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Abstract
Traditional vision-language models demonstrate strong performance in tasks such as image captioning and visual question
answering, but they remain limited by issues such as hallucination, lack of self-correction, and shallow reasoning. These
shortcomings compromise the safety, robustness, and consistency of their reasoning, particularly in ambiguous or high-stakes
scenarios. In this paper, we propose three complementary frameworks aimed at enabling more trustworthy visual reasoning
through structured deliberation. The first is the self-reflective reasoning single-agent framework, which facilitates iterative
self-revision without requiring external supervision. The second is the structured debate agent framework, in which turn-
based rebuttals between agents promote contrastive, multi-perspective refinement. The third is the progressive two-stage
debate agent framework, which enables efficient yet accurate decision-making through model-to-model deliberation between
smaller and larger agents. Experiments on the COCO dataset demonstrate that all three frameworks significantly enhance
reasoning performance, achieving up to a 5.4% improvement in Intersection over Union (IoU) and over a 40% reduction in
localization error compared to a single-pass baseline. Further evaluation across robustness (IoU), safety (self-revision rate,
SRR), and consistency (consistency score, CS) confirms the effectiveness of multi-round, self-corrective, and multi-agent
reasoning strategies. These results establish a practical path toward safer, more robust, and more interpretable vision-language
models through lightweight, deliberative inference frameworks.
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Introduction

Traditional multi-model research has positioned vision-
language reasoning as a core task, combining image under-
standing with a natural language framework to enable
machines to interpret and answer questions about visual con-
tent [1]. Tasks such as visual question answering (VQA)
[2], image captioning [3], and image-grounded dialogue [4]
have seen significant improvements through the integration
of large-scale pre-trained models [5]. These models show
strong performance in understanding complex scenes and
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generating appropriate language, but making their visual rea-
soning framework safe and trustworthy is still a major [6–8].
In particular, the lack of robustness, safety, and consistency
in their decision-making often leads to biased or inconsistent
outputs [9]. The safety of vision-language models involves
more than just preventing harmful outputs [10, 11], which
includes the robustness, safety, and consistency of the visual
reasoning framework that leads to a model’s final refinement
[6]. Traditional vision-language models have been evaluated
based on their performance on benchmark tasks. However,
their decision-making framework is often unclear and com-
plex to verify [12]. Because it’s difficult to understand how
these models work, people worry that they may not truly
understand the content, but instead rely on patterns in the
data. To make these models safer, we need to find and fix
problems related to howvisual and language features are con-
nected and represented, especially during reasoning. In this
section, we explain three main challenges that make it hard
for current vision-language models to reason in a safe and
reliable way. Imprecise alignment of vision and language
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features Traditional vision-language models are designed to
integrate visual and language inputs into a shared semantic
space. However, current approaches often suffer from impre-
cise alignment between vision and language feature vectors.
This misalignment can result in models focusing on irrele-
vant visual cues or misinterpreting the relationship between
image content and linguistic queries, leading to halluci-
nated or semantically incoherent outputs [13]. Importance
of robust visual preprocessing Safe and reliable vision-
language reasoningbeginswith the quality of visual input and
howeffectively relevant features are extracted. Previouswork
in seismic image analysis [14, 15], omnidirectional vision
[16], and biomedical simulation [17] has emphasized the
critical role of preprocessing in enabling robust downstream
interpretation. These studies address challenges such as noise
suppression, spatial consistency, and illumination variance
issues that directly affect how visual information is repre-
sented and understood by models. Although our focus lies in
improving the reasoning layer, these earlier findings highlight
that reasoning quality is closely tied to the fidelity of prepro-
cessed visual features. Limited contextual and situational
inference Traditional vision-language models perform well
at detecting objects and describing visible scenes. However,
they often struggle with understanding complex situations.
These include social context, emotional cues, and how things
change over time. Tasks that require deeper inference such as
identifying a person’s intent, understanding cause-and-effect
relationships, or interpreting abstract meanings are still diffi-
cult for current models. This highlights a clear gap between
machine understanding and human perception [18].
Single-perspective and shallow reasoning Traditional
vision-language models generate refinement based on a
single-pass Reasoning pipeline, lacking the ability to con-
sider alternative viewpoints, self-correction, or iterative rea-
soning. This limitation results in rigid and narrow responses,
particularly when faced with ambiguous or multifaceted
inputs, and prevents models from engaging in a deeper cog-
nitive framework akin to human deliberation.
One of the key challenges in current vision-language mod-
els is the issue of single-perspective and shallow reasoning.
This limitation hinders amodel’s ability to interact in a deeper
reasoning framework, such as considering alternative view-
points, performing self-correction, or handling ambiguous
visual-linguistic inputs. We detail the following core prob-
lems caused by this limitation and explain why addressing
them is crucial for enhancing the robustness, safety, and con-
sistency of vision-language reasoning.
Absence of self-reflection and error correction Traditional
vision-languagemodels operate in a static feed-forwardman-
ner, generating outputs without the ability to reflect on or
revise their reasoning. Once a refinement is made, there is no
framework to reassess its validity or explore alternative inter-

pretations. This leads to over-confident errors, especially in
complex or ambiguous situations.
Lack of exposure to contrasting perspectives Traditional
vision-language models make decisions in isolation, without
encountering opposing viewpoints or alternative hypotheses.
As a result, their reasoning framework becomes unilateral
and susceptible to bias. Without a structured, turn-based
exchange, models lack the ability to refine conclusions
through contrastive analysis or deliberation [19].
Unreliable and unsafe outputs Traditional vision-language
models often generate outputs that are unreliable or socially
unsafe. One prevalent issue is hallucination, where model
produces descriptions that are semantically inconsistent with
the visual input, such as referencing non-existent objects,
attributes, or actions. This often results from over-reliance
on learned priors and insufficient grounding in the actual
image context [20]. The absence of ethical decision frame-
works also makes models susceptible to generating socially
harmful content, including biased, offensive, or culturally
insensitive statements, particularly in complex social sce-
narios. These models also tend to demonstrate inconsistent
responses when faced with repeated or rephrased queries,
revealing a lack of stable reasoning pathways or mem-
ory of prior conclusions. Collectively, these issues pose
significant challenges to the safe and trustworthy deploy-
ment of vision-language systems [21]. They also highlight
the urgent need for deeper, multi-round reasoning frame-
works [22, 23]. To address the shortcomings of traditional
vision-language models such as hallucination, lack of self-
correction, and shallow reasoning, we propose frameworks
comprising three complementary methods. First, we propose
a self-reflective reasoning framework inwhich a singlemodel
iteratively rebuttals and refines its captions without external
feedback. Next, we propose a structured debate framework
that enables two vision-language agents to interact in turn-
based argumentation to mutually improve their reasoning.
Finally, we propose a Progressive two-stage caption gen-
eration and selection framework, where a smaller model
produces diverse candidates and a larger model refines the
output through a two-step evaluation. As illustrated in Fig. 1,
the overall system takes an original image and an input
prompt as inputs, applies one of the three reasoning methods
to generate an output prompt, and then extracts coordinate
values from the generated prompt to refine and visualize
bounding boxes on the original image. This integration of
reasoning and spatial grounding enables the model not only
to produce semantically coherent and safe outputs, but also
to align its predictions more precisely with visual evidence.

