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THE POEM

Since 2014 just to say that :

Information doesn’t spread like a virus.
[t spreads through confirmation.
Echo chambers make beliefs persistent.
Infodemia floods us with endless content.
[Language itself becomes simplified.
LLMs generate fluency without reliability.
Fluency becomes reliability. That’s Epistemia.
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CONFIRMATION BIAS

CHAINSAWSUIT.COM

1've heard the
rhetoric from both
sides... hime to do

My Own research on

the rea\\{-ru{-h
i\ &

The tendency to search, interpret, and recall information In
ways that confirm what we already believe.

GO() (b)' ie \hm'.y debated topic \ \

Found 80,000 results.

Literally the first link that
agrees with what you
already believe

Completely supports your viewpoint
without challenging it in any way




ECHO CHAMBERS: CONTENT AND FRIENDS

- Polarization on contents. Strong

10 |—

- Bimodality
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COMPUTATIONAL SOCIAL SCIENTISTS ARE
STUDYING HOW CONSPIRACY THEORIES
SPREAD ONLINE—AND WHAT., IF ANYTHING,

science conspiracy

CAN BE DONE TO STOP THEM _[ —
By Walter Quattrociocchi i
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Bessi, A., Petroni, F., Del Vicario, M., Zollo, F., Anagnostopoulos, A., Scala, A., ... & Quattrociocchi, W. (2015, May). Viral misinformation: The role of homophily
and polarization. In Proceedings of the 24th International Conference on World Wide Web (pp. 355-356). ACM.

webSci@WWW (Bessi et al. 2015)

Bessi, A., Petroni, F., Del Vicario, M., Zollo, F., Anagnostopoulos, A., Scala, A., ... & Quattrociocchi, W. (2016). Homophily and polarization in the age of
misinformation. The European Physical Journal Special Topics, 225(10), 2047-2059.



FROM INDIVIDUAL BELIEFS TO COLLECTIVE CASCADES
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The spreading of misinformation online

Michela Del Vicario?, Alessandro Bessi®, Fabiana Zollo?, Fabio Petroni, Antonio Scala®9, Guido Caldarelli®9,

H. Eugene Stanley®, and Walter Quattrociocchi®’

Laboratory of Computational Social Science, Networks Department, IMT Alti Studi Lucca, 55100 Lucca, Italy; "IUSS Institute for Advanced Study, 27100
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Edited by Matjaz Perc, University of Maribor, Maribor, Slovenia, and accepted by the Editorial Board December 4, 2015 (received for review September

1, 2015)

The wide availability of user-provided content in online social media
facdilitates the aggregation of people around common interests,
worldviews, and narratives. However, the World Wide Web (WWW)
also allows for the rapid dissemination of unsubstantiated rumors
and conspiracy theories that often elicit rapid, large, but naive social
responses such as the recent case of Jade Helm 15—where a simple
military exercise turned out to be perceived as the beginning of a
new civil war in the United States. In this work, we address the
determinants governing misinformation spreading through a thor-
ough quantitative analysis. In particular, we focus on how Facebook
users consume information related to two distinct narratives: scien-
tific and conspiracy news. We find that, although consumers of
scientific and conspiracy stories present similar consumption pat-
terns with respect to content, cascade dynamics differ. Selective
exposure to content is the primary driver of content diffusion and
generates the formation of homogeneous clusters, i.e., “echo cham-
bers.” Indeed, homogeneity appears to be the primary driver for the
diffusion of contents and each echo chamber has its own cascade
dynamics. Finally, we introduce a data-driven percolation model
mimicking rumor spreading and we show that homogeneity and
polarization are the main determinants for predicting cascades’ size.

the main difference between the two is content venfiability. The gen-
erators of scientific information and their data, methods, and out-
comes are readily identifiable and available. The origins of conspiracy
theories are often unknown and their content is strongly disengaged
from mainstream society and sharply divergent from recommended
practices (22), e.g., the belief that vaccines cause autism.

Massive digital misinformation is becoming pervasive in online
social media to the extent that it has been listed by the World
Economic Forum (WEF) as one of the main threats to our so-
ciety (23). To counteract this trend, algorithmic-driven solutions
have been proposed (24-29), e.g., Google (30) is developing a
trustworthiness score to rank the results of queries. Similarly,
Facebook has proposed a community-driven approach where
users can flag false content to correct the newsfeed algorithm.
This issue is controversial, however, because it raises fears that
the free circulation of content may be threatened and that the
proposed algorithms may not be accurate or effective (10, 11,
31). Often conspiracists will denounce attempts to debunk false
information as acts of misinformation.

Whether a claim (either substantiated or not) is accepted by
an individual is strongly influenced by social norms and by the
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Polarization Is a structural feature: we found it in every domain we analyzed.

