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Abstract

Multimodal Stance Detection (MSD) is cru-
cial for understanding public discourse, yet
effectively fusing text and image, especially
with conflicting signals, remains challeng-
ing. Existing methods often face difficul-
ties with contextual grounding, cross-modal
interpretation ambiguity, and single-pass rea-
soning fragility. To address these, we pro-
pose Retrieval-Augmented Multi-modal Multi-
agent Stance Detection (MM-StanceDet), a
novel multi-agent framework integrating Re-
trieval Augmentation for contextual grounding,
specialized Multimodal Analysis agents for nu-
anced interpretation, a Reasoning-Enhanced
Debate stage for exploring perspectives, and
Self-Reflection for robust adjudication. Ex-
tensive experiments on five datasets demon-
strate MM-StanceDet significantly outperforms
state-of-the-art baselines, validating the effi-
cacy of its multi-agent architecture and struc-
tured reasoning stages in addressing complex
multimodal stance challenges.

1 Introduction

Stance detection, the task of identifying the atti-
tude or opinion expressed in text towards a specific
target, is a crucial task for understanding public dis-
course on various platforms, from social media to
news articles (Mohammad et al., 2016; Augenstein
et al., 2016). Early research primarily focused on
analyzing unimodal textual content. However, with
the prevalence of multimedia content online, users
frequently express opinions and stances through a
combination of text and images(Liang et al., 2024a).
This necessitates the development of Multimodal
Stance Detection (MSD) methods that can effec-
tively interpret and fuse information from different
modalities.

Owing to the remarkable achievements of deep
learning in diverse application domains (Zeng et al.,
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2024; Lu and Yin, 2025; Cui et al., 2025), an in-
creasing number of studies have integrated deep
learning models into MSD task.

Initial approaches often relied on fusing fea-
tures extracted from independent text and image en-
coders, like concatenating BERT embeddings with
CNN features. For instance, Barel et al. (2024)
show that augmenting content embeddings with
structural social context yields large performance
gains. More recently, Vision-Language Models
(VLMs) (Zhang et al., 2024a; Li et al., 2025a)
and Multimodal Large Language Models (MLLMs)
(Wu et al., 2023; Caffagni et al., 2024; Wei et al.,
2025a) have demonstrated impressive capabilities
in understanding cross-modal relationships at many
tasks (Lu and Li, 2026; Lu et al., 2025b). Frame-
works like Targeted Multi-modal Prompt Tuning
(TMPT) (Liang et al., 2024a) have shown the
effectiveness of adapting pre-trained models us-
ing target-specific prompts to capture multimodal
stance features. Researchers have also begun ex-
ploring the use of MLLMs directly, leveraging their
emergent reasoning abilities for multimodal tasks
(Vasilakes et al., 2025).

Despite these advancements, effectively perform-
ing robust multimodal stance detection, especially
in complex or nuanced scenarios involving con-
flicting multimodal signals, remains challenging.
Specifically, existing methods often face the fol-
lowing key challenges:

* Contextual Grounding Void: Without ac-
cess to relevant, concrete examples, LLMs
can struggle with complex, domain-specific,
or subtle multimodal cues. Relying solely on
internal knowledge or general few-shot ex-
amples might lead to misinterpretations and
sub-optimal stance predictions, particularly
when the multimodal signals are ambiguous
or require nuanced understanding influenced
by similar past instances(Lang et al., 2025;
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Xu et al., 2025).

¢ Cross-Modal Interpretation Ambiguity:
While MLLMs can process multiple modal-
ities, synthesizing potentially conflicting or
complementary information into a coherent,
reliable stance remains difficult. Recent work
shows that a pronounced gap between vi-
sual and textual representations makes mod-
els prone to hallucinate or overlook cross-
modal conflicts (Jiang et al., 2024; Zhong
etal.,2024). Zhang et al. (2024c¢) further quan-
tify large cross-modal inconsistencies in GPT-
4V and other state-of-the-art MLLMs, while
Hua et al. (2024) demonstrate that even pow-
erful VLM struggle to detect and correct fine-
grained image-text mismatches—evidence
that simply presenting raw multimodal inputs
seldom triggers the modality-specific reason-
ing needed to resolve such ambiguities.

* Single-Pass Reasoning Fragility: Directly
prompting LLMs for a final stance in a single
step can be prone to errors, especially when
faced with complex or contradictory evidence.
Lacking a structured process for exploring al-
ternative interpretations, evaluating evidence
from different angles, and refining initial con-
clusions makes the reasoning process less ro-
bust and transparent, increasing the risk of
incorrect predictions based on superficial anal-
ysis(Zhang et al., 2024b; Li et al., 2024).

To address these challenges, we propose
MM-StanceDet (Retrieval-Augmented Multi-
modal Multi-agent Stance Detection), a novel
framework that leverages a multi-agent architec-
ture and reasoning-enhanced processes for robust
multimodal stance detection. MM-StanceDet
systematically processes multimodal input through
four collaborative stages: First, the Retrieval
Augmentation Stage grounds the analysis by
retrieving relevant few-shot examples from a
database, providing concrete contextual references.
Second, the Multimodal Analysis Stage employs
specialized agents to dissect the input from textual,
visual, and cross-modal conflict perspectives.
Third, the Reasoning-Enhanced Debate Stage
simulates a debate among agents representing
different stances, forcing explicit argumentation
based on the multimodal analysis. Finally, the
Self-Reflection and Adjudication Stage critically
evaluates the debate outcomes and intermediate

analyses to reach a final, well-justified stance
prediction.
The main contributions of this paper are:

* We propose MM-StanceDet, a novel multi-
agent framework designed for robust mul-
timodal stance detection by integrating
retrieval-augmented analysis, specialized mul-
timodal interpretation, reasoning-enhanced
debate, and critical self-reflection.

