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Abstract

Multimodal Emotion Recognition (MER) aims to understand com-
plex human emotions by jointly analyzing visual and textual data.
However, in real-world scenarios, emotional cues from different
modalities often contain conflict information, such as a smiling face
paired with negative text, which poses great challenges for existing
multimodal language models (MLLMs). Existing emotion MLLMs
and multimodal emotion benchmarks often overlook or even inten-
tionally avoid scenarios involving multimodal emotion conflicts,
limiting their ability to reason about complex and contradictory
affective cues. By addressing this, we propose Conflict-Explicit Re-
flective Agent (CERA), a training-free, conflict-aware, and language-
driven agentic framework for MER. The concept of CERA is to treat
modality emotion conflicts as meaningful signals and resolve them
via a three-stage perception—evaluation-reflection reasoning loop.
Firstly, the agent’s conflict-perceptive emotion graph construction
module builds emotion graphs from fine-grained cues to reveal
conflicts, and progressively refines them through iterative updates.
Secondly, a reward model evaluates these graphs and produces nat-
ural language feedback that identifies unresolved conflicts. Lastly,
the language-driven conflict refinement module generates graph
editing signals from the feedback without any parameter tuning,
enabling the overall CERA to refine its reasoning without training.
Extensive experiments on two multimodal emotion datasets, MAFW
and CH-SIMS, demonstrate that CERA significantly outperforms
state-of-the-art training-free methods in both recognition accuracy
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and conflict interpretability, providing an effective training-free
solution for complex emotional reasoning.
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1 Introduction

Multimodal Emotion Recognition (MER) aims to model complex
human emotions from multimodal signals such as video and text,
constituting a core problem in affective computing and a high-level
semantic signal for emotion-aware multimedia retrieval and human-
centered content understanding [8, 17, 26]. Recent advances in
Large Multimodal Language Models (MLLMs) have significantly im-
proved multimodal understanding, offering new opportunities for
emotion-related tasks. With strong cross-modal reasoning and emo-
tionally aware generation capabilities, MLLMs have shown promise
in modeling nuanced affective states. For example, Emotion-LLaMA [6]
integrates emotion-specific encoders and instruction tuning to im-
prove affective understanding in complex scenarios. Recent training-
free approaches, including chain-of-thought (CoT) prompting [38],
indicate that MLLM can perform affective reasoning without task-
specific fine-tuning, offering advantages in efficiency and inter-
pretability.

Despite these advances, current MLLMs face a fundamental chal-
lenge: modality emotion conflicts, which refer to inconsistencies
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Figure 1: Analysis of Modality Emotion Conflicts in MLLMs
on the MAFW Dataset. (a)lllustration of modality emo-
tion conflicts where MLLMs produce inconsistent predic-
tions across modalities. Most MLLMs exhibit high conflict
proportion (40%-80%). (b) Accuracy comparison in conflict
vs. no conflict scenarios. All models suffer notable drops
(19.1%-42.6%) under conflict, revealing limited ability to han-
dle emotional inconsistency.

between emotional cues across modalities. As shown in Figure 1,
while the visual input conveys a pleased expression, the textual
description highlights negative signals such as “frown” and “down-
ward pull,” creating a modality emotion conflict that challenges
MLLMs’ reasoning. However, existing emotion MLLMs and multi-
modal emotion benchmarks often overlook or even intentionally
avoid such conflict scenarios [15, 30], limiting their capacity to rea-
son about complex and contradictory affective cues. For instance,
Omni-Emotion [30] explicitly discards emotionally inconsistent
samples to maintain dataset purity, thereby preventing models
from learning to reason under cross-modal contradictions. Recently,
MOoSEAR [9] took an important step forward by benchmarking
and bridging emotion conflicts for multimodal emotion reasoning.
Nevertheless, MoSEAR mainly alleviates inconsistencies through
attention redistribution and contrastive regularization, rather than
explicitly modeling or utilizing conflicts as informative cues. In
contrast, we argue that modality emotion conflicts convey sub-
tle but important signals, such as emotion suppression, deception,
or concealed affect, all of which are essential for accurately un-
derstanding a person’s true emotional state. Ignoring these cues
not only limits a model’s ability to reason about human emotion
but also undermines interpretability and alignment with human
cognitive processes.

To quantify the impact of modality emotion conflicts, we con-
ducted a comprehensive analysis on the MAFW dataset using five
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representative MLLMs, including InterVL2.5-2B/4B [4], InterVL3-
8B [40], Qwen2.5-VL [2], and Qwen-Omni-AWQ [29]. As shown
in Figure 1, such modality emotion conflicts are pervasive, with
conflict proportion! ranging from 43% to 84.2%. Emotion recog-
nition accuracy drops sharply (by 19.1% to 42.6%) under conflict
scenarios, and larger model sizes do not alleviate the issue. These
findings reveal an important gap: existing MLLMs lack structured
mechanisms to perceive and reason over emotional inconsistencies.

