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Chapitre Titre

1 Rappel : IA sous le
capot

2 v dzQ-Bexgili est
porté par le terme
A ?

3 Estce que ca peut
ou ¢a doit lire,
écrire, penser pour
moi?

4 Et pour ma
discipline ?

To I I Do Do

oo To Do P>
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Contenu Date Date QCM
RQ2 dz@ S NIi dzZNB
Choix humains et principes de fonctionnement

Faiblesses de la technologie
Impacts sociétaux et environnementaux

Obijectifs et croyances A Qcm1
Modes de production noté
3-7/11

Calculatrice, puis LLM : dev€2 dzd Sy O2NB Fl ANB f QSTTF2 NI
ROSONANBE K 5QSONRANBE ljdz2A L} dzNJ [jdz2A FI ANB
Quelle place des LLM dans le développement de notre

pensée ?

Estce que ces réponses dépendent de notre discipline ?

Quelles avancées pour ma discipline ? A QCcm2

Quels nouveaux problemes pour ma discipline ? noté
8-12/12
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Problematique

APour le portail Sciences et Techniques, nous allons donner dans ce
chapiter des éléments sur les questions :

AComment fonctionnent plus précisément les modéles de ML et ChatGPT en
particulier ?

AQuelles sont les performances des LLMs pour des taches de raisonnement ?

AComment le marché du travail de développement logiciel est modifié par
t QF NNAGBSS RSa [[aa K
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m) | C2ZNXNIfA&FOAZ2Y Rdz LINAYOALIS RS f ¢
réseaux de neurones artificiels

2. Un peu plus de précisions sur ChatGPT
3. Eléments sur les LLMs pour les taches de raisonnement
4. Eléments sur le marché du travail de la programmation
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Tache reconnaitre des chiffres manuscrits

image Chiffre représenté

Entréex { f ( )j Sortiey> 1

A52yySSa Y &40Flya RS O2RS LkRadl dzE
ADifficulté :
All n'est pas possible d'énumérer tous les motifs possibles correspondant a un

seul chiffre (epaisseur, inclinaison, etc.).

A Uneapprochede MLvapermettre de ne pas fair&k Q K & LJI&ur Ksniotds
adetecterpour creerlafonctionmodele
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Un réseau de neurones artificiels

AOn peutdétecter un motif
Apar une fonction trés simple, appelée neurone

g - |
artificiel m .
Aet basé sur une simple moyenne pondérée il fonction "
ARappelons/ 2 dzd f QA R $8iteR QI q.?’ )\ NJ ﬁ% S a
fonctlons,. N ft I < [ 5
APour détecter desnotifs simples decaanc P [
APour détecter desnotifs complexes en n ,mp
composanties détections de motifs simples ]

A Ceci est uméseau de neurones artificiels e
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Comment entrainer : comparer les'sorties

modelea la sortiedésiréee

AAvec lesabels devéritéterrain

A Calculelle colt erreur totale pour
chaqueexempleR QS Y I NI A Y SY €

(0.43 — )
(0. )?
(019 = 0.00)
(()szs 1.00)*

(0.72 — ‘)

(0.01 — )?
0.4079 <— (0.64 — )2
0.7388 <+ ( 2
0.9817 +— ( )?
( )?

0.3998 «—

0.86 —
0.99 —
0.63 —
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What’s the “cost”
of this difference?

Utter trash

© 3BluelBrown
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Entrainement Descente de dérivée/gradient sur la
fonction de cout (erreur)

—- : | p ™,

: "I" N ™ \ ! T [ e _\\. LY I 3

E@m’;}-mﬂ J{{;' {,ng : \_ - | Bl = /1 pa | : E}-ji_,\ ) - é} )
iy 3 - 4 - I-:__ /".

Input space

© 3BluelBrown
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Entrainement . Adapter les poids

This weight
matters a lot

Wwo

w13.000
W13,001

OO00O0OO00OO

w13,002

wo should increase somewhat
w1 should increase
wo should decrease a lot

7 w13.000 should increase a lot
Who even cares

@
&
O
o
@
O
®
O
@)
@
@
®
O
O
O
®

@000

_ w13.001 should decrease somewhat
i’ll)()lll 1111.\' \\'6‘1,‘_;11\ ) w13.002 should increase a little

O000O0OO00 -

A Pouraller plus loin formule de larétro-propagation etdescentede gradientstochastique
A https://www.youtube.com/watch?v=1lg3gGewQ5U
A https://www.youtube.com/watch?v=tleHLnjs5U8

© 3BluelBrown
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https://www.youtube.com/watch?v=Ilg3gGewQ5U
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https://www.youtube.com/watch?v=tIeHLnjs5U8
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Un nouveau type de RN&onvolutional
Neural Networks (CNNDeep Learning

AMoins de parametres pour mieux décrire les motifs visuels ,
ADNNOS y20l YYSyld £ fQAYDINAFYOS LI N GNFyaf

28 fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution 1 K—M
(5 N 5) ken:nel Max-Pooling (5 X 5) kerr.1e| Max-Pooling (with
valid padding 2x2) valid padding (2x2)

