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Abstract

Real-world multimodal misinformation often arises from
mixed forgery sources, requiring dynamic reasoning and
adaptive verification. However, existing methods mainly rely
on static pipelines and limited tool usage, limiting their ability
to handle such complexity and diversity. To address this chal-
lenge, we propose T2Agent, a novel misinformation detec-
tion agent that incorporates an extensible toolkit with Monte
Carlo Tree Search (MCTS). The toolkit consists of modu-
lar tools such as web search, forgery detection, and consis-
tency analysis. Each tool is described using standardized tem-
plates, enabling seamless integration and future expansion.
To avoid inefficiency from using all tools simultaneously, a
greedy search-based selector is proposed to identify a task-
relevant subset. This subset then serves as the action space for
MCTS to dynamically collect evidence and perform multi-
source verification. To better align MCTS with the multi-
source nature of misinformation detection, T2Agent extends
traditional MCTS with multi-source verification, which de-
composes the task into coordinated subtasks targeting differ-
ent forgery sources. A dual reward mechanism containing a
reasoning trajectory score and a confidence score is further
proposed to encourage a balance between exploration across
mixed forgery sources and exploitation for more reliable ev-
idence. We conduct ablation studies to confirm the effective-
ness of the tree search mechanism and tool usage. Extensive
experiments further show that T2Agent consistently outper-
forms existing baselines on challenging mixed-source multi-
modal misinformation benchmarks, demonstrating its strong
potential as a training-free detector.

Code — https://github.com/cuixing100876/T2Agent

Introduction

The remarkable progress in Artificial Intelligence Gener-
ated Content (AIGC) technologies (Ouyang et al. 2022; Tou-
vron et al. 2023; Dhariwal and Nichol 2021; Rombach et al.
2022; Cui et al. 2024a,b) has lowered the barrier to gener-
ating sophisticated multimodal misinformation, posing se-
vere threats to information integrity, public governance, eco-
nomic stability, and societal well-being (Zannettou et al.
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2019; Apuke and Omar 2021; Allcott and Gentzkow 2017).
Addressing this issue is not only a technical imperative but
also a societal necessity. Therefore, developing approaches
for multimodal misinformation detection is critical to safe-
guard the integrity of digital information ecosystems.

Automated multimodal misinformation detection is inher-
ently complex, requiring capabilities in reasoning, informa-
tion retrieval, and cross-modal verification. While recent au-
tomated approaches have made progress (Liu et al. 2024c;
Braun et al. 2025; Beigi et al. 2025), they still fall short of
emulating the dynamic strategies employed by human ex-
perts. This gap can be attributed to two key factors. First,
the diversity of forgery sources (Guo et al. 2025) necessi-
tates tailored tools for different scenarios. For instance, the
AMG benchmark (Guo et al. 2025) considers temporal con-
sistencies, whereas MMfakebench (Liu et al. 2024c¢) incor-
porates counterfactual misinformation. However, most exist-
ing LLM-based methods rely on fixed and limited toolsets,
which lack the flexibility and scalability required to han-
dle such a wide range of forgery types. Second, real-world
multimodal misinformation often arises from mixed forgery
sources, such as textual inaccuracies, image manipulations,
or cross-modal inconsistencies (Liu et al. 2024c). Reliable
detection requires not only the ability to perform in-depth
exploitation to retrieve evidence for each forgery source but
also to adaptively explore multiple potential forgery sources.
However, existing LLM-based methods (Liu et al. 2024c;
Braun et al. 2025; Beigi et al. 2025; Li, Zhang, and Malt-
house 2024; Lakara et al. 2024b) typically rely on rigid de-
signs that fail to strike this critical balance, limiting their
effectiveness in complex scenarios.

