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Abstract

In today’s digital age, the rampant spread of fake news and misinformation poses significant challenges.
Fact-checking, a crucial tool in combatting misinformation, has benefited from advances in machine
learning and NLP techniques. There is also a growing emphasis on making fact-checking models
transparent and interpretable. FACTIFY-5WQA 2024, a shared task within DeFactify, is built upon a 5W
framework (who, what, when, where, and why) for question-answer-based fact explainability. In the task,
participants are tasked with developing fact-checking systems that can automatically process claims, use
the associated evidence and questions to determine the veracity of the claims, and assign the correct
labels. The task uses the FACTIFY-5WQA dataset, a semi-automatically generated fact verification
dataset designed to determine the veracity of a claim based on the evidence / documents provided and
the questions and answers generated from both the claim and the evidence. In this paper, we report
our approach using a twin semantic frame-based fine-grained inconsistency detection model, achieving
an accuracy of 45.51%, a significant improvement over the baseline securing the second position in the
shared task.
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1. Introduction

In an era dominated by digital communication, fake news, and misinformation have become
omnipresent challenges with far-reaching consequences [1, 2]. The rapid dissemination of false
or misleading information can profoundly impact individuals, communities, and societies at
large [3, 4, 5]. Fact-checking, a valuable weapon in combating misinformation, involves the
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systematic evaluation of claims, ensuring accuracy, and dispelling falsehoods. Advances in
machine learning and natural language processing (NLP) techniques have helped the internet
to become a safer, and civil place. These methods have improved the ability of fact-checking
algorithms to understand and analyze complex language structures, improving accuracy in
detecting misinformation [6, 7]. More recently, researchers have also explored multimodal
approaches, combining textual information with analysis of images and videos, to verify stance
(8,9, 10], content moderation [11] and also claims that involve various media types, providing
a more comprehensive fact-checking solution [12].

There is an increasing emphasis on making fact-checking models more transparent and
interpretable. Understanding how Al systems arrive at their conclusions is crucial for building
trust and avoiding human oversight. DeFactify is an initiative towards building an aspect-based
(delineating which part(s) are true and which are false) explainable system that can assist
human fact-checkers in asking relevant questions related to a fact, which can then be validated
separately to reach a final verdict. FACTIFY-5WQA 2024 is a part of this shared task, which is
based on a 5W framework (who, what, when, where, and why) for question-answer-based fact
explainability [13]. It presents a semi-automatically generated dataset called FACTIFY-5WQA.
The dataset is a fact verification dataset that aims to detect whether a claim is false or not
based on a given evidence/document, and specifically from questions and answers generated
respectively from the claim and evidence.

In this paper, we report our system for addressing this task. Our approach is inspired by
the fine-grained inconsistency detection model proposed by Chan et al. [14]. Given a claim -
evidence pair, we employ a twin semantic frame model to first identify fine-grained facts and
associated Semantic Role Labels. Then, a custom fact attention module is designed to align
facts within the claim that are relevant to the facts presented in the evidence. This is in turn
used to predict the probability of different factual error types based on the representations
of evidence and claim, and deduce the output labels: support, neutral, or refute. Through
benchmarking experiments, we observe that the proposed approach outperforms standard
baselines. In particular, our methodology achieves an accuracy of 45.51% which is over 32.88%
relative increase from the baseline accuracy. Our system ranked second in this shared task.

2. Task Description

Participants in this task are tasked with developing fact-checking systems that can automatically
process claims, use the associated evidence and questions to determine the veracity of the claims
and assign the correct labels. Each claim-evidence pair is labeled as ‘Support’, ‘Neutral’, or
‘Refute’ to indicate whether the evidence supports, is neutral towards, or refutes the claim’s
veracity.

2.1. Evaluation

The prediction is considered correct if both the BLEU score for the answers generated from
the claim and the BLEU score for the answers from the evidence are greater than a predefined
threshold. Additionally, the label assigned to the prediction must match the true label (i.e.,
Support, Neutral, or Refute) for the claim. Only when these two conditions are met—satisfactory



BLEU scores and correct label assignment—is a prediction deemed accurate. The final accuracy
is then calculated as the percentage of such accurate predictions out of the total predictions
made. This evaluation approach ensures that predictions are both linguistically coherent and
consistent with the true veracity of the claims.

