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Abstract

The rapid advancement of large language models (LLMs)
has revitalised research in Emotion Recognition in Conversa-
tion (ERC). However, existing LLM-based ERC approaches
operate solely on textual input, whereas MLLM-based emo-
tion recognition methods in non-conversational scenarios typ-
ically perform only basic multimodal fusion and fail to con-
sider speaker-sensitive contextual dependencies, which lim-
its their performance on ERC tasks. To integrate multimodal
cues effectively and address their limitations in handling con-
textual dependencies, we propose a novel LLM-based frame-
work, Causal-ERC, which captures context representations
within each modality and incorporates them into the LLM.
Moreover, experimental results show that LLMs perform
poorly on long conversations. To improve LLMs’ ability to
model long conversations, we adjust corresponding causal
prompts according to the causal type of each utterance. Ex-
periments on two benchmark MERC datasets demonstrate
that our Causal-ERC framework consistently outperforms ex-
isting state-of-the-art approaches and improves LLM’s per-
formance in long-context scenarios.

1 Introduction
Emotion recognition in conversations (ERC) aims to iden-
tify the emotion of each utterance in conversations. This task
plays a crucial role in applications such as recommendation
systems and dialogue generation (Tu et al. 2022). As the de-
velopment of ERC, researchers found that in real-world ap-
plications, conversations often contain not only textual in-
formation but also audio and visual modalities. Fusing and
leveraging information from different modalities can signif-
icantly improve the accuracy of emotion prediction, cause
they conclude the tone and facial expressions of speakers (Li
et al. 2022). As a result, multimodal fusion has attracted
many researchers in the ERC. In recent years, with the rise
of large language models (LLMs), their strong capabilities in
contextual understanding and reasoning have been increas-
ingly leveraged in the text-only ERC task.

Despite advances in LLM-based ERC, they still face
two key challenges: (1) Existing LLM-based ERC meth-
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I put- I've been typing my number in millions of 
times, it won't listen to me, it's not working, and 

I can't get a single human being, and finally-

Emotion: FrustratedCausal type: C2

[LAUGHTER] All right. 
I'm sorry, sir that you've been 

having a hard time.

Emotion: NeutralCausal type: C1

Textual Audio Video

Negative Impatient Spread hands

Textual Audio Video

Positive Happy Smile

Figure 1: Samples that illustrate the role of causal prompt-
ing in ERC. In the first example, both the utterance and fa-
cial expression suggest anger, but causal analysis reveals the
emotion stems from disgust toward the AI customer service.
In the second example, the utterance and facial expression
appear to convey happiness. However, contextual informa-
tion reveals that the speaker is a customer service agent, and
the content is work-related, indicating a neutral emotion.

ods lack consideration of multimodal information. De-
spite multimodal information being important in ERC, exist-
ing LLM-based ERC approaches, such as InstructERC (Lei
et al. 2023), operate solely on textual input. While MLLM-
based emotion recognition methods in non-conversational
scenarios, like Emotion-LLaMA (Cheng et al. 2024) and
AffectGPT (Lian et al. 2024), did not consider conversa-
tional structure and speaker-aware contextual dependencies.
(2) LLMs struggle to model long-range contextual de-
pendencies. Experimental results reveal that LLMs perform
poorly on long conversations, which may be due to their
neglect of two underlying causal relationships: when utter-
ances drive emotions, we name this C1; and when emo-
tions drive utterances, which is named C2. These two direc-
tions are closely aligned with the dual system theory in psy-
chology, which distinguishes between fast and slow think-
ing (Kahneman 2011). Specifically, emotion can affect the
use of language (Barrett 2006), indicating a more reactive,
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fast-thinking mode. In contrast, language can be the cause of
emotion(Satpute et al. 2013), reflecting a deliberative, slow-
thinking process on the part of the speaker. Previous stud-
ies (Tu et al. 2023) in ERC have indirectly supported this
perspective by observing that some utterances’ emotions can
be accurately identified without context, while others rely
on rich contextual information (Tu et al. 2025). As shown in
Fig. 1, properly analysing causal relationships significantly
improves the ability of LLM in ERC.