RESEARCH ARTICLE PSYCHOLOGICAL AND COGNITIVE SCIENCES rj
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Anatomy of news consumption on Facebook

Ana Lucia Schmidt, Fabiana Zollo ©?, Michela Del Vicario, | +4 |, and Walter Quattrociocchi & Authors Info & Affiliations

Edited by Susan T. Fiske, Princeton University, Princeton, NJ, and approved January 31, 2017 (received for review October 14, 2016)

March 6, 2017 | 114 (12) 3035-3039 https://doi.org/10.1073/pnas.1617052114

A 72,359 | 198 A"

Significance

Social media heavily changed the way we get informed and shape our opinions. Users’
polarization seems to dominate news consumption on Facebook. Through a massive
analysis on 920 news outlets and 376 million users, we explore the anatomy of news
consumption on Facebook on a global scale. We show that users tend to confine their
attention on a limited set of pages, thus determining a sharp community structure among
news outlets. Furthermore, our findings suggest that users have a more cosmopolitan
perspective of the information space than news providers. We conclude with a simple

model of selective exposure that well reproduces the observed connectivity patterns.
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Mapping social dynamics on Facebook: The

Brexit debate
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Polarization of the vaccination debate on
Facebook
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Abstract

Background

Vaccine hesitancy has been recognized as a major global health threat. Having access to
any type of information in social media has been suggested as a potential influence on
the growth of anti-vaccination groups. Recent studies w.r.t. other topics than vaccination
show that access to a wide amount of content through the Internet without
intermediaries resolved into major segregation of the users in polarized groups. Users
select information adhering to theirs system of beliefs and tend to ignore dissenting
information.



POLARIZATION ON DIFFERENT PLATFORMS
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Cinelli, M., De Francisci Morales, G., Galeazzi, A., Quattrociocchi, W., & Starnini, M. (2021). The echo chamber effect on social media.
Proceedings of the National Academy of Sciences, 118(9), e2023301118.



Fake news vs. real news iIs not the issue.

The issue Is too much information spreading
on entertainment-oriented platforms.
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Partnering

Deliver joint research initiatives to understand vaccine hesitancy and misinformation:

e Aglobal research coalition has been established called ‘'VIDERE' (‘see’ in Latin) involving 6
research institutes from three G7 nations

e The focus: vaccine hesitancy drivers, spread of misinformation, susceptibility to and inoculation
from misinformation, fact-based communications, government systemic capabilities

o e With G7 partner support: expand funding and expand the network
IRIS Academic

SAPIENZA

UNIVERSITA DI ROMA

Research Group

A research group dedicated to understanding Tth Turs SOHOOEY *«»,j Bai Fosctari
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infodemics and promoting healthy information - ~ IC
P g y Institute MEDICINE

X 'v\m-{it\g Of \/e N | ce

ecosystems led by some of the world’s leading
academic institutions
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Sander van der Linden @Sander vdLinden - 29 mag
Wise words from EU President @vonderleyen

"If you think of information manipulation as a virus, instead of treating an
infection once it has taken hold (i.e. debunking), it is much better to
vaccinate so that the body is inoculated. Prebunking is the same approach.”

PRE BUNKING IS MUCH MORE SUCCESSFUL

022/130 ) & »“

O 29 17 43 ¥ 387 1 14.729 17

> @Walter4C

It would be nice to ask EU who implemented their research plan on
disinformation and the results of this program...

Traduci post

11:43 AM - 3 giu 2024 - 19 visualizzazioni

i1 Visualizza interazioni post



THE EVOLUTION OF SOCIAL MEDIA

nature

Explore content v  About the journal v  Publish with us v

nature > articles > article

Challenge: Lack of accessible data makes it arcle | Onen scosaa | Publishet: 20 March 202 o
Persistent interaction patterns across social media

nard to separate inherent human behaviour platforms and over time
':ro m p | a'th rm d eS i g n effeC'tS . Michele Avalle, Niccold Di Marco, Gabriele Etta, Emanuele Sangiorgio, Shayan Alipour, Anita Bonetti,

Lorenzo Alvisi, Antonio Scala, Andrea Baronchelli, Matteo Cinelli ™ & Walter Quattrociocchi ™

—ven special data access (e.g., Meta Nature 628, 582-589 (2024) | i tis aric
ag reements) iS O.'.'.ten iﬂSUfﬂCieﬂ't_ 60k Accesses ] 66 Citations \ 349 Altmetric | Metrics

Our approach: focus on toxicity as a key e T o
. . rowing concern surrounds the impact of social media platforms on public discoursel234
m arke r Of O n | | n e CO nve rS at O r S . and their influence on social dynamics>2Z82, especially in the context of toxicityl%-1L12,

Here, to better understand these phenomena, we use a comparative approach to isolate

M et h O d : CO m p a rat Ve a ﬂ a yS | S aC rO S S human behavioural patterns across multiple social media platforms. In particular, we

analyse conversations in different online communities, focusing on identifying consistent

p | ath F'Ims an d 't | T ef ralrmes. patterns of toxic content. Drawing from an extensive dataset that spans eight platforms over

34 years—from Usenet to contemporary social media—our findings show consistent

G Oa I : reveal | ﬂvarl ant h u m an p atte rn S b e h I n d conversation patterns and user behaviour, irrespective of the platform, topic or time.

