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Multimodal emotion recognition based on complementary physiological signals such as electroencephalogram (EEG) and eye move-
ments can effectively reflect human emotional states, demonstrating significant potential in fields such as rehabilitation monitoring
and driving safety. However, existing multimodal emotion recognition approaches often focus solely on either feature fusion or
feature alignment strategies, lacking a unified framework capturing both complementary and modality-specific representations. To
address this limitation, we propose a modality-shared and modality-specific feature learning framework (MS2FL) for multimodal
emotion recognition. Specifically, a dual-path encoder is employed first to extract the spatiotemporal frequency features of EEG signals
and dynamic response features of eye movement signals, respectively. Then, a specificity-preserving feature distribution alignment
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mechanism is introduced to alleviate distribution discrepancies between modalities while reinforcing modality-specific modeling of
distinctive features. Finally, a feature distribution enhancement fusion strategy is utilized to effectively integrate the shared features
across modalities, thus improving the representational capacity of the fused features. Experimental results demonstrate that MS2FL
achieves recognition accuracies of 96.99% and 89.83% on the SEED and SEED-V datasets, respectively, significantly improving emotion
recognition performance. This study provides a concise and effective solution for emotion perception neurotechnology and offers a
practical solution for emotion perception health monitoring and rehabilitation.

CCS Concepts: • Computing methodologies→ Emotion recognition; Multimodal learning; Feature selection; Neural networks.

Additional Key Words and Phrases: Multimodal Emotion Recognition, Brain–Computer Interface, Electroencephalogram, Eye Move-
ments
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1 Introduction

Emotion plays a crucial role in regulating human behavior [1], and its automatic recognition is of great significance in a
variety of application scenarios, including natural human-computer interaction [2], mental state monitoring and assisted
diagnosis [3, 4], and driving safety management [5]. Existing methods can be broadly classified into physiological
signal-based and non-physiological data-based recognition approaches. The former encompasses modalities such as
electroencephalogram (EEG) [6], eye movements [7], electromyography (EMG)[8], and electrocardiography (ECG)[9],
whereas the latter includes video [10], speech [11], and text [12]. Compared with non-physiological data, physiological
signals provide a more objective reflection of an individual’s internal emotional state and offer high reliability due
to their resistance to manipulation. Among these, EEG, which directly reflects neural brain activity and is closely
linked to fundamental neural mechanisms [13], has become one of the most extensively studied signals in emotion
recognition tasks [14]. Nevertheless, due to the inherent complexity of emotional states, relying solely on a single
modality often falls short of achieving accurate detection. EEG signals not only provide stable neural patterns but also
enable fine-grained characterization of subtle emotional fluctuations, owing to their high temporal resolution [15].
In addition, eye movements can capture behavioral features associated with environmental perception and cognitive
processing [16]. Owing to their complementary characteristics, combining EEG and eye movements has attracted
growing interest in recent studies [17], resulting in improved emotion discrimination and broader application prospects.
Benchmark datasets commonly used to evaluate multimodal emotion recognition include SEED [18], which contains
EEG and eye movement data from 12 subjects corresponding to three emotion categories: Sad, Neutral, and Happy, and
its extended version SEED-V [19], which includes 16 subjects and covers five emotion categories: Disgust, Fear, Sad,
Neutral, and Happy. These datasets provide a standard basis for assessing the effectiveness of multimodal approaches,
motivating the adoption of advanced deep learning techniques for feature extraction and representation.

Deep learning models have been widely adopted in multimodal emotion recognition research due to their powerful
capabilities in feature extraction and representation learning [20]. Existing methods based on deep learning can
be broadly categorized into two types. One class involves feature fusion strategies, where features from different
modalities are typically concatenated or weighted and then fed into a shared sub-network for high-level abstraction and
emotion classification [21]. For instance, Liu et al. [22] proposed a bimodal deep autoencoder (BDAE) to learn shared
representations from EEG and eye-tracking data to improve recognition performance. Zhang et al. [23] integrated
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heterogeneous convolutional neural networks (HCNNs) with multimodal factorized bilinear pooling (MFB) to extract
and fuse modality-specific features, followed by ensemble optimization. However, due to distribution differences among
features of different modalities, such methods often overlook this heterogeneity, and directly fusing unaligned features
can lead to representation conflicts, which makes it difficult to exploit complementary information effectively. The
second category emphasizes inter-modal alignment mechanisms, aiming to explicitly match features through attention
or gating structures. For example, Chen et al. [24] implemented word-level alignment using gated LSTM and temporal
attention, while Xu et al. [25] built temporal correspondences between modalities based on temporal attention. However,
these methods often mix unimodal features with cross-modal relational information during the alignment process,
neglecting the independent expressive ability of the original modality in emotion recognition, which tends to cause the
loss of modality-specific information and thus weakens the overall model’s ability to represent complex emotional
states and its generalization performance. Therefore, effectively combining feature fusion and alignment strategies to
simultaneously model modality complementarity and modality specificity remains a challenge.

