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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.
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• The Opponent, acting as a scientific skep-
tic equipped with a novel Visual Falsification
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 conflict
and resolves it through a weighted consensus
graph, ensuring the final diagnosis is grounded
in verified visual regions.

By explicitly modeling the cognitive process of
falsification, Dialectic-Med compels the system to
break the cycle of confirmation bias. Our frame-
work forces the model to ground its reasoning in
verified 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 significantly mitigates
diagnostic hallucinations compared to single-agent
baselines. Our contributions are threefold: (i) We
introduce Dialectic-Med, the first medical multi-
agent framework to operationalize popperian fal-
sification and adversarial dialectics as an intrin-
sic error-correction mechanism. (ii) We propose
a novel visual falsification module that enables
agents to actively seek and retrieve visual evidence
that contradicts a specific diagnostic hypothesis.
(iii) We demonstrate significant improvements in
diagnostic accuracy and explanation faithfulness on
three public benchmarks, highlighting the efficacy
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 findings 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 specifically
evaluate hallucinations in medical multimodal con-
texts. These studies highlight that hallucinations
often stem from confirmation 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
falsification 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-
flows (Liévin et al., 2024). Variants such as Med-
PaLM (Singhal et al., 2023) and self-consistency
prompting (Wang et al., 2023) aim to refine 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 verification 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 falsification, 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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Figure 1: The overall architecture of Dialectic-Med. The framework orchestrates a structured adversarial debate
among three role-specialized agents: Proponent, Opponent, and Mediator. (1) Hypothesis Generation: The
Proponent formulates an initial diagnosis based on global context. (2) Visual Falsification: The Opponent utilizes a
Visual Falsification Module (VFM) to actively retrieve contradictory visual evidence (counterfactuals) to challenge
the hypothesis. (3) Consensus Aggregation: The Mediator adjudicates the conflict and updates a Dynamic
Consensus Graph, filtering out hallucinations to derive a robust, visually-grounded final diagnosis.

(Boecking et al., 2022). This process requires deep
visual grounding: localizing image regions that cor-
respond to text (Lu et al., 2026b). Unlike models
that use implicit attention, our VFM makes ground-
ing explicit and adversarial, actively searching for
regions that contradict the hypothesis to ensure
faithful diagnostics.

3 Methodology

3.1 Problem Formulation

Given a medical image I and a diagnostic query
Q, our objective is to derive a final diagnosis D∗

and a faithful explanation E. We model the rea-
soning process as the construction of a Dynamic
Consensus Graph Gt = (Vt, Et), where nodes Vt
represent diagnostic hypotheses or visual evidence,
and edges Et encode logical relations (support/re-
fute) with confidence weights. The final output is
derived by traversing the converged graph Gfinal.

3.2 Visual Falsification Module

The core innovation of Dialectic-Med is the Oppo-
nent agent’s ability to ground its counter-arguments.
Unlike standard agents that refute based on textual
priors, the Opponent utilizes a Visual Falsification
Module (VFM) to actively localize evidence that
contradicts the current hypothesis.

Counterfactual Probe Generation. Given a hy-
pothesis Ht (e.g., “Pneumonia”), the Opponent first
generates a textual counterfactual probe Qcf . This
is a directive query targeting specific visual features
that would falsify Ht:

Qcf = GenProbe(Ht,Kmed) (1)

where Kmed denotes domain knowledge. For in-
stance, if Ht implies opacity, Qcf might target
“sharp costophrenic angles” or “clear lung fields”.

Falsification Attention. The VFM leverages a
medical vision-language encoder (PubMedCLIP)
to ground Qcf in image I . Let V = {v1, ..., vN} be
the patch embeddings of I , and q = Etxt(Qcf ) be
the probe embedding. We compute the falsification
attention map Mcf = {α1, ..., αN} via a scaled
cosine similarity. The relevance score si and the
final normalized attention weight αi are computed
as follows:

si =
qT vi

∥q∥∥vi∥
√
d
, αi =

exp(si/τ)∑N
j=1 exp(sj/τ)

(2)

where τ is a temperature parameter and d is the
embedding dimension. High αi values highlight
regions that visually support the counterfactual
premise, effectively serving as evidence of absence
for the original diagnosis.
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3.3 Adversarial Dialectic Reasoning Loop

The reasoning process is modeled as an iterative
expansion of the consensus graph Gt.

Phase 1: Hypothesis Generation. At step t =
0, the Proponent analyzes I and Q to propose an
initial hypothesis node h0. The graph is initialized
as V0 = {h0}, E0 = ∅.

Phase 2: Adversarial Attack. In each iteration
t, the Opponent employs the VFM to attack the cur-
rent hypothesis ht−1. It identifies the top-k regions
Rk from Mcf and formulates a counter-evidence
node et:

et = Opponent(I, ht−1, Rk) (3)

The Attack Strength Sattack is quantified by
the aggregated visual grounding confidence of the
counter-evidence:

Sattack(et) =
1

|Rk|
∑

r∈Rk

αr (4)

Crucially, we distinguish the pixel-level visual at-
tention weight αr from the structural graph edge
weight w. If Sattack < θthresh, the attack is
deemed weak, and the loop terminates (Consensus
Reached). Otherwise, a falsification edge (ht−1, et)
is added to G, directly weighted by the attack
strength: wht−1,et = Sattack.

Phase 3: Mediated Revision. The Mediator
AM evaluates the visual grounding of et and gen-
erates a textual instruction (‘MediatorFeedback‘).
Guided by this feedback, the Proponent generates a
revised hypothesis ht. A rectification edge (et, ht)
is added, where its weight wet,ht is derived by pars-
ing the Proponent’s explicitly generated confidence
score ∈ [0, 1].

fbt = Mediator(ht−1, et) (5)

ht = Proponent(ht−1, et, fbt) (6)

To prioritize intuitive mechanics, we defer the
rigorous mathematical formalisms of the Dynamic
Consensus Graph, including cycle detection and
cumulative credibility integration, to Appendix A.

