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Our goal: Combat real-world
misinformation = Fut

Fauci always knew HCQ worked for #COVID19
virologyj.biomedcentral.com/articles/10.11... #FauciEmails

///

POLITIFACT

Virology virologyj.biomedcentral.com

Journal
TRUTH-O-METER™

Chloroquine is a potent inhibitor of SARS coronavi...

Background Severe acute respiratory syndrome
(SARS) is caused by a newly discovered coronaviru...

Q THE CORONAVIRUS CRISIS

Man Dies, Woman Hospitalized After
Taking Form Of Chloroquine To Prevent
COVID-19

SCOTT NEUMAN
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Fact-Checking outputs must
be transparent and verifiable

S UBIQUITOUS
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PROCESSING

Fact-checkers care about

how the verdict was derived
(Warren et al., 2025).

® Verifiability
, ®» Transparency
l(:/ Can we trust this?

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner



Model decisions are grounded
in evidence

Verifiability
Ground the decision in evidence. J
Transparency

Evidence Evidence Evidence Evidence

S UBIQUITOUS
=! KNOWLEDGE
= PROCESSING

Our work explores
different realistic
relations between claim
and evidence

e
Ul
A

Claim Claim Claim

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 4
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Evidence-based fact-checking in E—
NLP started with synthetic claims = o

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 5
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Automated fact-checking

Sw. . UBIQUITOUS
&~
- N~—_ = KNOWLEDGE
transferred to real-world claims = rrowsive
Verdict
o —rse  PQOLITIFACT
39 Mixed
_ ~ 50 — True
Datasets address claims that have been 2
. . @ 40
checked by professional fact-checking = Y
. - 30
organizations. (Hanselowski et al., 2019; 2 S/
Augenstein et al., 2019; 0 20
Khan et al., 2022; inter alia)
10

2008 2010 2012 2014 2016 2018 2020
Year

Focus on misinformation

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 6
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Counter-evidence is much rarer
for real-world misinformation

=\ UBIQUITOUS
= KNOWLEDGE
=" PROCESSING

[ Claim: Hydroxychloroquine }

cures COVID-19.
$
Evidence that |
directly refutes a |
|
|

Sl »@ No Counter-Evidence
Retrieval
claim does not exist.

Evidence e a
Selection »@ No Counter-Evidence

Veracity
Prediction

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 7
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Fact-Checking datasets contain .
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leaked or insufficient evidence = e
MultiFC
(Augenstl:in elt al., 2019)

'Snopes “An image

|

\ T ~ lcirculating online falsely |
' 1 Real-world evidence from | i :

| 1 Google search Google !

- I S S S S S S D D e e e e e

: ¢ Real-world claims
nopes

-—es e e e s s o o o o O O O e e .

'An explosion damaged a
'sidewalk bench and

Claim: You get free Coffee for smashing
shatter-proof starbucks windows.

= -
D
1 Q
|ﬁ
2
' O
1 X
1 @
|

|

1

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 8



Fine-tuned models rely on

- - - >~
unrealistic (leaked) evidence s

MultiFC

(Augenstein et al., 2019)

Leaked Evidence Unleaked Evidence

F1 (micro) F1 (micro)

POLITIFACT giopes POLITIFACT gnopes

Only

Claim &
59.3 68.7 Evidence 259 57.2

- Only
similar Evidence 59.2 67.6

performance

Claim &
Evidence

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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Misinformation thrives in P
uncertainty with limited evidence = ocie

This is not a flaw by the dataset but because misinformation |
thrives under uncertainty when little evidence is available. !

Credible
Information

Information
Need

Models must be able to operate when
little evidence is available.

Misinformation is different from
Misinformation fills the gap. accurate claims.

(Shane and Noel, 2020) Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 10
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NLP models failed, but
journalists not
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Chloroquine is a potent inhibitor of SARS
Claim: Hydroxychloroquine coronavirus infection and spread

cures COVI D_1 9 (t Martin J Vincent, Eric Bergeron, ... Stuart

=+ Show authors :
{@3 Virology Journal

__m__

I [ ) .
I from 2005 : | seasonal coronavirus | | in vitro :

- e e - o

- e e - - o -— e e e e e e e . -

' Human verification starts with the |
| source. |

(Buttry, 2014)

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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Missing Counter-Evidence Renders NLP Fact-Checking
Unrealistic for Misinformation (EMNLP 2022)

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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What did we do about it? = o

misinformation claims

@ We focus on simpler (still realistic) claims.