* We demonstrate the effectiveness of the Re-
trieval Augmentation stage in providing valu-
able context, the Multimodal Analysis stage
in capturing nuanced unimodal and cross-
modal signals, and the Reasoning-Enhanced
Debate and Self-Reflection stages in refining
the decision-making process against complex
evidence.

* We conduct extensive experiments on five
widely used multimodal stance detection
datasets, showing that MM-StanceDet signifi-
cantly outperforms state-of-the-art baselines.
Through comprehensive ablation, robustness,
and qualitative studies, we validate the contri-
bution of each proposed component and char-
acterize the framework’s behavior.

2 Related Work

2.1 Multimodal Stance detection

Initial stance detection research primarily analyzed
textual data (Mohammad et al., 2016; Augenstein
et al., 2016). With the proliferation of multimedia
content, focus shifted towards multimodal stance
detection (MSD). Liang et al. (2024a) made sig-
nificant strides by creating dedicated text-image
stance datasets based on public benchmarks and
proposing the Targeted Multimodal Prompt Tuning
(TMPT) framework. Building on this, researchers
explored incorporating richer contextual signals,
such as user interactions in specific domains (Kuo
et al., 2024) and the dynamics of multi-turn con-
versations (Niu et al., 2024), often employing Mul-
timodal Large Language Models (MLLMs). Vasi-
lakes et al. (2025) systematically evaluated vari-
ous Vision-Language Models (VLMs) for multi-
modal and multilingual stance detection, highlight-
ing their capabilities and tendency to rely heavily
on textual cues, including in-image text. However,
effectively fusing potentially conflicting or comple-
mentary information across diverse modalities to
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achieve robust stance predictions remains a signifi-
cant challenge.

2.2 Multi-Agent System

Research increasingly employs multi-agent sys-
tems for reliable truth and stance determination.
Early frameworks utilized multi-agent debate to en-
hance general LLM reasoning and factuality (Liang
et al., 2024b; Lu and Cui, 2026; Du et al., 2023;
Chan et al., 2023; Li et al., 2025b; Li and Lu, 2026;
Wei et al., 2025b). This paradigm was adapted
for text analysis, where agents with distinct roles
(Lan et al., 2024) or diverse perspectives derived
from labeling criteria (Park et al., 2024) debate to
determine stance or detect hate speech. Concur-
rently, approaches like Liu et al. (2024) focused on
trustworthy text-based fake news detection through
logic-based dual-systems. While agent pipelines
have been explored for multimodal misinformation
(Wu et al., 2025; Zeng et al., 2026, 2025), explic-
itly leveraging multi-agent debate simulations for
multimodal stance detection has seen limited prior
research.

3 Methodology

In this section, we present our novel multi-agent
framework, MM-StanceDet, designed for robust
multimodal stance detection. The framework oper-
ates in four sequential stages: Retrieval Augmen-
tation, Multimodal Analysis, Reasoning-Enhanced
Debate, and Self-Reflection and Adjudication. This
structured approach allows for systematic informa-
tion gathering, specialized analysis, collaborative
reasoning, and critical self-assessment to determine
the stance expressed in a multimodal post towards
a specific target. Figure 1 illustrates the overall
workflow of MM-StanceDet.

3.1 Problem Definition

Given an input instance « = (I, T, K'), which com-
prises an image I € Z, associated text " € T,
and a specific target K € K, the objective is to
determine the stance expressed towards K. The
output is a discrete stance label y drawn from the
set Voum = {1,0,—1}. These numerical labels
correspond to the stances of Support (y = 1), Neu-
tral (y = 0), and Oppose (y = —1), respectively,
indicating agreement, impartiality/lack of stance,
or disagreement towards the target /. Our goal is
thus to learn a mapping function:

§=rITK) (1)

such that the prediction § = f(I, T, K) accurately
reflects the true stance y by effectively leveraging
information from different modalities.

3.2 Retrieval Augmentation Stage

Drawing upon principles from retrieval-augmented
generation (RAG) (Lewis et al., 2020) , our Re-
trieval Augmentation Stage aims to provide contex-
tual few-shot exemplars for reasoning. Specifically,
we build a vector database D where each entry
e; = (3,7}, Kj,y;,C}) contains an instance, its
stance y;, and a pre-generated Chain-of-Thought
(CoT) reasoning C;. The CoT, produced by an
MLLM, explains the stance y; with a focus on
modality (visual /;, textual 77) alignment regard-
ing the target K;. We use CLIP(Radford et al.,
2021) to vectorize instances, combining image and
text embeddings into a single vector v;. For a query
instance x = (I, T, K) with vector v computed
likewise, we retrieve the top-k nearest neighbors
from D via ANN search based on vector similarity:

Eretrieved = ANN(V, D, k) = {enp ) enk} 2)

These retrieved exemplars Eegieved, particularly
their CoT reasoning C;, inform subsequent stages.

3.3 Multimodal Analysis Stage

This stage employs a suite of specialized agents
to dissect the input instance x = (I, 7, K) from
different perspectives, leveraging the original data
and potentially the retrieved examples Eerieved-

3.3.1 Text-Analysis Agent

This agent focuses exclusively on the textual modal-
ity 7' in relation to the target K. Its objective is to
identify and extract key linguistic features pertinent
to stance determination.

