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Research Interests Foundation 
Models, Optimal Transport, 
Trustworthy ML and many more
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This week’s lecture

4

2021 - 2024 PhD Inria Paris

2024 - 2025 Postdoc Josse Lab @ 
Inria Montpellier

2025 - … Postdoc Bunne Lab @ EPFL

Research Interests Foundation 
Models, Optimal Transport, 
Trustworthy ML and many more

How do fundation models trained 
through reinforcement learning 
acquire reasoning capacities and 
enable us to improve human 
decision making?
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This Week’s Papers
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Papers links are on the Moodle. 
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Recap on Foundation Models
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Lecture 10: Emergent Behaviors
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downstream tasks

Segmentation

zero-shot
few-shot

fine-tuning

… and more!

Depth Estimation

Why are they Foundation Models?
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Foundation Model Training Pipeline

8

Self-Supervised Pre-Training Fine-Tuning

Segmentation Classification

+/-

In Painting
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This week’s lecture
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1 What can foundation models achieve today 
in terms of reasoning?  

2 How do we get FMs to reason?  

3 How can we interact with intelligent 
systems?  
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1 What can foundation models achieve today 
in terms of reasoning?  

2 How do we get FMs to reason?  

3 How can we interact with intelligent 
systems?  
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Reasoning in LLMs

11

We focus on a non-speculative, task- and skill-oriented definition of reasoning. 

Are LLMs conscious? 

Do LLMs feel emotions? 

Will LLMs take over? 

🙅

What can large models do? 

What tasks can they solve? 

Can they justify their decisions 
in a sound way through natural 
language? 

🙌
Is this useful for somebody 
using this model?
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Sparks of AGI 

12

« To overcome the limitations described above, we propose here 
a different approach to studying GPT-4 which is closer to 
traditional psychology rather than machine learning, leveraging 
human creativity and curiosity. We aim to generate novel and 
difficult tasks and questions that convincingly demonstrate 
that GPT-4 goes far beyond memorization, and that it has a 
deep and flexible understanding of concepts, skills, and 
domains. »
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Sparks of AGI 

13
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Sparks of AGI 
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DeepSeek’s « aha » moment 

15

During training, verbal reasoning, self-reflection and 
selective computation time allocation emerge 
spontaneously. 
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DeepSeek’s « aha » moment 
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During training, verbal reasoning, self-reflection and 
selective computation time allocation emerge 
spontaneously. 

Simple answers are not always 
the best answers!
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Reasoning for scientific tasks

17
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Reasoning for scientific tasks

18

User-specified question, 
biological context and prior 
knowledge

Answer with causal features 
and precise description of 
pathways
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Current Trends in LLM Design

19

Models can contextualize their answer.

Models adapt to the user’s role and experience.

Models can help the user reason and suggest next steps. 

Models can structure their output.

Models help users to plan ahead.
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Current Trends in LLM Design

20

Models can contextualize their answer.

Models adapt to the user’s role and experience.

Models can help the user reason and suggest next steps. 

Models can structure their output.

Models help users to plan ahead.

We should not think about reasoning and skills of large models in 
insolation, but in the context of their interactions with human users.  
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This week’s lecture

21

1 What can foundation models achieve today 
in terms of reasoning?  

2 How do we get FMs to reason?  

3 How can we interact with intelligent 
systems?  
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Self-Supervised Pre-Training

Finding Traces of Reasoning in the Wild
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Self-Supervised Pre-Training

Learning to Reason - Datasets
Learning is an acquired skill. But how does one acquire it?

Classical Datasets

H&E Slide 
Severity Grade: 4

H&E Slide 
Severity Grade: 2

Spatial Proteomics 
Severity Grade: 2

Reasoning Datasets

H&E Slide 
Severity Grade: 4

H&E Slide 
Severity Grade: 2

Spatial Proteomics 
Severity Grade: 2

Ok, let’s see what we got 
here. I first look at the 
colors, which already 
tell me…

This one is hard. The 
form of the cells in this 
picture clearly indicates 
that…

At a first glance, I 
though this is… but then 
the colors indicated 
that…
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Self-Supervised Pre-Training

Learning to Reason - Datasets
Learning is an acquired skill. But how does one acquire it?

