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Abstract

Emotion recognition in conversations (ERC) aims to predict the emotional state of each utterance by
using multiple input types, such as text and audio. While Transformer-based models have shown
strong performance in this task, they often face two major issues: high computational cost and heavy
dependence on speaker information. These problems reduce their ability to generalize in real-world
conversations. To solve these challenges, we propose LPGNet, a Lightweight network with Parallel
attention and Gated fusion for multimodal ERC. The main part of LPGNet is the Lightweight Parallel
Interaction Attention (LPIA) module. This module replaces traditional stacked Transformer layers
with parallel dot-product attention, which can model both within-modality and between-modality
relationships more efficiently. To improve emotional feature learning, LPGNet also uses a dual-gated
fusion method. This method filters and combines features from different input types in a flexible and
dynamic way. In addition, LPGNet removes speaker embeddings completely, which allows the model
to work independently of speaker identity. Experiments on the IEMOCAP dataset show that LPGNet
reaches over 87% accuracy and F1-score in 4-class emotion classification. It outperforms strong baseline
models while using fewer parameters and showing better generalization across speakers.

Keywords: multimodal emotion recognition; parallel attention; dual-gated fusion; speaker-independent;
lightweight network

1. Introduction
Emotion recognition in conversations (ERC) [1,2] focuses on identifying the emotional state of

each utterance by using multiple types of input, such as text, audio, and visual signals. It plays an
important role in human-computer interaction (HCI) [3,4], especially in building systems that can
understand and respond to users’ emotions. ERC is a key part of many real-world applications,
including empathetic dialogue systems, emotion-aware virtual assistants, and mental health support
tools. These systems are widely used in areas like intelligent voice assistants, customer service robots,
and telemedicine. Compared to traditional emotion recognition based on a single input type, ERC
brings more challenges. This is because it requires understanding context over time, handling frequent
speaker changes, and processing emotional signals across different modalities. These challenges make
ERC a complex but important problem in affective computing.

Recent ERC models based on Transformer [5] and graph neural network (GNN) [6–8] architectures
have shown strong performance. However, they often face two key challenges. First, deep sequential
layers lead to high computational cost, which limits deployment in real-time systems. Second, many
models depend heavily on speaker identity features, making them less effective in open-domain or
anonymous settings, where speaker information is missing or unavailable. These limitations highlight
the need for efficient and speaker-independent ERC models.
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To improve multimodal fusion in ERC, several attention-based approaches have been developed.
These methods aim to better integrate features from different input types, such as text and audio. For
example, Tang et al. [9] introduced an audio-text interactive attention mechanism that strengthens
cross-modal understanding. Zhao et al. [10] proposed collaborative attention to align emotional
information across pre-trained features. Maji et al. [11] designed a cross-modal Transformer block to
capture both semantic and temporal dependencies across modalities. Although these techniques have
demonstrated good performance, they often come with a high cost. Their architectures are usually
deep and complex, which increases both training and inference time. As a result, these models are not
well-suited for real-time or resource-constrained environments, such as mobile devices.

In addition to attention-based models, graph neural networks (GNNs) have also been applied
to ERC. Methods such as DialogueGCN [6] and MMGCN [12] aim to capture speaker interactions
by constructing dialogue graphs. These models can represent complex conversational structures but
rely heavily on speaker identity labels and manually crafted graphs. This dependency reduces their
flexibility and limits their usefulness in open-domain applications, where such information may be
unavailable or inconsistent.

These limitations become especially important when considering real-world ERC applications. In
practical settings, systems must often deal with unknown, anonymous, or changing speakers [13–15].
They also need to perform emotion recognition in a zero-shot manner, without prior training on
speaker-specific data. For instance, voice assistants must understand a user’s emotions during their
first interaction, without relying on stored speaker profiles [16]. Similarly, customer service bots
interact with a wide range of users, many of whom are anonymous or change frequently. In such cases,
speaker embeddings offer little benefit. Multi-user devices, such as smart home terminals, require
models to handle frequent speaker switching without identity tracking.