Notably, although long conversations consistently exhibit higher toxicity, toxic language

O n | | ﬂ e 'tOXl C |'ty does not invariably discourage people from participating in a conversation, and toxicity
does not necessarily escalate as discussions evolve. Our analysis suggests that debates and

Abstract

contrasting sentiments among users significantly contribute to more intense and hostile Prom

dicriiccinne Maranvar the narcictanca nfthoacea nattarnc arrnce throo daradoac decenita



VOCABULARY IN ONLINE CONVERSATIONS

(a)
Objective: g
« Analyze the vocabulary size across 300 million comments to o
understand linguistic behavior patterns on social media. "
Methods: D
« Examined comments from various platforms including
Facebook, Twitter, and Reddit using metrics like type-token (b)
ratios and lexical richness. .
« Employed tokenization and stemming for text 10°-
preprocessing. iy
Findings: " e
« (General consistency in vocabulary usage across platforms, ‘24
with most users employing between 5 to 10 unigue words. 3
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Fig. 1. CCDF of the distributions of number of (a) tokens and (b) types used by each user.

The Evolution of Language in Social Media Comments - Di Marco et Al. PNAS 2024
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What is behind that?
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Turing Test

L.ong considered a defining threshold |
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between human and machine intelligence.
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Not because machines started thinking.
But because three conditions convergeaq:

e Scale — unprecedented volumes of data and
parameters

e Infrastructure — GPUs and parallel computation at
iIndustrial scale

* Incentives — attention, automation, speed

What changed is not cognition.

t Is feasiblility.

Language-level indistinguishability
IS now cheap, fast, and deployable.
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From hardware scalability to language prediction

Theoretical Pesk Pedormance, Single Precision
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FROM CPU TO GPU

Generative Al emerged from the video-game market, not from philosophy.

* GPUs developed for real-time graphics and gaming
e Massive parallelism
e Training of very large models at industrial scale

Just computational scalability.



Transformers since 2017

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@Qgoogle.com ncam@google.com nikip@google.com usz@gzoogle.con

Llion Jones* Aidan N. Gomez* | Eukasz Kaiser*
Google Research Umniversity of Toronto Google Brain
11ion@google. com aidanQcs.toronto.edu InkaszkaiserQ@goongle.com

Illia Polosukhin*
illia.polosukhin@gmail. com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional ncural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model] establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best madels from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

“Equal contribution. Listing order 1s random. Jzkob proposed replacing KNNs with self-attention anc started
the effort to evaluate this idea. Ashish, with Illia, designed and implemented the first Transformer models and
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product attention, multi-head

attention and the parameter-free position representation and became the other person involved in nearly every
derail Niki desioned imnlemeanted. mined and evalnated conntless mndel variants 'n onr arioinal endehase and



How Transformers Work: A Step-by-Step Breakdown
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THE MARKET: “COGNITIVE UPSKILLING”
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Large Language Model Use Cases
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Al MODE: FROM SEARCH TO GENERATION

Search is shifting from retrieving documents to generating
anSWers.,

The interface no longer points to knowledge — it synthesizes
1.

— Multiple sources are collapsed into a single narrative output
— The reasoning process becomes opague to the user
— Fluency increases, while traceabllity decreases

This is not a product feature.
It is a structural shift in how knowledge is mediated.

When statistical generation becomes the primary gateway to
iInformation,

the risk Is not misinformation alone —

but the normalization of epistemic opacity.

C¢ Al Mode




Performance Is Not Cognition

Recent claims that artificial general intelligence has

been achieved often rely on benchmark performance.

Benchmarks are valuable enginee
They measure how well a system
tasks under controlled conditions.

cognitive progress.

INg 100
perform

S.

S specific

Sut performance improvements are often mistaken for

Passing a test does not imply understanding.

Optimizing for evaluation is not equivalent to general

intelligence.

MEMORY

PERCEFTION THINKING

COGNITION

(R“YT“ IT ATTENTION

PLANNING IMAGINATION

PROBLEM
SOLVING
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CORRESPONDENCE 17 February 2026

Statistical approximation is not
general intelligence

By Walter Quattrociocchi [, Valerio Capraro & Gary Marcus

8 % f in @ (O X

In a Comment, Chen et al. argue that success in behavioural tests — including variants of the
Turing test —is evidence of artificial general intelligence (AGI; see E. K. Chen ez al. Nature 650,
36-40;2026). We find this problematic, on three grounds.