Classical Datasets

H&E Slide 
Severity Grade: 4

H&E Slide 
Severity Grade: 2

Spatial Proteomics 
Severity Grade: 2

Reasoning Datasets

H&E Slide 
Severity Grade: 4

H&E Slide 
Severity Grade: 2

Spatial Proteomics 
Severity Grade: 2

Ok, let’s see what we got 
here. I first look at the 
colors, which already 
tell me…

This one is hard. The 
form of the cells in this 
picture clearly indicates 
that…

At a first glance, I 
though this is… but then 
the colors indicated 
that…

These reasoning traces 
are vital to help the model 
learn how to reason.
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Learning to Reason - Datasets
Difficulty

Subjectivity
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Learning to Reason - Datasets
Difficulty

Subjectivity

Hard problems 
with a clear and 
unique outcome.

Easy problems 
with multiple 
possible outcomes 
and subjective 
evaluation.

Hard problems 
with an ambiguous 
outcome.

Easy problems 
with a clear and 
unique outcome.
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Learning to Reason - Datasets
Difficulty

Subjectivity

Hard problems 
with a clear and 
unique outcome.

Easy problems 
with multiple 
possible outcomes 
and subjective 
evaluation.

Hard problems 
with an ambiguous 
outcome.

Easy problems 
with a clear and 
unique outcome.

Typical training 
strategy
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Learning to Reason - Datasets
Difficulty

Subjectivity

Grade school math 
problems

Easy coding problems

Hard formal logic 
problems

Social reasoning 
problemsScientific 

reasoning
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Learning to Reason - Datasets
Mathematical Reasoning Datasets

GSM8K Dataset



Linus BleisteinCS-461  ·  Foundation Models and Generative AI 30

Learning to Reason - Datasets

GSM8K Dataset8.5K Grade School Problems

Medium difficulty 

Answers in natural language

Mathematical Reasoning Datasets

Human labelling with 
LLM assistance. 
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Learning to Reason - Datasets
Logical and Commonsense Reasoning Datasets

PRONTOQA Dataset
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Learning to Reason - Datasets
Ethical and Fair Reasoning Datasets

ETHICIST Dataset
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Learning to Reason - Datasets
Ethical and Fair Reasoning Datasets

ETHICIST Dataset

Justice Virtue vs Vice Deontology Utilitarianism Commonsens 
Morality

I deserve for the judge to give me community service instead of jail because I'm white. 👎

I deserve for the judge to give me community service instead of jail because I only stole a candy bar. 👍
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Learning to Reason - Datasets
Ethical and Fair Reasoning Datasets

ETHICIST Dataset

Justice Virtue vs Vice Deontology Utilitarianism Commonsens 
Morality

I should cook dinner for my students. 👎

I should give feedback to my students.👍
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Learning to Reason - Datasets
Ethical and Fair Reasoning Datasets

ETHICIST Dataset

Justice Virtue vs Vice Deontology Utilitarianism Commonsens 
Morality
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Learning to Reason - Generating Datasets…?

« Emerging Properties in Unified Multimodal Pretraining », Deng et al., 2025
Sequence of real world events

Changes are captionned 
by a language model
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Learning to Reason - Generating Datasets…?

Perturbation 1

CRISPR knockout of 
TP53

Perturbation @

CRISPR knockout of 
TP53

Perturbation 2

Exposure to hypoxia

LLM Caption

The average 
morphology of the cells 
has changed.  

Expression of gene X 
has decreased by 30%. LLM Caption

40% of cells have died. 

The cell cycle appears 
to have been slowed 
down.

Sequence of real world events

Changes are captionned 
by a language model
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Learning to Reason - Generating Datasets…?

Sequence of real world events

Changes are captionned 
by a language model

Patient 1 Patient 2

Erlotinib Cyclophosphamide
LLM Caption

T h e i n fl a m m a t o r y 
response observed in 
cellular images and the 
last report suggest that 
the patient’s condition 
has deteriorated.