Recent ERC methods based on large language models (LLMs) [17–19] also reveal inconsistencies
in how speaker information is handled. InstructERC [20] treats ERC as a generation task using emotion
templates, but it does not explicitly model speaker roles. DialogueLLM [21] uses dialogue context and
visual cues but omits speaker identity. BiosERC [22] goes further by showing that privacy constraints
often prevent the use of identity labels, meaning that models must rely only on the dialogue context.
These findings underline the importance of speaker-independent emotion modeling for real-world
applications.

Alongside attention and graph-based techniques, self-distillation [23–25] has emerged as a promis-
ing solution for improving model performance without increasing complexity. Unlike traditional
distillation methods that rely on an external teacher model, self-distillation enables a network to
learn from its own intermediate features. For example, Li et al. [26] introduced a teacher-free feature
distillation method in vision tasks, where a model reuses useful internal representations to boost its
own learning. This strategy reduces both memory and computation costs, making it well-suited for
lightweight deployment.

Based on these insights, we propose LPGNet, a lightweight and speaker-independent framework
for multimodal emotion recognition in conversations. LPGNet is designed to address three major
issues: high inference cost, reliance on speaker information, and the need for efficient deployment in
practical scenarios.

Our key contributions are as follows:

• We design a Lightweight Parallel Interaction Attention (LPIA) module to replace stacked Trans-
former layers, allowing efficient modeling of intra- and inter-modal relationships.

• We introduce a dual-gated fusion strategy to refine and dynamically combine multimodal features.
• We remove speaker embeddings entirely, enabling better generalization to unseen speakers and

anonymous environments.
• We apply a self-distillation mechanism to internally extract and reuse useful emotional knowledge

without requiring external teacher models.
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Extensive experiments on the IEMOCAP benchmark show that LPGNet achieves over 87%
accuracy and F1-score for 4-class emotion classification. It not only outperforms strong baseline models
but also shows better generalization to unknown speakers, all while using fewer parameters.

2. Related Work
2.1. Multimodal Fusion Strategies in Emotion Recognition

Multimodal emotion recognition (MER) [27] aims to integrate signals from different modalities
such as text, speech, and vision. Early models relied on recurrent neural networks and memory-
based fusion techniques. For example, CMN [28] used GRUs to model speaker history and applied
attention to extract relevant emotion patterns from past utterances. ICON [29] extended this by
introducing interactive memory modules to model affective influence between speakers. These
methods successfully leveraged dialogue context but involved complex architectures, making them
difficult to scale for large or real-time applications.

More recently, Transformer-based methods have become dominant. MER-HAN [30] uses a three-
stage attention framework to model intra-modal, cross-modal, and global features. While this improves
interpretability, it increases model complexity and may suffer from misalignment across modalities.
To improve efficiency, models like SDT [5] apply parallel intra- and cross-modal attention combined
with gated fusion and self-distillation. XMBT [31] introduces shared bottleneck tokens for cross-modal
interaction, which helps reduce inference cost and allows flexible modality integration.

Despite performance gains, these methods still face key limitations. Many use deep sequential
Transformers that are computationally expensive. Others lack dynamic weighting, treating all modali-
ties equally—even when one modality carries more emotional information than others. To address
this, LPGNet introduces a Lightweight Parallel Interaction Attention (LPIA) module to replace stacked
layers and reduce computation. It also includes a dual-gated fusion mechanism to dynamically filter
and combine multimodal features based on signal strength and context.

2.2. Speaker Dependency and Real-World Limitations

Several advanced MER models, including COSMIC [32] and DialogXL [33], incorporate speaker
identity information or model speaker-role interactions through GNNs. While this improves perfor-
mance in speaker-labeled datasets, it reduces flexibility in real-world conditions where speaker labels
are unavailable or privacy constraints exist. For instance, voice assistants and multi-user devices often
encounter new or anonymous speakers. In such cases, models depending on speaker embeddings may
fail to generalize. Recent research has explored speaker-independent modeling. SIMR [34] attempts to
remove identity bias by disentangling style and semantic content in non-verbal modalities. However,
most systems still include speaker-level features or require predefined speaker roles, limiting their
adaptability in open-domain dialogue.

