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Part 1



Large Language Models (LLMs) are redefining 
human–computer interaction.





Models do actually memorize their training data.



An attack for extracting the training data



Many success stories



AlphaProof + AlphaGeometry2 achieved silver medal at IMO 
2024 by solving 4/6 problems.

Modeling of AlphaProof taken from DeepMind’s website.
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LLMs used to fail on some basic tasks.
GPT4 (2023)

An example taken from Arvind Narayanan on X.

GPT4 has 4% accuracy on 4 digit multiplications.
[Faith and Fate: Limits of Transformers on Compositionality, Dziri et al., NeurIPS ’23]
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https://x.com/random_walker/status/1600336556425826304


ChatGPT is now using external tools!
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We had 148 1’s.



Src: https://x.com/GT97322191/status/1960445367708999739

There have been many similar examples, 
but they get fixed as as the time passes. 

https://x.com/GT97322191/status/1960445367708999739


A case study: GSM symbolic



Performance drops for different models. 



Can models ignore irrelevant information?



Experiments similar to GSM-symbolic 
has been done in the medical domain, 
showing that medical reasoning is not 
robust either (up to 38% performance 
drop). 



A case of interest: Deductive Reasoning

chat link

First version of ChatGPT 
 had 60% accuracy…
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https://chat.openai.com/share/e07fc7db-e0aa-4b8d-a974-11b8913be87e




Video generation models



(25 Aug 2025)



Do models really understand the images?
The models could fail creating images with right annotations…

src: https://x.com/garymarcus/status/1960739389535084976?s=46 & https://x.com/garymarcus/status/1961145856582889936?s=46 

https://x.com/garymarcus/status/1960739389535084976?s=46


Wrong!

(25 Aug 2025)



Common hallmarks of reasoning
Input data

• Input has a discrete and combinatorial nature.


• Often doesn’t lie on low dimensional manifolds and is not densely sampled. 


• Output may change significantly with small changes in the input.


• Input length may vary —> length generalization issues

arithmetics

[Exploring Length Generalization in Large Language Models, Anil et al., NeurIPS ’22]
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high noise sensitivity 
(non-Lipschitz)



Common hallmarks of reasoning
Model

• Multiple steps & composition of logical steps/operations are needed.


• Model is often expected to extrapolate: OOD and length generalization.


• Search & verification may be needed. 


• May rely on tools and external components for reasoning.

e.g., algorithmic tasks, planning, theorem proving

We want to solve harder tasks than 
what is seen during training. 

e.g., calculator, python 
interpreter, search algorithm
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Part 2



Successes of AI: game playing - from Chess to debating



Successes of AI: advancing science



Numerous AI-powered reasoning tools

• Math/Logic (Lean, Coq)


• Coding (Copilot, Tabnine, 
CodeWhisperer)


• Writing/Office (Grammarly, Notion AI)


• Science/Research (AlphaFold, Elicit, 
Semantic Scholar)


• Creative (DALL·E, Midjourney, Runway)



Model failures: common sense questions



Model failures: symbolic and visual manipulation tasks

Taken from (Wei et. al., 2023)

None is correct!



Model's reasoning is not robust

80% accuracy



Accuracy drops to 30%

Model's reasoning is not robust



Generated image Correct position

Model can execute  
sophisticated 
instructions



Generated image

Correct answer

But it heavily relies  
on external tools!



Models without tool calling
Model's output

Taken from "The Illusion of Thinking ..." (2025)



Part 3



=

Everyone talks about reasoning



=

What is reasoning in AI?

An approach to solving tasks 
by decomposing them into 

manageable steps

An approach to solving tasks 
by searching and selecting

solution paths more effectively 

An approach to solving 
logical and mathematical

tasks

A learning process to reach more
dynamic & efficient generalization



Toy task

→ 1

→ 1

→ 1

→ 1

→ 1

→ 0

→ 0

→ 0

→ 0

→ 0

Some equally good learners in the eye of train-loss:

1. “Are the shapes all the same?”

2. “Is there a red shape?”

3. “Are the first and last shapes the same?”

→ 0!

→ 1!