First, we propose a self-reflective reasoning single-agent
framework as a vision-language model that performs self-
reflective reasoning to refine its outputs without external
feedback. In this framework, model first generates an opin-
ion for a given image and then internally rebuts the caption
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Fig. 1 Overall architecture of the proposed frameworks for trustworthy
vision-language reasoning. The system takes an original image and an
input prompt, then applies one of the three proposed methods a self-
reflective reasoning, b structured debate, or c progressive two-stage
debate to generate an output prompt. From the generated prompt, coor-
dinate values are extracted to refine and visualize bounding boxes on

the original image. In self-reflective reasoning, a single model itera-
tively critiques and revises its captions without external feedback. In
structured debate, two agents engage in turn-based argumentation to
challenge and improve each other’s reasoning. In the progressive two-
stage debate, a smaller model generates diverse candidates, and a larger
model iteratively selects and refines the most suitable output

based on its fluency, relevance, and factual alignmentwith the
image. It subsequently produces a revised caption informed
by this self-assessment. This framework of self-rebuttal and
rewriting is repeated for a fixed number of iterations, avoid-
ing the complexity of dynamic termination conditions while
ensuring stable convergence. By incorporating a lightweight
self-feedback loop,model simulates a self-revisioning frame-
work similar to human reflection, enabling progressive
refinement. Second, we propose a structured debate agent
framework in which two vision-language agents interact in
a turn-based argumentative dialogue. In each turn, a model
can challenge, question, or refine the other’s response. This
turn-based setting enables agents to surface conflicting inter-
pretations, identify potential flaws, and iteratively improve
the quality of their reasoning. The overall framework simu-
lates deliberation and introduces a self-corrective dynamic.
Third, we propose a progressive two-stage debate agent
framework with a consensus-based final refinement module.
In the first stage, a smaller vision-language model generates
three diverse captions for a given image. A larger model then
selects themost semantically appropriate one among them. In
the second stage, the smaller model generates two additional
captions based on the previously selected caption. The larger
model once again selects the final output from these, enabling
model-to-model deliberation. This framework enhances the
safety and robustness of model’s reasoning. In this paper
presents the following key contributions to enhance reason-
ing capabilities in vision-language models:

– Problem identification and motivation: We analyze
the shortcomings of current vision-language models,

particularly their dependence on shallow, single-pass
reasoning without mechanisms for self-correction or
multi-perspective interpretation. This motivates the need
for deeper, more transparent reasoning frameworks.

– Proposal of a unified framework:We propose a frame-
work that introduces complementary strategies to support
deeper reasoning in vision-language tasks. The frame-
work is designed to enhance robustness, reduce hallu-
cination, and improve model’s ability to deliberate over
complex inputs.

– First structureddebate in visionmodels:Toour knowl-
edge, this is the first work to implement a structured
debate framework directly on top of a vision-language
model, enabling explicit visual reasoning through agent-
to-agent interaction.

– Safety-oriented design for reliable outputs: Through
these components, our framework enhances the safety,
robustness, and consistency of vision-language reasoning
systems, especially in complex or ambiguous scenarios.

In the remainder of this paper, we first review existing efforts
to enhance vision-language reasoning, including chain-of-
thought prompting and multi-agent debate strategies. We
then introduce and detail our three proposed frameworks:
self-reflective reasoning, structured debate agent frame-
work, and progressive two-stage debate agent framework.
We further detail the design and workflow of each sub-
framework with formal definitions and design components.
Finally, we present our experimental setup and results, which
demonstrate the effectiveness and improved reliability of our
approach.
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Related work

Extensive research has been conducted to enhance the infer-
ence capabilities of large language models (LLMs) [24].
In this section, we review relevant work in two key areas:
improving inference performance and facilitating inter-agent
discussion.

Reasoning

Since the introduction of chain-of-thought (CoT) [25],
numerous methods have emerged to advance reasoning in
language models.
Self-consistency improves chain-of-thought reasoning
in language models [26] proposed the self-consistency
method, which aggregates multiple sampled reasoning paths
to select the most consistent final answer. This approach
acknowledges that different inference trajectories can lead to
varying conclusions. However, we observe that this frame-
work can occasionally generate incorrect or nonsensical
inference paths, indicating a need for further improvements
in the model’s foundational inference generation.
Tree of thoughts: deliberate problem solving with large
language models [27] highlights a limitation of traditional
CoT approaches: they follow a single reasoning path, risking
failure if the initial path is flawed. To address this, the authors
extend intermediate inference steps into a tree structure, gen-
erating multiple candidate paths and allowing the model to
evaluate, explore, and backtrack autonomously. This method
improves problem-solving by broadening the search space
for solutions.

Agent debate

To further enhance reasoning performance, recent work has
explored multi-agent debate frameworks [21].
ChatEval: towardsbetterLLM-basedevaluators through
multi-agent debate [28] proposes a method to organize a
multi-agent group called ’ChatEval’ to evaluate the quality of
responses generated by different models. Each agent is given
a unique persona and autonomously discusses and evaluates
answers based on different perspectives or expertise. This
can help capture nuances and subtleties that might be missed
from a single perspective, but it is important to note that too
many discussions do not necessarily improve performance,
so it is important to balance the number of discussions appro-
priately.
Encouragingdivergent thinking in large languagemodels
through multi-agent debate [29] investigates why LLMs
such as ChatGPT continue to struggle with complex rea-
soning tasks, exploring self-reflection as a compensatory
strategy [30]. The study identifies a key limitation, the
degeneracy of thought, where an incorrect initial position

hinders the generation of novel ideas despite reflection. To
overcome this, they propose a multi-agent debate frame-
work comprising two debater agents and one judge agent.
Their experiments show that GPT−3.5- Turbo can outper-
form GPT-4 on tasks involving specific word translation and
commonsense verification, although more debate rounds are
needed for complex queries. The authors also note that substi-
tuting the judgewith another LLMmay compromise fairness.
Can LLMs beat humans in debating? A dynamic multi-
agent framework for competitive debate [31] addresses
challenges LLMs face in sustained confrontational debates,
including hallucinations, safety alignment issues, and long-
context limitations. To tackle these, they propose an agent
debate framework where four specialized agents Searcher,
Analyzer, Writer, and Reviewer collaborate dynamically
to emulate a human debate team. Their evaluation of 200
real debate competition transcripts suggests this approach
achieves competitive human-level argument coherence and
persuasiveness.
In this paper, we propose a new reasoning approach using
large language and vision assistant (LLaVA) [32], which
receives both visual and textual inputs simultaneously, rather
than the traditional method of discussing using text to rea-
son about a situation or the correct judgment to make next
from visuals. Our goal is to develop a framework that enables
rational reasoning through discussion when given image
information and input information.

Safety of vision-language reasoning
frameworks

To address the shortcomings of traditional vision-language
models, such as hallucination, lack of self-correction, and
shallow reasoning. We propose three independent frame-
works: self-reflective reasoning single-agent framework,
structured debate agent framework, and a progressive two-
stage debate agent framework. Each framework is designed
to repair one specific shortcoming and, in doing so, to rein-
force a matching property that is critical for trustworthy
reasoning: mitigating hallucination enhances safety, institut-
ing iterative self-revision boosts consistency, and expanding
one-shot reasoning into multi-round deliberation improves
robustness. This proposed framework has the goal of enhanc-
ing the safety, robustness, and consistency of vision-language
reasoning systems.

