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Chapter 1
Introduction

The dissertation you are holding in your hands, as well as my long-term research, centers
around the field of automated fact checking through the means of Natural Language Pro-
cessing (NLP) and its modern methods. The work consists of the analysis of the whole
fact-checking process, its subdivision, and simplification into tasks that can be efficiently
addressed using the current state-of-the-art NLP methods, collection of data appropriate
to benchmark such tasks, delivery of example solutions and their validation against similar
research in other languages and related tasks.

The main focus of mine and of our research group are the fact-checking-related tasks
in English, in the West Slavic languages (Czech, Slovak, and Polish) and multimodal
setting where images and texts are combined. My contribution includes the collection and
publication of novel datasets for the fact-checking task and its subroutines, trained models
for these tasks, and metric frameworks that rate model behaviour in terms close to the
human notion of facticity [Koto et al), 2020; Wright et all, 2022].

This dissertation covers every step on the path from gathering a factual claim — for
example, extracting it from a political debate — to predicting its veracity verdict and
justifying it with source-grounded evidence. With the recent boom in NLP beginning
with transformer networks and later Large Language Models (LLMs) [Zhao et all, 2023],
few-shot learning [Brown et all, 2020a] and prompting [Liu et all, 2023a], a significant
part of this work is the adoption and evaluation of rapidly evolving state-of-the-art NLP
solutions in our specific context.

Overall, this dissertation follows up on my published research on fact-checking in Czech
and extends it to other languages and modalities, while shifting from a pure pre-training
& fine-tuning paradigm toward computationally feasible LLM-based methods [Chen et all,
2023].

My central focus within the whole fact-checking scheme is the step of claim generation,
treated as a benchmarkable NLP task adjacent to abstractive summarization. Benchmark-
ing this task requires metrics that properly reflect phenomena such as model hallucinations
— a common problem of modern-day LLMs [Ji et al), 2023]. As the exact word-level met-
rics for NLP generative tasks do not correlate well with human judgement [Zhang™* et al.,
2020] and model-based metrics are hard to explain, my research also focuses on delivery
of a set of human-understandable model-based metrics.

This dissertation presents the adopted directions, the reasoning behind them, the re-
search questions, and the results obtained. TODO: Add an explicit RQ list and a short
contribution map (RQ — chapter findings) in this chapter.



1.1. Motivation

POLITIFACT
Ted Cruz
stated on August 30, 2023 in A post on X.:
“(President Joe) Biden is eatse
trying to limit you to two

TRUTH-O-METER™

beers per week.” r _J

IF YOUR TIME IS SHORT

* President Joe Biden has not said he plans to impose a two-
Q beer-a-week limit on Americans.

% ¢ The director of the National Institute on Alcohol Abuse and
By Sarah Bahari Alcoholism said the U.S. may follow Canada and
recommend adults consume only two drinks per week.

e Evenifimplemented, it is arecommendation, not a
mandate.

See the sources for this fact-check

Figure 1.1: A real-world example of fact checking done by https://politifact.org

. 1.1 Motivation

The spread of misinformation in the online space has a growing influence on the Czech
public n\textsf{ STEM}, b021]. It has been shown to influence people’s behaviour on the
social networks [Lazer et all, 2018] as well as their decisions in elections [
bentzkowl, l2017|], and real-world reasoning, which has shown increasingly harmful during
COVID-19 pandemic [tBarua et al.|, fZOQd] and the Russo-Ukrainian war [,
2022].

The recent advances in artificial intelligence have unintendedly contributed to the spread
of misinformation on social media [tBuchanan and Bens0n|, I201d], as well as they hold a
large potential for the false content generation ﬂSebastianL l2023|].

Over the past years, research has shown promising results [rl“horne et alj, l2019h in false
claim detection for data in English, using a trusted knowledge base of true claims (for
research purposes typically fixed to the corpus of Wikipedia articles), mimicking the fact-
checking efforts in journalism.

Fact-checking (Figure ) is a process of matching every information within a factual
claim to its evidence (or disproof) in trusted data sources to infer the claim veracity and
verifiability. In exchange, if the trusted knowledge base contains a set of “ground truths”
sufficient to fully infer the original claim or its negation, the claim is labeled as supported
or refuted, respectively. If no such evidence set can be found, the claim is marked as
unverifiable®.

. 1.2 Automated Fact Checking

Despite the existence of end-to-end fact-checking services, such as |politifact.oré or
, the human-powered approach shows weaknesses in its scalability. By design,
the process of finding an exhaustive set of evidence that decides the claim veracity is much

'Hereinafter labeled as NOT ENOUGH INFO, in accordance to related research.
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1.3. A word on the Transformers
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Figure 1.2: Automated fact-checking pipeline, reprinted from [Guo et al), 2022]

slower than that of generating false or misguiding claims. Therefore, efforts have been
made to move part of the load to a computer program that can run without supervision.

The common research goal is a fact verification tool that would, given a claim, semanti-
cally search the provided knowledge base (stored, for example, as a corpus of some natural
language), propose a set of evidence (e.g., k semantically nearest paragraphs of the corpus)
and suggest the final verdict (Figure 1.2) [Guo et al), 2022]. This would reduce the fact-
checker’s workload to mere adjustments of the proposed result and correction of mistakes
on the computer side.

The FactCheck team at AIC CTU explores and adapts state-of-the-art methods for fact
verification and related tasks in multiple languages, curates datasets, and develops strong
baselines for Czech and English.

. 1.3 A word on the Transformers

For the past nine years, the state-of-the-art solution for nearly every Natural Language
Processing task is based on the concept of transformer networks or, simply, Transformers.
This has been a major breakthrough in the field by [Vaswani et alJ, 2017], giving birth to the
famous models such as Google’s BERT encoder [Devlin et al), 2019a] and its descendants,
or the OpenAl’s GPT-3 decoder [Brown et all, 2020a] and GPT-4 [OpenAl, 20234 that are
used in the booming online AI service ChatGPTE.

In our proposed methods, we use Transformers in every step of the fact verification
pipeline. Therefore, we would like to introduce this concept to our readers to begin with.

Transformer is a neural model for sequence-to-sequence tasks, which, similarly, e.g., to
the LSTM-Networks [Cheng et al., 2016], uses the Encoder-Decoder architecture. Its main
point is that of using solely the self-attention mechanism to represent its input and output
instead of any sequence-aligned recurrence [Vaswani et al), 2017].

In essence, the self-attention (also known as the intra-attention) transforms every input
vector to a weighted sum of the vectors in its neighbourhood, weighted by their relatedness
to the input. One could illustrate this on the euphony in music, where every tone of a
song relates to all of the precedent and successive ones, to some more than to others.

The full Transformer architecture is depicted in Figure [1.3.

. 1.4 Dissertation outline

B Chapter 1 introduces the dissertation topic, motivation, and scope

2https://chat.openai.com
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Figure 1.3: Transformer model architecture, reprinted from [Vaswani et all, 2017]

B Chapter 2 examines the most relevant research and the shift from single-task fine-
tuning to general-purpose LLMs

B Chapter 3 explains our current contributions to the field of automated fact-checking
and NLP in Czech

B Chapter 4 presents the claim extraction task, datasets, metrics, and model compar-
isons

B Chapter5 describes our AVeriTeC shared-task system and analysis

B Finally, Chapter 6 concludes the dissertation with a wrap-up of findings

TODO: Synchronize this outline with the final chapter set if additional synthesis chapters
are added.



Chapter 2
Evolving methods

This chapter describes the originally popular models for general NLP, such as BERT,
and the recent paradigm shift from the pretrain + finetune transfer-learning framework
popular since [lDeVlin et alL |20193|] to currently dominant LLMs, which often outperform
smaller models even without task-specific fine-tuning [|OpenA]1, |2023al; rfouvron et alL
l2023al; |Vicunal, |202Eﬂ]. It also covers optimization methods that enable training multi-
billion-parameter pre-trained models on a single GPU and their relevance for this disser-
tation.

To connect these trends to our core topic, this chapter summarizes published approaches
to automated fact-checking, claim generation, and evaluation of NLP model outputs.

. 2.1 Pretrain + Finetune

For the last decade, the pretrain-finetune paradigm has been a cornerstone in Natural
Language Processing (NLP). It has significantly shaped the development of modern NLP
models. Its use in NLP can be traced back to the advent of neural networks and deep learn-
ing in the early 2010s. Initially, researchers pre-trained word embeddings using methods
like Word2Vec [IMikolov et alL 013|] and GloVe [tPennington et alL l2014|], which captured
semantic relationships among words and then tweaked the general-task models for various
related tasks.

Il 2.1.1 BERT and derivatives

The pretrain-finetune paradigm truly rose to fame with the introduction of transformer-
based models, particularly the revolutionary BERT (Bidirectional Encoder Representa-
tions from Transformers) in 2018. BERT [lDevlin et all, bOlQah demonstrated the power of
pretraining large-scale language models on massive text corpora using an easy-to-automate
general task such as Masked Language Modeling, or Next Sentence Prediction, followed
by fine-tuning on specific downstream tasks using smaller, harder-to-obtain data. This
approach achieved state-of-the-art results across various NLP benchmarks. Subsequently,
numerous variations of pre-trained models like GPT (Generative Pre-trained Transformer)
and RoBERTa emerged, each refining the pretrain-finetune paradigm to improve language
understanding, generation, and transfer learning capabilities.

Importantly, BERT’s success inspired many publications in training similar transformer
models, varying in the definition of the general pre-training task, model size, architecture
training corpus

B [n Czech language, monolingual models CZERT [bido et al.|, |2()2]h, FERNET
land Sved, bOZ]J], RobeCzech [btraka et alj, bOZﬂ], and small-e-czech [,

5




2.2. Few-shot and Zero-shot learning

] are available for further finetuning

B [n Polish, HerBERT [IMroczkowski et alj, l202]h achieved state-of-the-art in multiple
tasks in 2021

B In Slovak, SlovakBERT [lPikuliak et alL IZOQ]J] was released by KInIT and Gerulata

B A multitude of multilingual models, such as M-BERT or XLM-ROBERTA [
, ] were pre-trained on data in all three of these languages (and many others),
proving that the large transformers can capture a notion of semantics and relations
between pieces of text even without the convenient constriction of a single language

. 2.2 Few-shot and Zero-shot learning

The ever-growing (sometimes billions of parameters in size) transformer models have not
only demonstrated superior performance on benchmark datasets but have also shown
remarkable zero-shot and few-shot learning abilities, where they can perform tasks with
minimal or no task-specific training data [lBrown et al.|, IZOQOaI].

Few-shot learning refers to the capability of a model to perform a task when provided
with only a limited amount of labeled examples. Zero-shot learning takes this concept
a step further by enabling models to tackle tasks they have never seen during training.
The integration of these learning paradigms into large language models like GPT-3 and
subsequent iterations has spread the NLP hype even further. By utilizsing a prompt or a
few examples, these models can quickly adapt to new tasks, making them highly versatile,
adaptable, and usable to the general public.

B 2.2.1 OpenAl LLMs: GPT-3 and GPT-4

In 2020, the few-shot learning was exhibited on GPT3 — a 175B-parameter autoregressive
model trained by [lBrown et all, I‘ZOQOah. The model was trained on the task of generating
text based on user’s and its own previous outputs. The training procedure and data” is
thoroughly described in the publication. However, it is prohibitively costly for most labs
to reproduce or even fine-tune at such a scale.

In the fall of 2022, GPT-3 became widely popular thanks to its ChatGPTE fine-tune and
demonstration app, which puts the user in the role of prompter, texting back and forth
with an LLM that predicts the most fitting reply to each conversation.

With the arrival of GPT-4, the ChatGPT was already massively famous, and the new
model already shipped with a paid-service business scheme no longer publishing the train-
ing data, tasks, or even model size [F ipenAi, 5023;].

. 2.3 Opensource LLMs

This puts the research community in an awkward position, as the GPT-4 achieves state-of-
the-art in numerous NLP benchmarks [lOpenA]L b023a|; lLiu et al], |2023b|], but is designed
not to be used in any way other than as a black box, making the derived research rigorosity
and reproducibility disputable.

LA mixture of crawled websites, books, and Wikipedia.
2https ://chat.openai. con{
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2.3. Open source LLMs

From the prediction times, OpenAl claims, and general trends in NLP, there are also
reasons to believe that GPT-4 is orders of magnitude larger than already wasteful GPT-3.
This motivates an uptick in research of other LLMs that would be able to operate on a
smaller scale with similar results, using a peer-reviewed architecture, training scheme, and
data that is available in open source.

l 2.3.1 LLaMA-2 and derivatives

A popular foundational LLM to compete with the GPT family has become the LLaMA [Tou
vron et al), 2023a] from Meta research. LLaMA was trained on about 5TB of publicly
available textual data® mainly in English.

It comes in various sizes between 7B and 65B parameters, achieving a SOTA among
open-source solvers in various tasks and an unmatched performance in the field of single-
GPU (7B and 13B) model sizes. LLaMA proceeds to be used as a goto base model for a
number of successful open-source chatbots such as Alpaca [Taori et al), 2023], Vicuna [Vi-
cunal, 2023], and OpenAssistant [K“o”pf et al), 2023].

The pre-trained LLaMA weights are, however, published under a restrictive license that
prohibits republishing the model weights even after tuning its parameters, which limits
its fine-tuners to publishing delta- or xor-weights that can not be properly used without
Meta’s permission.

LLaMA-2 [Touvron et al), 2023b] addresses this inconvenience (as well as delivers its
own take on the chatbot task), yielding an ideal strong base model for experimentation
with any NLP task in 7B, 13B, and 70B sizes. The only obstacle left in the way is the
computational cost of fine-tuning across so many parameters.

Il 2.3.2 LoRA and other optimization

To be able to fine-tune multi-billion-parameter models such as LLaMA-2 [Touvron et al.,
2023b] on a single TPU, successful approaches have been published to dramatically cut
down the training expenses. Parameter-efficient fine-tuning (PEFT) [Liu et al., 2022]
proposes approaches to only fine-tune a few weights as opposed to the whole neural net-
work, reducing the number of trainable parameters by orders of magnitude. Low-Rank
Adaptation of Large Language Models (LoRA) [Hu et all, 2021] does so by freezing the
pre-trained model weights and injecting trainable rank decomposition matrices into each
layer of Transformer architecture.

Quantization, which cuts the costs of working with 32- or 16-bit float parameters and
opting for data types of bitsize as small as 4, also proves to be a powerful tool for LLM
finetuning performance optimization [Dettmers et al,, 2023]. Quantized QLoRA takes
LLaMA and finetunes it into a Guanaco model family, which outperforms all previous
openly released LLMs on Vicuna benchmark [Dettmers et all, 2023] and achieves 99.3%
of the ChatGPT’s performance on it while only requiring 24 hours on a single GPU.

As per an alleged leaked Google memo [Patel and Ahmad, 2023], this trend could shift
state-of-the-art NLP progress back toward open-source and public research, reducing any
single-company “moat” advantage.

Either way, these results show that open-source LLMs are a central approach for the
NLP task of Automated fact checking.

3To be specific, LLaMA was trained using an autoregressive language modeling task on a mixture of
English CommonCrawl Corpus, C4 [Raffel et al|, 2019], Github, Wikipedia, Gutenberg Project, Books3
corpus, ArXiv and Stack Exchange



2.4. Retrieval-augmented generation

l 2.4 Retrieval-augmented generation

Retrieval-augmented generation

. 2.5 Fact checking approaches

Back in the late 2010s, the misinformation and its spread in the era of the internet and
social media became a discussed topic in the Western world, with multiple institutions
such as the FEuropean Council marking it a severe threat to democracy and national
safety [lWardle and Delrabkhshan|7 bOl?h. The public attention and maturation of appropriate
technologies motivated numerous efforts in business and academia to tackle the challenge.
Among other events, a Fake News Challenge occurred in 2017 [lPomerlau and Raol, bOl?h
exploring the uses of technologies in the field and applying, for example, the LSTMs to
detect stances among textual data [lHanselowski et al.|, lZOl .