Existing approaches do not fully eliminate speaker dependence. In contrast, LPGNet is designed
to be speaker-independent by default. It removes all speaker-related inputs and structures, allowing
the model to generalize across unknown speakers and dynamically changing roles—an essential
requirement for scalable and privacy-aware systems.

2.3. Lightweight Learning with Self-Distillation

As emotion recognition moves toward real-time and mobile applications, efficiency has become a
core concern. Traditional models like MER-HAN and SDT require deep Transformer stacks, which
increase latency and memory usage. Knowledge distillation (KD) has been proposed to compress
large models while maintaining accuracy. For example, DMD [35] uses cross-modal distillation to
decompose and transfer shared and unique features. MT-PKDOT [36] applies multi-teacher distillation
to guide student models using diverse sources. While effective, these strategies often require additional
teacher models and increase training complexity. Some models, like SDT, use self-distillation to reuse
internal knowledge, but they still rely on heavy architectures.
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Few models combine self-distillation with lightweight structures. LPGNet adopts a teacher-free
self-distillation approach within a compact design. It transfers knowledge across internal layers
without needing extra networks, improving performance and efficiency. This allows LPGNet to
remain accurate while significantly lowering inference cost and parameter size, making it suitable for
real-world, resource-constrained deployment.

3. Proposed Method
3.1. Task Definition

The input to the ERC task is a conversation composed of N utterances {u1, u2, . . . , uN}, where
each utterance ui contains both textual and acoustic modalities. After feature extraction, the text and
audio features are projected to a common latent space:

Xt ∈ RB×Ui×F, Xa ∈ RB×Ui×F (1)

Here, B is the batch size, Ui denotes the number of utterances, and F is the feature dimension.
The goal of ERC is to predict an emotion label for each utterance ui from a set of predefined emotion
classes.

3.2. Overview

Figure 1 provides an overview of the proposed LPGNet model. After extracting utterance-level
acoustic and textual features, LPGNet consists of four major modules:

• Lightweight Parallel Interaction Attention (LPIA) module for capturing both intra- and inter-
modal interactions simultaneously;

• Dual-Gated Fusion module for refining unimodal representations and adaptively fusing multi-
modal information;

• Emotion Classifier that predicts emotion labels from the final fused representation;
• Self-Distillation mechanism that aligns unimodal branches with the fused multimodal output

using both hard and soft label supervision.

Figure 1. Overall architecture of LPGNet. After extracting utterance-level unimodal features, it consists of four
key components: LPIA Block, Dual Gated Fusion, Classifier, and Self-distillation
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3.3. Lightweight Parallel Interaction Attention (LPIA)

To effectively model both intra- and inter-modal dependencies in a lightweight manner, we
propose a parallel attention structure named Lightweight Parallel Interaction Attention (LPIA). This
module aims to fully leverage the complementary characteristics of acoustic and textual modalities
through parallel attention mechanisms.

(1) Modality-wise Local Encoding via 1D Convolution.

We first apply a 1D convolution with kernel size 1 to both textual and acoustic input sequences.
This operation serves two purposes: (1) to project modality-specific features into a unified latent space
of dimension d; and (2) to enable localized context modeling across adjacent utterances within each
modality:

X′
s = Conv1D(Xs), s ∈ {t, a} (2)

where Xs ∈ RB×U×Fs denotes the original feature sequence for modality s (text or audio), B is the batch
size, U is the number of utterances, and Fs is the input feature dimension.

(2) Four-Way Parallel Attention Modeling.

