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Abstract

Multimodal emotion cause analysis in conver-
sation aims to identify the causes of emotions
by leveraging multimodal information. Exist-
ing studies mainly formulate this problem as
either utterance-level emotion cause extraction,
which provides clear cause localization but lim-
ited explanation, or multimodal emotion cause
generation, which offers fine-grained explana-
tions but lacks explicit traceability to source ut-
terances. Moreover, existing datasets rely heav-
ily on human judgment and lack well-defined
structured theoretical guidance, leading to sub-
jective and inconsistent annotations. To address
these issues, we introduce joint Multimodal
Emotion Cause Extraction and Summarization
in conversation (MECES), a new task that si-
multaneously extracts emotion cause utterances
and generates cause summaries, enabling both
precise localization and interpretable explana-
tions of emotion cause. We further construct
a MECES dataset guided by the Activating
events–Beliefs–Consequences theory from psy-
chology. This dataset consists of 5,787 emotion
utterances annotated with causes, comprising
12,231 emotion-cause pairs and 6,040 cause
summaries. We also propose an effective end-
to-end joint learning approach for MECES task,
establishing strong benchmark results for this
newly introduced task and dataset.

1 Introduction

Multimodal Emotion Cause Analysis in Conversa-
tion (MECAC) aims to identify the causes of emo-
tions in conversations by leveraging textual, acous-
tic, and visual cues. Understanding these causes
is essential for building dialogue systems that re-
spond empathetically and behave more human-like
(Fei et al., 2024; Wang et al., 2024).

Existing MECAC research mainly follows two
task formulations. The first formulation, utterance-
level emotion cause extraction (Wang et al., 2023;

* Corresponding author.

Liang et al., 2025; Wu et al., 2025), identifies which
utterances trigger the emotion in a target utterance,
providing clear cause localization. For example, in
Figure 1, Guang Shi’s sad emotion in Utterance 4
(U4) is caused by receiving a practice workbook
as a gift, mainly conveyed visually in U4, so U4
is marked as the cause. However, extraction meth-
ods do not explain what in the utterance actually
triggers the emotion. To address this, the second
formulation, multimodal emotion cause generation
(Wang et al., 2024) produces summaries that de-
scribe causes in more detail. For instance, the cause
of the sad emotion in U4 is summarized as “Guang
Shi realizes that the gift from his teacher is a Go
book, implying an unexpected expectation to con-
tinue studying.” While this cause generation ap-
proach provides fine-grained explanations, it lacks
explicit source attribution, making the causes diffi-
cult to verify.

In addition to task-level limitations, existing
MECAC datasets face several challenges. The an-
notation process relies heavily on human judgment
and lacks well-defined structured theoretical guide-
lines, leading to subjective and inconsistent annota-
tions. Moreover, most datasets constrain emotion
causes to single factors, such as objective events or
subjective beliefs (Wang et al., 2023; Liang et al.,
2025), overlooking the complex interactions that
often contribute to emotion generation.

In this work, we introduce a new task,
joint Multimodal Emotion Cause Extraction and
Summarization in conversation (MECES), which
aims to simultaneously extract emotion cause ut-
terances and generate abstractive cause summaries.
By doing so, MECES not only explains what the
emotion cause is, but also clarifies where the sup-
porting evidence lies, as illustrated in Figure 1.

To support this task, we construct a joint
multimodal emotion cause extraction and sum-
marization dataset, namely MECESD. The an-
notation process is guided by the Activating
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( U1,U2 , "Chuan Bai handed Guang Shi  a gift, and Guang Shi didn't expect to receive one
too."）

Guang Shi：

"I got a gift too!"

Guang Shi：

"Thank you,
teacher!"

Guang Shi：

"Teacher, this gift
of yours is really

practical..."

U1 U2 U3 U4 U5

Chuan Bai:

"Here, this is from the
teacher for you."

Chuan Bai:
"Achieving this rank is just
the first step you've taken.
learning Go is endless. Go
back and read it carefully!"

Neutral Surprise Happy Sad Neutral

Why does Guang Shi feel
Surprised，Happy and

Sad in this dialog?

( U4 , "Guang Shi discovered the gift his teacher gave him was a Go book, he didn't expect the
teacher's gift would be for him to study again"）

( U1,U2 , "Chuan Bai  handed Guang Shi a gift, and Guang Shi didn't expect to receive one
too."）

Figure 1: An example of the MECES task. The arcs in the upper part point from the emotion cause utterances to the
resulting emotion.

events–Beliefs–Consequences (ABC) theory from
psychology (Ellis, 1957), which helps ensure both
the comprehensiveness of emotion attribution and
annotation consistency. MECESD consists of 5,787
emotion utterances annotated with causes, compris-
ing 12,231 emotion-cause pairs and 6,040 cause
summaries, where a single utterance may be associ-
ated with multiple valid emotion cause summaries.

Finally, we further propose a simple yet effective
end-to-end joint learning approach for the MECES
task to better integrate extraction and generation
task. Extensive experiments on MECESD and
other public datasets demonstrate the effectiveness
of our approach, and establish strong benchmark
results for this newly introduced task and dataset.

We will release the datasets and code at https:
//github.com/wwwper/MECES to facilitate future
research.

2 Related Work

Existing MECAC research primarily centers on
the Multimodal Emotion-Cause Pair Extraction
(MECPE) task for utterance-level cause extraction
(Wang et al., 2023; Liang et al., 2025). However,
this utterance-level granularity is often considered
too coarse. To address this limitation and capture
more fine-grained details, the Multimodal Emo-
tion Cause Generation in Conversation (MECGC)
(Wang et al., 2024) task was introduced to directly
produce cause summaries.

Although the MECGC task offers granular

causal explanations through abstractive summariza-
tion, it suffers from a limitation: generated causes
cannot be accurately traced back to specific source
utterances. Consequently, we introduce a new task:
MECES. This task aims to provide a comprehen-
sive “localization and explanation” framework for
emotion cause analysis in complex multimodal dia-
logues.

MECAC Datasets. Based on distinct MECAC
task paradigms, existing datasets can be broadly
categorized into two main groups. In the domain
of cause extraction, Wang et al. (2023) first re-
leased the ECF dataset to establish a benchmark for
the MECPE task. Subsequently, MECAD (Liang
et al., 2025) and MEC4 (Wu et al., 2025) were con-
structed to address issues related to data scarcity
and cross-cultural challenges, respectively. Con-
versely, for the generative MECGC task, the field
currently relies primarily on the ECGF (Wang et al.,
2024) dataset to facilitate the research and eval-
uation of generative methods. However, these
datasets suffer from limitations such as high sub-
jectivity during the annotation process and incom-
plete attribution perspectives. Notably, we did not
perform further annotation on the M3HG dataset
(Liang et al., 2025) due to two key differences: 1)
Finer Granularity: We merged utterances based on
semantic integrity rather than simple concatenation
of speaker and emotion. This preserves finer de-
tails for identifying emotional causes. 2) Theoreti-
cal Framework: Our annotations are grounded in
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the ABC theory, which differs from the framework
used in M3HG.

To address these limitations and support the
MECES task, we propose MECESD, the first
dataset jointly annotated for both extraction and
summarization. By introducing the ABC theory
for annotation, we effectively enhance annotation
accuracy and ensure the comprehensiveness of at-
tribution perspectives.