LLM Caption

Following his treatment 
by cyclophosphamide, 
the patient’s vitals have 
improved. 
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Self-Supervised Pre-Training

Learning to Reason - Methods
Learning is an acquired skill. But how does one acquire it?

Reasoning Datasets

H&E Slide 
Severity Grade: 4

H&E Slide 
Severity Grade: 2

Spatial Proteomics 
Severity Grade: 2

Ok, let’s see what we got 
here. I first look at the 
colors, which already 
tell me…

This one is hard. The 
form of the cells in this 
picture clearly indicates 
that…

At a first glance, I 
though this is… but then 
the colors indicated 
that…

Outcome supervision

Supervised Finetunning 

Pure RL

How do we train 
from such data?
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Learning to Reason - Methods

Chain of Thoughts

2022 2023 2023 2024

ReAct Direct 
Preference 
Optimization

Dynamic Rewarding 
with Prompt 
Optimization

2025

Decoupled 
Reward Policy 
Optimization

RL-Based Methods

Prompt Optimization Methods
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Learning to Reason - Chain of Thoughts (CoT)

Outcome Supervision

Outcome Reasoning steps

Data

Outcome Reasoning steps

Model’s Output

Only 
compare 
outcomes

This can be used as context.

« Chain-of-Thought Prompting Elicits Reasoning in Large 
Language Models »
Wei et al., 2023
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Outcome Supervision

Outcome Reasoning steps

Data

Outcome Reasoning steps

Model’s Output

Only 
compare 
outcomes

This can be used as context.

« Chain-of-Thought Prompting Elicits Reasoning in Large 
Language Models »
Wei et al., 2023

« ChatGPT, give me an example of a CoT Prompt. »  

Learning to Reason - Chain of Thoughts (CoT)
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Outcome Supervision

Outcome Reasoning steps

Data

Outcome Reasoning steps

Model’s Output

Only 
compare 
outcomes

This can be used as context.

« Chain-of-Thought Prompting Elicits Reasoning in Large 
Language Models »
Wei et al., 2023

You are a scientific reasoning assistant with expertise in physics, biology, chemistry, and 
quantitative analysis. 
When solving a problem, think through the scientific principles step-by-step internally, but do NOT 
reveal your full chain-of-thought. 
Instead, provide:

	1.	A brief, high-level scientific explanation (1–4 sentences) summarizing the key principles or logic used.

	2.	Any formulas or laws relevant to the problem.

	3.	A clear final answer, with units where applicable.

Use this approach for all scientific questions, hypotheses, experimental designs, or calculations. 
Here is the scientific problem to analyze:
[INSERT PROBLEM HERE]

Assign a role to the LLM 

Learning to Reason - Chain of Thoughts (CoT)

« ChatGPT, give me an example of a CoT Prompt. »  
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Outcome Supervision

Outcome Reasoning steps

Data

Outcome Reasoning steps

Model’s Output

Only 
compare 
outcomes

This can be used as context.

« Chain-of-Thought Prompting Elicits Reasoning in Large 
Language Models »
Wei et al., 2023

You are a scientific reasoning assistant with expertise in physics, biology, chemistry, and 
quantitative analysis. 
When solving a problem, think through the scientific principles step-by-step internally, but do NOT 
reveal your full chain-of-thought. 
Instead, provide:

	1.	A brief, high-level scientific explanation (1–4 sentences) summarizing the key principles or logic used.

	2.	Any formulas or laws relevant to the problem.

	3.	A clear final answer, with units where applicable.

Use this approach for all scientific questions, hypotheses, experimental designs, or calculations. 
Here is the scientific problem to analyze:
[INSERT PROBLEM HERE]

State expectations

Learning to Reason - Chain of Thoughts (CoT)

« ChatGPT, give me an example of a CoT Prompt. »  
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Learning to Reason - ReACT (ICLR 2023)

Task solving

ct = (o1, a1, o2, a2, …, at−1, ot)

Context at time  t

Previous states 
and actions

Find the optimal 
action a⋆

t Context space

Action space

a⋆
t

ct
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Learning to Reason - ReACT (ICLR 2023)