Atext = Atext(T7 K) (3)

The output Ay is a structured analysis encom-
passing identified keywords, salient phrases or sen-
tences, sentiment polarity (both explicit and im-
plicit), detection of potential sarcasm or irony, and
assessment of topic relevance concerning K.

3.3.2 Image-Analysis Agent

This agent analyzes the visual modality I for cues
relevant to the target K. It aims to interpret the
visual narrative and its potential implications for
the expressed stance.

Aimage = Aimage(Iv K) (4)
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Figure 1: Overview of the proposed MM-StanceDet framework

The output Ajpage includes descriptions of relevant
visual objects, the overall scene context, inferred
emotions from depicted individuals (if any), conno-
tations suggested by color palettes or composition,
and the interpretation of symbolic elements poten-
tially related to K.

3.3.3 Modality-Conflict Agent

This agent specifically assesses the interplay be-
tween the image I and text 7" with respect to the
target K. Its primary function is to detect poten-
tial inconsistencies, contradictions, or synergistic
reinforcements between the modalities. This agent
leverages the retrieved CoT examples from Eretrieved
as few-shot prompts to guide its conflict detection
process, drawing on the effectiveness of CoT in
prompting complex reasoning(Wei et al., 2022).

Aconﬂict = Aconﬁict(Ia T7 K, gretrieved) (5)

The output Aconfiict provides an assessment of inter-
modal alignment or divergence regarding the stance
towards K. It may highlight specific conflicting
signals or reinforcing cues, potentially referencing
patterns observed in the retrieved CoT examples
Cj.

3.4 Reasoning-Enhanced Debate Stage

Following the multi-faceted analysis, we introduce
a debate stage where agents representing differ-
ent potential stances argue their case. The util-
ity of such multi-agent debate mechanisms for en-
hancing reasoning and factuality has been demon-
strated in prior work(Liang et al., 2024a; Du et al.,

2023; Chan et al., 2023). We instantiate three
distinct Debater Agents: Agupports Aoppose> and
Apeutral, corresponding to the possible stance la-
bels in Yyum = {1, —1,0}.

Each debater agent A; (where s €
{support, oppose, neutral}) receives the col-
lective analysis results from the previous stage
(Atext, Aimage, Aconflict) along with the original
input z = (I, T, K). The objective of each agent
A is to synthesize the provided information and
construct a coherent argument, Arg,, advocating
for why the instance x expresses the specific stance
s towards the target K.

A’I"gs = AS (I, Ta K? Atext»

Aimage7 Aconﬂict)

(6)
Vs € {support, oppose, neutral }

This stage forces an explicit exploration of the
evidence supporting each possible stance, foster-
ing a more robust reasoning process. The output
of this stage is the set of competing arguments:

{ATQ supports Argopposey AT Gneutral } .

3.5 Self-Reflection and Adjudication Stage

The final stage employs an Adjudicator Agent
(Ajudge) to synthesize the findings and determine
the definitive stance. This agent acts as a meta-
reasoner, evaluating the outputs from the preceding
stages.

First, Ajugge Teceives the competing arguments
{Argsupportv Argoppose, Argneutral} generated dur-
ing the debate. It assesses the coherence and ev-
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idence presented in each argument relative to the
input instance z = (I, T, K') and the initial analy-
Ses (Atexu Aimagea Aconﬂict)-

Crucially, inspired by self-reflection mecha-
nisms(Madaan et al., 2023; Shinn et al., 2023),
the Adjudicator does not simply select the most
persuasive argument. Instead, it performs a critical
self-assessment step. It scrutinizes the generated ar-
guments and the potential conclusion they suggest,
actively looking for inconsistencies, overlooked
modality conflicts (referencing Aconfiict), OF weak
reasoning points. This internal reflection allows
the agent to identify potential biases or flaws in
the arguments presented, similar to how reflection
feedback helps refine strategies in other contexts.

Based on this comprehensive evaluation and crit-
ical self-reflection, the Adjudicator Agent makes
the final stance prediction § € YVyym. Optionally,
it generates a final justification Jgp, explaining the
rationale, ideally incorporating insights from the
self-reflection for improved interpretability. The
overall function is:

U5 Jhinal = -Ajudge (Argsupporty Argopposm AT Gneutral,
€, Atexta Aimagev Aconﬂict)

(N

where the agent implicitly performs the assessment
and self-reflection using all provided inputs before
outputting the final decision. This stage ensures a
robust and well-considered final output ¢ for the
mapping f(I,T, K).

4 Experiments

In this section, we evaluate the proposed
MM-StanceDet framework through comprehen-
sive experiments on publicly available multimodal
stance detection datasets. We compare its perfor-
mance against various state-of-the-art baselines,
conduct ablation studies and robustness analyses,
and provide qualitative case studies to analyze the
contribution of each component.

4.1 Experimental Setup
4.1.1 Datasets

We use the five multimodal stance detection
datasets introduced by (Liang et al., 2024a): Multi-
modal Twitter Stance Election 2020 (MTSE), Multi-
modal COVID-CQ (MccQ), Multi-modal Will-
They-Won’t-They (MWTWT), Multi-modal Russo-
Ukrainian Conflict (MRUC), and Multi-modal Tai-
wan Question (MTWQ). These datasets cover di-

verse domains and targets, providing a compre-
hensive testbed for multimodal stance detection
models. Each instance includes a text, an image,
and a specific target. The datasets were collected
and annotated following the procedures detailed in
(Liang et al., 2024a). We utilize the standard data
splits for both in-target and zero-shot scenarios as
described in (Liang et al., 2024a).