3. Dataset

FACTIFY-5WQA is a dataset designed to address the limitations of contemporary fact-checking
systems that often provide numerical truthfulness scores and hence may not be easily inter-
pretable by humans [15]. The primary goal of FACTIFY-5WQA is to bridge the gap between
automated fact checking and the human-centered logical fact checking process. FACTIFY-
5WOQA, is semi-automatically generated and consists of 391,041 facts, making it a substantial
and comprehensive resource. Each fact is associated with a set of 5W QAs, focusing on the
“who, what, when, where, and why” aspects of the fact. These QAs provide a detailed and
multidimensional perspective on each claim. To generate these QAs, a semantic role labeling
system is utilized to locate the relevant 5Ws in the facts. This process involves using a masked
language model, which is a powerful tool for natural language understanding (NLU). The dataset
thus includes not only the claims themselves, but also the associated questions that can guide
the fact-checking process and highlight different aspects of each claim.

As shown in Figure 1, the key components of the dataset are claims, evidence/documents,
questions, answers, and labels. To explain in detail, the key components of dataset are:

+ Claims: The dataset contains various claims that need to be fact-checked.

« Evidence/Documents: Fach claim is associated with supporting evidence or documents
that can be used to verify the claim’s veracity.

« Questions: For each claim, a set of questions is provided, covering different aspects
of the claim. These questions are intended to guide the fact-checking process and help
fact-checkers focus on specific details.

« Answers: The dataset includes expected answers to the questions for both the claim
and the evidence. These answers serve as reference points for evaluating the accuracy of
fact-checking systems.

« Labels: Each claim-evidence pair is labeled as ‘Support’, ‘Neutral’, or ‘Refute’ to indicate
whether the evidence supports, is neutral towards, or refutes the claim’s veracity.

4. Method

Our model, as shown in Figure 2, is inspired by the fine-grained inconsistency detection model
proposed by Chan et al. [14]. We tailored the original twin architecture consisting of document
and summary branches, to our task making improvements via a novel question claim/evidence
attention mechanism. The proposed approach leverages five major components along with a
novel training objective.



e "claim": "Andre Agassi won seven titles.",
"evidence": "Andre Kirk Agassi born April 29, 1970 -RRB- is an American retired professional tennis player and former World No. 1 who was one of the
sport 's most dominant players from the early 1990s to the mid-2000s . Generally considered by critics and fellow players to be one of the greatest
tennis players of all time ...,
"question™: [ "How many titles did andre agassi win?", "Who won seven titles?" ],
"claim_answer": [ "seven titles", "Andre Agassi" ],
"evidence_answer™": [ "eight-time Grand Slam champion", "Agassi" ],
“"label": "Refute"

* "claim": "London police officer seriously injured in machete attack during vehicle stop. https://t.co/tnCaOMK6RS",
"evidence": "By Julia Hollingsworth, CNNUpdated 0758 GMT (1558 HKT) August 8, 2019 (CNN)A London police officer is in a critical condition after a
driver he pulled over attacked him with a machete. ",

"question”: [ "How was a london police officer seriously injured?", "Who was seriously injured in a machete attack?", "When was the london police
officer attacked?" ],

"claim_answer": [ ": in machete attack", "London police officer", "during vehicle stop" ],

"evidence_answer": [ "a driver he pulled over attacked him with a machete", "A London police officer", "August 8, 2019" ],

"label": "Support”

Figure 1: Samples of dataset from FACTIFY-5WQA

4.1. Fact Extraction

In the Fact Extraction module, we extract facts from the input claim and evidence by utilizing
a Longformer-based semantic role labeling (SRL) tool [16], which assigns semantic frames
to tokens in the text. These semantic frames consist of predicates and their corresponding
arguments.

4.2. Fact Encoder

The Fact Encoder module focuses on representing the tokens in both the input claim and
evidence. We achieve this by utilizing Adapter-BERT [17] and applying max pooling to fuse
hidden states across all layers. The goal is to create a comprehensive representation of facts by
employing attentive pooling across tokens within semantic frames, as different tokens within a
fact may contribute differently to its representation.

4.3. Question Claim/Evidence Attention

In our implementation, we propose a question claim/evidence attention module [18] that
incorporates attention mechanisms to process questions and claims. By dynamically attending
to relevant parts of the evidence context tokens [19], we aim to improve the fact verification
process. This attention-based approach enhances the understanding of the context surrounding
a claim, leading to more accurate verification outcomes.

