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Abstract

Multimodal emotion recognition in conversation (MERC)
achieves accurate predictions by integrating multimodal and
contextual information in dialogues. While current MERC
approaches focus on modeling complex contextual dependen-
cies in conversation, they often overlook the impact of con-
textual emotional inertia in emotion shift, leading to sub-
optimal performance. To address this issue, we propose a novel
Emotional Inertia-Informed Supervised Contrastive Learning
module (EII-SCL) that informs the contrastive objective by con-
structing inertia-affected samples within temporal windows, ef-
fectively leveraging emotional inertia as a prior while enabling
seamless integration with existing MERC models without re-
quiring additional data. Extensive experiments on IEMOCAP
and MELD show that our approach consistently outperforms
state-of-the-art methods.

Index Terms: Emotional Inertia, Emotion Recognition in Con-
versation, Multimodal Network, Contrastive Learning

1. Introduction

Emotion recognition in conversation (ERC) is a key technique
in applications such as human-computer interaction and intelli-
gent medical care [1]. Different from traditional emotion recog-
nition, ERC analyzes dialogue turns and assigns one emotion
label per utterance in the dialogue [2,3].

The core of ERC lies in modeling contextual dependencies
between utterances. Mainstream methods construct dialogue
structures through graph neural networks to explicitly capture
such a relationship. MMGCN [4] extends graph neural net-
works to multimodal settings, exploring a more effective way
of utilizing both multimodal and long-distance contextual infor-
mation. AdalGN [5] uses an adaptive graph selection strategy
to balance intra- and inter-modal interaction, better handling the
challenge of balancing cross-speaker contextual dependencies.
Recent studies have explored advanced representation learning
strategies to improve feature discrimination in conversational
and speech-related tasks [6-10]. However, most of the contex-
tual modeling works [11-14] overlook emotional inertia, mak-
ing their models unable to leverage such an important psycho-
logical behavior of humans to improve ERC performance.

Emotional inertia [15, 16] is a psychological concept that
describes the resistance of emotions to change. In a conver-
sational environment, an individual’s previous emotional state
will have a lasting impact on current and future emotions, i.e.,
the emotional state of a speaker tends to maintain a gradual and
smooth transition rather than irregular and drastic changes. Cur-
rent research generally studies the phenomenon of emotion shift
between discourses, such as introducing emotion shift detection
modules [17], utilizing conversation-level curriculum learning

based on emotion shift frequency to progressively enhance the
model’s ability to recognize emotions [18], and modeling mul-
tiple emotion labels [19,20]. Although these studies have suc-
cessfully modeled the emotion shift phenomenon, they failed to
fully consider the emotional dependence of the same speaker in
continuous emotion expressions and emotion transitions, which
limits the in-depth understanding of the dynamics of emotional
inertia.

To address the above challenges, we propose a module
called emotional inertia-informed supervised contrastive learn-
ing (EII-SCL). Specifically, we introduce a supervised con-
trastive loss, which imposes constraints on multimodal features
based on the emotional inertia of the same speaker within a local
time window. As a general module, EII-SCL can be integrated
into typical MERC models and improve their performance with-
out adding additional data annotations. Compared with existing
work, our main contributions are reflected in three aspects:

» This paper proposes an innovative supervised contrastive
learning module called EII-SCL. The module constructs
hard-negative samples influenced by emotional inertia by
jointly leveraging speaker identity, emotional labels, and lo-
cal time windows, and it designs a dynamic weighting mech-
anism for these samples to capture the gradual transitions be-
tween different emotional states.

By rationally selecting positive, easy-negative and hard-
negative samples, we analyze and validate the emotional in-
ertia phenomenon on emotion recognition datasets.

¢ Our experiments demonstrate that EII-SCL can harness emo-
tional inertia for MERC tasks without adding additional data.
A basic MERC model equipped with the EII-SCL module
can outperform the current SOTA methods.