To simultaneously capture intra- and inter-modal relationships, we define four parallel attention
blocks based on scaled dot-product attention:

Attention(Q, K, V) = Softmax

(
QK⊤
√

d

)
V (3)

The four interaction paths are:

• Xtt = Attention(X′
t, X′

t, X′
t): intra-text attention for modeling semantic continuity;

• Xaa = Attention(X′
a, X′

a, X′
a): intra-acoustic attention for modeling prosodic dynamics;

• Xat = Attention(X′
a, X′

t, X′
t): cross-modal audio-to-text interaction;

• Xta = Attention(X′
t, X′

a, X′
a): cross-modal text-to-audio interaction.

This fully parallel structure avoids sequential stacking, reduces inference latency, and allows efficient
modeling of bidirectional modality interactions.

(3) Mask-Aware Attention Computation.

To ensure robustness in variable-length conversations, we adopt a mask-aware attention mech-
anism. Let M ∈ {0, 1}B×U denote a binary mask indicating valid utterances. It is expanded to
M′ ∈ {0, 1}B×U×U for masking attention scores:

S(b)
i,j =


Q(b)

i ·K(b)
j√

d
, if M(b)

i,j = 1

−109, otherwise
(4)

The masked scores are normalized by softmax:

A(b) = Softmax(S(b)) (5)

This formulation ensures that attention is only paid to valid utterances, suppressing the influence of
padding noise.

(4) Two-Stage Residual Enhancement.

After computing the attention output Â ∈ RB×U×d, we apply two refinement stages:
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• 1. Global Compression: We first compress the global context using a lightweight convolutional
block composed of 1×1 convolution, batch normalization, and LeakyReLU activation:

Aconv = Conv2D(Mean(Â)) (6)

• 2. Position-wise FFN with Residual Fusion: The compressed feature is broadcast back to the
sequence dimension and fused with the original query and a position-wise feedforward network:

FFN(x) = W2(Dropout1(GELU(W1 · LayerNorm(x)))) (7)

Xfinal = Q + Aconv + FFN(Aconv) (8)

Here, W1 ∈ Rd×d f f and W2 ∈ Rd f f ×d are learnable weight matrices, where d is the hidden
dimension of the model and d f f is the intermediate feedforward dimension (typically 2d or 4d).
The GELU function introduces smooth non-linearity, and Dropout is used for regularization.

This two-stage refinement integrates both global context and local non-linearity, enhancing feature
expressiveness and gradient stability.

3.4. Dual-Gated Fusion Strategy

To enable both fine-grained intra-modal enhancement and flexible cross-modal integration, we
introduce a hierarchical Dual-Gated Fusion mechanism, composed of two sequential stages: Unimodal
Gated Fusion and Multimodal Gated Fusion.

(1)Unimodal Gated Fusion

Given the outputs from the intra-modal and inter-modal attention modules, we apply a learnable
gating operation to each stream independently. Let H ∈ RB×U×d be the hidden representation of an
attention output. The refined representation is computed as:

Z = σ(WgH), Hgated = Z ⊙ H (9)

where Wg ∈ Rd×d is a learnable weight matrix and σ(·) denotes the sigmoid activation function.
This mechanism allows the model to emphasize informative features while suppressing irrelevant
components.

For each modality, we gate the intra-modal and cross-modal branches separately:

Ht = GatedFusion(Xoutput_tt), Hat = GatedFusion(Xoutput_at) (10)

Ha = GatedFusion(Xoutput_aa), Hta = GatedFusion(Xoutput_ta) (11)

Then, we concatenate and linearly project each modality-specific pair:

Tfused = Linear([Ht; Hat]), Afused = Linear([Ha; Hta]) (12)

(2)Multimodal Gated Fusion

The refined textual and acoustic features are then passed into a multimodal gating mechanism
that adaptively assigns weights to each modality. Given the fused features Tfused, Afused ∈ RB×U×d,
the attention weights are computed as:

αT = Softmax(WTfused), αA = Softmax(WAfused) (13)

Let F = [Tfused, Afused] ∈ RB×U×2×d, the final multimodal representation is computed as:

Ffinal = αT · Tfused + αA · Afused (14)
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This two-stage gating architecture enables the model to dynamically refine unimodal streams and
adaptively integrate multimodal context based on conversational cues.