To address these challenges, we introduce T2Agent, a
novel misinformation detection agent that incorporates an
extensible toolkit with Monte Carlo Tree Search (MCTS).
As illustrated in Fig. 1, the extensible toolkit includes a
range of functional tools such as web searching, time detec-
tion, forgery detection, counterfactual detection, image un-
derstanding, and entity recognition. Each tool is described
using standardized templates, enabling seamless integration
and future expansion for new tasks. Given that using all
available tools simultaneously may overwhelm the agent and
reduce efficiency (Lu et al. 2025), we introduce a tool selec-
tion mechanism based on greedy search. This mechanism
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Figure 1: (1) MMDAgent adopts a fixed verification process. (2) Our T?Agent builds a multi-source verification framework
inspired by MCTS, enabling dynamic verification through adaptive tool selection and evidence integration.

identifies the most relevant subset of tools for each task type,
forming a task-specific subset. Then, the optimized subset
serves as an action space for MCTS to dynamically col-
lect evidence and perform multi-source verification. Differ-
ent from the previous MCTS, which is primarily designed
for tasks with a single target, T>Agent extends MCTS with
multi-source verification. Specifically, T?Agent first de-
composes the misinformation detection task into multiple
subtasks, each corresponding to a potential forgery source.
Subsequently, it dynamically performs verification. To guide
this process effectively, we propose a dual evaluation func-
tion that combines two components: the reasoning trajectory
score, which evaluates the quality of the reasoning path, and
the result confidence score, which measures the certainty of
the final decision. By balancing exploration across mixed
forgery sources with the exploitation of high-confidence ev-
idence, T2Agent enhances robustness and generalization in
complex detection scenarios.

Our experiments demonstrate that T2Agent presents a
promising performance in mixed-source multimodal mis-
information detection. On the MMfakebench (Liu et al.
2024c), T2Agent improves accuracy of the baseline MMDa-
gent (Liu et al. 2024c) by 28.7% with GPT4-o0 (Ope-
nAl 2022), achieving a new state-of-the-art (SOTA). On
AMG (Guo et al. 2025), T?Agent is competitive with ex-
isting training-based approaches, offering a promising di-
rection for enhancing misinformation detection without the
need of additional training. Ablation studies further confirm
that the performance gains stem from the use of MCTS and
tool integration. The primary contributions of this paper can
be summarized as follows:

» We propose T?Agent, a novel misinformation detection
agent that integrates an extensible toolkit with Monte
Carlo Tree Search (MCTS). By dynamically planning
verification paths, leveraging tools for evidence col-
lection, and performing structured multi-source valida-
tion, T?Agent enables adaptive reasoning across diverse
forgery sources.
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* We design an extensible toolkit based on modularized,
standardized tool templates. This design facilitates rapid
adaptation to various forgery patterns and allows seam-
less integration of new verification capabilities, improv-
ing system scalability and generalization.

* We extend traditional MCTS with a multi-source verifi-
cation framework by decomposing the detection task into
subtasks, where each subtask targets a specific forgery
source. A dual evaluation function further guides cross-
subtask reasoning, balancing exploration across sources
with exploitation of reliable evidence.

Related work
Misinformation Detection

Early misinformation detection datasets primarily focus on
a single source, such as textual veracity distortion (Wang
2017; Thorne et al. 2018; Shu et al. 2020; Hanselowski
et al. 2019; Yao et al. 2023a; Chen and Shu 2024), or cross-
modal inconsistency (Luo, Darrell, and Rohrbach 2021;
Aneja, Bregler, and NieBner 2023; Shao, Wu, and Liu 2023;
Suryavardan et al. 2023; Nielsen and McConville 2022).
Some methods focus on mining forgery features from given
content with specifically designed networks (Hu et al. 2023;
Papadopoulos et al. 2025; Shao, Wu, and Liu 2023). Some
recent works (Cheung and Lam 2023; Zeng et al. 2024; Liu
et al. 2024b; Qi et al. 2024; Yang and Rocha 2024) fine-
tune LLMs to enhance their detection capabilities for spe-
cific tasks. Benefiting from the powerful reasoning ability
of LLMs, some works (Kakizaki, Matsunaga, and Furukawa
2025; Li, Zhang, and Malthouse 2024; Beigi et al. 2025; Lin
et al. 2025; Liu et al. 2025) directly leverage LLM to build
reasoning-driven misinformation detection pipelines. Some
methods (Khaliq et al. 2024; Tahmasebi, Miiller-Budack,
and Ewerth 2024; Braun et al. 2025; Chen et al. 2024b) fur-
ther retrieve evidence to better handle the evolving nature of
news content.