To address this, we propose Conflict-Explicit Reflective Agent
(CERA), a training-free, conflict-aware, and language-driven agentic
framework for MER. Unlike existing models that suppress conflict-
ing signals, CERA is designed to explicitly perceive, evaluate, and
resolve such conflicts as informative cues of suppressed or con-
cealed emotions. The CERA achieves this goal via a structured
perception—evaluation-reflection reasoning loop that enables the
agent to iteratively refine its emotional understanding without any
parameter updates: (1) Conflict-Perceptive Emotion Graph Con-
struction (CEGC) builds and iteratively refines intra- and inter-
modal emotion graphs that make emotional inconsistencies ex-
plicit; (2) Reward-Guided Conflict Feedback (RCF) applies a frozen
reward model to evaluate the emotion graphs and generate natural
language feedback on unresolved conflicts; (3) Language-Driven
Conflict Refinement (LCR) converts this feedback into graph-level
updates without any parameter tuning, allowing CERA to progres-
sively refine its emotional reasoning. Here, the term “agent” denotes
the entire reasoning pipeline that integrates a frozen MLLM, a re-
ward model, and symbolic emotion graphs to reason over complex
emotional dynamics. By modeling and refining modality emotion
conflicts rather than suppressing them, CERA directly addresses
the core challenge in MER: capturing nuanced emotional states that
emerge through cross-modal inconsistencies. Our contributions
are summarized as follows:

e We introduce Conflict-Explicit Reflective Agent (CERA),
a training-free, conflict-aware, and language-driven frame-
work that treats modality emotion conflicts as informative
and interpretable signals, and exploits them to improve ro-
bustness in multimodal emotion reasoning.

e We propose Conflict-Perceptive Emotion Graph Con-
struction (CEGC), which initializes and iteratively updates
intra- and inter-modal emotion graphs to capture fine-grained
emotional cues and explicitly encode cross-modal inconsis-
tencies.

o We design a structured reasoning loop by integrating Reward-
Guided Conflict Feedback (RCF) and Language-Driven
Conflict Refinement (LCR), enabling progressive conflict
resolution through natural language feedback without any
parameter tuning.

e We conduct comprehensive experiments on two benchmark
datasets, MAFW and CH-SIMS, demonstrating that CERA
consistently outperforms existing methods in both recogni-
tion accuracy and conflict interpretability.

2 Related Work
Multimodal Emotion Recognition. Multimodal Emotion Recog-

nition (MER) seeks to understand human emotions by integrating

The conflict proportion is defined as the percentage of samples for which the predicted
emotion labels from the visual and textual modalities disagree.
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signals from video, text, and audio. Early approaches employed
feature-level fusion [1], but suffered from modality heterogeneity
due to disparate semantic spaces. Attention-based methods [7] im-
proved robustness by weighting salient cues but relied on manually
crafted extractors. Decision-level fusion [19] aggregates unimodal
outputs but misses fine-grained cross-modal interactions essential
for decoding complex emotions like ambivalence or sarcasm. De-
spite significant progress, these methods continue to face challenges
in modeling emotional transitions, addressing modality imbalance,
and, most critically, handling modality emotion conflicts where
emotional cues from different modalities are inconsistent.
MLLMs for Multimodal Emotion Understanding Large Mul-
timodal Language Models (MLLMs) have advanced MER by en-
abling unified, instruction-following reasoning across modalities
via shared language representations. Emotion-LLaMA [6] designed
some emotion-specific encoders and employed instruction tun-
ing to align and fuse multimodal features, significantly enhancing
the ability of emotion recognition and reasoning. AffectGPT [14]
constructed the largest fine-grained descriptive emotion dataset
MER-Caption and a unified benchmark MER-UniBench specifically
designed for evaluating the MER tasks of MLLMs. R1-Omni [39]
applied Reinforcement Learning with Verifiable Reward (RLVR) to
multimodal emotion understanding tasks for the first time, signifi-
cantly enhancing the generalization ability, reasoning ability and
interpretability of MLLMs in out-of-distribution scenarios.Despite
strong understanding, MLLMs often fail under modality emotion
conflicts, favoring coherent outputs over contradictory cues. This
reveals a lack of structured reasoning critical for robust emotion
understanding.

