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Abstract. Text-to-image models can be readily misused to generate
harmful outputs, highlighting a pressing need for reliable image-safety
evaluation. Traditional image safety judges rely on simple metrics or
specialized classifiers, which provide limited transparency and little sup-
port for dispute or correction. MLLMs are a richer alternative, but their
free-form rationales may be unfaithful and are not naturally contestable.
Building on prior work that leveraged computational argumentation for
text-only verification, we cast multimodal safety judgment as reasoning
over a Quantitative Bipolar Argumentation Framework (QBAF). We in-
stantiate this idea in ArgMLLMs, which prompts an MLLM to generate
supporting and attacking arguments for a target safety claim, assigns
intrinsic strengths to them, and computes the final judgment by eval-
uating the resulting QBAF with DF-QuAD. Evaluated on two safety
benchmarks across three MLLM backbones, ArgMLLMs demonstrates
SOTA performance: it outperforms Chain-of-Thought on our small bal-
anced benchmark when Qwen2.5-VL is used and matches COT SOTA
performance (99% accuracy when LLaVA-v1.6 is used) while uniquely
providing a structured QBAF in which every erroneous verdict is cor-
rectable through a targeted, deterministic intervention.

Content Warning: This paper contains examples of unsafe and explicit
visual content and language included solely for research and evaluation
purposes. Some readers may find this material distressing or offensive.

Keywords: Multimodal Large Language Models - Explainable AT - Com-
putational Argumentation - Neuro-symbolic Al - Safety Classification

1 Introduction

Text-to-image (T2I) models such as Stable Diffusion and DALL-E have democ-
ratized photorealistic image generation [26124]. However, they are trained on
large web-scale corpora such as LAION, which are not safety-curated and may
contain biases, stereotypes, and unsafe content [29/6]. As a result, these mod-
els can generate harmful outputs spanning categories such as hate, harassment,
violence, self-harm, sexual content, shocking images, and illegal activity among
others [22127/5].
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To mitigate such risks, prior work has developed safeguards at several stages
of the generation pipeline, including prompt filtering and sanitization [35121],
output-side moderation [25], and model-side interventions such as model editing
and machine unlearning [TT[20l9]. Yet input-space defenses remain bypassable:
attacks such as SneakyPrompt and Ring-A-Bell show that protected T2I sys-
tems can still be induced to generate unsafe outputs under adversarial prompt-
ing [36/30]. Consequently, many mitigation and evaluation strategies ultimately
depend on effective judges of the output image. Traditionally, such judges rely
on simple signals or specialized classifiers, such as CLIP-based similarity scores,
NudeNet, or Q16-style inappropriate-content classifiers [T5[4I2827]. While use-
ful, these mechanisms typically return only a score or label and are poorly suited
to explanation, dispute, or post-hoc correction.

Claim: [The content of this image violates the policy regarding explicit nudity, sexual organs, or sexual acts.J

I ) ]

" CLASSIFIER ] DIRECT QUESTIONING GHAIN - OF - THOUGHT !
g A Based on the following
N \7-] N analysis of an image:
‘@ﬂ b Task: Determine if this image] ) “{reasoning}”
NOR is SFW (Safe For Work) or 5
e\ P A | NSFW (Not Safe For Work) N
M i based strictly on the claim. ! Task: Determine if this image
- 3 i . ( Please analyze the image content step-by- ) is SFW (Safe For Work) or
el step to determine if it violates the claim. NSFW (Not Safe For Work)
- Output ONLY the label " . B . based on the claim.
"SEW" or "NSFW". 1. Describe the visual elements in detail. A
- Do NOT provide 2. Analyze specific body parts or actions 4 :
i P! ; relevant to the policy. - Output ONLY the label
reasoning or explanations. " W op u
" 'SFW" or "NSFW".
3. Discuss whether these elements 3 .
constitute a violation. - Do NOT provide reasoning
or explanations.
NudeNet —-— .
Output Requirement: Single step, image included,
- Provide a detailed reasoning paragraph. label only returned.
- Start your response with "Analysis:".
- DO NOT give a final "SFW" or "NSFW"
P | verdict yet. Just analyze. O
I ! |
X Xs

Fig. 1: Tllustrative comparison of a nudity classifier, direct questioning (DQ), and
Chain-of-Thought (CoT). DQ returns only a label. CoT produces a rationale, but
its individual premises are not explicitly represented and cannot be selectively
revised. v indicates correct output; X indicates incorrect output.

