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Abstract

Multimodal Large Language Models (MLLMs)
in healthcare suffer from severe confirmation
bias, often hallucinating visual details to sup-
port initial, potentially erroneous diagnostic hy-
potheses. Existing Chain-of-Thought (CoT) ap-
proaches lack intrinsic correction mechanisms,
rendering them vulnerable to error propagation.
To bridge this gap, we propose Dialectic-Med,
a multi-agent framework that enforces diagnos-
tic rigor through adversarial dialectics. Un-
like static consensus models, Dialectic-Med
orchestrates a dynamic interplay between three
role-specialized agents: a proponent that for-
mulates diagnostic hypotheses; an opponent
equipped with a novel visual falsification mod-
ule that actively retrieves contradictory visual
evidence to challenge the Proponent; and a me-
diator that resolves conflicts via a weighted con-
sensus graph. By explicitly modeling the cog-
nitive process of falsification, our framework
guarantees that diagnostic reasoning is tightly
grounded in verified visual regions. Empiri-
cal evaluations on MIMIC-CXR-VQA, VQA-
RAD, and PathVQA demonstrate that Dialectic-
Med not only achieves state-of-the-art perfor-
mance but also fundamentally enhances the
trustworthiness of the reasoning process. Be-
yond accuracy, our approach significantly en-
hances explanation faithfulness and decisively
mitigates hallucinations, establishing a new
standard over single-agent baselines.

1 Introduction

Multimodal large language models (MLLMs) are
rapidly being integrated into high-stakes domains
such as healthcare, demonstrating significant po-
tential in tasks ranging from radiological report
generation to medical visual question answering
(Nam et al., 2025; Zhu et al., 2025). By reason-
ing over both visual (e.g., X-rays, CT scans) and
textual data, these models promise to alleviate clin-
ician burdens and enhance diagnostic accessibility
(Bazi et al., 2023).

However, a critical failure mode hampers
their clinical adoption: diagnostic hallucination.
MLLMs exhibit a strong cognitive tendency to-
wards confirmation bias (Nickerson, 1998), often
generating fluent, plausible-sounding, yet factually
incorrect diagnostic statements that are ungrounded
in visual evidence (Kim et al., 2025). A model may
latch onto a preliminary textual hypothesis and sub-
sequently “hallucinate” visual features to support
this erroneous conclusion. This phenomenon leads
to a cascade of propagated errors, posing severe
risks to patient safety.

Current reasoning enhancement techniques,
most notably Chain-of-Thought (CoT) prompting
(Wei et al., 2022; Miao et al., 2024), attempt to
improve interpretability by generating step-by-step
diagnostic pathways. While valuable, we argue
that these approaches fundamentally suffer from
a “Verificationist Trap”. Their linear, forward-
reasoning nature lacks an intrinsic mechanism for
self-correction; they tend to seek evidence that veri-
fies the current step rather than challenging it. Once
an error is introduced early in the chain, the model
often engages in post-hoc rationalization, cement-
ing the error rather than rectifying it.

To bridge this gap, we propose Dialectic-Med,
a novel multi-agent framework that enforces diag-
nostic rigor through Counterfactual Adversarial
Dialectics. Drawing inspiration from Karl Pop-
per’s philosophy of scientific falsification (Popper,
2005), we posit that a robust diagnosis is estab-
lished not merely by finding supporting evidence,
but by surviving rigorous attempts at refutation.
Unlike static consensus models, Dialectic-Med or-
chestrates a dynamic interplay between three role-
specialized agents:

• The Proponent, acting as the initial diagnosti-
cian, analyzes the medical image to formulate
a diagnostic hypothesis and a corresponding
rationale, akin to a standard MLLM.



• The Opponent, acting as a scienti�c skep-
tic equipped with a novel Visual Falsi�cation
Module (VFM). Instead of simply arguing se-
mantically, the Opponent actively seeks to fal-
sify the Proponent's hypothesis by retrieving
contradictory visual evidence (e.g., “If this
were pneumonia, there should be opacity here,
but the costophrenic angle is sharp”).

• The Mediator, acting as an impartial adju-
dicator. It analyzes the dialectical con�ict
and resolves it through a weighted consensus
graph, ensuring the �nal diagnosis is grounded
in veri�ed visual regions.