Despite being effective, these methods are unable to han-
dle the situation where there are multiple sources of forged



information in the real world. Several benchmarks (Liu
et al. 2024¢c; Guo et al. 2025; Wang et al. 2024a) are de-
signed to focus on the scenarios where misinformation stems
from combined sources. Although some works (Lakara
et al. 2024a; Dey et al. 2025) experiment on the multi-
source forgery detection benchmark MMfakebench (Liu
et al. 2024c), they simply regarded the task as a binary clas-
sification of real or fake, ignoring the fine-grained identifica-
tion for different sources of forged information. To solve the
challenge of mixed-source multimodal misinformation de-
tection, MMDAgent (Liu et al. 2024c) integrates the reason-
ing ability of LLMs and relies on a predefined static detec-
tion workflow. MGCA (Guo et al. 2025) extracts multi-view
features and trains an end-to-end model to detect misinfor-
mation. A recent work LRQ-FACT (Beigi et al. 2024)re-
trieves evidence by generating questions, and can detect
multi-source fabricated information. However, these meth-
ods are limited by the fixed workflows and a limited set of
tools. Our T2Agent , on the other hand, introduces a mod-
ified MCTS that adaptively searches across mixed forgery
sources. This enables a principled trade-off between exploit-
ing verified evidence and exploring diverse forgery sources,
leading to improved performance in complex and heteroge-
neous misinformation settings.

Monte Carlo Tree Search

Monte Carlo Tree Search (MCTS) (Coulom 2006) is a pow-
erful heuristic search algorithm that has demonstrated ex-
ceptional performance in solving complex decision-making
problems. Its core mechanism involves iteratively building
a search tree and selecting the optimal action based on the
outcomes of numerous simulations. The operation of MCTS
typically consists of four key steps. Selection: Starting from
the root node, a child node is recursively selected accord-
ing to a policy such as the Upper Confidence bound applied
to Trees (UCT) (Kocsis and Szepesvari 2000) until a leaf
node or a partially expanded node is reached. Expansion:
If the selected node does not represent a terminal state, one
or more new child nodes are created. Simulation: From the
newly expanded node, a fast policy is executed to simulate
a trajectory until a terminal state is reached. This simula-
tion provides an estimate of the potential value of the node.
Backpropagation: The outcome of the simulation is prop-
agated back up the selection path to the root node, updat-
ing statistics such as visit counts and cumulative rewards for
each node along the way.

MCTS and its variants have demonstrated broad applica-
bility across a wide range of domains, which have signifi-
cantly improved decision-making performance in various ar-
eas (Anthony, Tian, and Barber 2017; Ontanén 2013). Monte
Carlo tree search simulates the human decision-making pro-
cess. Some MCTS-based systems like AlphaGo (Silver et al.
2016) and AlphaZero (Silver et al. 2017) have even achieved
superhuman performance. MCTS has been widely applied to
domains such as robotic path planning (Eiffert et al. 2020)
and combinatorial optimization (Cazenave 2009). In recent
years, researchers integrate MCTS with large language mod-
els to enhance the exploration of solution spaces in complex
tasks such as question answering (Yao et al. 2023b; Hao
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et al. 2023; Xie et al. 2024; Yu, Chen, and Yu 2023; Zhou
et al. 2024), mathematics(Zhang et al. 2024; Chen et al.
2024a), websearch (Yu et al. 2024; Koh et al. 2024), prompt
optimization (Wang et al. 2024b), code generation (Antoni-
ades et al. 2024), video understanding (Yang et al. 2024),
etc. These MCTS applications focus on tasks with a single
target and are not well-suited for multi-source misinforma-
tion detection. In contrast, we adapt MCTS to the mixed-
source characteristics of multimodal misinformation detec-
tion by introducing a multi-source verification mechanism
augmented with extensible tools.

Method

In this section, we first define the problem of multimodal
misinformation detection (Sec. ). Then, we introduce our
proposed framework, T?Agent, which consists of two core
components: a Multi-Source Verification Monte Carlo Tree
Search (MCTS) and an extensible toolset for adaptive evi-
dence reasoning. Specifically, we extend traditional MCTS
with multi-source verification (Sec. ) to deal with poten-
tial mixed forgery sources in multimodal misinformation.
Our approach introduces a dual evaluation function and
a custom backpropagation strategy that together maintain
a balance between exploration and exploitation
during search. Additionally, we propose a collaborative
decision-making strategy to aggregate evidence and reach a
final authenticity judgment. Complementing the search pro-
cess, our framework includes an extensible toolset (Section )
that supports plug-and-play integration of specialized tools.
This enables dynamic and task-aware tool selection across
diverse types of multimodal misinformation.