To address the above issues, this paper presents a novel modality-shared and modality-specific feature learning
(MS2FL) framework, which aims to simultaneously model modality complementarity and modality specificity. Following
an “alignment first, then fusion” strategy, MS2FL alleviates distributional heterogeneity across modalities and enables
more effective integration of emotional information. In addition to independent feature extractors for EEG and eye
movement signals, the framework mainly consists of two key modules. The first is the specificity-preserving feature
distribution alignment (SP-FDA) module, which maps features into a shared latent space and introduces a contrastive
and distribution consistency loss (EEGEye-CLDC Loss). This module constrains constrains the distribution consistency
between modalities through contrastive learning while enhancing the modality-specific modeling of unimodal features.
The second is the feature distribution enhancement fusion (FDEF) module, which enhances the peak-valley distribution
differences of common features in the semantic space to improve discriminability, and introduces a multi-modal
distillation to single-modal classification loss (MD2SC Loss). This module achieves effective fusion that accounts for
modality complementarity and independence by concatenating the enhanced features. In summary, MS2FL not only
preserves the independence of single modalities but also mines the complementarity between modalities, thereby
improving emotion recognition accuracy and model generalization.

The main contributions of this paper are as follows:

• We propose MS2FL, which effectively integrates feature fusion and alignment strategies, enabling simultaneous
modeling of modality complementarity and modality specificity.

• We design the SP-FDA module to align inter-modality feature distributions while enhancing the modality-specific
modeling of unimodal features.

• We design the FDEF module to achieve effective fusion that captures modality complementarity and modality
specificity.

• Extensive experiments conducted on the SEED and SEED-V datasets validate that MS2FL demonstrates superior
performance compared to existing state-of-the-art (SOTA) approaches in multimodal emotion recognition tasks.

2 Related Works

2.1 EEG-based Emotion Recognition

EEG has become a widely adopted modality in emotion recognition research due to its high temporal resolution, non-
invasiveness, rapid acquisition, and low implementation cost, contributing to the development of numerous EEG-based
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methods [14]. Due to the weak amplitude and highly non-stationary nature of EEG signals, early research typically
relied on manual extraction of time-frequency features such as differential entropy (DE) and power spectral density
(PSD) to improve recognition stability [26]. These handcrafted features laid the foundation for subsequent advances in
EEG-based emotion recognition.

With the rise of deep learning, convolutional neural networks (CNNs), known for their strong local feature extraction
capabilities, have been widely applied to directly model DE and PSD features, enabling automatic extraction of local
spatiotemporal patterns and enhancing emotional representation. For example, Li et al.[27] organized EEG differential
entropy features into three-dimensional maps based on electrode spatial distribution and used CNNs to extract frequency-
spatial features. Chao et al.[28] further incorporated frequency, spatial, and band-specific information to construct
multi-band feature matrices and applied capsule networks for emotion classification. In addition, due to the irregular
spatial configuration of EEG electrodes, recent studies have explored graph convolutional networks (GCNs) to better
capture spatial dependencies in unstructured EEG data [29]. These models represent EEG channels as graph nodes,
with edges encoding inter-channel relationships [30]. For instance, Song et al.[31] utilized dynamical GCNs (DGCNNs)
to dynamically model intrinsic dependencies among EEG channels. Li et al.[32] proposed CAGLE-net, which leverages
correlation analysis to guide graph construction and integrates locally enhanced features, achieving state-of-the-art
performance on the SEED dataset.

In summary, EEG-based emotion recognition has made significant strides by leveraging both handcrafted features
and deep learning techniques, leading to more effective modeling of spatiotemporal dynamics and inter-channel
relationships. As EEG relationship modeling continues to show great potential, recent studies have further explored
integrating complementary physiological modalities. Due to the limitations of unimodal methods in comprehensively
capturing the multidimensional characteristics and complex variations of emotions, multimodal fusion approaches have
been proposed to improve the accuracy and robustness of emotion recognition by integrating diverse physiological
signals [33].