4.1.2 Baselines

We compare MM-StanceDet against a range of
strong baselines from (Liang et al., 2024a), encom-
passing different modeling paradigms:

* Unimodal Baselines: Text-only models
(BERT (Devlin et al., 2019), RoBERTa (Liu
et al., 2019), KEBERT (Kawintiranon and
Singh, 2022), LLaMA2 (Touvron et al., 2023),
GPT-4 (Achiam et al., 2023)) and Vision-only
models (ResNet (He et al., 2016), ViT (Doso-
vitskiy et al., 2021), SwinT (Liu et al., 2021)).

* Multimodal Baselines: Models designed
for multimodal understanding (ViLT (Kim
et al.,, 2021), CLIP (Radford et al., 2021),
BERT+ViT (Devlin et al., 2019; Dosovitskiy
et al., 2021)), and multimodal large models
(Qwen-VL (Bai et al., 2023), GPT-4 Vision
(Hurst et al., 2024), BridgeTower (Xu et al.,
2023) and TASTE (Barel et al., 2024)).

¢ LLM Enhanced & Prompt-based Baselines:
TMPT (Liang et al., 2024a), GPT-4+CoT,
LKI-BART (Zhang et al., 2024d) and MV-
Debate(Lu et al., 2025a).

4.1.3 Evaluation Metrics

Following common practice in stance detection, we
report performance using Macro-averaged F1 score
(Macro F1) across all stance labels (Support/Favor,
Against/Oppose, Neutral/Comment/Unrelated).

4.1.4 Implementation Details

Our proposed MM-StanceDet framework is built
upon large language models. For primary exper-
iments, we utilize gpt-4o0-mini as the backbone
for all agents due to its balance of performance and
efficiency. The vector database for the Retrieval
Augmentation stage is constructed using CLIP em-
beddings (Radford et al., 2021) of the training data.
We retrieve top-k examples, with & as a tunable pa-
rameter (default £ = 3). The debate stage runs for
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a fixed number of rounds (default 3). The source
code is available'.

4.2 Overall Performance

The main results for in-target and zero-shot settings
are presented in Table 1 and Table 2, respectively.
From our analysis, we derive the following key
observations:

¢ (o1) Framework Achieves New State-of-the-
Art Performance. Our proposed framework
consistently and significantly outperforms all
baselines across both in-target and zero-shot
scenarios. This robust performance confirms
the effectiveness of its integrated architecture,
which synergizes retrieval-augmented context
with multi-agent collaborative reasoning.

* (02) Multimodal Reasoning Surpasses All
Text-Centric Methods. A key finding is our
framework’s superiority over strong text-only
baselines, including agent-based models (M V-
Debate) and an adapted structurally-informed
method (TASTE), for which we use retrieved
text as a structural proxy. While these meth-
ods are strong, their performance is inher-
ently capped as they cannot process the vi-
sual modality. Our model’s advantage lies in
its ability to reason about the complex, often
decisive, interplay between image and text.

* (03) Structured Agentic Process Outper-
forms Single MLLMs. MM-StanceDet
consistently surpasses powerful single-pass
MLLMs like GPT-4 Vision and special-
ized methods like TMPT. This proves
the value of our structured agentic pro-
cess—combining explicit analysis, debate,
and self-reflection—over relying on the less
controlled, emergent reasoning of a single
large model.

4.3 Ablation Study

To understand the contribution of each major stage
within MM-StanceDet, we conduct ablation experi-
ments. We compare the full model against versions
where specific stages are removed: (a) w/o RA:
Removing the Retrieval Augmentation stage. (b)
w/o MA: Removing the Multimodal Analysis stage.
(c) w/o RED: Removing the Reasoning-Enhanced

"https://github.com/luweihai/MM-StanceDet

Debate stage. (d) w/o SRA: Removing the Self-
Reflection and Adjudication stage’s critical reflec-
tion mechanism.

Figure 2 shows the average Macro F1 across
all targets for each dataset under different ablation
settings. The results clearly show that removing
any of the proposed stages leads to a performance
drop, validating the importance of each compo-
nent. Removing the Multimodal Analysis (MA)
stage results in the largest performance degrada-
tion, indicating that dedicated, specialized analysis
of modalities and their conflicts is crucial. The
Retrieval Augmentation (RA) stage also provides
a significant boost, demonstrating that ground-
ing the LLM’s reasoning with concrete examples
helps overcome the "Contextual Grounding Void".
The Reasoning-Enhanced Debate (RED) stage con-
tributes by forcing the model to explore different
perspectives, reducing the "Single-Pass Reasoning
Fragility". Finally, the Self-Reflection and Adjudi-
cation (SRA) stage adds a final layer of refinement,
preventing some remaining errors.

4.4 Analysis of Agent Contributions

To further dissect agent contributions, we evaluate
Text, Image, and Modality Conflict agents individ-
ually and combined. Table 3 shows the Text Analy-
sis Agent performs well, while the Image Analysis
Agent is weaker in isolation. The Modality Con-
flict Agent proves crucial within the full model for
capturing nuanced expressions (e.g., irony) by in-
forming the debate, demonstrating our framework’s
comprehensiveness.

4.5 LLM Backbone Robustness

We evaluate the robustness of MM-StanceDet by
testing different multimodal LLM backbones. As
Figure 3 demonstrates, our framework achieves
strong performance regardless of the specific pow-
erful multimodal LLM backbone used, indicating
that the multi-agent architecture itself is an effec-
tive mechanism for stance detection that general-
izes across different high-capacity models.