3.5. Emotion Classifier

To obtain the emotion distribution over C categories, the final multimodal representation Ffinal ∈
RN×d is passed through a fully connected layer followed by a softmax activation:

E = Wc · Ffinal + bc ∈ RN×C (15)

Ŷ = softmax(E) (16)

Here, Wc ∈ Rd×C and bc ∈ RC are trainable parameters. Let Ŷ = [ŷ1; ŷ2; . . . ; ŷN ], where ŷi

denotes the predicted emotion probability vector for utterance ui. The predicted label is determined
by arg max(ŷi).

The task loss is defined using the standard cross-entropy objective:

Ltask = − 1
N

N

∑
i=1

C

∑
j=1

yi,j log ŷi,j (17)

3.6. Self-Distillation

To further improve modal expressiveness, we adopt a self-distillation strategy that transfers
knowledge from the full model (teacher) to each unimodal branch (student). Specifically, we treat
the complete model as the teacher and introduce two student branches—textual (t) and acoustic
(a)—trained only during training.

For each modality m ∈ {t, a}, the student predicts the emotion distribution via:

Em = W′
m · ReLU(H′

m) + b′
m ∈ RN×C (18)

Ŷm = softmax(Em), Ŷm
τ = softmax(Em/τ) (19)

where τ is the temperature for softening the output distribution. Higher values of τ yield softer
class probabilities. W′

m ∈ Rd×C and b′
m ∈ RC are learnable parameters.

Each student is optimized with two losses: The first one is the Cross-Entropy Loss (hard labels) as:

Lm
CE = − 1

N

N

∑
i=1

C

∑
j=1

yi,j log ŷm
i,j (20)

And the soft label loss is KL Divergence Loss as:

Lm
KL =

1
N

N

∑
i=1

C

∑
j=1

ŷm
τ,i,j log

ŷm
τ,i,j

ŷteacher
τ,i,j

(21)

Finally, the Total Loss could be formulated as: The overall training loss combines task supervision
and both hard/soft label distillation:

L = λtask · Ltask + λCE · ∑
m
Lm

CE + λKL · ∑
m
Lm

KL (22)

4. Experiments and Results
4.1. Dataset and Evaluation

We evaluate our model using the Interactive Emotional Dyadic Motion Capture (IEMOCAP) [37]
dataset, a widely adopted benchmark in multimodal emotion recognition. This dataset consists of
approximately 12 hours of audio-visual recordings collected from ten professional actors (five male
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and five female) performing both scripted and improvised dialogues. Each utterance in the dataset is
manually annotated with emotional labels across multiple modalities, including text, audio, video,
and motion capture data.

In our study, we focus only on the transcribed text and speech signals, which are the most
accessible and commonly used modalities in practical applications. Following standard practice
in previous works, we define the emotion recognition in conversation (ERC) task as a four-class
classification problem. The target emotion categories include angry, happy, sad, and neutral. The excited
class, which shares similar characteristics with happy, is merged into it to simplify the classification
task. After preprocessing and filtering, we obtain a total of 5,531 annotated utterances. The detailed
emotion distribution across the dataset is presented in Table 1, providing insight into the class balance
and evaluation.

Table 1. Emotion distribution in the IEMOCAP dataset.

Split Happy Sad Neutral Angry Total

Train + Val 1262 828 1319 872 4290
Test 442 245 384 170 1241

Total 1704 1073 1703 1042 5531

For evaluation, we adopt average binary accuracy and F1-score as our main performance metrics,
following the standard protocol used in prior work. Specifically, we compute results using a one-vs-all
classification strategy for each emotion class. The final scores are then averaged across all classes. This
approach ensures that performance is measured fairly, especially in the presence of class imbalance, by
giving equal weight to each class regardless of its frequency in the dataset.