2. Methodology
2.1. Task Definition

Consider a dialogue consisting of k temporally ordered utter-
ances, denoted as U = {ui}le, where individual utterances
have corresponding emotion labels {yi}le and speaker labels
{si}le. The emotion label y; belongs to a predefined set of
emotions ). Each utterance u; is accompanied by multimodal
data, including a video clip, an audio segment, and a text tran-
script. Formally, we represent a dialogue as follows:

UXxYXS = {{ug(s),yi,si} |6 €{a,t,v},ys €V, s: 68},
(D

where ugé) denotes the modality-specific representation (text,
audio, or video) of the ¢-th utterance. The ERC task involves
predicting the emotion label g; for each utterance u; in the dia-
logue, leveraging information from all £ utterances.
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Figure 1: The overall architecture of the proposed EII-SCL approach. The backbone MERC model completes emotion prediction
through contextual features extraction, multimodal feature fusion, and emotion classification. EII-SCL works with the backbone network
to learn more subtle and discriminative feature representations through a carefully designed inertia-informed sampling strategy. The
thickness of the lines indicates the intensity of the repulsive force, and different colors of the utterances represent different emotion
labels. Solid-line and dashed-line rectangles represent trainable and frozen models, respectively.

2.2. Overall Framework

As shown in Figure 1, the proposed emotional inertia-informed
supervised contrastive learning (EII-SCL) framework consists
of the following components. First, a basic MERC model pro-
cesses the conversation data and generates the final emotion pre-
dictions. The EII-SCL module processes the fused multimodal
features. Through a supervised contrast loss function, the mod-
ule improves the perception of emotional inertia of the MERC
and feature fusion models through supervised negative samples
construction.

2.3. Backbone MERC Model

A basic MERC model typically consists of three parts: contex-
tual feature extraction, multimodal feature fusion, and emotion
classification. For each modality, we employ pre-trained en-
coders to obtain utterance-level representations:
s 8 (8 .
m'E >: C(HC)(U( >)7 6€{t7a7v}’ Z:1""7k7 (2)

k3

where § € {t,a,v} and the modality-specific embedding is ob-
tained by averaging the final layer’s outputs of the correspond-
ing encoder. To capture the temporal dependencies within a di-
alogue, the modality-specific embeddings are processed using
bidirectional GRUs:

RO = . rP =Bi-GRU!”,...,2!"). (3)

The contextual representations from different modalities
are fused via a feature fusion module (e.g., Transformer-based
[21] or Graph-based [22]):

F=I[f,...

where f; € RPs denotes the fused multimodal embedding of
utterance u;. Each fused embedding f; is fed into a classifier
to obtain emotion probabilities p;, optimized using the standard
cross-entropy loss Lo k.

, ] = FeatureFusion|[R"), R R™)], (4)

2.4. Emotional Inertia-Informed Contrastive Learning

The key to modeling emotional inertia lies in effectively dis-
tinguishing between utterances influenced by emotional inertia

and those that are not. In this work, we apply the concept of
emotional inertia in the context of contrastive learning. Previ-
ous supervised contrastive learning methods do not take into ac-
count the emotion labels of adjacent utterances, i.e., they only
treat utterances with the same emotion label as positive pairs
and those with different emotion labels as negative pairs, re-
gardless of their locality in the dialog.

Emotional inertia reflects the temporal persistence and re-
sistance to change of emotional states. This characteristic sug-
gests an important observation: in a dialogue, even when an
emotion shift occurs, adjacent utterances from the same speaker
often remain semantically similar due to the gradual transition
between emotional states, although they are assigned different
discrete emotion labels. If a contrastive learning framework ig-
nores such emotion transitions when forming negative pairs, it
fails to account for the dynamic influence of emotional inertia,
thereby limiting the model’s ability to capture the gradual evo-
lution of emotional states.