3.4 Consensus Aggregation

Upon termination (via consensus or max steps
Tmax), the final diagnosis is derived by evaluat-
ing the credibility of all hypotheses in Gfinal. We
define the Cumulative Credibility Score Φ(h) for

Algorithm 1: Multi-Agent Adversarial Di-
alectic Reasoning (MADR)

Data: Image I , Query Q, Max turns Tmax

Result: Final Diagnosis D∗, Explanation E
1 Init: G ← ({h0}, ∅),

hcurr ← Proponent(I,Q);
2 for t← 1 to Tmax do
3 // 1. Visual Falsification

Qcf ← Opponent.GenProbe(hcurr)
Mcf ← VFM(I,Qcf ); Satt ← Eq.4

4 if Satt < θthresh then break ;
5 // 2. Graph Expansion

et ← Opponent.Argue(hcurr,Mcf )
G.Add(hcurr → et,w = Satt)

6 // 3. Mediated Revision
7 fbt ← Mediator.Evaluate(hcurr, et)
8 hnew ← Prop.Revise(hcurr, et, fbt)
9 if IsCyclic(G, hnew) then continue ;

10 G.Add(et → hnew,w = Prop.Conf)
11 hcurr ← hnew

12 D∗ ← Aggregator(G);
E ← Mediator(D∗);

13 return D∗, E;

a leaf node h as the product of transition weights
along its reasoning path π:

Φ(h) =
∑

π∈Π(h0→h)

exp


 1

|π|
∑

(u,v)∈π

log(wuv)


 (7)

This path-integration approach ensures that the fi-
nal diagnosis D∗ is the one that best survived the
chain of visual falsification and rectification:

D∗ = argmax
h∈Vleaf

Φ(h) (8)

The Mediator finally summarizes the winning path
into explanation E.

3.5 Training Objective
To enhance the VFM’s ability to distinguish sub-
tle pathological features, we introduce a Counter-
factual Grounding Loss during fine-tuning. We
construct triplets (I,Q+, Q−), where Q+ matches
the ground truth and Q− is a counterfactual query.
The loss encourages the attention map M+ to align
with ground truth regions while separating M−:

LCFG = − log
es(Q

+,M+)/τ

∑
k∈{+,−}

es(Qk,Mk)/τ
(9)
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Figure 2: Qualitative comparison illustrating the Dialectic-Med inference process. The top panel details our
adversarial mechanism: the Proponent forms an initial hypothesis (HP , Pneumonia), while the Opponent generates
a counterfactual probe (QO) to actively detect contradictory visual features via the VFM. The bottom panels
compare reasoning paradigms: (A) Standard CoT suffers from confirmation bias, ignoring signs of volume loss;
(B) Our adversarial dialectic framework successfully corrects the diagnosis to Atelectasis by integrating grounded
counter-evidence (ArgO) through a Mediator.

4 Experiments

4.1 Experimental Setup
Benchmarks. To ensure a rigorous evaluation
across varying levels of diagnostic complexity and
modality, we evaluate Dialectic-Med on three dis-
tinct datasets: (1) VQA-RAD (Lau et al., 2018):
A balanced radiology benchmark comprising clin-
ically validated question-answer pairs, serving as
a foundational testbed for medical visual reason-
ing. (2) PathVQA (He et al., 2020): A challenging
pathology dataset demanding fine-grained recog-
nition of microscopic cellular structures, which
rigorously tests the limits of the models’ visual per-
ception and guards against macro-level hallucina-
tion. (3) MIMIC-CXR-VQA (Bae et al., 2023): A
curated benchmark specifically designed to probe
hallucination vulnerabilities during long-context
clinical reasoning. We uniquely filter this test set
for complex differential diagnosis scenarios, pro-
viding a stress test for the framework’s ability to
reconcile conflicting visual evidence.

Baselines. We benchmark our approach against
a comprehensive taxonomy of state-of-the-art sys-
tems spanning three distinct categories. We evalu-
ate domain-specific MLLMs, namely LLaVA-Med
(Li et al., 2023a) and Med-PaLM 2 (Singhal et al.,

2023). To establish strong comparative reasoning,
we incorporate generalist foundation models (GPT-
4o, Claude-4.5 Sonnet, Gemini-3 Pro, and GPT-
5.1), all prompted with standard CoT. Furthermore,
we assess advanced agentic and reasoning frame-
works such as MedAgent (Tang et al., 2024), ReC-
oncile (Chen et al., 2024), and MedVCD (Mahdavi
et al., 2026), which represent the current vanguard
of inference-time scaling and contrastive decoding
in medical AI.

Implementation Details. To ensure an equitable
comparison of computational overhead, all multi-
agent frameworks are strictly constrained to a max-
imum of Tmax = 3 dialectic turns. The VFM is
instantiated with a PubMedCLIP ViT-B/16 back-
bone (Eslami et al., 2023), fine-tuned on the ROCO
dataset (Rückert et al., 2024) to optimize coun-
terfactual image-text alignment. For the dialectic
control logic, the default attack threshold (θattack)
and semantic similarity threshold (θsim) are empir-
ically set to 0.3 and 0.8, respectively. Full prompt
templates detailed in Appendix C.

4.2 Comparative Analysis
Table 1 presents the quantitative performance com-
parison. Dialectic-Med consistently establishes
new state-of-the-art results across all benchmarks,
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Table 1: Quantitative results on multimodal medical reasoning benchmarks. We evaluate our proposed Dialectic-
Med against specialized models, generalist foundation models, and state-of-the-art agents. #Tok indicates the
average token consumption per query, and Cost ($) is estimated per 1,000 queries based on standard API pricing.