4.2. Feature Extraction

Text Modality: To represent the text modality, we use the BERT-base-uncased model as our
text encoder. This model consists of 12 Transformer layers, each with 768-dimensional hidden states.
We fine-tune BERT on the emotion recognition in conversation task using the dialogue data. For
each utterance, we extract the final-layer embedding of the [CLS] token, which serves as a summary
representation of the entire sentence.

Acoustic Modality: For the audio modality, we adopt Emotion2vec, a self-supervised acoustic
representation model trained on 262 hours of emotional speech data. Emotion2vec is designed to learn
both utterance-level and frame-level emotional features through a joint optimization process based
on knowledge distillation. From this model, we extract 768-dimensional utterance-level embeddings,
which provide rich and generalizable representations of the speech signal.

4.3. Implementation Details

Our model is implemented in PyTorch 1.8.1 and RTX 3090. We use the Adam optimizer with a
learning rate of 3e-4, a batch size of 32, and a hidden dimension of 768. The temperature parameter τ

for self-distillation is set to 1. We apply L2 weight decay of 1 × 10−5 and dropout with a rate of 0.1.
Each model is trained for 150 epochs, and we report average results over 10 independent runs for
robustness.

4.4. Results

Table 2 presents a detailed comparison between our proposed LPGNet and several state-of-the-art
baselines on the IEMOCAP dataset under the 4-class emotion classification setting. Among existing
methods, CFIA and MemoCMT show strong performance, with CFIA achieving 83.37% accuracy using
the same BERT and Emotion2vec features as our model. However, our full model, LPGNet (Utterance-
level), achieves the highest performance with 87.99% accuracy and 87.96% F1-score, representing a
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relative improvement of over 4% compared to CFIA. These results highlight the effectiveness of our
lightweight and speaker-independent design.

To ensure that this improvement is due to architectural innovation rather than feature quality, we
build a minimal baseline using a simple linear classifier applied to the same BERT and Emotion2vec
embeddings. This baseline reaches only 81.68% accuracy, which is 6.31% lower than our full model.
This gap confirms that LPGNet’s performance gains are not solely due to better features, but come
from its efficient multimodal fusion and context modeling capabilities.

We further evaluate a frame-level version of our model, called LPGNet (Frame), where both
text tokens and acoustic frames are padded or truncated to a fixed length of 512. Despite using
finer temporal resolution, LPGNet (Frame) still achieves strong results with 83.87% accuracy and
83.68% F1-score, outperforming most baselines. This demonstrates that our model can generalize
across different input granularities without losing effectiveness. In summary, LPGNet consistently
outperforms existing methods across both utterance- and frame-level settings. These results confirm
its robustness, efficiency, and practical potential for real-world multimodal emotion recognition tasks.

Table 2. Overall performance comparison on IEMOCAP (4-class).

Model Upstream(A) Upstream(T) ACC (%) F1 (%)

GatedxLSTM [38] CLAP CLAP – 75.97±1.38
MER-HAN [30] Bi-LSTM BERT 74.20 73.66
MMI-MMER [39] Wav2Vec2 BERT 77.02 –
MGCMA [40] Wav2Vec2 BERT 78.87 –
MEP [41] openSMILE BERT 80.18 80.01
Bi-GRU [42] Acoustic model GloVe 80.63 –
MemoCMT[43] HuBERT BERT 81.85 –
Linear[44] emotion2vec BERT 81.68 80.75
CFIA[45] emotion2vec BERT 83.37 –

LPGNet(Frame) emotion2vec BERT 83.87 83.68
LPGNet(Utterance) emotion2vec BERT 87.99 87.96

4.5. Ablation Study

Effectiveness of LPIA Components and Modal Interactions. To evaluate the role of each
component within the LPIA module, we perform a series of ablation studies, as summarized in Table 3.