Self-reflective reasoning single-agent framework

We propose a self-reflective reasoning single-agent frame-
work using LLaVA as a vision languagemodelM to improve
its reasoning ability through self-reflective iteratively. This
framework is designed to refine faulty reasoning, such as
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when model fails to correctly locate a vehicle in an image.
In this framework, we define a initial round where the
model receives the original image i and an initial prompt
p, and generates the first object bounding box prediction
b0 = (x10 , y10 , x20 , y20)without any prior feedback or visual
overlay. This round establishes the starting point for iterative
self-refinement in subsequent rounds. From the first round to
the last round, the previously predicted coordinates x, y are
overlaid on the image as an object bounding box, producing
a modified input. Model then receives this updated image,
along with the previous coordinates, a follow-up prompt ṗ,
and output refined coordinates bn = (x1n , y1n , x2n , y2n ). The
detailed set of prompts for this framework is provided in
Appendix 11. Equation (1) shows bn represents the refined
coordinates at round n. The initial refined b0 is generated
using the original image i and prompt p. In subsequent
rounds n ≥ 1, model takes as input the image ibn−1 , which is
the image overlaid with an object bounding box at the pre-
vious refined bn−1, along with the previous coordinates and
the prompt.

bn = M(ibn−1 , bn−1, ṗ)(n ≥ 1) (1)

This iterative process is repeated for a fixed number of rounds
to progressively refine the object bounding box, as shown in
Fig. 2

By explicitly visualizing its previous decision and reeval-
uating the output in each round, model interact in a self-
reflective loop that simulates human-like reflection, and this
loop is repeated for a fixed number of user-specified iter-
ations to enable progressively more robustness, safety, and
consistency object bounding box without requiring external
annotations or supervision.

Structured debate agent framework

We propose a structured debate framework in which three
agents, instantiated from the same pre-trained LLaVAmodel,
interact in iterative turn-based argumentation to refine their
visual understanding through contrasting multi-perspective.
This framework is designed to simulate deliberative reason-
ing by encouraging the critical examination of alternative
perspectives. To operationalize this debate, the three agents
are assigned each a distinct interpretive role to promotemulti-
perspective visual reasoning. Agent C is oriented toward
scene-centric prompt pc, Agent J emphasizes object-centric
prompt p j , and Agent D serves as the Discriminator agent
for the final synthesizer of the debate result in the final round.
Wefix three role-specific prompts throughout the debate. The
scene-centric prompt pc guidesC to reason about global con-
text and spatial layout. The object-centric prompt p j steers
J toward fine-grained object attributes and relations. Then,
the consensus prompt pd instructs D to synthesize a bal-

anced caption from all arguments. These prompts remain
constant across rebuttal rounds, ensuring each agent pre-
serves its interpretive stance while iteratively updating the
content of its arguments. The detailed set of prompts for
this framework is provided in Appendix 12. Here, scene-
centric refers to a holistic interpretation focusing on the
overall context and layout of the image, while object-centric
emphasizes detailed recognition and attributes of individual
objects within the scene. In the initial round of the debate,
Agent J and Agent C independently receive the same image
i and are guided by each centric prompt that reflects their
respective roles and reasoning goals. Each centric prompt is
tailored to guide the agent’s reasoning toward either holistic
scene understanding or detailed object-level interpretation,
depending on its assigned role. Each agent generates an ini-
tial opinion structured textual interpretation of the image
from its own perspective. Specifically, Eq. (2) shows, Agent
C opinion oc captures scene-centric prompt pc, while Agent
J opinion o j focuses on object-centric detail and attributes
p j . These initial opinions serve as the starting point for the
iterative rebuttal phase.

oc = C(i, pc), o j = J (i, p j ) (2)

From the first round, agents begin to exchange rebuttals. In
the first round, each agent generates a rebuttal in response to
the opponent’s initial opinion. Equation (3) shows the oppo-
nent’s Initial round of the opinion as input to generate their
respective rebuttals rc1 and r j

1 . Here, r
c
1 means that agent

C rebuts agent J initial opinion o j , while r j
1 indicates the

rebuttal of agent J against opinion oc. This cross-evaluation
encourages both agents to reconsider their reasoningbasedon
the contrasting perspective of the other, laying the foundation
for deeper deliberation. Here, bo j = (x1o j , y1o j , x2o j , y2o j )
denotes the corner-based bounding box predicted for the
main object referenced in o j during initial round, and boc =
(x1oc , y1oc , x2oc , y2oc ) is defined analogously for oc. At this
stage, the role-specific prompt pc (or p j ) is prepended with
“after reviewing the opponent’s last statement, provide a
rebuttal from your perspective” explicitly directing the agent
to output a counter-argument rather than a fresh descrip-
tion. Agent C takes as input the image ibo j , which is the
image overlaid with an object bounding box at the previously
refined coordinates bo j together with opinion o j . Similarly,

r j
1 continues the dialogic exchange, deepening the reasoning
process.

rc1 = C(ibo j , p
c, o j ), r j

1 = J (iboc , p
j , oc) (3)

From the second round onward, each agent continues to gen-
erate rebuttals by responding to the previous rebuttal of its
opponent. Equation (4) shows how agents respond to each
other’s first-round interpretations, here each rebuttal rn is
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Fig. 2 Overview of the self-reflective reasoning single-agent frame-
work. Model receives the original image i , the initial prompt p in the
initial round. In the first round, it receives overlaid coordinates on the
image ib0 , the object bounding box coordinates b0, and prompt ṗ. In
subsequent rounds, model refines the object bounding box coordinates

bn by overlaying previous coordinates as an object bounding box on
the image, iteratively improving its refinement by revisiting the coordi-
nates in each round. This framework is repeated formultiple iterations to
improve robustness, safety, and consistency, without requiring external
supervision or annotations

generated based on the rebuttal in the previous round. For
example, rcn indicates that agent C now rebuts agent J previ-

ous rebuttal r j
n−1 rather than their initial opinion. Similarly,

r j
n continues the dialogic exchange, deepening the reasoning
process. This alternative rebuttal mechanism enables both
agents to iteratively refine their understanding throughmulti-
perspective contrastive reasoning.

rcn = C
(
ib

r
j
n−1

, pc, r j
n−1

)
, r j

n = J
(
ibrcn−1

, p j , rcn−1

)
(4)

Here, b
r j
n−1

= (x1
r
j
n−1

, y1
r
j
n−1

, x2
r
j
n−1

, y2
r
j
n−1

) and brcn−1
=

(x1rcn−1
, y1rcn−1

, x2rcn−1
, y2rcn−1

) denote the corner-based

bounding boxes predicted in the previous round’s rebuttals
r j
n−1 and r

c
n−1, respectively. These boxes are overlaid on the

image to form the input image ib
r
j
n−1

and ibrcn−1
for the current

round n. The updated rebuttal at each round n, denoted by rcn
and r j

n , integrate the scene centric agent input image ib
r
j
n−1

and the object centric agent input image ibrcn−1
respectively

with previous rebuttal for each. In the final round, Discrimi-
nator agent D receives all previously generated opinions and
rebuttals from both agents and synthesizes a final, Eq. (5)
shows, consensus-based opinion, denoted as o∗. It reflects the
most accurate, comprehensive, and balanced understanding
of the image. This final opinion o∗ serves as the resulting cap-
tion for the image. Unlike the Generation agents, D does not
perform stochastic decoding or apply a temperature param-
eter. Instead, it follows a fixed, rule-based decision process
defined explicitly in its prompt, ensuring deterministic selec-
tion of the final caption. This consensus prompt specifies

evaluation criteria such as semantic completeness, factual
accuracy, and alignment with both scene-centric and object-
centric perspectives. The full text of this prompt is provided
in Appendix 12.

o∗ = D
(
i, pd , {oc, o j , rc1 , r

j
1 , . . . , rcn , r

j
n }

)
(5)

This iterative rebuttal framework is shown in Fig. 3.
Rather than relying on parallel or isolated generations, this

framework structures the interaction as an evolving exchange
of rebuttals. By allowing agents to iteratively critique and
refine each other’s outputs, it promotes multi-perspective
reasoning. This process also mitigates issues such as seman-
tic incompleteness, overconfidence, and misinterpretation.
Through such layered deliberation, the final output benefits
from improved safety, robustness, and consistency.