Category Methods Efficiency Accuracy (%)

#Tok Cost ($) VQA-RAD PathVQA MIMIC-CXR-VQA

CoT Baseline

Qwen3-VL-8B 0.8k 0.05 62.50±4.12 58.31±4.01 52.21±4.33
Qwen3-VL-32B 0.9k 0.10 68.96±2.34 62.33±3.18 58.01±3.36
LLaVA-Med 0.7k 0.05 56.20±3.12 54.45±3.92 48.21±4.45
Med-PaLM 2 0.8k 1.50 68.65±2.10 60.08±3.76 65.81±3.10
Claude-4.5 Sonnet 1.2k 6.48 72.82±2.08 65.64±3.45 63.81±3.67
GPT-4o 1.0k 4.00 74.28±1.98 66.62±2.13 65.03±3.08
Gemini-3 Pro 1.1k 4.40 75.15±1.88 67.30±1.95 66.42±2.80
GPT-5.1 1.2k 6.00 76.40±1.56 68.92±1.42 68.10±2.15

Medical Agents

MedAgent 15k 60.00 65.33±3.42 62.17±3.40 58.09±3.14
ReConcile 12k 48.00 71.31±3.16 65.12±4.05 62.31±3.27
MedVCD 8.5k 34.00 73.20±2.45 67.06±2.51 66.19±2.15
MedMMV 9.0k 36.00 74.87±2.42 68.17±2.40 73.20±2.98

Dialectic-Med (Ours)

Qwen3-VL-8B 2.5k 0.15 70.35±2.41 64.15±3.01 61.15±3.29
Qwen3-VL-32B 3.0k 0.35 74.62±2.02 67.40±2.67 66.81±2.85
Claude-4.5 Sonnet 4.2k 22.68 76.65±1.77 69.92±2.69 69.85±2.76
GPT-4o 3.8k 15.20 78.24±1.33 70.08±1.45 72.46±2.53
Gemini-3 Pro 4.0k 16.00 79.60±1.12 71.45±1.20 74.80±1.95
GPT-5.1 4.5k 22.50 80.45±0.95 72.32±0.88 76.28±1.75

Table 2: Ablation study on component effectiveness.
To ensure rigorous attribution, we define the ablated
baselines as follows: (1) w/o Mediator: Removes the
dynamic consensus graph and feedback loop, defaulting
to an unregulated text debate. (2) w/o Graph (Last
Hypothesis): Retains the mediator but removes the root-
to-leaf path aggregation, strictly taking the final turn’s
utterance as the diagnosis (vulnerable to the “lost-in-the-
middle” effect). (3) w/o VFM (Text-only Debate): The
Opponent argues textually without explicitly computing
patch-level counterfactual attention maps.

Method MIMIC-CXR-VQA VQA-RAD

Acc (%) ∆ Acc (%) ∆

Dialectic-Med (Full) 72.46 – 78.24 –

Ablation on Dialectic Architecture
w/o Opponent (No Falsification) 67.02 -5.44 72.91 -5.33
w/o Mediator (No Consensus) 64.35 -8.11 71.35 -6.89
Single Agent (Standard CoT) 60.50 -11.96 66.50 -11.74

Ablation on Visual Falsification Module (VFM)
w/o VFM (Text-only Debate) 63.15 -9.31 69.25 -8.99
w/o Counterfactual Probe 65.58 -6.88 72.05 -6.19
w/o CFG Loss (Zero-shot) 69.85 -2.61 75.66 -2.58

Ablation on Consensus Graph
w/o Graph (Last Hypothesis) 68.95 -3.51 75.05 -3.19
w/o Grounding Weights 70.66 -1.80 76.45 -1.79

demonstrating robust generalizability against both
specialized and generalist baselines.

Breaking the Verification Trap. When equipped
with the GPT-5.1 backbone, our framework
achieves 80.45% on VQA-RAD and 76.28% on
MIMIC-CXR-VQA. Notably, this surpasses the
standalone GPT-5.1 baseline by absolute margins
of 4.05% and 8.18%, respectively. This substantial
gain corroborates our hypothesis: even the most

advanced foundation models are susceptible to con-
firmation bias, which our dialectic loop effectively
resolves by enforcing falsification.

Efficiency-Performance Trade-off. A critical
finding is the exceptional performance of Dialectic-
Med instantiated with the lightweight Qwen3-VL-
8B backbone. Despite utilizing merely an 8B
parameter model, our method achieves 70.35%
on VQA-RAD. This significantly outperforms
the much larger, domain-specialized LLaVA-Med
(56.20%) and even surpasses the 32B base model
prompted with standard CoT (68.96%).

Architectural Superiority & Fairness. A com-
mon confounding factor in multi-agent evaluations
is the tight coupling of baselines with specific foun-
dation models. To definitively prove that our perfor-
mance gains stem from the fundamental architec-
ture rather than base model biases, we conducted
a rigorous mixed-model ensemble experiment. As
demonstrated in Table 3, even within a heteroge-
neous ecosystem configured to optimally accom-
modate the specific design preferences of baselines,
Dialectic-Med maintains a dominant and uncon-
tested lead.

4.3 Ablation Study

To precisely attribute the sources of our perfor-
mance gains, we conduct a component-wise abla-
tion study, as detailed in Table 2.
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Figure 3: Main experimental results. (a) Comparison of diagnostic accuracy across three benchmarks. Dialectic-
Med (Orange) consistently outperforms specialized baselines (LLaVA-Med), generalist CoT (GPT-4o), and other
agentic frameworks (ReConcile), establishing a new SOTA. (b) Evaluation of hallucination mitigation on the
MIMIC-CXR-VQA dataset using CHAIR metrics (Lower is better).

Table 3: Mixed-model architecture fairness verification.
To eliminate foundation model bias, the diagnostic accu-
racy (Acc) of all agentic frameworks is evaluated using
a heterogeneous model pool (LLaVA-Med-1.5, Qwen3-
VL-32B, and GPT-4o).

Agent Framework MIMIC-CXR-VQA VQA-RAD

ReConcile (Mixed) 64.12% 72.85%
MedVCD (Mixed) 67.50% 74.10%
Dialectic-Med (Ours) 71.82% 77.37%

The Necessity of Visual Grounding. The most
catastrophic performance degradation occurs when
the VFM is removed (−9.31% on MIMIC-CXR-
VQA). This finding is pivotal: it empirically proves
that relying on a “textual opponent” (i.e., stan-
dard text-only multi-agent debate) is fundamen-
tally inadequate for high-stakes medical diagno-
sis. Without explicit pixel-level grounding to physi-
cally anchor counter-arguments, textual agents tend
to hallucinate plausible but non-existent rebuttals,
thereby propagating rather than correcting the un-
derlying diagnostic errors.

