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Abstract

This paper addresses the critical issue of hallucination in
Large Vision-Language Models (LVLMs) by proposing a
novel multi-agent framework. We integrate three post-hoc
correction techniques: self-correction, external feedback, and
agent debate, to enhance LVLM trustworthiness. Our ap-
proach tackles key challenges in LVLM hallucination, includ-
ing weak visual encoders, parametric knowledge bias, and
loss of visual attention during inference. The framework em-
ploys a Plug-in LVLM as the base model to reduce its hallu-
cination, a Large Language Model (LLM) for guided refine-
ment, external toolbox models for factual grounding, and a
agent debate system for consensus-building. While promis-
ing, we also discuss potential limitations and technical chal-
lenges in implementing such a complex system. This work
contributes to the ongoing effort to create more reliable and
trustworthy multimodal multi-agent systems.

Introduction

The advent of Large Language Models (LLMs) has marked
a significant advancement towards Artificial General Intelli-
gence (AGI). Recent research has primarily focused on en-
hancing various capabilities of LLMs, including text gen-
eration, complex reasoning, and tool utilization (Zhao et al.
2023). While initial studies were predominantly text-centric,
the field rapidly evolved with the introduction of Multimodal
Large Language Models (MLLMs), which are capable of
processing images, videos, and other diverse forms of data.
MLLMs are typically architected with a modality encoder
coupled with a powerful LLM, enabling them to tackle com-
plex multimodal tasks such as visual dialogue and caption-
ing (Yin et al. 2023a).

Despite the remarkable potential these models offer, en-
suring their trustworthiness remains a critical and press-
ing challenge in the field of artificial intelligence (AI). The
trustworthiness of LLMs is a multifaceted and intricate is-
sue, encompassing various dimensions including truthful-
ness, fairness, and robustness, etc., as defined in (Sun et al.
2024). A crucial aspect of trustworthiness is truthfulness,
particularly concerning the phenomenon of hallucination in
LLMs. Mitigating hallucination not only enhances trustwor-
thiness but also indirectly contributes to improving reason-
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ing abilities, thereby expanding the potential applications of
LLMs (Zhang et al. 2023). Furthermore, with the advent of
MLLMs, the research community has increasingly focused
on the trustworthiness of Large Vision-Language Models
(LVLMs) (Yin et al. 2023a). Addressing hallucination in
LVLMs can yield substantial benefits for a wide range of
downstream visual tasks. It is worth noting that hallucina-
tion mitigation techniques developed for LVLMs have the
potential to be extended and adapted to other modalities like
video, further emphasizing the importance of this research
direction (Bai et al. 2024).

Hallucination in LLMs is defined as the generation of out-
puts that either contradict or cannot be verified from the
source content (Zhang et al. 2023). In contrast, hallucina-
tion in LVLMs primarily manifests as a discrepancy between
the model’s outputs and the provided visual content (Bai
et al. 2024). This fundamental difference in the nature of
hallucination between LLMs and LVLMs means that most
LLM hallucination mitigation techniques cannot be directly
applied to address LVLM hallucination. However, studies
(Zhang et al. 2023; Bai et al. 2024) have revealed that,
despite the different modalities, LVLM hallucination miti-
gation techniques often share similar approaches to those
used in LLMs. Among the various mitigation methods, post-
hoc correction, which addresses hallucination at the infer-
ence phase, stands out due to its effectiveness in enhanc-
ing reasoning ability and reducing mitigation efforts while
saving time and resources comparing to training paradigms.
Moreover, post-hoc correction typically employs a plug-
and-play framework, allowing for flexible adaptation to dif-
ferent models. This flexibility and efficiency make it an par-
ticularly attractive approach for addressing hallucination in
both LLMs and LVLMs.

Interestingly, many post-hoc correction strategies, such
as self-correction and external feedback, inherently embody
the principles of multi-agent systems in both LLMs and
MLLMs. In the context of Al, a multi-agent system lever-
ages additional Al agents to complete complex tasks. Re-
cent research (Xi et al. 2023) has demonstrated the efficacy
of multi-agent systems in mitigating hallucination and their
adaptability to diverse scenarios. Furthermore, a comprehen-
sive survey (Wang et al. 2024) highlights the emerging trend
of multi-agent systems in both research and industry com-
munities across various downstream tasks and domains.



We’ve explored post-hoc correction methods and suggest
a new strategy to reduce LVLM hallucination, utilizing a
multi-agent framework in line with principles for mitigating
LLM hallucination. Our approach seeks to connect mitiga-
tion techniques across LLM and LVLM models, providing a
versatile solution to improve their trustworthiness.