To address the aforementioned issue, we redefine the posi-
tive and negative sets by incorporating an adaptive inertia win-
dow that dynamically adjusts the context scope based on the
semantic similarity between utterances. The positive pairs P;
for the i-th utterance consist of samples from the same speaker
with the same emotion label:

Pi={fi|sj=si,u; =vi,Vj #1i}, 5)

where s; and y; denote the speaker and emotion labels of ut-
terance u,;, respectively. To adaptively determine the contextual
scope of emotional inertia, we estimate the inertia window us-
ing an attention mechanism. Specifically, the attention weight
between the anchor utterance ¢ and another utterance j from the
same speaker is computed as:

exp (Wofi) (Wi f;)) s,
> ki oxp (Wofi)T(Wifs)

St=s5;

=s (6

aij =

where W, and W, are learnable query and key projection ma-
trices, and ¢ indexes all utterances from the same speaker ex-
cept the anchor i. The inertia window size is then defined as the
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attention-weighted temporal distance:

wi=| > ali—jl|, @

J#1, $5=5;

where |i— j| denotes the index-based temporal distance between
the 7 utterance and 7" utterance spoken by the same speaker,
and |-| converts the result to an integer window size. For the
negative set, we define the emotional inertia window W; as:

Wi ={j|s; =s:,V|i—j| <wi}, (®)

By using the emotional inertia window, we construct two dis-
tinct negative sample sets: N7*™ and N

NI ={fi | si # s} US| 55 = 80,05 #yi,J ¢ Wi}

NP = (§5 | 85 = si,95 # yirj € Wi}
9

The easy-negative set N; > combines utterances from different
speakers with those from the same speaker but different emo-
tion labels and falls outside the inertia window WV;. The hard-
negative set A/ captures the emotional states of same-speaker
utterances with different emotion labels within the inertia win-
dow W;, reflecting the emotional persistence characteristic of
emotional inertia. This formulation models emotional inertia
by considering speaker-specific temporal windows.

Given the fused embeddings {fi}%_;, we define the emo-
tional inertia-informed contrastive loss as:

S =" exp(cos(fi, £;)/7),

fi€P;

S;= Y exp(cos(fi, fi)/T)

FENT

+ Z (M) ‘exp(COS(fiyfh)/T%
—_—

hard
Fr €N
dynamic weight

(10)

where cos(,) denotes the cosine similarity and 7 is a tempera-
ture parameter. The dynamic weight adjusts the repulsive force
based on their similarity to the anchor, thereby avoiding over-
penalizing potentially similar utterances while maintaining dis-
criminability. The final contrastive loss for emotional inertia
modeling is computed as:

1 St
L‘/eiiz—* lo 7i. 11
k; B (11

2.5. Joint Training

The proposed model is optimized with a loss function £ that
combines the basic cross-entropy loss Lo g with Le;; for emo-
tional inertia-informed learning. Specifically, EII-SCL collab-
orates with the Basic MERC model by jointly minimizing the
following losses:

L =Lce+ alei, (12)

where « is the coefficient used to balance the two losses.

3. Experiments
3.1. Datasets and Evaluation Metric

IEMOCAP [25] is a widely used dataset for emotion recog-
nition in conversation. For partitioning the data, we utilized
the commonly used LOSO (Leave-One-Session-Out) strategy.
MELD [26] is a multi-modal, multi-speaker conversational
dataset derived from the TV series Friends. To ensure a fair
comparison, we followed the predefined train/val/test splits pro-
vided by the dataset, ensuring data allocation aligned with [27].
Similar to other recent studies, we adopt the accuracy and
weighted F1-score (w-F1) for evaluation.

3.2. Backbone MERC Models and Implementation Details

In order to measure the effectiveness of our proposed EII-SCL
module, we constructed our backbone model through two repre-
sentative MERC methods: Transformer-based and Graph-based
methods.