B 2.5.1 FEVER and followups

Soon, standard tasks began to be formulated and data collected. The FEVER (Fact Ex-
traction and VERification) ”Thorne et alL l20183h dataset and shared task became promi-
nent in natural language processing research. Relatively early on, it formalized the task
as a two-step problem:

1. Retrieving information within a structured corpus to fact-check a given claim (this
resembles a standard NLP problem called information retrieval — IR)

2. Classifying the inference relation between retrieved information and claim as one of:

a. supports — information semantically implies the claim
b. refutes — information semantically implies the negation of the claim

c. not enough info otherwise

This classification task became known as natural language inference and mostly re-

placed the previous binary classification NLP task of recognizing textual entailment
(RTE)

The FEVER dataset was a collection of 185K human-annotated claims, their veracity
labels, and sets of evidence from a structured corpus that sufficed to justify the labels.
The corpus of choice was a 2017 English Wikipedia structured into articles due to its
reasonable size, informational richness, and open license.

FEVER yields an interesting benchmark with statistically quantifiable model success,
motivated multiple well-performing public solutions [rfhorne et al.|, hOlSd, I201d], gives
insights into the complexities of automated fact-checking task, and strong baselines for
research in the field. The data was later enriched by contrastive evidence in Vitam-
Iizm_C1| [ISchuster et alj, |202]J] and by reasoning over tabular data in FEVEROUS [,

021].

4Is Wikipedia a trustworthy informational canon, though? No, it is not supposed to — FEVER states
that it is crucial to always maintain that the fact-checking classifiers only classify with respect to data, and
their reliability goes only as far as that of the underlying knowledge corpus. Therefore, supports does not
directly translate to true, nor refutes to false



2.5. Fact checking approaches

“ e= Open-Domain Fact Checking (Bing API & GPT-3.5)

This is a prototype CEDMO application to fact-check a real-world text.

Text to extract N = éésteéné Sou hlaSI'

Stfiz se jednozna&né vyjadril, Ze ministr spravedInosti Pavel Je Pavel Blazek ministr spravedlnosti?
BlaZek neni provérovan.
Pavel Blazek — Wikipedie

Pavel BlaZek (* 8. dubna 1969 Brno) je cesky pravnik, v letech 2012
a7 2013 ministr spravedinosti CR ve vIadé Petra Ne¢ase a znovu
od prosince 2021 ministr spravedinosti CR ve vIadé Petra Fialy, v
letech 2010 az 2014 mistopredseda ODS, od fijna 2013 poslanec
Poslanecké snémovny PCR, v letech 2002 a7 2014 zastupitel

Speaker

Eva Decroix

Affiliation I:n‘ésta “
. Souhlasi
oDbs Pavel Blazek | Vldda €R - vlada.cz

Pavel Blazek. ministr spravedinosti. Pavel Blazek se narodil v Brné,
Date kde vystudoval Pravnickou fakultu Masarykovy univerzity. V letech
1992-2002 pusobil jako interni uéitel na Pravnické fakulté MU v
Brné, obor spravni pravo a spravni véda.
11 Upiny vymysl

a “ Je Pavel Blazek provérovan?
ear

Pavel Blazek - Wikipedie

20.08.2023

Prezident republiky jej ¢lenem Necasovy vlady jmenoval 3.

¢ervence 2012 v 10 hodin. Obvinéni z trestného ¢inu Dne 31.
Cervence 2012 publicista Jan Urban a obecné prospésna
organizace Kverulant.org zvefejnili prohlasenti, ve kterém obvinili
Pavla BlaZka ze spachani trestného ¢inu podle § 209 trestniho
zakoniku — podvodu.

_. Casteéné souhlasi

Figure 2.1: Proof-of-concept Czech fact-checking based on live-internet search (Bing API) and
LLM prompting, based on the proposals of [bhen et all, 2023] in Czech, using a real-world
claim that was fact-checked by Eemagog. cgl in June 2023

To date, it keeps being a reference point in automated fact-checking research despite its
limitations, such as its requirement for a fixed knowledge base and “atomicity”® of claims.

B 2.5.2 Open-domain fact-checking

Due to these limitations, some researchers consider the scheme from FEVER an oversim-
plification — the real politics’ claims to be fact-checked by journalists often consist of long
syntactical structures, combine information together in a non-trivial manner and often
require the most up-to-date evidence.

“Complex Claim Verification with Evidence Retrieved in the Wild” [|Chen et al.|, |2023h
proposes a different scheme that overcomes these shortcomings:

1. Arbitrarily complex claim is decomposed into a set of yes/no questions

2. An open-domain search (Bing is proposed in the paper) fetches several evidence doc-
uments for each question

3. A claim-focused summary is extracted from each document

4. A veracity classifier goes through each pair of evidence and question, ranging from
“faithful” to “completely wrong”

5. The scores are combined (all need to be “faithful” for a faithful claim. Otherwise, the
severity of inaccuracies can be approximated using some averaging.

5See section |§.4. 1



https://demagog.cz/vyrok/22849

2.6. Claim generation

GPT-3 is used in steps 1, 3, and 4 of the scheme in the prototype delivered in [Chen
et all, 2023] in a few- and zero-shot fashion, with few-shot unsurprisingly coming out a little
better. The scheme is transducible to Czech, and Figure 2.1 shows my early experiments
with my interactive reproduction of it, predictors based on Bing and GPT-3.5 (a polished
version of GPT-3).

While the shift from an established FEVER framework to complex real-world claims
and evidence retrieval “in the wild” feels exciting and practical, an obvious pitfall arises
— anyone can publish anything on the internet, having it appear in Bing search and other
crawlers alike. I argue that this might lead into a sort of a circular dependency of needing
to reliably fact-check the evidence we have retrieved from the web in order to be able to
build a reliable fact-checker in the first place.

Anyhow, the open-domain fact-checking idea opens a whole new range of approaches
and shows the power of LLMs in fact-checking at its every step.

. 2.6 Claim generation

Another step of the fact-checking pipeline, covered by very few research publications, is
the generation of the claim to be checked in the first place [Guo et all, 2022].

The current state of things is that journalists who fact-check statements within, say,
a Facebook status, need to read through the whole document multiple times, formulate
its factual claims from the stances and facts expressed in the text themselves, and then
fact-check each separately.

What has been examined so far were, for example:

B Using Question Generation (QG) solver and converting the questions into declarative
sentences to emulate more claims and more data for fact checking [Pan et all, 2021]

B Numerous CLEF CheckThat! challenges explored the task of estimating checkworthi-
ness of different parts of a long text, such as lines in a political debate [Elsayed et all,
2021; Nakov et all, 2021]

B The task of extreme summarization (XSum) consists of summarizing a long body of
text into a single sentence, focusing on its most relevant aspects and facts. Large
datasets XSum [Narayan et al), 2018] in English and XL-Sum [Hasan et al., 2021] in
44 languages both present expertly annotated data from BBC News for it, as their
article standard features a single-sentence summary at the beginning of each text.

Il 2.6.1 NLPsummarization benchmarking

An important caveat to note with the NLP tasks reducing longer text to shorter text —
such as summarization or claim extraction — is that the standard automatic metrics such
as ROUGE [Lin, 2004] and METEOR [Banerjee and Lavie, 2005] only focus on the content
selection aspect of tasks, based on a word-by-word overlap and were designed to use on
multiple gold summaries per input, which are not often provided with modern large-scale
datasets. [\textsfNLP-Progress, 2023; Zhang* et al., 2020; Zha et al), 2023]

These serious limitations make it questionable for anyone to claim state-of-the-art on
these tasks and motivate research for new metrics to cover all the important aspects of
claim generation and do so in correlation with expert human judgment.

These benchmarking limitations are addressed in Chapter 4, section 4.4, where the
claim-extraction metric framework is formalized and validated.
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Chapter 3
Current contribution

We collected novel data for fact-checking in our application context, emulated and scraped
previously unavailable datasets, made these resources public where licensing allows it, estab-
lished strong model baselines, and formalized claim generation as a summarization-related
NLP task.

l 3.1 Datasets

Having the automated fact-checking scheme established in chapter , every machine-
learning solution must start with the choice or collection of appropriate training data.
Due to the novelty of the task in Czech and other West Slavic languages, I explored a
multitude of ways to acquire such data, many of them resulting in a publicly available
dataset in our Huggingface repository®, beginning to be reused by others.

B 3.1.1 CsFEVER

An early “temporary benchmark” for our endeavors in adapting the FEVER [,

task for the Czech context was the CSFEVER [lUllrich et al], l2023ah dataset.
E_llrica

In | , ], I have proposed a simple FEVER data transduction scheme that can
be simplified as follows:

1. Each FEVER claim is translated using a Machine Translator

2. Evidence from English Wikipedia is not translated using MT, but mapped onto its
Czech-Wikipedia counterpart using the publicly available Wikidata

3. Data with any loss in evidence due to step 2. is discarded

This design was relatively cheap to compute (as translating the whole 2017 Wikipedia
corpus would have been a long and wasteful computation), delivering an open-license
dataset of 127K claims, their labels, and evidence justifications. My hope was, as both the
2017 EnWiki and our 2020 CsWiki corpus only featured the first paragraph (abstract) of
each article, a document-level alignment could be assumed — both the Czech and English
text always summarize the basic facts about the same entity.

This showed to be only partly true as a later human annotation on a 1% sample of
CSsFEVER data showed that about a third of data exhibits some levels of noise, mostly
introduced during dataset translation [|Ulh"ich et al.|, l2023ah.

1https ://huggingface. co/ctu-aid
2Used, for example, for showing the “see this article in other languages” suggestions in Wikipedia
sidebar
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3.1. Datasets

While noisy, the CSFEVER data still got its use in the training of the information
retrieval schemes of [tRypaIL bOQ]J; k}aéol, l202]J; tUllrich et alj, l2023ah used to this day and
is openly available? under a CC license.

My research on it also motivated the creation of an inference-only version of the dataset,
which does not support the Information Retrieval task and, therefore, does not require the
mapping of evidence into a live version of Wikipedia. Therefore, only the EnWiki excerpts
needed to build evidence can be translated, bringing down the computational difficulty and
enabling me to deliver a dataset without the transduction noise called CSFEVER-NLIE.

Another round of research CSFEVER motivated, and I supervised, was the successful
thesis of [, ] modernizing the data and machine-translation methods into the
2023 state of the art. [, ] further experimented with methods of automated
noise detection and removal, which has not shown to be an efficient way to tackle the issue
of high noise in CSFEVER.

Anyhow, it delivers a partly cleaned version of itE and motivates data generation meth-
ods based on claim generation schemes such as [lPan et alj, tZOQ]h. TODO: Add a short
thesis-level summary of which CSFEVER limitations are solved by the claim extraction
pipeline in Chapter@.

B 3.1.2 FCheck annotations platform

The imperfections in translated CSFEVER data, as well as collaboration with CTK and
the Faculty of Social Sciences, led me to design a natively Czech hand-annotated dataset
that reduces translation noise and replaces rigid Wikipedic data with a more “real world”
news-report _corpus of CTK.

Figure shows an open-source platform FChecka I developed to collaborate with 316
FSV CUNI students of on a collection of novel dataset in Czech using CTK data as a
ground truth corpus.

https://huggingface.co/datasets/ctu-aic/csfever]
https://huggingface.co/datasets/ctu-aic/csfever_nli

https://huggingface. co/datasets/ctu—aic/csfever_vﬂ

https://fcheck.fel.cvut. cz{ (testuser), source at: Eithub. com/aic-factcheck/f check—annotations-platforn{

DUt s W
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3.1. Datasets
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Figure 3.1: FCheck — a platform for fact-checking data collection developed for TACR project;
collects data for claim generation, information retrieval, and natural language inference tasks

We have established a 4-step annotation procedure inspired by the time-proven method-
ology of [IThorne et all, I2018a|] where check-worthy paragraphs are first hand-picked among
samples from the whole archive of CTK’s 3.3 M news reports published between 1 January
2000 and 6 March 2019. Then, the annotator is sampled such a paragraph and asked to
extract claims from it, i.e., formulate single-sentence summaries of some facts that appear
in the paragraph. This claim is always supported by the data, so the next phase is to
perturb the claim by the annotator’s world knowledge and form the claim mutations —
substitutions of entities, generalizations, specifications, paraphrases or negations of the
original claim. The mutated claim is then fact-checked by (typically) another annotator,
using the CTK data narrowed down to a reasonable number of relevant articles (in an IR
sense) as supportable, refutable or not enough info, providing a set of evidence as a verdict
justification.

The whole application is running on multiple levels — a yii-framework-powered PHP app
is running the annotation interface, while a flask server in Python is running our models
based on TF-IDF [lChen et al.l, }2017]] and mBERT (section ) for information retrieval
trained among other data on the CSFEVER dataset (section ) The models are
solving the Information Retrieval task on-demand (with cache) on the proprietary CTK
corpus whenever the annotation app needs it to provide context to the fact-checker.

The scheme and its implementations are exhaustively described in [, ], chap-
ter 4, and in [IUllrich et all, h023a|], also chapter 4. Multiple “cross-annotations” were
collected for each claim to measure agreement and give insights into task complexity.

B 3.1.3 CTKFacTts

After completing the first year of annotation experiments, we have extracted a total of
3,116 multi-annotated claims. 47% were SUPPORTed by the majority of their annotations,
REFUTES and NEI labels were approximately even, the full distribution of labels is listed
in Table @
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3.1. Datasets

CTKFacts uncleaned, balanced CTKFActs (launch) cleaned, stratified
SUPPORTS REFUTES NET SUPPORTS REFUTES NETI
train 1,164 549 503 1,104 556 723
dev 100 100 100 142 85 105
test 200 200 200 176 79 127

Table 3.1: Label distribution in CTKFACTS splits before and after cleaning. Reprinted
from [[Ullrich et all, 2023a]

Of all the annotated claims, 1,776, that is 57%, had at least two independent labels
assigned by different annotators. I used this multiplicity to assess the quality of our data
and the ambiguity of the task, as well as to propose annotation cleaning methods used to
arrive at our final cleaned CTKFACTS dataset.

Il Inter-annotator agreement

Due to our cross-annotation design, I had a generously sized sample of independently an-
notated labels in our hands. As the total number of annotators was greater than 2, and
as missing observations were allowed, I have used the Krippendorff’s alpha measure [Krip-
pendorfl, 1970] which is the standard for this case [Hayes and Krippendorff, 2007]. For
the comparison with [Thorne et all, 2018a] and [N\orregaard and Derczynski, 2021, I also
list a 4-way Fleiss’ k-agreement [Fleiss, 1971] calculated on a sample of 7.5% claims.

I have calculated the resulting Krippendorff’s alpha agreement to be 56.42% and Fleiss’
k to be 63% and interpreted this as an adequate result that testifies to the complexity
of the task of news-based fact verification within a fixed knowledge scope. It also en-
courages a round of annotation-cleaning experiments that would exploit the number of
cross-annotated claims to remove common types of noise.

B CTKFacTs publication

CTKFAcTs dataset was then subject to a thorough human-in-the-loop data cleaning until
a 100% agreement among the data was reached, in order to remove data that contains
obvious noise and reveal phenomena that lead to erroneous annotations. The full process,
as well as its results, are described in [[Ullrich et al., 20234].

Ultimately, a dataset of 3.1K thoroughly cleaned data points in the form of a factual
claim, its veracity label and justifications consisting of CTK paragraphs was published in
a version for Information Retrieval” for those who have access to the CTK knowledge base
to retrieve from, as well as in a special version for the task of Natural Language Inference®
containing all the required CTK excerpts we have negotiated to publish under open license
for everyone to use.

