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The Cost of Fake News — It Spreads Faster and Tears Society Apart
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Study: On Twitter, false news travels

faster than true stories EHEﬁﬁI/A\ &Eﬁﬂ:ﬂs Ai&xﬁ

Research project finds humans, not bots, are primarily
responsible for spread of misleading information. ESSIEFKIEE METXEL B AEMMNE;ES S HBRES:
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The LLM Era — Fake News Is Now Mass-Produced, More Convincing, and Harder to Catch

Fake 'Al created' image of Pentagon explosion

s BHSFUS stoek icat . = RUEAIE - EFEERE 2023.05
sparks pbrie STOCK market panic
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n at the Pentagon building and began quickly spreading on social media.

TR iR ZEEHI chatepT i#iE

The fake image appeared to show an explosio
Credit: Twitter
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From Skepticism to Acceptance — Simulating Attitude Dynamics
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(a) Previous Macro Level Modeling (b) Previous Micro Level Modeling (c) Our Micro Level Modeling
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hurt in White H losi
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Liu et al. From Skepticism to Acceptance: Simulating the Attitude Dynamics Toward Fake News. [JCAl 2024.
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Dynamic Oplnlon Agents + Agent Interaction Simulator

Dynamic Opinion Agents Agent Interaction Simulator
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Liu et al. From Skepticism to Acceptance: Simulating the Attitude Dynamics of Fake News. IJCAI 2024.
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Key Takeaways — Who Believes, and What Stops It
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Liu et al. From Skepticism to Acceptance: Simulating the Attitude Dynamics Toward Fake News. [JCAl 2024.
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How does fake news come to exist?
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Scientists develop
drought-resistant
wheat, but it poses a
risk to human health.

@ True news
@ Partially evolved fake news

@ Evolved fake news

Fake news dissemination

Macro-level observation

Scientists create
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wheat d hunger by next
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Fake news naturally
exist in most .
existing research!
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Liu et al. The Stepwise Deception: Simulating the Evolution from True News to Fake News with LLM Agents. EMNLP 2025.
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FUSE: simulating the evolution process
Fake news evolUtion Simulation framEwork - EMNLP 2025

Propagation Role-aware Agent News Evolution Simulator
: Hierarchical Memo

Personal Information i True news @Evolved fake news () Partially evolved fake news
Name “ Short-term

Agg . g __Mmemory:
Traits
Education Level

@ Feedback E
L

Long-term oo @'\ .

mmemo E

&= @ True News : B 3 \E ﬁa
Ej =

- S 4 4
Role Identity : _| Opinion Decision i i i

- Spreader
© Commentator | “Memory Fusion Reasoning -__~
A s :

- Verifier -Update opinion , ) .
- Bystander time =0 time = 2 time=n

('ull

4
)

\ 4

I BE D EICIOAEET + (B HI1E#5 /8 /24 Propagation Role-Aware) EFEEMK, 7 7Tl E L IR ES, A 62 15 i BERT B E 1L 94T E( 1]
#rlE]).

Liu et al. The Stepwise Deception: Simulating the Evolution from True News to Fake News with LLM Agents. EMNLP 2025.
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FUSE-EVAL — quantifying how far evolved news has drifted from the original
A GPT-4o-mini J§ DEME vs. [y BHEEFT D1 = LFLRE0 = FERE,
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Liu et al. The Stepwise Deception: Simulating the Evolution from True to Fake News. EMNLP 2025.
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How do topic, network, and behavior affect evolution?

Comparison Factor Settin A Deviation), Average  Deviation Max Min Final Peak Deviation Half A Deviatiol
P e viat Deviation| Variance| Deviation| Deviation Deviation) Time Time?T
Toni Politics 3.148 6.594 0511 7.440 3.442 6.590 0.133 0.033
opie Science 1.446 3.533 0.207 4.236 2.026 3472 0.767 0.033
Network Random 1.905 3315 0.347 4.206 1.892 4.206 1.000 0.233
s:e ‘;"l‘“e Scale-Free 2.631 4287 0.725 5.652 1.492 4.955 0.767 0.167
ructur High-Clustering 4313 6.193 1.027 7.030 2348 6.661 0.500 0.033
Normal Spread 1.176 3.536 0.606 4705 1.398 3.524 0.800 0.133
Spread Type ~ Emotional Spread 1.688 4.182 0.456 5.105 2.008 4303 0.333 0.067
Super Spread 2.920 4.434 0.672 5.613 2.054 5.067 0.700 0.100
Traits Impressionable 3.088 4.998 0.956 6.428 2262 5.677 0.667 0.133
Vigilant 1.945 4.081 0.446 5.021 2485 4.593 0.400 0.133
Intervention No Intervention 3.208 5.546 1247 7.340 1.841 6.383 0.767 0.167
Intervention 1.384 4207 0.476 5.302 1.841 4.559 0.200 0.067
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Liu et al. The Stepwise Deception: Simulating the Evolution from True News to Fake News with LLM Agents. EMNLP 2025.
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TruEDebate — Detect Fake News Through Structured Debate