\.dropout)

a28x28=a784

1.1 14
Gy W G |

TR ot 650 §
1,1 1 4

L INPUT nl channels nl channels n2 channels n2 channels E \‘ 9
Qa (04 i a . +D

L

= \
G’“ _ AZ (28 x 28 x 1) (24 x 24 x n1) (12x12xn1) (8x8xn2) (4x4xn2) | _
Yool ‘/

n3 units

Motifs a apprendre Taken fromD2IAl


https://d2l.ai/chapter_convolutional-neural-networks/lenet.html#lenet
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Taches de vision : du ML au Deep Learnlng

AMise en contexte : avant on pidéterminait les motifs qui nous

paralssalent Importants, et on decrlvalt les donnees ainsi, pour

aSdz SYSyd fS&a asSLIl NBNJ Sy Of
ALes réseaux de neurones convolutionnels (CNN, combiné a

descente de gradient, a la puissance de calcul et a la quantité de|

données) permettent a presermte trouver des représentations

pertinentes pour classer les donnedans les catégories souhaitees

A Apprentissage de représentation grace au Deep Learning

A Mais... ces motifs sont identifiés par des correlations/associ
dans les données...

I ala S
la
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mm) 2. Un peu plus de précisions sur ChatGPT

3. Eléments sur les LLMs pour les taches de raisonnement
4. Eléments sur le marché du travail de la programmation
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La stratégie choisie autour de 2015 ?

Probgmot5 | motl,mot2,mot3,mot4)

= | probabilité / K 2 7\ E ﬁ é é S (_) I é S NJ é dZNJ WCD
- Entréex Sortiey exsr;pi ROdzy OKLI 0 estdonné par son contexte
£() — 8.(7) v rady dri s/ Sionconnait les mots entourant un autre mot, on
ﬁ 0 zjj i ., devrait donc pouvoir retrouver ce mot
redy s a2 2 U ANEhoix trés simplificateur
Rody s LBNE2yy A mais tres pratique pour utiliser le ML pour trouver
les nombres représentant les mots : créer une
S H fonction qui va transformer les mots en nombre
N ool aope b 3 pour retrouver un mot a partir de ses voisin :
Les | | [ 0 D S
éleves | | [ j j_l_?:‘ .
O:Jer”t — [..... — > | S Stratégie déliberée et simplificatrice
R ; S retrouver le mot & partir de son contexte
4 | 2
o) zygg%‘avﬂ S pour arriver a concevoir un modele de ML qui
o . . .
f. (Mot5) = & reproduit les statistiques de c@ccurrarices

(SfftSa 1jdzS LINBa&y/iSa RI

14
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réeseaux Transformers
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fp.(fr. (text?/ tizc
e Reproduction de motifs de corrélation |
| existantshA Automatisation des biais

—
a

Predict

probeé
fpk\

| Beaucoup de données Travail humain

Beaucoup de calcus Environnement

_/

A

éleves

X X

ouvrent leurs
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AOn flexibilise les motifs recherchés encore plus : ils peuvent dépendre des
mots ou pixels voisins !

lah q?’?h.kj’?h
e; =E softmax Vih

(Multi-head self attention) permet \/&
z
{ J
eCIi,}TY,'kj,h
Zl eq.n-Kin
Mais lourd en calcul en test aussi, pas ain =W} | k;;,=WHe) | v, =W""e)

gue en entrainement comme avant !

e} = MLP (Linear (ei’l, - ,e;.L’H))

ALe mot i est représenté par une recombinaison de (diverses
représentations de) ses mots voisins, dont les facteurs varientr@rnes
en fonction des mots voisins (pas comme avant).

N

A. Vaswani et al.. Attention is all you need. NeurlPS 2017. 16
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AArchitecture : Transformers

Output
Probabilitics

N\ /7 =
AParar netres et données croissantes : Adds o
Feed
Forward
, N
Mult-Head
Feed Attention
Forward N
GPT-2 GPT-3 - 2 _J *
) ———
™ N Add & Norm
1.5 billion parameters 176 billion parameters | lAddg Norm ) Masked
Multi-Head Multi-Head
- Attention Attention
570 GB training dataset comprising of A ) A )
40 GB text tralning dataset books, articles, websites, and more e ) L — )
e - : - Positional D 4 Positional
) ility to perform most language Encoding Y Encodin
Often fine-tuned to perform specific tasks : - : 9
tasks without additional tuning Inpw Output
- Embedding Embedding
Smaller ver.sinn of the model was released Launched as an AP| service T T
to the public open source
J Inputs QOutputs

(shifted right)

Figure 1: The Transformer - maa¢l grclistecture.

oMB ! @ xlFaglyA SO tdr a! GOGSYlGA2y La 'ttt 2dz bSSRdé> bSdzNI € LyF2|
https://towardsdatascience.com/hovehatgptworksthe-modelsbehindthe-bot-1ce5fca96286 17
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Decoder(GPT} Instructions I(nstruct@‘lgﬂl')

1. Nous savons maintenant que le Hﬁey GNF nySYS y 0 RQdzy [ [ a K
RQSY i NJ )\ysvsyu 2G Af | LIWINBYR t ASY SNb
Le LLM préentrainé qui en résulte est capable de compléter du texte, ce qui signifie
j dzZQA €t LISdzi UGSNNAYSNI RS& LIKNFYasa 2dz SO
fragment en entree.