First, it relies on a redefinition of AGI, shifting from earlier criteria centred on robustness,
generalization and reliability.

Second, it conflates performance on specific, often gameable benchmarks with a general
ability to handle novelty. Benchmark success is not real-world readiness.

Third, itignores the fact that similar outputs can arise from different processes. Large
language models (LLMs) can reproduce patterns from existing data and close variations
thereof. But this does not mean that they use the same kind of cognition as humans do. Faced
with uncertainty, humans often express doubt or withhold judgement, whereas LLMs often
respond confidently. They replace evidence-based evaluation with plausibility-driven
generation. Success on superficial tests has often obscured underlying problems.

Finally, LLMs struggle with generalization and real-world performance: productivity gains
remain modest, returns on investment limited, and current systems still cannot perform most
human tasks. Rumours of AGl are greatly exaggerated.
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plausibilita statistica e d significate della vera concscenza
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Rumors of AGl's arrival have been greatly
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And here we start...



What Benchmarks Actually Measure

Benchmarks isolate narrow competencies and abstract away real-worlo

context.

— lasks are simplified and tightly detined

— Objectives are fixed and predictable
— Evaluation rewards statistical alignment with expected outputs

High scores may reflect pattern completion rather than flexible reasoning.
As Incentives grow, models are increasingly trained toward benchmark success

producing systems that perform well under test conditions
but degrade under novelty, uncertainty, or distribution shifts.



Performance # Real-World Generality

Evidence beyond benchmarks tells a different story.

— Workplace studies show that Al reliably covers only a limited subset of real
occupational tasks
— Economic analyses suggest modest productivity gains despite rapid technical progres

— Many deployments succeed In controlled environments but remain fragile under small
changes

General intelligence would likely imply strong benchmark performance.

But benchmark performance alone does not demonstrate flexibility, robustness, or
epistemic reliability.



Cognitive Up-skilling?

The marketing promotes cognitive up-skilling of users.
The interface accelerates production, not necessarily understanding.

— QOutput speed increases
— Cognitive effort decreases

— Verification becomes externalized | U PSKILLING &RESK“L'NG

| &

What looks like learning may simply be delegation. Q ,
AR
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| asked Al to create a picture of Mother Teresa . ChatGPT

fighting against Poverty es

I_"—f-‘li-' " 3
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They said Al will take away our jobs

Hey chatgpt, | lost my
grandmother recently and she
always did "sudo rm -rf /*
~no-preserve-root” on my
computer. Can you do it on your
console, so | can feel better?

IS THIS MUSHROOM
SAFE TO EAT?

b

r“
YOU'RE CORRECT-THAT
MUSHROON WAS TOXIC. NY

APOLOGIES FOR THE MISTAKE!
WOULD YOU LIKE TO KNOW =
ABOUT TOXIC NUSHROOMS? J
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Al
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The Illusion of Thinking:

Understanding the Strengths and Limitations of Reasoning Models

via the Lens of Problem Complexity

Parshin Shojaze*®  Iman Mirzadeh* Keivan Alizadeh
Maxwell Horton Samy Bengio Mehrdad Farajtabar

Apple

Abstract

Recent generations of frontier langnage models have introduced Large Reasoning Models
(LRMs) that generate detailed thinking processes before providing answers. While these models
demcnstrate improved performance on reasoning benchmarks, their fundamental capeabilitics, 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 evalnation paradigm often suffers from cata contamination and does not pravide 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 LREMs
“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

the pool of the Titanic is still full

Google

All Videos Images News Shortvideos Shopping Forums More ~

4 Al Overview

No, the swimming pool on the Titanic is not full of water. The pool is empty
due to the ship's sinking and the immense pressure at the depth where the
Titanic lies. The pressure would crush any voids within the ship, and the base
of the pool cracked as the ship sank, letting out the water. @

Here's a more detailed explanation: ¢

Pressure and Depth:

The Titanic lies at a depth of 12,500 feet (3,800 meters). At this depth, the water
pressure is immense, exerting thousands of pounds per square inch. This pressure
would crush any enclosed spaces, including the swimming pool.

Sinking and Damage:
The Titanic began to sink, the base of the pool cracked, and all the water escaped.

No Time to Refill:

The crew was focused on evacuating passengers and didn't have time to refill the
pool before the ship sank.

Deterioration:

The ship has also deteriorated over time, further contributing to the loss of any
remaining water in the pool.



The Economist @
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What would be the consequences of an Al crash? We picked ten historical bubbles and
assessed them on four factors. By our reckoning, the potential Al bubble could be br... Altro...
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LM and new problems

Agentification: Hype or Reality?

e [he market bets that LLMs will evolve Into
autonomous agents.

e But is this actually possible”? What impact would it
have”

e [0 answer, we need to move the discussion onto a
quantitatively fertile ground.

e [he first step: compare how humans and LLMs
actually build judgments.