Handling Modality Emotion Conflicts in MER. Modality emo-
tion conflicts occur when emotional cues from different modalities
diverge, such as a smiling face paired with a sad caption. These con-
flicts are prevalent in real-world contexts and often convey hidden
psychological meanings like suppression or deception. However,
most existing MER methods either overlook or implicitly avoid
such inconsistencies, focusing instead on enforcing cross-modal
alignment. Early multimodal frameworks, including contrastive
models such as CLIP [21] and ALBEF [12], minimize cross-modal
discrepancies, which can inadvertently remove subtle emotional
contrasts. Attention-based fusion methods [10, 35] reweight less
dominant modalities under the assumption that inconsistencies hin-
der recognition. Other studies improve unimodal representations
before fusion, such as the disentanglement-based MISA [27] and
the self-supervised Self-MM [33], in order to preserve modality-
specific semantics. Although these approaches enhance feature
completeness and fusion robustness, they still pursue alighment as
the final objective while overlooking the emotional implications of
inter-modality discrepancies. Recently, several works have revisited
modality emotion conflicts primarily as factors to be mitigated for
more stable recognition. For example, MoSEAR [9] benchmarks
conflict phenomena and alleviates them through redistribution
strategies. Despite these advances, existing solutions rarely treat
modality emotion conflicts themselves as informative emotional
signals. This gap calls for models that explicitly perceive, evaluate,
and reason about these conflicts as informative signals for more
robust and interpretable emotion recognition.
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3 Method

3.1 Pipeline Overview

Conflict-Explicit Reflective Agent (CERA) is a training-free,
conflict-aware, and language-driven agentic framework designed
to simulate human-like emotional reasoning. It operates via a struc-
tured perception-evaluation-reflection reasoning loop that treats
modality emotion conflicts as meaningful cues for deeper emo-
tional understanding. Although CERA relies on a multimodal large
language model as its backbone, the “language” here does not in-
troduce a new modality but serves as an intermediate interface for
interpretable reflection and feedback in a training-free manner. The
core stages include: Conflict-perceptive Emotion Graph Con-
struction (CEGC), Reward-guided Conflict Feedback (RCF),
and Language-driven Conflict Refinement (LCR) (Figure 2).
Given an input video V and its corresponding text T, CERA first
invokes CEGC to construct initial unimodal (G, Gi‘) and cross-
modal (GX) emotion graphs that capture fine-grained intra- and
inter-modal emotional relationships. At each subsequent iteration
k > 1, CEGC refines these graphs based on editing signals from
LCR, progressively enhancing emotional structure and resolving
modality emotion conflicts. Next, RCF employs a frozen reward
model to evaluate the emotion graphs and prompts the MLLM to
produce the language-level evaluation signal T;(val that highlights
unresolved modality emotion conflicts and structural deficiencies.
Finally, LCR transforms Ty, into language-guided graph editing
signals (g&, g5, g¥,), providing interpretable update suggestions to
guide CEGC in the next iteration of graph revision. This process
simulates reflective reasoning through symbolic feedback without
any parameter updates. This perception—evaluation-reflection loop
is repeated for K = 2 iterations, progressively resolving modality
emotion conflicts and enhancing emotional reasoning.

The refined final emotion graphs, combined with the original
multimodal inputs, are used for emotion prediction, enabling CERA
to achieve strong recognition performance and interpretability un-
der challenging multimodal scenarios.

3.2 Conflict-perceptive Emotion Graph
Construction (CEGC)

The goal of CEGC is to construct and refine structured emotion
graphs that capture intra- and inter-modal emotional relationships,
enabling explicit modeling of modality emotion conflicts. While ex-
isting MLLMs often summarize emotions at a global level [5], they
tend to overlook localized emotional cues and subtle cross-modal
inconsistencies critical for fine-grained understanding. To address
this limitation, we introduce emotion graphs as a structured rep-
resentation, where nodes represent fine-grained emotional cues
(e.g., body posture, facial AU dynamics), and edges encode their
emotional associations. This structure enables explicit modeling
of intra- and inter-modal interactions, facilitating the detection
of inconsistencies, redundancies, and complementary signals. By
capturing these relational patterns, emotion graphs reveal latent
conflicts that may indicate deeper psychological states such as sup-
pression, contradiction, or concealed affect. Based on this design,
CEGC constructs three types of graphs: the video emotion graph
Gk, the text emotion graph G¥, and the cross-modal emotion graph
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Figure 2: The overall pipeline of our proposed Conflict-Explicit Reflective Agent (CERA). (1) CEGC constructs and refines
emotion graphs from video and text inputs; (2) RCF evaluates the graphs and generates language-level feedback; (3) LCR
produces symbolic editing instructions that guide the next iteration of graph refinement. The final emotion graphs, together

with the original inputs, are used for emotion prediction.

Gk . Within the iterative CERA loop, CEGC operates in two modes
depending on the iteration step k: the initialization stage when
k =0, and the iterative refinement stage when k > 1.

