754

https://arxiv.org/abs/2007.01754
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Differentiable Causal Discovery 
from Interventional Data

Graphe
causal

Bien modéliser les données

Modèle:

Entrainement:

https://arxiv.org/abs/2007.01754

Le modèle découvre les relations causales:

https://arxiv.org/abs/2007.01754
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Differentiable Causal Discovery 
from Interventional Data

Données

Probabilité
Conditionnelle

Graphe
causal

Bien modéliser les données

Modèle:

Entrainement:

https://arxiv.org/abs/2007.01754

Le modèle découvre les relations causales:

https://www.gsk.ai/causalbench-challenge 

https://arxiv.org/abs/2007.01754
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Les données ne révèlent pas tout

{ {, ,

Certaines relations causales laissent la même signature dans les données

Tous ces graphes sont équivalents, mais un seul correspond à la réalité.

Classe d’équivalence de Markov
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Typing Assumptions Improve 
Identification in Causal Discovery 

https://arxiv.org/abs/2107.10703

Idée: Exploiter des connaissances a priori sur la nature 
des variables pour réduire l’ambiguïté

https://arxiv.org/abs/2107.10703
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Typing Assumptions Improve 
Identification in Causal Discovery 

https://arxiv.org/abs/2107.10703

{ {, ,

Idée: Exploiter des connaissances a priori sur la nature 
des variables pour réduire l’ambiguïté

https://arxiv.org/abs/2107.10703
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Typing Assumptions Improve 
Identification in Causal Discovery 

https://arxiv.org/abs/2107.10703

Identification!

Idée: Exploiter des connaissances a priori sur la nature 
des variables pour réduire l’ambiguïté

https://arxiv.org/abs/2107.10703
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Exploiter les modèles de langage pour 
apprendre des structures causales

Idée: Nous exprimons beaucoup d’information causale
à l’aide du langage. Les modèles de langage
contiennent-ils des connaissances causales utiles?

Source: Long et al. (2022), Can Large Language Models Build Causal Graphs? 

Long et al., 2023 (en cours)

https://openreview.net/forum?id=LQQoJGw8JD1
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Apprentissage de représentations causales

wrong, can fit the observations equally well, a problem known as
underdetermination or equifinality81. As a complementary cri-
terion we propose to compare reconstructed causal dependencies
of models and observational data (Fig. 3d). The underlying
premise is that causal dependencies are more directly linked to
the physical processes and are, therefore, more robust against
overfitting than simple statistics and, hence, models that are
causally similar to observations will also yield more reliable
future projections. As for the previous example, also here the
challenges lie in extracting suitable causal variables from often
noisy station-based measurements or high-dimensional spatio-
temporal fields and also the fact that processes can interact
nonlinearly involving different spatio-temporal scales. In addi-
tion, model output may not satisfy the conditions underlying
some causal inference methods, e.g., if dependencies are purely
deterministic. Finally, suitable evaluation and comparison statis-
tics based on causal networks need to be defined (see paragraph
on causal complex network analysis). In Earth system sciences,
model evaluation can help to build more realistic models to
improve projections of the future, which is highly relevant for
policy making82.