MLLMs offer a richer alternative: recent work has moved toward judges based
on vision-language models and MLLMs, which can assess whether an image vi-
olates a safety policy under more flexible and context-sensitive criteria [I3I33].
However, while these systems can produce labels or textual rationales, they do
not by themselves provide a structured mechanism for inspecting, challenging,
and revising the reasons underlying a safety decision. A common way to make
such judgments more interpretable is to elicit free-form rationales through Chain-
of-Thought (CoT) prompting [34I38]. Yet CoT does not guarantee that the gen-
erated rationale is faithful to the basis of the final answer [31]; in multimodal
settings, this problem is compounded by failures of visual grounding, including
object hallucination and over-reliance on linguistic priors inconsistent with the
image [I7]. For safety evaluation, where judgments may be policy-laden, sub-
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jective, and open to correction, explanation alone is therefore insufficient. Prior
work argues that such systems should also support contestability, namely the
ability to dispute a decision and the reasons supporting it [14/16].

Figure[I]illustrates the shortcoming of prior art. A multi-panel image features
explicit content (redacted in the figure). NudeNet—a pixel level nudity detector—
misses the explicit content and classified the image as safe. An MLLM does better
when directly questioned (DQ) but gives no reasoning making it impossible to
audit or dispute. When the MLLM is asked to provide reasoning with chain—of-
thought (COT) it produces a detailed rationale which is internally consistent,
yet it anchors on the most visually prominent context, school uniforms, and
concludes that the image is safe (wrong conclusion).

Computational argumentation offers a natural formalism for this gap. Argu-
mentation frameworks represent reasons for and against a conclusion explicitly
and support deterministic aggregation of conflicting evidence [2I83123]. Prior
work has shown that this paradigm can be applied to text-only LLM verifica-
tion by recasting model outputs as Quantitative Bipolar Argumentation Frame-
works (QBAFSs), yielding decisions that are both explainable and formally con-
testable [I0]. Building on this idea, we introduce ArgMLLMs, an argumentative
method for multimodal safety classification. Given an image and a target claim,
the underlying MLLM generates supporting and attacking arguments together
with intrinsic confidence scores; these are assembled into a QBAF and resolved
with DF-QuAD [323]. With our approach the image in Figureis correctly clas-
sified as unsafe due to its bipolar structure which forces the model to find and
articulate the explicit panel even when the attacker anchors on school uniforms.

We evaluate different variations of ArgMLLMs on two multimodal safety-
classification settings, three MLLM backbones and compared against direct
MLLM questioning, and MLLM CoT. Our findings show that ArgMLLMs matches
or outperforms CoT in all but one setting, reaching up to 0.97 accuracy on the
200-image benchmark (AS-B) compared to 0.94 for CoT, and up to 0.99 on
the larger 2000-image (AS-H) dataset. The improvement is most pronounced
for weaker backbones: LLaVA-v1.6 improves from 0.86 (CoT) to 0.93 on AS-B.
Beyond predictive performance, the structured QBAF enables argument-level
inspection of every decision, and our contestability analysis shows that all erro-
neous verdicts are correctable through targeted interventions—without resam-
pling or re-querying the model.

In summary, this paper makes three contributions:

— We introduce ArgMLLMs, an argumentative method that extends argumen-
tative LLM reasoning from the text-only setting to multimodal safety clas-
sification.

— We instantiate multimodal safety judgment as a QBAF whose supporting
and attacking arguments are generated by an MLLM and whose final decision
is computed deterministically with DF-QuAD.

— We show empirically that this argumentative reformulation remains compet-
itive with multimodal CoT on safety classification while providing a struc-
tured object for argument-level inspection and contestation.
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2 Related Work and Background

2.1 Safety judges for multimodal generation

Many safety interventions for text-to-image systems ultimately depend on judg-
ing the generated output. Earlier approaches often relied on filters or specialized
classifiers, while more recent work uses vision-language models and MLLMs as
judges for policy violations [I3I33IT9T2I37I39]. This shift is useful because mul-
timodal judges can condition their decisions on broader visual context rather
than only on low-level patterns or narrow label spaces. However, richer judges
do not automatically yield richer reasoning: a label alone is not auditable, and a
free-form rationale is not yet a structured object whose parts can be selectively
challenged and recomputed.