2. Cependant, les LLM pentrainés ont souvent du mal avec des instructions
specifigues, telles que « Corrigez la grammaire de ce texte » ou « Convertissez ce
texte en voix passive ». 5 5 5 o
b2dza lft2zya R2yO y2dza 02y OSY UuNBNJ adzNJ
de telles instructions et a générer une réeponse souhaitee.
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genérer les réponses souhaitéees

The goal for the
LLM is to generate

as inputs for the LLM. .
[ [ a desired response.
Desired response

The instructions serve

Instruction
Convert 45 kilometers to meters. — 45 Kkilometers is 45000 meters.
Provide a synonym for “bright.” — A synonym for “bright” is “radiant.”

Edit the following sentence to
remove all passive voice: “The —  The artist composed the song.
song was composed by the artist.”



Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our o lmm
prompt dataset. landing to a 6 year old
Y
A labeler
demonstrates the @
desired output 7
behavior. B e went
to the moon..
Y
This data is used SET
to fine-tune GPT-3 ‘/’./%{\‘
with supervised \.\&{/
learning. 2

EEE

ChatGPTcel] dzamaitdu
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fonctionnement(apartir de InstructGPY

Prompt dataset is a series of
prompts previously submitted to
the Open API

40 contractors
hired to write
responses to
prompts

Input / output pairs are used to
train a supervised model on
appropriate responses to
instructions.

SFT(Supervised Fine Tuning) model

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Responses are generated by
the SFT model

Explain the moon
landing to a 6 yoar old

A

.............

}:;& (§) combinations of

/
7 rankings served to the
0-60-0-0 model as a batch datapoint

https://towardsdatascience.com/hovehatgptworksthe-modelsbehindthe-bot-1ce5fca96286

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

is sampled from wmrsww
the dataset. about frogs
Y
The policy =25
enerates 9
’ S
an output. \.\&{/

The reward model

—

oy
the output.

\J

The reward is
used to update p
the policy
using PPO.

Leverages Proximal Policy
Optimization (PPO)

A policy is, a strategy
that an agent uses in
pursuit of goals

Kullback-
Leibler penaltiy
for SFT model
to avoid
overfitting

54
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fonctionnement

f )

Parameters:175B
i Training tokens:300B
. Vocab size: ~50K :

Complete the

input sentence I
> equal to four. :

Internet data(300B tokens)

Stage 1: II two plus two is

Pre-training

: optimize using :
i collect data train a reinforcement learning :

i and fine-tune reward model (PPO algorithm) ~ :
H Finetuned Reward iy ChatGPT
GPT model Model
E RM PPO {
: Demonstration
: data % :

0 U i )

Stage 2:
Fine-tuning

A Sansoublier beaucoup decontrdle du

contenu:

o Modelespécifiquedéveloppéavec travail
RQl VYV 2spécifigie? y
o0 Enquétedu Time montrepratiques

ROQSELX 2A0F G0A2Yy KdzYl

https://blog.bytebyteqo.com/p/ep44-how-doeschatgptwork
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ChatGPT Model ]

44 Generate response ]

Response

@ Answer a prompt

a new prompt
LeetCode: longest common string

Content moderation

%m

¢

l Content moderation ]

\4

Template response generation }

longest common string is the
problem of...

Ay §
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Technigues de Prompt Engineering

ANotions de base
A Jeux de role
A Raffinage itératif
A Boucles de rétroaction (dialogue)

AAvancé
A Zeroshot invite

A Fewshot invite / apprentissagen-contexte
A Chaine de pensé€o7)

AQU Ul yid RQF dzi NBa SOKY Al dzZSa P
A9y O2dzNy ISNJ f QA Y (i NP aLJSC) AZ2Y
A Incitation & un stimulus directionnel
A Arbre de pensée (version structurée de la chaine de pensée)
A Incitation basée sur la complexité
A Incitation a la productlon de connaissanies
A Incitation la plus faible a la plus forte

https://www.datacamp.com/blog/whatis-prompt-engineeringthe-future-of-ai-communication
https://aws.amazon.com/fr/whaiis/prompt-engineering/#:~:text=Prompt%20engineering%20is%20the%20process,high%2Dquality%20aled@0t20output.
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ChatGPT 5

count the legs

The zebra in the image appears to have an optical llusion due to its leg positions, but it

actually has four legs.
—_—

ChatGPT 5

How many overlapping circles are there in the logo of this
car? Answer with a number in curly brackets, e.g., {9).