MECAC Methods. For the MECPE task, Li
et al. (2024) proposed the HiLo model, which lever-
ages emotion label constraints as cues to reinforce
causal reasoning. Hu et al. (2024) formalized the
task as a masked prediction problem, integrating
multimodal semantic information via prompting.
Liang et al. (2025) designed a multimodal hetero-
geneous graph approach to fuse multi-scale seman-
tic information at both inter-utterance and intra-
utterance levels. Wu et al. (2025) proposed the
M3F framework, which aggregates global temporal
features of non-linguistic modalities by introduc-
ing long-term memory banks into a Q-Former, and
leverages LLMs to achieve multimodal emotion
cause pair extraction. For the MECGC task, ObG
(Wang et al., 2024) stands as a representative work,
generating emotion-cause-aware video descriptions
to assist in the final cause generation.

While these methods excel in their respective
domains, they generally address extraction or gen-
eration in isolation, thereby overlooking the in-
trinsic correlations between these two sub-tasks
in MECES. To address this gap, we propose an
end-to-end joint learning framework to perform
both tasks simultaneously, aiming to facilitate mu-
tual enhancement and provide reliable benchmark
results for MECES.

3 Dataset Construction

In this section, we describe the annotation method-
ology and process for constructing the MECES
dataset and present an in-depth data analysis.

3.1 Data Selection and Preprocessing

We select the publicly available M3ED (Zhao et al.,
2022) dataset as the initial data source. This dataset
consists of dialogue clips collected from various
Chinese television series, covering genres such as
family, workplace, and urban life. Such diversity
ensures broad coverage of real-world conversa-
tional scenarios. The public evaluation version
of the dataset contains 811 dialogues.

To improve data quality and suitability for our
task, we perform the following preprocessing steps.
First, we merge fragmented utterances based on
semantic integrity to address raw splits caused by
pauses, ensuring that each utterance retains com-
plete semantic and emotional cues. Second, we
correct textual errors and align multimodal times-
tamps. Finally, we remove dialogues that lack
sufficient contextual information for identifying
emotion causes. After preprocessing, we obtain
781 high-quality multimodal dialogues comprising
10,136 utterances for annotation.

3.2 Annotation Guideline

In our annotation task, we aim to identify which
utterances trigger the emotion expressed in a target
utterance and to summarize the corresponding emo-
tion cause. To better understand emotion causes
and improve annotation quality and consistency, we
take the Activating events-Beliefs-Consequences
(ABC) (Ellis, 1957) theory from psychology as our
theoretical guidance. As illustrated in Figure 2,
the ABC theory posits that emotions arise from
the interaction between both activating events and
beliefs, rather than from a single factor, as is com-
monly assumed in previous datasets (Wang et al.,
2023; Liang et al., 2025). For example, in Figure
2, Shanshan Zhu’s sadness is triggered not solely
by the activating event of being assigned a task in
U2, but more critically by her belief that she lacks
knowledge of renovation and therefore does not
want to take on the task in U3. Had she instead be-
lieved that she was competent for the job, the same
event might have elicited happiness rather than sad-
ness. This example highlights that understanding
emotion causes requires jointly considering both ac-
tivating events and beliefs. Accordingly, the cause
of Shanshan Zhu’s sadness is attributed to both U2
and U3, and can be summarized as: “Sijin Fang
asked Shanshan Zhu to accompany the renovation
company to supervise the work, but Shanshan Zhu
did not want to take on the task because she felt
she lacked knowledge of renovation.”

Guided by the ABC theory, we develop a de-
tailed annotation guideline. This structured theo-
retical foundation improves annotation accuracy
and consistency, while the dual-factor perspective
ensures more comprehensive emotion cause attri-
bution.
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ABC Theory 

Opinion,Cognition,
Evaluation, etc.

Emotion

A: Activating event

B: Belief

C: Consequence

Event, Behavior, 
Situation, etc.

Dialogue Example

C: Consequence

Shanshan Zhu expresses "Sad"

U2

U3

Sijin Fang (Neutral)："Someone from the
renovation company will be heading over
soon. Go supervise the work and see if there's
anything you can help with "

Shanshan Zhu (Sad): "You're assigning
this job to me too? I don't know anything
about renovation."

A: Activating event（From U2）

B: Belief （From U3）

U1

Sijin Fang (Neutral)："Change your
clothes first, then go to this address."

Emotion Analysis

Why does Shanshan Zhu feel sad  in utterance 3 (U3) of the dialogue?

Sijin Fang told Shanshan Zhu to go along with
the people from the renovation company to
supervise the work.

Shanshan Zhu didn't want to take on this task,
as she felt she didn't understand renovation.

Figure 2: An example of the ABC annotation theory.

3.3 Annotation Process

Given the large amount of summary-style anno-
tation required by our task, purely manual anno-
tation is costly and inefficient, and often results
in incomplete causal descriptions. To balance an-
notation quality and cost, we adopt a two-stage
human–model collaborative annotation pipeline, as
follows:

(1) Machine Pre-annotation. We employ
Gemini-2.5-Pro (Comanici et al., 2025) to gen-
erate initial annotations using optimized prompts
based on our guidelines (detailed in Appendix A.1).
The machine-generated annotations include the po-
sitions of emotion cause utterances and multiple
plausible emotion cause summaries expressed in
different forms or from different perspectives.

(2) Human Check. Human annotators review
and correct the inevitable errors in the machine-
generated pre-annotations. Three undergraduate
and graduate students perform the annotation, and
one expert annotator resolves any inconsistencies.
Annotators are compensated based on the quality
and quantity of their work, and all undergo training
and testing before formal annotation. To ensure
data quality, we implement a double-verification
workflow: each dialogue is independently checked
by two annotators for both cause utterances and
cause summaries. Consistent annotations are ac-
cepted directly, and disagreements are resolved by
a third expert.

To better understand the necessity of the human
check phase, we conducted a quantitative error anal-
ysis comparing the initial outputs of Gemini-2.5-
Pro with the final human-verified annotations. The
results indicate that the errors in the initial outputs

Statistics Train Val Test Total
#Dialogues 546 78 157 781
#Utterances 7,126 977 2,033 10,136

w/ Cause 4,039 583 1,165 5,787
w/ Multi-cause 176 24 53 253

#Emotion-Cause Pairs 8,568 1,228 2,435 12,231
Avg. Utterances/Dialogue 13.05 12.52 12.94 12.97
Avg. Utterance Length 14.95 15.87 15.05 15.06
Avg. Summary Length 38.72 40.49 38.88 38.93

Table 1: Data statistics of MECESD. The summary
length statistics are measured by the number of Chinese
characters.

primarily manifest in the following aspects: inaccu-
rate or missing descriptions of the activating events
and beliefs underlying the emotion causes, as well
as insufficient identification of multimodal cues.
Detailed results are provided in Appendix A.2.

To support the annotation process, we develop
an annotation system, further details are provided
in Appendix A.3. We provide a visual illustration
of the full human–model collaborative annotation
workflow in Appendix A.4.