The datasets have become our standard benchmark within the AIC NLP group [Semin,
2023; Mlynéi, 2023] and are already being referred to and reused in external research [Ste-
fanik et all, 2023].

Il 3.1.4 Other NLP datasets in West Slavic languages

Over time, we have accumulated numerous datasets in Czech and other Slavic languages
that had previously been poorly covered or unavailable. For the convenience of others,

"https://huggingface.co/datasets/ctu-aic/ctkfacts
8https://huggingface.co/datasets/ctu-aic/ctkfacts_nli
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3.2. Models

most of them are already listed in our public repositories. Let us mention some significant
examples:

1. We have machine-translated the most popular NLI training and benchmark datasets
such as Stanford NLI [lBowman et al.|, |2015|], Adversarial NLI [|Nie et al.|, }2019b|] and
MultiNLI [|VVilliams et alJ, bOlSh picking a machine translator empirically for each
dataset between DeepL. [\textsfDeepl], mn, Google Translate [l\textstooglel, b02]h
and CUBBITT [Popel et all, 2020].

The resulting datasets are maintained at our public repositories:

a. |https ://huggingface. co/datasets/ctu—aic/snli_cs|

b. |https ://huggingface. co/datasets/ctu—aic/anli_cs|

c¢. https://huggingface.co/datasets/ctu-aic/multinli_cs

2. For claim generation in Czech, we adapted related datasets and use:

a. CTKSum - |https ://huggingface.co/datasets/ctu-ai c/ctksurrl based on source

articles and extracted claims within the original CTKFACTS set

b. FEVERSum (based on FEVER Wikipedia abstract and extracted claims) —
https://huggingface.co/datasets/ctu-aic/fever-sun

c. Its DeepL translation CsFEVERSum — bttps://huggingface.co/datasets/1
ktu—aic/csfever—suﬂ

d. Our reproduction of a crawled Slovak summarization dataset described by E upp;
nd Adamec{, l202d] SMESum based on articles from |https ://sme. skl — https :|

/huggingface.co/datasets/ctu-aic/smesu

Some of the data used to be restricted to private repositories, but with this dissertation
most of them are published after licensing review. If some of the repositories the reader
might be interested in would not be reachable, please request access to the
huggingface.co/datasets/ctu-aic organization to be able to see into the private part
of our dataset library.

B 3.2 Models

The most significant pre-trained models I have made public address two tasks — the Natural
Language Inference and Claim Generation viewed as a form of Abstractive Summarization
task.

Il 3.2.1 Natural Language Inference

My previous work [|Ullrich|, l202]]; |Ullrich et alL b0233|] also focused on establishing a strong
starting state of the art on our own datasets in the tasks of NLI. In my publications, 1
have tried and compared a multitude of neural networks for the tasks, ultimately arriving
at the following:

H XLM-RoBERTA-Large@XNLI@CSFEVER-NLI, a model with 561M parameters trained
on_100-language CommonCrawl corpus finetuned on multilingual XNLI [
, ] inference dataset and then finetuned again on the CSFEVER-NLI task
yields an unmatched 73.7% F1 macro score on the denoised CSFEVER-NLI inference
task: https://huggingface.co/ctu-aic/xlm-roberta-large-xnli-csfever_nlil
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3.2. Models

H XLM-RoBERTA-Large@SQuAD2, a model version finetuned on a Question answer-
ing SquAD2 [Rajpurkar et al., 2016] task has shown remarkable practicality in my
NLI applications and after task-specific finetuning, it was able to tackle:

1. CTKFaAcTsSNLI® task with 76.9% macro-F1
CSFEVER! (noisy) task with 83.2% macro-F1

3. The original English FEVER NLI task [Thorne et all, 20184; Nie et al), 20194,
achieving 75.9% macro-F1 and a significant superiority over previous shared task
winner [Nie et alj, 2019a] (which had 69.5 macro-F1 with NSMNs)

B 3.2.2 Claim generation

In this dissertation, claim generation is treated as training models to output one or more
factual claims as fluent, atomic, decontextualized, and faithful single sentences. In sec-
tion 4.3, I propose the claim generation as an abstractive summarization setting, and
therefore, the models already have their practical use in the general task of summing up
longer texts into shorter ones.

As has been shown in section 2.6.1, the NLP summarization task does not have a reliable
standard benchmark that would capture all its required output qualities. Therefore, it
remains questionable to claim the state of the art on any summarization task, and I
proceed to present models that excel in our empirical tests and demonstrations for project
stakeholders:

1. mBART [Liu et al], 2020] multilingual Transformer model has been finetuned by
our team’s [Krotil, 2022] on SumeCzech and proprietary CNC News summarization
dataset on the “full text to headline” task, obtaining encouraging scores across nu-
merous summarization metrics in Czech.

I have taken this model a step further for the claim generation task, finetuning it on
the CSFEVERSum and CTKFAcTsSum datasets, yielding a working model for the
task.12

We also trained variants on Slovak:? and Polish’? data.

2. LLaMA-2 shows promising results when it comes to claim generation. I have fine-
tuned®? it using the QLoRA (section 2.3.2) approach, XL-Sum [Hasan et all, 2021]
dataset and a concatenation-based prompting strategy [Touvron et al), 20234, to
facilitate training across the entire length of input.

The prototype models were iterated with our CEDMO! project partners (fact-checkers
from European organizations), and their feedback informed model and interface refine-
ments. TODO: Add a compact table with the final offline/partner evaluation outcomes
used in this dissertation revision.

An application in the figure 8.2 demonstrates the single or multiple claim generation
task with our LLaMA-2 or mBART models for English and Czech texts, respectively —

https://huggingface.co/ctu-aic/xlm-roberta-large-squad2-ctkfacts_nli
Ohttps://huggingface.co/ctu-aic/xlm-roberta-large-squad2-csfever_nearestp
"https://huggingface.co/ctu-aic/xlm-roberta-large-squad2-enfever_nli
2https://huggingface.co/ctu-aic/mbart25-large-eos
Bhttps://huggingface.co/ctu-aic/mbart-at2h-cs-smesum—2
Mhttps://huggingface.co/ctu-aic/mbart-at2h-cs-polish-news3
Shttps://huggingface.co/ctu-aic/Llama-2-7b-xlsum-en

Shttps://cedmohub. eu
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3.2. Models

= | meeen Eactual Claim Extraction

[ Observatory

This is a prototype CEDMO application to extract factual claims from an arbitrary text.

He said this became possible after Kyiv liberated the [0: "Ukraine's foreign minister has said his
"strategically important" village of Robotyne in the country is "on the verge" of liberating the
Zaporizhzhia region. Russia's military says its forces are still southern city of Melitopol from Russian control." ,
holding on to the village. Ukraine seeks to cut the land 1: ‘"Ukraine is seeking to reopen a land corridor

corridor to Crimea, which Russia seized in 2014.

By doing so, Kyiv would split in two the land Russia

occupies in southern Ukraine, making Moscow's supply ]
lines more complicated.

Speaking at a recent meeting of French ambassadors in

Paris, Mr Kuleba said: "Having entrenched on its Flag
[Robotyne's] flanks, we are opening the way to Tokmak and,

eventually, Melitopol and the administrative border with

Crimea"

to Crimea in its south, Kyiv's foreign minister
Dmytro Kuleba has said."

O =

b= CS: MBart (CTK, Sumeczech+CNC)

Clear

Figure 3.2: Factual claim extraction application done for the CEDMO project

I put it together as a GRADIO interactive application and an API. Another interactive
application App Search @ developed by Jan Drchal [, ] demonstrates our
best-performing models for the whole fact-checking tasks, integrating the XLM-RoBERTas
trained on CSFEVER-NLI data.
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Al CENTER
N

Fact Search wipediacsm 202302720 snapshot) p

Results

FEL je fakultou CVUT. 10

10 found, search: 667 milliseconds, importances: 2 seconds, score: 0 milliseconds

Ceské vysoké u¢eni technické v Praze

[Supports .70% Tanseeini
Podrobnéjsi informace naleznete v €lanku Fakulta informaénich technologii €VUT. Fakulta informaénich technologii je nejmladsi fakultou €VUT, vznikla 1.
Eervence 2009 a sidli spolu s Fakultou architektury v Nové budové €VUT. Fakulta zamé&stnava celkem 131 akademikd.

Full Text

Source: Ceské vysoké ugeni technické v Praze

Fakulta elektrotechnicka CVUT

Fakulta elektrotechnicka €VUT (FEL €VUT)je fakulta €VUT s cca 3 100 studenty, 730 zaméstnanci a roénim rozpoétem presahujicim 800 milionG korun. Poslani
fakulty . Elektrotechnické fakulta EVUT vychovava odborniky v oblasti elektrotechniky, energetiky, softwarového inZenyrstvi, sdélovaci techniky, robotiky a
kybernetiky, automatizace, informatiky a vypocetni techniky. Je také centrem pro védeckou a vychovnou ¢innost v uvedenych oblastech.

Eull Text

Source: Fakulta elektrotechnickd CVUT

Figure 3.3: Automated fact-checking application “fact-search” verifying claims against Czech
Wikipedia using our SOTA models

18



Chapter 4
Automated Claim Extraction

TODO: Rewrite chapter-specific prose to match dissertation voice and remove remaining
paper-style copy where needed.

l 4.1 Introduction

Recent research in Natural Language Processing has extensively covered the case of auto-
mated fact-checking as a pipeline of retrieval and inference tasks [??]. As noted by m
, these steps alone do not represent the whole challenge human fact-checkers
face, notably omitting the step of coming up with the claims to be checked in the first
place.

FEVERFact document

Mother Teresa

She was born in Skopje (now the capital of
the Republic of Macedonia), then part of
the Kosovo Vilayet of the Ottoman Empire.

After living in Macedonia for eighteen +
years she moved to Ireland and then to
India, where she lived for most of her life.
In 1950 Teresa founded the Missionaries of
Charity, a Roman Catholic religious
congregation which had over 4,500 sisters

and was active in 133 countries in 2012. J

r
Mother Teresa lived most of her life in India.]
Mother Teresa lived in Macedonia
y for eighteen years.

Mother Teresa lived in Ireland.]
L

Figure 4.1: An example of claim extraction from the FEVERFACT dataset, constructed from
data published by ?. The three-sentence document (top) provides context; the middle sentence
is the extraction target. The claims (bottom) are human-annotated atomic factual statements
that can be extracted from it.

1X91U0))

Source sentence

Claims

The real-world factual claims may be scattered throughout a politician’s social network
post, pieced together from a debate transcript, distilled from a lengthy news article, etc.
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4.2. FEVERFACT Dataset

Research such as ? therefore proposes augmenting the fact-checking pipeline by the step
of claim detection, commonly modelled as classification of check-worthy claims within a
real-world text segmented into its sentences.

The claim detection paradigm, however, only kicks the can down the road — the detected
“check-worthy” parts of text still need to be processed by a human fact-checker [?] and re-
written into the form of a claim: a factual statement presenting the source text information
without the need of additional context in a single sentence.

The automated generation of such claims is desirable not only for the fact-checkers
themselves [?], but also for further research in the field [?] where the generation of claims
on top of large-scale corpora was shown to yield valuable data to train models [?].

In this chapter, we explore the abstractive methods of claim extraction, modelled as
one-to-many text-to-text task: after seeing the whole input text, the model is tasked to
formulate a set of claims it makes, as simple self-contained sentences faithful to the source.!
We construct a downstream task for the models — the FeverFact dataset — and compile
the criteria previously studied for extracting factual claims [??], proposing methods of
their automatic evaluation at scale.

This chapter explores claim extraction using generative methods in breadth, accumu-
lating a set of data, automated reference-based and reference-free metrics, and proposing
solvers for the task, yielding a complete scheme of automated generation of check-worthy
claims and measuring their qualitative properties.

B 4.1.1 Contributions

1. We publish the FEVERFACT dataset (Figure #.1) with 4.4K contextualised Wikipedia
sentences and a total of 17K check-worthy claims extracted from them by annotators.

2. We propose an automated evaluation framework for claim extraction reusable for
other generative fact-critical tasks, consisting of 6 metrics: Atomicity, Fluency, De-
contextualization, Faithfulness, Focus and Coverage. We compile current research
in the field to name the relevant metrics, as well as to find their scoring methods,
combined with novel ideas where appropriate (see Section 4.4).

3. We explore generative methods for extracting FEVERFACT claims — QACG from ?,
LLM prompting, and LM transfer learning, publishing our tuned models.

4. We annotate a blinded sample of generated claims to validate our evaluation frame-
work and challenge the benchmarks it produces.

. 4.2 FeverFAcT Dataset

In order to obtain a dedicated dataset, we utilise the FEVER Error Correction data
published by ?. Despite the dataset being designed for a different task, it releases a set of
17.5K truthful claims directly extracted from a sample of sentences of the 2017 Wikipedia
corpus. The annotation of these claims dates back to the WF1la task of the original
FEVER [Thorne et all, 2018bj], in which the annotators were instructed to extract 2-5
claims from a source sentence, being provided with its neighbouring sentences and page
title for context, as shown in Figure 4.1 — hereinafter, we refer to this whole body of text

LAn interesting close parallel for this task are the single-sentence summarization methods (also known
as extreme summarization) explored in Narayan et al] 201§ and ?, fine-tuning of which we examine as one
of the approaches in Section 4.3.
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4.3. Claim Extraction Models

as the FEVERFACT document. The original source sentence from which each claim was
extracted cannot be reproduced from the data, as each sentence is only represented by an
integer ID pointing to a mapping file within a deleted Amazon bucket.?

With a simple idea, we manage to reverse-engineer this mapping. We first group the
claims by the ID of their (unknown) source sentence, taking the most common Wikipedia
article among each group’s FEVER gold evidence. This should be the article the group
was extracted from, since all the WF1a claims were annotated to be true and only contain
the information from their source sentence, without any additional knowledge. We then
scan this article sentence-by-sentence using a Natural Language Inference (NLI) model,
looking for a sentence which entails the most of the claims in the group, tossing the
groups where no claim is entailed by any sentence due to noise in our method. Doing so
using a nli-deberta-v3-small [???] pre-trained CrossEncoder yields near-ideal results
— our annotation on a sample of 2% (89 sentences, 350 claims) of datapoints shows that
in 94.4% of cases the entire group of claims could be directly extracted from the reverse-
engineered source sentence, only using its neighbouring sentences and page title to resolve
coreferences.

Thus we release the dataset we call FeverFact: 4.4K three-sentence documents (plus
a page title), each annotated with a set of claims that may be extracted from its middle
sentence, for a total of 17K atomic factual claims. We split it into train, dev and test sets
in an 80:10:10 ratio, preventing the same page title from appearing in two different splits.

Il 4.2.1 FeverFacT Recall

In the wild, an ideal dataset for claim extraction would feature all check-worthy claims
that can be extracted from a given source sentence or even from the whole FEVERFACT
document. Such data is extremely hard to annotate due to the requirement for claim atom-
icity? — even relatively simple grammatical parallelisms such as zeugmata or compound
sentences can explode the number of relations that can be extracted from the sentence.

Even so, having a large enough sample of claims matched to a source text yields a
good approximation of which information within the text is check-worthy enough to be
extracted.

The original annotators were tasked to extract 2—-5 check-worthy claims from the source
sentence, producing a median of 4 claims per source. To probe whether this number is
enough, we perform Named Entity Recognition (NER) on both FEVERFACT claims and
their source sentences using NameTag 3 [Strakova et al), 2019], finding that the recall of
named entity words in FEVER claims is about 67% (taking source entities as a reference).
While such a metric is on the rough side, we conclude that the FEVERFACT claims cover
most of the information and are suitable enough to be used as a reference for reference-
based claim extraction metrics (Section 4.4.2).