Structured Graph vs. Linear Memory. Further-
more, removing the Dynamic Consensus Graph in
favor of strictly utilizing the final turn’s hypothe-
sis results in an absolute accuracy drop of 3.51%.
This confirms that the weighted graph structure
is strictly necessary to mitigate the “lost-in-the-
middle” phenomenon, ensuring that highly confi-
dent visual counter-evidence retrieved early in the

debate is not forgotten or overwritten during later
consensus aggregation phases.

Hyperparameter Robustness. To address po-
tential concerns regarding heuristic fragility, we
conducted systematic sensitivity analyses on our
core thresholds. As detailed in Table 4, our frame-
work maintains optimal and stable diagnostic per-
formance across a wide spectrum of Attack Thresh-
olds (θattack). Furthermore, Table 5 validates our
choice of the Similarity Threshold (θsim) as the
Pareto optimal sweet spot: it maximizes diagnostic
accuracy while effectively pruning redundant argu-
ments, saving approximately 15% in computational
debate turns compared to looser configurations.

4.4 Quantitative Analysis

While accuracy metrics effectively evaluate correct
diagnostic outcomes, they fail to penalize the gen-
eration of fabricated clinical findings. To explicitly
quantify the reduction in diagnostic hallucinations,
we adapt the CHAIR metric (Rohrbach et al., 2018)
for the medical domain. We evaluate our frame-
work on the MIMIC-CXR-VQA test set, focusing
on two variants: CHAIRS (the percentage of sen-
tences containing at least one hallucinated finding)
and CHAIRI (the percentage of hallucinated ob-
jects or findings among all mentioned entities). As
presented in Table 6, Dialectic-Med demonstrates
a profound improvement in clinical trustworthiness
across both automated metrics and expert human
evaluation.
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Table 4: Sensitivity analysis of the attack threshold
(θattack). Evaluated on the MIMIC-CXR-VQA dataset
with θsim = 0.8.

θattack Behavioral Characteristic Accuracy (%) CHAIRI (↓%)

0.1 Aggressive: High false rejection rate 68.40 6.8
0.2 Stable performance range 71.85 6.4
0.3 Default: Optimal balance 72.46 6.5
0.4 Stable performance range 71.92 6.9
0.6 Conservative: Degenerates to CoT 66.10 11.5

Table 5: Impact of the similarity threshold (θsim) on
graph expansion. Evaluated on MIMIC-CXR-VQA
with θattack = 0.3.

θsim Behavioral Characteristic Accuracy (%) Avg. Turns

0.7 Strict: Prunes valid revisions prematurely 69.50 1.8
0.8 Default: Optimal graph expansion 72.46 2.6
0.9 Loose: Allows redundant arguments 72.51 3.0 (Maxed)

• Sentence-Level Reduction: We achieve a re-
markable 41.8% relative reduction in sentence-
level hallucinations (CHAIRS) compared to the
GPT-4o CoT baseline (18.4%→ 10.7%).

• Object-Level Precision: Most notably, the
object-level hallucination score (CHAIRI ) drops
by 46.3% (12.1% → 6.5%). Because CHAIRI

specifically penalizes ungrounded visual objects,
this decisive drop empirically validates the effi-
cacy of the Visual Falsification Module. It con-
firms that the Opponent agent compels the re-
moval of fabricated visual details rather than su-
perficially smoothing the narrative.

• Expert Human Evaluation: In a rigorous
double-blind study conducted by three board-
certified radiologists, our method achieves a
Faithfulness score of 4.33/5.0, significantly out-
performing the state-of-the-art MedVCD (3.85).
This robust margin indicates that our generated
explanations are clinically safer, explicitly mit-
igating the risk of plausible but visually un-
grounded assertions.

4.5 Qualitative Analysis

Figure 2 illustrates the adversarial dialectic process
in action. The input is a chest X-ray exhibiting
subtle radiographic signs of volume loss.
• Initial Error: The Proponent, misled by the

global diffuse opacity, initially succumbs to con-
firmation bias, hypothesizing “Pneumonia” and
hallucinating the presence of “patchy consolida-
tions” in the lower lobes.

• Visual Falsification: The Opponent intercepts
this flawed reasoning chain. Directed by the
VFM, it successfully retrieves a high-attention

Table 6: Hallucination and faithfulness analysis on
MIMIC-CXR-VQA. CHAIR metrics quantify halluci-
nation. Faithfulness is a human-evaluated score (1-5
scale) assessed by clinical experts.

Method CHAIRS (%) ↓ CHAIRI (%) ↓ Faithfulness ↑
GPT-4o (Standard CoT) 18.4 12.1 3.42
MedVCD 14.2 9.8 3.85
Dialectic-Med (Ours) 10.7 6.5 4.33

falsification map (α > 0.8) precisely localized
on the elevated left hemidiaphragm.

• Counter-Argument: Leveraging this pixel-
grounded counter-evidence, the Opponent con-
structs a targeted refutation: “The diaphragm
elevation indicates volume loss, not consolida-
tion”.

• Consensus & Rectification: The Mediator ad-
judicates in favor of this visually verified logic.
Consequently, the final diagnosis is robustly recti-
fied to “Atelectasis” and the hallucinated “consol-
idations” are strictly purged from the final report.
This transparent “self-correction” trajectory pro-

vides a verifiable audit trail, a critical prerequisite
for clinical trust that remains absent in standard
single-pass “black-box” models.