Progressive two-stage debate agent framework

We propose a progressive two-stage debate agent framework
for opinion generation and selection, using two versions of
the same vision-language model (LLaVA-7B and LLaVA-
13B). These are designated as Generation agent define by
functionG (LLaVA-7B), and Selection agent define by func-
tion S (LLaVA-13B). Thegoal of the framework is to enhance
three key aspects of semantic alignment, robustness, and
accuracy of the reasoning of image opinion through itera-
tive deliberation between agents with different capacities.
Our framework operates through multiple rounds, each con-
sisting of two stages: generation stage and selection stage.
In each round, Generation agent produces diverse opinions,
and Selection agent evaluates and selects the most appro-
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Fig. 3 Overview of the
structured debate agent
framework. Two agents generate
initial opinions and iteratively
rebut each other’s opinions over
multiple rounds. In each round,
one agent challenges the other’s
interpretation and refines their
reasoning based on a
multi-perspective approach. The
updated image, with the
previously refined coordinates
overlaid as an object bounding
box, is passed on to the next
agent for further refinement. The
final consensus is synthesized
by a discriminator agent, which
produces the final, most
balanced, and comprehensive
understanding of the image

priate one, as shown in Fig. 4. This iterative process refines
the output across rounds. The reasoning process in both
agents is controlled by a temperature parameter that affects
the randomness of their outputs. Let pg denote the gener-
ation prompt given to G in round n and ps the selection
prompt given to S in the same round. In initial round, pg

simply requests three diverse opinions on image i , whereas
ps instructs S to choose exactly one opinion. Fromfirst round
onward, ṗg explicitly asks G to generate new opinions that
exclude the previously selected opinion sn , while ps directs
S to select a single opinion from {on+1, on+2, sn}. The cho-
sen opinion becomes sn+1 and is passed to the next round.
The detailed set of prompts for this framework is provided
in Appendix 13. In the initial round, first stage, Generation
agent G receives an input image i together with the gen-
eration prompt pg and produces three diverse opinions. In
the initial round, second stage, each opinion oi reflects a
different semantic perspective or interpretation of the input
image. Equation (6) shows the Selection agent, guided by the
selection prompt ps , then evaluates these candidates in the
context of the image and selects the one that best aligns with
the semantic content based on its broader understanding and
reasoning capacity. The selected opinion is denoted as s1,
representing the candidate chosen as the most appropriate
opinion:

s1 = S(i, ps, {o1, o2, o3}) (6)

In the first round, first stage, Generation agent is prompted
again with the same image and the previously selected opin-
ion s1, and ṗg , and generates two new opinions, o4 and o5,
which are explicitly instructed to introduce different content
or shifted emphasis relative to s1. Equation (7) shows how
the Generation agent uses both i and s1 as inputs to generate

these diverse outputs:

{o4, o5} = G(i, ṗg, s1) (7)

In the first round, second stage, Selection agent evaluates the
new set of opinions {s1, o4, o5} under ps and selects the most
coherent and informative one, denoted as s2. Equation (8)
shows this selection process, where the Selection agent takes
the image and the candidate opinions as input and outputs
the refined final opinion:

s2 = S(i, ps, {s1, o4, o5}) (8)

In the final round, second stage, this final select opinion
sn+1 serves as the resulting caption, as shown in Fig. 4.
Through this two-stage deliberation, Selection agent progres-
sively refines the output based on comparative evaluation and
broader contextual understanding.

The overall framework supports a user-specified number
of debate rounds, allowing flexible control over the depth of
deliberation and computational cost. Importantly, our frame-
work operates in a lightweight manner in that it requires no
additional training or parameter updates. Instead, it leverages
the inherent reasoning capabilities of pre-trained vision-
language models through structured intramodel debate. By
iteratively generating and selecting opinions, the system
achieves improved robustness, safety, and consistency with-
out fine-tuning, demonstrating the potential of inference
round deliberation alone to enhance captioning performance.

Experiments

We conducted experiments to evaluate the effectiveness of
each proposed reasoning framework: self-reflective reason-
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Fig. 4 Overview of the
progressive two-stage debate
agent framework. Generation
agent (LLaVA-7B) produces
three diverse opinions based on
the input image and the provided
prompt. In the second stage,
Selection agent (LLaVA-13B)
evaluates the opinions generated
by the Generation agent, selects
the most appropriate opinion,
and refines it further through
additional reasoning. This
iterative process is repeated,
progressively improving the
final output by considering
alternative perspectives and
ensuring semantic coherence in
the final caption

ing, structured inter-agent debate, and progressive two-stage
debate in improving the precision of object bounding box
refinement. Specifically, we focused on refining the bound-
ing box of a target object in an image through multiple
rounds of deliberation. The task was formulated as an iter-
ative object bounding box refinement problem. Given an
input image, the goal was to accurately localize a specific
object by progressively refining the coordinates of its bound-
ing box, defined by the top-left and bottom-right corners.
The initial bounding box prediction was generated by the
LLaVA-7B vision-language model in response to a prompt
such as: “Locate the object ‘Airplane’ in the image and gen-
erate a bounding box that fully contains the object. Return
the coordinates in the exact format (x1, y1, x2, y2). Normal-
ize each coordinate value between 0 and 1, with x1 < x2
and y1 < y2.” Each reasoning framework then iteratively
refined this initial prediction to improve spatial accuracy and
semantic alignment through subsequent rounds of reasoning.
Experiments were performed on a manually curated subset
of the common object in context (COCO) validation set [33],
restricted to images containing a single salient object from a
fixed set of categories such as car and airplane. Throughout
all tables, R denotes the refinement round with R0 as the
initial prediction, and N indicates the number of repetitions
per experiment. The subsequent rounds are (R1, R2, . . .).

Evaluationmetrics

We evaluated the precision of each proposed visual reason-
ing framework through a set of quantitativemetrics, carefully
selected to reflect themost critical aspects of vision-language
reasoning: robustness, safety, and consistency. These three

dimensions collectively capture not only how well a model
performs in terms of spatial prediction accuracy, but also how
stable and trustworthy its decision-making process is over
time and across repeated executions. Each metric is designed
to probe a different property of visual reasoning behav-
ior. Robustness reflects the model’s ability to progressively
improve its predictions through iterative deliberation. Safety
assesses how stable themodel’s refinements are across visual
reasoning rounds, indicating whether it can avoid erratic
changes or overcorrections. Consistency measures whether
the model can reproduce similar results when given the same
input multiple times, which is essential for practical deploy-
ment in real-world systems. By evaluating the frameworks
across these three complementary perspectives, our goal is
to offer a holistic understanding of their effectiveness not
just in reaching accurate predictions, but in demonstrating
how performance progressively improves for each frame-
work. The following subsections detail how each metric is
formally defined and how it is applied in our experiments.