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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Misrepresented studies come
with credible sources
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social media post

Sk Bvdisediereeitne S
P cureys COy D_19_q j— ! Misinformation :

\
| | S —— J
e
= :
| ® Fallacious
: S | reasoning
Bl - mmm oo ;
L ChIoroqEJme.ls : of SARS — . Provided Source
== coronavirus infectigh and spread N o e e m - _ Y
(- - ~
Martin J Vincent, Eric Bergeron, ... Stuart . i |
e Emmm——) | Credible Source |
{é} Virology Journal /

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 14
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We reconstruct the fallacious
logical arguments

S UBIQUITOUS
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Input [ Claim: Hydroxychloroquine cures COVID-19. }
Fallacy of False
Composition Equivalence
Fallacious Premise 1: The results can Fallacious Premise 2: SARS-CoV-1 and
Task be transferred to humans because the SARS-CoV-2 are both coronaviruses.
human body consists of cell structure. Therefore, they can be treated the same way.
/ A A
Fallacy Context 1: The study Fallacy Context 2: The study
used cell cultures for their experiments. was conducted on SARS-CoV-1.
-

Input . }

Accurate Premise: Chloroquine reduced infection of the coronavirus.

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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Missci is created from
fact-checking articles
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Collect Select Reconstruct

527 fact-checking articles  Select scientific publications Manually reconstruct the
that are misrepresented. fallacious arguments.

8,695 linked documents

208 misrepresented studies 184 fallacious arguments
), Health Feedback 150 fact-checking articles 435 necessary fallacious
3 premises

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 16
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LLMs are tested In zero-shot
experiments

% UBIQUITOUS
3 KNOWLEDGE
= PROCESSING

"

| Task: Verbalize the fallacious
:premise and predict the fallacy

‘class.

' Explore impact of different fallacy
information in zero-shot
'experiments.

L e e e e e e e e e e e e e e e = — 1 Example: Each brick in that building weighs less than a
pound. Therefore, the building weighs less than a pound.

Fallacy of Composition

Definition: Inferring that something is true of the whole from
the fact that it is true of some part of the whole.

Logical Form: A is part of B. A has property X. Therefore, B
has property X.

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 17
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Results: Verbalize fallacious

& . uBIQuITOUS
- - N~—_ = KNOWLEDGE
premise and predict fallacy class = i
BTN ret because sometimes
Def. 223 multiple fallacies may apply
PP N Def. + Expl. S but only one is needed
. ~
NI:lea;asILascy /\’ Llama 2 (70B) Def. + Logical 19.6
N -~ Def. + Logical + Expl. 20.9
Logical 19.3
Logical + Expl. 21.2 Based on human evaluation

50.3

Def. 31.7 )
GPT 4 Logical 29.2 48.1

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 18




Results: Predict fallacy class
given the fallacious premise

Fallacious premise + fallacy class

7

(

-

-

N\
~

-~

—-—
— - —

~

Nine fallacy

classes

~—————

-

\
\

-

7/

Def. + Expl.

Llama 2 (70B) Def. + Logical

Def. + Logical + Expl.

Logical
Logical + Expl.
Def.

GPT 4 Logical
Logical + Expl.

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner

31.7

29.2

n/a

63.7

63.0

56.8

60.1

73.8
74.4

771
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onIy fallacy class

o o o o o oy,

Fallacy detection without
explicitly verbalized
fallacious reasoning is

challenging.

19
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MissciPlus: we link aallacious
arguments to real-world studies

|

Input

Task

Input

COVID-19.

[ Claim: Hydroxychloroquine cures

Fallacy of Composition

Fallacious Premise 1: The results can
be transferred to humans because the
human body consists of cell structure.

-

Fallacy Context 1: The study
used cell cultures for their experiments.

-

A

Accurate Premise: Chloroquine reduced
infection of the coronavirus.

~

)

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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Simple summary
sentences based on the
fact-checking articles.

- s s s - .