To solve the above problems, we propose a novel MLLM-
based framework with causal prompting for MERC, Causal-
ERC, that can fuse multimodal information and improve the
ability of LLMs on modelling long-term context. Specifi-
cally, to model the context with speaker information, we
propose a DialogueRNN (Majumder et al. 2019) layer on
each modality and extract the characteristics. Then, a multi-
modal fusion model based on bidirectional multihead cross-
attention layers is used to integrate multimodal informa-
tion. The fused multimodal information will be fed to the
LLM with a conversational prompt. Moreover, to enhance
the LLM’s ability in long-term context modelling, we anal-
yse the causal relationship of each utterance by leveraging
the Peak-End Rule (Epstein 1994), which suggests that peo-
ple judge experiences based on the most intense (“peak”)
and final (“end”) moments rather than the average. If a tar-
get utterance’s emotional intensity aligns more with the av-
erage intensity of prior utterances, it indicates slow thinking
(Causal Type C1). Conversely, if it aligns with the average of
the peak and end intensities, it reflects fast thinking (Causal
Type C2). Based on the causal relationship, we design a cor-
responding causal prompt for the LLM.

In summary, our contributions are as follows:

• We are the first to use LLM to reason with multimodal
information on the MERC task.
• We identify causal relationships and generate causal

prompts to guide LLMs in context modelling.
• Experimental results on two popular datasets show that

our proposed Causal-ERC framework outperforms state-
of-the-art baselines and improves the LLM’s perfor-
mance on long-context scenarios.

2 Related Work
MERC: The emotion generation theory (Gross and Bar-
rett 2011) emphasizes the importance of contextual infor-
mation for identifying emotions. Early studies focused on
textual modality and modelled context and speaker infor-
mation (Majumder et al. 2019; Ghosal et al. 2019). With
the increasing relevance of multi-modality in real-world ap-
plications, MultiModal Emotion Recognition in Conversa-
tion (MERC) has become a focal point of research (Shi
and Huang 2023). In MERC, the fusion of different modali-
ties is crucial, with various approaches being explored, from
aggregation-based methods (Hazarika et al. 2018; Lian, Liu,
and Tao 2021) to graph-based fusion approaches (Chen
et al. 2023; Nguyen et al. 2023; Tu et al. 2024). In re-
cent years, LLMs have achieved remarkable success across
a wide range of domains. Therefore, some researchers have

applied them to ERC tasks and achieved promising perfor-
mance (Lei et al. 2023; Xue et al. 2024). However, LLMs
still face challenges in modelling long-range contexts.
Cause-Effect Discovery: Traditional methods for causal
discovery, such as constraint-based and score-based ap-
proaches, have limited direct applicability in NLP due to the
unstructured and high-dimensional nature of language data.
Instead, researchers have increasingly adopted representa-
tion learning and neural methods to uncover latent causal
structures from text. Causal reasoning has progressed from
early rule-based methods (Girju, Badulescu, and Moldovan
2006; Mirza and Tonelli 2014) to approaches leveraging pre-
trained language models for capturing implicit and contex-
tual causality (Sap et al. 2019; Rashkin et al. 2018). Neu-
ral causal discovery methods such as CGNN (Goudet et al.
2018) and NOTEARS (Zheng et al. 2018) have inspired
adaptations that infer causal structures over discourse ele-
ments. Recently, LLMs have shown promising capabilities
in encoding causal knowledge (Jin et al. 2023; Wu et al.
2024), paving the way for more explainable and reasoning-
aware NLP systems. Despite its potential, cause-and-effect
reasoning has not yet been explored in ERC tasks.

3 Methodology
3.1 Task Definition
Let U = [u1, ...,uN] be a conversation with N utterances
from M ≥ 2 speakers, where each ui is spoken by spi. The
features of each utterance ui is represented by a triplet xi =
{xa

i ,x
v
i ,x

t
i}. xa

i ∈ Rda , xv
i ∈ Rdv , and xt

i ∈ Rdt denote
the acoustic, visual, and textual features of ui, respectively.
ERC aims to predict the emotion label ŷi for each utterance.
The set of predefined emotions is Y = [y1, ...,yκ], where κ
is the number of emotion categories.