. 4.3 Claim Extraction Models

Using the FEVERFACT dataset to train and evaluate claim generators, we model auto-
mated claim extraction as a “one-to-many” sequence-to-sequence task [?] — given a single
FEVERFACT document, predict a set of facts it claims. We experiment with prompt-
ing, transfer learning, and a NER-based baseline used on FEVER data previously in the
literature.

2As per direct communication with FEVER authors.
3Each claim describing a single entity or relation; see Section {.4.1.
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4.3. Claim Extraction Models

For all models, we do not provide any distinction (such as separators) between the

FEVERFACT source sentence and its context, feeding the whole FEVERFACT document
(Figure 4.1) to each model’s input. This is done experimentally, to test whether different
models are able to learn to focus only on the information relevant to the user (in our
case, arbitrarily, only the information claimed by the middle sentence) just from training
or few-shot examples. If so, this primitive example of “positional” relevance of input
information could motivate the collection of claim extraction datasets capturing more
challenging notions of relevant information to extract, such as check-worthiness of claims
scattered through a political debate or Twitter discourse [?].

1.

We experiment with the following models:

Question Answering for Claim Generation (QACG) [?] is an off-the-shelf
baseline. It has been built dedicatedly to generate claims: given an input text, its
named entities are extracted, fixing each entity e as an answer for a question @ to
be generated. The (Q,e) pair is then converted into a declarative sentence using a
QA-to-claim model, arriving at one factual claim for each of the source-text entities.

While being a valuable baseline, the entity-centric approach has its caveats: the
QACG pipeline has many steps, each a language model and therefore a point of
failure — a mistake in any step propagates to the result. QACG also lacks trainable
parameters for choosing the appropriate claims. If, for example, one wants to generate
claims from a debate, it does not have mechanisms to learn to omit recurring irrelevant,
entity-dense guest introductions.

LLMs and few-shot learning [?] has been recently a popular, universally well-
performing solution. Models such as GPT-4 [?] or Mistral-instruct [?] have been
shown to adapt well for similar tasks.

We examine gpt-4-turbo in a 3-shot setting and fine-tune Mistral-7b-instruct-v0.2
on our FEVERFACT train data using the quantised QLoRA [Dettmers et all, 2023]
approach with r = 64, & = 32 on 4 bits.

The GPT-4, however, is a black box, and the open-source LLMs are computationally
expensive. This motivates an examination of other methods that are reproducible on
much lower resources using easy-to-obtain data.

T5 transfer learning [?]: our small model of choice (based on preliminary experi-
ments) is t5-small-finetuned-xsum.

T5 was pre-trained on various text-to-text tasks using a span-corruption objective,
making it adapt well to our task despite a relatively small (3.5K FEVERFACT docu-
ments, 13.5K claims) training size. We found that fine-tuning on a single-sentence
summarisation dataset such as XSum [Narayan et al), 2018] and then on FEVERFACT
yields even better results, possibly due to similar task definition.

Two approaches were examined: first, where T5 was trained to output a concatenation
of all claims in a single prediction,? second, where T5 was tuned to output a single
claim per sentence (using our data as 13.5K document-claim pairs). In the prediction
stage, the latter approach was coupled with diverse beam search [?] decoding to gen-
erate an arbitrary number (k) of single-sentence claims per text, using & beam groups
and a diversity penalty of 1. Its competitive results are particularly encouraging, as
single-sentence summarisation data is easily available in other settings and languages
— XLSum [?] alone features data in 45 languages.

“The claims were then separated using PySBD [?].
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. 4.4 Evaluation Framework: Claim Metrics

To evaluate our models, we compile claim quality criteria introduced in other research.
Each predicted claim is checked to be faithful, fluent, atomic and decontextualised. A set
of claims extracted from the same document is measured to focus solely on its relevant
information and cover all of it. While the criteria above can be checked by human grading
as in 7, research such as Wang et al] 2020 and Koto et al, 2020 already proposes ways
of how to evaluate some of the qualities automatically, alleviating the need for human
grading of model outputs. In this section, we attempt to compile known evaluators for our
task, reducing each metric to an already well-explored NLP challenge, and then validate
our metrics against real human annotations on generated claims.

Il 4.4.1 Reference-free Evaluation Metrics

For the reference-free metrics which score each claim on its own, we use the criteria named
by ?: Atomicity, Fluency, Decontextualization, and Faithfulness, adapted from ?’s AIDA
(Atomic, Declarative, Independent, Absolute). To allow automated evaluation at scale,
we find the following reductions to known NLP tasks to replace human grading:

1. Atomicity — does the claim describe a single entity, relation, or process?

While real-world factual claims are not often atomic in the strict sense (i.e., claims
are typically more convoluted than “A is B” or “C does D”), breaking a more complex
factual statement into a set of atomic claims trivialises inference on top of such claims
and allows certain explainability [?], such as which parts of a complex statement
contradict which facts.

We propose the following scheme of atomicity classification of claim ¢, reducing it to
a Relationship Extraction task:

)1 if | RE(c)| <1
Ale) == { 0  otherwise
where the relation-extraction result is interpreted as a set of undirected relations
RE(c) = {{s1,t1},...}, in order to avoid counting symmetrical relationships like
(Trump, president_of, USA) and (USA, governed__by, Trump) twice.

For the RE solver, we recommend using REBEL [?] due to its manageable size and
end-to-end approach — other models may rely on entity-pair extraction and classifica-
tion [?].

We also experimented with a non-binary metric A’(c) = m, but during our
experiments, non-atomic model outputs were quite rare, so zeroing out the A score
worked best for averaging across a large number of claims.

2. Fluency — is the claim grammatically correct and intelligible?

The task of fluency, also referred to as grammaticality, is well studied in the literature,
with recent research modelling it as grammatical error detection (GED) and correction
(GEC) tasks.

The available techniques range from simpler ridge regression models based on lin-
guistic features [?] through using syntactic log-odds ratio (SLOR) [?] or perturbing
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claim words and characters to find local optima in the output probability using a lan-
guage model such as GPT-2 [Yasunaga et al), 2021] to prompting an LLM to obtain
a model-inferred score using few- or zero-shot learning [?].

The best-performing approach we studied revolves around CoEdIT [?] GEC model,
coupled with Scribendi score [?] to rate the improvement between each claim and
its CoEdIT correction. Scribendi score combines perplexity scores and Levenshtein
distance, yielding —1 for bad correction, 0 for no improvement, and +1 for correction
improving the claim. While this metric is originally designed for the evaluation of
GEC systems, it performs well on rough fluency rating, looking for zero or negative
improvement in CoEdIT corrections:

Glo) = 1 if Scribendi(c, CoEdIT(c)) < 0
=3 0 otherwise

3. Decontextualization — can the claim be correctly interpreted without any additional
context from the source document or elsewhere?

Choi et al, 2021 proposes decontextualisation as a text-to-text task, training a T5 to
receive context and a sentence on its input, outputting the decontextualised sentence
by resolving pronouns into proper nouns and relative terms into absolute according
to the given context.

As with atomicity, a strict binary classification worked best, as non-decontextualised
model outputs were rare. For context, we use the full FEVERFACT document d:

1 if Thq(d,c) =¢
0 otherwise

D(d,c) := {

where T54(d, c) denotes the output of a T5Hjaree model trained by Choi et al) 2021.

4. Faithfulness — does the claim contain only information consistent with its source?

Faithfulness has been extensively studied to detect hallucination in text-to-text tasks.
ALIGNSCORE claimed state of the art in 7, looking for optimum alignment of output
and input parts in terms of a ROBERTA [?] classifier with a wnified alignment
function. While compact (125M parameters in the base version), it outperforms
metrics based on GPT-4 that are orders of magnitude larger [?].

Faith(d, c) == ALIGNSCORE,s¢(d, ¢)

Il 4.4.2 Reference-based Evaluation Metrics

The evaluation metrics introduced above do not rely on any gold data for their reference.
But what if we need to evaluate the whole group of claims, to see if it captured all the
information it should and nothing more?

The notion of what a good set of claims is varies task-to-task, so engineering rules may
do more harm than good. Let us therefore use examples, as Koto et al| 2020 suggests
in their FFCI framework for interpretable summarisation metrics, measuring Focus and
Coverage to see whether the model extracts what a human would. Besides the predicted
set of claims C, which serves as the input for multi-claim metrics, assume a set of gold
claims G extracted from the same document — in FEVERFACT, those would be the full
sets of claims (green in Figure 4.1) obtained from annotation.
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5. Focus — what is the proportion of gold (relevant) information among all the informa-
tion listed in the generated claims?

The metric is analogous to the concept of precision: %, but rather than
exact matching, we seek a measure of semantic overlap. FFCI uses QAGS [Wang
et al), 2020], which uses a Question Generation model (QG) to formulate questions in
natural language based on all |C| predicted claims. The questions are then answered
twice using a Question Answering (QA) model, with knowledge from (i) the predicted
claims and (ii) the gold claims written by a human. Focus is then defined as the
proportion of questions with the same answers extracted from the gold and predicted
claims among all questions the model can generate from the predicted claims. In
our experiments, this metric was too noisy, with QG, QA and aggregation faults all
propagating into the final result.

To propose a simpler method, we exploit the fact that gold claims in G can be concate-
nated into a mock-document. Since gold claims are decontextualised by annotation,
this preserves their meaning, reducing Focus into |C| independent tasks of deciding
Faithfulness:

Foc(G,C) = 1

=17 > Faith(concat(G), c)

ceC

We also encourage experiments with claimwise focus, computing the single probability
Foc(G,{c}) for each predicted claim ¢ separately, to see which exact claim in C' should
be extracted according to G and which should not.

6. Coverage — what proportion of gold (relevant) information from the source is featured
inC?

Can be simply adapted from Focus:

Cov(G,C) := Foc(C, Q)

Koto et al) 2020 proposes this trick, and while our underlying Foc method differs,
the argument swap still yields the proportion of gold information extracted into C.
Whether the claims in C' are non-decontextualised by a faulty prediction and could
influence each other’s meanings upon concatenation can be checked for using the
metric from Section #.4.1) marking the claims to toss, or leaving them in if the level
of noise is tolerable. We went with the latter as > 94% of claims were decontextualised
upon human grading (Table 4.2).

7. Redundancy® - What is the proportion of duplicate information among generated
claims?

The definitions of Foc and Cov inspire an elegant estimate of model redundancy — if

|C| claims are generated by a one-to-many seq2seq model, what proportion of them
can be expressed from the other model outputs:

1 Z Faith(concat(C'\ ¢), )
’C| ceC

5Unlike Focus and Coverage, we did not validate this Redundancy metric with annotations, but as its
validity stems from the same principles as that of Floc and Cov, we include it for added insights.

Red(C) :=
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Model Atomicity ~Fluency Decontext. Faith. | Focus  Coverage Ffrq;s Redundanc
qacg 0.89 0.69 0.70 0.88 0.20 0.67 0.30 0.44
gpt-4-turbo-3-shot 0.92 0.70 0.77 0.99 0.21 0.81 0.34 0.14
glora-mistral-instruct 0.95 0.75 0.80 0.95 0.58 0.63 0.61 0.19
t5_sm_diverse_7_beams 0.95 0.74 0.80 0.91 0.55 0.58 0.56 0.59
t5_sm_multi-claim 0.96 0.76 0.82 0.95 0.58 0.51 0.55 0.54

. REBFEL CoEdIT T5 Align- | Concat Concat
Evaluation method rel] < 1 +Scribendi Decontest Score | AlignS.  AlignS.
Validation against human 0.96 0.80 0.86 0.92 0.23 0.22
Validation method Fy — higher is better Root mean squared error — lower is better

Table 4.1: Automated claim metric averages across model-generated claims on the FEVER-
FACT test set. The best value for each metric is in bold. Model choices and training procedures
are described in Section .3, claim quality metrics in Section 4.4. Automated scoring methods
and their validation against human grading (Table 4.2) are in italic.

B 443 [, -value

As our experiments in Section 4.5 suggest, Foc and Cov indeed behave like Precision and
Recall metrics in the sense of their mutual tradeoff — if a na“i”ve model scores very high
in one (such as QACG covering every part of the FEVERFACT document), a significant
decrease can be observed in the other.

In our experience, the reference-free single-claim metrics (Section 4.4.1) did not pose
a tough challenge to modern NLP methods, most of their corresponding mean scores in
both Table 4.1 and Table 4.2 being very high, raising a concern they may be too-easy
benchmarks nowadays. Provided with the gold annotations for each source document, we
therefore suggest the F'r,es score — the harmonic mean of Foc and Cov — as the primary

aggregate metric for comparing claim extraction systems:

2. Foc(G,C)-Cov(G,C)
Foc(G,C) + Cov(G,C)

Ffact(Ga C) =

. 4.5 Results

After training the models described in Section %.3 on FEVERFACT, we had each model
extract a set of claims from each of 444 FEVERFACT test documents. We evaluated the
claims using the automated metrics described in Section 4.4. To validate the metrics, we
also annotated a subset of 9% (40) FEVERFACT test documents (and 1110 claims extracted
from them by the models in total), using a custom annotation platform.

B 4.5.1 Model Comparison

In Tables 4.1 and 4.2 we use the automated and human-annotated metrics to benchmark
our models, on the full FEVERFACT test set and a sample of 40 documents, respectively.

The benchmarks reveal that all models score high in Atomicity, Fluency, Decontextual-
ization, and Faithfulness reference-free metrics — confirmed by the human annotations in
Table 4.2, these do not appear to be the challenges modern NLP claim-extractors struggle
with.

The reference-based metrics of Focus and Coverage are where significant differences can
be found and tradeoffs can be seen — models with highest Coverage focus too little and vice
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Model Atomicity Fluency Decontext. Faith. | Focus Coverage Flract
qacg 0.99 0.85 0.91 0.76 | 0.19 0.60 0.28
gpt-4-turbo-3-shot 0.98 0.97 0.96 0.93 | 0.24 0.79 0.37
glora-mistral-instruct 1.00 0.96 0.96 0.90 | 0.60 0.69 0.64
t5_sm_diverse_7_beams 0.99 0.89 0.95 0.79 0.51 0.62 0.56
t5_sm_multi-claim 1.00 0.91 0.94 0.88 0.47 0.50 0.49
Inter-annotator agreement (sample of ~ 23% annotated claims, < § annotators per claim, at least 2)

Krippendorff’s o 0.27 0.41 —0.01 0.53 | 0.75 0.64

GWET’s AC1 0.95 0.86 0.85 0.83 | 0.80 0.66

%-agreement 0.87 0.86 0.97 0.84 | 0.88 0.82

Table 4.2: Blinded human annotation averages across a sample of 1110 claims generated
from 40 (9%) FEVERFACT test documents. Annotation of reference-free metrics (left) was done
using grading scales adapted from ?, binarising the best grade to 1, others to 0. Reference-
based metrics (right) were annotated using a checkbox interface over gold and predicted claims.
The best value for each metric is in bold. Inter-annotator agreement results are in italic.
Krippendorft’s « is left for completeness, albeit very inappropriate for tasks with such class
imbalance [?]; Gwet’s AC1 [?] is the more appropriate agreement metric for our task.

versa. Taking their harmonic mean, Fy,., the fine-tuned models qlora-mistral-instruct
and t5_sm take a significant lead, showing that the models were able to learn that the
FEVERFACT claims come from the middle sentence on input — the information annotators
were tasked to focus on in the original FEVER annotation experiment [Thorne et al.,
2018b]. This suggests these models could be tuned for trickier notions of check-worthiness,
such as those studied by 7.

The T5 coupled with diverse beam search decoding shows promising results, despite
being essentially an abstractive summarisation model. Its redundancy is the highest (di-
verse outputs only assured through a decoding strategy), but not a clear outlier. We
find this very encouraging for further use of diverse beam search in settings where only
one claim per source document is annotated, such as in AVeriTeC-DCE [?], to produce
multiple interesting results. Datasets like XLSum [?] with an objective highly similar to
claim extraction and good availability of summarisation models across languages make it
an accessible choice with competitive performance.

l 4.5.2 Metric Validation

To validate our evaluation framework, we annotated the claim properties on grading scales
with instructions adapted from ? and Focus and Coverage using a simple checkbox inter-
face.