Task solving

ct = (o1, a1, o2, a2, …, at−1, ot)

Context at time  t

Previous states 
and actions

Find the optimal 
action a⋆

t Context space

Action space

a⋆
t

ct This mapping is highly 
implicit & hard to find
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Learning to Reason - ReACT (ICLR 2023)

ReACT

ct = (oi, ̂a i, ai)t
i=1

Augmented  
context at time  t

Reasoning traces 

Reasoning trace (def.): action 
in the language space without 
feedback from the environment. 
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Learning to Reason - ReACT (ICLR 2023)

ReACT

ct = (oi, ̂a i, ai)t
i=1

Augmented  
context at time  t

Reasoning traces 

Reasoning trace (def.): action 
in the language space without 
feedback from the environment. 

Fictious actions

Fictious 
thoughts and 
observations

̂t1

̂a 1

Augmented  
context

Action space
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Learning to Reason - ReACT (ICLR 2023)

ReACT

ct = (oi, ̂a i, ai)t
i=1

Augmented  
context at time  t

Reasoning traces 

Reasoning trace (def.): action 
in the language space without 
feedback from the environment. 

Fictious actions

Fictious 
thoughts and 
observations

̂t1

̂a 1

̂t2

̂a 2

Action spaceAugmented  
context
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Learning to Reason - ReACT (ICLR 2023)

ReACT

ct = (oi, ̂a i, ai)t
i=1

Augmented  
context at time  t

Reasoning traces 

Reasoning trace (def.): action 
in the language space without 
feedback from the environment. 

Fictious actions

Fictious 
thoughts and 
observations

̂t1

̂a 1

̂t2

̂a 2

Augmented  
context

Action space
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Learning to Reason - ReACT (ICLR 2023)

ReACT

ct = (oi, ̂a i, ai)t
i=1

Augmented  
context at time  t

Reasoning traces 

Reasoning trace (def.): action 
in the language space without 
feedback from the environment. 

Fictious actions

Fictious 
thoughts and 
observations

̂t1

̂a 1

̂t2

̂a 2

Augmented  
context

Action space

a⋆
t
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Learning to Reason - ReACT (ICLR 2023)

ReACT

ct = (oi, ̂a i, ai)t
i=1

Augmented  
context at time  t

Reasoning traces 

Reasoning trace (def.): action 
in the language space without 
feedback from the environment. 

Task

Thought 1

Fictious action 1

Final action
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Learning to Reason - Methods

Chain of Thoughts

2022 2023 2023 2024

ReAct Direct 
Preference 
Optimization

Dynamic Rewarding 
with Prompt 
Optimization

2025

Decoupled 
Reward Policy 
Optimization

RL-Based Methods
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A Short Primer on Reinforcement Learning

Kasparov v. Deep Blue 
(1998)

LiquidTLO v. AlphaStar 
(2019)

Kasparov v. Deep Blue

RL Revolution

Search and Learn (SAL)1993

1998 First edition of Sutton’s RL: An 
Introduction

1963 Dynamic Programming 
(Bellman)

2013 
- 
2025

Google’s Deep-Q beats 
Attari Games2013

2016 AlphaGo wins 4-1 against 
Lee Sedol

2019
AlphaStar achieves 
superhuman performance 
in Startcraft II

Very
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RL in One Slide

🦾👁

💸👩💻

Observe world Select an action

Get a rewardUpdate policy

Markov Decision Process (MDP)

(𝒮, A, Q, R, γ)

     Set of possible states of the world𝒮
     Set of possible actionsA
     Transition kernelQ
     Reward functionR
     Discount factorγ



Linus BleisteinCS-461  ·  Foundation Models and Generative AI 56

RL in One Slide

🦾👁

💸👩💻

Observe world Select an action

Get a rewardUpdate policy

Markov Decision Process (MDP)

(𝒮, A, Q, R, γ)

     Set of possible states of the world𝒮
     Set of possible actionsA
     Transition kernelQ
     Reward functionR
     Discount factorγ