5 Conclusion

In this work, we identified the “Verificationist Trap”
as a primary cause of diagnostic hallucinations in
medical MLLMs. To address this, we introduced
Dialectic-Med, a framework that operationalizes
Popperian falsification through multi-agent adver-
sarial debate. By equipping an Opponent agent
with a Visual Falsification Module, our system
actively seeks to disprove hypotheses rather than
merely supporting them. Comprehensive evalua-
tions across three rigorous benchmarks (MIMIC-
CXR-VQA, VQA-RAD and PathVQA) demon-
strate that Dialectic-Med establishes new state-of-
the-art diagnostic accuracy. Crucially, it strikes
an optimal clinical sweet spot: decisively mitigat-
ing life-threatening object-level hallucinations and
maximizing expert-evaluated explanation faithful-
ness, all while operating at a fraction of the compu-
tational cost of unconstrained agentic frameworks.
Ultimately, we argue that shifting the foundational
paradigm from generative confirmation to discrimi-
native falsification is an indispensable prerequisite
for deploying genuinely trustworthy and clinically
safe medical AI.
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Limitations

While Dialectic-Med significantly advances the
trustworthiness of multimodal medical reasoning,
its current instantiation is subject to several empiri-
cal and operational boundaries:
• Inference Latency in Synchronous Settings:

Although highly cost-efficient compared to un-
constrained agentic frameworks, our multi-turn
dialectic loop fundamentally incurs higher la-
tency than single-pass inference. Consequently,
while it is optimally suited for asynchronous clin-
ical workflows (e.g., retrospective radiology re-
port generation), its deployment in ultra-time-
critical emergency triage may be constrained.

• Visual Bottlenecks and OOD Pathologies:
The efficacy of the Visual Falsification Module
(VFM) is inherently upper-bounded by the vi-
sual acuity and pre-training distribution of its
backbone Vision-Language Model (VLM). For
extremely fine-grained micro-pathologies (e.g.,
< 3mm nodules) or severe Out-of-Distribution
(OOD) rare conditions underrepresented in the
fine-tuning dataset, the Opponent may fail to re-
trieve localized counter-evidence, potentially de-
faulting to a false consensus.

• Heuristic Sensitivity in Graph Aggregation:
Our dynamic consensus graph relies on prede-
fined semantic similarity and attack thresholds
(θsim, θattack). While we demonstrated robust
Pareto optimality on our validation set, deploying
the framework across highly divergent medical
sub-specialties may necessitate domain-specific
calibration.

• Mediator Adjudication Errors: Even with ex-
plicit visual grounding, the Mediator Agent re-
mains governed by a parametric LLM. It may
occasionally exhibit residual reasoning flaws or
mistakenly reject logically sound visual counter-
evidence due to ingrained confirmation biases
inherited during foundation model pre-training.

Ethics Statement

The deployment of generative AI in high-stakes
healthcare domains demands rigorous ethical
scrutiny. We outline the ethical considerations of
our work across three critical dimensions:

Data Privacy and Compliance. All experiments
were conducted using publicly available, rigorously
de-identified datasets (MIMIC-CXR-VQA, VQA-
RAD, PathVQA). No Protected Health Information

(PHI) was accessed, processed, or generated during
the training or inference phases, ensuring strict
compliance with HIPAA regulations and standard
biomedical data privacy protocols.

Clinical Safety and Human-in-the-Loop.
Dialectic-Med is strictly designed as a clinical
decision support system (CDSS), not a surrogate
for human medical professionals. The “adversarial”
architecture is explicitly engineered to surface
conflicting evidence and provide a transparent,
verifiable reasoning trail, thereby empowering
clinicians with a robust “second opinion”. We
expressly warn against deploying this frame-
work for autonomous, unreviewed diagnostic
decision-making.

Bias, Fairness, and Representational Equity.
While our falsification mechanism effectively mit-
igates visual hallucinations, the underlying foun-
dation models and the VLM backbone may still
harbor latent demographic or intersectional biases
present in their massive pre-training corpora. Con-
sequently, the framework’s falsification sensitivity
might inadvertently vary across diverse patient pop-
ulations. Future deployment prerequisites must in-
clude comprehensive fairness auditing and algorith-
mic bias mitigation across highly diverse clinical
cohorts.
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A Algorithm Summary

The overall process is summarized in Algorithm 2.

A.1 Dynamic Consensus Graph Formulation

To explicitly model the dialectic trajectory and mit-
igate the “lost-in-the-middle” phenomenon com-
mon in long-context reasoning (Liu et al., 2024b),
we introduce the Dynamic Consensus Graph, de-
noted as Gt = (Vt, Et) at time step t. This Di-
rected Acyclic Graph (DAG) serves as a structured
memory bank that records the evolution of diagnos-
tic hypotheses under adversarial scrutiny, enabling
principled consensus aggregation (Ma et al., 2025).

A.1.1 Graph Definition
The node set Vt consists of two distinct types of
logical entities:

• Hypothesis nodes h ∈ H: Diagnostic hy-
potheses generated by the Proponent agent
AP , each associated with a semantic embed-
ding h ∈ Rd.

• Counter-Evidence nodes e ∈ Evid: Visually-
grounded counter-arguments derived by the
Opponent agent AO via the Visual Falsifica-
tion Module.

The edge set Et represents the logical transitions
between nodes. We define two types of directed
edges:

• Falsification edges (hi, ej): Connecting a
hypothesis to the counter-evidence that chal-
lenges it.

• Rectification edges (ej , hk): Connecting
counter-evidence to the revised hypothesis it
prompted.

Associated with each edge (u, v) ∈ Et is a tran-
sition weight wuv ∈ [0, 1], quantifying the confi-
dence of the logical inference. At t = 0, the graph
is initialized with the primary hypothesis h0:

V0 = {h0}, E0 = ∅ (10)

A.1.2 Adversarial Graph Expansion
In each dialectic iteration t, given the current hy-
pothesis ht−1, the Opponent AO mines a visual
counter-evidence et using the Visual Falsification
Module. The Mediator AM evaluates the validity
of this attack by computing the Attack Strength

Sattack, which measures the visual grounding confi-
dence of the counter-argument:

Sattack(et) =
1

|R(et)|
∑

k∈R(et)

α
(t)
k (11)

where R(et) denotes the set of image patch indices
referenced by the counter-evidence et, and α

(t)
k is

the attention weight from the falsification attention
map M

(t)
F .

