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Abstract

This paper proposes MAFT, a novel multimodal automated
fact-checking system capable of handling content in any com-
bination of text, images, videos, and audio. The core idea
behind our system is the textualization of multimodal con-
tent using various machine learning techniques. MAFT com-
prehensively analyzes this textualized content along with ex-
ternal information collected via web APIs by large language
models (LLMs). MAFT generates interpretable fact-checking
reports that include not only verification results but also a de-
tailed verification process. With its adaptability and ability to
automatically verify multimodal content, MAFT contributes
to the fight against the spread of multimodal misinformation.

Introduction
In recent years, the spread of misinformation has become
increasingly severe due to the advancement of generative AI
and the proliferation of social media. Especially, misinfor-
mation encompassing multimodal content, such as text, im-
ages, videos, and audio, is posing a significant threat due
to its high credibility and spreadability (Akhtar et al. 2023;
Newman and Zhang 2020; Li and Xie 2020). Moreover, this
type of misinformation may include deceptive and sophis-
ticated content, like deepfakes (Pei et al. 2024; Khanjani,
Watson, and Janeja 2023), making manual verification ex-
tremely challenging. Thus, there is a rapidly growing de-
mand for automated fact-checking systems that can verify
the factuality of multimodal misinformation.

Related Work. Much effort has been devoted to auto-
mated fact-checking to combat misinformation consisting of
unimodal and multimodal content. In unimodal automated
fact-checking, each type of data is analyzed within its own
modality to verify its factuality. Significant attention has
been given to detecting manipulated images, videos, and
audio, including deepfakes (Dong et al. 2022; Kawa et al.
2023), synthetic data (Ojha, Li, and Lee 2023; Cazenavette
et al. 2024), and forged data (Yu et al. 2024; Li et al. 2024).
Furthermore, recent works have focused on verifying the
factuality of text by using large language models (LLMs)
to check the consistency between the target text and exter-
nal information (Chern et al. 2023; Min et al. 2023). On the
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other hand, multimodal automated fact-checking methods
verify the factuality of multimodal content by checking in-
consistencies among different modalities. The inconsistency
between text and images has been examined with entity
recognition (Müller-Budack et al. 2020), knowledge graphs
(Fung et al. 2021), and vision-language models (VLMs) (Qi
et al. 2024; Abdelnabi, Hasan, and Fritz 2022; Yao et al.
2023; Liu et al. 2024). Some studies have proposed methods
for detecting deepfakes that include both generated video
and audio (Oorloff et al. 2024; Yang et al. 2023) based
on audio-visual inconsistency. Despite the progress in au-
tomated fact-checking, the current methods are often lim-
ited to specific modalities. This poses a significant challenge
when dealing with the diverse combinations of text, images,
video, and audio that are commonly found in multimodal
misinformation in real-world scenarios.

Our Approach. In this paper, we propose Multimodal
Automated Fact-checking via Textualization (MAFT), a
novel multimodal automated fact-checking system capable
of handling content in any combination of text, images,
videos, and audio. The core idea behind our system is the
textualization of multimodal content through various ma-
chine learning techniques. Specifically, images, videos, and
audio are converted into text representing their respective
content using image caption generation, video caption gen-
eration, and speech recognition. Moreover, we also employ
deepfake detectors to generate text indicating whether the
multimodal content has been tampered with. Once all input
data are converted into text, they are integrated with exter-
nal information obtained via web APIs and then comprehen-
sively analyzed using LLMs. Finally, our system provides
interpretable fact-checking reports, including not only the
verification results but also a detailed verification process.
With its adaptability and ability to automatically verify mul-
timodal content, MAFT contributes to the fight against the
spread of multimodal misinformation.

System Overview
Given any combination of text, images, videos, and audio,
MAFT outputs a fact-checking report. MAFT consists of
four processes: (i) multimodal textualization, (ii) claim ex-
traction, (iii) evidence collection, and (iv) report generation.
Fig. 1 (a) shows an overview of MAFT.
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Figure 1: (a) Overview of our proposed multimodal automated fact-checking system, MAFT. (b) An example of misinformation
composed of text and an image. (c) The report generated by MAFT for the misinformation shown in (b).

Multimodal Textualization. This process involves con-
verting images, video, and audio into text, which allows for
subsequent fact-checking by the LLMs. MAFT utilizes a vi-
sion language model (VLM) and a speech recognition model
for the textualization. The VLM is employed to convert im-
ages and videos into text. For images, the summary gener-
ated by the VLM is directly used as the converted text. In the
video case, the VLM produces a summary of the selected
frames in the video and then integrates the frame summaries
to make the converted text. MAFT uses speech recognition
models to extract spoken content for audio, which is then
used as the converted text. MAFT uses GPT-4o (OpenAI
2024) and Whisper (Radford et al. 2023) as the VLM and
the speech recognition model, respectively.

Claim Extraction. In this process, claims to be verified
are extracted from the multimodal inputs. To achieve this,
MAFT has the LLM comprehensively analyze the textual-
ized input through the multimodal textualization process.
Specifically, the original modality of each text is made ex-
plicit in the prompt, and the LLM synthesizes its content
to extract the claims. In all processes, MAFT uses GPT-4
(Achiam et al. 2023) as the LLM.

Evidence Collection. MAFT collects evidence through
external information retrieval and input manipulation check
to check the factuality of the extracted claims. In external in-
formation retrieval, the system retrieves information related
to the extracted claims using the Google Custom Search API
(Developers 2024). As in the existing study of automatic
fact-checking (Chern et al. 2023), search terms are generated
using a LLM. MAFT summarizes the retrieved web pages by
the LLM to fewer than 1000 characters. In input manipula-
tion check, MAFT checks whether the input images, videos,

and audio have been manipulated or generated by deepfake
detectors for face images/videos and audio. to ensure com-
prehensive analysis. The outputs from the detectors are ag-
gregated as text; for instance, if the deepfake detector for
face returns a “True”, a statement such as “An evaluation
using a detector revealed that this person in this image is a
deepfake.” is collected as evidence. MAFT uses ICT (Dong
et al. 2022) and Whisper-based detector (Kawa et al. 2023)
as the detector for face and audio, respectively.

Report Generation. MAFT produces a report on the fact-
checking results and the process by having the LLM inte-
grally analyze all the results obtained in the previous pro-
cesses. The generated report consists of three sections: sub-
ject to verification, verification process, and verification re-
sult. The subject to verification section explains the con-
tent of the input and the claim extracted from the inputs.
The verification process provides the evidence used for fact-
checking and how that evidence was obtained (e.g., URL),
which improves the interpretability and acceptability of the
fact-check results. The verification result shows the result of
the fact-checking in three stages: factual, false, or undeter-
mined. Additionally, if the claim can be corrected, the cor-
rect content is provided based on the evidence. Fig. 1 (c)
shows the report generated by MAFT for the input in Fig. 1
(b), which is partially abridged due to page limitations.

Conclusion
This paper proposes MAFT, a multimodal automated fact-
checking system capable of handling content in any combi-
nation of text, images, videos, and audio. For future work,
we could focus on implementing detectors for synthetic and
forged data, as well as utilizing textualized externally re-
trieved multimodal information as evidence.
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