3.2 Framework Overview
To assist the LLM in modelling contextual information more
effectively, we propose Causal-ERC, which uses an LLM
to analyse multimodal information. As illustrated in Fig. 2,
Causal-ERC transforms utterances into sequences through
ERC prompting, which can be input into the LLM to per-
form reasoning tasks. Meanwhile, Causal-ERC models the
contextual information with various modalities, fuses them
effectively, and then feeds the fused representation together
with the sequence gained by ERC prompting into the LLM
for emotion recognition. Moreover, during each iteration,
Causal-ERC analyses the emotional intensity of each utter-
ance to categorise causal relationships. In the next iteration,
Causal-ERC selects the corresponding causal prompt to as-
sist the LLM in modelling long-term context.

3.3 ERC Prompting
Following InstructERC, to effectively adapt LLMs to the
ERC task, we design our prompts with three key compo-
nents: an instruction, the context, and a label statement.
Instruction: The instruction component explicitly defines
the role. So Pins is defined as follows:
Now you are an expert in sentiment

and emotional analysis. The following
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Figure 2: A structural comparison diagram of Emotion-LLaMA, AffectGPT, and Causal-ERC. Compared to the previous meth-
ods, our proposed Causal-ERC introduces speaker-aware contextual fusion and multimodal integration. In addition, we design
a causal prompting mechanism to enhance the LLM’s ability to model long-range dependencies in conversations.

is the conversation text which involves
several speakers.
History Context: To preserve information from previous
and current utterances, we incorporate utterances along with
their respective speakers. For the target utterance ui, its con-
text prompt Phis consists of all preceding and current utter-
ances, which is formatted as follows:

sp1 : u1 + <TAB> + . . . + spi : ui

Label Statement: To restrict the model’s output to a pre-
defined set of emotions and guide its focus on the current
utterance, we construct the label statement Plab as follows:
Please select the emotional label of

<spi : ui> from <y1, . . . ,yκ>
By combining the three components mentioned above, we

transform an utterance ui within a conversation into a se-
quence format si, resulting in the final prompt: P = Pins +
Phis + Plab. Then, we input si into an LLM-based model
fθ, which generates a prediction vector oi = [oi1, ...,oiκ].
Here, oij represents the probability that fθ predicts the emo-
tional category of utterance ui as yj .

3.4 Multimodal Fusion
To effectively utilise multimodal information, we first model
the features of each modality, fuse them into a unified repre-
sentation, and then feed the result into the LLM.
Context Modelling: To model speaker-aware context infor-
mation, we utilise DialogueRNN as the encoder to derive a
hidden representation hi for each utterance:

SP = [sp1, sp2, ..., spn] (1)

[hξ
1,h

ξ
2, ...,h

ξ
n] = E([xξ

1,x
ξ
2, ...,x

ξ
n],SP) (2)

where SP denotes the speaker information of the whole con-
versation, ξ ∈ {a, v, t} represents audio, video, and textual
modality, respectively. hξ

i is the hidden representation with
speaker-aware context information of ui, E(.) represents the
DialogueRNN encoder.

Multimodal Fusion: To effectively integrate multimodal in-
formation and capture consistency among different modals,
we design a model to perform multimodal fusion, which
consists of three multi-head attention layers: Attna,
Attnv , and Attnt.

fai = Attna(ha,hv,ht) (3)
fvi = Attnv(hv,ht,ha) (4)

f ti = Attnt(ht,ha,hv) (5)

where f ξi indicates the fused feature of each modality, they
have the same dimensional space.
Consistency Loss: We utilise a Soft Hirschfeld Gebelein-
Rényi loss (Wang et al. 2019) to maximise the correlations
across multimodal-fused textual, audio and visual features
extracted from the multimodal fusion module. The Soft-
HGR loss is defined as the following equations:

Lcon = −
∑

Q̸=V,Q,V∈F

(E[QTV]− 1

2
tr(cov(Q)cov(V)))

s.t.E[Q] = 0, ∀Q ∈ F (6)

where F = {Ft,Fa,Fv}, Ft = [f t1, f
t
2, ..., f

t
n]

T , Fa =
[fa1 , f

a
2 , ..., f

a
n ]