Problem formulation

We address the task of mixed-source multimodal misinfor-
mation detection (Liu et al. 2024¢), which aims to assess
the authenticity of online news content by analyzing mul-
tiple mixed sources of information and classifying it into
various types of misinformation. Unlike traditional single-
source multimodal misinformation detection tasks that fo-
cus on generating a single correct answer, this task involves
verifying content across different modalities and potential
forgery sources. It may require handling several sub-tasks,
such as Textual Veracity Distortion, Visual Veracity Dis-
tortion, and Cross-modal Consistency Distortion (Liu et al.
2024c). Only through a comprehensive analysis of these
multiple, mixed sources of evidence can the authenticity of
a piece of news be reliably determined.

The verification process is a transition process among dif-
ferent states, where each state s; contains the thought, action
a¢, and observation o;. In our T2Agent, the thought and ac-
tion are determined by LLM. The observation is obtained by
executing the action with the corresponding tool. A misin-
formation detection agent begins by receiving an input in-
stance ¢ that may contain text and visual content. Then, at
each time step ¢, the agent generates an action a; € A based
on the previous state s;,_;. By executing a;, the agent ob-
tains a new observation o; and transitions to a new state s;.
This agent-environment interaction continues until either the
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Figure 2: Overview of T2Agent. The toolkit acts as the action space, with a greedy search selecting relevant tools. T2Agent ex-
tends MCTS via multi-source verification, breaking tasks into subtasks targeting different forgery sources. At each node of the
tree search process, the agent plans verification paths, selects tools based on task requirements, and evaluates outcomes using a
dual reward function that balances exploration across forgery sources with evidence exploitation.

agent makes a final judgment on the authenticity of the input
information, or the maximum number of steps 7" is reached.

Multi-source Verification MCTS

We propose Multi-source Verification MCTS, an extension
of classical MCTS tailored for multi-source misinformation
detection. During inference, similar to classic MCTS, it iter-
atively builds a search tree through the selection-expansion-
simulation-backpropagation paradigm, predicting rewards at
each step to guide the search. Unlike traditional MCTS, we
introduce subtask nodes in the search tree, each represent-
ing a potential forgery source (e.g., textual inconsistency, vi-
sual manipulation, or cross-modal discrepancy). The LVLM
serves as the reasoning controller. At each node, it first
makes a plan to generate a thought and corresponding ac-
tion based on the current state and previous trajectory. We
also utilized the trajectories of failures as memory, enabling
drawing on past experiences. Once an action is selected, it
invokes the corresponding tool from its extensible toolkit to
retrieve external evidence or perform specific analyses. To
balance exploration across mixed forgery sources with the
exploitation of reliable evidence, we introduce a dual re-
ward mechanism, which evaluates both the quality of the
reasoning trajectory and the confidence of the final decision.
This reward signal is used to update the value of its parent
nodes during backpropagation, enabling dynamic adaptation
to complex multimodal misinformation scenarios.
Initialization The root of the tree represents the over-
all task of determining whether a given piece of news is
true or false. The first layer of the tree consists of multi-
ple child nodes, each representing a specific sub-task corre-
sponding to mixed forgery sources, which can be adaptively
pre-defined by the user based on the requirements of the
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task. To facilitate the exploration of the first step, we assign
a weight to each child node. We use LVLM to analyze the
input content and estimate the probability distribution over
these sub-task categories. This means that the model assigns
a likelihood score to each sub-task, reflecting how relevant
or necessary it is for verifying the claim. These probabilities
guide the expansion of the tree by prioritizing which sub-
tasks should be explored further.

Evaluation To evaluate the nodes, we propose a dual
scoring mechanism that combines a reasoning trajectory
score with a result confidence score. Both scores are calcu-
lated by an LLM. We provide corresponding prompts in the
appendix. The reasoning trajectory score quantifies the over-
all quality and coherence of the reasoning process along the
path from the root node to the current node. It is utilized in
two scenarios. One is to evaluate the quality of the reasoning
path during the simulation process and serve as the value of
each step node, and the other is to calculate the quality of
the reasoning path of the answer node and serve as part of
the reward of the node. The input to the reasoning trajectory
score function includes all state-action pairs {s;,a;} up to
the current state.