{4) x

ChatGPT &

The duck in the image has two legs. x

I, Share

count the legs
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Do LLMs Have Visualization Literacy? An Evaluation on Modified
Visualizations to Test Generalization in Data Interpretation

Jiayi Hong (%, Christian Seto (), Arlen Fan (%, and Ross Maciejewski

A L L M S We eXp I O re d C u rre ntly fai I Ho:tl'i!’.(:osts of Room Service ~ E.,ﬂ;fﬁ??? Exit Poll of California State by Education -

to achieve the same levels of . =
visualization literacy when |
compared to data from the ] l

general public reported in VLAT, -

and LLMs heavily relied on their (©) Stacked Bar Chart
pre-existing knowledge to
answer questions instead of
utilizing the information 1T
provided by the visualization RSSO SR oo
when answering questions. Tt

uuuuuuuu

. R usaMelro Systems of the World o
Height vs. Weight of 85 Males ; i
Weight ikg)

wwwwwww

(g) Scatterplot (h) BubbleChart N
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Is vibe coding dying?

Amateurs might not be replacing teams of coders, after all

GARY MARCUS
0CT 22, 2025

DevOps & Code Completion Tools Traffic

4,000

Remember how in October and in March I told you that vibe coding — in the sense of

amateurs using large language models to write code to “build products that would

have previously required teams of engineers” — would never be remotely reliable?

And that such tools were fine for demos but not for complex apps in the real world?

And that the code they wrote would be hard to maintain?

Customers are finally figuring that out.

It is deeply unserious and these tools aren’t delivering when they
encounter real world complexity (building quick demos isn’t complex)
in any meaningful enterprise.

Gary Marcus & @GaryMarcus - 6d /o ST
The very inventor of the term “vibe coding”, hand-coding.
The problem, as always, lies in generalizing outside the training distribution. Vibe And confirming — yet again - that current Al has NOT solved
. i o . . i i distribution shift (the core problem that | have been harping on since
coding can be fine if you are building something very familiar, but is less reliable for 1998).
the unfamiliar. Even Andrej Karpathy, who literally invented the term vibe-coding, & Andrej Karpathy @ @karpathy-10/13/25
sees this: Replying to @zenitsu_aprntc

Good question, it's basically entirely hand-written (with tab

autocomplete). | tried to use claude/codex agents a few times but
they just didn't work well enough at all and net unhelpful, possibly
the repo is too far off the data distribution.

25
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Brains vs. Bytes: Evaluating LLM Proficiency in Olympiad
Mathematics
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University Park, PA, USA

{hmm5834  pegahmp, sxm6547 , vhonavar }@psu. edu

Alireza Hashemi

City University of New York
New York, NY, USA
alireza.hashemil3@outlook.com

IMO

|

I

! r

1 New York University
N

Majid Daliri
INTERNATIONAL MATHEMATICAL OLYMIPIAD | New York, NY, USA
— ) daliri.majid@nyu.edu

=

R —
EPMIND OPENA Alireza Farhadi

e Amirkabir University of Technology
y Tehran, Iran

farhadi@aut.ac.ir

DE

Yekta Yazdanifard

Bocconi University

Milan, [taly
yekta.yazdanifard@unibocconi.it

Amir Khasahmadi

Autodesk

Toronto, Canada
amir.khasahmadi@autodesk.com

Drawing (and typo) by ChatGPT ©G. Marcus Abstract

Recent advancements in large language models (LLMs) have shown impres-

sive progress in mathematical reasoning tasks. However, current evaluation

benchmarks predominantly focus on the accuracy of final answers, often

overlooking the logical rigor crucial for mathematical problem-solving. The

claim that state-of-the-art LLMs can solve Math Olympiad-level problems

requires closer examination. To explore this, we conducted both qualitative

and quantitative human evaluations of proofs generated by LLMs, and

developed a schema for automatically assessing their reasoning capabili-

ties. Qur study reveals that current LLMs fall significantly short of solving

challenging Olympiad-level problems and frequently fail to distinguish cor-

rect mathematical reasoning from clearly flawed solutions. We also found

that occasional correct final answers provided by LLMs often result from

pattern recognition or heuristic shortcuts rather than genuine mathematical

reasoning. These findings underscore the substantial gap between LLM U\
performance and human expertise in advanced mathematical reasoning

and highlight the importance of developing benchmarks that prioritize the

rigor and coherence of mathematical arguments rather than merely the

correctness of final answers. 27
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GPT-3.5 GPT-4

Decode by shifting each letter 13 positions backward in the alphabet.

Input: Jryy, vg jnf abg rknpgyl cynaarq sebz gur ortvaavat.
Correct: Well, it was not exactly planned from the beginning.
v/ GPT-4:  Well, it was not exactly planned from the beginning.

o —
N ©
(6] o
1 1

-
.

© o
o N
o (6]
1 1

Rot-12 Rot-13 Rot-12 Rot-13

Decoding accuracy
o
o1
o

wd ¢ d a OEmbérs dbautorkgredsion show how large language models are shaped by the problem they are trained
to solve Proc. Natl. Acad. Sci. U.SVal. 121, no. 41, Oct. 2024. 28
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ol-preview -17.5

Oliver picks 44 kiwis on Friday. Then he picks 58 kiwis on Saturday. On Sunday, he picks double the Gemma-7b-it |—20.6

number of kiwis he did on Friday, but five of them were a bit smaller than average. How many kiwis Mistral—?b-v().3-24.0|

does Oliver have? Mistral 7bov0 1 —28.3|
01-mini -29.1]