If Sattack(et) ≥ θattack (i.e., the attack is deemed
valid), the Proponent generates a revised hypothesis
ht, and the graph is expanded:

Vt = Vt−1 ∪ {et, ht} (12)

Et = Et−1 ∪ {(ht−1, et), (et, ht)} (13)

The edge weights are assigned as follows:

• The falsification edge (ht−1, et) is weighted
by the attack strength: wht−1,et = Sattack(et).

• The rectification edge (et, ht) is weighted by
the Proponent’s revised confidence: wet,ht =
conf(ht|et), where conf(·) is derived from the
Proponent’s output logits.

A.1.3 Path Integration
To derive the final diagnosis Dfinal, we perform a
probabilistic aggregation over all paths in the final
graph GT . Let Π(hleaf) denote the set of all directed
paths from the root hypothesis h0 to a leaf hypothe-
sis node hleaf ∈ Hleaf. The cumulative Credibility
Score Φ for a terminal hypothesis is calculated by
integrating the transition weights along each rea-
soning chain:

Φ(hleaf ) =
∑

π∈Π(hleaf )

exp


 1

|π|
∑

(u,v)∈π

log(wuv)




(14)

This formulation ensures that a diagnosis is only
reliable if it survives the adversarial loop with
high-confidence transitions at every step. Intu-
itively, a hypothesis that was revised due to strongly
grounded counter-evidence (high wh,e) and then
confidently restated (high we,h′) will accumulate a
high credibility score.

The final diagnosis is selected via:

Dfinal = argmax
h∈Hleaf

Φ(h) (15)

The confidence of the final diagnosis is normal-
ized:

Confidence(Dfinal) =
Φ(Dfinal)∑
h∈Hleaf

Φ(h)
(16)
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Cycle Detection and Pruning. To maintain the
DAG property and prevent infinite loops, if the
dialectic process proposes a hypothesis ht that is
semantically equivalent to a previously refuted hy-
pothesis hj (i.e., sim(ht, hj) > θsim), the branch is
pruned. This is implemented by checking against
all existing hypothesis nodes before adding ht to
Vt.

A.1.4 Explanation Generation

The final explanation E is constructed by tracing
the highest-scoring path in GT that leads to Dfinal.
The Mediator AM summarizes this path, explicitly
referencing the key counter-evidence nodes and the
visual regions they highlighted. This ensures the
explanation is both comprehensive and verifiable,
providing a transparent audit trail of the diagnostic
reasoning process.

A.2 Inference Algorithm

The complete inference process of our Dialectic-
Med framework is outlined in Algorithm 2. The
algorithm orchestrates the three agents through the
adversarial dialectic loop, dynamically updates the
consensus graph, and finally aggregates the results
to produce a robust diagnosis.

Complexity Analysis. The time complexity of
Algorithm 2 is O(Tmax · (CVFM + CLLM)), where
CVFM is the cost of a single VFM forward pass and
CLLM is the cost of an LLM inference. The graph
operations (adding nodes, edges, and computing
credibility) are O(|V|2) in the worst case, but since
|V| ≤ 2Tmax + 1, this is dominated by the LLM
inference cost. In practice, we set Tmax ∈ [3, 5],
making the overhead minimal compared to single-
pass MLLM inference while significantly improv-
ing diagnostic reliability.

A.3 Visual Falsification Module (VFM)

The Visual Falsification Module is the cornerstone
of the Opponent agent’s ability to challenge the
Proponent. It is designed to operationalize the prin-
ciple of falsification by actively seeking and lo-
calizing visual evidence that contradicts a given
diagnostic hypothesis. The VFM comprises two
main components: a Counterfactual Probe Genera-
tor and a Grounded Attention Mechanism, which
are fine-tuned using a novel counterfactual ground-
ing objective.

Algorithm 2: Adversarial Dialectic Rea-
soning with Consensus Graph

Data: Medical Image I , User Query Q,
Max Iterations Tmax, Attack
Threshold θattack, Similarity
Threshold θsim

Result: Final Diagnosis Dfinal, Explanation
E, Confidence C

1 Initialize: Agents AP ,AO,AM ;
2 h0 ← AP .Generate(I,Q);
G ← InitGraph(h0); V ← {h0}; E ← ∅;

3 hcurrent ← h0; t← 1;
4 while t ≤ Tmax do
5 Q

(t)
O ← AO.GenerateProbe(hcurrent);

6 M
(t)
F ← VFM(I,Q

(t)
O );

et ← AO.Generate(hcurrent,M
(t)
F );

7 Sattack ← Attack(et,M
(t)
F );

8 if Sattack < θattack then break; ;
9 ht ← AP .Revise(hcurrent, et);

10 if ∃hj ∈ V : sim(ht, hj) > θsim then
continue; ;

11 V ← V ∪ {et, ht};
12 E ← E ∪ {(hcurrent, et), (et, ht)};
13 whcurrent,et ← Sattack;
14 wet,ht ← AP .Confidence(ht);
15 hcurrent ← ht; t← t+ 1;

16 Hleaf ← GetLeafHypotheses(G);
17 foreach h ∈ Hleaf do
18 Φ(h)← Credibility(h,G);
19 Dfinal ← argmaxh∈Hleaf

Φ(h);
C ← Φ(Dfinal)/

∑
hΦ(h);

20 E ← AM .SummarizePath(G, Dfinal);
21 return Dfinal, E, C;

A.3.1 Network Architecture
The VFM leverages a pre-trained VLM with a Vi-
sion Transformer (ViT) backbone (PubMedCLIP
(Eslami et al., 2023)), which is specifically adapted
for the medical domain. The architecture includes:

• Visual Encoder (Ev): A ViT model that
processes an input image I by dividing it
into a sequence of N flattened 2D patches,
{p1, p2, ..., pN}. Each patch is linearly pro-
jected into a patch embedding. Including
the [CLS] token, the output is a sequence of
patch embeddings V = {vcls, v1, ..., vN} ∈
R(N+1)×D, where D is the embedding dimen-
sion.
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• Textual Encoder (Et): A Transformer-based
text encoder that processes the counterfactual
probe query QO and outputs a sentence em-
bedding q ∈ RD.