The Transformer-based method uses the concatenated fea-
tures through a transformer encoder to further capture multi-
modal complementary information, which we refer to as MM-
TransFormer:

F =[f1,..., fx] = TransEncoder[R', R*, R"], (13)

The Graph-based method refers to the graph construction ap-
proach of DialogueGCN [22]. Given that this model primar-
ily focuses on the single-text modality, we extend it to a multi-
modal framework for a fair comparison. Specifically, we con-
catenate the multimodal features as the input, construct the
graph, and perform feature transformation in a manner consis-
tent with the original configurations, which we refer to as MM-
DialogueGCN:

F =[fi,..., fx] = DialogueGCN[R', R*, R"], (14)

We integrate the proposed EII-SCL into these two backbone
MERC models to evaluate the impact of EII-SCL.

To ensure that methods remain consistent at the feature ex-
traction level, we used the same pre-trained encoder setting to
extract features of the three modalities in the backbone MERC
models. Specifically, we use ROBERTa [28], Wav2vec2.0 [29],
and CLIP [30] for the text, audio, and visual modalities, respec-
tively. We conducted all experiments on a single NVIDIA RTX
4090 GPU, training for 40 epochs on IEMOCAP and 50 epochs
on MELD with a batch size of 13. The model was optimized
using Adam with a learning rate of 0.0002 and a dropout rate of
0.3. The temperature 7 = 0.07 and scaling factors a = 0.02.
Finally, we averaged the weights from the last 10 checkpoints
to obtain the final model for evaluation.

3.3. Overall Results

Table 1 shows the detailed results on both datasets. Af-
ter integrating the EII-SCL module, both backbone networks
significantly outperform all baseline models. Notably, while
the FEMI [12] shows outstanding performance in recognizing
“frustrated” and “sad” emotions, its w-F1 score for “happy” is
significantly lower (60.60%), revealing potential emotional la-
bel bias in conventional approaches.

3.4. Emotional Inertia Analysis in IEMOCAP Dataset

To explore how emotional inertia affects emotion recognition
in conversation, we analyze this phenomenon in the IEMO-
CAP dataset. We first define hard-negative set (NM) and
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Table 1: Accuracy and weighted-average F1 score (w-F1) compared with other baselines. Best and second-best results are displayed in
bold and underline, respectively. “MM-TransFormer” means using a simple Transformer encoder as the feature fusion module to fuse
the concatenated multimodal features. * indicates our reproduced results from DialogGCN under the multimodal setting (T+A+V).

Baseline Model Proposed IEMOCAP MELD
Year Happy | Sad | Neutral | Angry | Excited | Frustrated | Acc | w-F1 | Acc | w-F1
DialogGCN [22] 2019 4275 | 84.54 | 63.54 | 64.19 | 63.08 66.99 65.25 | 64.18 - 58.10
MMGCN [4] 2021 4514 | 77.16 | 64.36 | 68.82 | 74.71 61.40 66.36 | 66.26 | 60.42 | 58.31
CFN-ESA [23] 2023 53.67 | 80.60 | 71.65 | 70.32 | 74.82 68.06 71.04 | 70.78 | 67.85 | 66.70
AdalGN [5] 2024 53.04 | 81.47 | 71.26 | 65.87 | 76.34 67.79 - 70.74 - 66.79
DER-GCN [24] 2025 58.80 | 79.80 | 61.50 | 72.10 | 73.30 67.80 69.70 | 69.40 | 66.80 | 66.10
FEMI [12] 2025 60.60 | 85.55 | 7092 | 7098 | 75.13 69.00 71.97 | 73.53 | 64.88 | 66.41
MM-DialogGCN* 73.53 | 7414 | 6735 | 71.12 | 73.48 71.53 71.45 | 71.14 | 67.32 | 66.28
-with EII-SCL (Proposed) 2026 76.92 | 6583 | 69.42 | 72.24 | 78.42 73.26 73.13 | 73.15 | 67.83 | 66.97
MM-TransFormer 73.84 | 67.48 | 7090 | 71.18 | 75.56 72.43 72.53 | 72.57 | 67.64 | 66.58
-with EII-SCL (Proposed) 2026 75.81 | 77.59 | 7216 | 69.10 | 79.09 72.79 73.95 | 74.01 | 68.19 | 67.33