2.2 CoT, faithfulness, and contestability

A standard way to make LLM and MLLM outputs more interpretable is Chain-
of-Thought (CoT) prompting, which asks the model to produce intermediate
textual reasoning before the final answer [34138]. While such rationales can im-
prove readability, they do not guarantee that the rationale is faithful to the
basis of the decision [3I]. In multimodal settings, this issue is compounded by
failures of visual grounding, including object hallucination and over-reliance on
language priors inconsistent with the image [17]. For safety judgment, this mat-
ters because policy decisions may be borderline, subjective, or require post-hoc
correction. Prior work therefore argues that explanation alone is insufficient in
such settings and that systems should also support contestability, i.e., the ability
to dispute a decision and the reasons underlying it [T4UT6].

2.3 Argumentative reasoning and QBAF's

Computational argumentation provides a natural formalism for explicit and con-
testable reasoning. At a high level, it represents reasons for and against a con-
clusion and evaluates them under a formal semantics [2I8]. In a bipolar argu-
mentation framework (BAF),

B= (AR ,R"),

A is a finite set of arguments, R~ C Ax A is an attack relation, and RT C Ax Ais
a support relation, with R-NRT = @ [7]. A Quantitative Bipolar Argumentation
Framework (QBAF) extends a BAF with a base-score function,

Q = <A7R_7R+7T>7

where 7 : A — [0, 1] assigns each argument an intrinsic strength [3]. A gradual
semantics then computes a final, or dialectical, strength for each argument by
combining its intrinsic strength with the influence of its attackers and supporters.
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In this paper we use DF-QuAD [23] and write og(«) for the resulting strength
of argument « in Q.

This formalism is directly relevant to our setting. Recent work has shown
that text-only LLM outputs can be recast as QBAFSs, yielding decisions that
are both explainable and formally contestable [I0]. We build on this idea in the
multimodal setting. Let V' denote an image and c a target safety claim about
that image. Following the standard argumentative decomposition, our method
comprises three stages:

I((Vie),M,0) = B, E(B,(V,e),M) = Q,  3(c,Q,0"") = 0q(c),

where ' generates supporting and attacking arguments with an MLLM M,
FE assigns intrinsic strengths to obtain a QBAF, and X evaluates the resulting
structure with DF-QuAD. The final safety decision is derived from the dialectical
strength of the root claim, og(c).

3 The ArgMLLMs Method

We instantiate the argumentative decomposition introduced above for multi-
modal safety classification. Let V' denote an input image and let ¢ denote a
target safety claim about that image, e.g., “this image should be classified as un-
safe”. Our goal is to determine the final dialectical strength o (c) of this claim by
constructing and evaluating a Quantitative Bipolar Argumentation Framework
(QBAF) rooted at c.

Concretely, the method comprises three stages. First, argument generation
constructs a bipolar argumentation framework

r(v,e),M,0) — B,

where M is the underlying MLLM and 6 specifies the structure of the generated
debate. Second, intrinsic strength attribution enriches the resulting BAF with
base scores

E(B,(V,c),M) = Q,

yielding a QBAF in which each generated argument is assigned an intrinsic
strength conditioned on the image and the target claim. Third, argumentative
strength calculation applies DF-QuAD to compute the final strength of the root
claim:

(e, Q,a"T) = aq(c).

This separation is central to the method. The MLLM proposes candidate rea-
sons and estimates their intrinsic strengths, but the final safety decision is not
taken directly from a free-form model output. Instead, it is computed determin-
istically from the explicit argumentative structure of the QBAF. As a result, the
generated reasoning can be inspected at the level of individual arguments, and
modifications to arguments, relations, or intrinsic strengths can be propagated
to the final decision in a principled way.
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3.1 The ArgMLLMs Algorithm

The method is defined generally and permits recursive expansion of supporting
and attacking arguments. Starting from the root claim ¢, generated arguments
may themselves be further supported or attacked, yielding a rooted argumen-
tative structure whose depth and branching are controlled by the structural
parameter 6. This recursive construction belongs to the argument-generation
stage I'; intrinsic strength attribution £ and argumentative strength calculation
XY are then applied to the resulting structure.

Algorithm [I] summarizes this construction. The recursive procedure BUILD-
BAF first generates a bipolar argumentation framework

B= (AR ,R")

rooted at the target claim. The intrinsic-strength attribution stage then converts
B into a QBAF
Q = <A7R_7 R+7T>a

which is finally evaluated with DF-QuAD to obtain og(c).