• Cross-Modal Attention Layer: A standard
cross-modal attention mechanism (Lu et al.,
2026a) that computes the similarity between
the textual probe embedding and each of the
visual patch embeddings.

This dual-encoder architecture allows us to project
both the image regions and the textual query
into a shared embedding space, enabling fine-
grained, region-level semantic matching (Zhong
et al., 2022).

A.3.2 Mathematical Formulation
The core function of the VFM is to generate a Fal-
sification Attention Map (MF ) that highlights im-
age regions inconsistent with the Proponent’s hy-
pothesis HP . This is achieved through a two-step
process:

Counterfactual Probe Generation. Given HP ,
the Opponent agent AO first generates a textual
counterfactual probe QO. This is not a simple
negation, but a targeted query for contradictory ev-
idence, leveraging medical domain knowledge K.
For a hypothesis HP = “Left lower lobe opacity
consistent with Pneumonia”, the generation process
can be modeled as:

QO = AO(Tprobe(HP ,K)) (17)

This yields a probe like: “Identify features con-
tradicting pneumonia, specifically signs of volume
loss".

Grounded Attention via Cross-Modal Similarity.
The VFM then grounds this probe QO in the image
I . We compute the cross-modal similarity between
the probe’s text embedding q = Et(QO) and each
visual patch embedding vi ∈ V. The relevance
score si for each patch i is calculated using the
scaled dot-product attention mechanism (Vaswani
et al., 2017):

si =
qT vi

∥q∥∥vi∥
√
d

(18)

where the cosine similarity is scaled by the
square root of the embedding dimension d to stabi-
lize gradients. These scores represent the semantic

alignment between the counterfactual probe and
each image region.

The raw scores are then normalized using a soft-
max function to produce the final Falsification At-
tention Map MF = {α1, α2, ..., αN}:

αi =
exp(si/τ)∑N
j=1 exp(sj/τ)

(19)

where τ is a temperature parameter. A lower τ
produces a sharper attention map, focusing on the
most salient contradictory evidence. This process is
analogous to generating a saliency map, but instead
of highlighting regions that support a classification,
it highlights regions that falsify it, similar to tech-
niques used in counterfactual visual explanations.

Generating Counter-Evidence. The Opponent
agent AO uses this attention map to generate its
counter-argument ArgO. It focuses on the top-
k patches with the highest attention weights, de-
noted as Rk = {patchi|αi ∈ TopK(α)}. The final
counter-argument is generated by prompting the
agent with the original hypothesis and the localized
visual evidence:

ArgO = AO(Trefute(HP , Rk)) (20)

This ensures that the Opponent’s argument is not
a generic rebuttal but is directly and verifiably
grounded in specific, localized visual features, as
shown in the case study in Figure 2 where the fal-
sification attention correctly localizes the elevated
diaphragm.

A.3.3 Training Objective
While the VFM can operate in a zero-shot man-
ner using a pre-trained VLM, its ability to localize
subtle, contradictory findings can be significantly
enhanced through fine-tuning. We propose a novel
Counterfactual Grounding Loss (LCFG) designed
to train the VFM to explicitly distinguish between
visual evidence that supports a hypothesis and evi-
dence that falsifies it.

To construct training triplets, we require a
dataset with bounding box annotations for both
positive and negative findings. Given an image I ,
a diagnostic hypothesis HP , a set of ground-truth
bounding boxes BP for findings consistent with
HP , and a set of bounding boxes BO for findings
that contradict HP , we can formulate our training
objective.

Let MP be the attention map generated by a
standard probe for HP (e.g., “Find signs of pneu-
monia"), and let MF be the falsification attention

36890



map generated by the counterfactual probe QO.
Our goal is to train the model such that:

• The attention map MP focuses on the regions
defined by BP .

• The falsification map MF focuses on the re-
gions defined by BO.

We adapt the contrastive learning framework
from (Zhang et al., 2020) for this purpose. For
a given hypothesis HP , we define:

• Positive Alignment Score (S+): The aggre-
gated attention from the standard probe map
MP within the positive bounding boxes BP .

• Negative Alignment Score (S−): The ag-
gregated attention from the standard probe
map MP within the negative (contradictory)
bounding boxes BO.

Our first loss term, the Proponent Grounding
Loss (LP ), encourages the standard attention map
to focus on the correct evidence:

LP = − log
exp(S+/τ)

exp(S+/τ) + exp(S−/τ)
(21)

Symmetrically, for the falsification map MF gen-
erated by the counterfactual probe QO, we define:

• Falsification Alignment Score (S+
F ): The ag-

gregated attention from the falsification map
MF within the contradictory bounding boxes
BO.

• Falsification Misalignment Score (S−
F ): The

aggregated attention from the falsification
map MF within the positive bounding boxes
BP .

Our second loss term, the Opponent Grounding
Loss (LO), trains the VFM to correctly localize the
counter-evidence:

LO = − log
exp(S+

F /τ)

exp(S+
F /τ) + exp(S−

F /τ)
(22)

The total Counterfactual Grounding Loss is the
sum of these two components:

LCFG = λPLP + λOLO (23)

where λP and λO are hyperparameters to balance
the two objectives. By minimizing this loss, we
explicitly train the VFM to not only identify sup-
porting evidence but also to become an expert at

seeking out and localizing contradictory visual sig-
nals. This dual objective is critical for breaking
the cycle of confirmation bias that plagues standard
MLLMs.

The overall training objective for the entire
Dialectic-Med framework combines this with the
standard language modeling loss:

Ltotal = LLM + βLCFG (24)

where β is a balancing hyperparameter.