T , Fv = [fv1 , f
v
2 , ..., f

v
n ]

T . Expectations and
covariances are approximated through sample means and
sample covariances.
Multimodal Integrating with Prompts: To integrate multi-
modal features with prompts, following (Cheng et al. 2024),
we introduce trainable linear mappings σξ to convert multi-
modal feature f ξi into language embedding tokens T :

T ξ = σξ · f ξi , ξ ∈ {a, v, t} (7)

Where T ξ stands for the resulting multimodal tokens of
each modal feature, these tokens are fused with prompt to-
kens through the inner cross-attention mechanism of Causal-
ERC, enabling it to capture and reason about the emotional
content in the multimodal input.
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Algorithm 1: The process of Causal Prompting
Input : U = [u1, ...,uN], LLM-based model fθ
Output: Predicted emotional labels Ŷ = [ŷ1, ..., ŷN]
# Calculate emotional intensities
for i← 1 to N do

# Original prompt prediction
oi ← fθ(P ,ui)
Ii ← ∥oi∥2

for e← 1 to max epoch do
for i← 1 to N do
CMean ← mean(o1, ...,oi−1)
# Select the peak utterance
oPeak ← argmaxo∈{o1,...,oi−1}(∥o∥2)
oEnd ← oi−1

λC1 ← ∥Ii − CMean∥2
λC2 ← ∥Ii − 1

2 (oPeak + oEnd)∥2
if λC1 < λC2 then
Pcau ←PC1

else
Pcau ←PC2

P ′ ← Pins + Phis + Pcau + Plab

o′
i ← fθ(P ′,ui) // Final prediction

# Select highest-probability category as result
ŷi ← argmaxj(o

′
ij)

for i← 1 to N do
oi ← o′

i // prepare logits for the next iteration

return Ŷ

3.5 Causal Prompting
To enhance the LLM’s ability to model long-term context,
we introduce a causal prompting strategy. Firstly, we apply
the Peak-End Rule to classify the causal relationship of each
utterance based on the emotional intensity. Then, we design
tailored causal prompts according to the identified causal
types. The overall procedure is outlined in Algorithm 1.
Causality Categorising: We categorise the causal relation-
ship in a conversation into two distinct types according to
previous work. In causal type C1, language can be the cause
of emotion, where emotion serves as the effect, while in
causal type C2, emotion can affect the use of language,
where emotion serves as the cause.
Vectorized Intensity: To track emotional fluctuations in the
conversation, we capture the emotional intensity of each ut-
terance. We define the emotional intensity Ii as the L2 norm
of the logits vector oi. Moreover, we evaluate emotional
shifts between utterances with the Euclidean distance be-
tween vectors ∥oi − oj∥2.
Peak-End Rule: The peak-end rule is a psychological
heuristic suggesting that people judge an experience largely
based on how they felt at its most intense moment (the
”peak”) and at its end, rather than by the average of every
moment of the experience. This rule explains why individu-
als’ memories of events are often shaped disproportionately
by emotionally charged moments and final impressions. In
the context, this means that certain utterances, especially

those with high emotional intensity or those occurring at the
end, can have a stronger impact on how the overall conver-
sation is perceived emotionally.

• Causal Type C1: In C1, emotional responses are more
deliberate. The speaker carefully considers details and
analyses rationally. As a result, oi tends to align with
CMean = 1/N

∑N
i=1 oi. Therefore, λC1 = ∥CMean −

oi∥2 indicates the proximity of the current utterance to
the causal relationship C1. A smaller value of λC1 indi-
cates that the target utterance is more likely to exhibit the
causal relationship C1.

• Causal Type C2: In C2, emotional responses are quick
and intense. The speaker feels emotions first and ex-
presses them verbally afterwards. Thus, oi is likely in-
fluenced by opeak (the maximum emotion intensity) and
oend = oi−1 (the last utterance in history). As a result,
λC2 = ∥(oPeak +oEnd)/2−oi∥2 indicates the proxim-
ity of the current utterance to the causal relationship C2.
A smaller λC2 indicates that the target utterance is more
likely to exhibit the causal relationship C2.