Challenges from a methodological perspective
Process challenges. At the process level, a number of challenges
arise due to the time-dependent nature of the processes giving
rise to strong autocorrelation (Fig. 4, point 1) and time delays
(Fig. 4, point 2). Next, ubiquitous nonlinearity (Fig. 4, point 3),
also in the form of state-dependence (Fig. 4, point 4) and synergy
(see Fig. 3c), requires a careful selection of the estimation method
(see nonlinear methods in method overview section). Note that
sometimes variables from model output can be deterministically
related via a set of equations, which poses a serious problem for
many, but not all, causal methods12,24. As mentioned in the jet
stream example, a geoscientific time series will typically contain
signals from different processes acting on vastly different time
scales, e.g., oceanic and atmospheric ones, which may need to be
disentangled to better interpret causal links (Fig. 4, point 5). A
basic assumption in a number of statistical methods used in
causal inference frameworks (e.g., linear regression) is the
assumption that the noise distribution is Gaussian, which is
violated by processes featuring heavy tails and extreme events
(e.g., precipitation; Fig. 4, point 6). On the other hand, some
methods turn non-Gaussianity into an advantage54 (Fig. 2d).
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Fig. 4 Methodological challenges for causal discovery in complex spatio-temporal systems such as the Earth system. At the process level, autocorrelation
(1), time delays (2), and nonlinearity (3), also in the form of state-dependence and synergistic behavior (4), require a careful selection of the estimation
method. Further, a time series might contain signals from different processes acting on vastly different time scales (5). Noise distributions (6) can feature
heavy tails and extreme-values which challenges the ubiquitous methodological Gaussian assumption. At the data aggregation level, the most basic
challenge is the definition of the causally relevant variables (7) representing the subprocesses of interest from spatio-temporally gridded data (e.g., from
satellites) or station data measurements. Unobserved variables (8) need to be taken into account regarding a causal interpretation of the estimated graph.
Time sub-sampling (9) and aggregation (10) can make causal links appear contemporaneous and even cyclic due to insufficient time resolution (e.g., due
to the standard practice of time averaging depicted here in a time series graph24). Causal inferences are degraded due to measurement errors (11) such as
observational noise, systematic biases (first few samples), or even missing values (grey samples), that may be causally related to the measured process,
constituting a form of selection bias (12). Some datasets are of a discrete type (13), either due to quantization, or as categorical data, e.g., an index
representing different weather regimes, and require methods that deal with discrete, and also mixed data types. Next to measurement value uncertainties,
for paleo-climatic data even the measurement time points typically are given only with uncertainty (14), which especially challenges methods exploiting
time-order. At the computational and statistical level, the scalability of methods, regarding both sample size (15) and high dimensionality (16) due to the
number of variables as well as large time delays, is of crucial practical relevance for computational run-time and detection power. Finally, uncertainty
estimation (17, width of links), also taking into account data uncertainties, poses a major challenge

PERSPECTIVE NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-019-10105-3

8 NATURE COMMUNICATIONS | ����� ���(2019)�10:2553� | https://doi.org/10.1038/s41467-019-10105-3 | www.nature.com/naturecommunications

Source: Runge et al. (2019)

10

Fig. 2. Illustration of the causal representation learning problem setting. Perceptual data, such as images or other high-dimensional sensor measurements,
can be thought of as entangled views of the state of an unknown causal system as described in (10). With the exception of possible task labels, none of the
variables describing the causal variables generating the system may be known. The goal of causal representation learning is to learn a representation (partially)
exposing this unknown causal structure (e.g., which variables describe the system, and their relations). As full recovery may often be unreasonable, neural
networks may map the low-level features to some high-level variables supporting causal statements relevant to a set of downstream tasks of interest. For
example, if the task is to detect the manipulable objects in a scene, the representation may separate intrinsic object properties from their pose and appearance
to achieve robustness to distribution shifts on the latter variables. Usually, we do not get labels for the high-level variables, but the properties of causal models
can serve as useful inductive biases for learning (e.g., the SMS hypothesis).

Fig. 3. Example of the SMS hypothesis where an intervention (which may
or may not be intentional/observed) changes the position of one finger ( ),
and as a consequence, the object falls. The change in pixel space is entangled
(or distributed), in contrast to the change in the causal model.

as well as the property that the conditionals P (Si | PAi)
be independently manipulable and largely invariant across
related problems. Suppose we seek to reconstruct such a
disentangled representation using independent mechanisms
(11) from data, but the causal variables Si are not provided to
us a priori. Rather, we are given (possibly high-dimensional)
X = (X1, . . . , Xd) (below, we think of X as an image with
pixels X1, . . . , Xd) as in (10), from which we should construct
causal variables S1, . . . , Sn (n ⌧ d) as well as mechanisms,
cf. (3),

Si := fi(PAi, Ui), (i = 1, . . . , n), (12)

modeling the causal relationships among the Si . To this
end, as a first step, we can use an encoder q : Rd ! Rn

taking X to a latent “bottleneck” representation comprising the
unexplained noise variables U = (U1, . . . , Un). The next step
is the mapping f(U) determined by the structural assignments

f1, . . . , fn. Finally, we apply a decoder p : Rn ! Rd. For
suitable n, the system can be trained using reconstruction error
to satisfy p � f � q ⇡ id on the observed images. If the causal
graph is known, the topology of a neural network implementing
f can be fixed accordingly; if not, the neural network decoder
learns the composition p̃ = p � f . In practice, one may not
know f , and thus only learn an autoencoder p̃ � q, where the
causal graph effectively becomes an unspecified part of the
decoder p̃, possibly aided by a suitable choice of architecture
[149].