3.2.1 The Initialization Stage (k = 0). Given a video clip V and
its corresponding text T, we first prompt a frozen MLLM (denoted
as M) with a video graph prompt Py, to extract emotional cues
from V, including facial expressions, body posture, and facial AU
dynamics. Video emotion graph definition: these video cues are
represented as nodes in the form “V:..” and edges are built between
co-expressed cues that jointly imply one or more emotions. This
yields the initial video emotion graph GX = {Node,, Edge,}, where

each edge follows the format: {*Head”: “V:..”, “Emotion”: [...], “Tail™:
“V:..”}. The process is defined as:
GE =M (P, (V). 1)

Similarly, we use a text graph prompt Py, to extract emotional cues
from T, including emotion words, tone indicators, and rhetorical
indicators. Text emotion graph definition: these text cues are
organized into the initial text emotion graph GX = {Node,, Edge, },
where nodes are formatted as “T:..”, and edges encode the jointly
implied emotions between textual cues, following the structure:
{*Head”: “T:..”, “Emotion”: [...], “Tail”: “T:..”}. Mathematically, this
operatlon can be described as:

Gf =M (Py (T)). @

To explicitly model modality emotion conflicts between modali-
ties, we construct the initial cross-modal emotion graph GX, by
feeding GX and G¥ into the MLLM under a cross-modal graph

prompt Pyp,. Cross-modal emotion graph definition: the result-
ing G]fn = {Node,, Edge,,} connects nodes from Node, U Node,,
and edges reflect the emotional relationships across video and text,
following the structure:{“Head”: “V:..”, “Emotion”: [...], “Tail”: “T:..”}.
The G, is defined as:

m

Gl =M (Pym (Gi,‘, Gi‘)) . 3)

3.2.2  The lterative Refinement Stage (k > 1). In subsequent iter-
ations, CEGC updates GX1, GK1, and GX1 based on the language-
guided graph editing s1gna1s (g« ,gt ,gml) generated by the LCR.
Specifically, given (g, g&1, gk:1), we construct an update prompt
Pypdate to instruct the MLLM to revise the corresponding graphs.
The editing operations include the removal of redundant or con-
flicting edges, the refinement of emotional labels, and the insertion
of missing cues that enhance emotional completeness. The updated
emotion graphs are obtained as:

G M(Pupdate(Gv » 9o 1)) (4)
Gt = M(Pupdate(G}S-l’glf_l))s (5)
M(Pupdate(Gm ’gml)) (6)

Through this process, CEGC not only transforms the raw inputs
V and T into structured emotion graphs GX, GX, and GX, that ex-
plicitly encode intra- and inter-modal emotional relations, but also
iteratively refines these graphs using reflection from LCR. This en-
ables the MLLM to localize modality emotion conflicts and support
progressively enhanced, interpretable emotion reasoning.
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3.3 Reward-guided Conflict Feedback (RCF)

The goal of RCF is to evaluate the quality of the constructed emotion
graphs (GF, Gf , GK) and to reveal unresolved modality emotion
conflicts and structural deficiencies through language-based feed-
back. RCF contains two steps: (1) Reward-based Graph Quality
Scoring, where a frozen human-aligned reward model provides a
quality score for each graph by considering its emotional coherence
together with structural validity (e.g., consistency of relations and
completeness under the predefined schema); and (2) Language-
level Conflict Feedback Generation, where a frozen MLLM con-
verts the scoring results into an evaluation message Te’ial. This mes-
sage highlights potential cross-modal conflicts and missing/weak
links in the graphs without any parameter updates, and serves as
the guidance signal for the refinement stage. By jointly scoring and
verbalizing graph quality, RCF pinpoints conflicts that may reflect
concealed or competing emotional evidence across modalities.

3.3.1 Step 1: Reward-Based Graph Quality Scoring. To quantify
how well each emotion graph captures the modality-level emo-
tional evidence and its conflicts, we employ a frozen human-aligned
reward model R to score the video, text, and cross-modal graphs,
ie., R(Gzlf), R(Gf), and R(G,’;). The score reflects overall graph qual-
ity, including emotional coherence and structural integrity, and
is used in a relative manner [13] to select the most reliable graph
among {G¥, G¥, G} under the same constraints. Specifically, the
top-scored graph is labeled as Accept, while the others are labeled
as Reject, yielding a labeled set:

ck= Y (ck.rt), ™

i€u,t,m

where r!‘ € {Accept, Reject} denotes the relative evaluation outcome
for each graph.

3.3.2  Step 2: Language-Level Conflict Feedback Generation. To fur-
ther identify unresolved modality emotion conflicts and structural
deficiencies, we apply an evaluation prompt Pey,, which guides
the frozen MLLM to describe the strengths of accepted emotion
graphs and pinpoint unresolved modality emotion conflicts or struc-
tural deficiencies in rejected ones. This produces the language-level
evaluation signal Teli, A

Tovat = M(Pevat(CY), ®)

Vi

which provides interpretable guidance for graph refinement in the
next stage.

Through RCF, emotion graphs are systematically evaluated and
translated into structured language feedback. This provides a training-
free signal that guides graph refinement and enhances the model’s
reasoning under modality emotion conflicts.