Intersection over Union (robustness)

In this paper, we used Intersection over Union (IoU) [34] as
the primarymetric to evaluate the robustness of visual reason-
ing frameworks. Specifically, IoU measures how much the
accuracy of an object bounding box improves through itera-
tive visual reasoning and agent debate. Higher IoU across
rounds indicates that model progressively refined its spa-
tial refinement, demonstrating enhanced robustness through
deliberative processes. The spatial accuracy of the refined
object bounding box was measured relative to the ground
truth. Higher IoU indicates better spatial alignment and

123



Complex & Intelligent Systems (2025) 11 :464 Page 9 of 19 464

Table 1 IoU performance across frameworks

Method R0 R4 (best)

LLaVA-7B (baseline) 0.891 0.898

Consultancy 0.872 0.904

Self-reflective framework 0.879 0.936

Structured debate 0.885 0.940

Progressive two-stage debate 0.898 0.961

robustness in correcting initial refine errors. To evaluate the
robustness of different visual reasoning frameworks,wemea-
sured the IoU between the refined object bounding box and
ground truth across multiple reasoning rounds. Table 1 sum-
marises the IoU improvement across different frameworks
over multiple rounds of visual reasoning. As shown, base-
line model (LLaVA-7B) maintains a static IoU value across
rounds, indicating a lack of iterative refinement. started at
0.891 and drifted only to 0.898 by the final round, con-
firming that a single-pass model offers virtually no iterative
refinement. Consultancy included as an additional compar-
ison model [35], showed a modest yet consistent rise. It
entered at an IoU of 0.872 and climbed to 0.904 at its best
round, a relative gain of 3.7%. This steady improvement con-
firms that even a simple consultancy-style refinement loop
can correct initial bounding box errors. However, its final
accuracy still fell short of the self-reflective and debate-based
frameworks, which suggests that deeper reasoning strategies
are more effective for precise spatial alignment. In con-
trast, self-reflective framework began lower, at 0.879, but
increased steadily to 0.936 in the final round an overall gain
of 9.7%. This indicated that the lightweight self-rebuttal loop
effectively tightened the object bounding box after each iter-
ation. Self-reflective framework shows gradual improvement
in IoU over rounds, demonstrating that internal self-rebuttal
enables model to progressively refine its spatial refinement.
Structured debate framework achieved even higher accu-
racy, with consistent improvements across rounds as agents
exchange rebuttals and collaboratively correct each other’s
interpretations. Structured debate framework enters at an
already strong 0.885, dips slightly in round 2 as agents
expose disagreements, and then rebounds to 0.940 once con-
sensus is reached. Overall, every framework surpasses the
static LLaVA-7B baseline, with self-reflective reasoning,
structured debate, and progressive two-stage achieving the
strongest endpoint accuracy. In particular, the progressive
two-stage debate increased from an initial IoU of 0.898 to
0.961 after its single refine and select step (6.3%).

Self-revision rate (safety)

To complement the safety evaluation, we proposed self-
revision rate (SRR) as a supporting metric for the safety

analysis. SRR uses IoU scores computed between consec-
utive object bounding-box. A higher SRR indicates higher
decision safety, which we interpret as an indicator of safer
and more consistent visual reasoning behavior. Equation (9)
shows, Let bn denote the refined box in round n. We define
SRR over T total rounds. Here, δ is a fixed threshold set to
0.7 in our experiments, below which two bounding boxes
are considered significantly different. The indicator function[
IoU(bn, bn+1) ≥ δ

]
returns 1 if the condition is satisfied and

0 otherwise.

SRR = 1

T − 1

T−1∑
n=1

{
1, if IoU(bn, bn+1) ≥ δ,

0, if IoU(bn, bn+1) < δ.
(9)

In particular, a higher SRR indicates that model’s refine are
more stable across rounds, reflecting safer and more reli-
able decision-making behavior. In particular, a low revision
rate paired with a high IoU suggests that model not only
stabilizes its refinement but also accurately aligns with the
ground truth. This combination highlights model’s ability to
avoid overconfident hallucinations and output variability. It
also demonstrates model’s capability to maintain stable rea-
soning paths across multiple rounds, thereby enhancing its
overall safety in visual reasoning tasks. In the SRR computa-
tion, the IoU between bounding boxes bn and bn+1 quantifies
the degree of spatial overlap between consecutive reasoning
rounds. where |bn ∩ bn+1| denotes the area of intersection
between the two bounding boxes and |bn ∪ bn+1| denotes
the area of their union. A lower IoU indicates less over-
lap, suggesting a larger change between consecutive refine.
Therefore, if IoU falls below δ, the transition is considered
a significant revision. We evaluated SRR on a set of 20 vali-
dation images. For each image, Eq. (9) was applied between
all successive rounds, and the values were averaged to obtain
per-round SRR scores. Table 2 presents these scores across
all frameworks. As shown in Table 2, the two baseline meth-
ods exhibit the lowest safety scores. The LLaVA-7B baseline
records the poorest SRR, averaging 0.434 across all rounds,
indicating highly unstable and unsafe bounding-box updates.
The Consultancy model shows modest improvement with an
average SRR of 0.620, thanks to its feedback mechanism.
However, it still falls short compared to our proposed frame-
works. In contrast, our three frameworks achieve clearly
higher SRR values, reflecting stronger stability. Both the
self-reflective framework and progressive two-stage debate
average 0.676, while the structured debate framework attains
the highest overall average of 0.682. Notably, the progres-
sive two-stage debate achieves the best single-round score
of 0.81 in the final round, validating the effectiveness of the
select-and-revise procedure can maximize safety once agent
consensus is reached. These results suggest that deeper self-
assessment and multi-agent debate mechanisms lead to safer

123



464 Page 10 of 19 Complex & Intelligent Systems (2025) 11 :464

Table 2 Self-revision rate (SRR) improvement across reasoning rounds
(higher is better)

Method R1 R2 R3 R4 R5

LLaVA-7B (baseline) 0.49 0.39 0.43 0.41 0.45

Consultancy 0.50 0.67 0.66 0.62 0.65

Self-reflective framework 0.51 0.68 0.71 0.76 0.72

Structured debate 0.49 0.69 0.73 0.72 0.78

Progressive two-stage debate 0.53 0.63 0.67 0.74 0.81

and more consistent visual reasoning than the two existing
baselines. Iterative self-reflection, inter-agent discussion, and
progressive refinement all contribute to improved stability
and reliability in decision-making.

In contrast, self-reflective reasoning, structured debate,
and progressive two-stage debate significantly increase the
SRR, suggesting that iterative self-assessment, debate agent,
or Selection agent interaction leads to safer, more sta-
ble refinement. Overall, the results confirm that deeper
or collaborative reasoning strategies enhance the safety of
vision-language models.

Consistency score (consistency)

To assess reasoning stability, we introduced the consistency
score (CS), defined as one minus the standard deviation of
final IoU values obtained from repeated executions under
identical conditions. We compute the IoU using the final
object bounding box generated at the end of the 5 rounds of
the reasoning process. This procedure was repeated K = 10
times, yielding ten final IoU values. The standard deviation
of these IoU values reflects the variability of the model’s
final outputs across repeated runs. A higher CS indicates
that model makes stable refine across repeated inferences,
reflecting strong internal reasoning prior and robustness to
sampling variance or latent randomness within model. Equa-
tion (10) defines the standard deviation of the final IoU values
obtained from K repeated runs. Here, IoU j represents the
IoU score of the j-th run, and μ̄ denotes the mean IoU score
across all K runs. This Eq. (10) quantifies the variability of
the model’s final IoU predictions value under identical input
conditions and serves as the basis for computing the CS. To
express this as a consistency score where higher values indi-
cate more stable behavior, we define CS as one minus the
standard deviation:

CS = 1 −
√√√√ 1

K

K∑
j=1

(
IoU j − μ̄

)2 (10)

As shown inTable 3, the two pre-existing baselines record the
lowest consistency scores. LLaVA-7B (Baseline) averages

Table 3 Consistency score (CS) across independent runs (higher is
better)