ST = LLM ({si,ai}i=0..t). )

Upon reaching a leaf node, we evaluate both the quality of
the collected evidence and its internal consistency using the
proposed confidence score. This score reflects the quality of
the collected evidence and the degree to which the evidence
supports the conclusion. The confidence score serves as the
reward signal for the terminal node in the MCTS frame-
work. The input to the confidence scoring function includes
all evidence, i.e., observations {o; };—.. .+ gathered along the
current reasoning path, as well as the news c to be verified.



By analyzing the alignment and coherence among different
pieces of evidence, it estimates a confidence value that cap-
tures the overall consistency of the verification process:

Stc = LLM ({oi}i=o...t, ¢). 2

Search Algorithm During the search process, our method
automatically selects the sub-tasks that need verification.
Specifically, we employ the Upper Confidence Bound for
Trees (UCT) criterion (Kocsis and Szepesvéri 2006). At
each iteration, the node with the highest UCT value is se-
lected for expansion. In this work, we revise the UCT for-
mulation to better balance the trade-off between exploring
under-visited sub-task nodes and exploiting those with high
confidence scores. Our modification focuses on sub-task
nodes that have not been explored, i.e., N(s;) = 0. Tra-
ditional methods usually assign an arbitrarily large bonus to
unvisited nodes, which could lead to inefficient exploration.
Different from them, we introduce a bias term and redefine
the UCT function as follows:

V(s¢)
N(St) —|— 1

In(N(s) + 1)

UCT (st) = Ns) £ 1

+C 3)

where V(s;) = aSE + (1 — «)SE is the value of the ter-
minal node. C'is a hyperparameter. N (s;) and N (s) are the
visit count for the child node and the parent node, respec-
tively. By adding the bias term 1 to N(s;), UCT can still be

calculated when N (s;) = 0. The term %

the UCT values of unexplored nodes to be updated along
with the overall situation. In the early stages of the search,
in contrast to assigning an arbitrarily large bonus to unvisited
nodes, calculating UCT with our function avoids overly pri-
oritized newly expanded sub-task nodes, thereby avoiding
unnecessary resource allocation. As the search progresses,
the increasing visit count of the parent node gradually raises
the UCT value of its unvisited children, thereby encouraging
the exploration of unvisited sub-tasks.

Another key component of the search process is back-
propagation. Considering the property that a piece of news
can only be classified as true if all relevant modalities
and sub-tasks independently confirm its authenticity, we in-
troduce a novel pruning strategy. If a sub-task node re-
turns a high-confidence verification result indicating that
the forgery source is likely true, we consider this sub-task
completed and prune further expansion of its child nodes.
By pruning already-confirmed branches, the search process
avoids redundant exploration and allocates computational
resources toward verifying remaining modalities. This strat-
egy mimics how human experts operate: once a source or
modality has been confirmed to be reliable, they tend to fo-
cus on validating other uncertain components.

Decision Making After the MCTS search is completed,
we perform a final decision-making step based on the veri-
fication results collected from all sub-task nodes. If MCTS
completes with a sub-task node with a high-confidence score
indicating that the content is fake, the system classifies the
entire news item as false, without further aggregation. This
early-stop mechanism ensures efficient and decisive misin-
formation detection when strong evidence against authen-
ticity is found in any modality. In cases where no such high-
confidence false signal is detected, we proceed to aggregate

allows
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the results from all verified sub-task nodes using a heuristic
probabilistic fusion strategy. For each sub-task (represent-
ing a potential forgery source), we calculate the probability
that the model believes the input information belongs to each
forgery source i, (i = visual, text...) by utilizing the confi-
dence score S,
i S o ’

p(fake ) - {1 _ SC’,i’

We assume that different modalities (sub-tasks) provide in-
dependent evidence. Therefore, we define the overall likeli-
hood that the news is true as:

p(real) = ﬁ (1 —p (fakei))<1/n)7
i1

where n is the number of verified sub-tasks. We obtain the
final result by comparing the probabilities:

answer = argmax (p(real)7 {p(fakei)}jzl) . 6)

The proposed multi-source verification MCTS enables the
system to explore multiple sub-tasks in a structured manner,
assess the quality of evidence collected along different paths,
prune verified branches to focus on remaining uncertainties,
and integrate each sub-task to obtain the final decision. It
emulates the iterative and dynamic reasoning process of a
human expert, which dynamically shifts between exploring
new sources, validating evidence across modalities, and con-
solidating findings into a final decision.

if answer(z) = fake,
if answer(¢) = real.