4.6 Parameter Sensitivity

We analyze the sensitivity of MM-StanceDet to two
key hyperparameters: the number of retrieved ex-
amples (k) in the Retrieval Augmentation stage
and the number of debate rounds in the Reasoning-
Enhanced Debate stage. We conduct this analysis
on the MWTWT dataset, which contains multiple
targets and diverse content. Figure 4 shows the
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MTSE MCCQ MWTWT MRUC MTWQ

MODALITY METHOD DT B CQ CA CE AC AH DF RUS UKR MOC TOC
BERT 4825 52.04 66.57 75.62 60.85 63.05 59.24 81.53 41.25 46.80 57.77 4591
RoBERTa 58.39 60.79 66.57 69.56 65.03 69.74 67.99 79.21 39.52 57.66 55.22 48.88
Texwal  KEBERT 6450 €981 6684 71.67 67.56 69.29 9.74 80.57 4155 59.01 5815 4775
LLaMA2 53.23 52.67 47.40 34.89 41.95 49.09 44.32 30.21 38.84 38.54 55.31 46.51
GPT-4 68.74 66.39 65.84 63.14 65.12 69.93 71.62 52.69 41.64 53.76 58.05 49.81

GPT-4 + CoT  69.12 67.05 66.51 64.01 65.88 70.10 72.05 53.11 42.03 5421 58.48 50.24
MV-Debate 69.45 6691 66.83 64.22 66.03 69.87 72.31 52.95 41.89 54.55 58.71 50.49
LKI-BART 65.23 70.11 67.01 72.01 67.80 69.54 69.92 80.83 41.93 59.31 58.47 48.04

ResNet 37.89 38.59 47.16 39.89 42.20 43.52 37.05 50.34 35.10 40.00 42.02 33.94
Visual ViT 4048 40.42 46.64 46.63 50.00 40.16 46.32 50.86 33.31 39.87 38.63 35.53
SwinT 30.89 40.43 48.80 46.30 46.99 41.02 47.39 51.32 35.01 40.89 35.03 35.47
BERT+ViT 41.86 45.82 61.32 63.20 44.71 56.45 46.85 73.71 39.28 48.41 47.47 40.86
VILT 35.32 48.24 47.85 62.70 56.44 58.06 60.22 73.66 34.62 42.41 44.43 59.51
CLIP 53.22 65.83 63.65 70.93 67.17 67.43 70.86 79.06 44.99 59.86 55.29 40.98
‘Qwen-VL 4331 45.13 5051 43.06 45.49 49.79 46.04 27.73 36.50 40.78 42.14 3934
Murg.  GPT4Vision _ 70.46 7282 6163 4459 47.07 5747 5790 37.61 4483 5642 6672 5690,
modal TASTE 68.14 68.52 67.13 71.55 69.23 70.88 71.91 71.93 45.89 46.12 55.48 5491
BridgeTower 68.53 71.02 71.37 70.18 68.31 67.92 65.44 79.58 43.26 58.19 68.06 55.21
TMPT 5541 61.61 67.67 76.60 63.19 67.25 62.92 81.19 43.56 59.24 55.68 46.82

MM-StanceDet 70.12 73.66 69.71 71.49 68.30 71.93 66.50 67.76 48.34 64.02 68.13 59.63

Table 1: Experimental results (%) of in-target multi-modal stance detection (Macro F1). Best scores are bolded.
Results for baselines and TMPT models are reproduced from (Liang et al., 2024a).

MTSE MWTWT MRUC MTWQ
MODALITY METHOD DT JB CA CE AC AH RUS UKR MOC TOC
BERT 32.52 2997 63.55 61.30 59.18 52.89 22.01 1545 28.04 9.57
RoBERTa 26.60 3221 59.22 5922 64.86 5746 27.10 19.98 30.62 15.84
Textual KEBERT 26.17 31.81 59.70 62.56 63.92 5553 24.68 28.18 29.17 19.80
‘LLaMA2 53.57 53.92 3247 38.37 48.08 46.13  31.86 36.34 51.46 44.10
GPT-4 70.78 68.83 57.19 60.56 65.63 69.01 40.22 49.18 62.10 52.12

GPT-4 + CoT 71.05 69.10 57.52 60.85 6591 69.30 40.55 4945 6240 5241
MV-Debate 7092 6933 57.81 60.67 66.15 69.12 40.81 49.23 62.66 52.18

LKI-BART 2653 32.11  60.37 62.85 6420 5578 24.92 2843  29.54 20.16
ResNet 2552 2970  23.01 24.11 2521 2527 23.88 2557 27.59 24.88
Visual ViT 28.63 29.70  24.59 28.18 34.06 33.40 27.26 2851 29.37 23.69
SwinT 28.54 30.85 2853 2850 35.87 34.33 2544 2454 2790 19.69
BERT+ViT 26.70 31.57 59.21 5930 65.04 59.28 23.33 1521 2476 11.70
ViLT 28.08 29.74 3833 46.00 55.01 4855 21.56 2396 2354 19.18
CLIP 2821 2899 61.08 55.67 63.80 60.06 2562 27.40 27.21 15.69
‘Qwen-VL 47.62 46.14  38.57 4336 47.82 41.01 3695 41.39 4432 44.08

Multi-modal - = - - - - - - - - ---2Z P oo Tt T oI C oo It p i .