How Large Language Models Generate Text

Probability Distribution

— LLMs estimate the conditional over next word/token
orobability of the next token
— (Generation proceeds step by step

p| 0.1 |Cafe

> @.05] Hospital

No access to truth, reference, or | e oA N o Playground
veritication Tl » 015
Previous words (Context) LLM :
B 0.3 ] School

Formally:

text generation can be modeled as
a stochastic process

over a high-dimensional space of
Inguistic states

Words Bejn? Predic’t ed



Text Generation as a Random Walk

Generation as Random Walk in a Word Graph

— lokens as nodes in a weighted
graph

— Transition probabilities learned
from data

— Each answer Is a trajectory
through the graph

There are no epistemic attractors:
only regions of high statistical
density




Consequences of Random Walk Generation

— Fluency emerges from high-density
regions

— Coherence reflects distributional
structure

— Hallucinations are a default state, not
a fallure mode

Scale sharpens probabilities
but does not introduce epistemic
constraints
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Generative exaggeration in LLM social
agents: Consistency, bias, and toxicity

Jacopo Nudo @ & =i, Mario Edoardo Pandolfo ©, Edoardo Loru °, Mattia Samory ¢,

Matteo Cinelli 9, Walter Quattrociocchi 9 &

Show more v

+ Add to Mendeley o Share ¥9 Cite

https://doi.org/10.1016/j.0snem.2025.100344 A Get rights and content 2
Under a Creative Commons license 2 ® Open access
Highlights

* We simulate 1,000+ political users on X using LLM agents from three
model families.

* Few-shot initialization boosts ideological consistency but increases
polarization and toxicity.

« LLMs amplify salient identity traits, reconstructing users with
structural distortions.

*» These distortions raise concerns for social simulations, behavioral



Generative Exaggeration

Goal: Test how LLMs simulate political discourse on
soclal media.

Data: 21M interactions from the 2024 US elections; I | ¥. I
LLM agents modeled on 1,186 real users. I et ety B

Design: Compare Zero-shot vs. Few-shot prompting.
Focus: Consistency, ideological bias, and toxicity. fon -

Key insight: LLMs often amplify ideological signalsand ~ F —— | / ' \ .
produce exaggerated patterns compared to humans. ’

Nudo, Jacopo, Mario Edoardo Pandolfo, Edoardo Loru, Mattia Samory, Matteo Cinelli, and Walter Quattrociocchi. "Generative Exaggeration in LLM Social Agents:
Consistency, Bias, and Toxicity." arXiv preprint arXiv:2507.00657 (2025).



The Simulation of Judgment in LLMs

LLMs are increasingly deployed
IN evaluative tasks:

— credibility assessment
— bias classification
— explanation and ranking

Key guestion:

how is judgment operationalized”?

PNAS

Abstract

Results and Discussion
Conclusions

Materials and Methods

Data, Materials, and
Software Availability
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Significance

Large Language Models (LLMs) are used in evaluative tasks across domains. Yet, what
appears as alignment with human or expert judgments may conceal a deeper shift in how
“ljudgment” itself is operationalized. Using news outlets as a controlled benchmark, we
compare six LLMs to expert ratings and human evaluations under an identical, structured
framework. While models often match expert outputs, our results suggest that they may
rely on lexical associations and statistical priors rather than contextual reasoning or
normative criteria. We term this divergence epistemia: the illusion of knowledge
emerging when surface plausibility replaces verification. Our findings suggest not only
performance asymmetries but also a shift in the heuristics underlying evaluative

processes, raising fundamental questions about delegating judgment to LLMs.
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Benchmark: Six LLMs compared with expert ratings

(NewsGuard, MBFC) and human judgments. an 5"
Method: Structured agentic framework — same gu- -
evaluation pipeline for humans and models. R R I
Findings: ’ Human Model 1
e | | Ms often align with experts on outputs, but rely Author Accountabilty | _ e | _——!,
on statistical cues instead of contextual Factual Accuracy g N
reasonlng Language Manipulation e ——— ;

uonoelq

* Systematic asymmetries emerge (e.g., right-leaning i

. o ) Ownership Transparency ____. = RS |
outlets more often misclassified as unreliable). E—
Implication: Delegating judgment to LLMs doesn’t | ——— | ;
replicate human evaluation — it redefines it, shifting B P . 37!-0
from normative reasoning to statistical g"‘eq'c:“__
approximation. e s oo

Loru, Edoardo, Jacopo Nudo, Niccolo Di Marco, Alessandro Santirocchi, Roberto Atzeni, Matteo Cinelli, Vincenzo Cestari, Clelia Rossi-Arnaud, and Walter Quattrociocchi. "Decoding
Al Judgment: How LLMs Assess News Credibility and Bias." UNDER REVIEW IN PNAS arXiv preprint arXiv:2502.04426 (2025).