Based on the above, if λC1 < λC2, it indicates that the
causal relationship is more likely to be C1; otherwise, it is
more likely to be C2. Specifically, for overly long conversa-
tions, we set a history window size Nω and select only the
last Nω utterances to prevent distant context from interfering
with the judgment of causal relationships.
Prompt Design: We design a specific prompt for LLM ac-
cording to the causal relationship. For C1, we supply the
LLM with longer context. If the length of the history con-
text is l in the baseline, it will be increased to l ∗ λC2/λC1.
Moreover, the causal prompt Pcau will be set to PC1:
In this utterance, history utterances

cause the emotion of spi. As a result,
he speaks the current utterance. So
it is important to consider historical
utterances.
For C2, we guide the LLM to focus on the emotion of the
peak utterance, the causal prompt Pcau will be set to PC2:
In this utterance, spi first

experiences his emotion, which then
leads to the production of the current
utterance. So it is necessary to focus
on the < uPeak > to infer the underlying
emotion.
Here, uPeak = argmaxui

(∥oi∥2) represents the utterance
with the most intense emotional activation.

During each iteration, the LLM-based model fθ processes
the causal prompting P ′ = Pins+Phis+Pcau+Plab. Then
P ′ is used to convert conversations to sequences, which
serve as input to the LLM.
Dynamic Prompting: Based on the prediction of emo-
tions from the previous epoch, the model determines the
causal relationship and subsequently adjusts the correspond-
ing causal prompts. This updated prompt is then used as in-
put for the next training epoch, allowing the model to adapt
its reasoning strategy dynamically. Following each iteration,
the model updates its parameters, evolving into fθ′ , which
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Dataset Dialogues Utterances Classestrain val test train val test
MELD 1039 114 280 9,989 1,109 2610 7

IEMOCAP 120 31 5,810 1,623 6

Table 1: Statistics of two conversational datasets.

serves as the new baseline for subsequent training. In this dy-
namic prompt framework, on the one hand, causal prompts
enhance the model’s ability for contextual modelling and
emotional reasoning; on the other hand, the improved ac-
curacy of emotion prediction conversely enables a more re-
liable classification of causal relationships.

4 Experiments
4.1 Datasets
We conduct experiments on the IEMOCAP (Busso et al.
2008) and MELD (Poria et al. 2018) datasets as they are the
most widely used and representative benchmarks for MERC.
The statistics are presented in Table 1.
IEMOCAP consists of sessions where actors perform
scripted scenarios. Each utterance is labelled with one of the
emotions: happy, angry, neutral, sad, excited, or frustrated.
MELD is a multi-party conversation dataset collected from
the TV show Friends, which is an extension of the Emotion-
Lines dataset (Chen et al. 2018). Each utterance is annotated
with one of the emotions: surprise, fear, disgust, anger, sad-
ness, neutral, or joy.

4.2 Comparison Models
We benchmark our framework against a range of ERC mod-
els:
Smaller Models: We compare our proposed Causal-ERC
with various MERC methods, including recurrent-based net-
works (DialogueRNN (Majumder et al. 2019)), transformer-
based networks (MultiEmo (Shi and Huang 2023), CMCF-
SRNet (Zhang and Li 2023), SDT (Ma et al. 2023),
TelME (Yun et al. 2024)), and graph-based networks
(MMDFN (Hu et al. 2022), CORECT (Nguyen et al. 2023),
M3Net (Chen et al. 2023)).
LLM-based Models: InstructERC (Lei et al. 2023) refor-
mulates the ERC task from a discriminative framework to a
generative framework. BiosERC (Xue et al. 2024) extracts
the ”biographical information” of the speaker as supple-
mentary knowledge. Moreover, we prompt ChatGPT on the
MERC task and select pictures from videos as visual input.

4.3 Experimenal Settings
Because no existing MLLM has yet been applied to
the MERC task, we modify Emotion-LLaMA and apply
it to MERC as the baseline. All experiments are con-
ducted on CUDA version 11.7. We select Llama-3.1-8B-
Instruct (Dubey et al. 2024) as the basic LLM. We con-
duct a hyperparameter search for our proposed Causal-ERC
on each dataset by hold-out validation with a validation
set. The hyperparameters to search include learning rate,
batch size and epoch. Given the efficiency and effective-
ness of Parameter-Efficient Fine-Tuning (PEFT), we adopt

LoRA (Hu et al. 2021) and insert low-rank adapters after the
self-attention layers. The adapter dimension is set to 16. All
reported results are averaged from 5 random test set runs.