TruEDebate (TED) - SIGIR 2025
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Liu et al. The Truth Becomes Clearer Through Debate! Multi-Agent Systems with LLMs Unmask Fake News. SIGIR 2025.
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More Accurate — and It Explains Why

e p
Numb in bold that the i ts to the baseli del: tatistically significant (t-test with lue<0.01). E;ﬁ
umbers in bold mean that the improvements to the baseline models are statistically significant (t-test with p-value<0.01). o+
£ ARG-EN(2R)5 ARG-CN(F) L E#Bil BERT
~ix
ARG-EN ARG-CN . EANN. ARG =,
Model
macF1  Acc. Flyeal Flfake macF1  Acc.  Flpeal Flfake
LLM-Onl GPT-3.5-turbo 0.702 0.813 0.884 0.519 0.725 0.734  0.774  0.676
y GPT-40-mini 0.691 0.845 0.909 0472 0.725 0.746  0.780  0.670 \ )
Bert 0.765 0.862 0916 0.615 0.753 0.754 0.769  0.737 - N
SLM-Onl EANN 0.763 0.864 0918 0.608 0.754 0.756  0.773  0.736
Y Publisher-Emo 0.766 0.868 0.920 0.611 0.761 0.763  0.784  0.738 ﬂﬁg*%
ENDEF 0.768 0.865 0918 0.618 0.765 0.766  0.779  0.751 A e -
NG o2 ” Mo N
Bert + Rationale 0777 0870 0921 0633 0767 0769 0787 0748 EneiR S 1ERAIEE BT ALERSE
LLM<+SLM SuperICL 0.736 0.864 0.920 0.551 0.757 0.759 0.779 0.734 EI—E\| °
ARG 0.790 0.878 0.926  0.653 0.784 0.786  0.804 0.764
ARG-D 0.778 0.870 0921 0.63¢ 0.771 0.772  0.785  0.756
ChatEval(One-by-One) 0.733 0.860 0.919 0.546 0.694 0.717  0.778 0.611
Multi-Agents ~ ChatEval(Simultaneous-Talk) 0.738  0.869 0923 0.553 0.694 0719 0.780 0.608 . J
TED(Ours) 0.803 0.892 0932 0.674 0.795 0.798 0.815 0.774 - N
SFE2Z
A[iERS
N 3
S ISR S, Bt UM BT Va6 ST
ZEARG-EN / ARG-CN _E, TED(Ours) EETHSL &5 2%, i,
. J

Liu et al. The Truth Becomes Clearer Through Debate! Multi-Agent Systems with LLMs Unmask Fake News. SIGIR 2025.
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SALF: adversarial learning through language
Symbolic Adversarial Learning Framework - EMNLP 2025
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Tian et al. A Symbolic Adversarial Learning Framework for Evolving Fake News Generation and Detection. EMNLP 2025.
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An adversarial loop where attack and defense co-evolve
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Tian et al. A Symbolic Adversarial Learning Framework for Evolving Fake News Generation and Detection. EMNLP 2025.
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StyloBench / StyloCheck - ACL 2026 oral
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A benchmark for detector robustness under personalization

FEIRENZSREMECSIETRISHEN - ACL 2026 Oral

BiEHFRTE: R BV EFR KRBT RERBHEE T ANSENSE, NBHAXD AN ZHEMEER) BZHEK.
( N\ )
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i 1FEFmgk - £ 21,000 FiEAR 72B
@ ORISR - 34,000 FiEAR
\_ J U Y,
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Gao et al. When Personalization Tricks Detectors: The Feature-Inversion Trap in Machine-Generated Text Detection. ACL 2026 (Oral).
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Detection breaks down under personalization
6 MG IEEE MA(IESE). Stylo-Blog -5 Stylo-Literary _EHYSEE AUROC
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Gao et al. When Personalization Tricks Detectors: The Feature-Inversion Trap in Machine-Generated Text Detection. ACL 2026 (Oral).
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StyloCheck: quantify feature inversion to warn before deployment

Personalized General

=
p)
=

StyloCheck E4i2#: R, A&
BROUERMENBEERZ O HRATEESRBBLE SR¥E1 BHE.

H R RIAIHIIE

EREI IR EUANERIESRRZIBBI T @, Inverted

Diffs

— ENRFHEURE, R TFE) RATEMENAES 5L EHERE. BEENREEERBERTHEISRE
HEREEZEEX r>0.7).

Gao et al. When Personalization Tricks Detectors: The Feature-Inversion Trap in Machine-Generated Text Detection. ACL 2026 (Oral).




a2 jgaannoa ool a
'c’::. LA_h_nJ]l L sal

med bin Zayed University
e ial Intelligen:

StyloCheck FIZRIL: AT ERIFIE

Reliable pre—deployment early warning
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Gao et al. When Personalization Tricks Detectors: The Feature-Inversion Trap in Machine-Generated Text Detection. ACL 2026 (Oral).
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Open Challenges & Future Work
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