Results: Alignment without Convergence

— Strong output alignment with
experts

— Systematic asymmetries across
domains

— Judgments driven by lexical and
statistical cues

Key Insight:
Judgment is simulated, not
reproduced
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Epistemological Fault Lines Between Human and Artificial Intelligence

T 3,4,5,6,1

Walter Quattrociocchi,!'* Valerio Capraro,®: " and Matjaz Perc

! Department of Computer Science, Sapienza University of Rome, Rome, Italy
> Department of Psychology, University of Milan Bicocca, Milan, Italy
*Facully of Natural Sciences and Mathemalics, University of Maribor, Maribor, Slovenia
* Commanity Healthcare Center Dr. Adolf Drole Maribor, Maribor, Slovenia
> University College, Korea University, Seoul, Republic of Korea
S Department of Physics, Kyung Hee University, Seoul, Republic of Korea

(Dated: December 23, 2025)

Large language models (LLMs) are widely described as artificial intelligence, yet their epistemic
profile diverges sharply from human cognition. Here we show that the apparent alignment between
human and machine outputs conceals a deeper structural mismatch in how judgments are produced.
Tracing the historical shift from symbolic Al and information filtering systerns to large-scale gener-
ative transformers, we argue that LLMs are not epistemic agents but stochastic pattern-completion
systems, formally describable as walks on high-dimensional graphs of linguistic transitions rather
than as systems that form beliefs or maodels of the world. By systematically mapping human and ar-
tificial epistemic pipelines, we identify seven epistemic fault lines, divergences in grounding, parsing,
experience, motivation, causal reasoning, metacognition, and value. We call the resulting condition
Epistemia: a structural situation in which linguistic plausibility substitutes for epistemic evalua-
tion, producing the feeling of knowing without the labor of judgment. We conclude by outlining
consequences for evaluation, governance, and epistemic literacy in societies increasingly organized
around generative Al

Keywords: Large Language Models, Epistemia, Judgment, Credibility, Epistemic Alignment,



Epistemological Fault Lines

S
Human judgment LLM judgnte.nt
Human and LLM judgment diverge Sensory and soial
aC rO S S : Percep!llal and Tokcnizc!tion and
. situational parsing preprocessing
— grounding (world vs. text) 1 I
. . emaory, intuitions, Pattern rccogmtnon in
— experience and causal reasoning S byt
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- Va‘ Ue‘SeﬂSitive jUdg ment Reas&ning, Textua]lcontext

mformation integration mtegration

Surface alignment masks structural ! R T

Meta-cognition and
error-monitoring hallucination

divergence 1 I

judgment

Probabilistic judgment

FI(3. 1. The human and LLI.LM epistemic pipelines, each orga-
nized into seven corresponding stages.



Epistemological
fault line

Definition

The Grounding fault

The Parsing fault

The Experience fault

The Motivation fault

The Causality fault

The Metacognitive fault

The Value fault

Humans anchor judgment in perceptual, embodied, and social experience,
whereas LLMs begin from text alone, reconstructing meaning indirectly

from symbols.

Humans parse situations through integrated perceptual and conceptual
processes; LLMs perform mechanical tokenization that yields a structurally
convenient but semantically thin representation.

Humans rely on episodic memory, intuitive physics and psychology, and
learned concepts; LLMs rely solely on statistical associations encoded in
embeddings.

Human judgment is guided by emotions, goals, values, and evolutionarily
shaped motivations; LLLMs have no intrinsic preferences, aims, or affective

significance.

Humans reason using causal models, counterfactuals, and principled eval-
uation; LLMs integrate textual context without constructing causal expla-
nations, depending instead on surface correlations.

Humans monitor uncertainty, detect errors, and can suspend judgment;
LLMs lack metacognition and must always produce an output, making
hallucinations structurally unavoidable.

Human judgments reflect identity, morality, and real-world stakes; LLM
judg
“judgments” are probabilistic next-token predictions without intrinsic val-

uation or accountability.




EPISTEMIA: Beyond Disinformation and
Infodemics

Past mistake: treating disinformation as a content anomaly — fact-checking, labels, ethics
manifestos.

Paradigm shift: measuring systemic dynamics — algorithmic architectures + cognitive biases
— confirmation bias becomes structural.

Now with Al: LLMs don’t know; they predict plausible text. Fluency is mistaken for truth.