4.4 Overall Results
Table 2 compares our proposed Causal-ERC with other
methods. For early aggregation-based fusion, as seen in
models like DialogueRNN and MMDFN, they often over-
look the complex interactions between modalities, result-
ing in suboptimal utilisation of contextual cues. Therefore,
most current MERC methods, such as M3Net and Multi-
EMO, employ graph-based fusion methods to capture in-
teractions between modalities, achieving enhanced perfor-
mance. In recent years, LLMs have started to be popular
in ERC due to their strong capabilities in contextual under-
standing. While BiosERC outperforms all previous works,
zero-shot ChatGPT even gets better performance than some
early aggregation-based models.

Nonetheless, these methods typically lack consideration
for the underlying causal dynamics between emotion and
context, and LLM-based methods cannot effectively lever-
age multimodal information. Causal-ERC dynamically de-
termines the model’s focus by leveraging the causal rela-
tionship between emotion and context, allowing it to se-
lectively attend to the most informative content. This ap-
proach achieves state-of-the-art performance in W-F1 scores
compared to previous methods, setting a new benchmark in
the field. The removal of Causal-ERC causes a decrease of
2.83% in the F1 score for the IEMOCAP dataset and 2.41%
for the MELD dataset. This difference in performance im-
provement may be attributed to the fact that conversations
in the IEMOCAP dataset are generally longer and contain
more information compared to those in MELD. Moreover,
our proposed Causal-ERC achieves state-of-the-art perfor-
mance in W-F1 scores compared to previous methods, which
proves the effectiveness of this framework.

4.5 Ablation Study
To investigate the impact of each component of Causal-
ERC, we conducted an ablation study, whose results are
shown in Table 3. w/o represents the removal operation. The
results suggest that all components have worked and all the
improvements are statistically significant, as evidenced by
the paired t-test results with a p-value < 0.05.
Analysis of Multimodal Fusion: We implement the Mul-
timodal Fusion module to capture multimodal information
and use Lcon to improve the quality of them. In Table 3,
the removal of Lcon results in a slight decrease on the
IEMOCAP and MELD datasets. However, the removal of
the whole Multimodal Fusion Module leads to a large de-
crease of 1.75% on the IEMOCAP dataset and 1.87% on
the MELD dataset. To further prove that Causal-ERC can
effectively leverage multimodal information through multi-
modal fusion, we compare the performance of Causal-ERC
on different modality settings. Since Causal-ERC relies on
textual modality to provide prompts for the LLM, we only
conduct modality comparisons including the textual modal-
ity. As shown in Table 4, the performance of Causal-ERC
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Patterns Methods IEMOCAP MELD
Happy Sad Neutral Angry Excited Frustrated W-F1 Neutral Surprise Fear Sadness Joy Disgust Anger W-F1

AVT ⋆DialogueRNN♭ 32.20 80.26 57.89 62.82 73.87 59.76 62.89 76.97 47.69 - 20.41 50.92 - 45.52 57.66
AVT ⋆MMDFN ♯ 42.22 78.98 66.42 69.77 75.56 66.33 68.18 77.76 50.69 - 22.93 54.78 - 47.82 59.46
AVT ⋆M3Net♭ 52.74 79.39 67.55 69.30 74.39 66.58 69.24 79.31 58.76 20.51 40.46 63.21 26.17 52.53 65.47
AVT ⋆MultiEMO ♮ 52.46 83.44 71.46 66.26 73.86 67.77 70.61 79.05 56.75 20.78 41.07 64.72 29.36 53.48 65.63
AVT CMCF-SRNet ♮ 52.20 80.90 68.80 70.30 76.70 61.60 69.60 - - - - - - - 62.30
AVT ⋆CORECT ♮ 59.30 80.53 66.94 69.59 72.69 68.50 70.02 - - - - - - - -
AVT ⋆ SDT‡ 56.21 75.66 68.64 65.62 80.28 63.36 69.19 79.65 58.10 7.55 42.58 63.65 14.46 51.74 65.14
AVT ⋆ TelME ♮ - - - - - - 70.48 80.22 60.33 26.97 43.45 65.67 26.42 56.70 67.37
VT ChatGPT‡ 52.08 64.48 54.19 37.67 39.47 52.70 50.76 73.88 50.61 33.33 41.42 54.20 38.41 53.76 61.39
T ⋆ BiosERC ♮ - - - - - - 71.19 - - - - - - - 69.83
T ⋆ InstructERC ♮ - - - - - - 71.39 - - - - - - - 69.15