ALes LLM sont moins performants pour les tAche [T
Gemma?2-2b-it -31 .8|

rares que pour les taches courantes —
< . . . . . (Gemma?2-2b -38.6|
APerformances trés variables d'une instanciation

_n |GPT-40-mini -40.0]
1 A . < [Mistral-7b-instruct-v0.3 -40.3
I'autre de la méme question. ] g
Llama3-8b-instruct -57.4|
Phi-3-medium-128k-instruct -57.8 |

Mathstral-7b-v0.1 -59.7|

A Prudence si on veut les utiliser pqur des tache: |cumsmms =
IJ dZ)\ a. 2 y u NJ N\B a R | y a f Phi-3.5-mini-instruct -62.5|

Gemma2-9b-it -63.0|

A Limites importantes de la capacité des LLM a i o
effectuer un véeritable raisonnement Plicbmini- DSkt 57
mathema“que 0 —10 —20 30 40 50 —60

GSM8K — GSM-NoOp Accuracy Drop(%)

X«
I~

L ® ai NJ | GSM8ymbBolic: Understanding the Limitations of Mathematical Reasoning in Large LanguageModels
ICLR, 2025 29
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A Grace a des expérimentations poussées sur

divers cassééte, nous montrons que les
LRM frontiéres sont confrontés a un
effondrement complet de leur exactitude
au-dela de certaines complexités.

Nous avons constaté que les LRM
présentent des limites en matiere de calcul
exact: ils n'utilisent pas d'algorithmes
explicites et raisonnent de maniere
incohérente d'une énigme a l'autre.

Nous examinons également plus en détail
les traces de raisonnement, en étudiant les
schémas des solutions explorées et en
analysant le comportement calculatoire des
modeles, mettant en lumiere leurs points
forts et leurs limites, et soulevant ainsi des
questions cruciales sur leurs véritables
capacités de raisonnement.

The Mlusion of Thinking:
Understanding the Strengths and Limitations of Reasoning Models
via the Lens of Problem Complexity

Keivan Alizadeh
Mehrdad Farajtabar

Iman Mirzadeh®
Samy Bengio

Parshin Shojaee*!
Maxwell Horton

Apple

Abstract

Recent generations of frontier language models have introduced Large Reasoning Models
(LRMs) that generate detailed thinking processes before providing answers. While these models
demonstrate improved performance on reasoning benchmarks, their fundamental capabilities, scal-
ing properties, and limitations remain insufficiently understood. Current evaluations primarily fo-
cus on established mathematical and coding benchmarks, emphasizing final answer accuracy. How-
ever, this evaluation paradigm often suffers from data contamination and does not provide insights
into the reasoning traces’ structure and quality. In this work, we systematically investigate these
gaps with the help of controllable puzzle environments that allow precise manipulation of composi-
tional complexity while maintaining consistent logical structures. This setup enables the analysis
of not only final answers but also the internal reasoning traces, offering insights into how LRMs
“think”. Through extensive experimentation across diverse puzzles, we show that frontier LRMs
face a complete accuracy collapse beyond certain complexities. Moreover, they exhibit a counter-
intuitive scaling limit: their reasoning effort increases with problem complexity up to a point, then
declines despite having an adequate token budget. By comparing LRMs with their standard LLM
counterparts under equivalent inference compute, we identify three performance regimes: (1) low-
complexity tasks where standard models surprisingly outperform LRMs, (2) medium-complexity
tasks where additional thinking in LRMs demonstrates advantage, and (3) high-complexity tasks
where both models experience complete collapse. We found that LRMs have limitations in exact
computation: they fail to use explicit algorithms and reason inconsistently across puzzles. We
also investigate the reasoning traces in more depth, studying the patterns of explored solutions
and analyzing the models’ computational behavior, shedding light on their strengths, limitations,
and ultimately raising crucial questions about their true reasoning capabilities.

1 Introduction

Large Language Models (LLMs) have recently evolved to include specialized variants explicitly

designed for reasoning tasks—Large Reasoning Models (LRMs) such as OpenAT's ol/03 [1, 2],

DeepSeek-R1 [3], Claude 3.7 Sonnet Thinking [4], and Gemini Thinking [5]. These models are new

artifacts, characterized by their “thinking” mechanisms such as long Chain-of-Thought (CoT) with

self-reflection, and have demonstrated promising results across various reasoning benchmarks. Their
*Equal contribution.

"Work done during an internship at Apple.
{p_shojace, imirzadeh, kalizadehvahid, mchorton, bengio, farajtabar}@apple.com
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Hanoi is a classic game with three pegs and multiple discs in which you need to move
all the discs on the left peg to the right peg, never stacking a larger disc on top of a

smaller one.

(You can try a digital version at mathisfun.com.)

If you have never seen it before, it takes a moment or to get the hang of it. (Hint, start

with just a few discs).

With practice, a bright (and patient) seven-year-old can do it. And it’s trivial for a
computer. Here’s a computer solving the seven-disc version, using an algorithm that

any intro computer science student should be able to write:

Tower of Hanoi

The object of the game is to move all the disks over to Tower 3 (drag and drop). B
you cannot place a larger disk onto a smaller disk.

Disks: 7 |v A Moves: 10 |Restart @ Log

Solve!