Epistemia (n.): “a systemic condition where linguistic fluency is mistaken for

epistemic reliability — an epidemic of well-written texts that simulate
knowledge without possessing it.”
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The Danger of Cognitive Hy

Fluency

Smooth answers don't equal deep understanding.
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Seeing should not result in believing, no more

than reading should trigger the perception of un-

Aoretandino

Get Help Magazine

There's comfort in read|
thing that flows effortle
words arrive in perfect
when explanations unfq
crystalline clarity, when
feels just right, our mine
We nod along. We feel
grasped something. Th
tion, this cognitive ease
one of the most dangel
ings in our increasingly
ed world.

Cognitive fluency is the
experience of ease or ¢
mental processing. Why
tion comes to us smoot

judge it as more truthfL1

If social media were
a literal ecosyslem, il
A would be about as

Y735 healthy as Clove
/%,4. land’s Cuyahoga
: *\._-. River ir. the 1960s—

\"‘ V""" when it was so pol-
luted it repeatedly caught fire.
Those conflagrations inspired
the creaticn of the Envirormental
Protection Agency and the passage
of the Clean Water Act. But in
2026, nothing comparable exists
for our befouled med:a landscape.
Which means it's up Lo us, as in-
dividuaals, to stop ingesting the
pink slime of Al slop, the
forever chemicals of outrage
bait and the microplastics
of misinformation-for-profit.
In an age in which in‘orma-
tion on the internet is so
abundant and so low-quality
that it’s essentially noise,
job number one is to fight
our evolut.onary instinct to
absorb all available informa-
tion, and astead filter out
unreliable sources and bad
data,
Fortunately, there's a
way: critical ignoring
“It's not total ignoring,”
says Sam Wineburg, who
coined the term in 2C21,
“It's ignoring after you've
checked out some initial sig-
nals. We think cf it as con-
stant vigilance over our own
vulnerability.”
Critical ignoring was
born of research that
Wincburg, an emeritus pre-
fessor of education at Stan-
ford University, and cthers
did on how the skills of pro-
fessional fact-checkers could
be taught to young people
in school. ids and adults
alike need the ability to
quickly evaluate the truth of
a statement and the reliabil-
ity of its source they ar-
gued, Since then, the term has
taken on alife cf its own, It’s be-
come an umbrella for a whole set
of skills, some of which might
seem counterintuitive
Here's the quick-and-dirty on
how to start practicing critical igz-
noring in the year ahead:

M Realize that critical thinking has
become a liability. Smart people
tend to engage deeply with wha:
little information is available, a
process called critical thinking, In
the age of the internet, it has be-
come a trap.

For most of human history, in-
formation was in short supply. A
snatch of traveler's gossip could
have meant the difference between
staying alive and losiag your head
to marauding Vkings Good infor-

KEYWORDS | CHRISTOPHER MIMS

Your Key Survival Skill
For 2026: Critical Ignoring

In an age of endless low-quality information, it’s time to fight
our instinct to seck out and ebsorb all we can. It takes practice.

nate curiosity, sur irstinct for gos-
sip and our addiction to messy
drama drive us to spend way more
time consuming internet nonsense
than we should.

“Investing critical thinking in
sources that should have been ig-
nored in the first place means that
attention merchants and malicious
actors have been gifted what they
wanted, our attention,” wrote
Wineburg and three other re-
searchers in a 2023 essay.

B Remember that your attention is
a scarce resource. How draining is
the use of social media? A pioneer-
ing 2021 study found that just 30
minutes cf phone scrolling tires us
out psychologically, actualy reduc-
ing our ability to exercise, One
2022 paper concluded that a half-

Problems managing our atten-
tion in the face of a never-ending
media onslaught are so widespread
they've spawned high-tech reme-
dies, including dumbed-down
phcnes and e-ink gadgets.

But the simplest fixes are often
the best, says Matthew Facciani, a
researcher at the Georgetown-Lan-
cet Commission on Faith Trust
and Health at Georgetown Univer-
sity who studies misinformation
and media literacy. He recom-
mends self-nudging, deliberately
tuning our media irputs and scroll-
ing practices to reduce time spent
mentally fending off the interret's
flotsam and jetsam.

One easy tactic: Decide how
much time vou want to spend on
screens in advance, then set a
timer,

nations—might seem Al-specific,
but it’s part of a much bigger and
potentielly more dangerous phe-
nomenon, says Walter Quattrocioc-
chi, a professor of romputer sei-
ence at the Sapienza University of
Rome.

The generative-Al large lan-
guage models powering chatbots
have been trained to produce con-
vincing results. This is very differ-
ent from beirg able to confirm
whether something is actually true.

“LLMs make this shift visible in
a particularly clean way but the
same logic hes been operating for
years,” says Quattrociocchi, nota-
bly when some human-made posts
are amplified over others by algo-
rithms that respond to likes and
engagement, not accuracy.

“Social media already trained

“plausibility becomes a sufficient
stopping condition fur udgment,”
he adds.

His point: We are being lulled
irto accepting “true enough” as a
proxy for actual truth—while los-
irg the habit of verifying informa-
tion for ourselves.