We first examine the impact of removing the intra-modal and inter-modal attention blocks. The
results show that eliminating either block leads to a clear performance drop. Specifically, removing
inter-modal attention causes a 1.77% decrease in accuracy, indicating that modeling cross-modal
emotional dependencies is crucial for effective fusion. On the other hand, removing intra-modal
attention results in a 0.96% drop, showing that capturing temporal and contextual patterns within each
modality also contributes meaningfully to performance. Together, these findings suggest that the two
attention types play complementary roles—with intra-modal attention focusing on modality-specific
context, and inter-modal attention capturing relationships across modalities.

In addition, we analyze the effect of removing the position-wise feedforward network (FFN),
which follows the attention blocks. Although FFN does not directly model alignment, it applies non-
linear transformations that refine and enrich the learned representations. Removing this component
leads to a 1.12% drop in F1-score, confirming that the FFN is essential for final feature integration and
improved discriminative power.

These results collectively validate the design of the LPIA module, showing that each sub-
component contributes to the model’s ability to understand and fuse multimodal emotional cues
effectively.

Effect of Dual-Gated Fusion. To further evaluate the effectiveness of our proposed fusion strategy,
we conduct an ablation study by removing the Dual-Gated Fusion module from the model. As reported
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in Table 3, this modification leads to a performance drop in F1-score from 87.96% to 86.59%. This
confirms the positive impact of our gating mechanism on multimodal fusion.

The Dual-Gated Fusion module contains two key components: a unimodal-level gate and a
multimodal-level gate. The unimodal gate filters out irrelevant or noisy features within each modality
before fusion, helping the model focus on emotionally relevant content. The multimodal gate then
adaptively assigns importance to each modality during the fusion process, allowing the model to
balance their contributions based on context.

When this module is removed, the model loses its ability to regulate feature contributions both
before and after fusion. This leads to less informative and more noisy multimodal representations. In
contrast, the full LPGNet design benefits from dynamic feature calibration at both levels, which is
especially important when modalities vary in quality or signal strength. These results demonstrate
that combining attention-based interaction modeling (through LPIA) with gated control mechanisms
leads to stronger and more robust emotional understanding. The two-stage gating design plays a
crucial role in enhancing representation quality, particularly under real-world conditions involving
modality imbalance or noise.

Table 3. Ablation results of LPGNet.

ACC (%) F1 (%)

LPGNet 87.99 87.96

Modality
Text 81.39 81.19
Audio 84.53 84.55

LPIA Block
w/o inter attention 86.22 86.26
w/o intra attention 87.03 86.95
w/o position-wise FFN 86.87 86.75

w/o dual-gated fushion 86.62 86.59

Effectiveness of Feature Representation and Multimodal Fusion. To assess the quality of
unimodal feature representations in LPGNet, we compare its performance with existing unimodal
baselines. As shown in Table 4 and Table 5, our model consistently outperforms other text-only and
audio-only approaches when using the same feature extractors—Emotion2vec for audio and BERT
for text. These results confirm that our chosen encoders are effective, and that LPGNet is able to fully
leverage them through its attention-based and fusion-oriented architecture.

Importantly, LPGNet maintains strong performance even in unimodal settings. This demonstrates
that its architecture can enhance emotion-relevant signals and suppress irrelevant noise, even when
limited to a single modality. Compared with simpler baselines such as linear classifiers or prior
multimodal models adapted for unimodal input, LPGNet achieves noticeable accuracy gains. This
suggests that the model’s structural advantages go beyond feature quality and contribute directly to
its discriminative power.

Furthermore, Table 3 illustrates the added value of integrating multiple modalities. Multimodal
fusion significantly improves performance over each unimodal variant, indicating strong cross-modal
complementarity. Acoustic and textual modalities contribute different but synergistic cues—such as
prosody and semantics—which, when fused, offer a more holistic emotional representation. These
findings highlight the necessity of both effective unimodal encoders and carefully designed multimodal
integration mechanisms for robust emotion recognition in conversation.
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Table 4. Comparison with prior unimodal (audio-only) methods.