AVT Baseline‡ 58.90 81.18 69.22 66.28 64.16 70.01 69.06 80.34 57.79 27.91 44.38 65.20 44.93 58.05 67.84
AVT Causal-ERC (Ours) 62.95 80.61 72.80 67.76 74.14 68.83 71.89 81.84 62.96 31.75 47.67 67.69 45.53 61.03 70.25

Table 2: Per-class F1 scores (%) and W-F1 (%) comparison between our method and different ERC models in different modality
settings (A, V, T represent acoustic, visual, and textual modalities, respectively). ⋆ indicates the source code has been released.
‡ denotes our re-implementation results. ♯, ♭, and ♮ represent results from (Hu et al. 2022), (Shi et al. 2023), and original papers.

Methods IEMOCAP MELD
Happy Sad Neutral Angry Excited Frustrated W-F1 Neutral Surprise Fear Sadness Joy Disgust Anger W-F1

Ours 62.95 80.61 72.80 67.76 74.14 68.83 71.89 81.84 62.96 31.75 47.67 67.69 45.53 61.03 70.25
w/o Lcon 55.12 85.00 74.78 66.49 74.10 63.82 71.01 81.39 62.84 32.00 42.21 67.71 41.44 60.19 69.37

w/o Multimodal Fusion 61.39 82.97 70.93 64.39 77.05 61.56 70.14 80.00 59.11 33.66 46.29 66.67 43.06 58.97 68.38
w/o Causal Prompting 54.92 81.65 69.88 67.02 76.18 67.70 70.68 80.99 64.93 30.77 48.69 67.96 51.09 49.81 68.82

Table 3: Ablation results of Causal-ERC, which shows the impact of key components on W-F1 performance (%).

Patterns IEMOCAP MELD
Acc WF1 Acc WF1

T 69.19 69.13 69.43 68.10
AT 70.12 70.18 69.62 68.80
VT 71.29 71.23 69.81 69.50

AVT 71.66 71.89 70.50 70.25

Table 4: Accuracy and W-F1 performance (%) across dif-
ferent modalities. A, V, and T represent the acoustic, visual,
and textual modalities, respectively.

improves accordingly with the increase of modality num-
ber. This indicates the ability of Causal-ERC to integrate and
utilise multimodal information effectively.
Analysis of Causal Prompting: To improve the LLM’s
ability in long-term context modelling, we introduce causal
prompting on Causal-ERC. In Fig. 3, we compare the at-
tention distributions of Causal-ERC and Causal-ERC w/o
Causal Prompting at different token positions. The results
show that after introducing causal prompting, the LLM as-
signs higher attention scores to more distant tokens, at the
cost of reduced attention to nearby tokens. This indicates
that causal prompting effectively enhances the LLM’s abil-
ity to model long-range context.

4.6 Long-term Conversation Analysis
In Fig. 4, we illustrate the performance improvements of
Causal-ERC over the baseline model. Causal-ERC consis-
tently outperforms the baseline across various emotion cat-

0 200 400 600 800
0.2

0.0

0.2

Figure 3: The improvement in attention scores of Causal-
ERC compared to Causal-ERC w/o Causal Prompting.

egories and conversation positions. Notably, the baseline
model performs relatively poorly in long conversation po-
sitions, indicating its difficulty in capturing long-term con-
textual dependencies. However, Causal-ERC mitigates this
weakness to some extent, demonstrating improved perfor-
mance in longer conversations. As shown in Fig. 5, after
introducing causal prompting, Causal-ERC achieves sub-
stantial performance improvements, especially on long con-
versations. This suggests that Causal-ERC enhances the
model’s ability to retain and utilise contextual information
more effectively throughout extended conversations.