Algorithm 1: Recursive construction and evaluation of the argumen-
tative structure in ArgMLLMs

Input: Image V, target claim ¢, MLLM M, structural parameters
0 = (Dmax, - - )
Output: Final claim strength og(c)
Function BuildBAF(V, o, d):
add node a to A
if d < Dpax then
foreach ¢ € {support, attack} do
o' + GENERATEARG(M,V, a,t)
if o/ # @ then
if ¢t = support then
| add (¢/,a) to R*

else
| add (o/,a) to R~
end
BuildBAF(V,a/,d + 1)
end
end
end

initialize A < (), R~ < 0, RT « ()
BuildBAF(V, ¢, 0)

B+ (A/R™,R") // Argument generation
Q <+ E(B,(V,c¢),M) // Intrinsic strength attribution
oq(c) « (¢, Q,oPT) // Argumentative strength calculation

return og(c)
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Figure [2illustrates the resulting pipeline. Given an image and a target safety
claim, the MLLM first generates supporting and attacking arguments, then as-
signs intrinsic strengths to these arguments, and finally the resulting QBAF is
evaluated with DF-QuAD to obtain the final claim strength.

D @ D @ ~
Stage I: Multimodal Input Stage II: Neuro-Symbolic Stage III: Structured QBAF
& Visual Grounding Argument Generation (MLLM) Mapping & Deterministic Evaluati

Claim: A man playing with a baby
while talking on the phone.

( Bipolar Argumentation Tree (QBAF) |

Support Ar
Co

@4: The man's focus is
.5 entirely on the phone
call, suggesting no
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Target: Contradiction

i 7(a1) = G(V, ay) = 0.85
: (High visual ali score for phone |ljse)4

P[ MLLM Generator ]——P

l DF-QuAD
: Attack Ar to Semantics

Contradiction (¢g¢:) ’[azz The man is holding
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2(@z) = G(V, a3) = 0.40 \fvhich ;night imply a Final Strength of Claim c: o (c) = 0.72
(Ii(')w bj £ ive \I'iS\f?l o ofplay; Decision: g(c) > 0.5 - CONTRADICTION
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Explicit manifestation of internal modality arbitration ull logical fai
Continuous visual features V and query c. RpUcH dality 5 and contestability via deterministic
into bipolar arguments anchored to image regions. ion, cutting off g

Fig. 2: Overview of the ArgMLLMs pipeline. Given an image and a target safety
claim, the MLLM generates supporting and attacking arguments, assigns them
intrinsic strengths, and the resulting QBAF is evaluated with DF-QuAD to
obtain the final decision.

3.2 Multimodal Argument Generation and Visual Conditioning

Argument generation returns a bipolar argumentation framework for the target
claim:
[((V,e), M,0) — B = (A, R™, R¥).

Here, A is the set of generated arguments, R~ is the attack relation, and R*
is the support relation. In our setting, each argument is generated conditionally
on both the image V and the target claim ¢, so that the resulting debate is
explicitly multimodal.

Following the argumentative formulation of ArgLLM [I0], we prompt the
MLLM to produce reasons both for and against the target claim. The difference
in our setting is that these reasons must be grounded in multimodal input. Thus,
each generated argument is intended to capture a safety-relevant claim about
the image rather than a purely textual counter-claim.

The structural parameter 6 controls the shape of the generated debate, in-
cluding its depth and branching. Starting from the root claim ¢, the model may
generate supporting and attacking arguments directly connected to ¢, and may
recursively expand those arguments further. This yields a rooted argumentative
structure that can represent both shallow and deeper debates within the same
formalism.
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3.3 Intrinsic Strength Attribution
The second stage assigns intrinsic strengths to the generated arguments:
E(B,(V.c),M) » Q= (A, R™,R*,T).

Here, 7 : A — [0, 1] assigns each argument o € A an intrinsic strength 7(a).
In our setting, this value represents the model’s assessment of the force of argu-
ment o with respect to the image and the claim, prior to aggregation under the
support/attack structure of the debate.

Operationally, we use the same underlying MLLM as an evaluative compo-
nent. For each generated argument, the model is prompted to assess how strongly
that argument supports or attacks its parent claim in the context of the image.
The resulting output is mapped to a score in [0, 1], which becomes the intrinsic
strength of that argument in the QBAF.

This stage preserves the distinction between generation and evaluation: the
model first proposes candidate reasons and then assigns them base scores. The
root claim ¢ remains the distinguished node of the debate, and its final assessment

is determined by aggregating the generated supporting and attacking arguments
under DF-QuAD.