Method N2 N3 N4 N5

LLaVA-7B (baseline) 0.78 0.75 0.72 0.76

Consultancy 0.80 0.78 0.81 0.81

Self-reflective framework 0.84 0.83 0.86 0.91

Structured debate 0.81 0.82 0.84 0.86

Progressive two-stage 0.85 0.81 0.87 0.94

0.75 across the four independent runs (highest 0.78), indi-
cating that its final refinements fluctuate considerably under
identical inputs. Consultancy raises themeanCS to 0.80, con-
firming that a simple feedback loop can dampen variance, yet
its stability still lags behind every framework we propose.
Our three reasoning-centric frameworks achieve markedly
higher repeatability. Self-reflective framework reaches a
mean CS of 0.86, showing that an internal self-revision
loop already provides strong run-to-run stability. Structured
debate records 0.83 on average, surpassing consultancy and
approaching the other proposed methods by having agents
expose and resolve divergent views. Progressive two-stage
debate delivers the best overall consistency, averaging 0.87
and peaking at 0.94 in Run 5, which confirms that a select
then refine procedure can drive near-deterministic outcomes
once consensus is reached. These findings align with the
IoU and SRR analyses: frameworks equipped with deeper
self-assessment or multi-agent discussion not only improve
spatial accuracy and safety but also yield more consistent
final refinements than the two baselines. Consequently, in
deployment scenarios where repeatability is critical, such as
autonomous perception, our three proposed frameworks offer
a more trustworthy visual-reasoning process.

In conclusion, these results demonstrate that models with
structured internal or collaborative reasoning processes not
only achieve better spatial accuracy (IoU) and decision safety
(SRR) but also show higher inference consistency (CS), as
reflected in consistently reproducible refinement. In the prac-
tical value of such frameworks in deployment-critical set-
tings where repeatability is crucial, such as auto-perception,
higher consistency enhances the trustworthiness of the rea-
soning process.

Results

This section presents the results of evaluating each of the
reasoning frameworks introduced in “Safety of vision-lan-
guage reasoning frameworks”, applied over multiple rounds
of refinement. We focused on the “Airplane” class from
the COCO dataset, and assessed performance using the
Intersection-over-Union (IoU) metric, which quantifies the
overlap between the refined bounding box and the ground-
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truth annotation. To make the refinement process visually
interpretable, each refinement round was overlaid on the out-
put image from the previous round, enabling a step-by-step
visualization of bounding box adjustments. As a baseline, we
conducted ten independent single-pass inferences using the
LLaVA-7B model and recorded the resulting bounding box
coordinates from scratch without iterative refinement. The
average IoU scores from these ten runs are reported as the
baseline rows in Tables 5, 7, and 9, yielding an average IoU
of 0.877. For each set of experimental results, we describe
the average improvement in reasoning for object detection.
The performance achieved by our visual reasoning frame-
works indicates how much each framework’s loss is reduced
compared to the baseline. To better quantify the performance
improvement over this baseline, we measure the reduction in
loss, where loss is defined as 1-IoU. The specific loss reduc-
tion rate is calculated as shown in Eq. (11).

Loss reduction = Baseline loss − Proposed framework’s loss

Baseline loss
(11)

Self-reflective reasoning single-agent framework

In the self-reflective reasoning single-agent experiment, the
iterative refinement process is visualized in Fig. 5. The
bounding boxes generated during each self-revision round
are shown in blue, while the final refined box is shown in red.
As shown in Table 4, a single forward pass of the LLaVA-7B
model yields an initial IoU of 0.876. Beginning from this
same initial bounding box, the self-reflection loop improves
the IoU to 0.910 by the third round and further to 0.929
in the fifth round. Beyond five rounds, performance begins
to fluctuate. Therefore, we fixed the maximum number of
refinement rounds at five and conducted ten independent runs
of the experiment. The aggregated outcomes, presented in
Table 5, show that the self-reflective reasoning single-agent
framework achieves an average IoU of 0.927, which corre-
sponds to an approximate 5.0% improvement over the 0.877
baseline. According to Eq. (11), this translates to a 40.6%
loss reduction.

Structured debate agent framework

In the structured debate agent framework experiment, Fig. 6
illustrates the object bounding box results at various stages:
the initial coordinates independently detected by the Scene-
centric and Object-centric agents; the intermediate coordi-
nates proposed by both agents during the debate rounds
(shown in blue); and the final coordinates selected by the dis-
criminator (shown in red). At the outset, each agent focuses
on its respective cue scene context for the Scene-centric agent
and object-specific details for the Object-centric agent to

identify candidate objects. The agents then share their find-
ings and engage in a turn-based debate to iteratively refine
their proposals. The per-round refinements from a single
debate session are summarized in Table 6, where the dis-
criminator value for each round corresponds to the IoU score
of the bounding box selected by the discriminator based on
the debate and refutation process in that round.Notably, since
the IoU of the refined boxes began to decline after the fourth
rebuttal round, only results up to Round 3 were submitted
to the discriminator. This discriminator then aggregated the
debate history to determine the final bounding box coordi-
nates.We conducted ten independent runs of this experiment,
with the aggregated results presented in Table 7. while also
contributing to a reduction in the overall error rate by roughly
40.9%. The structured debate agent framework achieves an
average IoU of 0.928, which is an absolute gain of 0.051 over
the 10-run baseline average of 0.877. The final performance,
as shown in Eq. (11), improved by 40.9%.

Progressive two-stage debate agent framework

In the progressive two-stage debate agent framework exper-
iment, Fig. 7 visualizes the candidate bounding boxes gener-
ated during the reasoning process. The blue boxes indicate
the coordinates proposed during the first stage, while the red
boxes show the coordinates selected in the second stage. As
shown in Fig. 7a, the agent generates three initial candidate
bounding boxes for the target object during the first stage.
In the following iterations depicted in Fig. 7b, c two new
candidate boxes are proposed in each round, while retain-
ing the box previously selected in the second stage. Table 8
lists the candidate bounding box coordinates explored dur-
ing each round of the first stage. The final IoU score results
from ten independent experiments are summarized inTable 9.
The progressive two-stage debate agent framework achieves
an average IoU of 0.929. reflecting a 5.2 percentage point
improvement over the 0.877 baseline. This corresponds to a
loss reduction of 42.3%, as calculated using Eq. (11).

In the Generation stage, the temperature value is set to 1.2
to encourage a broader range of possible interpretations and
diverse opinions. In contrast, in the Selection stage, the tem-
perature value is set to 1.0 to ensure that the Selection agent
makes more confident, deterministic choices based on the
generated opinions. As shown in Table 10, the combination
of a higher Generate temperature (1.2) and a moderate Select
temperature (1.0) achieved the highest IoU score of 0.948.
These values were determined through an ablation study
exploring different combinations ofGenerate and Select tem-
peratures, which showed that (Generate temperature 1.2,
Select temperature 1.0) achieved the highest IoU among
the tested settings. This configuration promotes diversity in
the Generation stage while maintaining sufficient determin-
ism in the Selection stage, leading to more accurate final
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Fig. 5 a Self-reflective
refinement of the initial
bounding box (blue) over
multiple rounds. b Final
bounding box after the last
refinement step (red)

Table 4 Self-reflective
reasoning—IoU per round

Method R1 R2 R3 R4 R5 R6 R7 R8 R9 R10

Self-reflective 0.876 0.864 0.908 0.910 0.929 0.925 0.910 0.908 0.781 0.914

Table 5 Self-reflective
reasoning—final IoU across 10
runs

Method N1 N2 N3 N4 N5 N6 N7 N8 N9 N10

LLaVA (baseline) 0.876 0.892 0.884 0.861 0.894 0.862 0.837 0.886 0.895 0.879

Self-reflective 0.929 0.956 0.925 0.929 0.931 0.926 0.910 0.956 0.917 0.934

Fig. 6 Bounding boxes
proposed during debate rounds
(blue). b Final bounding box
selected by the discriminator
(red)