3.4 Data Statistics and Analysis

Overall Statistics. Table 1 presents the data statis-
tics of MECESD, consisting of 781 dialogues
and 10,136 utterances. Please note that we only
annotate the cause of utterances that have non-
neutral emotions, resulting in 5,787 utterances with
extracted cause utterances and cause summaries,
among which 253 utterances have more than one
valid cause summary. We further examine the
relative positions between emotion and cause ut-
terances, observing that the majority of causes
precede their corresponding emotions and occur
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Dataset Lang Mod. Source #Utts Cause-type Multi-
Ref.

Anno.
TheoryExtr. Sum.

ECF (Wang et al., 2023) En T,A,V Friends TV 13,619 ✓ × × -
MEC4 (Wu et al., 2025) Zh T,A,V Family comedy TVs 27468 ✓ × × -
M 3HG (Liang et al., 2025) Zh T,A,V Multi-TVs 10,516 ✓ × × -
ECGF (Wang et al., 2024) En T,A,V Friends TV 13,619 × ✓ × -
MECESD (Ours) Zh T,A,V Multi-TVs 10,136 ✓ ✓ ✓ ABC

Table 2: Comparison with existing datasets for MECAC. The columns denote Language (Lang), Modalities (Mod.),
number of Utterances (#Utts). “Extr.” and “Sum.” denote Extraction and Summarization respectively. “Multi-Ref.”
stands for Multi-Reference.

within a short conversational distance (detailed
in Appendix A.5). In addition, modality analy-
sis reveals that more than 80% of emotion causes
are conveyed through textual information, whereas
fewer than 20% rely on visual or acoustic modal-
ities, or require latent multimodal reasoning (de-
tailed in Appendix A.6).

Inter-annotator Agreement. We measure inter-
annotator agreement for emotion cause extraction
using Cohen’s kappa value (Cohen, 1960). The
resulting Cohen’s kappa value is 0.7511, which is
higher than those reported for other emotion cause
extraction datasets, such as ECF (0.6475) (Wang
et al., 2023) and MECAD (0.6603) (Liang et al.,
2025). These results indicate that the incorporation
of the ABC theory and our human–model collabo-
rative annotation strategy contributes to improved
annotation quality and consistency.

Analysis of Cause Complexity Across Emo-
tion Categories. We analyze cause complexity
across different emotion categories using two met-
rics: the average length of cause summaries and
the average number of cause utterances. As il-
lustrated in Figure 3, the results show strong con-
sistency between these metrics, highlighting the
intrinsic correlation between the Multimodal Emo-
tion Cause Extraction (MECE) and Multimodal
Emotion Cause Summarization (MECS) sub-tasks.
Negative emotions (e.g., Anger, Disgust, and Fear)
exhibit higher causal complexity, as reflected by
longer summaries and a larger number of asso-
ciated utterances. These emotions are typically
rooted in complex, multi-turn interactions or con-
flicts that require deeper contextual reasoning. In
contrast, the causes of Happy and Surprise display
lower complexity, as they are often triggered by sin-
gle, sudden events with more direct causal relations.

Comparison with Existing Related Datasets.
As shown in Table 2, we compare the MECESD
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Figure 3: Distribution of average length of cause sum-
mary and average count of cause utterance. The cause
summary length statistics are measured by the number
of Chinese characters.

with existing MECAC datasets. To the best of our
knowledge, MECESD is the first dataset jointly
annotated for both extraction and summarization.
In addition, unlike existing datasets that lack a spe-
cific theoretical annotation framework or use single-
reference standards, MECESD is constructed based
on a structured psychological theoretical frame-
work and provides multi-dimensional cause sum-
mary annotations. Furthermore, while the only pre-
vious summarization dataset ECGF (Wang et al.,
2024) is limited to a single source (Friends),
MECESD ensures greater scenario diversity by
sourcing from multiple TV series.

4 Method

4.1 Task Definition
Formally, given a dialogue D = {U1, . . . , Un}
consisting of n chronologically ordered ut-
terances. Each utterance Ui is represented
as Ui = [Si, Ei, U

t
i , U

a
i , U

v
i ], where Si is the

speaker of Ui, and Ei is its corresponding
emotion label. U t

i , Ua
i , and Uv

i denote the
representations of the utterance from the textual,
acoustic, and visual modalities, respectively. For
a target utterance Ut (1 ≤ t ≤ n), where its
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   Unimodal Feature Extractor

Audio

LLM
Embedding

Visual
Encoder

Audio
Encoder

M
eanPool

Projector

Level_1-MLP
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+
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Multimodal-Fusion
 tokens

Multi-Level Fusion (MLF) Module

...
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Text  tokens    ( <M-PAD>: Multimodal placeholders )

Projector

<U1,U2> Chuan Bai handed Guang Shi a gift, and Guang
Shi didn't expect to receive one too

Cause Utterance
（Locate） 

Cause Summary
（Explain） 

Unified Output Sequence  

Output  
<M-PAD> <M-PAD>

Video

Text

Figure 4: The overview of our proposed MPF-LLM framework.

speaker St exhibits a non-neutral emotion Et ∈
{Happy, Surprise,Anger,Disgust, Fear, Sad}
(Ekman, 1992), the goal of the MECES task
is to identify the set of cause utterances
C = {Uj |j ∈ {1, . . . , n}} from the dialogue D
that are responsible for Et, and to generate a fluent
and accurate natural language summary S′ that
describes the cause for the emotion Et.

4.2 Overall Architecture

Figure 4 illustrates the Multimodal-Pre-Fusion-
LLM (MPF-LLM) framework for the MECES task.

Unimodal Feature Extractor. For the text
modality, we utilize the inherent text embedding
layer of the Large Language Model (LLM) to en-
code the utterances and task instruction prompts
for obtaining textual features (Ft) (please refer to
the Appendix A.7 for specific prompts). For the vi-
sual and audio modalities, we employ CLIP ViT-L
(Radford et al., 2021) and HuBERT-L (Hsu et al.,
2021), respectively, to extract the corresponding
visual features (Fv) and acoustic features (Fa).

Multi-Level Fusion Module. Non-textual
modalities, such as acoustic features and visual
cues, often carry crucial information for emo-
tion causes in MECAC. Existing models, how-
ever, rely on the LLM to handle all multimodal
fusion, which is challenging given that LLMs are
primarily pre-trained on text. To address this, we
propose a lightweight pre-fusion module, termed
the Multi-Level Fusion (MLF) module, inspired
by pre-fusion strategies in multimodal emotion
recognition tasks (Yang et al., 2025b; Lian et al.,
2025). The MLF module compresses and fuses
audio-visual features of each utterance into a single
pseudo-token, providing a compact, information-
rich representation that allows the LLM to more
effectively leverage non-textual emotional cues.

The detailed architecture of the MLF module is
illustrated in Figure 4. First, for the raw video fea-

tures Fv and audio features Fa of each utterance,
we extract their global context via Mean Pooling.
Subsequently, they are projected into a unified hid-
den space using modality-specific linear layers:

Hv = Linearv(MeanPool(Fv)) (1)

Ha = Lineara(MeanPool(Fa)) (2)

Then, we obtain a preliminary fused representation
Hav via element-wise summation:

Hav = Hv +Ha (3)

To capture inter-modal interactions at diverse ab-
straction levels, we employ three parallel Multi-
Layer Perceptrons (MLPs) with varying hidden
layer dimensions to process Hav:

Hi = MLPi(Hav), i ∈ {1, 2, 3} (4)

Finally, to obtain a more compact multimodal repre-
sentation, we use a 1× 1 convolution layer to com-
press these features into a comprehensive fused
representation Hf . This is followed by a linear
projection layer, Linearout, which maps Hf to an
output dimension Dout that matches the input di-
mension of the LLM backbone:

Hf = Conv1×1([H1;H2;H3]) (5)

Pout = Linearout(Hf ) (6)

The resulting Pout (pseudo-tokens) serve as the
input to the subsequent LLM, replacing the cor-
responding Multimodal placeholders in the text
tokens.