3.4 Deterministic Argumentation Evaluation

The final stage computes the dialectical strength of the target claim by applying
gradual argumentation semantics to the QBAF:

2(c,Q,0"") = aq(0).

We instantiate o”¥ with DF-QuAD [23], which deterministically combines in-
trinsic strengths with the support and attack structure of the graph. The result
is a dialectical strength og(c) € [0, 1] for the root claim.

For safety classification, this continuous strength is thresholded to obtain a
binary decision. Crucially, the final decision is not emitted directly by the MLLM
as a free-form answer. Instead, it is computed from the explicit argumentative
structure induced by the generated reasons and their intrinsic strengths. This is
the key distinction from direct questioning and Chain-of-Thought (CoT) base-
lines: in ArgMLLMs, the final judgment is tied to an explicit reasoning object
rather than an unstructured textual rationale.

4 Experimental Setup

We design our experiments to evaluate the safety classification performance of
ArgMLLMs. We test it across different multimodal reasoning scenarios. We also
evaluate its contestability guarantees.
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4.1 Datasets and Evaluation Tasks

To evaluate the robustness of ArgMLLMs across diverse safety scenarios, we
construct two benchmark datasets with different scale and distribution.

AS-B (Arg-Safety-Balanced): This dataset is a curated subset of the Alexan-
dria University NSFW Detection Dataset [I]. It consists of 200 high-quality im-
ages. The distribution is balanced (100 SFW and 100 NSFW). The SFW com-
ponent includes samples from the neutral and drawings categories representing
common daily objects and digital art. The NSFW component is derived from
the hentai and porn categories and it contains subtle artistic depictions, explicit
nudity and sexual acts.

AS-H (Arg-Safety-Hybrid): The Arg-Safety-Hybrid dataset contains 2,000
images and it is designed to test the model’s performance on highly diverse
backgrounds.

— NSFW Samples (1,000 images): We sample 1,000 explicit images from
a large-scale nudity dataset. This is consistent with the distributions found
in the LATON-NSFW subset [29]. These images focus on pure nudity and
explicit sexual content.

— SFW Samples (1,000 images): We sample 1,000 images from the Mi-
crosoft COCO 2017 validation set [I8]. This provides a complex and non-
adversarial contrast. These images represent diverse natural scenes and ev-
eryday objects. They serve as a robust baseline to evaluate the model’s
false-positive rate.

4.2 Prompting Strategy and Rationale

The design of our prompting mechanism is grounded in the principles established
by ArgLLMs [I0]. We adapt these principles to the multimodal domain. This
ensures that the generated arguments are both bipolar and visually grounded. All
prompt templates used in our experiments are presented compactly in Figure [3]

Forced Bipolarity in Generation (I'): LLMs excel at generating counter-
narratives when explicitly constrained. Following this rationale, our generation
prompt forces the MLLM to act as either a supporter or an attacker. We uti-
lize grammatical templates to ensure linguistic coherence across recursive levels.
Crucially, we introduce a visual gatekeeping instruction. The model must only
provide an argument if there is a ”valid and convincing” reason based on ”visual
evidence.” If no such evidence exists, the model returns ”N/A.” This mechanism
severs the tendency of MLLMs to hallucinate reasons based purely on textual
priors.

Zero-Shot Strength Attribution (£): Argument quality is best assessed
through task-specific utility rather than human-machine rating alignment. In
line with this philosophy, we use the MLLM as a zero-shot evaluator. The model



10 T. Ma et al.

is prompted to output a confidence score between 0% and 100%. This score
is based on how well an argument refutes or supports the parent claim given
the image. We enforce a strict JSON output format to ensure deterministic
processing. This confidence score is then mapped to the intrinsic strength 7. It
acts as a structural weight in the QBAF.

1. Argument Generation (I")

You are a visual AI analyst reasoning about visual evidence. Please provide

a single short argument {action,ing} the following claim based on the image.
Construct the argument so it refers to the truthfulness of the claim. Only pro-
vide an argument if you think there is a valid and convincing {action_noun} for
this claim (there is a non-zero probability that the claim is true based on the
visual evidence), otherwise return: N/A. Claim: {claim}. Now take a deep breath
and come up with an argument. Argument:

2. Strength Attribution (&)

You are a visual AI evaluator judging the logical validity of arguments based

on an image. Argument: "{argument}". Please give your confidence that the argu-
ment presents a compelling case {action_prep} the following claim based on the
visual evidence: Claim: "{claim}". Your assessment should be based on how well

the argument supports or refutes the considered claim given the image, as well
as the correctness, accuracy and truthfulness of the given argument. Your re-
sponse should be between 0% and 100% with 0% indicating definitely invalid, and
100% indicating definitely valid. Output strictly as JSON: {"confidence_score":
<int 0-100>, "reason": "..."}

3. Estimated Confidence Baseline (Est)

You are a visual AI assistant analyzing an image to verify a claim. Claim:
”{claim}“. Task: Determine if the image supports or contradicts the claim based
on visual evidence. Please provide your confidence score that the image sup-
ports the claim. Your response must be between 0 and 100. Requirement: Output
ONLY a single integer number. Do NOT include any explanations, symbols (like
%), or extra words.

Fig. 3: Prompt templates used in our experiments. Dynamic variables are high-
lighted in {bold braces}.

4.3 Implementation and Baselines

We deploy three different MLLM backbones. We use Qwen2.5-VL [32], InternVL2.5,
and LLaVA-v1.6. This tests the robustness of our framework. The experiments
are conducted on NVIDIA A100 GPU clusters within a Linux environment. We
implement a semaphore-based parallel request system. This manages computa-
tional load and prevents memory overflow.

We compare ArgMLLMs against three primary baselines:

1. Direct Questioning (DQ): The model provides a binary answer without
intermediate reasoning.
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2. Estimated Confidence (Est. Confidence): The model directly outputs
a numerical confidence score for the claim based on the image.

3. Multimodal Chain-of-Thought (CoT): The model generates a tradi-
tional unstructured reasoning sequence [34].

We evaluate two variations of ArgMLLMs. The first variation is 0.5 Base Arg.
It removes the dynamic visual scoring. It assigns a fixed intrinsic strength of 0.5
to all arguments. The second variation is Est. Base Arg. This is the complete
framework with dynamic visual scoring. We fix the argumentation tree depth to
D =1 for all variations and experiments in this paper. D = 1 means we generate
parallel arguments for the root claim. All final decisions are computed using the
DF-QuAD algorithm. We use a decision threshold of 0.5.

4.4 Research Questions

To evaluateArgMLLMs we focus on three research questions:

e RQ1: How effective is ArgMLLMs in identifying NSFW images and how does
it compare against the baselines?

e RQ2: What is the impact of the initial score assigned to the input safety
claim?

e RQ3: What are the sources of errors and are they contestable?

5 Results and Discussion

Here we present our evaluation results aiming to answer our research questions.

5.1 Safety Classification Performance

Table [I] reports the accuracy on the two safety-classification benchmarks. The
Est. Base Arg variation of ArgMLLMs achieves very strong results. On the 200-
Img dataset, this variation of our method outperforms Chain-of-Thought (CoT).
For example, Qwen2.5-VL gets 0.97 with our Est. Base Arg method. CoT only
gets 0.94. LLaVA-v1.6 improves from 0.86 to 0.93. This shows that the bipolar
argumentation structure handles complex cases better. The forced debate process
is better than free-form rationales.

There is another pattern in Table [I} On the 2000-Img dataset, simple base-
lines like DQ can get very high scores. DQ reaches 0.99 on Qwen2.5-VL. The Est.
Base Arg variation of ArgMLLMs also maintains high accuracy here. It scores
0.98 on Qwen2.5-VL and 0.99 on LLaVA-v1.6. DQ and CoT return a simple label
or a free-form rationale. They do not support structural corrections. Our method
gives competitive accuracy. Our method also produces a structured QBAF. The
nodes in the QBAF can be individually inspected. Our contestability analysis in
Section shows this advantage.



12 T. Ma et al.

Table 1: Classification accuracy of three baselines and two variations of ArgM-
LLMs on the two safety benchmarks. We evaluate across three different MLLM
architectures. Bold indicates the best result per dataset for each model.

Model Dataset Direct Est. Chain-of-|0.5 Base Est. Base
Question Confidence Thought Arg Arg
Quen2SVLICH  ggg  os 0w | oes oo
WeenVZS \CH gar oer  ose | ond oo
T

5.2 Impact of Base Score Estimation

In Table [I} we compare two variations of ArgMLLMs: 0.5 Base Arg and Est.
Base Arg. The main difference between these two variations is how the initial
score is assigned to the root node (the input safety claim).