4.7 Hyper-parameter Analysis
As shown in Fig. 6, we evaluate the impact of varying
the history window size Nω on model performance across
different datasets. On IEMOCAP, performance consistently
improves with larger history windows and peaks at Nω = 8,
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Figure 4: Performance of Causal-ERC and Baseline across
different emotional categories, types (ES: Emotion Shift)
and conversation positions (Short: first 1/3, Medium: mid-
dle 1/3, and Long: last 1/3) on the IEMOCAP dataset.
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Figure 5: Lifting performance of Causal-ERC on different
positions in conversations on the IEMOCAP dataset.
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Figure 6: Lifting performance of Causal-ERC compared to
the Baseline across different history window sizes on the
validation dataset.

after which it begins to decline. A similar trend is observed
on MELD, though the performance peaks earlier at Nω = 6.
This difference can be attributed to the fact that conversa-
tions in IEMOCAP are generally longer and more context-
dependent than those in MELD.

4.8 Case Study
As shown in Fig. 7, we select a conversation between a male
and a female speaker as a case study to demonstrate Causal-
ERC’s improvement in emotion recognition. For the second-
to-last utterance, a surface-level interpretation might lead to
the mistaken assumption that the male is angry due to an un-
successful service request. However, within the Causal-ERC
framework, the causal type of this utterance is C2, where
the current utterance is emotionally driven. By referencing
cues from the peak utterance, Causal-ERC effectively infers
that the male’s emotion is not anger toward the service it-

Peak 
U

tterance

I put- I've been typing my number in millions of 
times, it won't listen to me, it's not working, and 

I can't get a single human being, and finally-
Baseline:Angry
w/o Causal-ERC: Frustrated

Label: Frustrated
Causal type: C2

Okay.

Hi, sir.  How can I help you?
Oh, thank God.  Do you know how long 
I've been on the phone for half an hour 

trying to talk to a freaking human being.

All I want to do is put my, pay for my freaking 
credit card, and there's something wrong in 

my bill, Like I swear, it says I didn't paid last 
month, but I know I paid last month.

History Context

[LAUGHTER] All right.  I'm sorry, sir that 
you've been having a hard time.

Baseline: Happy
w/o Causal-ERC: Neutral

Label: Neutral
Causal type: C1

Figure 7: Examples of conversation in the IEMOCAP
dataset for the case study. The golden labels for the utter-
ances are highlighted in green font.

self, but rather disgust toward the intelligent customer ser-
vice system. Moreover, for the final utterance, the baseline
model incorrectly classifies the emotion as happy simply
due to the presence of “[laughter].” In contrast, Causal-ERC
recognises the causal type of this utterance is C2, the female
is likely expressing polite or formal laughter, and thus cor-
rectly categorises the overall emotion as neutral.

4.9 Error Analysis

Many prediction errors of our Causal-ERC framework are
related to class imbalance, which is evidenced by the low F1
scores of 31.75% and 45.53% for the ’Fear’ and ’Disgust’
emotions in the MELD dataset. Additionally, emotional shift
remains a persistent challenge. To validate this claim, we
analysed the performance of Causal-ERC under both ES and
non-ES scenarios. Causal-ERC’s performance on conversa-
tions with emotion shift samples is consistently lower than
that without emotion shift, with a WF1 score drop of 13.63%
on the IEMOCAP dataset and 12.71% on the MELD dataset.
This may be because the emotional shifts lead the model to
capture incorrect causal relationships.

5 Conclusion

In this paper, we propose Causal-ERC, a novel MLLM-
based framework with causal prompting for MERC. Causal-
ERC fuses multimodal information and conducts context
modelling with speaker information. Moreover, Causal-ERC
can analyse the causal relationship of each utterance through
the Peak-End Rule and selects the corresponding causal
prompt to improve the ability of long-term context mod-
elling. Extensive experiments on IEMOCAP and MELD
datasets validate the effectiveness of Causal-ERC.
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