Model Training. During the training phase, we
freeze the parameters of the LLM backbone and all
unimodal encoders. Model fine-tuning is confined
to the LoRA modules within the LLM, the Pro-
jector module and the MLF modules. We jointly
model cause extraction and cause summarization
as a unified sequence generation task. The model
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is trained with a standard next-token prediction ob-
jective, optimizing by minimizing the negative log-
likelihood loss. Furthermore, to balance the perfor-
mance between the two sub-tasks, we experimented
with multi-task learning loss functions. However,
it does not yield performance improvements. For
a given target sequence Y = (y1, y2, . . . , yT ) and
model parameters θ, the loss function L is defined
as:

LMECES(θ) = −
T∑

t=1

logP (yt|y<t, D; θ) (7)

where D represents the input context, y<t de-
notes the target tokens before time step t, and
P (yt|·) is the conditional probability of predicting
the next token yt.

5 Experiments

Data. We randomly split the newly annotated
MECESD into train, val, and test sets at a 7/1/2
ratio. Data statistics are provided in Table 1.

Evaluation Metrics. Our MECES task com-
prises two subtasks: MECE and MECS. For the
MECE task, similar to Wang et al. (2023), we adopt
the weighted average F1 score as the metric. For
the MECS task, we employ standard text genera-
tion metrics including BLEU-2, BLEU-4 (Papineni
et al., 2002), METEOR (Banerjee and Lavie, 2005),
and ROUGE-L (Lin, 2004), alongside semantic
similarity-based metrics: BERTScore (Zhang et al.,
2020) and Sentence-BERT (Reimers and Gurevych,
2019). Given that our task provides one or more
references for each instance in the MECS task,
we follow the standard practice for calculating all
aforementioned summarization metrics. (Detailed
information of metrics is provided in Appendix
A.8). For experiments on the ECGF dataset, we
adopt evaluation metrics consistent with Wang et al.
(2024).

Compared Methods. Due to the limited re-
search on MECE and MECS and the scarcity of
models directly adaptable to our task, we select sev-
eral methods for comparison on the MECES task,
categorized by input modality as shown in Table 3.
In the Text input setting, we include the SOTA tex-
tual emotion cause extraction model TSAM (Zhang
et al., 2022), alongside LLMs such as Qwen2.5-
7B (Yang et al., 2025a), ChatGLM3-6B (Du et al.,
2022) and LLaMA2-7B (Touvron et al., 2023), as
well as high-performing general-purpose models

like Deepseek-V3.2 (DeepSeek-AI et al., 2025)
and GPT-5 (OpenAI, 2025) operating on textual
prompts. For the Multimodal (MM) input setting,
we evaluate MLLMs including Qwen2.5-VL (Bai
et al., 2025) and InternVL3.5 (Wang et al., 2025)
against our proposed MPF-LLM. All models de-
noted with “(3-shot)” are evaluated via in-context
learning, while the remaining models are fine-tuned
on our dataset. Furthermore, for the MECS sub-
task, we conduct an additional comparison against
previous methods such as ObG (Wang et al., 2024)
on the ECGF dataset.

Implementation Details. We adopt ChatGLM3-
6B-base as the LLM backbone, as it achieves su-
perior performance compared to other backbone
models (see Appendix A.9 for detailed results). In
experiments on both datasets, models are trained
exclusively on the training set and tuned on the
validation set. We select the checkpoint achieving
the best performance on the validation set for final
evaluation on the test set and report these results.
All experiments were conducted on 32GB Nvidia
V100 and 40GB Nvidia A100 GPUs. (More de-
tailed settings are provided in the Appendix A.10)

5.1 Main Results
Table 3 presents the main results of our proposed
MPF-LLM and various methods on the MECESD
dataset as benchmark results. Overall, our pro-
posed MPF-LLM achieves the best performance
across most metrics, demonstrating its effective-
ness in jointly modeling emotion cause extraction
and summarization with multimodal cues. Results
on other datasets further confirm the robustness of
our approach (see Appendix A.11).

Among the text-only methods, the smaller model
TSAM yields relatively lower performance in cause
extraction, while LLMs such as ChatGLM3-6B,
LLaMA2-7B, and GPT-5 show better results. GPT-
5 achieves strong F1 performance, reflecting its ro-
bust reasoning capability, but tends to favor abstrac-
tive generation. In contrast, DeepSeek-V3.2 shows
competitive semantic alignment, as indicated by
Sentence-BERT scores, while exhibiting compara-
tively lower precision in extractive localization.

We also evaluate multimodal LLMs with video
input, Qwen2.5-VL-7B and InternVL3.5-2B. De-
spite supporting multimodal input, their perfor-
mance lags behind text-only methods, likely due
to challenges in maintaining long-range contex-
tual modeling over extended conversational videos.
This suggests that integrating multimodal informa-
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Modality Model F1 BLEU-2 BLEU-4 METEOR ROUGE-L BERTScore Sentence-BERT

Textual

TSAM 0.7331 / / / / / /
Qwen2.5-7B 0.7802 0.4582 0.3280 0.2824 0.4836 0.7866 0.7982
ChatGLM3-6B 0.7855 0.4722 0.3503 0.2932 0.5125 0.7996 0.8055
LLaMA2-7B 0.7820 0.4365 0.3075 0.2703 0.4662 0.7811 0.7790
Deepseek-V3.2 (3-shot) 0.7235 0.3757 0.2640 0.3162 0.4732 0.7785 0.8059
GPT-5 (3-shot) 0.7924 0.3193 0.1992 0.2739 0.4098 0.7518 0.7799

Multimodal
Qwen2.5-VL-7B (3-shot) 0.5135 0.3202 0.2014 0.2490 0.3788 0.7464 0.7435
InternVL3.5-2B (3-shot) 0.4858 0.2351 0.1188 0.1922 0.2876 0.7032 0.6589

MPF-LLM (Ours) 0.7948 0.4754 0.3524 0.2948 0.5149 0.7998 0.8061

Table 3: Main results on our MECESD. Models without the “(3-shot)” designation are fine-tuned on the training set.

tion in complex conversational tasks can introduce
noise for models with limited parameter scales.

We further analyze the model performance from
two perspectives: across emotion cause source
types and across emotion categories. For emotion
cause source types, the results show a clear trend:
text-only causes are easiest to handle, followed
by those conveyed through visual or audio cues,
while latent causes requiring implicit reasoning are
the most challenging. The experimental results in-
dicate that all models exhibit a certain degree of
performance variance across different emotion cat-
egories. This is likely tied to the inherent causal
complexity of different emotions (as analyzed in
section 3.4). Detailed results are provided in Ap-
pendix A.12 and Appendix A.13.