Audio Model Downstream ACC (%)

Wav2Vec EmotionNAS[46] 69.1
Hubert MSTR[47] 71.6
emotion2vec Linear[44] 74.68
emotion2vec CFIA-Net[45] 76.42
emotion2vec LPGNet 84.53

Table 5. Comparison with prior unimodal (text-only) methods.

Text Model Downstream ACC (%)

bert MER-HAN[30] 69.54
bert CwGHP[48] 79.01
bert MemoCMT[43] 80.66
bert (Ours) LPGNet 81.39

Effect of Self-Distillation Coefficients. To assess the quality of unimodal feature representations
in LPGNet, we compare its performance with existing unimodal baselines. As shown in Table 4 and
Table 5, our model consistently outperforms other text-only and audio-only approaches when using
the same feature extractor, Emotion2vec for audio and BERT for text. These results confirm that our
chosen encoders are effective and that LPGNet can leverage them through its attention-based and
fusion-oriented architecture.

Meanwhile, we observe that a lower KL-divergence weight λKL = 0.3 yields better generalization.
Since LPGNet removes speaker embeddings and focuses on speaker-independent modeling, the
soft label distributions may exhibit greater inter-sample variability. Down-weighting KL divergence
mitigates the risk of overfitting to potentially noisy or over-smoothed soft labels. On the other hand,
keeping λCE = 1.0 ensures that unimodal branches receive sufficient intermediate supervision during
distillation.

Table 6. Effect of distillation loss weights on performance.

λtask λCE λKL ACC (%) F1 (%)

1.0 1.0 1.0 87.35 87.38
1.0 0.0 1.0 86.36 86.53
1.0 1.0 0.0 87.27 87.26
1.5 1.0 0.0 87.59 87.58
1.5 1.0 0.3 87.99 87.96

Table 7. Performance comparison with SDT (4-class and 6-class). SDT* uses our feature extractors.

Happy Sad Neutral Angry Excited Frustrated Overall

LPGNet (4-class) 92.06 85.38 83.99 86.75 – – 87.83
SDT* (4-class) 89.72 86.35 82.32 88.15 – – 86.62

LPGNet (6-class) 51.3 79.1 73.99 72.19 77.83 68.59 71.78
SDT* (6-class) 38.59 78.09 69.52 73.53 70.63 65.13 67.47

In addition, Table 3 shows the performance improvement from combining multiple modalities.
The results indicate that multimodal fusion clearly outperforms unimodal variants, reflecting the
complementary nature of acoustic and textual information. For example, speech can capture emotional
tones and prosody, while text contributes semantic and contextual cues. LPGNet’s fusion design
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enables these different signals to be integrated effectively, resulting in a more complete emotional
understanding.

Together, these findings highlight the importance of both strong unimodal encoders and carefully
designed multimodal integration. The success of LPGNet comes not only from its input features but
also from its ability to combine them in a way that enhances emotional signal learning.

5. Conclusions
In this paper, we proposed LPGNet, a lightweight and speaker-independent model for multimodal

emotion recognition in conversations (ERC). To reduce computational cost and avoid reliance on
speaker identity, LPGNet introduces a Lightweight Parallel Interaction Attention (LPIA) module that
efficiently models both intra- and inter-modal dependencies. A dual-gated fusion mechanism further
refines unimodal features and adaptively integrates them. We also apply self-distillation to enhance
unimodal learning by transferring knowledge from fused features. Experiments on the IEMOCAP
dataset show that LPGNet achieves state-of-the-art performance with fewer parameters. Ablation
studies confirm the importance of each component, and unimodal evaluations show strong feature
representation.

For future work, we plan to extend LPGNet to handle missing modalities, making it more robust
in real-world settings. In addition, we aim to explore sparse attention and low-rank approximations
in the LPIA module to further reduce latency and support real-time deployment on resource-limited
devices.
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