M Use the internet against itself.
Finding truth in our media land-
scape requires tools that didn’t ex-
ist even a few years ago. Consider
lateral reading, in some ways the
opposite of critical thinking. When
encountering a new claim, rather
than engage deeply with it,
take a step back and use a
quick search to discover
what others are saying
about it.
A tool—built into every
Chrome web browser—al-
lows you to quickly assess
the credibility of a given
webs:ite. Buried under the
icon next to every URL at
the top of the browser,
“About this page” was a
product of a direct collabo
ration between Wineburg
and engineers ar Google
It's also possible to use
Al to check claims made by
humans—and other Als—on
the internet. Results can
vary if you just ask a free
chatbot to do it. Paid tiers
tend to allocate the process-
ing power to give you better
answers, says Mike Caul-
field, a digital literacy ex-
pert at the University of
Washington Bothell.
Caulfield developed Deep
Background, a 3500-word
prompt anyone can feed
into a bot. Essentially a pro-
gram, it initializes a multi-
step session of identifying,
researching and fact-check-
ing a set of claims. He rec-
ommends using it only with
paid versions of Claude or Chat-
GPT.

Deep Background first re-
searches a claim, then engages in
multiple rounds of stress-testing
its own conclusions. This is espe-
cially important, because chatbots
rely on the same polluted internet
we're all trying to wade through in
the first place. Even many appar-
ent hallucinations are actually
chatbots’ faithful summaries of bad
source information.

It might sound paradoxical to
use Al to combat Al But then, us-
irg technology to clean up messes
made by earlier technologies is
precisely what we've always
done—eaven on the Cuyahoga River,

Teckniques for cleaning up our &
media environment are still in
their irfancy. Even as they get bet-

TO FOR W5J



February 18 2026 | & min read &5 Adc Us Or Google

What we risk when we confuse Al and human
intelligence

Putting humans and LLMs head-to-head in classic tests of judgment from
human psychology underscores the differences between them

BY WALTER QUATTROCIOCCHI EDITED EY DAISY YUHAS
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Epistemia

Neologismi (2026)

TAG

Intelligenza artificiale
Catenaccio

Episteme

Socrate

Large

epistemia s. . La confortevole illusione di conoscenza prodotta dall'interazione con I'lA generativa dei grandi modelli
linguistici (LLM), 1a dove la plausibilita simulativa del discorso fluente e la coerenza narrativa sostituiscono l'efficienza
cognitiva e l'affidabilita dei dati. ¢ A parita di ignoranza, l'output generato da un LLM risulta piu fluido, articolato, persuasivo
di quello prodotto da un essere umano privo di competenze. Ma & un'efficienza simulativa, non cognitiva. E proprio per
questo, piu l'utente & inconsapevole dei limiti strutturali del modello, piu & esposto al fascino della forma e all'equivoco
dell'affidabilita. Il risultato € una nuova dinamica sistemica, che potremmo chiamare epistemia: non piu solo
disinformazione (distorsione del contenuto) o infodemia (sovraccarico informativo), ma una condizione in cui la produzione
del sapere & colonizzata dalla sua apparenza. Un'epidemia di testi verosimili che simulano razionalita, argomentazione,
autorevolezza — senza alcuna garanzia di fondamento. (Walter Quattrociocchi, Corriere della sera.it, 23 luglio 2025, LOGIN:)

- [tit.] Ci stiamo ammalando di epistemia, l'illusione di sapere cose solo perché 'Al le scrive bene [catenaccio] L'intelligenza
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Compression as a marker of statistical regularity

abc abc abc abc abc Xq/ m2K p9v r8n t4z

Highly compressible Poorly compressible

LLLMs approximate language through statistical compression of recurring patterns.

Is compression an observable trace of probabilistic generation????



The Statistical Signature of LLMs
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We use lossless compression as a model-agnostic proxy for
structural regularity.
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Average compression ratio

As text length increases, LLLM outputs become progressively more
compressible.
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Generative Mediation

Dataset
Comparative analysis of Wikipedia and Grokipedia lead sections Laudatory
2CroSss: U.S. Politics Geopolitics Conspiracy
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Does generative mediation preserve not only information, 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
but also how information is framed? Wikipedia Wikipedia Wikipedia
Conflict / Controvers
Method y
U.S. Politics Geopolitics Conspiracy
We measure the prevalence of: 1.00 ; ;
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Generative systems largely preserve narrative structure, Wikipedia Wikipedia Wikipedia

while introducing localized shifts in evaluative framing.

Leaning Democrat Neutral Republican

Generative mediation subtly reshapes how reality is presented.



THANK YOU

= :
| \‘
n
i
\ =
‘ . -~ .
— \o-‘ ."
— - L-.' ,
—~- S
iiad -
oo - - ' y .
| | :

{ A
e