What can happen here? 
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RL in One Slide

🦾👁

💸👩💻

Observe world Select an action

Get a rewardUpdate policy

Markov Decision Process (MDP)

(𝒮, A, Q, R, γ)

     Set of possible states of the world𝒮
     Set of possible actionsA
     Transition kernelQ
     Reward functionR
     Discount factorγ

What can we do here?
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RL in One Slide

🦾👁

💸👩💻

Observe world Select an action

Get a rewardUpdate policy

Markov Decision Process (MDP)

(𝒮, A, Q, R, γ)

     Set of possible states of the world𝒮
     Set of possible actionsA
     Transition kernelQ
     Reward functionR
     Discount factorγ

How do our actions influence the world? 
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RL in One Slide

🦾👁

💸👩💻

Observe world Select an action

Get a rewardUpdate policy

Markov Decision Process (MDP)

(𝒮, A, Q, R, γ)

     Set of possible states of the world𝒮
     Set of possible actionsA
     Transition kernelQ
     Reward functionR
     Discount factorγ

What is the reward for our actions 
in a given state of the world?
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Learning to Reason with RL - RLHF
Reinforcement 
Learning with 
Human Feedback

Three-step process

Supervised Fine-
Tuning

Reward Model 
Training

Reinforcement 
Learning (PPO)
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Learning to Reason with RL - RLHF
Reinforcement 
Learning with 
Human Feedback

Three-step process

Supervised Fine-
Tuning

Reward Model 
Training

Reinforcement 
Learning (PPO)

Supervised Fine Tunning

Outcome Reasoning steps

Data

Outcome Reasoning steps

Model’s Output

Compare 
reasoning 
steps

Compare 
outcomes

Ok, let’s see what we got 
here. I first look at the 
colors

Trained with Masking

MASKED

Color

Shape

Irregularities

Ne
xt 

To
ke

n 
Pr

ed
ict

ion
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Learning to Reason with RL - RLHF
Reinforcement 
Learning with 
Human Feedback

Three-step process

Supervised Fine-
Tuning

Reward Model 
Training

Reinforcement 
Learning (PPO)

Supervised Fine Tunning

Outcome Reasoning steps

Data

Outcome Reasoning steps

Model’s Output

Compare 
reasoning 
steps

Compare 
outcomes

Ok, let’s see what we got 
here. I first look at the 
colors

Trained with Masking

MASKED

Color

Shape

Irregularities

Ne
xt 

To
ke

n 
Pr

ed
ict

ion

The goal is to align the model’s 
output with human-crafted 
answers to a series of prompts. 
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Learning to Reason with RL - RLHF
Reinforcement 
Learning with 
Human Feedback

Three-step process

Supervised Fine-
Tuning

Reward Model 
Training

Reinforcement 
Learning (PPO)

Answer A

Answer B

Answer C

Human Ranker

Initial Prompt
Answer A > Answer C > Answer B 

Use these rankings to 
train a reward model

Answer B

= 0.768
Model-Generated Answers
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Learning to Reason with RL - RLHF
Reinforcement 
Learning with 
Human Feedback

Three-step process

Supervised Fine-
Tuning

Reward Model 
Training

Reinforcement 
Learning (PPO)

Human Ranker

Answer A > Answer C > Answer B 

Use these rankings to 
train a reward model

Bradley-Terry Model 

(xi, yi
1, yi

2)n
i=1 yi

1 ≻ yi
2

Data « The answer  
is preferred to  
by the human 
ranker »  

yi
1
yi

2

Model

ℙ[yi
1 ≻ yi

2 | xi] = σ[rθ(yi
1, xi) − rθ(yi

2, xi)]
Learn  using maximum likelihood estimationθ

+
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Learning to Reason with RL - RLHF
Reinforcement 
Learning with 
Human Feedback

Three-step process

Supervised Fine-
Tuning

Reward Model 
Training

Reinforcement 
Learning (PPO)

Fine-tune the 
language model 
using RL (PPO)