Related Work

Post-hoc correction techniques are primarily divided into
three categories: self-correction, external feedback, and
agent debate (Pan et al. 2023). These methods tackle hallu-
cination from data and model perspectives, with advanced
multi-agent frameworks such as Self-Checker (Li et al.
2023a) utilizing both aspects concurrently. Self-correction
involves a base model generating an initial output and then
refining it. This technique typically requires a powerful
LLM to generate follow-up questions based on the model’s
initial outputs, guiding the base model in refining its re-
sponses. The approach has demonstrated effectiveness in
mitigating hallucination in both LLMs and LVLMs, as evi-
denced by studies such as CoVe (Dhuliawala et al. 2023) and
LogicCheckGPT (Wu et al. 2024). However, this method of-
ten sacrifices efficiency due to its iterative nature. Addition-
ally, the quality of refinement is constrained by the inherent
limitations of LLMs and LVLMs, such as the inability to
access up-to-date or factual information, or the risk of in-
heriting parametric knowledge biases from more powerful
LLMs in the feedback loop. External feedback leverages an
agent system that utilizes external tools such as code inter-
preters, logic reasoners, external knowledge sources, or task-
specific well-trained models in the feedback loop. This ap-
proach corrects the base model’s outputs using retrieved fac-
tual evidence. It has emerged as one of the mainstream tech-
niques for mitigating hallucination at the post-hoc stage in
both LLMs and LVLMs. Related studies, including CRITIC
(Gou et al. 2023) and Woodpecker (Yin et al. 2023b), have
demonstrated the efficacy of external feedback in enhanc-
ing model trustworthiness. Agent debate employs multiple
LLM-based agents and facilitates a debate among them re-
garding their individual answers over several rounds, aim-
ing to reach a consensus. Studies such as LM vs LM (Cohen
etal. 2023) and MARDA (Wang et al. 2023) have showcased
the success of this approach in enhancing reasoning ability
and reducing LLM hallucination through debate.

Although much research has centered on self-correction
and external feedback (Pan et al. 2023), to the best of our
knowledge, agent debate has been underutilized in mitigat-
ing LVLM hallucination. Studies such as (Li et al. 2022) and
(Zeng et al. 2022) show that agent debate can enhance visual
reasoning, closely linked to reduced hallucination. We be-
lieve that agent debate could be effectively used to address
LVLM hallucination.

A recent study (Xu, Jain, and Kankanhalli 2024), which
formulates the LLM hallucination problem using mathemat-
ical equations, argues that self-correction alone is insuffi-
cient to eliminate hallucination for all tasks by simply mod-
ifying prompts and expecting the LLM to automatically pre-
vent hallucination. External feedback leveraging knowledge
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and tools is potentially an effective mitigator of hallucina-
tion. Agent debate, while potentially reducing hallucination,
cannot eliminate it entirely. These insights inspire us to pro-
pose a multi-agent system that leverages the strengths of all
three post-hoc correction techniques.

By combining self-correction, external feedback, and
agent debate within a single multi-agent framework, we ex-
pect significant reductions in LVLM hallucination. This in-
tegrated approach has the potential to address the limitations
of each individual technique while capitalizing on their re-
spective strengths. Such a comprehensive framework could
offer a more robust and effective solution for enhancing the
trustworthiness of MLLMs and their underlying LL.Ms, po-
tentially setting a new standard for hallucination mitigation
in both language and vision-language models.

Proposed Approach

Our proposed multi-agent framework integrates three post-
hoc correction techniques: self-correction, external feed-
back, and agent debate, as illustrated in Fig. 1. It is designed
to effectively mitigate LVLM hallucination through a series
of interconnected components. Plug-in LVLM: This base
model generates initial and follow-up responses based on
the initial message and follow-up questions from the Super-
visor. Supervisor: A powerful LLM that generates follow-up
questions based on the Plug-in LVLM’s initial responses, fa-
cilitating a self-correction loop. Additionally, the Supervisor
also formulates validation questions for the toolbox models.
Toolbox Models: These serve as the external feedback mech-
anism in the system: Open-set Object Detector: A model
that recognizes open-world object categories and its pres-
ence in an image, e.g., GroundingDINO (Liu et al. 2023).
VOA Model: A LVLM that validates object attributes, such
as colors and quantities, and object relations within an im-
age. Data Pool: It stores responses from both self-correction
and external feedback mechanisms, which then serve as in-
formation for subsequent debates. Agent Debate System: It
comprises two LLM agents, Debater I and Debater 2, which
autonomously discuss the information in the data pool to
reach a consensus and finalize the response that best de-
scribes the image.