TASTE 62.34 63.01 6522 6348 6591 62.77 35.11 3745 42.19 40.88
BridgeTower 69.15 69.88 63.51 61.82 64.93 60.11 39.85 4533 61.59 49.72
TMPT 31.69 32.65 6636 6639 6632 61.56 23.87 24.71 32.18 26.48

MM-StanceDet 67.21 71.03 6524 67.03 68.57 57.86 45.37 55.25 63.02 51.40

Table 2: Experimental results (%) of zero-shot multi-modal stance detection (Macro F1). Best scores are bolded.
Results for baselines and TMPT models are reproduced from (Liang et al., 2024a).
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Figure 2: Ablation study results (Macro F1) across the five datasets. The full MM-StanceDet model is compared
against versions with key stages removed.
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Figure 3: Performance (Macro F1) of MM-StanceDet across different multimodal LLM backbones.

Table 3: Analysis of Individual and Combined Agent
Contributions (Macro F1 %).

Configuration MTSE (DT) MWTWT (AC)
Text Analysis Agent 67.52 63.30
Image Analysis Agent 42.34 57.09
Modality Conflict Agent 55.10 63.51
Text + Image Analysis Agents  68.91 68.37
MM-StanceDet (Full) 70.12 71.93

Sensitivity to Retrieved Examples (MWTWT)

1
70 2
EEN)
5
68 6
&

3 3
Number of Retrievet
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Macro F1 (%)

7
d Examples (k)

Figure 4: Parameter sensitivity analysis of MM-
StanceDet (Macro F1) on the MWTWT dataset. Left:
Performance vs. number of retrieved examples (k).
Right: Performance vs. number of debate rounds.
Shaded areas represent the standard deviation across
targets in MWTWT.

average Macro F1 score on MWTWT test set as a
function of these parameters.

Number of Retrieved Examples (k): As shown
in Figure 4 (Left), increasing the number of re-
trieved examples from & = 0 (no retrieval) to
k = 3 or k = 5 generally improves performance.
This confirms that providing few-shot exemplars
enhances the LLM’s ability to reason about the mul-
timodal input, addressing the "Contextual Ground-
ing Void". Performance seems to plateau or show
slight variance beyond k = 5, suggesting that in-
cluding too many examples might introduce noise
or dilute the impact of the most relevant ones. We
set k = 3 as the default to balance performance
and efficiency.

Number of Debate Rounds: Figure 4 (Right) il-
lustrates the impact of the number of debate rounds.
Starting with a single "round" (where agents just
present initial arguments without explicit turn-
based debate), performance improves as the debate
progresses up to 3-4 rounds. More rounds allow

agents to refine their arguments, counter opposing
views, and synthesize a more robust understanding,
mitigating the "Single-Pass Reasoning Fragility".
Beyond 3-4 rounds, the gains become marginal,
and computational cost increases. We use 3 debate
rounds as the default setting.

4.7 Robustness to Retrieval Noise

A key strength of our framework is its robustness
to imperfect retrieval. To test robustness against
noise, we simulated flawed retrieval by replacing
a percentage of the top-3 exemplars with random
database entries. Table 4 shows that performance
degrades gracefully rather than catastrophically.
This highlights the crucial role of the Reasoning-
Enhanced Debate and Self-Reflection stages in crit-
ically evaluating retrieved information and mitigat-
ing the impact of irrelevant or noisy context.

Table 4: Performance (Macro F1) with simulated re-
trieval noise.

% of Noisy Retrievals MTSE (DT) MWTWT (AC)
0% (Original) 70.12 71.93
10% 69.69 71.10
25% 69.35 70.88
50% 68.92 70.41

5 Conclusion

In this paper, we introduced MM-StanceDet, a
novel multi-agent framework leveraging LLMs
for robust multimodal stance detection. By in-
corporating retrieval augmentation, specialized
multimodal analysis, reasoning-enhanced debate,
and self-reflection, MM-StanceDet effectively ad-
dresses key challenges such as contextual ground-
ing, cross-modal interpretation, and single-pass rea-
soning fragility. Extensive experiments on five
benchmark datasets demonstrate that our frame-
work achieves state-of-the-art performance in both
in-target and zero-shot settings. Ablation studies
confirm the significant contribution of each stage,
while parameter analysis provides insights into
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framework configuration. Furthermore, we show
that MM-StanceDet is robust to the choice of un-
derlying LLM backbone. Future work includes
exploring more sophisticated inter-agent communi-
cation mechanisms and applying the framework to
other multimodal reasoning tasks.

6 Limitations

Despite the strong performance of MM-StanceDet,
several limitations present opportunities for future
work.

* Computational Overhead: The multi-stage,
multi-agent architecture, while robust, natu-
rally incurs higher computational overhead
and inference latency compared to single-
pass models. This characteristic may limit
its deployment in applications requiring near-
instantaneous, real-time responses. However,
as we demonstrate in our detailed analysis
in Appendix A.2, the framework’s inference
speed is efficient and fully viable for a wide
range of practical, non-real-time scenarios.

* Dependence on Backbone LLLM Capabili-
ties: The framework’s efficacy is intrinsically
linked to the underlying capabilities of the
chosen backbone LLM. Inherent limitations,
such as factual inaccuracies or biases, can po-
tentially influence predictions, despite the mit-
igating effects of our reasoning stages.