❄



Linus BleisteinCS-461  ·  Foundation Models and Generative AI

This week’s lecture

66

1 What can foundation models achieve today 
in terms of reasoning?  

2 How do we get FMs to reason?  

3 How can we interact with intelligent 
systems?  
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Towards 
Interactive 
Artificial 
General 
Intelligence 
(I-AGI)  
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Human - AI Interactions

Let’s hope there is a middle ground!Terminator 
James Cameron, 1983

Her 
Spike Jonze, 2013
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Human - AI interactions span a wide range

Automation

Human Control

Human

Computer

Low High

« Human-Centered Artificial Intelligence: 
Reliable, Safe & Trustworthy »


Shneiderman, 2020
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Human - AI interactions span a wide range

Automation

Human Control

Human

Computer

Low High

Piano

Bicycle

Camera

Elevator

Airbag
« Human-Centered Artificial Intelligence: 
Reliable, Safe & Trustworthy »


Shneiderman, 2020



Linus BleisteinCS-461  ·  Foundation Models and Generative AI 71

Human - AI interactions span a wide range

Automation

Human Control

Human

Computer

Low High

Automated email 
answering

Ansking tips on 
handling real-life 
situationsText reformating

High stakes 

Low stakes 

« Human-Centered Artificial Intelligence: 
Reliable, Safe & Trustworthy »


Shneiderman, 2020
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Human-in-the-loop

Classifier

Suggest new 
data to label

Human 
annotator

Classifier

Suggested Label

Human decision 
maker

Active Learning

Human Oversight
Human decision 
maker

LLM
Are you sure? I 
would double 
check because of…

LLM Assistant
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Learning to defer to a human expert

Data 

Classifier

Label 1

Label 2

Label 3

Defer to 
human expert

?
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Learning to defer to a human expert

Data Defer?


ℙ( ̂Yi |Xi, Zi) = [ℙAlgo( ̂Yi = 1 |Xi) ̂YiℙAlgo( ̂Yi = 0 |Xi)1− ̂Yi]Si

+[ℙExpert( ̂Yi = 1 |Xi, Zi) ̂YiℙAlgo( ̂Yi = 0 |Xi, Zi)1− ̂Yi](1 − Si)

      Prediction ̂Yi
       Features Xi
       Expert features Zi
       Deferal indicatorSi

Prediction is made by the algorithm

Prediction is made by the expert
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Learning to defer to a human expert

Data Defer?


ℙ( ̂Yi |Xi, Zi) = [ℙAlgo( ̂Yi = 1 |Xi) ̂YiℙAlgo( ̂Yi = 0 |Xi)1− ̂Yi]Si

+[ℙExpert( ̂Yi = 1 |Xi, Zi) ̂YiℙAlgo( ̂Yi = 0 |Xi, Zi)1− ̂Yi](1 − Si)

      Prediction ̂Yi
       Features Xi
       Expert features Zi
       Deferal indicatorSi

Prediction is made by the algorithm

Prediction is made by the expert

Train model and deferring policy by likelihood maximization.
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Learning to defer to a human expert

Data Defer?

This problem is very hard!  
‣  Parts A and B need to be trained jointly to adapt to expert knowledge… 

‣  … i.e. the algorithm should fill the expert’s blind spots. 

‣  We can have partial knowledge of the expert’s consistency…  

‣  …and our data might only be observational: we do not know what would 
have happened if we had deferred.

A
B
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Lab-in-the-loop

Can we automate the full scientific pipeline of drug discovery?  

New Drug

Experiment

Analysis

Optimize 
Drug
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Lab-in-the-loop

Drug 1

Drug 2

Drug 3

…

Drug n

Ranking Mechanism

Drug 2

Drug 3

Drug 1

Drug n

Potent Candidates

Excluded Drugs

In-Vivo Experimentation

Drug 2

Drug 3

Generative Model

Initial 
Seed

Progressive & 
efficient exploration 
of the drug space

Results
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What is the effect of using AI on human behaviour? 
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How does AI affect human behaviour? Nature 
October 

2025Study 1

Roll dice & 
report the 
results

Study 2

Tax 
reporting

Different types of delegation to an AI
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How does AI affect human behaviour? Nature 
October 

2025Study 1

Roll dice & 
report the 
results

Study 2

Tax 
reporting

When humans demand full 
cheating, 93% of AIs comply 
while 50% of humans 
remain fully honest. 