Much of the existing work on disentanglement [109, 158,
159, 256, 157, 135, 202, 61] focuses on independent factors
of variation. This can be viewed as the special case where the
causal graph is trivial, i.e., 8i : PAi = ; in (12). In this case,
the factors are functions of the independent exogenous noise
variables, and thus independent themselves.7 However, the ICM
Principle is more general and contains statistical independence
as a special case.

Note that the problem of object-centric representation
learning [10, 39, 83, 86, 87, 138, 155, 160, 262, 255] can
also be considered a special case of disentangled factorization
as discussed here. Objects are constituents of scenes that
in principle permit separate interventions. A disentangled
representation of a scene containing objects should probably
use objects as some of the building blocks of an overall
causal factorization8, complemented by mechanisms such as
orientation, viewing direction, and lighting.

The problem of recovering the exogenous noise variables
is ill-defined in the i.i.d. case as there are infinitely many
equivalent solutions yielding the same observational distribu-

7For an example to see why this is often not desirable, note that the
presence of fork and knife may be statistically dependent, yet we might want
a disentangled representation to represent them as separate entities.

8Objects can be represented at different levels of granularity [207], i.e. as
a single entity or as a composition of other causal variables encoding parts,
properties, and other factors of variation.

Source: Schölkopf et al. (2020) 

But: extraire des variables/relations causales à partir d’observations en haute dimension afin de permettre à 
un agent de raisonner sur l’effet de ses actions.

https://www.nature.com/articles/s41467-019-10105-3
https://arxiv.org/abs/2102.11107
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Identification par blocs de variables de 
confusion et de médiateurs

ZC

A YZM
Observable

Brouillard et al., 2023 (en cours)

Contribution: Nous ne cherchons pas à identifier tous les ZC et ZM. Nous cherchons plutôt à apprendre une
représentation qui ne mélange pas l’information de ces deux groupes de variables.

à nécessite des hypothèses moins fortes (plus applicable)
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Quand l’invariance révèle la causalité
Une application en génomique Godon et al., 2023 (en cours)

h( )

But: prédire la résistance aux antibiotiques et en 
identifier les causes
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Quand l’invariance révèle la causalité
Une application en génomique Godon et al., 2023 (en cours)

h( )

But: prédire la résistance aux antibiotiques et en 
identifier les causes

Complexité: Le graphe causal est ambigu et contient
des millions de variables.
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Quand l’invariance révèle la causalité
Une application en génomique Godon et al., 2023 (en cours)

h( )

Environnements multiples (hopitaux, pays, etc.)But: prédire la résistance aux antibiotiques et en 
identifier les causes

Hypothèse: les biais varient selon l’environnement, 
mais pas les relations causales.

Complexité: Le graphe causal est ambigu et contient
des millions de variables.
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Quand l’invariance révèle la causalité
Une application en génomique Godon et al., 2023 (en cours)

h( )

Environnements multiples (hopitaux, pays, etc.)But: prédire la résistance aux antibiotiques et en 
identifier les causes

Hypothèse: les biais varient selon l’environnement, 
mais pas les relations causales.

Complexité: Le graphe causal est ambigu et contient
des millions de variables.
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Les modèles de langage sont-ils capables de 
raisonnement causal?

« GPT-3’s level of accuracy in confirming an edge
connecting two variables in a DAG depends on the 
language used to describe the relationship. »

« This observation suggests that the model was
not able to in corporate the additional
information about the underlying causal 
structure into its inference process […] »

« […] language models struggle when the hypotheses 
are not given, and are not able to express uncertainty
about the causal structure in that case »
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Conclusion

• Inférence causale: utiliser les données pour prédire l’effet d’actions

• Données historiques: elles sont parfois abondantes, mais doivent être utilisées prudemment

• Ultimement, la recherche en inférence causale aidera à concevoir des agents capables de:

– Mieux comprendre un problème de décision

– Identifier les actions possibles

– Évaluer leur potentiel
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Merci!

Quelques références utiles:

• Livres:

• Tutoriel pratique:

Pour en savoir plus:
alexdrouin.com

http://alexdrouin.com/