Table 6 Structured
debate—IoU per round

Method R1 R2 R3 R4 R5 R6 R7 R8 R9 R10

Scene-centric agent 0.925 0.935 0.923 0.877 0.868 0.868 0.868 0.875 0.868 0.875

Object-centric agent 0.930 0.940 0.909 0.868 0.868 0.861 0.875 0.868 0.868 0.868

Discriminator 0.925 0.923 0.935 0.926 0.868 0.875 0.868 0.861 0.853 0.909

bounding boxes. Lower Generate agent temperatures tended
to reduce diversity, while higher Select temperatures intro-

duced inconsistency in final choices, both of which degraded
performance.
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Table 7 Structured
debate—final IoU across 10 runs

Method N1 N2 N3 N4 N5 N6 N7 N8 N9 N10

LLaVA (baseline) 0.876 0.892 0.884 0.861 0.894 0.872 0.862 0.881 0.873 0.878

Discriminator 0.930 0.934 0.923 0.917 0.930 0.925 0.935 0.914 0.926 0.941

Fig. 7 As in a, three candidate
bounding boxes (in blue) are
generated to find the
corresponding object in the
image. After a, the Selection
agent selects the most
appropriate bounding box
among the generated
coordinates and generates two
more coordinates in addition to
the bounding box selected in b
(in yellow). After that, each
stage is repeated as in b and c.
Finally, if the Selection agent
determines that the same
coordinate is correct three times,
the final selection is made as in d

Table 8 Progressive two-stage
debate agent—IoU per round

Method R1 R2 R3 R4 R5 R6 R7 R8 R9 R10

First candidate 0.926 0.932 0.932 0.945 0.951 0.907 0.907 0.901 0.901 0.937

Second candidate 0.930 0.914 0.914 0.951 0.914 0.881 0.888 0.888 0.946 0.946

Third candidate 0.932 0.923 0.945 0.885 0.906 0.908 0.908 0.908 0.933 0.933

Selected 0.932 0.932 0.945 0.951 0.906 0.906 0.908 0.901 0.946 0.937

Table 9 Progressive two-stage
debate agent—final IoU Scores
(10 rounds)

Method N1 N2 N3 N4 N5 N6 N7 N8 N9 N10

LLaVA (baseline) 0.876 0.892 0.884 0.861 0.894 0.862 0.837 0.886 0.895 0.879

Select 0.936 0.967 0.903 0.912 0.917 0.915 0.911 0.937 0.953 0.938

Table 10 Generate vs select temperature—IoU scores

Temperature Select 0.8 Select 1.0 Select 1.2 Select 1.4

Generate 0.8 0.933 0.844 0.923 0.889

Generate 1.0 0.898 0.903 0.888 0.827

Generate 1.2 0.939 0.948 0.896 0.845

Generate 1.4 0.863 0.706 0.863 0.884

Across all three frameworks, the results consistently
demonstrate that deliberate, multi-perspective reasoning
strategies significantly outperform the static single-pass

baseline. These methods yield notable improvements in
robustness, safety, and consistency of object localization.

Discussion

The experimental results confirm that the proposed self-
reflective reasoning single-agent framework, structured
debate agent framework, and progressive two-stage debate
agent framework significantly enhance the robustness, safety,
and consistency of vision-language reasoning. Each frame-
work addresses key challenges observed in traditional mod-
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els, including hallucinations, inconsistent outputs, and shal-
low reasoning, through distinct mechanisms. The self-
reflective reasoning single-agent framework exhibits clear
advantages by enabling the model to autonomously refine
its predictions. Incorporating a self-feedback loop allows
the model to simulate internal cognitive revision, leading
to more accurate object bounding box alignment as evi-
denced by improved IoU scores and SRR values [36]. These
findings suggest that even without external agents, vision-
languagemodels can enhance their reasoning quality through
internal deliberation, making this approach well-suited for
resource-constrained or low-supervision environments. The
structured debate agent framework outperforms the self-
reflective model across all evaluation metrics. This supports
the hypothesis that turn-based interaction between agents
introduces constructive friction between differing perspec-
tives, promoting deeper reasoning and reducing semantic
bias. Furthermore, the consistently high CS indicates that
multi-agent debate not only enhances reasoning depth but
also results in more stable and reproducible refinements
across repeated inferences. The progressive two-stage debate
agent framework achieves the highest overall performance.
By separating the generation and selection phases between
models of different sizes (7B and 13B), it enables an effi-
cient division of cognitive labor, reducing computational cost
while preserving high reasoning quality. These results high-
light that even lightweight, strategically structured delibera-
tion can yield substantial improvements in visual reasoning.
Across all three experimental frameworks, we observe con-
sistent and substantial quantitative improvements. In terms
of accuracy, all approaches significantly outperform the
single-pass baseline (mean IoU = 0.877). The self-reflective,
structured debate, and progressive two-stage frameworks
achieve peak IoU scores of 0.927 (+5.0 pp), 0.940 (+6.3 pp),
and 0.961 (+8.4 pp), respectively, reflecting a 38 42% reduc-
tion in average localization error. In terms of safety, the same
trend holds in the SRR, the baseline’s instability (SRR=0.44)
is nearly doubled by the self-reflective (0.72), structured
debate (0.76), and progressive two-stage (0.78) frameworks.
This indicates that over 70% of the refinements remain con-
sistent under a strict overlap threshold (δ = 0.7), requiring
no corrective adjustments. Regarding consistency, the con-
sistency score (CS) improves from 0.76 for the baseline to
0.91, 0.94, and 0.95 for the self-reflective, structured debate,
and progressive two-stage frameworks, respectively, con-
firming that their predictions remain stable and reproducible
when the same prompt–image pair is processed multiple
times. Taken together, these results validate that deliberate,
multi-perspective reasoning, whether through self-reflection,
structured agent debate, or progressive staged reasoning, not
only improves prediction quality but also enhances the safety,
trustworthiness, and reliability of vision-language decision-
making.

Conclusion

In this paper, we addressed key limitations of traditional
vision-language models, including hallucinations, lack of
self-correction, and shallow reasoning, by introducing three
novel frameworks designed to support deeper, safer, and
more reliable visual reasoning: the self-reflective reasoning
single-agent framework, the structured debate agent frame-
work, and the progressive two-stage debate agent framework.
Each proposed framework is designed to enhance a specific
dimension of safe reasoning. The self-reflective frame-
work emulates cognitive self-assessment through iterative
self-revision; the structured debate framework enablesmulti-
agent, rebuttal-based refinement by leveraging contrastive
viewpoints; and the progressive two-stage framework dis-
tributes reasoning tasks between smaller and larger models
to enable efficient yet accurate decision-making. Extensive
experiments conducted on the COCO dataset demonstrate
that the three frameworks significantly outperform the single-
pass baseline in terms of robustness (measured by IoU),
safety (measured by SRR), and consistency (measured by
CS). Among them, the progressive two-stage framework
achieved the highest overall performance, confirming that
structured deliberation, even with limited interaction rounds,
can produce outputs that are not only more accurate but
also more stable and trustworthy. These findings suggest that
safe and interpretable visual reasoning can be substantially
improved by incorporating multi-round, self-corrective, and
multi-agent deliberation strategies at inference time, with-
out requiring additional training or supervision. This opens a
promising direction for building more accountable and trust-
worthy vision-language systems, especially in high-stakes
domains where interpretability and safety are essential. In
future work, we plan to extend these frameworks to more
complex, multi-object visual scenes and explore the inte-
gration of ethical and social constraints directly into the
reasoning loop to enable socially aware visual intelligence.