3.4 Language-driven Conflict Refinement (LCR)

The goal of LCR is to simulate reflective reasoning by transforming
the language-level evaluation signal into interpretable graph editing
instructions. Operating in a training-free manner, LCR leverages
a frozen MLLM to analyze unresolved modality emotion conflicts
and generate symbolic suggestions that guide structural refinement
of the emotion graphs.
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At each iteration k, LCR receives the language-level evaluation
signal Teli o1 from RCF, which describes the strengths and weak-
nesses of the current emotion graphs. Using a reflection prompt
Pref, LCR queries the MLLM to produce language-guided graph
editing signals, including operations such as removing redundant
or conflicting edges, refining emotional labels, or adding missing
nodes that reflect subtle emotional cues. The process is formalized
as:

95,95, gk, = M(Pet(TE ), 9)

where g, g’f , and g, denote the language-guided graph editing
signal for the video, text, and cross-modal emotion graphs, respec-
tively.

The generated signals are then passed to the CEGC in the next
iteration to refine the emotion graphs. After K = 2 iterations, CERA
yields refined emotion graphs that capture emotional structures
with higher fidelity and reduced modality emotion conflicts. These
refined graphs are finally combined with the original multimodal
input (V, T) and passed to the MLLM for final prediction.

4 Experiment
4.1 Datasets

We conducted experiments on two widely used multimodal emotion
datasets: MAFW [16] and CH-SIMS [32].

MAFW contained 10,045 video clips from movies, TV dramas,
and social media, annotated with 11 basic and 32 compound emotion
categories, along with corresponding textual descriptions. Follow-
ing standard protocol, we performed five-fold cross-validation for
main comparisons and used the first fold for ablations and visual-
izations.

CH-SIMS was a Chinese multimodal emotion dataset consisting
of 2,281 video clips from diverse real-world sources. Each sample
was labeled with a emotion score ranging from -1 (strongly negative)
to 1 (strongly positive), with fine-grained annotations for visual,
acoustic, and textual modalities.

4.2 Evaluation Metrics

Following prior work [16], we adopt standard evaluation metrics for
each dataset. For the MAFW dataset, we report Unweighted Average
Recall (UAR), Weighted Average Recall (WAR), and macro-averaged
F1-score. UAR computes the mean recall across all emotion cate-
gories. WAR reflects overall accuracy weighted by class frequency.
The macro F1-score measures the harmonic mean of precision and
recall across all classes. Performance gains across these metrics
reflect the robustness and generalizability of the model. For the CH-
SIMS dataset, we follow prior protocols and report 2-class accuracy
(Acc-2), 3-class accuracy (Acc-3), and macro-averaged F1-score to
evaluate binary and ternary sentiment classification performance.

4.3 Implementation Details

Following prior work [16], we adopt standard evaluation metrics
for each dataset. For MAFW and MER23, we report Unweighted
Average Recall (UAR), Weighted Average Recall (WAR), and macro-
averaged F1-score. For CH-SIMS, we report 2-class accuracy (Acc-2),
3-class accuracy (Acc-3), and macro-averaged Fl1-score. All experi-
ments were conducted on a Linux platform using a single NVIDIA
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A100 Tensor Core GPU, with implementation based on the PyTorch
framework. We adopted InternVL3-8B [40] as the backbone model
and utilized FsfairX-LLaMA 3-RMv0.1 [20] as the reward model.
For each video, four frames were uniformly sampled and resized to
224 %224 for processing. We set the number of refinement iterations
to K = 2 based on validation results, as it offers the best balance
between accuracy and stability.

4.4 Compared Methods

To evaluate the effectiveness of CERA, we compare it against a broad
set of representative methods, categorized into training-based and
training-free methods.

Training-based methods. On the MAFW dataset, we compare
with transformer-based and fusion-enhanced models including T-
ESFL [16], T-MEP [37], AMH [31], and HiCMAE-S [23], which
leverage adaptive or hierarchical fusion strategies across visual
and audio modalities. MAFW-DFEW-SFT [39] further fine-tunes a
multimodal large language model on both the MAFW and DFEW
datasets to enhance its cross-modal emotion understanding and
generalization ability. On CH-SIMS, we include widely used mul-
timodal sentiment analysis models such as TFN [35], LMF [18],
MulT [24], MISA [11], MAG-BERT [22], Self-MM [34], ALMT [36],
and DEVA [28], all of which are supervised models that require
modality-specific training and fusion.

Training-free methods. These methods use large multimodal
language models (MLLMs) in zero-shot settings without any task-

specific fine-tuning. We include Qwen2-VL-7B [25], Qwen2.5-Omini [2]

and Janus-Pro-1B [3], as well as the InterVL2.5 and InterVL3 se-
ries [4, 40], which represent recent strong MLLM methods. In addi-
tion, we include emotion-related MLLMs such as AffectGPT [15],
EMER-SFT [39], Emotion-LLaMA [6], and MoSEAR [9], which in-
corporate emotional supervision or conflict-aware modeling for
enhanced affective understanding. These models process video-text
inputs in a unified manner, and while some incorporate affective
cues or conflict-aware mechanisms, most still lack explicit and
interpretable modeling of modality emotion conflicts.