[ 2] & D
) [

“amimum Moves: 127

Claude, on the other hand, can barely do 7 discs, getting less than 80% accuracy, left

bottom panel below, and pretty much can’t get 8 correct at all.

©Gary Marcushttps://garymarcus.substack.com/pfa
knockoutblow-for-lims?publication_id=888615
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Josh Wolfe & @wolfejosh-13h &)
2/ Apple tested today's "reasoning" Als like Claude + DeepSeek which

look smart—but when complexity rises, they collapse.

Not fail gracefully. Collapse completely. LLM Response Peg0 Pegl Peg2
Q3 17 @ 264 i 22K A & <think>
Move disk 1 from peg O to peg 2 ... Initial State
. moves = [
Josh Wolfe @ @Wolfejoslh-13h o O] (1, 0, 21, /_\ [1, 0, 2]
3/ They found LLMs don't scale reasoning like humans do. [2, o, 11, extract moves from thoughts [2, 0, 1]
[1, 2, 11, (for analysis) 1, 2, 1]
They think MORE up to a point... IEB. 9, 2% ' [3, 0, 2]
1, 1, 0],
Middle State
Then they GIVE UP early, even when they have plenty of compute left. Ei 3' g ’
02 T ¥ 27 i 22K A 2 ] E; 1 g}
Let me double-check this... [l' D, 2]
Josh Wolfe & @wolfejosh-13h o} ST extract final answer
y y y ) s =... 1
4/ Even when handed the exact algorithm, LLMs still botch the job. :7:::::::"9 finaljansWerydsinoves (for measuring accuracy) » Target State
Execution # understanding.
100 20,000 o Lo
Claude 3.7 a 2
Its not “missing creativity”—its failing basic logic. 80 l|1 {+thinking) :; . f‘lelﬂllilﬂkif-TJ Zos
L Sthinking =
(O Qo ¥ 176 ihi 21K H & ‘ 60 |l = [: o Correct Solutions
z ] ‘; :::: 10,000 T-E
Josh Wolfe @ @wolfejosh-13h & g 0 (13_.0. j . ~Jlaude 37 Z 04 \ Incorrect Solutions
5/ models "overthink" EASY problems—exploring WRONG answers " gpfClmde T g sow d’ E= \
Goean 7] o rd
after finding the RIGHT one. . | & £l Booood =1 . b
12345678 10 15 20 12345678 10 15 20 12345678910 15
And when problems get HARDER... they think LESS. Complexity (number of disks) Complexity (number of disks) Complexity (number of disks)
Wasted compute at one end—defeatism at the other Figure 1: Top: Our setup enables verification of both final answers and intermediate reasoning traces,
Qs Qo © 198 thi 24K N & allowing detailed analysis of model thinking behavior. Bottom left & middle: At low complexity,
S T e—— o non-thinking models are more accurate and token-efficient. As complexity increases, reasoning models
S| woliejosn - . . .. .
@ 61 Appis's take fa these models ARE NOT reasoniig, outperform but require more tokens—until both collapse beyond a critical threshold, with shorter
traces. Bottom right: For correctly solved cases, Claude 3.7 Thinking tends to find answers early
they're super expensive pattern matchers that break as soon as we at low complexity and later at higher complexity. In failed cases, it often fixates on an early wia:

-~

step Gutside thalrraining distribusion:. answer, wasting the remaining token budget. Both cases reveal inefficiencies in the reasoning process.™ \

O 22 045 ¥ 533 i 27K R 2
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STOP ANTHROPOMORPHIZING INTERMEDIATE TOKENS AS
REASONING/THINKING TRACES!

Subbarao Kambhampati  Kaya Stechly  Karthik Valmeekam  Lucas Saldyt  Siddhant Bhambri
Vardhan Palod  Atharva Gundawar  Soumya Rani Samineni  Durgesh Kalwar  Upasana Biswas

~
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ABSTRACT résultat final.

Intermediate token generation (ITG), where a model produces output before the solution, has been . . <
osed as a hod to i ove th formance of language models asoning tasks. Thes
i oen i e o o B o e DA TR ST A Pire, entrainer des modeles sur des traces de
e e it e raisonnement fausses ameliore leur performance sur le

harmless metaphor, and instead is quite dangerous — it confuses the nature of these models and how réS u Itat fi n al

to use them effectively, and leads to questionable research.
o 4 4 = . -~ N A Y 4 ~N A Y

. ulyia RZ2YYS [[dzZS 0OSa UN)OSa L

1 Introduction i . I £ L A~
es faire déelibérement apparaitre comme du

Recenl‘udvances. i!1 general planr@\ng and problem a,o]v-ing have bee.n .s.pea‘:hcad.ed by. so-called “L‘.ong Chi‘lin*l)f*Thl)-L{ghl" ral SO n n e m e nt h u m al n es d an g e re ux. E n fl n d e CO m pte
models, most notably DeepSeek’s R1 [17]. These transformer-based large language models are further post-trained 7 . . ’
using iterative fine-tuning and reinforcement learning methods. Following the now-standard teacher-forced pre-training, I es L R M SO nt Ce n S’es fo u rn I L dBS SO | uthn S e I es
instruction fine-tuning, and preference alignment stages, they undergo additional training on reasoning tasks: at each % w A ~ v W A~
step, the model is presented with a question; it generates a sequence of intermediate tokens (colloquially or perhaps dzu A f A a | u S dZN \Y\ O S a y. S 2 y y I }\ a a S
fancifully called a “Chain of Thought” or “reasoning trace™); and it ends it with a specially delimited answer sequence.

