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Abstract

Explainable fact-checking plays a vital role in the
fight against disinformation in today’s digital land-
scape. With the increasing volume of unverified
content online, providing justifications for fact-
checking has become essential to help users make
informed decisions. While recent studies provide
user-friendly explanations through abstractive or
extractive summarization, they often assume the
availability of human-written fact-checking arti-
cles, which is not always the case. This demo
introduces SAFE, an argument-based framework
designed to enhance both fact-checking and its
justification. Specifically, SAFE offers three key
features: i) producing argument-structured sum-
maries of human-written fact-checking articles, ii)
in the absence of human-written articles, gener-
ating structured summaries based on evidence re-
trieved from a corpus through a jointly trained sum-
marization and evidence retrieval system, and iii)
assessing the truthfulness of a claim by analyzing
the structured summary.

1 Introduction

Justification production is an important task in journalistic
and automated fact-checking [Thorne and Vlachos, 2018] for
multiple reasons: readers need to be convinced on the inter-
pretation of the evidence [Amazeen, 2015], justification al-
lows a feedback loop which corrects judgment errors [O’neil,
20171, and finally, using black-box models without expla-
nations can induce a “backfire effect” which leads to an
increased conviction in the incorrect claim [Lewandowsky
et al., 2012]. Early studies highlight key parts of a
text [Ma et al., 2019] or adopt logic-based rules [Vedula and
Parthasarathy, 2021] to produce explanations, failing to pro-
vide user-friendly outputs. Recent approaches [Kotonya and
Toni, 2020; Russo et al., 2023] employ abstractive or ex-
tractive summarization to improve these aspects. However,
most of them assume the availability of a pre-existing human-
written fact-checking article as the basis for justification gen-
eration, thereby overlooking the critical step of evidence re-
trieval [Guo et al., 2022]. This is unrealistic in practice, as
fact-checking articles are rarely available for all new claims.

To address these open challenges, we introduce SAFE
(Structured  Argumentation for Fact-checking with
Explanations)!, a web tool designed to enhance both
fact-checking and the generation of its justification. SAFE
produces argument-structured natural language summaries
of human-written fact-checking articles. These summaries
mirror the work of fact-checkers who analyze claims and
premises in news evidence to support or attack the news
claim. Our argument-based model also outperforms state-
of-the-art methods in the automated fact-checking task. To
tackle the most realistic case where human-written fact-
checking articles are not available, SAFE’s second function
provides a retrieval-summarization module which generates
argument-structured summaries based on retrieved evidence
from a corpus. SAFE’s last function allows to assess the
truthfulness of a claim by analyzing a news claim along
with a structured summary. All modules are accessible via a
REST API for integration with external systems.

To our knowledge, SAFE is the only automated tool
that supports argument-structured summarization of fact-
checking articles, integrates joint evidence retrieval and sum-
marization, and provides automatic claim assessment along
with a structured summary. Existing systems such as Tanbih
[Zhang et al., 2019] only attribute a label to news claims.
WhatTheWikiFact [Chernyavskiy er al., 2021] and Quin+
[Samarinas et al., 2021] rely on Wikipedia and FEVER
[Thorne et al., 2018] to retrieve evidence and classify claims
without providing structured explanations. Prta [Da San Mar-
tino er al., 2020] enables fake news analysis through pro-
paganda identification without assigning a truthfulness label.
The most similar system to SAFE is QACHECK [Pan et al.,
2023], which retrieves evidence from Wikipedia and gener-
ates questions about the news claim, assigning a label based
on the answers and an automatic rationale. However, this ra-
tionale is unstructured, and its comprehensibility depends on
the outputs of models like InstructGPT [Ouyang et al., 2022].
Most summarization methods [Kotonya and Toni, 2020;
Russo et al., 2023], except JustiLM [Zeng and Gao, 2024]
which we will compare to SAFE, omit the evidence retrieval
process. SAFE fills this gap by providing structured explana-
tions even in the absence of human-written articles.

'The demo is available at https://3ia-demos.inria.fr/safe/.
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Figure 1: SAFE’s main modules.