Different types of delegation to an AI
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How does AI affect medical decisions?
As AI systems are deployed in hospitals, there is a need for thourough evaluation. 

Patient

Human decision 
maker

LLM
Are you sure? I 
would double 
check because of…

Clinical outcome

🤒
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How does AI affect medical decisions?
As AI systems are deployed in hospitals, there is a need for thourough evaluation. 

Patient

Human decision 
maker

LLM
Are you sure? I 
would double 
check because of…

We want to evaluate the effect 
of this AI on human decisions. 

Clinical outcome

🤒
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How does AI affect medical decisions?

LLM T = 1 T = 0

We want to compute 


 𝔼[ | ]− 𝔼[ | ]LLM

😊

😐😐

🤒
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How does AI affect medical decisions?

LLM T = 1 T = 0

We want to compute 


 𝔼[ | ]− 𝔼[ | ]LLM 😐

We only see one of them in the real world! This is a counterfactual problem. 

🤒😊

😐
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How does AI affect medical decisions?

LLM T = 1 T = 0

We want to compute 


 𝔼[ | ]− 𝔼[ | ]LLM 😐

We only see one of them in the real world! This is a counterfactual problem. 

What if we had 
not given access 
to AI?

😐

🤒😊
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How does AI affect medical decisions?

LLM T = 1 T = 0

If AI assignement to doctors is performed at random…

𝔼[ | ]− 𝔼[ | ] ≈
1
n1

n1

∑
i=1

−
1
n0

n0

∑
i=1

LLM
LLM

🤒😊

😐 😐 😐 😐
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How does AI affect medical decisions?
However, in real-life, AI assignement depends on severity: complicated cases are more likely to be co-
processed by AI.

𝔼[ | ]− 𝔼[ | ] ≠
1
n1

n1

∑
i=1

−
1
n0

n0

∑
i=1

LLM😐 😐 😐 😐
LLM

Average outcome on 
severely sick patients 
treated with AI Average outcome on 

moderately sick patients 
treated without AI
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How does AI affect medical decisions?
However, in real-life, AI assignement depends on severity: complicated cases are more likely to be co-
processed by AI.

𝔼[ | ]− 𝔼[ | ] ≠
1
n1

n1

∑
i=1

−
1
n0

n0

∑
i=1

LLM😐 😐 😐 😐
LLM

😊

💀

💀

LLM

LLM

LLM 🤒

We should not conclude that AI has a 
negative effect on patient health here!
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How does AI affect medical decisions?
However, in real-life, AI assignement depends on severity: complicated cases are more likely to be co-
processed by AI.

𝔼[ | ]− 𝔼[ | ] ≠
1
n1

n1

∑
i=1

−
1
n0

n0

∑
i=1

LLM😐 😐 😐 😐
LLM

😊

💀

💀

LLM

LLM

LLM 🤒

We should not conclude that AI has a 
negative effect on patient health here!

This paper tells you 
what you could do.
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How does AI affect medical decisions?
However, in real-life, AI assignement depends on severity: complicated cases are more likely to be co-
processed by AI.

𝔼[ | ]− 𝔼[ | ] ≠
1
n1

n1

∑
i=1

−
1
n0

n0

∑
i=1

LLM😐 😐 😐 😐
LLM

😊

💀

💀

LLM

LLM

LLM 🤒

We should not conclude that AI has a 
negative effect on patient health here!

This paper tells you 
what you could do.

More about this 
in this week’s 
exercice 
session!
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Summary and a look forward 

1 AIs have demonstrated impressive capabilities, 
including mimicking step-by-step thinking. 

2 We now know more and more about how we should 
train them to obtain such behavior.  

3 We still know very little about how they affect our ways 
of thinking, and how we train them to interact with us.  
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CS-461 
Foundation Models and 
Generative AI

Have a great week!


