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Abstract
This paper presents our submission to the ACMMM25 - Grand Chal-
lenge on Multimedia Verification. We developed a multi-agent verifi-

cation system that combines Multimodal Large Language Models

(MLLMs) with specialized verification tools to detect multimedia

misinformation. Our system operates through six stages: raw data

processing, planning, information extraction, deep research, evi-

dence collection, and report generation. The core Deep Researcher

Agent employs four tools: reverse image search, metadata anal-

ysis, fact-checking databases, and verified news processing that

extracts spatial, temporal, attribution, and motivational context. We

demonstrate our approach on a challenge dataset sample involv-

ing complex multimedia content. Our system successfully verified

content authenticity, extracted precise geolocation and timing in-

formation, and traced source attribution across multiple platforms,

effectively addressing real-world multimedia verification scenarios.

CCS Concepts
•Computingmethodologies→Artificial intelligence; • Social
and professional topics → Privacy policies; Digital rights
management.
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1 Introduction
Multimedia misinformation has become a critical challenge in the

digital information landscape, with visual content serving as a pri-

mary vector for spreading false narratives. Recent studies show that

around 80% of fact-checked misinformation cases involve images

or videos, making multimedia verification essential for maintain-

ing information integrity [11]. Modern misinformation employs

two main strategies: deepfakes involving sophisticated content ma-

nipulation, and cheapfakes where genuine media is repurposed in

misleading contexts. Current multimedia verification approaches

typically focus on either technical forensics or contextual analysis

in isolation. Traditional media forensics tools excel at detecting

pixel-level manipulations but struggle with context verification,

while text-based fact-checking systems cannot adequately process
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visual information. Although Multimodal Large Language Mod-

els (MLLMs) offer new possibilities for multimedia analysis, they

face challenges with hallucination and lack grounding in verifiable

evidence sources.

The ACMMM25 - Grand Challenge on Multimedia Verification
[8] provides an opportunity to address these limitations through

comprehensive verification systems that can handle real-world

misinformation scenarios. The challenge requires systems to pro-

cess complex multimedia content and provide detailed verification

reports with evidence-based assessments of authenticity and con-

textual accuracy. In this paper, we present a multi-agent multi-

media verification system designed specifically for this challenge.

Our approach integrates MLLMs with specialized verification tools

through a systematic six-stage pipeline that processes multimedia

content from initial data extraction through comprehensive report

generation. Our contributions are as follows:

• Multi-agent verification architecture: We propose a

six-stage pipeline that systematically processes multimedia

content from data extraction through comprehensive report

generation, ensuring thorough coverage of both technical

and contextual verification requirements.

• Deep Researcher Agent with specialized tools:We in-

troduce an agent that employs four verification tools, includ-

ing reverse image search, metadata analysis, fact-checking

databases, and a novel verified news processor that extracts

spatial, temporal, attribution, and motivational context.

• We demonstrate the effectiveness of our proposed system

through evaluation on the ACMMM25 - Grand Challenge on
Multimedia Verification dataset [8], successfully handling

complex multimedia content involving geopolitical events.

2 Related Work
2.1 Multimedia Verification
The field of multimedia verification has experienced substantial

growth in recent years, driven by the increasing prevalence of

misinformation and the sophisticated nature of modern content

manipulation techniques. As visual content becomes a major vec-

tor for misinformation, research on verifying the authenticity and

context of images/videos has grown significantly. Recent studies

found that around 80% of fact-checked misinformation cases online

include an image or video [11].
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Figure 1: ACMMM25 - Grand Challenge on Multimedia Veri�-
cation dataset for verifying the authenticity and context of
multimedia content.