S UBIQUITOUS
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= PROCESSING
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MissciPlus: we link fallacious
arguments to real-world studies

UBIQUITOUS
KNOWLEDGE
=’ PROCESSING

A |/ - J A/
L0

|nput { Gl Hydg)())({//clzglqlrgqume cures } ACE2 flow cytometry analysis and
Y biosynthesis
Fallacy of Composition Vero E6 cells were seeded in Dulbecco's modified
: : . Eagle medium (Invitrogen) supplemented with '
Fallacious Premise 1: The results can - 10% fetal bovine serum. The next day, the cells
Task be transferred to humans because the - were incubated in Opti-MEM (Invitrogen) in the
human body consists of cell structure. _presence or absence of 10 muM chloroquine or 20
mM NH4CI. To analyze the levels of ACE2 at the
- cell surface, cells were incubated on ice with 10
s - mug/mL affinity-purified goat anti-ACE2 antibody
Fallacy Context 1: The study . (R&D Systems) and then incubated with :
used cell cultures for their experiments. . FITC-labeled swine anti-goat IgG antibody (Caltag
~ - Laboratories). Labeled cells were analyzed by flow
|nput KAccurate Premise: Chloroquine reduced\ cytometry with a FACSCalibur flow cytometer (BD
L infection of the coronavirus. ) e

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 21



Three subtasks to reconstruct
fallacious arguments in the wild

2 UBIQUITOUS
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= PROCESSING

1 2 3
Passage ranking: Passage ranking: Predict and
verbalize
Which passage Which passages fallacies
superficially are needed to
supports the detect fallacies?

claim?

[ Accurate Premise } [ Fallacy Context } [ Fallacious Premise }

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 22
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MissciPlus contains g
claim-evidence pairs =

) |

N
-

7 What will the fact-checking

>
# Claim Y 3/ model say?

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 23



LLMs consider misinformation

accurate despite knowing bhetter

Parametric
knowledge

RAG

Prompt
Write a

fact-checking article

To the best of your

knowledge

Based on the study

LLM

Llama2 70B
Llama3 8B
GPT 3.5
GPT 4
Llama2 70B
Llama3 8B
GPT 3.5

GPT 4
Llama2 70B

Llama3 8B
GPT 3.5
GPT4

True

1.6
0.0
0.8
0.0
0.0
8.3
1.6

3.6
23.8

44.4
38.9
27.4

False

61.1
86.9
71.0
85.3
100.0
88.9
50.4

68.3
61.5

53.2
31.7
34.1

Predicted as

Neutral True
37.3 34.7
24 20.0
28.2 46.7
14.7 59.0
0.0 29.7
24 68.7
48.0 47.3
27.8 49.7
12.7 58.7
24 80.3
29.0 78.0
38.5 55.0

False

22.3
43.3.
17.3
23.0
69.3
26.0
6.0

6.7
29.7

16.3
5.3
4.0

Neutral

41.3
14.3
35.7
17.3
1.0
3.0
45.0

36.3
10.7

3.3
16.0
41.0

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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Rosearch = rocss

Missci: Reconstructing Fallacies in Misrepresented Science
(ACL 2024)

Grounding Fallacies Misrepresenting Scientific Publications in
Evidence (NAACL 2025)

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 25
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What else happened since our

S KNOWLEDGE

2022 publication?

AVeriTeC MissciPlus ClaimDecomp

LLMs may memorize the fact-checking articles from pretraining

" Sufficient evidence " Sufficient evidence No evidence validation
Crowdworker - : .. :
questions " Following journalists Following journalists

.' No restrictions for Not applicable to all No restrictions for
claims misinformation claims

(Schlichtkrull et al., 2023) (Chen et al., 2022, 2024)

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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Sw. . UBIQUITOUS

What did we do about it? =

We focus on a subset of harmful
misinformation claims

@ We focus on simpler (still realistic) claims.

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner



We look at the factuality of
realistic but harmless claims

S UBIQUITOUS
= KNOWLEDGE
= PROCESSING

We need realistic claims and realistic independent evidence documents

Google

Passage

Passage |[—

Passage [

Question: Is it illegal
in lllinois to record a
conversation?

~

Generate claims from

BoolQ (clark et al., 2019) |
} Annotate the claim with each

Passage

passage of the Wikipedia page

Claim: It is illegal in lllinois to record
a conversation.