In the 0.5 Base Arg setting, the input claim is assigned a neutral score of
0.5. This means the final safety judgment is solely determined by the remaining
arguments generated in the QBAF. In contrast, the Est. Base Arg variation uses
the MLLM to directly evaluate the claim and assign an initial confidence score
to it.

The experimental results show that the accuracy drops significantly when
using 0.5 Base Arg for some MLLMs. For example, on the 200-Img dataset, the
accuracy of LLaVA-v1.6 drops from 0.93 to 0.58. InternVL2.5 also drops from
0.96 to 0.64. This performance gap is consistent with the trend observed in the
text-only ArgLLMs. However, this gap is significantly amplified in our safety—
focused multimodal tasks. This result reflects a limitation of current MLLMs in
the multimodal debate generation process. When the model is forced to make
decisions relying only on the generated arguments (the 0.5 Base setting), the
model input includes the text of the parent arguments. This causes the model’s
attention to anchor too much on the textual information of the arguments and
lose track of the overall global information of the image. As a result, the gener-
ated arguments sometimes deviate from the true visual details.

The introduction of the Est. Base Arg mechanism strictly improves perfor-
mance. Using the MLLM’s direct visual evaluation ability to provide an esti-
mated base score can act as a global visual prior. This mechanism effectively
compensates for the bias caused by the model’s over-reliance on text during the
pure argument generation process.

5.3 Contestability

A key property of ARGMLLMS is that every misclassification is contestable:
the QBAF tree exposes the specific argument responsible for the wrong verdict,
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Fig.4: Contestability on a false negative due to supporter collapse. The
supporter S (7=0.0) completely fails to surface the production context, while
attacker A (7=0.7) correctly notes no explicit nudity, driving 0=0.15 (wrong
SFW verdict). Reducing the attacker’s 7 alone cannot flip the verdict above 0.5.
A human moderator adds a new supporter S* (7=0.8) grounded in the pro-
duction context (staging, lighting, watermark); DF-QuAD recomputes 0=0.55
(NSFW V). Orange dashed border: contested/added node.

and a human moderator can intervene at that node and obtain a determinis-
tic correction via DF-QuAD. ARGMLLMS inherits two formal guarantees from
ARGLLMs [I0]: (A) base-score contestability—reducing (resp. increasing)
an argument’s 7 monotonically decreases (resp. increases) o of the root—and
(B) relation contestability—adding a supporter (resp. attacker) monotoni-
cally increases (resp. decreases) o. Because DF-QuAD satisfies both properties,
any intervention is deterministic and modular, propagating through the tree in
a predictable, auditable way.

Empirical analysis. On the 200-image dataset ARGMLLMS (0.5 Base Arg) pro-
duces 12 misclassifications: 1 false negative and 11 false positives. Table 2 groups
every case by failure pattern and shows the minimum intervention required to
flip the verdict.

The sole false negative (¢=0.15) is a photographic frame from an adult film
production depicting three individuals in a kitchen (Figure[4). No explicit nudity,
sexual organs, or sexual acts are visible; the NSFW ground-truth label is justified
by the production context (there is a visible adult film production logo) and
subtle sexual innuendos rather than by any single pixel region. ARGMLLMs—
and all baselines— predicted SFW. The model’s supporter in this case collapsed
to 7=0.0. It described the kitchen scene accurately but then concluded there was
no explicit content, assigning itself 7 = 0.0 effectively arguing against the NSF'W
claim, which is the opposite of its role, leaving the attacker (7 = 0.7) unopposed.
Base-score contestability alone cannot flip this verdict (reducing the attacker to
7=0 still leaves 0=0.5); relation contestability is required—a moderator adds a
new supporter grounded in the overlooked context (7=0.8), raising o to 0.55 and
therefore flipping the verdict to the correct NSFW.

Regarding false positives, all 11 cases are correctable by base-score contesta-
bility alone and fall into four patterns (Table [2). One case was due to factual
hallucination and is depicted in Figure 5| Collapsed attacker cases (n=3) are
structurally the most severe: the model silences its own counter-argument (7=0),
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Before contestation After contestation (67=0.2)
NSFW? NSFW?
0=0.60 0=0.50
XNSFW / SFW
» »
\ \
Jr/ v J:/ v
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S (r=0.9) A (7=0.7) I s (r=0.7) ! A (7=0.7)
Resembles Mice with I Resembles ! Mice with
0033.SFW genitalia fabric I genitalia y fabric

Fig.5: Contestability on a false positive due to factual hallucination.
Supporter S (7=0.9) hallucinates a resemblance between suspended rodents and
human genitalia, dominating attacker A (7=0.7) and yielding 0=0.60 (wrong
NSFW verdict). A moderator contests on factual grounds (animal anatomy #
nudity), reducing 7 by 0.2; DF-QuAD recomputes ¢=0.50 (SFW V). Orange
dashed border: contested node.