Prior studies highlight two major challenges: (1) �deepfakes� (i.e.,
content tampering and synthesis, where images/videos are digitally
altered or generated) and (2) �cheapfakes� (i.e., content miscon-
textualization, where genuine media is reused in a false context
to mislead). Early e�orts in media forensics tackled image manip-
ulations like splicing, copy-move, or GAN-generated fakes. For
example, the MediaEval 2016 Verifying Multimedia Use task aimed
to automatically detect manipulated and misleading use of web im-
ages and videos [4]. They de�ned a post as fake if the visual content
does not actually depict the event described by the accompanying
text, e.g., an old or unrelated photo falsely presented as current
news. Large benchmark datasets such as the NIST Media Forensics
Challenge [16] and FaceForensics++ [31] have driven progress in
detecting tampered images and AI-generated videos. In parallel,
the recent �Detecting Cheapfakes� Grand Challenges at ACM Mul-
timedia and related venues speci�cally target out-of-context (OOC)
image misuse, re�ecting a growing research emphasis on context
veri�cation alongside traditional media forensics [3].

2.2 Multimodal LLMs (MLLMs) for Multimedia
Veri�cation

Given the inherently multimodal nature of online misinformation,
recent research has trended toward joint image�text veri�cation.
Prior studies have shown that leveraging both the visual and tex-
tual modalities can improve accuracy over text-only or image-only
methods [5, 13, 17, 20, 22, 24, 28, 29, 33]. Previous attempts at mul-
timedia veri�cation have focused on developing comprehensive
Open Source Intelligence (OSINT) methodologies combining re-
verse image search platforms [2, 12, 15, 23], metadata analysis tools
[12], structured fact-checking frameworks [24], and knowledge
graphs [9, 11, 27].

The advent of MLLMs has opened new avenues for multimedia
veri�cation. These models bring vast parametric world knowledge

from their training data, which can help recognize when a caption
makes implausible claims about an image. While MLLMs excel at
�exible reasoning, they have drawbacks. A known issue is hallu-
cination, where a MLLM may fabricate plausible-sounding details
if it lacks actual evidence [14, 19, 34]. This is problematic in fact-
checking, as the system might incorrectly justify a decision with
false information.

To counter this, recent research has explored hybrid approaches
that combine LLM reasoning with external knowledge retrieval or
structured representations, such as treating the veri�cation task as
a multi-step reasoning process orchestrated by AI agents. Lakara
et al. [21] involved an agent or multiple agents that can dynamically
query tools and data sources, e.g., performing image analysis, web
searches, and knowledge base lookups, guided by an LLM's logic.
Duwal et al. [11] integrated information from knowledge graphs or
used graph neural networks to ensure decisions are grounded in real
data. Such methods aim to retain the interpretability of LLM-based
reasoning while improving accuracy and trustworthiness by anchor-
ing the model's output to veri�able evidence. Also, Liu et al. [22]
developed FKA-Owl, a framework that leverages forgery-speci�c
knowledge to augment MLLMs, enabling them to reason about
manipulations e�ectively by incorporating semantic correlations
between text and images and artifact traces in image manipulation.
Similarly, Gao et al. [13] proposed a knowledge-enhanced vision
and language model that integrates information from large-scale
open knowledge graphs to augment the ability to discern the verac-
ity of news content. Such multimodal LLM agents can dynamically
choose operations (e.g., reverse image search, object recognition)
and reason about the results in a conversational manner. Braun
et al. [5] introduced DEFAME, a zero-shot multimodal fact-checking
pipeline that uses an LLM backbone to retrieve and analyze text and
image evidence, producing structured veri�cation reports. Nguyen
et al. [24] introduced a two-stage cheapfake-detection pipeline that
�rst performs fast reputation checking by reverse-image-searching
a photo and verifying whether it appears on trusted news domains,
then passes the image�caption triplet to a visual-language net-
work trained primarily on LLM-generated synthetic data to judge
contextual integrity.

Our work follows this trend, focusing on the main task of multi-
media veri�cation by leveraging an MLLM agent that can analyze
content and use online information. Our agent-based approach
builds upon prior research by marrying the strengths of MLLM
reasoning and tool-assisted veri�cation, aiming for high accuracy
and reliability in tackling real-world misinformation challenges.