The human annotations confirm that the reference-free methods (Section {.4.1) are
easy for today’s models. They also preserve the leaderboard of models based on Ff, the
hardest metric, requiring an understanding of which claims are relevant in FEVERFACT
data and punishing greedy approaches. We evaluate the reference-free metric estimation
methods using the F} score, chosen due to the imbalance of classes on real generated claims.
For faithfulness and fluency, we binarise the human-annotated grades (the highest grade
to 1, others to 0), to be directly comparable with automated metrics — AlignScore used for
Faithfulness was simply rounded to 0 or 1 (threshold 0.5) for this experiment. All metrics
score above 80% F1, testifying to their soundness and usability at scale in scenarios where
a good approximation is sufficient.

We proceed to validate our Focus and Coverage metrics against human annotation, using
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the root mean squared error to obtain values around 0.22, which is also encouraging for
further use. To see whether this value is not accidental (correct proportion, but erroneously
distinguished gold claims), we also measure the claimwise Foc and Cov to see the per-
claim contribution to metrics as probabilities Foc(G, {c}) and Cov({g},C), as shown in
Section 4.4.2. We compare them to claimwise annotations and assess their quality using
a Brier score as suggested in 7. We measure 0.15 for Foc and 0.12 for Cov (lower Brier
score is better), in other research sometimes interpreted [?] as a “superior” agreement.

Hl 4.5.3 Inter-Annotator Agreement

The inter-annotator agreement study is presented in Table 4.2. Due to missing annotations,
our first choice was the Krippendorff’s o coefficient [?]. Its results are, however, very low
on our annotations, even reaching negative values — the cause of this is the very high level of
d overly increasing the chance of accidental agreement
that Krippendorff’s alpha targets to punish. This is a known pitfall of Krippendorff’s
alpha, also encountered in the ? paper which proposed the reference-free metrics. To
overcome it, we also report the Gwet’s Agreement Coefficient 1 (AC1) [?] designed to be
less sensitive to trait prevalence. The AC1 coefficient is high in all cases, supporting the
conclusion that our annotation process was reliable. For completeness, we also report the
%-agreement — the proportion of labels on which all annotators agree [?].

class prevalence in our annotations,

. 4.6 Conclusion

This chapter examined the problem of automated claim extraction in its full scope: from
data gathering (publishing FEVERFACT) through model training (suggesting low- and high-
resource options), benchmarking (publishing a Python framework for automated evalua-
tion) to its validation with annotators. The hardest and most appropriate score for claim
extraction is the Fyq¢ score, requiring gold claims for reference and measuring the balance
between the precision-like Focus and recall-like Coverage.

Interestingly, we have shown that the task of claim extraction can be substantially
addressed using single-sentence abstractive summarisation methods with a diverse beam
search decoding strategy, which is particularly useful for low-resource languages and envi-
ronments.

A central challenge to claim extraction is the notion of claim check-worthiness, now ex-
plored as a classification task [?]. Our work models a simplified version of it, training the
models to focus only on the middle sentence claims in the manner that the FEVER anno-
tators did. Adapting existing data such as CLEF-CheckThat! datasets for text generation,
rather than classification, could capitalise on our findings to train generative models which
focus only on check-worthy claims. The evaluation metric framework can also yield ad-
ditional insights into any system for knowledge-intensive tasks, especially where multiple
gold answers can be found or synthesised, such as Summarization or Retrieval-Augmented
Generation.

SPrevalence of the most common class in faithfulness, fluency, atomicity and decontextualisation grading
is 0.84, 0.9, 0.98, and 0.91, respectively.
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Chapter 5
RAG-Based Fact-Checking Pipeline

. 5.1 Introduction

We present a pipeline for fact-checking claims using evidence retrieved from the web,
consisting of two modules — a retriever, which picks the most relevant sources among the
available knowledge store® and an evidence & label generator which generates evidence for
the claim using these sources, as well as its veracity label.

Our pipeline is a variant of the popular Retrieval-augmented Generation (RAG) scheme [?],
making it easy to re-implement using established frameworks such as Langchain, Haystack,
or our attached Python codebase for future research or to use as a baseline.

This chapter covers three submissions of this pipeline to consecutive shared tasks. In
AVeriTeC [Bchlichtkrull et al.|, l2024b|], we scored third on the leaderboard with an AVeriTeC
test set score of 50.4%, using GPT-40 as the generative component. In AVeriTeC 2 [
, ], the challenge was reformulated: systems were required to use exclusively
open-weights models under a fixed compute budget of a single 23 GB A10 GPU and 60
seconds per claim on average. We adapted our pipeline by replacing GPT-40 with a lo-
cally hosted Qwen3-14B instance — and topped the AVeriTeC 2 test leaderboard with a
significant margin. Finally, in AVerImaTeC [|Cao et al.|, l202ﬂ], the task was extended to
image-text claims whose veracity depends not only on the textual statement but also on
the images attached to it. We extended our pipeline with a reverse image search (RIS)
retrieval module and a multimodal LLM, placing 3rd in the AVerImaTeC shared task.

Section describes the core text-based pipeline design. Sections @ and @ cover the
AVeriTeC 2024 experiments. Section presents the AVeriTeC 2 open-source adaptation.
Section describes the AVerlmaTeC extension to image-text fact-checking.

B 5.2 Related work

1. AVeriTeC shared task [bchlichtkrull et alL |2()24H] releases the datase of real-world
fact-checked claims, annotated with evidence available at the date the claim was
made.

It proposes the AVeriTeC Score — a method of unsupervised scoring of fact-checking
pipeline against this gold data using Hungarian METEOR score, matching the evi-
dence questions (Q) or the whole evidence (Q+A). The score is then calculated as
the proportion of claims with accurate label and sound evidence (using a threshold

'Due to the pre-retrieval step that was used to generate knowledge stores, our “retriever” module could
more conventionally be referred to as a “reranker”, which we refrain from, to avoid confusion with reranking
steps it uses as a subroutine.
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for Hi-METEOR such as 0.25) among all claims in the dataset, giving an estimate
on “how often the whole fact-checking pipeline succeeds end to end”.

The provided baseline is a pipeline of search query generation, API search (producing
a knowledge store), sentence retrieval, Question-and-answer (QA) generation, QA
reranking, QA-wise claim classification and label aggregation, achieving an overall
AVeriTeC test set score of 11%.

2. FEVER Shared Task [Thorne et al!, 2018d], a predecessor to the AVeriTeC, worked
with a similar dataset engineered on top of the enclosed domain Wikipedic data
rather than real-world fact-checks. Its top-ranking solutions used a simpler pipeline of
Document Retrieval, Sentence Reranking and Natural Language Inference, improving

its modules in a decoupled manner and scoring well above 60% in a similarly computed
FEVER score [Thorne et al), 2018b] on this data.

3. Our previous research on fact-checking pipelines [Ullrich et al), 2023b; Drchal
et al), 2023] using data similar to FEVER and AVeriTeC shows significant superiority
of fact-checking pipelines that retrieve the whole documents for the inference
step, rather than retrieving out-of-context sentences.

4. Retrieval-Augmented Generation (RAG) for Knowledge-Intensive Tasks [?]
takes this a step further, leveraging Large Language Model (LLM) for the task, provid-
ing it the whole text of retrieved documents (each a chunk of Wikipedia) and simply
instructing it to predict the evidence and label on top of it, achieving results within
4.3% from the FEVER state of the art by the time of its publication (December 2020)
without engineering a custom pipeline for the task.

. 5.3 System description

Our system design prioritizes simplicity, and its core idea is using a straightforward RAG
pipeline without engineering extra steps, customizing only the retrieval step and LLM
prompting (Listing B.6 in Appendix B.2). Despite that, this section describes and justifies
our decisions taken at each step, our additions to the naive version of RAG modules to tune
them for the specific task of fact-checking, and their impact on the system performance.

Il 5.3.1 Retrieval module

To ease comparison with the baseline and other systems designed for the task, our sys-
tem does not use direct internet/search-engine access for its retrieval, but an AVeriTeC
knowledge store provided alongside each claim.

To use our pipeline in the wild, our retrieval module is decoupled from the rest of the
pipeline and can be swapped out in favour of an internet search module such as SerpApi?
as a whole, or it can be used on top of a knowledge store emulated using large crawled
corpora such as CommonCrawl? and a pre-retrieval module.

’https://serpapi.com/
3https://commoncrawl .org/
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Bl Knowledge stores

Each claim’s knowledge store contains pre-scraped results for various search queries that
can be derived from the claim using human annotation or generative models. The knowl-
edge stores used with ours as well as the baseline system can be downloaded from the
AVeriTeC dataset page?, containing about 1000 pre-scraped documents?, each consisting
of 28 sentences at median?, albeit varying wildly between documents. The methods used
for generating the knowledge stores are explained in more detail by [Schlichtkrull et al.,
2024b].

Our retrieval module then focuses on picking a set of & (kK = 10 in the examples below,
as well as in our submitted system) most appropriate document chunks to fact-check the
provided claim within this knowledge store.

Bl Angle-optimized embedding search

Despite each article in any knowledge store only needing to be compared once with its
one specific claim, which should be the use-case for CrossEncoder reranking [Déjean et all,
2024|, our empirical preliminary experiments made us favour a cosine-similarity search
based on vector embeddings instead. It takes less time to embed the whole knowledge
store into vectors than to match each document against a claim using crossencoder, and
the produced embeddings can be re-used across experiments.

For our proof of concept, we explore the MTEB [Muennighoff et all, 2023] benchmark
leaderboard, looking for a reasonably-sized open-source embedding model, ultimately pick-
ing Mixedbread’s mxbai-large-v1 [Li and Li, 2024; Lee et al., 2024] optimized for the cosine
objective fitting our inteded use.

To reduce querying time at a reasonable exactness tradeoff, we use Faiss index [Douze
et all, 2024; Johnson et al|, 2019] to store our vectors, allowing us to only precompute
semantical representation once, making the retriever respond rapidly in empirical experi-
ments, allowing a very agile prototyping of novel methods to be used.

B Chunking with added context

Our initial experiments with the whole AVeriTeC documents for the Document Retrieval
step have revealed a significant weakness — while most documents fit within the input size
of the embedding model, outliers are common, often with hundreds of thousands characters,
exceeding the 512 input tokens with little to no coverage of their content.

Upon further examination, these are typically PDF documents of legislature, documen-
tation and communication transcription — highly relevant sources real fact-checker would
scroll through to find the relevant part to refer.

This workflow inspires the use of document chunk retrieval as used in [?], commonly
paired with RAG. We partition each document into sets of its sentences of combined length
of N characters at most. To take advantage of the full input size of the vector embedding
model we use for semantical search, we arbitrarily set our bound N = 512x4 = 2048, where
512 is the input dimension of common embedding models, 4 often being used as a rule-
of-thumb number of characters per token for US English in modern tokenizers [OpenAl,
2023h].

“https://fever.ai/dataset/averitec.html

5The numbers are orientational and were computed on knowledge stores provided for the AVeriTeC dev
set.

Sdevsetnote
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Importantly, each chunk is assigned metadata — the source URL, as well as the full
text of the next and previous chunk within the same document. This way, chunks can be
presented to the LLM along with their original context in the generation module, where the
length constraint is much less of an issue than in vector embedding. As shown in [Drchal
et all, 2023], fact-checking models benefit from being exposed to larger pieces of text such
as paragraphs or entire documents rather than out-of-context sentences. Splitting our data
into the maximum chunks that fit our retrieval model and providing them with additional
context may help down the line, preventing the RAG sources from being semantically
incomplete.

Il Pruning the chunks

While the chunking of long articles prevents their information from getting lost to retriever,
it makes its search domain too large to embed on demand. As each of the thousands of
claims has its own knowledge store, each of possibly tens of thousands of chunks, we seek
to omit_the chunks having little to no common tokens with our claim using an efficient
BM25 [Robertson et al,), 1995] search for the nearest w chunks, setting the w to 6000 for
dev and 2000 for test claims. This yields a reasonably-sized document store for embedding
each chunk into a vector, taking an average of 40 s to compute and store using the method
described in Section 5.3.1] for each dev-claim using our Tesla V100 GPU.

This allows a quick and agile production of vectorstores for further querying and ex-
perimentation, motivated by the AVeriTeC test data being published just several days
before the announced submission deadline. The pruning also keeps the resource intensity
moderate for real-world applications. However, if time is not of the essence, the step can
be omitted.

B Diversifying sources: MMR

Our choice of embedding search based on the entire claim rather than generating “search
queries” introduces less noise and captures the semantics of the whole claim. It is, however,
prone to redundancy among search results, which we address using a reranking by the
results’ Maximal Marginal Relevance (MMR) [Carbonell and Goldstein, 1998], a metric
popular for the RAG task, which maximizes the search results’ score computed as (for
D, eP )
A-Sim(D;, Q) — (1 — ) - max Sim(D;, D;)
D;eS

Sim denoting the cosine-similarity between embeddings, () being the search query, and P
the pre-fetched set of documents (by a search which simply maximizes their Sim to @),
forming S as the final search result, by adding each D; as MMR-argmax one by one, until
reaching its desired size.

In our system, we set A = 0.75 to favour relevancy rather than diversity, |S| = 10 and
| P| = 40, obtaining a set of diverse sources relevant to each claim at a fraction of cost and
complexity of a query-generation driven retrieval, such as that used in [Schlichtkrull et al.,
2024b].

B 5.3.2 Evidence & label generator

The second and the last module on our proposed pipeline for automated fact checking is
the Evidence & Label Generator, which receives a claim and k sources (document chunks),
and returns [/ (in our case, [ = 10) question-answer pairs of evidence abstracted from the
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sources, along with the veracity verdict — in AVeriTeC dataset, a claim may be classified
as Supported, Refuted, Not Enough Evidence, or Conflicting Evidence/Cherrypicking with
respect to its evidence.

Our approach leverages a Large Language Model (LLM), instructing it to output both
evidence and the label in a single step, as a chain of thought. We rely on JSON-structured
output generation with source referencing using a numeric identifier, we estimate the
label confidences using Likert-scale ratings. The full system prompt can be examined in
Listing B.6 in Appendix B.2, and this section further explains the choices behind it.

Il JSON generation

To be able to collect LLM’s results programmatically, we exploit their capability to produce
structured outputs, which is on the rise, with datasets available for tuning [Tang et al.,
2024] and by the time of writing of this paper (August 2024), systems for strictly structured
prediction are beginning to be launched by major providers [OpenAl, 2024].

Despite not having access to such structured-prediction API by the time of AVeriTeC
shared task, the current generation of models examined for the task (section 5.3.2) rarely
strays from the desired format if properly explained within a system prompt — we in-
struct our models to output a JSON of pre-defined properties (see prompt Listing B.6 in
Appendix B.2) featuring both evidence and the veracity verdict for a given claims.

Although we implement fallbacks, less than 0.5% of our predictions threw a parsing ex-
ception throughout experimentation, and could be easily recovered using the same prompt-
ing again, exploiting the intrinsic randomness of LLM predictions.

Il Chain-of-thought prompting

While JSON dictionary should be order-invariant, we can actually exploit the order of
outputs in our output structure to make LLMS like GPT-40 output better results [Wei
et all, 2024]. This is commonly referred to as the “chain-of-thought” prompting — if we
instruct the autoregressive LLM to first output the evidence (question, then answer), then
a set of all labels with their confidence ratings (see section 5.3.2) and only then the final
verdict, its prediction is both cheaper as opposed to implementing an extra module, as
well as more reliable, as it must attend to all of the intermediate steps as well.