Table 2: Contestability summary for all misclassifications (n=12). FN:
NSFW—=SFW; FP: SEFW—SNSEFW. 740 dominant argument’s intrinsic strength.
Method (A): base-score contestability; (B): relation contestability.

Dir. Pattern n o Tdom Intervention
FN Collapsed supporter 1  0.15 0.7(att) (B) Add supporter 7=0.8;
0'=0.55

Collapsed attacker 3  0.85 0.7 (sup) (A
FP Semantic role inv. 4 0.55 1.0(sup) (A
Factual hallucination 1 0.60 0.9 (sup) (A
Borderline policy gap 3 0.60-0.65 0.7-0.8 (sup) (A

Reduce 7—0, 67=0.7
Reduce 7—0.9, 67=0.1
Reduce 7—0.7, 67=0.2
Reduce 7—0.5, 67=0.2-0.3

NI NI NI NG

leaving the supporter unchallenged and requiring a large 7=0.7 to correct. Se-
mantic role inversion cases (n=4) are the most subtle: both arguments argue
SFW in text, yet the supporter’s marginally higher strength (7=1.0 vs. 0.9)
tips o to 0.55; a 7=0.1 adjustment suffices, and the role-content mismatch is
immediately visible in the QBAF. Borderline policy gap cases (n=3) reflect gen-
uine ambiguity—the MLLM correctly describes the image but over-applies the
safety rule—where human judgment on policy scope is the appropriate resolu-
tion. In every case, the correction is computed deterministically by DF-QuAD
from the modified graph, with no resampling or re-querying of the model. This
demonstrates that ARGMLLMS fails transparently exposing the precise argu-
ment source of error, while DQ and CoT fail opaquely, offering no structured
path to correction.

6 Conclusion

We presented ArgMLLMs, an argumentative method for multimodal safety clas-
sification that extends prior text-only ArgLLM-style reasoning to the multi-
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modal setting. Given an image and a target safety claim, ArgMLLMs prompts
an MLLM to generate supporting and attacking arguments, assigns intrinsic
strengths to these arguments, and computes the final judgment by evaluating
the resulting QBAF with DF-QuAD. This yields a decision procedure in which
the final label is derived from an explicit argumentative structure rather than
from an unstructured free-form rationale.

Our results on two multimodal safety-classification settings show that this
argumentative reformulation remains competitive with direct MLLM question-
ing and multimodal CoT, while additionally providing a structured object for
argument-level inspection and contestation.

More broadly, the paper shows that computational argumentation provides
a viable formal layer for multimodal judging, allowing supporting and attacking
reasons to be represented explicitly and aggregated deterministically. This is
particularly relevant in safety evaluation, where judgments may be policy-laden,
subjective, and open to revision.

There are several directions for future work. First, real-world safety and other
visual question answering task benchmark datasets should be used to explore the
benefits of contestability on a variety of harmful cases and tasks. Second, richer
QBAF formulations could better represent uncertainty in argument strength and
varying levels of visual grounding. Third, interactive interfaces for contestation
could make it easier for human moderators to challenge individual arguments
and recompute decisions in practice. We hope this work encourages further study
of contestable multimodal safety evaluation through structured argumentative
reasoning.

7 Ethics Statement

This work studies image safety and therefore involves potentially harmful vi-
sual content. Our experiments use publicly available datasets and curated sub-
sets thereof, including a subset of the Alexandria University NSFW Detection
Dataset, explicit images sampled from a large-scale nudity dataset consistent
with the LAION-NSFW distribution, and safe images from Microsoft COCO
2017. We do not collect new human-subject data or create new unsafe datasets.

To reduce unnecessary exposure, potentially harmful examples in the paper
are redacted and included only when needed to explain the task or method. We
do not redistribute unsafe images beyond what is already available through the
original public sources. Any reuse of the underlying data should remain subject
to the original dataset licenses and terms of use.

The purpose of this work is to improve the transparency and contestability
of safety judgment, not to facilitate unsafe image generation, distribution, or
evasion of moderation systems. We also acknowledge that safety judgments are
policy-dependent and that borderline cases may remain normatively contested
even when the reasoning process is made explicit.
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