3 Dataset
In this paper, we tackle the main task of theACMMM25 - Grand
Challenge on Multimedia Veri�cation[8]. The dataset comprises a
collection of 50 high-quality samples designed to re�ect real-world
multimedia veri�cation challenges. Each sample contains multi-
media content �les including videos in.mp4format and images
in .jpg format, with audio and video data constituting 72% of the
total dataset, while static images account for the remaining. While
in the validation set, as shown in Figure 1, most data samples are
video-only, caseID260is image-only, and caseID335contains both
video and images.
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Figure 2: Our proposed Multi-Agent Deep Research MLLMs architecture for the multimedia veri�cation system.

Each veri�cation case is provided as a comprehensive package
including: (1) Primary multimedia content consisting of image(s)
or video(s) that may originate from various sources and potentially
feature content in languages other than English; (2) Contextual
information such as captions, descriptions, social media posts, news
articles, and available metadata that provide background for the
multimedia content; and (3) Additional investigative clues including
possible source attributions, claims made about the content, or
preliminary fact-checker notes when relevant to the case.

The dataset requires participants to produce comprehensive ver-
i�cation that systematically addresses multiple dimensions of con-
tent authenticity and context. The veri�cation framework encom-
passes three primary analytical components: temporal and spatial
veri�cation requiring precise determination of location (geological
coordinates) and timing of events (speci�c dates); forensic authentic-
ity analysis involving detection of synthetic content, modi�cations,
or recapturing using specialized tools and techniques; and eviden-
tial cross-veri�cation demanding corroboration through both the
provided multimedia data and external internet sources.

Importantly, the challenge's objective extends beyond binary
authenticity determination. Instead, it emphasizes comprehensive
evidence assessment that identi�es which speci�c elements of the
multimedia content can be independently veri�ed through external
sources and which aspects remain unveri�able or inconclusive. This
approach recognizes the nuanced nature of multimedia veri�cation
in real-world scenarios where complete veri�cation may not always
be feasible, requiring participants to clearly distinguish between
con�rmed facts, uncertain elements, and information that cannot
be substantiated through available evidence.

4 Methodology
Our multimedia veri�cation system employs a multi-agent archi-
tecture that combines MLLMs with external veri�cation tools to
systematically analyze and fact-check multimedia content. The sys-
tem operates through six distinct stages: (1) raw data processing,

(2) planning and coordination, (3) information extraction and sec-
tioning, (4) deep research and veri�cation, (5) evidence collection,
and (6) comprehensive report generation, as outlined in Figure 2.

4.1 Stage 1 � Raw Data Processing
The initial stage handles diverse multimedia inputs through spe-
cialized processing pipelines designed for di�erent media types.

4.1.1 Video Processing Pipeline.For video content, we utilize the
Gemini 2.0 Flash as the core MLLM to analyze videos and extract
comprehensive metadata and contextual information. The system
generates frame-by-frame descriptions that capture temporal dy-
namics, identify key objects and scenes, and extract technical meta-
data including timestamps, resolution, and encoding information.
A Frame Extractor component automatically identi�es and extracts
the most informative keyframes that represent critical visual mo-
ments in the video sequence.

4.1.2 Image Processing Pipeline.Static images are processed through
the Yandex Image Search API [7], which performs image searches
to identify potential source materials, related articles, and previous
uses of the image across the web. This component generates a com-
prehensive list of related article URLs and metadata that forms the
foundation for subsequent veri�cation steps.

4.2 Stage 2 � Planner Agent
The Planner Agent serves as the central coordination hub, imple-
mented using an LLM with tool-calling capabilities. This agent
analyzes the processed multimedia data and associated metadata to
develop a systematic veri�cation strategy. The planner determines
which veri�cation tools and methods are most appropriate for the
speci�c content type and potential misinformation vectors iden-
ti�ed during initial processing. The Planner Agent organizes the
veri�cation work�ow by creating structured information packets
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