The finalized responses in our system cover three cru-
cial aspects: object recognition, attributes, and relations in
the image, consistent with LVLM hallucination definitions
(Bai et al. 2024). This comprehensive response addresses
all potential hallucination issues in LVLMs. Importantly,
our framework is versatile, capable of generating outputs
that suitable for both discriminative and generative LVLM
hallucination benchmarks like POPE (Li et al. 2023b) and
FAITHScore (Jing et al. 2023), allowing extensive evalua-
tion and validation across different metrics.

Discussion

Our multi-agent framework is meticulously designed to ad-
dress several key challenges in LVLM hallucination, as iden-
tified in (Bai et al. 2024). In LVLMs, the visual encoder is
typically weaker than the backbone language model, which
is a primary contributor to LVLM hallucination. This dis-
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Figure 1: Our proposed multi-agent framework.

parity often results in the LVLM suffering from parametric
knowledge bias inherent in the larger language model. For
instance, when presented with an image of a ’yellow cherry,”
the language model might hallucinate during decoding due
to its prior knowledge that cherries are typically red. To ad-
dress this, we employ the Supervisor to guide the backbone
language model in enhancing its visual reasoning abilities.
By generating fine-grained follow-up questions based on ini-
tial responses, the Supervisor prompts the Plug-in LVLM to
produce more detailed and visually-grounded outputs. This
iterative process helps mitigate statistical biases (e.g., typi-
cal car has four wheels), reduces the influence of language
model priors (e.g., typical cherry is red), and maintains long
visual attention throughout the inference process.

The incorporation of external tools is crucial in solidi-
fying the truthfulness of visual descriptions, compensating
for the typically weaker visual encoder in LVLMs. Our ap-
proach leverages state-of-the-art (SOTA) models in object
detection to retrieve more accurate and factual visual infor-
mation. This external feedback mechanism serves as a re-
liable counterbalance to the language model’s prior knowl-
edge, ensuring that the system’s outputs are firmly grounded
in the actual visual content. By providing concrete, tool-
derived visual information, we mitigate the LVLM po-
tentially losing attention on the relevant visual elements
throughout the inference process, thus reducing the likeli-
hood of hallucination.

Even when provided with references, LLMs have a ten-
dency to generate responses that may not closely adhere to
the given information, especially when the references are di-
verse or complex. In our framework, the references consist
of visual information stored in the Data Pool. To address
this challenge and further enhance visual reasoning capabili-
ties, we employ an agent debate technique. This approach in-
volves multiple LLM agents engaging in a structured discus-
sion about the visual information, working towards a con-
sensus. By fostering this debate, we aim to mitigate the im-
pact of individual language model priors and encourage a
more comprehensive and accurate interpretation of the vi-
sual data.

Our multi-agent framework offers potential in addressing
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LVLM hallucination but introduces challenges, notably in-
creased inference times due to the system’s complexity. The
agent debate process, essential for consensus, may extend
computation time significantly. Additionally, prompt quality
crucially affects the system, potentially triggering halluci-
nations. We suggest employing formal methods to develop
more robust prompts (Jha et al. 2023a,b).

Implementing a multi-agent system of this complexity
presents several technical challenges that must be addressed.
One key issue is ensuring seamless communication and co-
ordination between the various components, particularly be-
tween the Plug-in LVLM, Supervisor, toolbox models, and
debate agents. This requires implementing efficient agent
development framework to manage the flow of information
and tasks across the system. Another significant challenge
lies in maintaining consistency and coherence in the final
output, given the diverse sources of information and poten-
tial discrepancies between agent perspectives. To tackle this,
we propose implementing a sophisticated consensus mecha-
nism that not only aggregates but also reconciles conflicting
information from different agents. Additionally, the system
must be designed with scalability in mind, allowing for the
integration of new tools or models as they become available,
without requiring a complete overhaul of the existing archi-
tecture. This flexibility is crucial for the long-term viability
and adaptability of the framework in the rapidly evolving
field of machine learning.

Conclusion

We believe that our proposed plug-and-play framework rep-
resents a significant step forward in enhancing the trustwor-
thiness of LVLMs. As the field of Al continues to evolve
rapidly, approaches like ours will play a crucial role in build-
ing more adaptable, reliable and trustworthy multimodal Al
systems. Future work should focus on optimizing the sys-
tem’s efficiency, refining the consensus mechanisms, and
ensuring adaptability to accommodate emerging tools and
models. By addressing these challenges, we can further im-
prove the framework’s effectiveness in mitigating halluci-
nation and enhancing the overall performance of LVLMs
across a wide range of applications.
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