4.5 Comparison with State-of-the-Art Methods

We compare the proposed CERA with a diverse set of state-of-
the-art methods, categorized into training-based and training-free
methods, on both MAFW and CH-SIMS datasets.

Results on MAFW. As shown in Table 1, CERA achieves the
best overall performance among all training-free methods, surpass-
ing the strong method InterVL3-8B[40] by +2.29% WAR, +2.21%
UAR, and +3.23% F1. Compared to other training-free MLLMs such
as Qwen2.5-Omini[2] and Janus-Pro-1B[3], CERA demonstrates
substantial gains across all metrics. Although training-based mod-
els like HICMAE-S [23] achieve competitive WAR and UAR scores,
they require supervised fine-tuning and modality-specific design,
whereas CERA operates in a fully training-free and generalizable
manner.

Results on CH-SIMS. As shown in Table 2, CERA consistently
outperforms all training-free methods, achieving 88.14% (ACC-2),
68.71% (ACC-3), and 88.13% (F1). Compared to the strong method
InterVL3-8B[40], CERAimproves ACC-3 by +6.57% and ACC-2 by

Liu et al.

+1.28%. Notably, CERA also exceeds most training-based meth-
ods, including TFN[35], MulT[24], and MAG-BERT[22], and even
slightly outperforms the best-performing training-based method
DEVA[28] in ACC-2 and F1, highlighting its robustness in capturing
nuanced emotional signals. These results validate the effectiveness
of CERA in addressing modality emotion conflicts and reasoning
over complex multimodal emotion cues without requiring any ad-
ditional training or fine-tuning.

Table 1: Comparison results on the MAFW dataset. The best
results are in bold.

Training-based Methods WAR  UAR F1

T-ESFL 50.29 31.00 -
T-MEP 51.15 37.17 -
AMH 48.83 32.98 -
HiCMAE-S 54.45 41.66 -
MAFW-DFEW-SFT 50.44  30.39 -
Training-free Methods WAR  UAR F1
Qwen2-VL-7B 43.58 36.82 47.68
Janus-Pro-1B 39.36  24.28  32.30
Qwen2.5-Omini 47.41 29.46 43.39
InternVL2.5-2B 52.76 40.66 53.75
InternVL2.5-4B 49.55 39.67 50.51
InternVL3-8B 53.54 42.28 52.47
HumanOmni-0.5B 20.18  13.52 -
EMER-SFT 38.39 28.02 -
MoSEAR 33.66 26.858 33.04
CERA (Ours) 55.83 4449  55.70

Table 2: Comparison results on the CH-SIMS dataset. The
best results are in bold.

Training-based Methods ACC-2 ACC-3 F1

TFN 78.38 65.12 78.62
LMF 77.77 64.68 77.88
MulT 78.56 64.77 79.66
MISA 76.54 - 76.59
MAG-BERT 74.44 - 71.75
Self-MM 77.64 64.68 77.85
ALMT 78.56 64.98 78.94
DEVA 79.64 65.42 80.32
Training-free Methods ACC-2 ACC-3 F1

Qwen2-VL-7B 76.55 48.49 75.68
Janus-Pro-1B 61.08 60.83 61.83
Qwen2.5-Omini 86.60 64.99 86.71
InternVL2.5-2B 65.98 54.05 74.44
InternVL2.5-4B 86.08 66.30 86.20
InternVL3-8B 86.86 62.14 87.00
Emotion-LLaMA 78.32 - 78.61
AffectGPT 87.20 - 87.31
MoSEAR 69.07 52.74 62.13
CERA (Ours) 88.14 6871 88.13

4.6 Ablation Studies

4.6.1 The Effectiveness of Different Modules. For ablation studies,
we conducted a component-wise ablation study in Table 3. We per-
formed the ablation study on the first fold of MAFW to assess the
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Figure 3: Evaluation of Modality Emotion Conflicts Handling
in Various MLLMs. (a) Emotion recognition accuracy under
modality emotion conflict scenarios. (b) The performance
degradation caused by modality emotion conflicts, defined as
the accuracy gap between non-conflict and conflict scenarios.

contribution of each CERA module. As shown in Table 3, adding
CEGC to the baseline (InternVL3-8B) improved WAR from 47.31%
to 48.09%, confirming the benefit of structured emotional graph
construction. Introducing RCF further boosted WAR to 48.83% and
UAR to 38.76%, demonstrating the value of language-level feed-
back. With all three modules, including LCR, CERA achieved the
best performance (WAR: 49.97%, F1: 51.71%), validating the full
perception—evaluation-reflection loop for robust reasoning.

Table 3: The effect of different modules on model perfor-
mance on the first fold of MAFW database. The best results
are in bold.