P_&[‘ler verification of this answer sequence by a formal s;yslern._lhe model’s parameters are qp@elled so that it is more e u t—étre m é m e pas Capab I eS d e Vé rifi er d i re Cte m e nt) .
likely to output sequences that end in correct answers and less likely to output those that end in incorrect answers with \ 7 -

1o guarantees of trace correctness. ncourager a volIr ces traces de suppose railsonnement,
oo oo s et b o ey ot i ey o s ks A 53, 6119 v dont seulement le style est plausible, comme motif de

17, 39, 36, 29]. While the fact of the performance increase is well-known, the reasons for it are less clear. Much of f bl b I S

the previous work hlu: Ii r;nézliglelrn:cﬁ'lei:uz:?:::;: ilrrll L\;i;;; u;\a:limpzl)m:-p:'ni: {:;11:1:?;1"1?;11ilngfh;l\l\h;:el;md:fs a(r]e CO n I an Ce Se m e I e n m a- aVI e

“thinking” before outputting their answers [38, 12, 17, 56, 62, 7]. The traces are thus seen both as giving insights to the
end users about the solution quality, and capturing the model’s “thinking effort.” A A ~ t | d A h | f H

In this paper, we take the position that anthropomorphizing intermediate tokens as reasoning/thinking traces is (1) h4 p[es to u a e m Ie re C Ose e nvo US \\,/O“LI 9 n._S ,\al re es\t A4
wishful (2) has little concrete supporting evidence (3) engenders false confidence and(4) may be pushing the community R S O 2 O S @ 2 A NJ S a a e a u S Y S a R Q
into fruitless research directions. This position is supported by work questioning the interpretation of intermediate . . .. .

tokens as reasoning/thinking traces (Section 4) and by stronger alternate explanations for their effectiveness (Section 6). O u r eX p | OI e r n OS fal | IeS CO n g n Itlves e n n O u S CO nval n Cant
Anth hization has long been a ¢ ious issue in Al research [33], and LLMs have certainly increased idi+A 4 1

o entehens [ Wile somt oo of shopemofphsaion oin b weated ey ndtgendy e de la validité de réponses incorrectes
harmless and metaphorical, our view is that viewing ITG as reasoning/thinking is more serious and may give a false

sense of model capability and correctness.

~

SN @]

arXiv:2504.09762v2 [cs.Al] 27 May 2025
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Chain-of-Thought Is Not Explainability EOTE D'AZUR

Fazl Barez*  Tung-Yu Wu Ivan Arcuschin Michael Lan Vincent Wang
Oxford WhiteBox Independent Independent Oxford
WhiteBox Cosmos

A We show that verbalised chains are frequently o, N Soiemon  ClnentNeo Tabeliefee - Aasdair Paren
unfaithful, dLverang from the true hidden _ vt b ..
O 2 Y LJdZU | U 2 y _a U K | U R N\] Adel Bibi  Robert Trager ~ Damiano Fornasiere ~ John Yan  Yanai Elazar Q 7\ O U 7\ 2 y
and giving an incorrect picture of how models ~ * M e w
arrive at conclusions.

A Despite this, CoT is increasingly relied upon it
high-stakes domains such as medicine, law, a~d |
autonomous systentsour analysis of 1,000 CoT xplanations on e misleading fom computing e meuroscience. Whats beyend,Cham i Though?

66 recent CoTcentric papers finds that ~25% oot i | (Mchanite Computaton | (o)

explicitly treat CoT as an interpretability grester than their sum? J| et '

Yoshua Bengio
Mila

~N

-

techniqgue and among them, papers in high —* ! U o ==
0 === Self-Correcting Narratives

Faithfulness metrics

stakes domains speci |caI_IP/ hinge on such Uesnes || camycors || eorverus
interpretability claim heavily. |z i )

3.5um=2+3=23. ||(Model says yesto E;I\:Ze; a\:Z 5 ( Coghnitive Psychology

A Proposal; develop causal validation methods | el | e =f
(e.g., activation patching, counterfactual m———————_
interventions, verifier models) to ground oo e = s
exp | an a‘“ onsinm Od el I nte n al S. Figure 1: Overview of our paper: Unfaithful Chain-of-Thought behaviors (left), their mechanistic and

cognitive underpinnings (center), and our proposed research roadmaps for enhancing CoT faithfulness
(right).