B Source referring

To be able to backtrack the generated evidence to the urls of the used sources, we simply
augment each question-answer pair with a source field. We assign a 1-based index” to each
of the sources to facilitate tokenization and prompt the LLM to refer it as the source ID
with each evidence it generates. While hallucination can not be fully prevented, it is less
common than it may appear — with RAG gaining popularity, the models are being trained
to cite their sources using special citation tokens [Menick et all, 2022], not dissimilarly to
our proposal.

"We chose the 1-based source indexing to exploit the source-referring data in LLM train set such as
Wikipedia, where source numbers start with 1. The improvement in quality over 0-based indexing was not
experimentally tested.
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Bl Dynamicfew-shot learning

To utilise the few-shot learning framework [Brown et al), 2020b] shown to increase quality
of model output, we provide our LLMs with examples of what we expect the model to do.
To obtain such examples, our evidence generator looks up the AVeriTeC train set using
BM25 to get the 10 most similar claims, providing them as the few-shot examples, along
their gold evidence and veracity verdicts. Experimentally, we also few-shot our models
to output an answer type (Extractive, Abstractive, Boolean,...) as the answer type is listed
with each sample anyways, and we have observed its integration into the generation task
to slightly boost our model performance.

B Likert-scale label confidences

Despite modern LLMs being well capable of predicting the label in a “pick one” fashion,
research applications such as ours may prefer them to output a probability distribution
over all labels for two reasons.

Firstly, it measures the confidence in each label, pinpointing the edge-cases, secondly,
it allows ensembling the LLM classification with any other model, such as Encoders with
classification head finetuned on the task of Natural Language Inference (NLI) (see sec-
tion p.4.3).

As the LLMs and other token prediction schemes struggle with the prediction of contin-
uous numbers which are notoriously hard to tokenize appropriately [Golkar et all, 2023],
we come up with a simple alternative: instructing the model to print each of the 4 possible
labels, along with their Likert-scale rating: 1 for “strongly disagree”, 2 for “disagree”, 3
for “neutral”, 4 for “agree” and 5 for “strongly agree” [Likert], 1932].

On top of the ease of tokenization, Likert scale’s popularity in psychology and other
fields such as software testing [Joshi et al|, 2015] adds another benefit — both the scale
itself and its appropriate usage were likely demonstrated many times to LLMs during their
unsupervised training phase.

To convert the ratings such as {* “Supported'':2, ~“Refuted'':5, ~~Cherrypicking
T NEE'':2} to a probability distribution, we simply use softmax [Bridle, 1989]. While the
label probabilities are only emulated (and may only take a limited, discrete set of values)
and the system may produce ties, it gets the job done until further research is carried out.

B Choosing LLM

In our experiments, we have tested the full set of techniques introduced in this section,
computing the text completion requests with:

1. GPT-4o (version 2024-05-13)
2. Claude-3.5-Sonnet (2024-06-20), using the Google’s Vertex API

3. LLaMA 3.1 70B, in the final experimets to see if the pipeline can be re-produced
using open-source models

Their comparison can be seen in tables 5.1 and p.2; for our submission in the AVeriTeC
shared task, GPT-40 was used.
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l 5.4 Other examined approaches

In this section, we also describe a third, optional module we call the veracity classifier,
which takes the claim and its evidence generated by our evidence & label generator (sec-
tion ) and predicts the veracity label independently, based on the suggested evidence,
using a fine-tuned NLI model. We also describe the options of its ensembling with veracity
labels predicted in the generative step (section )

The absence of a dedicated veracity classifier has not been shown to decrease the per-
formance of our pipeline significantly (as shown, e.g., in tables @ and Ell) so we suggest
to omit this step altogether and we proceed to participate in the AVeriTeC shared task
without it, proposing a clean and simple RAG pipeline without the extra step (Figure Ell)
for the fact-checking task.

Il 5.4.1 Single-evidence classification with label aggregation

In the earliest staages of experimenting, we utilized the baseline classifier provided b
AVeriTeC authors [bchlichtkrull et al., l2024b|]. It is based on the BERT [igevhn et alj,
] and was further fine-tuned on the AVeriTeC dataset [bchlichtkrull et all, 2024b)].
It takes one claim and one question-answer evidence as input — each claim therefore has
multiple classifications, one for each evidence. The classifications are then aggregated
using a heuristic of several if-clauses to determine the final label.

We experiment with altering this heuristic (e.g. by making not enough evidence the final
label only when no other labels are present at any evidence), and training NLI models
that could work better with it, such as 3-way DeBERTaV3 [IHe et al.|, IZOZSI] without a
breakthrough result, motivating a radically different approach.

Bl 5.4.2 Multi-evidence classification

The multi-evidence approach is to fine-tune a 4-way Natural Language Inference (NLI)
classifier, using the full scope of evidence directly at once, without heuristics. For that, we
concatenate all of the evidence together using a separator [SEP] token. This allows the
model to know exact question-answer borders, albeit using a space has turned out to be
just as accurate as the experiments went on. As the veracity verdict should be independent
of the evidence ordering, we also experiment with sampling different permutations in the
fine-tuning step to increase the size of our data.

We carry out the fine-tuning usinf the AVeriTeC train split with gold evidence and

F ]

labels on DeBERTaV3 , @ in two variants: the original large one” and one pre-
finetuned on NLI tasks, and also Mistral-7B-v0.3 model* with a classification head (Mis-
tralForSequenceClassification) provided by the Huggingface Transformers library [
, ] that utilizes the last token. In the preliminary testing phase, the original
DeBERTaV3 Large performed the best and was used in all other experimental settings.
From the approaches described above, we achieved the best results for the development
split with gold evidence and labels with a model without permuting the evidence, achieving
0.71 macro F; score using a space-separation. The [SEP] model achieved a comparable

0.70 macro F} score, and the random order model performed worse with a 0.67 macro

8https://huggingface. co/chenxwh/AVeriTed
https://huggingface. co/microsoft/deberta—vS—largd
https://huggingface. co/cross—encoder/nli—deberta—vS—largel
https://huggingface.co/mistralai/Mistral-7B-v0. SI

O
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F1 score, all improving significantly upon baseline, yet falling behind the capabilities of
generating the labels alongside evidence in a single chain-of-thought. We provide our best
DeBERTaV3 finetuned model publicly in a Huggingface repository!2.

B 5.4.3 Ensembling classifiers

Encouraged by the promising results of our multi-evidence classifiers, we go on to try to
ensemble the models with LLM predictions from section .3.2, using a weighted average of
the class probabilities of our models. We have experimented with multiple weight settings:
0.5:0.5 for even votes, 0.3:0.7 in favour of the LLM to exploit its accuracy while tipping
its scales in cases of a more spread-out label probability distribution, as well as 0.1:0.9 to
use the fine-tuned classifier only for tie-breaking, listing the results in Table 5.1..

We also tried tuning our ensemble weights based on a subset of the dev split, without
a breakthrough in accuracy on the rest of dev samples.

The last method we tried was stacking using logistic regression. However, this setup
classified no labels from Not Enough Evidence and Conflicting Evidence/Cherrypicking,
and we could not achieve reasonable results. For logistic regression, we used the scikit-
learn library [Pedregosa et all, 2011).

We conclude that the augmentation of the pipeline from Figure b.1l with a classification
module using a single NLI model or an ensemble with LLM is unneccessary, as it adds
complexity and computational cost without paying off on the full pipeline performance
(Table 5.2).

Il 5.4.4 Conflicting Evidence/Cherrypicking detection

During the experiments, we discovered that classifying the Conflicting Evidence/Cherrypicking
class is the most challenging task, achieving a near-zero Fj-score across our various pro-
totype pipelines. To overcome this problem, we tried to build a binary classifier with
cherrypicking as positive class. We tried to use the DeBERTaV3 Large model with both
basic and weighted cross-entropy loss (other experimental settings were the same as in
section p.4.2), but it could not pick up the training task due to the Conflicting Evi-
dence/Cherrypicking underrepresentation in train set — less than 7% of the samples carry
the label.

Even after exploring various other methods, we did not get a reliable detection scheme
for this task, perhaps motivating a future collection of data that represents the class better.
While writing this system description paper, we found an interesting research by [Jaradat
et al), 2024] that uses a radically different approach to detect cherrypicking in newspaper
articles.

. 5.5 AVeriTeC 2024: Results and Analysis

We examine our pipeline results using two sets of metrics — firstly, we measure the predic-
tion accuracy and F} over predict labels without any ablation, that is obtaining predicted
labels using the predicted evidence generated on top the predicted retrieval results. While
the retrieval module is fixed throughout the experiment (a full scheme described in sec-
tion b.3.1), various Evidence & Label generators and classifiers are compared in Table 5.1,
showcasing their performance on the same sources. The results show that if we disregard
the quality of evidence, models are more or less interchangeable, without a clear winner

2https://huggingface.co/ctu-aic/deberta-v3-large-AVeriTeC-nli
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Classifier Acc F; Prec. Recall
GPT4o0 0.72 0.46 0.48 047
Claude 3.5 Sonnet 0.64 049 0.50 0.52
DeBERTa 0.63 0.39 0.40 041
DeBERTa - random@10 0.65 0.41 0.41 044

0.5-DeBERTa + 0.5- GPT40 0.70 0.43 0.41 0.45
0.5 - DeBERTa + 0.5 - Claude 0.68 0.47 0.50 0.49
0.3 -DeBERTa +0.7- GPT40 0.72 0.45 0.45 0.46
0.3 - DeBERTa + 0.7 - Claude 0.66 0.50 0.51 0.53
0.1 -DeBERTa +0.9- GPT40 0.72 0.39 0.46 0.43
0.1 - DeBERTa + 0.9 - Claude 0.64 0.49 0.50 0.54

Llama 3.1 0.73 0.44 043 0.46

Table 5.1: Evalution of the label generators, classifier models and their ensembles on the
AVeriTeCdevelopment set. Fj, Precision and Recall are computed as macro-averages. The
random@10 suffix indicates that the classifier used average of 10 different random orders of
QA pairs for each claim. GPT4o stands for the Likert classifier based on GPT-40, Claude 3.5
Sonnet is the Likert classifier based on Claude 3.5 Sonnet, and DeBERTa is classifier based on
DeBERTaV3 Large fine-tuned on AVeriTeC gold evidence and labels.

Dev Set Scores Test Set Scores

Pipeline Name Q only Q+A AVeriTeC | Q only Q+A AVeriTeC
GPT-40 (full-featured pipeline) 0.46 0.29 0.42 0.46 0.32 0.50
GPT-4o0 (simplified) 0.45 0.28 0.38 0.45 0.30 047
Claude-3.5 (full-featured) 0.43 0.28 0.35 0.42 0.30 0.46
GPT-40 (with DeBERTa classifier) 0.45 0.28 0.36 - - -
AVeriTeC aseline 0.24 0.19 0.09 0.24 0.20 0.11
Llama 3.1 70B (full-featured) 0.46 0.27 0.36 0.47 0.29 0.42

Table 5.2: Comparison of Pipeline Scores on Dev and Test Sets. Q, Q+A are Hu-METEOR
scores against gold data, AVeriTeC scores are calculated as referred in section 5.2 thresholded at
0.25. “Full-featured” pipelines use the all the improvement techniques introduced in section 5.3,
while the simplified pipeline omits the dynamic few-shot learning, answer-type-tuning and
Likert-scale confidence emulation described in section p.3.2

across the board — an ensemble of DeBERTA and Claude-3.5-Sonnet gives the best F}
score, while GPT-40 scores 72% accuracy.

In real world, however, the evidence quality is critical for the fact-checking task. We
therefore proceed to estimate it using the hu-METEOR evidence question score, QA score
and_AVeriTeC score benchmarks briefly explained in Section 5.2 and in greater detail
in [Schlichtkrull et al), 2024b]. We use the provided AVeriTeC scoring script to calculate
the values for Table 5.2, using its EvalAl blackbox to obtain the test scores without seeing
the gold test data.

The latter experiments shown in Table 5.2 suggests the superiority of GPT-40 to predict
the results for our pipeline with a margin. Even if we simplify the evidence & label
generation step by omitting the dynamic few-shot learning (section p.3.2), answer-type
tuning and Likert-scale confidence emulation, it still scores above others, also showing
that our pipeline can be further simplified when needed. Regardless of the LLM in use,
the results of our pipeline improve upon the AVeriTeC baseline dramatically.

Posterior to the original experiments and to the AVeriTeC submission deadline, we also
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compute the pipeline results using an open-source model — the Llama 3.1 70B [Dubey
et al), 2024] obtaining encouraging scores, signifying our pipeline being adaptable to work
well without the need to use a blackboxed proprietary LLM.

B 5.5.1 APIcosts

During our experimentation July 2024, we have made around 9000 requests to OpenAl’s
gpt-40-2024-05-13 batch API, at a total cost of $363. This gives a mean cost estimate
of $0.04 per a single fact-check (or $0.08 using the API without the batch discount) that
can be further reduced using cheaper models, such as gpt-40-2024-08-06.

We argue that such costs make our model suitable for further experiments alongside
human fact-checkers, whose time spent reading through each source and proposing each
evidence by themselves would certainly come at a higher price.

Our successive experiments with Llama 3.1 [Dubey et al), 2024] show promising results
as well, nearly achieving parity with GP'T. The use of open-source models such as LLaMa
or Mistral allows running our pipeline on premise, without leaking data to a third party
and billing anything else than the computational resources. For further experiments, we
are looking to integrate them into the attached Python library using VLLM [Kwon et al.,
2023].

B 5.5.2 Erroranalysis

In this section, we provide the results of an explorative analysis of 20 randomly selected
samples from the development set. We divide our description of the analysis into the
pipeline and dataset errors.

B Pipeline errors

Our pipeline tends to rely on unofficial (often newspaper) sources rather than official
government sources, e.g., with a domain ending or containing gov. On the other hand, it
seems that the annotators prefer those sources. This could be remedied by implementing
a different source selection strategy, preferring those official sources. For an example, see
Listing B.1 in Appendix B.1.

Another thing that could be recognised as an error is that our pipeline usually generates
all ten allowed questions (upper bound given by the task [Schlichtkrull et alj, 2024b]). The
analysis of the samples shows that the last questions are often unrelated or redundant to
the claim and do not contribute directly to better veracity evaluation. However, since the
classification step of our pipeline is not dependent on the number of question-answer pairs,
this is not a critical error. Listing B.2 in Appendix B.1 shows an example of a data point
with some unrelated questions.

When the pipeline generates extractive answers, it sometimes happens that the answer
is not precisely extracted from the source text but slightly modified. An example of this
error can be seen in Listing B.3 in Appendix B.1. This error is not critical, but it could
be improved in future works, e.g. using post-processing via string matching.

Individual errors were also caused by the fact that we do not use the claim date in
our pipeline and because our pipeline cannot analyse PDFs with tables properly. The
last erroneous behaviour we have noticed is that the majority of questions and answers
are often generated from a single source. This should not be viewed as an error, but by

Bhttps://huggingface.co/hugging-quants/Meta-Llama-3.1-70B- Instruct-AWQ-INT4
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introducing diversity into the sources, the pipeline would be more reliable when deployed
in real-world scenarios.

Il Dataseterrors

During the error analysis of our pipeline, we also found some errors in the AVeriTeC
dataset that we would like to mention. In some cases, there is a leakage of PolitiFact or
Factcheck.org fact-checking articles where the claim is already fact-checked. This leads to
a situation where our pipeline gives a correct verdict using the leaked evidence. However,
annotators gave a different label (often Not Enough Evidence). An example of this error
is shown in Listing B.4 in Appendix B.1l.