“

(&)

Extensible Toolset

Beyond the enhanced MCTS framework, T?Agent incor-
porates a modular and extensible toolset designed to sup-
port diverse misinformation verification tasks across multi-
ple forgery sources. This toolset serves as the action space
within the tree search process, enabling the agent to invoke
appropriate tools for evidence gathering. Each tool is encap-
sulated in a tool card, which abstracts its functionality, input-
output format, and invocation method into a unified struc-
ture. This modular representation allows for seamless inte-
gration and easy extension of new tools. The toolset includes
web searching tools, time detection tools, forgery detection
tools, counterfactual detection tools, image understanding
tools, and entity recognition tools. Details are presented in
the appendix.

While the full toolset provides comprehensive capabili-
ties, not all tools are equally useful for every task (Lu et al.
2025). To ensure both efficiency and effectiveness, we uti-
lize an adaptive tool selection mechanism tailored to each
benchmark. We employ greedy search to efficiently search
for the optimal subset of tools. First, we predefine a mini-
mal default toolset, denoted as Dy,s.. Then, each candidate
tool d; is evaluated by adding it to the base set. We compute
the accuracy improvement as Ay, = Acc(Dpyse U {d;}) —
Acc(Dygse). If Ay, > 0, the tool d; is considered beneficial
for the target task. The updated Dy, is:

Dbase = Dbase U {dz}
This adaptive configuration ensures that the system main-
tains high performance while minimizing computational

overhead. It also enables T?Agent to generalize across di-
verse domains.



Experiments

Approach | Backbone | F11  Accuracy t
SP BLIP-2 0.167 0.328
LLaVA-1.6 0.257 0.404
GPT-40 0.492 0.609
MMD-agent | GPT-4.1-nano | 0.398 0.424
GPT-40-mini | 0.478 0.485
GPT-40 0.614 0.616
LRQ-FACT | GPT-4o0 | 0.716 0.708
Ours GPT-4.1-nano | 0.568 0.569
GPT-40-mini | 0.631 0.629
GPT-40 0.759 0.753

Table 1: Comparison results on MMfakebench.

Experiment Setting

Datasets. We evaluate T?Agent on two challenging misin-
formation detection benchmark: MMFakeBench (Liu et al.
2024c) and AMG (Guo et al. 2025). Both of them con-
tain mixed-source misinformation and categorize news into
multiple forgery classes. MMFakeBench (Liu et al. 2024c)
contains 11,000 image-text pairs, covering “Real”, “Tex-
tual Veracity Distortion (TVD)”, “Visual Veracity Distor-
tion (VVD)”, and “Cross-modal Consistency Distortion
(CCD)”, with both human- and machine-generated images.
We sample 1,000 validation instances, balanced as 300
Real, 300 TVD, 100 VVD, and 300 CMM. AMG (Guo
et al. 2025) classifies news into five forgery categories: “Im-
age Fabrication”, “Non-evidential Image”, “Entity Inconsis-
tency”, “Event Inconsistency”, and “Time Inconsistency”.
The dataset contains 4,922 samples in total, divided into
3,532 for training, 517 for validation, and 973 for testing.
The test set includes 575 Real samples, 74 Image Fabrica-
tion, 69 Non-evidential Image, 29 Entity Inconsistency, 136
Event Inconsistency, and 90 Time Inconsistency.

Evaluation Metrics. To ensure a comprehensive compar-
ison, we adopt the accuracy and the macro-F1 score as eval-
uation metrics. The macro-F1 score equally weighs perfor-
mance across all classes by computing the harmonic mean
of per-class precision and recall.