Baseline CEGC RCF LCR ‘ WAR  UAR F1
47.31 37.24  48.42
v 48.09  37.41  49.55
v v 48.83 3876  49.82
v v v 49.97 39.50 51.71
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4.6.2  Evaluation of Modality Emotion Conflicts Handling in Vari-
ous MLLMs. To demonstrate the effectiveness of CERA in address-
ing modality emotion conflicts, we compare recognition perfor-
mance with and without CERA under conflict scenarios across three
MLLMs (InternVL3-8B [40], InternVL2.5-4B [4], and InternVL2.5-
2B [4]). As shown in Figure 3, CERA consistently improves accuracy
under modality emotion conflict conditions while reducing perfor-
mance degradation. Figure 3(a) presents the accuracy in modality
emotion conflict scenarios. CERA achieves gains of 8.1%, 2.7%, and
10.5% on InternVL3-8B, InternVL2.5-4B, and InternVL2.5-2B, re-
spectively, showing its effectiveness in capturing and resolving
cross-modal inconsistencies that MLLMs fail to handle. Figure 3(b)
reports the performance degradation, defined as the accuracy gap
between non-conflict and conflict scenarios. CERAreduces this
degradation by 4.6% on InternVL3-8B, 9.3% on InternVL2.5-4B, and
4.8% on InternVL2.5-2B, demonstrating its robustness in preserving
emotional understanding under conflicting cues. These confirm
that CERA improves both accuracy and robustness by explicitly
modeling and leveraging modality emotion conflicts, rather than
discarding them.
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4.6.3 Confusion-Matrix Evidence of Conflict Resolution. To visual-
ize how CERA improves emotion reasoning under modality con-
flicts, we compare the confusion matrices of the baseline model
(InternVL3-8B) and the CERA-enhanced model on the MAFW dataset.
The matrices reveal class-wise misclassification patterns against
ground truth. As shown in Fig. 4, all matrices are row-normalized,
so diagonal entries indicate correct alignment while off-diagonals
quantify class-wise confusions. Before CERA (Text X Vision), large
off-diagonal mass appears between opposite-polarity categories, re-
flecting conflict-induced mismatches across modalities. After CERA
(Vision/Text X Final), mass collapses toward the diagonal and the
highlighted opposite-polarity cells shrink, yielding a higher diag-
onal concentration and a lower opposite-polarity confusion rate,
which aligns with our quantitative gains on MAFW. These visuals
align with our quantitative results, showing that CERA improves
accuracy and strengthens interpretability by resolving cross-modal
inconsistencies.

4.6.4 The Effectiveness of CERA across Different Baselines on the
SIMS Conflict Subset. To evaluate the ability of CERA to handle
modality emotion conflicts, we construct a conflict subset of CH-
SIMS by selecting samples whose unimodal annotations exhibit
inconsistent emotional tendencies. This subset enables a focused
assessment of CERA under cross-modal contradiction scenarios.
As shown in Table 4, we evaluate three representative backbones,
Qwen2-VL-7B, InternVL2.5-4B, and InternVL3-8B, under zero-shot
and zero-shot-CoT settings. Across all baselines, CERA consistently
improves performance on the conflict subset, achieving gains of
8.96%, 7.92%, and 5.84% in ACC-2 over zero-shot for the three base-
lines, together with notable increases in F1. Even relative to the
stronger zero shot CoT setting, CERA further boosts ACC-3 and
F1, for example plus 7.34% in ACC-3 on InternVL3-8B, confirm-
ing its superior conflict resolution capability. While CERA intro-
duces a modest runtime increase from 1.1x to 1.4x compared with
zero-shot-CoT on the same hardware, it maintains comparable
GPU memory usage. These results indicate that the proposed per-
ception—evaluation-reflection mechanism enhances robustness to
modality conflicts without any additional training and with minimal
computational overhead.

Table 4: Comparison results of CERA across different base-
lines on the SIMS conflict subset. The best results are in bold.

Methods Memory ACC-2 ACC-3 F1
QOwen2-VL-7B

zero-shot 7340MiB 55.97 42.37 60.73
zero-shot-CoT  7370MiB 62.89 4294 61.90
+CERA 7312MiB 64.93 50.28 64.90
InterVL2.5-4B

zero-shot 10516MiB  67.91 4746  67.60

zero-shot-CoT  14784MiB  69.40 48.59 69.60

+CERA 13394MiB  73.13  49.72 72.19
InterVL3-8B
zero-shot 18582MiB  68.79 45.76 69.04

zero-shot-CoT  19502MiB  70.90 46.89 72.72
+CERA 19618MiB  74.63 51.41 74.49

4.6.5 The Impact of Absent Modalities. To investigate the impor-
tance of each modality, we conduct an ablation study by selectively



ICMR ’26, June 16-19, 2026, Amsterdam, Netherlands

(a) Before CERA (Text x Vision)

(b) After CERA (Vision x Final)

Liu et al.