Another issue we have noticed is the inconsistency in the questions and answers given
by annotators. Sometimes, they tend to be longer, including non-relevant information,
while some are much shorter, as seen in Listing B.5 in Appendix B.1. The questions are
often too general, or the annotators seem to use outside knowledge. This inconsistency in
the dataset leads to a decreased performance of any models evaluated on this dataset.

B Summary

Despite the abovementioned errors, the explorative analysis revealed that our pipeline
consistently gives reasonable questions and answers for the claims. Most misclassified
samples in those 20 data points were due to dataset errors.

. 5.6 AVeriTeC 2025: Open-Source Adaptation

In AVeriTeC 2 [Schlichtkrull et al), 20244, the challenge was reformulated: all systems
were required to use exclusively open-weights models, constrained to a fixed compute
budget of a single 23 GB A10 GPU and an average of 60 seconds per claim. This raised
the central question of the task — can the fact-checking process be automated in a way
accessible to the masses, or is its quality conditioned on business-owned blackbox models
or prohibitive computational resources?

We adapted the AIC CTU system from Section p.3 directly for this setting. The two
main differences from the 2024 submission are the omission of the BM25 knowledge store
pruning step — not allowed in AVeriTeC 2, since vector stores were required to be precom-
puted independently of the claim text — and the replacement of GPT-40 with a locally
hosted open-weights LLM. All other design choices (embedding model, chunk size, FAISS
index, MMR parameters) remain identical to Section 5.3.

Il 5.6.1 Model and parameter choices

0llama wrapper around 1lama.cpp is used as the LLM engine within the AVeriTeC 2 test
environment due to its robustness and ease of deployment.

Qwen3-14b [Yang et all, 2025] is the LLM used to produce evidence and labels. We also
let it generate its own <think> sequences, although further experimentation (Table p.4)
suggests that the thinking tokens do not justify the costs of their prediction, performing
on par with using only the evidence & label outputs for the chain of thought.

Our pipeline design uses a single LLM call per claim, which allowed us to fit the
generously-sized 14B variant of Qwen3 within the time limit on the Nvidia A10 GPU.
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Il 5.6.2 Results

Our system tops the AVeriTeC 2 test leaderboard (Table 5.3) with a significant margin
in the decisive new AVeriTeC score. This came as a surprise to its authors: neither
the old hu-METEOR-based AVeriTeC score nor the dev-leaderboard available during the
development phase (where our system scored 4th) suggested its supremacy.

Q
Q &
o & & 9 5
] A A & T
g 8 & § 7
PRI A=
T & N
> O * A g
System 3 <y c g ve)

AIC CTU 0.41 0.20 0.48 0.33 b54s
HUMANE 045 0.19 043 0.27 29s
yellow flash  0.16 0.16 0.41 0.25 32s
FZIGOT 0.46 0.36 0.40 0.24 19s
EFC 049 0.13 0.35 0.20 7s
checkmate 0.38 0.18 0.34 0.20 22s
Baseline 0.50 0.27 0.34 0.20 34s

Table 5.3: AVeriTeC 2 shared task system leaderboard as shared by organizers, listing new
Ev?R-recall-based [Akhtar et al), 2024] and legacy hu-METEOR, AVeriTeC scores. Evaluated
using AVeriTeC 2 test set. Best scores are bold.

Il 5.6.3 Why does the system perform well?

The main reason, in our experience, is the large context size we opt for. Even the
AVeriTeC 2 baseline processes the knowledge store on a sentence level, reducing the amount
of information passed to the LLM as opposed to working with documents as a whole —
which is the strategy our system approximates. Combining sources of total length of as
much as 60K characters'd on the model input yields highly competitive results, leveraging
the LLM’s own trained mechanisms of context processing.

Our other advantages may have been using a very recent model, Qwen3 [Yang et al.,
2025], which naturally has a slightly higher leakage of 2025 claims into its train set than
older models, and outperforms previous LLM generations at long sequence processing.

B 5.6.4 Scoring change impact

The new AVeriTeC score based on Ev?R-recall [Akhtar et al|, 2024] estimates the propor-
tion of correctly fact-checked claims in all claims — just like the old hu-METEOR-based
AVeriTeC score — but the underlying methods differ. Most importantly, an LLM-as-a-
judge approach is now used instead of symbolic evidence comparison. The rise of our
system from 3rd place in the AVeriTeC shared task to 1st place in AVeriTeC 2 without
any major system change®® can therefore also be partly attributed to the change in scoring
method. The old scoring method was, for example, found to be prone to noise and not

M Around 33 standard pages. This follows from our parameter choices in Section 5.6.1: 10 sources per
claim, each with ~2048 characters of embedded text and additional ~4096 characters of context.
5Despite scaling down.
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robust against evidence duplication [Malon, 2024], which was a known exploit to boost
evidence recall.

The discrepancy between old and new AVeriTeC score in Table 5.3 motivates a further
study of how the new score behaves, for example using the prediction files from the 2024
systems, where both scores are available.

B 5.6.5 LLMimpact

§
= & cfO
i i e
& & 5
£ < 2
§ + A
LLM & & g
GPT—402024_05_13 0.30 0.58 0.40
Llamad.1-70B 0.37 0.54 0.39
qwen3:14B/no thingk  0.29 0.59 0.41
qwen3:14B/¢hink 0.20 0.59 0.42

Table 5.4: Ablation study on LLM choice and <think>-token impact on AVeriTeC 2 dev-score.
Pipeline design (Figure p.1), retrieval results, system and user prompts are fixed. Evaluated
using an on-premise Ev2R scorer with Ollama-hosted Llama3.3-70B as a judge.

In 2024, we experimented with then-available versions of GPT-40 and Llamad.1-70B
and found the open-source Llama to perform encouragingly well, despite the cumbersome
model size and the need for its quantization [Ullrich et all, 2024]. For AVeriTeC 2, we
chose the most recent open-weights LLM at the largest parameter count fitting within the
compute budget: Qwen3 at 14B parameters [Yang et all, 2025].

Qwend was trained to produce thinking tokens by default, an approach popularized by
DeepSeek [DeepSeek-Al et al), 2025] and OpenAl research models. Table 5.4 shows that
both Qwen3 settings perform on par with GPT-40 generation from 2024, validating the
model choice. The thinking tokens, while producing legitimate-looking writeups of the
fact-checking reasoning process (see Appendix B.4), do not improve the AVeriTeC score in
the ablation study. We therefore suggest disabling this feature in future reproductions in
favour of faster prediction time — the 54 s runtime in Table .3 was produced with thinking
enabled, so disabling it should provide more headroom before the time limit.

. 5.7 AVerimaTeC: Extending to Image-Text Fact-Checking

With public discourse moving increasingly to social media, the task fact-checkers face
often goes beyond just text and language. An important example are image-text claims,
whose veracity depends not only on the textual statement itself but also on the images
accompanying it — whether they are authentic or edited, and whether they are presented
in the right context.

The AVerImaTeC shared task [Cao et al), 2025] targets this setting, collecting hundreds
of reference image-text fact-checks from human annotators. We extend the pipeline from
Sections b.3 and b.6 with an image-based retrieval module, using a single query to a
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multimodal LLM per claim and a single reverse image search (RIS) request per attached
image. Our system places 3rd in the AVerlmaTeC shared task.

B 5.7.1 Image-text system design

Our pipeline, depicted in Figure 5.2, extends the two-module RAG scheme from Section 5.3
into a dual-retrieval architecture with three modules:

i. Text-based retrieval module — identical to Section 5.3, with parameters k = 20,
=7, 2=0.8:

1. Vector store is produced for each of the AVerImaTeC datapoints in advance
using the scheme from Section p.3: the provided text-only!® AVerImaTeC knowl-
edge store is chunked into 2048-character segments™?, and each is embedded using
mxbai-embed-large-v1 [Li and Li, 2024; Lee et al), 2024].

2. Similarity search is performed using exact k-NN search via FAISS [Douze et al.,
2024; Johnson et al), 2019], with k& = 20 nearest neighbours.

3. Maximal marginal relevance [Carbonell and Goldstein, 1998] reranking down
to | = 7 results is applied to diversify the search results (A = 0.8 in favour of
similarity to the claim).

ii. Image-based retrieval module is invoked separately for each image attached to
the AVerImaTeC claim — if a claim contains n images, n separate sets of results are
produced:

1. Reverse image search (RIS) is performed using Google Lens'® via Serper

API! to produce a set of (up to 30) results — each assigned a webpage URL and
a thumbnail of an image within that webpage similar to the given claim image.

2. Scraping: each RIS result is scraped using Firecrawl API2Y, producing LLM-
friendly markdown. We retain only the thumbnail that triggered the RIS result,
as it has stronger guarantees of being similar to the claim image.

3. Result filtering — to maintain the evidence principle [Glockner et al), 2022],

we filter out evidence published after the claim was originally stated, using the
Htmldate [Barbaresi, 2020] library to estimate publication dates.
Many RIS results were scraping-protected (notably Facebook and Instagram
posts), yielding empty results; these are discarded as well. Finally, to fit a
single-digit source identifier (used in module iii) and keep the generation prompt
uncluttered, we retain at most 9 of the remaining results.

iii. Evidence, label, and justification generation module:

1. System prompt is composed of results from both the text- (i.) and image-
based (ii.) retrievers, referred to as text-related sources and image-related

16 AVerImaTeC also includes image-text and image-only knowledge stores, but since these were (as of
Feb 2026) not marked with a source URL or other real-world identifier, we dropped these as inappropriate
to be referred to as sources.

"The chunks do not overlap, and are annotated with context before and after in their metadata, as
described in more detail in Section p.3.

Bhttps://lens.google. com/

Yhttps://serper.dev/

2Ohttps://firecrawl.dev/
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sources respectively. Sources are assigned numerical IDs: 1-9 for text sources,
11-19 for sources related to the 1st claim image, 21-29 for the 2nd, and so on.
For image sources, we include only their scraped text and a note that it was
published alongside an image similar to the i-th claim image — we intention-
ally omit the thumbnail itself to avoid overwhelming the multimodal LLM with
easy-to-confuse image inputs. These sources, the task description, formatting
instructions, and few-shot examples (iii.2) are serialized into a single system
prompt; its full text is in Appendix B.3.

2. Few-shot examples are retrieved from the AVerImaTeC train set using BM25 [Robert-
son et all, 1995] and appended to the system prompt to make the LLM adhere
to the evidence format expected by AVerImaTeC annotators.

3. Multimodal user message consists of the claim text followed by base64-
encoded claim images, passed to the LLM to generate evidence, label, and justi-
fication.

4. Upon parsing the LLM outputs, evidence items referencing an image-related
source are augmented with the base64-encoded thumbnail (ii.1) of that source,
to facilitate comparison with human-annotated image evidence.

5. AVerImaTeC format matching — as in prior years, our system outputs ev-
idence as QA pairs. In AVerlmaTeC, however, this format is phased out: the
main score (Table b.5) is now based on comparing self-contained declarative ev-
idence texts with pointers to relevant images. To match this design without an
extra LLM call, we concatenate the question and answer into a self-contained
evidence string, appending [IMG_1] (referring to the source thumbnail) when an
image-related source is cited.

Il 5.7.2 Results and Analysis

-
5 & g §
s 8 J F
vy § 9 &
P fF s
System e 1] ~ s
HUMANE 0.89 0.54 0.55 0.56
ADA-AGGR 0.37 046 0.54 043
AIC CTU (ours) 0.81 0.33 0.35 0.30
XxP 0.39 0.27 0.26 0.20
teamName 0.66 0.23 0.26 0.22
REVEAL 0.63 0.28 0.24 0.13
fv 0.29 0.16 0.16 0.13
Baseline 0.55 0.17 0.11 0.13

Table 5.5: System leaderboard showing performance metrics on AVerImaTeC test-split. Our
system is in dtalics.

The final AVerImaTeC leaderboard is shown in Table b.5. Our system achieves a com-
bined verdict score?! of 0.35, a near-SOTA question score of 0.81, an evidence score of

2'Proportion of claims with a correct verdict and an evidence score of at least 0.3; see [Cao et al), 2025].
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0.33, and a justification score of 0.3. Metrics are based on EvZR [Akhtar et al., 2024] recall
scores with LLM as a judge.

While our system does not reach the very state of the art, it significantly outperforms
the iterative agentic baseline [Cao et all, 2025] and the majority of other systems across
the board. To reveal directions for future improvement, we study its main pitfalls using
the leaderboard metrics and our own reproductions of AVerlmaTeC dev-split metrics.

Il Bottlenecks

o o
g 8
@ @
) o
.9 s
s o
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5

Evidence format < & A S
Answer only 0.86 0.27 0.31 0.28
Question + Answer  0.84 0.33 0.39 0.31
Declarative evidence 0.82 0.35 0.38 0.32

Table 5.6: Ablation study on evidence format (Section b.7, module iii). The scheme used in
the final submission is in italics.

The main bottleneck appears to be our system’s evidence score, computed using Ev?R
recall. Our near-SOTA question score of 81% is encouraging, but the weakness in evidence
score propagates to verdict and justification scores as well.

Part of this problem can be attributed to our legacy evidence format geared towards the
AVeriTeC and AVeriTeC 2 shared tasks — evidence is generated as a QA pair, whereas the
AVerImaTeC evaluation scheme expects a self-contained declarative sentence with pointers
to relevant images.

Table 5.6 compares three approaches to this mismatch. In the first, we disregard it and
list only the generated answers as AVerImaTeC evidence. In the second (our submitted
system), we concatenate the question and answer and append an [IMG_1] tag and base64
thumbnail when an image-related source is cited. In the third, we directly prompt the
LLM to generate self-contained declarative evidence with image pointers (“declarative evi-
dence”). Although this third approach is experimental and has glitches (malformed image
pointers, [IMG_1] appearing in justification and questions), it surpasses our submitted
approach by 2% in evidence score — suggesting it is the right direction before prompt
polishing.

A second bottleneck is our uncertain handling of image evidence: the “Answer only”
approach, which uses no [IMG_1] tags, scores surprisingly close to the more advanced
variants. This is concerning given that [Cao et al), 2025] reports 53.9% of AVerImaTeC
evidence requires reverse image search annotation. Any mismatch between how our system
presents image sources and what the AVerIlmaTeC evaluator expects could have a large
impact on the final score and warrants further investigation.

B Cost Analysis

The scheme from Section 5.7 uses one RIS request per claim image (the vast majority of
AVerImaTeC claims feature exactly one image). Using Serper, this costs 3 credits, totalling
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$0.003 at the least-discounted bulk pricing ($50 for 50K credits).

Markdown scraping via Firecrawl costs $0.006 per page at the hobby tier (20,000 free
scrapes for education emails). In the worst case (multiple images per claim, each with 9
scrapeable RIS results and no discount), this amounts to $0.05 per image. A free alterna-
tive such as the Trafilatura library — used to produce the AVerImaTeC offline knowledge
stores — can replace Firecrawl without noticeable quality loss.

Generation was computed using the OpenAl Batch API with GPT-5.1. On average,
11K input tokens and 1,150 output tokens were used per AVerImaTeC claim, at a mean
cost of $0.013 per claim.

. 5.8 Conclusion

This chapter describes the development of a RAG pipeline for automated fact-checking
and its application to three consecutive shared tasks. The pipeline’s core strength is
its simplicity: modular, decoupled components that leverage the capabilities of an LLM
rather than complex bespoke engineering, making each year’s adaptation a targeted swap
rather than a redesign.

In AVeriTeC 2024, the text-based pipeline achieved a test score of 50.4%, placing third,
using GPT-40 as the generative component. In AVeriTeC 2, we showed that the same de-
sign translates directly to an open-source setting: replacing GPT-40 with a locally hosted
Qwen3-14B sufficed to top the leaderboard, demonstrating that competitive automated
fact-checking does not require proprietary blackbox models. In AVerlmaTeC, we extended
the pipeline to image-text claims by adding a reverse image search retrieval module and
a multimodal LLM, placing 3rd with a combined verdict score of 0.35 and a near-SOTA
question score of 0.81.