 Efficacy of Retrieval Augmentation: The
benefits of the Retrieval Augmentation stage
depend heavily on the quality and relevance
of exemplars in the vector database. A lack
of analogous instances or poorly constructed
Chain-of-Thought reasoning can diminish
contextual grounding. Curating and maintain-
ing a high-quality database across diverse do-
mains remains a challenge.
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A Appendix

A.1 Dataset Statistics

To provide comprehensive context for our experi-
mental results, we present the detailed statistics of
the five datasets used in our evaluation in Table 5.
The table details the sample distribution across the
training, validation, and test sets for both in-target
and zero-shot scenarios, broken down by individual
targets.

A key observation from these statistics is the sig-
nificant data imbalance present at multiple levels,
which poses a substantial challenge for model ro-
bustness. Firstly, there is a large variance in the
overall size of the datasets; for instance, the total in-
target training data for MWTWT is nearly an order
of magnitude larger than that for MCCQ. Secondly,
within individual datasets like MWTWT, there
is a notable imbalance in the number of samples
available for different targets (e.g., 'DIS_FOXA’
with 2081 samples vs. ’CI_ESRX’ with only 628).
This heterogeneity creates a challenging and re-
alistic evaluation landscape, requiring models to
perform well across both data-rich and data-scarce
targets. This context is crucial for interpreting the
performance disparities discussed in Section A.3,
particularly when evaluating the generalization ca-
pabilities of our framework against baselines that
may be more sensitive to variations in training data
size.

Table 5: Detailed statistics of the experimental data,
showing the number of samples in the training, valida-
tion, and test sets for each target within the in-target and
zero-shot tasks.

Task Dataset  Target # Train # Valid # Test
DT 1150 170 327

MTSE 15 882 128 250

"MCCQ CQ 934 ~ T 141 ~ 280
777777 CSV_AET = 1216 = 179 1352
CI_ESRX 628 91 180

tareet MWTWT ANTM CI 825 114 238
n-targe AET_HUM 674 97 186
DIS_ FOXA 2081 306 599
777777 RUS ~  ~ 777 11t T 222

MRUC  ykr 756 108 217
777777 MOC =~ =~ 977 140 280

MTWQ 1o 1349 193 386

DT 1114 146 1647

MTSE 5 1434 212 1260
777777 CVS_AET  ~ 5253 = 737 1747
CIESRX 5994 841 899

erostor TVWTANTM CI 5694 804 1177
AET HUM 5884 840 957
777777 RUS ~ = = 7945 = 136 1110

MRUC  ykr 971 139 108l
777777 MOC =~ =~ 1686 ~ 242 1397

MTWQ 1o 1222 175 1928

A.2 Inference Efficiency Analysis

While our multi-agent, multi-stage architecture is
inherently more complex than single-pass models,
we conducted an analysis to quantify its compu-
tational cost and demonstrate its practicality for
real-world applications. Table 6 provides a break-
down of the average token usage and latency for
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each major phase of the MM-StanceDet framework
when processing a single instance, using the effi-
cient gpt-40-mini API as the backbone.

The total processing time per instance is approx-
imately 27 seconds. This level of performance,
while not suitable for applications demanding im-
mediate, sub-second responses (e.g., real-time chat
filtering), is remarkably efficient and well-suited
for a broad spectrum of important, non-real-time
tasks. For example, our framework can be effec-
tively deployed in scenarios such as:

* Offline Content Moderation: Systematically
analyzing large batches of social media posts
to flag content expressing harmful stances to-
wards specific groups or topics.

* Public Opinion and Trend Analysis: Pro-
cessing collected multimodal data to under-
stand public sentiment and stance dynamics
regarding political, social, or commercial tar-
gets over time.

* Academic Research: Facilitating large-scale
studies of multimodal communication and dis-
course.

Therefore, we conclude that the computational
requirements of MM-StanceDet represent a well-
justified trade-off for its significant gains in rea-
soning robustness and accuracy, and its inference
speed is fully capable of meeting the needs of many
realistic application scenarios.

A.3 Analysis of Performance Disparities
Across Datasets

Our experimental results reveal that the perfor-
mance gains of MM-StanceDet are not uniform
across all datasets. The framework’s advantages are
particularly pronounced on certain datasets, which
can be attributed to two primary factors: the de-
gree of multimodal complexity and the scale of the
dataset.

A.3.1 Impact of Multimodal Complexity and
Conflict

A core strength of MM-StanceDet lies in its spe-
cialized agents and debate mechanism, designed
to resolve nuanced or conflicting signals between
text and image. Datasets rich in sarcasm, irony, or
propaganda, where the literal meaning of text is
contradicted or altered by the visual context, are
ideal for showcasing our model’s capabilities.

To quantify this, we manually annotated 200 ran-
dom samples from each dataset to categorize the
relationship between modalities as either Conflict-
ing, Complementary, or Synergistic. As shown in
Table 7, the MRUC dataset exhibits the highest per-
centage of conflicting instances (15%). This high
rate of multimodal dissonance directly aligns with
the significant performance improvement observed
for MM-StanceDet on this dataset. The Modality-
Conflict Agent and the Reasoning-Enhanced De-
bate stage are critical in these scenarios, allowing
the model to look beyond superficial unimodal anal-
ysis and capture the true underlying stance. Con-
versely, on datasets with lower conflict rates like
MWTWT (9%), while our model still outperforms
baselines, the margin is smaller, as simpler fusion
methods are more effective when modalities are in
agreement.

A.3.2 Impact of Dataset Scale and LLM
Generalization

A complementary factor influencing performance
is the dataset scale, which affects the relative
strengths of our LLM-based framework versus tra-
ditional data-hungry supervised baselines. Large
Language Models possess powerful zero-shot and
few-shot reasoning capabilities, making them in-
herently more robust on smaller datasets where
supervised models may struggle to generalize.