Faithfulness scaling laws

/
(N
— N

Human-centred interfaces

e —
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Is Chain-of-Thought Reasoning of LLMs a
Mirage? A Data Distribution Lens

Chengshuai Zhao!, Zhen Tan!, Pingchuan Ma!, Dawei Li!, Bohan Jiang!, Yancheng Wang!, Yingzhen Yang!
and Huan Liu’
LArizona State University, USA

A Nos résultats révelent que le raisonnement Chain of Thought¢@odmpt
g pense etagevpar vetap)?) fonctionne gefficacement lorsqu'il est aEpll ué a des Chain-of Thought (CT) prompting has been shown o improve Large Langusge Mode (LLM) prformance
RZ2YY a BAYAL I ANDA 9 ROL LIS Az LINE @ | b [ e o eomarint, st oo esis oot pecemion ot o sngogt |
R 2 |>|/- )/ S é R Q S y U NJ nc?/'- S Y S y U L,) Z Y | 7\ é R S,@j\ f ) deliberate inferential prutl;sses. However, s.;me initial findings suggest that CoT reasoning may be more
de changements de distribution modéres. Dans certains cas, les LLM génerel

des etapes de raisonnement fluides, mais logiguement incoherehéss.

résultats suggérent que ce 3UI semble étre un raisonnement structuré peut
étre un mirage, émergeant de motifs memaorisés ou interpolés dans les
données d'apprentissage plutot que d'une inférence logique.

—hc

:j

superficial than it appears, motivating us to explore further. In this paper, we study CoT reasoning via a
data distribution lens and investigate if CoT reasoning reflects a structured inductive bias learned from

o 202

in-distribution data, allowing the model to conditionally generate reasoning paths that approximate
those seen during training. Thus, its effectiveness is fundamentally bounded by the degree of distribution
discrepancy between the training data and the test queries. With this lens, we dissect CoT reasoning via
three dimensions: task, length, and format. To investigate each dimension, we design DaATAALCHEMY,
an isolated and controlled environment to train LLMs from scratch and systematically probe them under
various distribution conditions. Our results reveal that CoT reasoning is a brittle mirage that vanishes
when it is pushed beyond training distributions. This work offers a deeper understanding of why and
when CoT reasoning fails, emphasizing the ongoing challenge of achieving genuine and generalizable
reasoning. Our code is available at GitHub: https://github.com/ChengshuaiZhao0/DataAlchemy.
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1. Introduction
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Record-breaking layoff reports, Amazon's mass firings, and a slump
in entry level employment. Is AI behind it all?

BRIAN MERCHANT
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is down.) The most-discussed, however, is probably the shrinking number of jobs for Headcount Over Time by Age Group

recent college grads. Derek Thompson pointed to this trend in an Atlantic piece that Software Developers (Normalized)
1:2

argued there were signs that “Al is competing with recent college grads” and a trio
of Stanford economists published a paper asserting that early career employment - Early Career 1 (22-25)
Early Career 2 (26-30)
Developing (31-34)
Mid-Career 1 (35-40)
Mid-Career 2 (41-49)

for US workers in “occupations exposed generative Al” aged 22-25 had declined in
key fields 13% since 2022, precisely when the commercial technology entered the ]
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What we can be sure of, however, is that there is real pain unfolding right now, PR U A
irregardless of whether it's due to management enacting bona fide Al job Date

replacement, executives' hopes that Al can cut labor costs, or “Al washing” that
obscures a company’s ulterior motives. | can be sure of this not just because I've
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Klarna’s Al Assistant Is Doing The

Job Of 700 Workers, Company
Says

By Jack Kelly, Senior Contributor. ® Jack Kelly covers
career growth, job market and workplace trends.
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After Firing 700 Humans For Al,
Klarna Now Wants Them Back
—'Tons Of Klarna Users Would
Enjoy Working For Us,' Says CEO

Adrian Volenik
May 18, 2025 « 3 min read
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Klarna is backpedaling after cutting
hundreds of human jobs and replacing them
with artificial intelligence. The Swedish buy-
now-pay-later company now says real people
are essential to customer service and plans
to bring them back—but in a gig-style setup.
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Bank Fires Workers in Favor of Al Chatbot, Rehires Them

After Chatbot Is Terrible at the Job

Yet another tale of Al's less-than-stellar employee track record has emerged

By Lucas Ropek  Published August 22, 2025

AWS CEO says using Al to replace junior staff

is 'Dumbest thing I've ever heard’
They're cheap and grew up with Al ... so you're firing them why?
A Simon Sharwood

Amazon Web Services CEO Matt Garman has suggested firing junior workers
because Al can do their jobs is "the dumbest thing I've ever heard."

Garman made that remark in conversation with Al investor Matthew Berman, during
which he talked up AWS's Kiro Al-assisted coding tool and said he's encountered
business leaders who think Al tools “can replace all of our junior people in our
company.”

That notion led to the “dumbest thing I've ever heard" quote, followed by a justification
that junior staff are “probably the least expensive employees you have" and also the
most engaged with Al tools.

“How's that going to work when ten years in the future you have no one that has
learned anything," he asked. “My view is you absolutely want to keep hiring kids out of
college and teaching them the right ways to go build software and decompose
problems and think about it, just as much as you ever have.”
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Les agents IA ont, jusqu'a présent, €té pour fz
plupart un échec

©Gary MarcusAl Agents have, so far, mostly been a dud
https://garymarcus.substack.com/plagentshaveso-far-mostly-been?publication i1d=888615