We release the Python codebases for all three submissions to facilitate further research
and applications, either as strong baselines or for use alongside human fact-checkers.

Il 5.8.1 Future Works

1. Integrating a live search API [Malon, 2024] as the text retriever to achieve real-world
generalization beyond offline knowledge stores

2. Re-examining the Likert-scale confidence rating (Section 5.3.2) for a more fine-grained
means of expressing label uncertainty

3. Exploring evidence generation in the form of declarative sentences rather than Question-
Answer pairs to see whether it improves fact-checking performance — initial AVerl-
maTeC results (Table .6) are encouraging

4. Exploring RAG-tuned LLMs [Menick et al), 2022] for more reliable source citation

5. Studying the key differences between the legacy hu-METEOR and new Ev2R scoring
methods using the available AVeriTeC system predictions, to reveal what system
behaviours each method rewards and penalises

6. Investigating discrepancies between how our system presents image-text evidence and
what the AVerImaTeC evaluator expects (Section p.7.2), as even minor format mis-
matches appear to have an outsized impact on scores
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Addressing RIS engine robustness — Google Lens often returns zero results for older
claims or graphically explicit images; swapping to a more robust provider or adding
an agentic fallback to text-only retrieval when RIS yields nothing would improve
coverage
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Figure 5.1: Our fact-checking pipeline, submitted to the AVeriTeC [Ullrich et al|, 2024] and
AVeriTeC 2 [Schlichtkrull et all, 2024a] shared tasks.
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Figure 5.2: Our image-text fact-checking pipeline for the AVerlmaTeC submission, extending
Figure p.1 with an image-based retrieval module. System is described in detail in Section b.7.
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Chapter 6
Conclusion

In this study, I have presented my current challenges and their motivation — a desire
for an automated scheme to assist fact-checking. The solutions are being proposed in
other literature and rely mostly on transformers, which is the current state of the art for
nearly every NLP task. The transformer usage paradigm is shifting (from the approach
of fine-tuning a pre-trained transformer to prompting or few-shotting a Large Language
Model), which will impact my dissertation and also yield new challenges in modernizing
our previous work.

So far, numerous datasets, most notably the CSFEVER and CTKFAcTS, have been
collected, a working fact-checking pipeline was deployed on them, and the models we
trained were published for further use.

Other tasks are to be established among the scientific public, importantly the claim
generation and its model-based metrics, ongoing research such as the claim generation
model training, collection of additional data in Czech, English, Polish, and Slovak is to be
concluded, and new solutions for the whole problem of automated fact-checking are to be
proposed, utilizing the new SOTA methods, such as the Large Language Models.

The point of the precedent chapters of the study was to give insights on what has been
done so far, what is its value, what is the context in which this is happening, and what
are the likely next steps in the future of my research.
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Appendix A
Acronyms

BERT Bidirectional Encoder Representations from Transformers

GPT Generative Pre-trained Transformer

FEVER Fact Extraction and Verification — series of Shared tasks focused on fact-checking
IR Information Retrieval

SOTA State of the Art

XSum Extreme Summarization — summarizing article into one sentence

NLI Natural Language Inference

CTK Czech Press Agency
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Appendix B
Prompts and metaparameters

. B.1 Examples of errors

Claim 479: Donald Trump said "When the anarchists started ripping down our statues and
<> monuments, right outside, I signed an order immediately, 10 years in prison."

gold evidence example:
question: What was the law signed by Trump regarding damaging federal property?
answer: Trump signed an executive order that authorizes a penalty of up to 10 years
< in prison for damaging federal property. It does not say that it will automatically
<> be a 10 year prison sentence.,
source_url: https://web.archive.org/web/20210224033536/https://wuw.whitehouse.gov/
< presidential-actions/executive-order-protecting-american-monuments-memorials-—
— statues-combating-recent-criminal-violence/

pipeline evidence example:
question: Did Trump sign an order related to vandalism of statues and monuments?,
answer: Yes, Trump signed an executive order to prosecute those who damage national
< monuments, making it a punishable offense with up to 10 years in jail.,
url: https://m.economictimes.com/news/international/world-news/trump-makes-
— vandalising-national-monuments-punishable-offence-with-up-to-10-yrs-jail/
< articleshow/76658610.cms

Listing B.1: Example of a claim where our pipeline uses newspaper sources instead of official
government sources.

Claim 295: Trump campaign asked Joe Biden to release a list of potential Supreme Court
< picks only after Ginsburg's passing

question 1: Did Joe Biden claim that the Trump campaign asked him to release a list of
— potential Supreme Court picks only after Ginsburg's passing?

question 2: Did the Trump campaign ask Joe Biden to release a list of potential Supreme
< Court picks before Ginsburg's passing?

question 3: When did Trump release his latest list of potential Supreme Court nominees?

question 4: Did Trump personally demand that Biden release a list of potential Supreme
< Court nominees before Ginsburg's death?

question 5: What did Trump say about Biden releasing a list of potential Supreme Court
— nominees during the Republican National Convention?

question 6: Did the Trump campaign issue a statement on September 17, 2020, regarding
<> Biden releasing a list of potential Supreme Court nominees?

question 7: What did the Trump campaign's statement on September 9, 2020, say about
<> Biden releasing a list of potential Supreme Court nominees?

question 8: Did Biden indicate in June 2020 that he might release a list of potential
— Supreme Court picks?

quetion 9: What reason did Biden give for not releasing a list of potential Supreme
< Court nominees?,

question 10: Did Biden pledge to nominate a Black woman to the Supreme Court?
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B.1. Examples of errors

Listing B.2: Example of a claim and questions showing that the last tends to be unrelated or
redundant to fact-checking of the claim.

Claim #155 - Trump said 'there were fine people on both side' in far-right protests.
answer: "You had some very bad people in that group, but you also had people that were
— very fine people, on both sides.",
answer_type: Extractive
url: https://www.theatlantic.com/politics/archive/2017/08/trump-defends-white-
< nationalist-protesters-some-very-fine-people-on-both-sides/537012/
scraped text: ... "You also had some very fine people on both sides," he said. The Unite
— the Right rally that sparked the violence in Charlottesville featured several
< leading names in the white-nationalist alt-right movement, and also attracted
< people displaying Nazi symbols.

Listing B.3: Example of a claim where our pipeline did not exactly extract the answer.

Claim #483 - Donald Trump said "We have spent nearly $2.5 trillion on completely
< rebuilding our military, which was very badly depleted when I took office."
Gold Label: Not Enough Evidence
Predicted Label: Refuted
pipeline evidence example:
question: What is the total defense budget for the last four fiscal years under
— Trump?
url: https://www.politifact.com/factchecks/2020/jan/10/donald-trump/trump-
— exaggerates-spending-us-military-rebuild/
question: Did Trump spend $2.5 trillion specifically on rebuilding the military?
url: https://www.factcheck.org/2020/07/trumps-false-military-equipment-claim/

Listing B.4: An example of a claim where the evidence consists mainly of evidence from
PolitiFact and Factcheck.org fact-checking articles leading to different predicted label than in
the gold dataset
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B.1. Examples of errors

Claim #0 - In a letter to Steve Jobs, Sean Connery refused to appear in an apple
<> commercial.
Gold Evidence:
question: Where was the claim first published
answer: It was first published on Sccopertino
question: What kind of website is Scoopertino
answer: Scoopertino is an imaginary news organization devoted to ferreting out the
< most relevant stories in the world of Apple, whether or not they actually occurred -
<> says their about page

Claim #315 - The fastest Supreme Court justice ever confirmed in the U.S. was 47 days.
Gold Evidence:
question: What is the quickest time a Supreme Court justice nomination has been
— confirmed in the United States?
answer: John Paul Stevens waited the fewest number of days (19)-followed by the most
< recent nominee to the Court, Amy Coney Barrett (27).61
question: What is the average number of days between a nomination for a Supreme
< Court justice and the final Senate vote?
answer: Overall, the average number of days from nomination to final Senate vote is
68.2 days (or approximately 2.2 months), while the median is 69.0 days.62 Of the 9
Justices currently serving on the Court, the average number of days from nomination
to final Senate vote is 72.1 days (or approximately 2.4 months), while the median
is 73.0 days. Among the current Justices, Amy Coney Barrett waited the fewest
number of days from nomination to confirmation (27), while Clarence Thomas waited
the greatest number of days (99).

USRI

Listing B.5: An example of a claims which differs in length.
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. B.2 System prompt

You are a professional fact checker, formulate up to 10 questions that cover all the facts needed
< to validate whether the factual statement (in User message) is true, false, uncertain or a
< matter of opinion. Each question has one of four answer types: Boolean, Extractive,
< Abstractive and Unanswerable using the provided sources.

After formulating Your questions and their answers using the provided sources, You evaluate the
< possible veracity verdicts (Supported claim, Refuted claim, Not enough evidence, or
< Conflicting evidence/Cherrypicking) given your claim and evidence on a Likert scale (1 -
— Strongly disagree, 2 - Disagree, 3 - Neutral, 4 - Agree, 5 - Strongly agree). Ultimately,
< you note the single likeliest veracity verdict according to your best knowledge.

The facts must be coming from these sources, please refer them using assigned IDs:

## Source ID: 1 [url]

[context before]

[page content]

[context after]

## Output formatting
Please, you MUST only print the output in the following output format:

json
{
"questions":
[

{"question": "<Your first question>", "answer": "<The answer to the Your first
< question>", "source": "<Single numeric source ID backing the answer for Your first
—> question>", "answer_type":"<The type of first answer>"},

{"question": "<Your second question>", "answer": "<The answer to the Your second
< question>", "source": "<Single numeric Source ID backing the answer for Your second
< question>", "answer_type":"<The type of second answer>"}

s
"claim_veracity": {

"Supported": "<Likert-scale rating of how much You agree with the 'Supported' veracity
— classification>",

"Refuted": "<Likert-scale rating of how much You agree with the 'Refuted' veracity
< classification>",

"Not Enough Evidence": "<Likert-scale rating of how much You agree with the 'Not Enough
< Evidence' veracity classification>",

"Conflicting Evidence/Cherrypicking": "<Likert-scale rating of how much You agree with the
— 'Conflicting Evidence/Cherrypicking' veracity classification>"
})
"veracity_verdict": "<The suggested veracity classification for the claim>"

## Few-shot learning
You have access to the following few-shot learning examples for questions and answers.:

### Question examples for claim "{example["claim"]}" (verdict {example["gold_label"]l})
"question": "{question}", "answer": "{answerl}", "answer_type": "{answer_typel}"

Listing B.6: System prompt for the LLMs, AVeriTeC claim is to be entered into the user
prompt. Three dots represent omitted repeating parts of the prompt. Reprinted from [Ullrich
et al), 2024].
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. B.3 Multimodal system prompt

You are a professional fact checker of image-text claims, formulate up to 10 questions that cover
< all the facts needed to validate whether the factual statement (in User message) is true,
< false, uncertain or a matter of opinion. The claim consists of a textual statement and
— {image_count} images associated with the claim. The claim was made by {author} on {datel} via
> {medium}. Each question has one of four answer types: Boolean, Extractive, Abstractive and
< Unanswerable using the provided sources.
After formulating Your questions and their answers using the provided sources, You evaluate the
— possible veracity verdicts (Supported claim, Refuted claim, Not enough evidence, or
< Conflicting evidence/Cherrypicking) given your claim and evidence on a Likert scale (1 -
< Strongly disagree, 2 - Disagree, 3 - Neutral, 4 - Agree, 5 - Strongly agree). Ultimately,
< you note the single likeliest veracity verdict according to your best knowledge.
The facts must be coming from the sources listed below. The first {k} sources was retrieved using
textual search and the rest was retrieved using reverse image search (google lens). The
sources are numbered - sources 1 through {k} are related to the claim text, sources 11-19
were retrieved for the first user image, 21-29 to the second etc. You may therefore assume
that each of the image-based sources was published alongside a picture similar to the
respective user image.

RSN

## Source ID: 1 [url]
[context before]
[page content]
[context after]

## Image Source ID: 11 (related to user image 1, Title : [title], date:[page_date]l, url: [url],
— image url: [img_url])
[content]

## Output formatting
Please, you MUST only print the output in the following output format:

json
{
"questions":
[
{"question": "<Your first question>", "answer": "<The answer to the Your first
< question>", "source": "<Single numeric source ID backing the answer for Your first
< question>", "answer_type":"<The type of first answer>"},... 1,
"claim_veracity": {
"Supported": "<Likert-scale rating of how much You agree with the 'Supported' veracity
< classification>",
"Refuted": "<Likert-scale rating of how much You agree with the 'Refuted' veracity
<~ classification>",
"Not Enough Evidence": "<Likert-scale rating of how much You agree with the 'Not Enough
< Evidence' veracity classification>",
"Conflicting Evidence/Cherrypicking": "<Likert-scale rating of how much You agree with the
— 'Conflicting Evidence/Cherrypicking' veracity classification>"
1,
"veracity_verdict": "<The suggested veracity classification for the claim>",
"verdict_justification": "<A brief justification of the veracity verdict>"

## Few-shot learning

You have access to the following few-shot learning examples for questions and answers.:
### Question examples for claim "{example["claim"]}" (verdict {example["gold_label"]})
"question": "{question}", "answer": "{answer}", "answer_type": "{answer_typel}"

Listing B.7: Our fact-checking system prompt to be used with Multimodal LLM, feeding the
AVerIlmaTeC claim text and images into its multimodal user message. Three dots represent,

omitted repeating parts of the prompt. Adapted for multimodal scenario from [Ullrich and
Drchal 2025.
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. B.4 Qwen3 thinking example

<think>

Okay, let's tackle this query. The user is claiming that due to Imran Khan's criticism of
< Macron's comments on Islam, French authorities cancelled the visas of 183 Pakistani citizens
< and deported 118 from the country. I need to verify this using the provided sources.

First, I'll look through the sources to see if there's any mention of visa cancellations or
< deportations related to Imran Khan's criticism.

Looking at Source ID 1, it talks about Imran Khan responding to Macron's remarks and the
< condemnation of Islamophobic policies, but there's no mention of visa cancellations or
< deportations.

Source ID 4 and 5 discuss diplomatic tensions, but not specific numbers of deportations. Source 5
< and 6 from Newscomworld.com talk about fears of deportations of Pakistanis in France but
< don't mention specific numbers like 183 or 118.

Source ID 10 mentions Pakistan summoning the French envoy but again, no numbers on deportations.

None of the sources mention 183 visas cancelled or 118 deported. The closest is Source 2, which
<> mentions one individual, Muhammad Mansha, but that's a single case. The other sources
< discuss diplomatic tensions, protests, and possible fears of deportations but no actual
< numbers provided.

Therefore, the claim about 183 and 118 seems to be unsupported. The answer would be that there's
< no evidence of such numbers in the sources provided. The veracity verdict would be Refuted,
< as the sources don't support the specific numbers given.

</think>
" json
{
"questions": [
{"question": "Did French authorities cancel visas or deport Pakistani citizens in
< response to Imran Khan's criticism of Macron's comments on Islam?", "answer": "No specific
< information about visa cancellations or deportations of 183 Pakistani citizens or 118
< deportees is mentioned in the provided sources.", "source": "10", "answer_type": "Boolean"},
{"question": "What was the role of social media in the diplomatic dispute between
< Pakistan and France?", "answer": "Social media was used to spread calls for boycotts of
< French products and even nuclear attacks on France, but these were not confirmed by official
< sources.", "source": "5", "answer_type": "Extractive"}

]’
"claim_veracity": {

"Supported": "1",

"Refuted": "5",

"Not Enough Evidence": "1",

"Conflicting Evidence/Cherrypicking": "1"
},

"veracity_verdict": "Refuted"

Listing B.8: Qwen3 thinking tokens example.
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