4.4. Document Fact Attention Module

The Document Fact Attention module is designed to identify facts within the claim that are
relevant to the facts presented in the evidence. It leverages attention mechanisms to align sum-
mary facts with document facts, ultimately producing a claim context vector that encapsulates
information from the claim related to a given evidence. This module enhances the model’s
ability to connect and interpret facts across the claim and evidence.
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Figure 2: Proposed approach based on fine-grained inconsistency detection model [14].

4.5. Classification Module

In the Classification Module, we employ a linear classifier to predict the probability of different
factual error types and question-answer triplets based on the representations of evidence
answer and claim answer vectors obtained in response to the same question. By pooling the
information from all evidence and claims relevant to the summary, we create fixed-size vectors
that encapsulate the essential information. These vectors are then used as input for the linear
classification layer, which predicts the probability of each factual error type/entailment [20].
This module facilitates the classification of errors and contributes to the overall accuracy of the
fact verification process. In this module, we output labels corresponding to support, neutral, or

refute.



4.6. Training Objective

We train our model with a joint objective of cross entropy (for classifier task) and SRLScore
(for answer quality). SRLScore is a novel reference-free evaluation metric designed for text
summarization tasks, utilizing Semantic Role Labels to assess factuality and interpretability of
generated text [21]. It demonstrates competitive performance with state-of-the-art methods
and exhibits stable generalization across datasets, offering an accessible and effective tool for
text generation evaluation. The accuracy of our classifier in this context thus depends upon the
quality of the answers provided. High-quality answers enhance our ability to predict entailment
more effectively between the claim answer and the evidence answer.

5. Results

For this task, we implemented various baseline models along with the best-performing approach
as discussed in section 4. As our first baseline model, we used AllenNLP-SRL' to use AllenNLP’s
pre-trained model [22] on Semantic Role Labeling (SRL) to make predictions. Similarly, as
the second baseline, we use the twin architecture shown in Figure 2 without question claim/
evidence attention blocks. With the architecture as shown in Figure 2, we were able to get
an accuracy of 45.51%. The accuracy for the first baseline is 8.98% whereas the accuracy for
second baseline is 37.91%. These results highlight the significant improvement achieved through
the integration of the question claim/evidence attention layer. Apart from these baselines, the
official baseline provided by the organizers is 34.22%. Our method thus attains a relative 32.99%
increase in accuracy than the official baseline provided in FACTIFY-5WQA.

6. Conclusion

In this paper, we presented our participation in the FACTIFY-5WQA 2024 shared task, which
focuses on developing interpretable and aspect-based fact-checking systems to combat misin-
formation. We introduced an innovative approach inspired by the interpretable fine-grained
inconsistency detection model, specifically tailored for this task. Our model incorporates a ques-
tion claim/evidence attention mechanism to dynamically attend to relevant evidence, enhancing
the fact verification process. Through a combination of fact extraction, fact encoding, attention
mechanisms, and a classification module, our approach achieved an impressive accuracy of
45.51%, and ranked second in the leaderboard. This accuracy surpassed both the official baseline
(34.22%) and other baseline models, highlighting the efficacy of our proposed methodology.
Further research could focus on refining the question claim/evidence attention mechanism
and exploring techniques to improve the quality of answers, ultimately leading to even more
accurate fact-checking systems.

"https://github.com/masrb/allenNLP-SRL
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A. Limitations

Despite the effectiveness of our approach in the FACTIFY-5WQA 2024 shared task, it faces
several challenges, including a heavy reliance on the accuracy of semantic role labeling (SRL)
for fact extraction, which can impact claim verification accuracy if errors occur. The model’s
computational intensity may limit its real-time application and use on lower-resource devices.
Its generalizability across different domains, languages, and misinformation types remains
untested, which could affect its applicability in specialized fields. Additionally, while aiming for
interpretability, the model’s complex neural network components still present a "black box"
challenge, complicating the provision of clear explanations to non-expert users. The semi-
automatically generated FACTIFY-5WQA dataset may introduce biases that influence model
training and performance. The model may also struggle with complex claims and evidence
that require nuanced understanding or implicit knowledge. Lastly, the current framework
does not address scalability or updating mechanisms for incorporating new information over
time, which is crucial for adapting to evolving misinformation landscapes. Addressing these
limitations requires further research into more sophisticated NLP techniques, computational
efficiency improvements, domain adaptation, enhanced interpretability, bias mitigation, and the
development of scalable, update-friendly architectures.
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