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 28



We split AmbiFC into an
uncertain and certain subset
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I Annotators can say if they are i
, uncertain for each instance. |

Certain instances (5+ annotations)

Krippendorff’'s Alpha:

Sentence-level: 0.560

Passage-level: 0.553 AL L

agree

Uncertain instances (5+ annotations)

Krippendorff’'s Alpha:

Sentence-level: 0.302

Annotat
Passage-level: 0.206 nnotators

disagree

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 29
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Human annotators disagree
claims from AmbIFC

=\ UBIQUITOUS
= KNOWLEDGE
=" PROCESSING

Input

Neutral: It depends, so we

Claim: It is illegal in lllinois to record a conversation.
cannot really say yes/no.

Wikipedia Passage (Evidence)

From: lllinois wiretapping law

Refuted: Just recording a
law, adding that in order to commit a criminal offense, a person must conversation is not illegal.

SB1342 makes changes to the original language of the wiretapping

be recording "in a surreptitious manner".

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 30
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We develop different strategies to N
- - §§ KNOWLEDGE
fact-check ambiguous claims P s

Claim Passage ~—

Evidence

Selection

\4 Veracity
Prediction

Single Label

S R N

Annotation Distillation

S R N

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner

S R N
Multi Label
S R N
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Models predict the human

= = = = SR i
label distributions on AmbiFC = Ha
veracity evidence + veracity
Single-label 76.0 95.2
Temp. Scaling 79.5 58.4
Multi-label 78.2 56.6
Annot. Distillation 82.6 60.3

Selecting the same evidence
as humans is challenging.
Y 2 e N - 5 == _-_——AN
t: certain: 90.5 | uncertain: 75.1 :‘

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 32
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Humans chose different veracity

§ é‘ UBIQUITOUS
- N—_= KNOWLEDGE
based on different sentences = rowsie
2+ refuted 2+ supported
annotations annotations

. 3
I L @) - What is the inter-annotator agreement when
1 v“’ :,/ annotators selected the same veracity?

»

Krippendorff’s alpha
(Evidence sentences)

Annotators agree on
evidence sentences if they

Poor l Moderate .
agree on the veracity

inter-annotator m inter-annotator m

agreement agreement

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 33
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Models distinguish between
supporting and refuting sentences

= UBIQUITOUS
= KNOWLEDGE
=’ PROCESSING

. . 1.00
If we give the model only supporting
. . .y 0.75
supporting sentences, will the probability &
for supported (veracity) go up? o 050
2 025
4 % 0.00
‘P S 025
, L / Dq' Label
— -0.50 N Bl refuting
z B supporting
-0.75
0.3 0.6 0.9

Jaccard Index of Evidence Sentences

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 34
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AmbiFC: Fact-Checking Ambiguous Claims with

ity 1393

.
S ¢ e
73 1

Evidence (TACL 2024) UNIVERSITY OF

CAMBRIDGE

—— DEPARTMENT OF ——
COMPUTER SCIENCE
AND TECHNOLOGY

KAIST Al

Graduate School of Al

THE UNIVERSITY OF

MELBOURNE

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 35



Do LLMs answer faithful based

= UBIQUITOUS

— , Sa—_— KNOWLEDGE
= PROCESSING

Evidence

7. Isthe LLM response backed
ég; by the evidence?

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 36
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Many applications require the
LLM to reason over evidence = e

Facts change People care about recent events

Interest over time
Enter a keyword to see how it's trending

Kamela Harris @

Kamela Harris
Search term

Enter a keyword to see how it's trending

Joe Biden @

Joe Biden
Search term

Interest over time

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 37



Evidence-based QA datasets from

Many real-world evidence-based reasoning datasets exist

i | /'\ LLM 4
80 \. e ' knowledge [

i cutoff l

§ 75 E I
g 70 . } :

o— . ®,

< 65 \i e \ |
60 i o !

' |

55 I

|

|

Question creation time

GPT-4 Turbo on RealTimeQA
(Kasai et al., 2023)

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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Datasets based on
real-world data:

m) become stale

do not simulate
“‘unknown” condition

-_—ee e e o e - e o o o o O e e e .