This trend is evident in our results.
MM-StanceDet demonstrates particularly substan-
tial gains on the two smallest datasets: MCCQ
(934 samples) and MRUC (1533 samples).
On these datasets, the rich prior knowledge
and reasoning capacity of the LLM backbone,
structured by our agentic framework, provide a
decisive advantage over methods that rely heavily
on learning from the limited training data. In
contrast, on the largest dataset, MWTWT (8019
samples), fine-tuned models like TMPT are highly
competitive because they have sufficient data to
adapt to the specific data distribution. Although
MM-StanceDet still achieves the best performance
on MWTWT, the performance gap is narrower.
This demonstrates that our framework’s superiority
stems from two synergistic sources: its advanced
architecture for handling multimodal complexity
and the inherent generalization strengths of its
LLM foundation, which are especially impactful
in low-data regimes.
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Table 6: Estimated computational cost and latency per instance, using the gpt-4o-mini API backbone.

Stage Avg. Tokens (Input+Output) Avg. Latency (s)
Multimodal Analysis (3 Agents) ~1.5k ~9s
Reasoning-Enhanced Debate (3 rounds) ~2.5k ~12s
Self-Reflection & Adjudication ~0.8k ~0s
Total per Instance ~4.8k ~27s

Table 7: Analysis of inter-modal relationships across
datasets based on manual annotation of 200 random

samples per dataset. You are an Image Analysis Agent. Your
task is to interpret the visual content of an
image to find cues relevant to determining

Dataset Conflicting Complementary Synergistic

MTSE 11% 16% 73% the author’s stance towards a specific target.
MCCQ 12% 21% 67% .

MWTWT 9% 16% 75% Input:

MTWQ 10% 12% 78% , , .
MRUC 15% 13% 72% * Image: (provided as input, analyze it)

* Target: "target"

A4 Agent Prompts Your analysis should include:

1. Descriptions of relevant visual objects
This section provides the detailed prompts used and their context.
to guide the reasoning of each agent in the

MM-StanceDet framework. 2. Overall scene context and setting.

3. Inferred emotions from depicted indi-
viduals (if any).

4. Connotations suggested by color
palettes, composition, or symbolism
related to the target.

You are a Text Analysis Agent. Your task
is to analyze the given text to identify lin-
guistic features relevant to determining the
author’s stance towards a specific target. Provide a structured visual analysis.
Input:

e Text: "text"

* Target: "target"

Your analysis should include:

1. Keywords and salient
phrases/sentences related to the
target.

2. Explicit or implicit sentiment polarity
towards the target.

3. Detection of potential sarcasm, irony,
or subtle nuances.

4. Overall topic relevance concerning the
target.

Provide a structured analysis.
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You are a Modality Conflict Agent. Your
primary function is to assess the interplay
between the provided image and text con-
cerning the target. Detect potential incon-
sistencies, contradictions, or synergistic re-
inforcements between the modalities.
Input:

* Image: (provided as input, analyze it)
o Text: "text"
* Target: "target"

 exemplar;n fo

Your assessment should:

1. Highlight specific conflicting signals
(e.g., text favors but image againsts).

2. Highlight specific reinforcing cues
(e.g., both text and image strongly fa-
VOr).

3. Explain how the modalities align or
diverge in expressing a stance towards
the target "target".

4. Reference patterns or reasoning ob-
served in the provided contextual ex-
amples if they are relevant.

Provide a detailed assessment of inter-
modal alignment or divergence.

Debater Agent Prompt

You are a Debater Agent arguing for the
’stance_type’ stance. Your goal is to con-
struct a coherent argument, synthesizing
all provided information, to explain why
the given multimodal instance expresses a
’stance_type’ stance towards the target.
Input Instance:

o Text: "text"
* Target: "target"
Analysis Results:
» Text Analysis: text_analysis
* Image Analysis: image_analysis

* Modality Conflict Analysis:
flict_analysis

con-

e debate_context

Construct your argument. Clearly reference
details from the text, image analysis, and
modality conflict analysis to favor your po-
sition. If previous arguments from other de-
baters are provided, aim to strengthen your
argument in light of their points, but focus
on building your case. Do not explicitly
state "I am arguing for...". Just present the
argument.
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You are an Adjudicator Agent. Your task is
to critically evaluate competing arguments
and comprehensive analyses to determine
the definitive stance (Favor, Neutral, or
Against) expressed in a multimodal instance
towards a specific target.

Input Instance:

o Text: "text"
* Target: "target"
Analysis Results:
» Text Analysis: text_analysis
* Image Analysis: image_analysis

* Modality Conflict Analysis: con-
flict_analysis

Arguments from Debater Agents:
* Favor Argument: favor_arg
* Against Argument: against_arg
* Neutral Argument: neutral_arg
Perform the following steps:

1. Initial Assessment: Briefly summa-
rize the strengths and weaknesses of
each argument based on the provided
analyses.

2. Critical Self-Reflection: Actively
look for inconsistencies, overlooked
modality conflicts (referencing Modal-
ity Conflict Analysis), or weak reason-
ing points.

3. Final Decision: Based on your com-
prehensive evaluation and critical self-
reflection, determine the most justified
stance.

4. Justification: Provide a clear, concise
justification for your final decision, in-
corporating insights from your self-
reflection.

Your output format should be:
Stance: [FavorINeutrallAgainst]
Justification: [Your detailed reasoning]
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