By explicitly modeling the cognitive process of
falsi�cation, Dialectic-Med compels the system to
break the cycle of con�rmation bias. Our frame-
work forces the model to ground its reasoning in
veri�ed visual regions that have survived adver-
sarial scrutiny. Experiments on three challenging
medical VQA benchmarks (MIMIC-CXR-VQA
(Johnson et al., 2019; Bae et al., 2023), VQA-RAD
(Lau et al., 2018), and PathVQA (He et al., 2020))
demonstrate that Dialectic-Med establishes a new
state-of-the-art. Notably, it improves explanation
faithfulness by 12.5% and signi�cantly mitigates
diagnostic hallucinations compared to single-agent
baselines. Our contributions are threefold: (i) We
introduce Dialectic-Med, the �rst medical multi-
agent framework to operationalize popperian fal-
si�cation and adversarial dialectics as an intrin-
sic error-correction mechanism. (ii) We propose
a novel visual falsi�cation module that enables
agents to actively seek and retrieve visual evidence
that contradicts a speci�c diagnostic hypothesis.
(iii) We demonstrate signi�cant improvements in
diagnostic accuracy and explanation faithfulness on
three public benchmarks, highlighting the ef�cacy
of adversarial debate for robust medical AI.

2 Related Work

2.1 Hallucination in Medical MLLMs

The integration of MLLMs into healthcare has been
met with both enthusiasm and caution (Moor et al.,
2023). A primary safety bottleneck is the preva-
lence of hallucinations: generated content that is
plausible but factually incorrect or unfaithful to the
input data (Ji et al., 2023; Liu et al., 2024a). In the
medical domain, such hallucinations manifest as
fabricated clinical �ndings or misinterpretations of
radiological images, posing severe risks to patient

safety (Ding et al., 2023). Recent benchmarks have
characterized this issue; for instance, Pandit et al.
(2025) introduced Med-HallMark to speci�cally
evaluate hallucinations in medical multimodal con-
texts. These studies highlight that hallucinations
often stem from con�rmation bias, where models
over-rely on parametric priors rather than ground-
ing assertions in visual evidence (Tang et al., 2026).
Our work addresses this by introducing an explicit
falsi�cation mechanism to verify visual claims.

2.2 Reasoning in Large Language Models

To enhance reliability, structured reasoning tech-
niques like CoT prompting (Wei et al., 2022) have
become standard, encouraging models to gener-
ate intermediate reasoning steps. In medicine,
CoT has been adapted to mimic diagnostic work-
�ows (Liévin et al., 2024). Variants such as Med-
PaLM (Singhal et al., 2023) and self-consistency
prompting (Wang et al., 2023) aim to re�ne reason-
ing paths. However, these methods are predomi-
nantly linear and lack intrinsic self-correction, an
error introduced early in the chain often propagates
unchecked. Our dialectical framework overcomes
this vulnerability by introducing adversarial checks
at each reasoning step, transforming linear reason-
ing into a dynamic veri�cation loop.

2.3 Multi-Agent Systems

Multi-agent systems leverage debate and delibera-
tion to solve complex problems, often outperform-
ing single-agent systems in reasoning and robust-
ness (Liang et al., 2024; Du et al., 2024). Frame-
works like CAMEL (Li et al., 2023b) demonstrate
how role-playing agents can collaborate to solve
tasks. In the medical domain, recent works have
explored multi-agent collaboration for diagnosis
(Tang et al., 2024). However, most existing ap-
proaches rely on static consensus or text-only de-
bate. Dialectic-Med advances this paradigm by
structuring the interaction as a formal popperian
dialectic process with specialized roles (Proponent,
Opponent, Mediator), creating a rigorous, truth-
seeking dynamic driven by visual evidence rather
than simple semantic consensus.

2.4 Counterfactual Reasoning and Grounding

A cornerstone of our framework is the Opponent's
ability to perform visual falsi�cation, rooted in
counterfactual reasoning (Niu et al., 2021). This
involves evaluating "what if" scenarios (e.g., "If
this were pneumonia, opacity should be present")
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