2 SAFE Main Functionalities

SAFE provides the following modules (Figure 1), whose out-
puts are also accessible as JSON files via the REST APL

Argument-Structured Summarization. By fine-tuning
Mixtral-8x22B [Jiang et al., 2023] on the LIARArg dataset
[Wang et al., 2024], SAFE generates argument-structured
summaries from a news claim and a fact-checking article pro-
vided as input. This mimics the professional fact-checkers’
review process and provides a structured analysis of whether
each piece of evidence contained in the article supports, par-
tially supports, attacks, or partially attacks the claim. Users
can also input directly a list of evidence instead of a full fact-
checking article. An example of output is provided below for
the claim: “Iran might not be a superpower, but the threat
the government of Iran poses is anything but tiny as Obama
says”. An argument graph is also provided to visualize the
relations between the claim and the evidence.

Example 1. Premise “Obama never said the threat from Iran
was ‘tiny’ or ‘insignificant’” attacks the news claim. Premise
“only that the threat was tiny in comparison to the threat once
posed by the Soviet Union” partially supports the news claim.

Retrieval-based Summarization. SAFE allows the re-
trieval of 5, 10, 15, or 20 pieces of evidence for a given
news claim. While ExClaim [Zeng and Gao, 2024] serves
as the default corpus in the tool, users can also provide a
custom one. This module, trained on ExClaim, jointly op-
timizes the summarization and evidence retrieval tasks by in-
tegrating methods described in [Wang er al., 2024]. Atlas
[Izacard et al., 2022] has been used as backbone for retrieval-
augmented generation. We implement two losses in the train-
ing: one based on the similarity between a fact-checking ar-
ticle and the retrieved documents, and another one based on

Summarizer R1 R2 RL

CDAE 0.348 0.159 0.272
SAFE 0.268 0.128 0.143

Table 1: ROUGE scores for generated summaries compared with
human-written summaries on LIAR-PLUS.

the Cauchy loss [Huber, 1992] between the attackability score
distribution between the generated summaries and the mean
attackability of retrieved documents for each summary. The
module does not need fact-checking articles during inference.
Its output consists of the retrieved evidence list, the generated
summary and the resulting argument graph.

Claim Verification or Fake News Classification. SAFE
assesses the truthfulness of a claim by analyzing it along with
a structured summary. We adopt the state-of-the-art method
[Ma et al., 2023] for Fake News Classification to train our
models. First, we concatenate claim and summary by insert-
ing [SEP] between the two. Token [CLS] is then added to the
beginning of each sentence pair, from which the final embed-
ding of the input is extracted. We construct the entity graph
of each concatenated text based on Wikidata and extract the
graph embedding using graph attention networks [Veli¢kovié
et al., 2018]. A softmax layer is applied to the concatenation
of graph and textual embeddings to get the logits for each la-
bel. Consequently, the number of labels can differ according
to the dataset on which the model is trained. Besides a spe-
cific model tailored to each dataset used for training (Section
3), we also provide a general classifier by merging all the la-
bels of the datasets to True, False and Unknown.
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Input LIAR-PLUS FNC-1 Check-Covid
Ground 0.51 0.90 0.76
CDAE 0.41 0.76 0.62
SAFE 0.54 0.92 0.74

Table 2: F1 scores of claim verification module with two summariz-
ers’ output and human-written articles on LIAR-PLUS, FNC-1 and
Check-Covid. SAFE is compared against GROUND and CDAE.

3 Models and Results

Argument-structured Summarization. At the time of
writing, the claim-driven abstractive-extractive method
(CDAE) [Russo et al., 2023] achieves the best results based
on ROUGE scores. However, since our summaries are in-
tended to support automated fact-checking, we also report the
F1 scores of the claim verification module on three bench-
marks for this task: LIAR-PLUS [Alhindi et al., 2018], FNC-
1 [Hanselowski er al., 2018], and Check-COVID [Wang et
al., 2023], using 10-fold cross-validation. LIAR-PLUS is
considered as in-domain data since the summarizer is trained
on LIARArg [Wang et al., 2024], a subset of LIAR-PLUS
which has been excluded from in the test set. Table 1 re-
ports the ROUGE scores only for LIAR-PLUS since the other
datasets lack ground truth summaries. Table 2 reports mean
F1 scores, where Input denotes the outputs of different sum-
marizers, with “Ground” referring to the original human-
written fact-checking articles. Statistically significant differ-
ences are highlighted in bold.