B Details of Expert Human Evaluation

To rigorously assess the clinical safety and explana-
tion faithfulness of our framework, we conducted
a double-blind human evaluation as reported in
Section 4.4. To comply with responsible research
guidelines, we provide the following logistical de-
tails:

Recruitment and Compensation. The evalua-
tion was conducted by three board-certified clinical
radiologists with an average of 8 years of clinical
experience. They were recruited through existing
academic and clinical collaboration networks. Par-
ticipants were compensated for their time at stan-
dard institutional clinical consulting rates, which
is commensurate with their professional expertise
and demographic location.

Evaluation Protocol and Instructions. The task
did not involve human subjects research, as eval-
uators only assessed AI-generated textual outputs
based on de-identified public images. Evaluators
were presented with the input X-ray, the ground-
truth report findings, and the reasoning trajecto-
ries generated by different anonymized models
(Dialectic-Med, MedVCD, and standard GPT-4o
CoT). They were instructed to score the Expla-
nation Faithfulness on a 1-5 scale based on the
following rubric:
• 1 (Dangerous): The explanation contains severe,

visually ungrounded hallucinations that could
lead to clinical harm.

• 3 (Mixed): The reasoning is generally correct
but includes minor fabricated visual details.

• 5 (Highly Faithful): The reasoning is strictly
grounded in verified visual evidence, accurately
addressing counterfactuals without any halluci-
nations.
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C Prompt Example of Agents

Proponent Agent (AP )

Role: Similar to a primary care physician, focusing on the Global Context of the image.
Task: Propose an initial hypothesis or revise the hypothesis when facing counter-evidence.

SYSTEM PROMPT
You are an experienced Radiologist acting as the "Proponent Agent". Your goal
is to provide the most probable diagnosis based on the medical image analysis.
Guidelines:

• Focus on Global Context: Look at the overall opacity, lung volume, and heart size.
• Be Open-Minded: You will receive counter-arguments from an Opponent. If their visual

evidence is strong, acknowledge it and revise your hypothesis.
• Logical Reasoning: Explain your reasoning step-by-step before giving the final diagnosis

label.

USER PROMPT (Iteration t = 0: Initialization)
<Image Context>
Global Visual Features: {{GLOBAL_FEATURES_DESCRIPTION}}
User Query: {{USER_QUERY}}
</Image Context>
Based on the global visual features, provide an initial hypothesis (H0).
Output Format:

• Reasoning: [Your analysis]
• Hypothesis: [Diagnosis Name]
• Confidence: [0-100%]

USER PROMPT (Iteration t > 0: Revision)
Current Hypothesis (Ht−1): {{CURRENT_HYPOTHESIS}}
Opponent’s Counter-Argument: "{{OPPONENT_ARGUMENT}}"
Local Visual Evidence: {{LOCAL_VISUAL_FEATURES}}
Instruction: The Opponent claims the local evidence contradicts your hypothesis.

1. Evaluate if the counter-argument is valid.
2. If valid, propose a Revised Hypothesis (Ht) that explains both global context and local detail.
3. If invalid, defend your original hypothesis.
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Opponent Agent (AO)

Role: Similar to a "Medical Auditor", focusing on Visual Falsification.
Task: Use a "Visual Probe" to find local features that contradict the current hypothesis.

SYSTEM PROMPT
You are a critical Medical Auditor acting as the "Opponent Agent". Your ONLY
goal is to FALSIFY the current diagnosis hypothesis. You utilize a "Visual
Falsification Module" to probe specific regions.
Guidelines:

• Seek Contradictions: Do not look for confirming evidence. Look for what is WRONG with
the hypothesis.

• Focus on Local Detail: Use the provided local visual probe data (e.g., costophrenic angles).
• Be Sharp: Your argument must be grounded in the visual evidence provided.

USER PROMPT
Current Hypothesis (Ht): {{CURRENT_HYPOTHESIS}}
Visual Probe Target: ROI focused on {{ROI_NAME}}.
Local Visual Features: {{LOCAL_FEATURES_DESCRIPTION}}
Instruction: Does the visual evidence in this ROI contradict the Current Hypothesis?

• If hypothesis is "Pneumonia" (implies opacity), but ROI shows "Sharp Costophrenic Angle",
this is a contradiction.

• If hypothesis is "Normal", but ROI shows "Nodule", this is a contradiction.

Generate a Counter-Argument (Argopp).
Output Format:

• Observation: "I see [Visual Feature] in the [Region]..."
• Contradiction: "This contradicts [Hypothesis] because [Reason]..."
• Counter-Evidence Strength: [High/Medium/Low]
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Mediator Agent (AM )

Role: Similar to a Senior Consultant or Judge, responsible for Consensus Aggregation.
Task: Evaluate the debate quality, decide on revisions, and determine consensus.

SYSTEM PROMPT
You are the Chief Medical Consultant acting as the "Mediator Agent". You oversee
a dialectic debate between a Proponent and an Opponent. Your job is to manage
the "Consensus Graph".
Guidelines:

• Evaluate Validity: Is the Opponent’s counter-evidence visually grounded and logically
sound?

• Manage State: Decide whether to Refute the current hypothesis or Sustain it.
• Terminate: If the debate converges or no new counter-evidence is found, declare CONSEN-

SUS.

USER PROMPT
Debate History:
1. Proponent Hypothesis (Ht−1): {{OLD_HYPOTHESIS}}
2. Opponent Counter-Argument: {{OPPONENT_ARGUMENT}}
3. Proponent Revised Argument: {{PROPONENT_RESPONSE}}
Instruction: Analyze the interaction.

• Did the Proponent successfully defend their hypothesis?
• Or did the Opponent successfully force a revision?
• Is the new diagnosis consistent with all evidence seen so far?

Output JSON:
{
"status": "CONTINUE" or "CONSENSUS",
"winner": "PROPONENT" or "OPPONENT",
"current_best_diagnosis": "...",
"confidence_score": 0.0 to 1.0,
"explanation": "Summarize why the consensus was reached..

}
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