easy-negative set (") using different window sizes w. As
illustrated in Figure 2, the proportion of hard-negative set
among all negative samples increases rapidly with larger win-
dow sizes, indicating that more negative samples are identified
as hard-negative samples. Simultaneously, we evaluate the aver-
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Figure 2: Impact of window size w on the average similarity
and proportion of negative samples on the IEMOCAP dataset.
The proportion of hard-negative samples indicates the ratio of
hard-negative samples to all negative samples. When w = 0,
all negative samples are considered as easy-negative samples.

age cosine similarity between hard-negative and easy-negative
pairs, respectively. The results demonstrate that across all win-
dow size configurations, hard-negative samples consistently ex-
hibit significantly higher average similarity compared to easy-
negative samples (all p-values < 0.001). Notably, the similar-
ity gap is most pronounced at the smallest window size (w =
1), where the average similarity of hard-negative samples sur-
passes that of easy-negative samples by a substantial margin
of 0.3645, and even the positive samples. This validates our
hypothesis, making these inertia-affected utterances more chal-
lenging to distinguish in the typical MERC methods.

3.5. Impact of Dynamic Inertia Window

The results in Figure 3 compare the proposed dynamic iner-
tia window with fixed window settings. Fixed windows intro-
duce a predefined temporal scope that may not accurately reflect
the varying persistence of emotional states in conversations. In
contrast, the proposed attention-based dynamic window size w®
adaptively adjusts the contextual range according to the seman-
tic relevance between utterances. This adaptive mechanism en-
ables the model to capture emotional inertia more effectively by
expanding the window in emotionally stable regions while con-
tracting it during abrupt emotional transitions. As a result, the

dynamic window consistently provides more informative hard-
negative samples, leading to improved ERC performance com-
pared with fixed window configurations.

w-F1 Score (¢

012 4 8 10 20 E 012 4 8 10 20 35
Number of Inertia Window Size w in EIl-SCL Number of Inertia Window Size w in EII-SCL

Figure 3: Impact of the dynamic and fixed inertia window size
on ERC performance. The dynamic window adjusts to capture
emotional persistence for each utterance.

3.6. Performance on Ambiguous Emotion Pairs

The results in Table 2 indicate that the proposed EII-SCL mod-
ule effectively reduces misclassification rates between ambigu-
ous emotion pairs (e.g., Hap-Exc means the true “Happy” label
was incorrectly predicted as “Excited”), thereby improving the
overall emotion prediction performance. This demonstrates EII-
SCL’s capability to enhance emotion discriminability by learn-
ing more separable representations in confusing scenarios.

Table 2: Misclassification rates reduction of EII-SCL between
ambiguous emotion pairs on IEMOCAP (Lower the better).

Methods Exc-Hap | Sad-Fru|Neu-Fru |Ang-Fru | Fru-Neu
MM-DialogGCN | 8.85 19.23 | 19.56 | 27.37 12.22
-with EII-SCL 6.36 19.88 | 14.08 | 24.54 | 11.92
MM-TransFormer| 7.54 24.62 | 16.53 19.55 8.98
-with EII-SCL 5.37 19.05 | 14.78 | 17.35 8.11

4. Conclusions

We have proposed the emotional inertia-informed supervised
contrastive learning (EII-SCL), which leverages emotional iner-
tia—the psychological phenomenon in which emotional states
tend to resist change over time—to enhance multimodal emo-
tion recognition in conversation. Specifically, we select hard-
negative samples within speaker-specific temporal windows
in the supervised contrastive learning, enabling the model to
learn more discriminative feature representations. EII-SCL can
be seamlessly integrated into the backbone model to perceive
the inherent emotional inertia in conversations, demonstrating
state-of-the-art performance on both the MELD and IEMOCAP
datasets.
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