5.2 Analysis

Effectiveness of Joint-task Learning Frame-
work. To validate the effectiveness of the joint-task
learning framework, we compare the full MPF-
LLM model with two single-task variants: MPF-
LLM (Extr.), which only performs the MECE task,
and MPF-LLM (Summary), which only performs
the MECS task. As shown in Table 4, the jointly
trained MPF-LLM outperforms both single-task
variants across all metrics, demonstrating that joint
training effectively leverages complementary infor-
mation between the two tasks to enhance context
understanding and overall performance. We further
analyze the correlation between the extraction and
summarization sub-tasks. The results indicate that
MPF-LLM maintains high internal consistency in
causal reasoning, rather than treating the sub-tasks
independently. Detailed analyses are provided in
Appendix A.14.

Effects of Different Modalities. We examine
the impact of removing different modalities on
MPF-LLM’s performance. Results show that re-

moving either the visual (w/o V) or audio (w/o A)
modality leads to performance drops across most
metrics, suggesting that both modalities provide im-
portant cues for emotion cause analysis. The drop
is larger when removing visual information, indi-
cating that visual information plays a more crucial
role in MECES task. Removing both modalities
(w/o A,V) results in the lowest performance in emo-
tion cause extraction, highlighting the necessity of
multimodal information for accurate emotion cause
localization.

Effectiveness of the MLF Module. To eval-
uate the contribution of the MLF module, we re-
place it with two baseline strategies: 1) Respective
Pseudo-tokens (RP), which feeds average-pooled
visual and audio features as separate tokens; 2)
Sum, which sums the average-pooled visual and
audio features and feeds the result directly into the
LLM. Results show that RP leads to a notable per-
formance decline. While Sum achieves slightly bet-
ter results on BLEU-4, our full model consistently
outperforms it on semantic metrics (BERTScore,
Sentence-BERT). These results confirm the effec-
tiveness of the MLF module in efficiently fusing
audio and visual cues, enabling the LLM to better
leverage non-textual information for more accurate
emotion cause extraction and summarization.

Human Evaluation of Emotion Cause Sum-
mary Quality. Beyond evaluating the overall simi-
larity between the generated cause summaries and
the references, we further conduct a human evalu-
ation to analyze the quality of the generated sum-
maries through the perspective of the ABC the-
ory, which serves as the core theoretical founda-
tion for the construction of the MECESD. We ran-
domly sampled 50 instances from the test set to con-
duct a human evaluation of MPF-LLM against two
strong baselines: ChatGLM3-6B and DeepSeek-
V3.2. Specifically, based on the ABC theory, hu-
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F1 BLEU-2 BLEU-4 METEOR ROUGE-L BERTScore Sentence-BERT

w/o V 0.7896 0.4724 0.3504 0.2926 0.5126 0.7987 0.8045
w/o A 0.7922 0.4744 0.3530 0.2943 0.5126 0.7988 0.8052
w/o A,V 0.7855 0.4722 0.3503 0.2932 0.5125 0.7996 0.8055

w/o MLF (RP) 0.7920 0.4694 0.3485 0.2916 0.5121 0.7981 0.8054
w/o MLF (Sum) 0.7925 0.4749 0.3528 0.2938 0.5118 0.7982 0.8053

MPF-LLM (Extr.) 0.7879 / / / / / /
MPF-LLM (Summary) / 0.4637 0.3432 0.2889 0.5097 0.7983 0.8053

MPF-LLM 0.7948 0.4754 0.3524 0.2948 0.5149 0.7998 0.8061

Table 4: Ablation study of different components on the MECESD.

Model A Score B Score Overall Score

ChatGLM3-6B 4.20 3.33 3.24
DeepSeek-V3.2 (3-shot) 4.10 3.30 3.16
MPF-LLM 4.40 3.40 3.40

Table 5: Human evaluation of emotion cause summary.

man evaluators scored each generated causal sum-
mary on a scale of 0 to 5 across three dimensions:
(1) Activating event (A), measuring the correctness
and completeness of the described activating event;
(2) Belief (B), measuring the correctness and plau-
sibility of the speaker’s beliefs; and (3) Overall
Score, evaluating whether the generated summary
correctly integrates both the activating event and
the belief into a coherent and rational summary.
As shown in Table 5, the results demonstrate that
MPF-LLM consistently outperforms both baselines
across all three dimensions, indicating its superior
capability in generating emotion cause summaries
that better align with the ABC theory. Furthermore,
this observation is consistent with the trends exhib-
ited by the automatic evaluation metrics, demon-
strating that our automatic evaluation metrics can
effectively reflect the models’ ability in capturing
emotional causal logic. Further analysis reveals
that all models score significantly higher on the
Activating event (A) dimension than on the Be-
lief (B) dimension. This discrepancy suggests that
capturing the speaker’s subjective beliefs regard-
ing emotion causes remains a shared challenge for
current models, highlighting a critical direction for
future improvements in emotion cause analysis.

6 Conclusion

In this work, we introduce the MECES task, which
aims to simultaneously locate and explain emotion
causes in conversations, addressing the limitations
of treating extraction and generation in isolation.
We construct MECESD, a high-quality dataset an-

notated under the guidance of the ABC theory,
enabling comprehensive and consistent emotion
cause analysis. Furthermore, we propose MPF-
LLM, an end-to-end framework equipped with a
Multi-Level Fusion module that effectively aligns
non-textual cues with the LLM backbone to en-
hance multimodal understanding. Through joint
learning of extraction and summarization, our ap-
proach demonstrates that the two tasks provide
complementary information, leading to superior
performance and more interpretable emotion cause
analysis.

Limitations

First, although we adopt a human–model collabora-
tive annotation strategy to balance annotation qual-
ity and cost, the process remains labor-intensive
and time-consuming. As a result, the current
dataset scale is relatively limited. In future work,
we plan to explore more efficient and scalable an-
notation paradigms to further expand datasets in
this domain.

Second, the model proposed in this paper is in-
tended as a preliminary baseline. Its performance
remains limited when handling complex multi-
modal emotion causes and latent causes that re-
quire deep reasoning. Future research will focus
on developing more advanced model architectures
and reasoning mechanisms to better address these
challenges.

Ethical Considerations

This study does not involve the collection of new
raw data. All annotation work was conducted on
the publicly available M3ED (Zhao et al., 2022)
dataset, and permission for its use has been ob-
tained from the original dataset owners. We have
carefully screened the data to ensure it contains
no harmful or offensive information. Additionally,
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all annotators were compensated with wages corre-
sponding to their workload. Furthermore, we will
place restrictions on the use of our dataset, requir-
ing researchers to commit to using the data in a
responsible manner. We explicitly stipulate that
the dataset is strictly limited to non-commercial
academic research purposes. Any commercial or
other non-academic use is strictly prohibited.
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A Appendix

A.1 Gemini Model Pre-annotation Prompts
As shown in Table 6, prompts optimized based
on our annotation guidelines were used for Gem-
ini’s initial annotation. Furthermore, the 3-shot
examples used in the experiments were also refined
based on this prompt.

A.2 Error Analysis of Machine
Pre-annotations

To further investigate the potential error patterns
during the machine pre-annotation stage, we further
conduct a quantitative error analysis of the machine
pre-annotations. Specifically, we randomly sam-
ple 50 instances and compare the initial outputs
produced by Gemini-2.5-Pro with the final human-
verified annotations. We categorize the major error
patterns into the following types.