Our results demonstrate that SAFE argument-structured
summaries significantly improve the performance of the
claim verification module compared to the CDAE state-
of-the-art summarization method for fact-checking, both
on in-domain and out-domain data. This shows that the
CDAE summarization approach is not fully tailored for fact-
checking while SAFE produces structured summaries that are
more effective in automated fact-checking. Although CDAE
achieves higher ROUGE scores, F1 scores of the claim ver-
ification module are more relevant in this context. Higher
ROUGE scores indicate greater linguistic overlap but do not
necessarily imply that the generated summaries are better in-
puts for automated fact-checking models. As pointed out
in [Wang et al., 2024], overlap-based metrics like ROUGE are
insufficient for evaluating summarization in automated fact-
checking tasks. The comparison between Ground and SAFE
in Table 2 shows that SAFE’s argument-structured summaries
could yield even better results on LIAR-PLUS and FNC-1
than original human-written texts. This result indicates that
the performance of claim verification methods can be further
enhanced through argument-enhanced summaries instead of
human-written ones. Possible explanations are the more com-
prehensive coverage of evidence in the generated summaries
and the explicit support-attack relations contained in these
summaries which are especially useful for claim verification.

Retrieval-based Summarization. We compare SAFE on
the major benchmark dataset ExClaim with JustiLM [Zeng
and Gao, 2024], the state-of-the-art retrieval-summarization
method evaluated against strong baselines such as GPT-4 with

Top-k Recall JustiLM  SAFE
Top-5 15%  20%
Top-10 18%  27%
Top-15 25%  31%
Top-20 30% 40%

Table 3: Top-k recall performance on the ExClaim dataset.

Pipeline F1 R1 R2 RL

JustitM  0.67 0.387 0.195 0.354
SAFE 0.74 0.287 0.143 0.221

Table 4: F1 scores of claim verification and ROUGE scores of gener-
ated summaries compared to human-written summaries on ExClaim.

Retrieval Augmented Generation (RAG). We performed 10-
fold cross-validation. In terms of retrieval precision, we use
top-k recall rate for k = 5, 10, 15, 20 as metrics. As shown
in Table 3, SAFE outperforms JustiLM in all cases. Table
4 reports the mean F1 scores of the claim verification mod-
ule on ExClaim by using summaries generated by JustiLM
and SAFE (15 pieces of evidence retrieved for each claim).
ROUGE scores compared with ground summaries are also
reported. When compared on ExClaim, SAFE achieves an
F1 score of 0.74, significantly higher than 0.67 of JustiLM
[Zeng and Gao, 2024]. It is worth noting that using human-
written fact-checking articles as input produces an F1 score of
0.72, indicating that our method achieves comparable preci-
sion to hand-written summaries even when evidence is au-
tomatically retrieved. ROUGE scores confirm the insuffi-
ciency of overlap-based metrics for evaluating fact-checking-
oriented summarization.

Claim Verification. SAFE leverages the state-of-the-art
method of [Ma et al., 2023] in Fake News Classification. The
goal is to provide a comprehensive fact-checking pipeline and
demonstrate the effectiveness of SAFE’s argument-structured
summaries for automated fact-checking.

4 Concluding Remarks

SAFE offers argument-structured summaries of human-
written fact-checking articles, generates summaries based on
retrieved evidence in a news corpus, and assesses the truth-
fulness of a claim along with a summary. Our experiments
demonstrate that SAFE’s argument-structured summaries sig-
nificantly improve the performance of the claim verification
module compared to state-of-the-art summarization meth-
ods for fact-checking. SAFE also outperforms state-of-the-
art retrieval-summarization methods in fact-checking on ref-
erence benchmark for the task. As future work, we plan
to (i) incorporate argument schemes [Walton et al., 2008]
to provide in-depth explanations, (ii) enhance the retrieval-
summarization module by leveraging external knowledge
bases, (iii) investigate the factual consistency of the expla-
nations, and finally, diversify the training corpora so that the
model generalizes better to a wider range of domains.
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