4. “Is there 1 red square, 1 yellow square,  
1 gray square and 1 blue square, 
or 1 yellow triangle, 1 gray triangle,  
1 red triangle, 
…, 
or 1 red diamond, 1 blue diamond, 
1 gray diamond, 1 yellow diamond, 
or a sequence only modifying 1 color 
or removing 1 element from the above?”

⏟
“shortcuts” 
-> oversimplified 

⏟ “memorizers” 
-> overcomplicated

f̃ : f̃ ≡ f train



Has the model learned?
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For long we measured this with a static value:
test error on a benchmark

One may achieve low test error in different ways…
E.g., patching many memorized cases.
This is not the most efficient and dynamic way.

“Reasoning”: how efficient and dynamic the generalization is.



Efficiency and robustness 

If test and train distributions match well enough (for the target sensitivity and tolerated gen. error)  
then shortcuts and memorizers are not necessarily problematic (e.g., common text applications).

- Shortcuts may simply be good solutions in this regime 
- Memorizers still have the issue of inefficiency (sample complexity, model size)



Efficiency and robustness

- Shortcuts may simply be good solutions in this regime 
- Memorizers still have the issue of inefficiency (sample complexity, model size)

-> With more mismatch/sensitivity: both can be dramatic (e.g., reasoning tasks, counter-factuals)

Generalizing OOD (extrapolation) :  
rely on composing when possible 
rather than memorizing everything

Generalizing OOD cannot be  
expected -even with lots of data-  

if the out-distribution is not  
manifested in the data.

If test and train distributions match well enough (for the target sensitivity and tolerated gen. error)  
then shortcuts and memorizers are not necessarily problematic (e.g., common text applications).



Extrapolation

The out-distribution may not be explicitly manifested in the train data but could be implicitly brought up.  



The out-distribution may not be explicitly manifested in the train data but could be implicitly brought up.  
1. Structure the data according to relevant complexity measures 
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The out-distribution may not be explicitly manifested in the train data but could be implicitly brought up.  
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2. Mask domains appropriately and come up with learners that extrapolate well on these. 
This gives hope that the extrapolation can “propagate”. 
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The out-distribution may not be explicitly manifested in the train data but could be implicitly brought up.  
1. Structure the data according to relevant complexity measures 
2. Mask domains appropriately and come up with learners that extrapolate well on these. 
This gives hope that the extrapolation can “propagate”. 

Extrapolation



-> 0
-> 0
-> 1
-> 0
-> 0
-> 1

-> ?  
Many of the current models 
fail on such tasks 

-> too much memorization, 
lack of reasoning

-> ?  

-> ?

unseen patterns

unseen symbols

unseen lengths



Questions

1. What are relevant “complexity measures” for learning with NN+SGD?

2. How to measure “extrapolation” and how NN+SGD extrapolate?

3. How to come up with “better extrapolators” ?

- the hard way: model design, regularization (in practice: rely also on engines/programs)   
- the soft way: multitasking, curriculum, scratchpad and climbing routes 

- model for strong OOD -> GOTU 
- minimal-degree-profile bias

- SQ, CP, information exponent, INAL 
- Leap + Distribution locality



Why reasoning is important
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• As tasks become more complex (e.g., logic, maths, planning, health) 

• As models or datasets become smaller 

• As AIs get deployed in evolving environments with distribution shifts

How to formalize and address these challenges?

We need better reasoning to sustain generalization



Syllabus
1.Class introduction, “What is reasoning?”, successes and failures so far 
2.Basics of learning: Generalization notions, deep learning theory, OOD/GOTU 
3.Foundation models: LLMs, Transformers, instruction tuning, RLHF, pre- vs. post-training, Scaling laws 
4.Scratchpad, CoT, ICL, Curriculum  
5.RL for reasoning (as a training method) + RL at test-time (mention Distilation/quantization)? 
6.Finish the RL part + Illusion of thinking (prompting etc)   
7.Abstractions + tool calling (EvoTune) 
8.Reasoning tasks: planning, logic, math, formal maths, coding [if we already use these before, change topic] 
9.Other topics: distillation and self-improvement 
10. Using the rest for projects.