• Inaccurate or Missing Activating events
(A): The model fails to accurately capture
or completely omits the objective events, be-
haviors, or situations that trigger the emotion,
accounting for 12%.

• Inaccurate or Missing Beliefs (B): The
model overlooks or misidentifies the speaker’s
subjective opinions, cognitions, or evaluations
regarding the event, accounting for 20%.

• Missing Multimodal Cues: The model over-
relies on textual information, missing critical
causal clues conveyed through visual or acous-
tic modalities, accounting for 8%.

Additionally, we also observe errors in third-person
pronoun conversion and ungrounded causal rea-
soning (ignoring source dialogue facts) in the pre-
annotations. Despite the aforementioned errors in
the machine pre-annotations, the subsequent hu-
man verification mechanism effectively safeguards
the data quality. Our inspection of the final annota-
tions for these 50 sampled instances confirms that
all identified issues have been successfully recti-
fied.

A.3 Annotation Tool
We show the annotation interface of our annotation
tool in Figure 5.

A.4 Annotation Process
We show our “human-model collaborative” annota-
tion pipeline in Figure 6.

A.5 Relative Position of Emotion and Cause
Utterances

We further analyze the distribution of emotion
causes. Figure 7 illustrates the relative position
between emotion utterances and their correspond-
ing cause utterances. Specifically, the horizontal
axis represents the relative distance, calculated by
subtracting the index of the emotion utterance from
the index of the cause utterance. As depicted in
the figure, cause utterances are highly concentrated
near corresponding emotion utterances, particularly
in preceding positions, consistent with the common
“cause-before-effect” logic commonly found in nat-
ural language. About 41.44% of the causes are
located within the same utterance as the emotion,
suggesting that emotions and their causes are fre-
quently co-expressed. Moreover, approximately
4.03% of “backward causes” (i.e., the cause utter-
ance appears after the emotion utterance). This
highlights the necessity of analyzing the entire dia-
logue rather than relying solely on historical con-
text.

A.6 Distribution of Emotion Cause Source
Types

We performed an analysis of the source types for
emotion causes in our dataset. As shown in Figure
8. The text modality serves as the predominant
source for emotion causes. In addition, approxi-
mately 12.2% of emotion causes are directly de-
rived from the visual or audio modalities. More
challengingly, 7.4% of the causes in the dataset are
classified as “Latent Causes”. These causes require
complex reasoning over the multimodal context
to identify, such as the comprehension of implicit
meanings or the application of external knowledge.
This distribution underscores the diversity of our
dataset and its alignment with the complexity of
real-world emotion antecedents.

A.7 Prompt Template for MPF-LLM Input

As shown in Table 7, we organize the input to MPF-
LLM in a unified prompt format, including four
components: Instruction, Dialogue Context, Target
Emotion Utterance, and Output.

A.8 Detailed Information of Metrics

For the MECE task, similar to (Wang et al., 2023),
we adopt the weighted average F1 score as the met-
ric. For the MECS task, we introduce multiple
metrics tailored to the specific characteristics of
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Figure 5: Annotation interface of our annotation tool.
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Prompt Content

Instruction You are an expert specialized in dialogue emotion cause analysis. Please answer according to the
following task definition and examples.

Task Definition I will provide a multimodal dialogue and the corresponding video, along with a specific “Target
Utterance”. Based on the dialogue context, analyze the cause behind the speaker’s emotion in the target
utterance. Specifically, you need to analyze the emotion triggering process based on the definition of
emotion causes in the ABC Theory of Emotion (where emotion causes consist of Triggering Events [i.e.,
objective events, behaviors, situations] and Beliefs [i.e., viewpoints, cognitions, evaluations]). Complete
the following two sub-tasks:
1. Locate Emotion Cause: Identify the utterance indices that led to the target emotion.
2. Generate Cause Summary: Generate a concise explanation of the emotion cause.

Example 1 Input: { U1_Neutral. Zhong Xiaoqin: Did that woman come to find you again? That must mean Liang
Zhengxian settled things with her. ... U3_Neutral. Wang Manni: Liang Zhengxian said he wants to buy a
house in Shanghai and settle down here. ... U4_Surprise. Zhong Xiaoqin: That’s very sincere! ... Target:
U4_Surprise }
Output: { Cause Indices: U3, U4; Cause Summary: Wang Manni said Liang wants to buy a house in
Shanghai and settle down, and Zhong Xiaoqin thinks this shows Liang’s sincerity. }

Example 2 Input: { U1_Neutral. Fang Sijin: Change your clothes first, then go to this address. U2_Neutral. Fang
Sijin: People from the renovation company will be there soon. Go supervise... U3_Sad. Zhu Shanshan:
Do I have to do this job too? Renovation, I don’t understand it. ... Target: U3_Sad }
Output: { Cause Indices: U2, U3; Cause Summary: Fang Sijin asked Zhu Shanshan to go supervise the
renovation team, but Zhu didn’t want to do it because she felt she didn’t understand renovation. }

Example 3 Input: { U1_Neutral. Lin Miaomiao: My request is that I want to ride a bike to school. ... U6_Disgust.
Lin Dawei: Your skills are too poor. ... Target: U6_Disgust }
Output: { Cause Indices: U1, U6; Cause Summary: Lin Miaomiao proposed riding a bike to school, but
Lin Dawei thought her skills were too poor and the request was unrealistic. }

Format * Emotion cause utterance indices should be sorted in ascending order and separated by commas.
* The emotion cause summary should follow the style of the examples, focusing on the content provided
in the dialogue, and be concise, objective, and cover key contextual information.

User Input Input: ......

Table 6: Gemini Model Pre-annotation Prompts.

the task. We first report a set of widely-used stan-
dard text generation metrics, including BLEU-2,
BLEU-4 (Papineni et al., 2002), METEOR (Baner-
jee and Lavie, 2005), and ROUGE-L (Lin, 2004)
to measure the lexical overlap between generated
summaries and references. Secondly, we posit that
the core evaluation for emotion cause summary
lies in determining whether the generated sum-
mary accurately captures the main emotion cause.
Therefore, we further introduce semantic similarity-
based metrics: BERTscore (Zhang et al., 2020) and
Sentence-BERT (Reimers and Gurevych, 2019).
For BLEU-2, BLEU-4, METEOR, and ROUGE-L,
we utilize the nlg-eval (Sharma et al., 2017) toolkit.
For BERTScore, we adopt the standard bert-base-
chinese model for evaluation.

A.9 Impact of Model Configurations

To further investigate the factors that may sig-
nificantly affect model performance, we conduct
additional experiments in this section. To fa-

cilitate a more concise and holistic comparison
across different window settings, we aggregate the
fine-grained evaluation metrics into three macro-
indicators: F1, lexical overlap (the arithmetic
mean of n-gram based metrics, including BLEU-2,
BLEU-4, METEOR, and ROUGE-L), and semantic
similarity (the embedding-based metrics, including
BERTScore and Sentence-BERT). The results are
presented in Table 8.

The Effect of Context Window Size. To inves-
tigate the impact of context window size on model
performance, we conducted experiments with vary-
ing window size configurations. We define the
target utterance as the anchor position and denote
window(m,n) as the context window encompass-
ing the m preceding and n succeeding utterances.
Specifically, window(max,max) denotes the full
dialogue context. This paper adopts window(8, 3)
as the default experimental setting.