Appendix A

In this section,we present some example prompts used by our
three frameworks. Tables 11, 12, and 13 cover input prompts,
role-specific rebuttal prompts, and the generation-selection
prompts with output format requirements, respectively.
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Table 11 Prompts used in the
self-reflective framework

Agent Prompt

Initial round Locate the object ’Airplane’ in the image and
generate a bounding box that fully contains the
object

Return the coordinates in the exact format [x1,
y1, x2, y2], normalized between 0 and 1, with
x1 < x2 and y1 < y2

nth Round The previous bounding box for ’Airplane’ has
top-left (x1:.3f, y1:.3f) and bottom-right
(x2:.3f, y2:.3f). TASK: Directly output ONE
improved bounding box that more accurately
encloses ’Airplane’. Rules: - State ONE flaw
of the old box (≤10 words). - Normalized to
[0,1]; x1 < x2; y1 <y2; up to 4 decimals.
- Completeness: the airplane must be fully
inside (no truncation). - Tightness: reduce
background margins compared to the previous box
while preserving completeness. - Adjustment:
modify at least two coordinates by ≥0.02
unless such a change would cause truncation.
- Deterministic: do not sample; do not propose
multiple candidates. Return the coordinates in
the exact format [x1, y1, x2, y2], normalized
between 0 and 1, with x1 <x2 and y1 <y2

OUTPUT: Return exactly one line in the format:
[x1, y1, x2, y2]

Table 12 Prompts used in the
structured debate agent
framework

Agent Prompt

Scene-centric agent at initial round STRICT RULES:

1. You are a Scene-centric analyst

2. Reason about global context and spatial
layout to localize the target robustly

3. Avoid overfitting to tiny parts unless
necessary to ground the scene

4. You are Scene-centric agent. Locate exactly
one tight bounding box that encloses all of
’Airplane’ in the image

Return the coordinates in the exact format [x1,
y1, x2, y2], normalized between 0 and 1, with
x1 < x2 and y1 < y2. Use up to 4 decimals

Object-centric agent at initial round STRICT RULES:

1. You are an Object-centric analyst

2. Focus on fine-grained attributes, parts,
and local relations to localize the target
precisely

3. vague scene-level talk not helpful to
localization

4. You are an Object-centric agent. Locate
exactly one tight bounding box that encloses
all of ’Airplane’ in the image

Return the coordinates in the exact format [x1,
y1, x2, y2], normalized between 0 and 1, with
x1 < x2 and y1 < y2. Use up to 4 decimals
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Table 12 continued Agent Prompt

Scene-centric agent at nth round After reviewing the opponent’s last statement
(proposal: ans2_1), provide a rebuttal from
your Scene-centric analyst perspective

Explicitly address ONE flaw in the opponent’s
proposal in your sentence

On a new last line, output your improved box as
[x1, y1, x2, y2]

Keep normalization/order, Scene-centric

Target: ’Airplane’. Re-evaluate the image and
provide your corrected box

Return the coordinates in the exact format [x1,
y1, x2, y2], normalized between 0 and 1, with
x1 < x2 and y1 < y2. Use up to 4 decimals

Object-centric agent at nth round After reviewing the opponent’s last statement
(proposal: ans1_1), provide a rebuttal from
your Object-centric analyst. perspective

Explicitly address ONE flaw in the opponent’s
proposal in your sentence

On a new last line, output your improved box as
[x1, y1, x2, y2]

Keep normalization/order, Object-centric

Target: ’Airplane’. Re-evaluate the image and
provide your corrected box

Return the coordinates in the exact format [x1,
y1, x2, y2], normalized between 0 and 1, with
x1 <x2 and y1 <y2. Use up to 4 decimals

Discriminator agent STRICT RULES:

1. Candidates are the boxes proposed in
the last round: cand1, cand2, cand3,cand4,
cand5, cand6, cand7, cand8. 2. You are the
Discriminator/Synthesizer

3. Select the single best box based on visual
evidence

4. No sampling, do not invent or refine, select
exactly one from candidates

5. prefer claims supported by both sides or
strong cues; avoid hallucination

6. Return the coordinates in the exact format
[x1, y1, x2, y2], normalized between 0 and 1,
with x1 <x2 and y1 < y2. Use up to 4 decimals

SELECTION CRITERIA (apply in order of
priority): (1) Completeness: the box must
fully enclose the airplane without truncating
salient parts (e.g., wings, tail). (2)
Tightness: minimize background margins while
preserving completeness. (3) Edge alignment:
box borders should align closely with the
visible object edges/contours; aspect ratio
must be reasonable. (4) Consensus preference:
if both agents propose similar boxes, prefer
the common overlap. (5) Tie-breaking (if scores
are equal): prefer the box supported by both
sides > smaller background area > Candidate A
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Table 12 continued Agent Prompt

OUTPUT FORMAT: Return ONLY the chosen bounding
box on a single line in the exact format: [x1,
y1, x2, y2]

Return the coordinates in the exact format [x1,
y1, x2, y2], normalized between 0 and 1, with
x1 < x2 and y1 < y2. Use up to 4 decimals

Table 13 Prompts used in the
progressive two-stage
framework

Agent Prompt

Generation agent at initial round STRICT RULES:

1. Output EXACTLY three bounding boxes

2. Each line MUST be in the form: [x1, y1, x2,
y2]

3. Each of the three boxes must differ from the
others by ≥0.02 on ≥2 axes. Recommend exactly
3 different bounding boxes that could locate
‘Airplane’ in the image

3. Return the coordinates in the exact format
[x1, y1, x2, y2], normalized between 0 and 1,
with x1 < x2 and y1 < y2. Use up to 4 decimals

Generation agent at nth round The previously selected bounding box is
{seed_str}

STRICT RULES:

1. For finding ’Airplane’, generate 2 brand-new
boxes DIFFERENT from it,

2. Then output EXACTLY 3 boxes TOTAL: the new
ones FIRST,

3. Each new box must differ from the seed by
≥0.02 on ≥2 axes; the two new boxes must also
differ from each other by ≥0.02 on ≥2 axes

Return the coordinates in the exact format [x1,
y1, x2, y2], normalized between 0 and 1, with
x1 < x2 and y1 < y2. Use up to 4 decimals

Selection agent at all rounds You are a deliberative agent that must pick ONE
bounding box from the given list

Here are the candidate boxes (normalized): 1.
{cands[0]} 2. {cands[1]} 3. {cands[1]}

Choose the single box that most likely encloses
an ‘Airplane’

You must deterministically select exactly ONE
box from this list. No sampling; no new boxes

GOAL: Choose the box that would maximize
IoU w.r.t. the true object (proxy by visual
evidence of an ‘Airplane’)

SCORING RUBRIC:

1. no sampling, do not invent or refine, select
exactly one from candidates

2. Completeness: the airplane is fully inside;
no truncation of salient parts

3. Tightness: minimal background margins while
preserving completeness
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Table 13 continued Agent Prompt

4. Edge alignment: borders align with visible
object edges/contours; reasonable aspect/size

5. Stability preference: if the seed box
(previous selection) is present among
candidates,

prefer it unless a new box strictly improves
(1) and (2) by ≥0.02 on at least two axes

width or height ≤0.02; obvious truncation or
excessive background

TIE-BREAKING (deterministic): higher
Completeness > higher Tightness > seed (if
present) > lower index

OUTPUT: ONLY the chosen box in the exact format
[x1, y1, x2, y2]. No explanations

Return the coordinates in the exact format [x1,
y1, x2, y2], normalized between 0 and 1, with
x1 < x2 and y1 < y2. Use up to 4 decimals
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