- e e e o e e o o

2 UBIQUITOUS
= KNOWLEDGE

S
real-world data become stale = e

38



We create timelines of fictional
events with fictional entities

Questions

generate

News Articles

Fictional world

LLMs cannot rely on their
parametric knowledge

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner
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= PROCESSING
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NeoQA contains timelines of

UBIQUITOUS

1

- - =! KNOWLEDGE
fictional events = H
?Zﬁ:rt(?la:zeat[;ilg;ﬁ’ 2Jgil?gcgfjiezpoo‘;%5é Following an independent audit revealing As Amber Glaze Delights' audit reveals further
—_ ? , f? T ébl r (Sel g Rp i significant discrepancies in their sourcing, supplier violations, public pressure mounts for
O eview lTom 'ocal 100C biogge! SEsEy. Amber Glaze Delights closes temporarily. transparency and stronger ethical standards.
= who praises their innovative flavors.
o O
c=
0 E > > >
£
O ‘Selvia Renek releases an investigative piece on In response to the Amber Glaze Delights [S%\g:tﬁ::;’i?ﬁzscjz ar?]:r:?gsr?#iii[;io;“ng
L | her blog, using the hashtag #SourcingScandal, scandal, the [Calder Square Cultural Committee) covram will ba robusfenou T
questioning Amber Glaze Delights transparency announces a new certification program for = sgstemic e Std ealls fgr R
regarding their ingredient origins. ethical sourcing. community participation in refining the criteria.

Each timeline in NeoQA contains 10 consecutive events.
Each event contains an outline of 20-30 unique sentences.

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 40
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Questions and news article

are grounded in outline items = o
4 ) 4 )
Selvia Renek releases an Selvia Renek published an article [...] whether
investigative piece on her blog using the certification program will be robust
L the hashtag #SourcingScancal [...] y S enough to address systemic issues. y

Multi-hop question

What did the author of an investigative piece associated
with the hashtag #SourcingScandal question about the
ethical certification program?

4 )
m— robust enough ...
\ S

é )

Unanswerable

. S

Unanswerable question

What did the author of an investigative piece associated
with the hashtag #SourcingScandal question about the 4“ m4[ Unanswerable ]

cost of the ethical certification program?

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 41



We can combine question and
news articles arbitrarily

= UBIQUITOUS
= KNOWLEDGE
; PROCESSING

We know which information is We know which information we

reported in a news article. V need to answer a question.

We control how to assemble
question and evidence

v

sufficient insufficient irrelevant
evidence evidence news articles

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 42
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LLMs fail to deflect on

unanswerable questlons = e
Model Multl H. Tlme S. IIMulti H. Time S. : . Uncertain S.
Random 14.3 14.3 14.3 . 14.3
Phi3 mini (3.8B) 79.8 210 27.4 : 1.
Phi3 small (7B) 80.5 34.8 39.5 : 4.5
Phi3 medium (14B) 79.7 53.8 : by | 55
Phi13.5 MoE (16 x3.8B) 82.9 44.7 A 54.3 6.7
Qwen2.5 (7B) 67.5 42.9 ; Z23:1 ; 21.8
Qwen2.5 (14B) 76.3 66.0 ; 41.0 : 32.7
Qwen2.5 (32B) 79.4 67.3 ' 62.1 . 26.7
sufficient evidence insufficient unanswerable
evidence questions

Computer Science Department | UKP Lab — Prof. Dr. Iryna Gurevych | Max Glockner 43



Performance decreases when

S = UBIQUITOUS
[ \ ,3: KNOWLEDGE
irrelevant documents are added = rrocessno
—— Qwen2.5 32B Qwen257B -—-—--- Phi3 (small)
— Qwen2.514B  ----- Phi3 (medium) Phi3 (mini)
All instances Answerable Unanswerable
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g 60 K 560 360
O . © o
L 40 T8O O 40 O 40
D AN T T % O @) AN
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20 20 20 N it T —
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80

Number of irrelevant documents
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NeoQA: Evidence-based Question Answering with
Generated News Events (Findings of ACL 2025)
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We looked into many different

= UBIQUITOUS

5 - = = KNOWLEDGE
evidence relations =) oo

supports
refutes

neutral
supports
—
)

|

Claim Claim

(Glockner et al., 2022) (Glockner et al., 2024a, 2025a) (Glockner et al., 2024b) (Glockner et al., 2025b)
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Final remarks =) oo

# Focus on the problem and work backward.

m Combine powerful LLMs with realistic benchmarks to tackle
real-world problems.

70\ Evidence-based evaluation with real-world problems but no
(Q data contamination remains challenging.
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THANKS!

Please feel free to reach out to me if you are interested in
this work (or automated fact-checking)! :-)

Email: maxg216@gmail.com
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