Experimental results indicate that for the MECE
task, smaller context windows yield superior per-
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Prompt Template for MPF-LLM Input

Instruction You are an expert in emotion analysis and emotion cause extraction. I will provide a “dialogue context”
involving two speakers with corresponding emotion labels and multimodal information.
Your task is to identify the “cause utterances” that trigger the specific emotion in the “target emotion
utterance,” output the list of indices for these cause utterances, and generate a concise emotion-cause
summary.

Dialogue Context U1_Anger. Situ Mo: Then kick me! <multimodal placeholders>
U2_Neutral. Gu Weiyi: I dare not. <multimodal placeholders>
U3_Anger. Situ Mo: What do you mean you dare not? You even dared to let someone else tie your tie for
you. <multimodal placeholders>
U4_Anger. Gu Weiyi: She ambushed me; I am innocent. <multimodal placeholders>
U5_Anger. Situ Mo: Really? You looked like you enjoyed it. <multimodal placeholders>
U6_Anger. Situ Mo: See! I hit the mark and now you have nothing to say! <multimodal placeholders>

Target Emotion Ut-
terance

U3_Anger. Situ Mo: What do you mean you dare not? You even dared to let someone else tie your tie for
you. <multimodal placeholders>

Output [U3], Gu Weiyi let another girl tie his tie, and Situ Mo felt that Gu Weiyi actually dared to do such a
thing.

Table 7: Example of the unified prompt template used by MPF-LLM for the MECES task. The symbol <multimodal
placeholders> denotes the positions where fused multimodal pseudo-tokens are inserted.
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formance. Specifically, the model achieves the
highest F1 score under the window(3, 1) setting.
Conversely, utilizing the full context, denoted as
window(max,max), leads to a significant degra-

80.50%

7.40%

4.80%

7.40%

Text Vision

Audio Latent

Figure 8: Distribution of emotion cause source types

dation in the F1 metric. This observation aligns
with the analysis of the “relative position of emo-
tion and cause utterances” presented in Appendix
A.5, given that most causes are distributed in the
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Setting F1 Lex. Sem.
Context Window Size

Window (3, 1) 0.7967 0.4042 0.7993
Window (4, 2) 0.7937 0.4021 0.8008
Window (8, 3) 0.7948 0.4093 0.8029
Window (11, 5) 0.7874 0.4033 0.8000
Window (15, 8) 0.7891 0.4021 0.8015
Window (max, max) 0.7816 0.3993 0.8005

LLM Backbone
LLaMA2-7B 0.7794 0.3716 0.7813
Qwen2.5-7B 0.7900 0.4029 0.8005
Qwen2.5-3B 0.7711 0.3749 0.7887
ChatGLM3-6B 0.7948 0.4093 0.8029

Table 8: Performance comparison across different con-
text window sizes and LLM backbones. “Lex.” and
“Sem.” denote lexical overlap metrics and semantic sim-
ilarity metrics, respectively.

immediate vicinity of the target utterance. The
smaller context windows enable the model to more
accurately localize the cause.

In the MECS task, we observe that
window(8, 3) demonstrates the best overall
performance, achieving the highest scores in both
lexical overlap and semantic similarity. However,
further reducing or expanding the window size
yields no performance gains. These findings
suggest the MECS task requires a moderate con-
text window to provide necessary conversational
background (e.g., interpersonal relationships
and event context) for facilitating emotion cause
summarization. Conversely, an excessively long
context may introduce irrelevant noise, thereby
degrading model performance.

The Effect of LLM Backbone. To investigate
the the impact across different base models, we
conducted evaluations on Llama2-7B, Qwen2.5-
7B, and ChatGLM3-6B, with ChatGLM3-6B serv-
ing as the default backbone in this work. Ex-
perimental results demonstrate that ChatGLM3-
6B outperforms other baselines across all met-
rics, followed by Qwen2.5-7B, which also exhibits
competitive performance. In contrast, Llama2-7B
and Qwen2.5-3B show a significant performance
gap. We attribute the suboptimal performance of
Llama2-7B to its English-centric pre-training cor-
pus, which constrains its capabilities in Chinese
text understanding and generation. Meanwhile,
the performance decline of Qwen2.5-3B is primar-
ily ascribed to its limited parameter size. Further-
more, compared to the text-only Qwen2.5-7B and

ChatGLM3-6B baselines presented in Tables 3 and
Table 8, our method achieves substantial improve-
ments. This further validates the effectiveness and
robustness of our method across different base mod-
els.

A.10 Hyperparameter Configuration
We present the detailed hyperparameter settings
used for fine-tuning in Table 9. The model was
trained using the LoRA (Low-Rank Adaptation)
technique.

Hyperparameter Value
Training Setup

Number of GPUs 2
Number of Epochs 3
Learning Rate 0.0001
Batch Size (per device) 1
Gradient Accumulation Steps 4
Effective Batch Size 8

LoRA Configuration
LoRA Rank (r) 8
LoRA Alpha (α) 32
LoRA Dropout 0.1

Table 9: Hyperparameters used for model training.

A.11 Results of the MECS task on the ECGF
Dataset

Table 10 presents the comparison results of our
MPF-LLM method and baseline models such as
ObG on the MECS task for the ECGF dataset.
Given that the original ECGF dataset lacks explicit
annotations for MECE, we employed a data aug-
mentation strategy to construct a corpus suitable
for joint training, analogous to the MECES task.
Specifically, we utilized the Qwen2.5-7B model,
guided by meticulously crafted prompts, to reverse-
infer and generate corresponding emotion cause
utterance indices from the gold-standard emotion
cause summaries. These generated utterance in-
dices were subsequently used as pseudo-labels for
the MECE task. Experimental results demonstrate
that this joint training approach, enabled by data
augmentation, yields significant performance im-
provements. This further suggests a strong correla-
tion between the two subtasks.

Overall, MPF-LLM (Data Augmentation)
demonstrates superior performance across most key
metrics. Compared to ObG, MPF-LLM (Data Aug-
mentation) achieves notable improvements on most
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Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr F_BERT

Others
Gemini-Pro-Vision (3-shot) 0.2780 0.1826 0.1371 0.1085 0.1798 0.2453 0.8960 0.6960
ObG 0.5011 0.4341 0.3939 0.3641 0.3008 0.4712 3.0079 0.7672
Flan-ObG 0.4967 0.4313 0.3924 0.3631 0.3042 0.4781 3.0808 0.7711

Ours
MPF-LLM 0.4864 0.4154 0.3743 0.3455 0.2991 0.4848 3.0226 0.7841
MPF-LLM (Data Augmentation) 0.5096 0.4386 0.3967 0.3663 0.3095 0.4922 3.1056 0.7870

Table 10: Results of the MECS task on the ECGF dataset. Baseline results are cited from original paper (Wang et al.,
2024). MPF-LLM (Data Augmentation) denotes the MPF-LLM model incorporating data augmentation strategies.

major evaluation metrics, particularly ROUGE-L
and BERTScore. Although it scores slightly lower
on CIDEr, its leading advantage in BERTScore and
ROUGE-L suggests that our model possesses a su-
perior capability for semantic comprehension and
the summarization of core emotion causes. This is
particularly critical for the MECS task, which is
highly dependent on understanding core emotion
cause.