(c) After CERA (Text x Final)

0.16 < 0.16 L 0.16
'3 2 c
K] 0.14 k] 0.14 2 0.14
5 3 ks
= -0.12 o 0.12 = 0.12
e s ®
a -0.10 > -0.10 a -0.10
2 -0.08 G -0.08 £ -0.08
© ° ©
3 -0.06 2 -0.06 3 -0.06
= -0.04 5 -0.04 2 -0.04
% ‘3 %
ko -0.02 3 SA -0.02 g SA -0.02
0.00 g -0.00 C -0.00

D FOP P EIFE Fped
Vision Modality Prediction

?§ v‘} coo\ 0(9 Qo‘zy"(\@ e@ c,?'s\)
Our CERA Prediction

N FOF P EIFE S red
Our CERA Prediction

Figure 4: Confusion-matrix evidence of conflict resolution on the first fold of MAFW. (a) visualizes disagreements between the
text-modality prediction (rows) and the vision-modality prediction (columns); deep off-diagonal blocks between emotionally
opposite categories indicate conflict-induced misclassifications. (b) and (c) compare each unimodal prediction with CERA’s
prediction. In both (b) and (c), mass concentrates on the diagonal while opposite-polarity confusions (boxed cells) are markedly
reduced. This diagonal consolidation, together with lower opposite-polarity confusion rates, demonstrates that CERA resolves
cross-modal inconsistencies and stabilizes class-wise decisions. Note: AN (anger), AX (anxiety), CO (contempt), DI (disappoint-
ment), DG (disgust), FE (fear), HA (happiness), HE (helplessness), NE (neutral), SA (sadness), SU (surprise).

removing the video (V) or text (T) modality while keeping the rest
of the CERA pipeline unchanged. As shown in Table 5, removing
either modality leads to a significant drop in performance across
all three metrics, highlighting the complementary nature of video
and text in emotion understanding. Specifically, removing the text
modality (w/o T) causes the largest performance degradation, with
WAR dropping from 49.97% to 43.39%, suggesting that text often
carries decisive emotional signals. On the other hand, removing the
video modality (w/o V) also leads to noticeable drops, especially in
F1, indicating that visual cues contribute to the model’s balanced
recognition across emotion classes. These results underscore the
necessity of both modalities for robust and fine-grained multimodal
emotion reasoning.

Table 5: The effect of different modalities on the first fold of
MAFW database. The best results are in bold.

Method WAR UAR  FI
wioV 4818 3846  43.05
w/oT 4339 3454 4281

CERA(Ours) 49.97 39.50 51.71

4.6.6 Comparison with Existing Conflict-Aware Methods on the
SIMS Conflict Subset. To further examine CERA’s effectiveness in
resolving modality emotion conflicts, we compare it with two rep-
resentative conflict-aware approaches, Self-MM and MoSEAR, as
shown in Table 6. Both methods are specifically designed to address
modality inconsistency: Self-MM [34] learns modality-specific and
invariant representations through self-supervised multi-task learn-
ing, while MoSEAR [9] introduces conflict-aware regularization
to mitigate emotional inconsistencies during multimodal fusion.
Despite their targeted designs, both methods still rely on task-
specific training. In contrast, CERA achieves the best results across
all metrics under a fully training-free setting, reaching 74.63% ACC-
2,51.41% ACC-3, and 74.49% F1. Compared with Self-MM, CERA
improves ACC-3 and F1 by +3.39% and +5.04%, respectively, demon-
strating that its reflective reasoning loop more effectively captures
and resolves cross-modal contradictions. These results validate that
CERA provides a general and interpretable alternative to exist-
ing conflict-aware frameworks, achieving superior robustness to

modality emotion conflicts without requiring any model training
or parameter optimization.

Table 6: The comparison with other conflict-aware methods
on the SIMS conflict subset. The best results are in bold.

Method ACC-2 ACC-3 F1
training-based

Self-MM 69.49 48.02  69.45
training-free

MoSEAR 55.22 38.42  44.99

CERA(Ours)  74.63 5141 74.49

5 Conclusion

In this paper, we present Conflict-Explicit Reflective Agent
(CERA), a novel training-free, conflict-aware, and language-driven
agentic framework for multimodal emotion reasoning. Unlike exist-
ing methods that treat modality emotion conflicts as noise, CERA ex-
plicitly models and resolves such conflicts as meaningful emotional
signals, enhancing both recognition accuracy and interpretability.
CERA operates through a structured perception—evaluation-reflection
loop consisting of three stages: (1) Conflict-perceptive Emotion
Graph Construction (CEGC) constructs fine-grained emotion graphs
to reveal and iteratively refine conflicts; (2) Reward-guided Conflict
Feedback (RCF) uses a reward model to evaluate graphs and gen-
erate natural-language feedback on unresolved conflicts; and (3)
Language-driven Conflict Refinement (LCR) transforms the feed-
back into graph-level updates without any parameter tuning, allow-
ing CERA to progressively refine its emotional reasoning. Experi-
ments on MAFW and CH-SIMS show CERA outperforms state-of-
the-art methods in both accuracy and interpretability. Future work
will extend CERA to audio and explore adaptive, human-in-the-loop
refinement mechanisms.
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