Main Results

MMfakebench. On MMfakebench, we compare with Stan-
dard Prompt (SP), MMD-Agent (Liu et al. 2024c), and
LRQ-FACT (Beigi et al. 2024). For Standard Prompt, we
utilize BLIP-2 (Li et al. 2023), LLaVA-1.6 (Liu et al. 2024a),
and GPT-40 (OpenAlI 2022) as LLM backbones. Since the
code of LRQ-FACT is not open-source, the results in the
table are those from their paper. As shown in Table 1, our
T2?Agent consistently outperforms all comparison meth-
ods. The results of the standard prompt indicate that the
LLM itself has a certain ability to detect false information.
This might be due to the fact that the LLM contains knowl-
edge. However, this detection capability is insufficient. Our
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T2Agent outperforms the MMD-Agent under all three LLM
models (GPT-4.1 Nano, GPT-40 Mini, and GPT-40), achiev-
ing an average 28.7% relative improvement in accuracy. Un-
der a lightweight setting (GPT-4.1 Nano), T>Agent boosts
F1 by over 42.7%, demonstrating strong generalization and
robustness across model scales. Notably, with GPT-40 Mini,
our method achieves an accuracy of 0.629 and F1 of 0.631,
which even outperforms MMD-agent with GPT-40 (accu-
racy 0.616, F1 0.614). T?Agent also outperforms LRQ-
FACT, demonstrating the necessity of dynamic verification.

A mismatch forgery case sampled from MM-FakeBench
(Fig. 2) showcases the effectiveness of T2Agent in perform-
ing multi-source verification through iterative exploration
and adaptive pruning. In the first iteration, the agent selects
the text subtask node for investigation based on the initial-
ization score. It fails to obtain conclusive evidence. We eval-
uate the node and update the value of itself and its parent
nodes via backpropagation to reflect this uncertainty. During
the second iteration, the text node is reselected based on the
evaluation score, and after tool invocation and simulation,
the system confirms that the text is authentic, assigning it a
high confidence score. Based on this reliable outcome, the
corresponding branch is pruned to avoid redundant verifi-
cation, demonstrating the method’s efficiency in identifying
trustworthy sources. In the third iteration, the agent shifts fo-
cus to a consistency forgery source node. Through structured
reasoning and evidence aggregation, T?Agent reaches a fi-
nal judgment with high confidence and terminates the verifi-
cation process successfully. This example highlights several
key advantages of the framework: (1) the ability to itera-
tively refine node values based on partial evidence, prevent-
ing premature decisions; (2) the dynamic expansion of the
search tree toward informative forgery sources; and (3) the
integration of pruning strategies to improve computational
efficiency without sacrificing accuracy.

Backbone Approach F11 Accuracy
GPT-4.1-nano MMD-agent 0.290 0.192
Ours 0.402 0.503
GPT-40-mini  MMD-agent 0.360 0.227
Ours 0.499 0.538
GPT-40 MMD-agent 0.365 0.306
Ours 0.510 0.579

Table 2: Comparison with MMD-agent on AMG (grouped
by backbone for easy comparison).

AMG. We also conduct an evaluation of our method
against the MMD-agent on the AMG dataset. As shown
in Table 2, our approach consistently outperforms the
MMD-agent across all model sizes. In terms of F1 score,
our method achieves improvements of 38.6%, 38.6%, and
39.7% over the MMD-agent when using GPT-4.1-nano,
GPT-40-mini, and GPT-40, respectively. The superior per-
formance of our method can be attributed to its ability to
handle the complexity of the AMG dataset, which contains
five forgery sources. The MMD-Agent adopts a sequential



decision-making strategy, which tends to suffer from error
propagation. This means that incorrect judgments made at
earlier stages affect subsequent decisions, leading to a degra-
dation in overall performance. In contrast, our approach ex-
plores a more balanced and holistic strategy by incorporat-
ing MCTS into the decision process. This allows our model
to better assess the likelihood of each forgery type and avoid
premature or biased decisions.

The results on MMfakebench and AMG collectively
highlight the feasibility of constructing general-purpose,
training-free misinformation detection agents using large
language models and structured reasoning frameworks,
paving the way for more adaptable verification systems.