A.12 Performance Analysis across Emotion
Cause Source Types

To further investigate the capabilities of the mod-
els in processing different types of emotion causes,
we stratified the samples in the test set into three
categories based on the source of the cause: Text
Only, Visual and Audio, and Latent. This facili-
tated a fine-grained evaluation. We benchmarked
MPF-LLM against representative baseline models
(ChatGLM3-6B, Deepseek-V3.2, and GPT-5), with
detailed experimental results presented in the Table
11.

Initially, the results reveal significant perfor-
mance disparities across different emotion cause
types, following a general trend of Text Only >
Visual and Audio > Latent. Specifically, the su-
perior performance of MPF-LLM in the dominant
category (Text Only) demonstrates that its archi-
tecture effectively leverages multimodal context to
enhance textual reasoning. However, despite being
designed to better utilize multimodal information,
we observed that MPF-LLM underperforms com-
pared to text-only models (ChatGLM3-6B) and
GPT-5 in the Multimodal cause category. We at-
tribute this primarily to the nature of real-world
dialogue data, where textual content often embeds
strong implicit multimodal cues (e.g., the utterance
“Wow, is this gift for me?” allows for the easy infer-
ence of a “handing over a gift” scenario). This en-
ables models to infer causes solely through textual
backtracking, without necessitating direct reliance
on visual or acoustic information.

Model F1 Lex. Sem.

Text Only

ChatGLM3-6B 0.7947 0.4911 0.8090
Deepseek-V3.2 (3-shot) 0.7350 0.4411 0.8003
GPT-5 (3-shot) 0.8061 0.4097 0.7720
MPF-LLM 0.8077 0.4944 0.8098

Visual and Audio

ChatGLM3-6B 0.7722 0.4904 0.7683
Deepseek-V3.2 (3-shot) 0.6978 0.3991 0.7402
GPT-5 (3-shot) 0.8003 0.3674 0.7242
MPF-LLM 0.7510 0.4644 0.7628

Latent

ChatGLM3-6B 0.6969 0.4131 0.7687
Deepseek-V3.2 (3-shot) 0.6168 0.3575 0.7559
GPT-5 (3-shot) 0.6446 0.3315 0.7358
MPF-LLM 0.6825 0.4180 0.7700

All types

ChatGLM3-6B 0.7855 0.4070 0.8025
Deepseek-V3.2 (3-shot) 0.7235 0.3572 0.7922
GPT-5 (3-shot) 0.7924 0.3005 0.7658
MPF-LLM 0.7948 0.4093 0.8029

Table 11: Performance comparison across different
Emotion Cause Source Type. “Lex.” and “Sem.” denote
Lexical Overlap metrics and Semantic Similarity met-
rics, respectively.

Furthermore, given the scarcity of samples in the
multimodal category, MPF-LLM may have over-
fitted to the dominant textual modality logic. In
such long-tail scenarios, the MLF module may not
have achieved optimal feature extraction and fusion
states. Consequently, when processing complex ex-
plicit visual or acoustic signals, its stability lags
behind that of ChatGLM3-6B, which relies solely
on textual inference. Furthermore, in the most chal-
lenging latent category, all models exhibit a signifi-
cant decline in performance, further corroborating
the immense challenge of deep contextual reason-
ing in the absence of explicit cues.

A.13 Performance Analysis across Emotion
Categories

We conduct a fine-grained evaluation on the test set
by splitting instances into six emotion categories:
Happy, Surprise, Anger, Disgust, Fear, and Sad.
We compare our MPF-LLM with two representa-
tive LLM baselines, ChatGLM3-6B and GPT-5.
Following the setting in Appendix A.9, we report
three macro indicators: F1, lexical overlap (Lex.),
and semantic similarity (Sem.). The results are
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Metric Model Happy Surprise Anger Disgust Fear Sad

F1
MPF-LLM 0.7682 0.8649 0.7915 0.8400 0.7573 0.7802
ChatGLM3-6B 0.7594 0.8582 0.7864 0.8182 0.7723 0.7579
GPT-5 (3-shot) 0.7754 0.8885 0.7751 0.8477 0.7097 0.7689

Lex.
MPF-LLM 0.3767 0.4755 0.4101 0.4246 0.2994 0.4082
ChatGLM3-6B 0.3765 0.4794 0.3940 0.4109 0.3157 0.4124
GPT-5 (3-shot) 0.2760 0.3411 0.3018 0.3025 0.2575 0.3065

Sem.
MPF-LLM 0.7779 0.8289 0.8100 0.8116 0.7644 0.8058
ChatGLM3-6B 0.7775 0.8290 0.8089 0.8031 0.7731 0.8067
GPT-5 (3-shot) 0.7396 0.7862 0.7703 0.7706 0.7640 0.7736

Table 12: Performance comparison across different emotion categories.
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Figure 9: Instance-level performance correlation analy-
sis between MECE and MECS tasks.

shown in Table 12.
The experimental results indicate that all models

exhibit a certain degree of performance variance
across different emotion categories. This is likely
tied to the inherent causal complexity of different
emotions (as analyzed in Section 3.4). For instance,
models generally struggle more with “Fear” due to
its often implicit and complex causes, while achiev-
ing optimal results on “Surprise”, which tends to
have more explicit triggers.

A.14 Fine-grained Analysis of Model
Performance on the MECE and MECS
Task

To investigate the fine-grained performance of
MPF-LLM on the joint task of MECE and MECS,
we conducted a visual analysis of the model’s re-
sults on the test set. As illustrated in Figure 9, the
horizontal and vertical axes of the scatter plot cor-
respond to the extraction score and summary score
of each sample, respectively.

Statistical analysis reveals a significant positive
correlation between the model’s performance on

these two metrics (Pearson r = 0.4336, regression
slope k = 0.20). The sample distribution exhibits
a distinct diagonal clustering pattern, with the first
(Q1: High/High) and third (Q3: Low/Low) quad-
rants accounting for 65.4% of the total samples.
This distribution suggests a high degree of inter-
nal consistency between the model’s capabilities to
“Locate” and “Explain” emotional causes.

Specifically, the high density in Q1 indicates
that the model achieves alignment between local-
ization and explanation in most cases. Conversely,
the clustering in Q3 implies that when the model
fails to capture the emotional logic, both capabili-
ties degrade synchronously. This reflects that the
model performs unified reasoning rather than treat-
ing the tasks in isolation. Furthermore, outliers in
Q2 (15.8%) and Q4 (18.8%) highlight reasoning
biases in specific scenarios. The phenomenon of
“accurate localization but deviant explanation” in
Q4 suggests the model may be merely fitting posi-
tional features without genuinely comprehending
the emotional cause. Meanwhile, the “accurate
explanation but deviant localization” observed in
Q2 reflects a grounding failure, where the gener-
ated content lacks support from specific contextual
evidence, indicating flaws in the reasoning process.

In summary, the experimental evidence verifies
that MPF-LLM possesses high internal consistency
in causal reasoning. This demonstrates that the
model is not merely fitting the objective functions
of individual tasks, but is attempting to construct
a comprehensive analytical framework spanning
from localization to explanation. Moreover, the
existence of the phenomena in Q2 and Q4 further
validates the necessity of the proposed MECES
framework for building an interpretable and robust
emotion analysis system.
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