Ablation Study

We conduct an ablation study on MM-FakeBench using
the GPT-4.1-nano backbone over 1,000 samples to evaluate
the effectiveness of the multi-source verification MCTS and
toolset in our framework. Results are summarized in Table 3.
MCTS search enables flexible evidence verification.
MMD-Agent follows a rigid, rule-based verification path
with fixed state transitions, limiting its adaptability when
handling incomplete or low-confidence evidence across
diverse forgery sources. In contrast, introducing MCTS-
based tree search allows our agent to dynamically explore
and prioritize subtasks based on real-time confidence esti-
mates. This flexibility leads to notable improvements across
all metrics: the F1 score increases from 0.398 to 0.535
(+34.4%) and accuracy from 0.424 to 0.534 (+25.9%).

Method F11 Accuracy T
MMD-agent (baseline) 0.398 0.424
TOOLs 0.413 0.459
MV_MCTS 0.535 0.534
MV _MCTS+TOOLSs (Ours) 0.568 0.569

Table 3: Ablation Study on MMfakebench.

Extensible tools enhance performance through adap-
tive reasoning. We conduct an ablation study to evaluate the
effectiveness of our extensible toolset. The base configura-
tion includes fundamental tools such as image understand-
ing and Wikipedia lookup. Building upon this, we employ
our tool selection mechanism to automatically identify and
integrate the most beneficial additional tools—specifically,
Google Search for up-to-date external knowledge and entity
detection via the Baidu API' for object categories in com-
plex images. As shown in Table 3, using the selected tools
alone yields gains over the baseline (F1: 0.413 vs. 0.398),
confirming their utility. More importantly, when integrated
into the MCTS framework, they lead to significant perfor-
mance improvements: our full method achieves an F1 score
of 0.568 and accuracy of 0.569, corresponding to relative
gains of +6.2% and +6.5% over the MCTS-only variant.
This indicates that our tool selection mechanism picks use-
ful tools that integrate well with MCTS.

'https://ai.baidu.com/tech/imagerecognition/general
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Cost Analysis

Table 4 compares the inference costs (in USD) between
the MMD-Agent and our method on the MMFakeBench
dataset, using three GPT-4 variants: GPT-40, GPT-40-mini
and GPT-4.1-nano. While our method has higher compu-
tational costs with the same LLMs, it provides two key
advantages: (1) Strong adaptivity: Our T?Agent features
task-adaptive reasoning without the need of additional train-
ing. This capability is especially important in real-world
mixed-source forgery detection. Besides, it allows the sys-
tem to adapt to novel forgeries without requiring retrain-
ing when a new source of forgery emerges. (2) Better cost-
effectiveness: As shown in Table 1, when using GPT-4o-
mini, our T2Agent achieves an F1 score of 0.631, surpass-
ing MMDAgent (F1 = 0.614) that relies on the larger GPT-
40 model. Meanwhile, our method incurs significantly lower
resource costs—only 129.4$ compared to MMDAgent’s
344.48%. These results clearly indicate that our method offers
both higher performance and greater cost-efficiency, show-
casing a strong advantage in terms of cost-effectiveness.

Model | MMD-agent  Ours
GPT-40 344 .4 1637.1
GPT-40-mini 14.3 129.4
GPT-4.1-nano 9.5 76.2

Table 4: Cost comparison (USD) between MMD-agent and
our T?Agent on MMfakebench.

Conclusion

In this paper, we introduce T?Agent, a novel misinforma-
tion detection agent designed to tackle the complexities and
diversities of mixed-source multimodal misinformation. To
achieve this goal, we design an extensible toolkit incorpo-
rating various modular tools such as web search, forgery
detection, and consistency analysis, and propose the inte-
gration of Monte Carlo Tree Search (MCTS) with multi-
source verification capabilities. The incorporation of these
elements achieves a balance between exploration across
mixed forgery sources and exploitation for more reliable ev-
idence, enhancing the adaptability and efficiency of the de-
tection process. Extensive results show the efficiency of our
approach, suggesting a strong potential for our method as a
training-free approach for enhancing detection accuracy in
real-world applications.

Limitations and future directions. One notable limita-
tion of our current implementation is the increased compu-
tational overhead introduced by the tree search mechanism.
Further works may address this limitation by introducing
efficient pruning strategies or designing hybrid approaches
by combining the proposed method with lightweight expert
models to guide the search more effectively. Besides, open-
source toolchains introduce new security risks. In practice,
these risks may be mitigated by implementing principles
such as least privilege and whitelisting tool calls.
Acknowledgement This research is sponsored by National
Natural Science Foundation of China (Grant No. 6230604 1).
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