2.2 Multimodal Emotion Recognition

To address the inherent limitations of single-modal approaches, multimodal emotion recognition has gained increasing
attention for its ability to capture more comprehensive and nuanced emotional information. By combining signals from
different physiological or behavioral sources, multimodal systems can exploit the complementary characteristics of each
modality. Among them, feature fusion and feature alignment are two core strategies in multimodal emotion recognition.
Feature fusion focuses on effectively combining features from different modalities to obtain more discriminative
emotional representations. In contrast, feature alignment aims to establish a consistent feature space across modalities
to reduce distributional discrepancies among heterogeneous data.

2.2.1 Feature Fusion. Feature fusion strategies are generally categorized into direct fusion and adaptive fusion. Among
direct fusion methods, concatenation is the most commonly used technique, where features from different modalities are
concatenated into a high-dimensional feature vector and then input into a classifier for emotion recognition. Although
this method is simple to implement, it may not fully exploit inter-modal interactions, which can limit the model
performance [34]. Another approach is weighted fusion, which assigns weights to features from different modalities
and computes a weighted sum to emphasize the contribution of critical modalities. For example, Yan et al. [35] proposed
a weighted fusion strategy that assigns three types of weights to different signal modalities by analyzing intra- and
inter-modal information, thereby improving emotion classification performance.
Manuscript submitted to ACM
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Compared to direct fusion, adaptive fusion approaches dynamically adjust feature weights during the fusion process
through deep learning models or attention mechanisms to enhance fusion effectiveness. Attention-based fusion enables
the model to automatically allocate inter-modal weights, thereby focusing on more discriminative features. For instance,
Liu et al. [21] proposed an attention-based fusion strategy within the deep canonical correlation analysis (DCCA)
for multimodal emotion recognition. Li et al. [36] designed a unified cross-attention module named token-channel
compound (TACO) to capture inter-modal dependencies at both the channel and token levels. Guo et al. [37] developed
a framework that integrates sparse self-attention, channel attention, and spatial attention to enhance the semantic
information across feature map layers, thereby improving the expressive capacity of fused features. In addition, deep
model-based fusion methods employ deep learning architectures to facilitate feature interactions, allowing features from
different modalities to be fully integrated. For example, Tang et al. [38] proposed a hierarchical multimodal network
(RHPRNet) that leverages deep architectures to perform spatial-frequency feature extraction, cross-modal encoding,
and hierarchical fusion, enhancing the accuracy of multimodal emotion recognition. Li et al. [39] utilized a cross-modal
transformer (CMT) to optimize auxiliarymodality features, adopted low-rank fusion to reduce redundancy, and enhanced
primary modality features via an improved CMT, leveraging self-attention to exploit inter-modal commonalities and
complementarities.

2.2.2 Feature Alignment. Unlike feature fusion, feature alignment methods primarily address the heterogeneity of
multimodal data by mapping features from different modalities into a shared feature space, thus minimizing inter-
modal distribution gaps. In multimodal emotion recognition tasks, alignment is typically achieved through two main
strategies: forced alignment at the time-step level and sequence dependency-based alignment. Forced time-step alignment
refers to dividing signals from different modalities into synchronized time units—often aligned with word or frame
boundaries—upon which inter-modal interaction and fusion are performed. This method emphasizes local temporal
correspondence across modalities. For instance, Gu et al.[40] proposed a hierarchical attention strategy for word-level
alignment to improve emotional inference. Rohanian et al.[41] introduced a time-dependent recurrent approach that
progressively fuses multimodal features at each word, enabling dynamic integration over time. Huddar et al. [42]
presented an emotion recognition model that extracts features at the word level and performs inter-modal interaction
based on a forced alignment mechanism.

In contrast, sequence dependency-based alignment methods emphasize modeling global relationships and structural
consistency across modalities, leveraging complementary information to enhance alignment effectiveness. For example,
Chen et al. [43] introduced a Time and semantic interaction network (TSIN), which models temporal correlations among
multimodal signals using a fine-grained temporal alignment mechanism to enhance cross-modal temporal consistency.
Shou et al. [44] proposed the alignment and graph fusion via information bottleneck (AGF-IB) method, which addresses
modality heterogeneity via adversarial alignment and graph contrastive learning, and optimizes cross-modal information
exchange based on the information bottleneck theory. Meng et al. [45] proposed the masked graph learning with
recursive alignment (MGLRA) method, which employs a recursive alignment module to progressively eliminate inter-
modal discrepancies and introduces a masked GCN for feature fusion, thereby improving the alignment process and
overall model performance in multimodal emotion recognition. Similarly, Wang et al. [46] proposed a multi-modal
domain adaptive variational autoencoder (MMDA-VAE), which leverages adversarial learning and cycle-consistency
regularization to learn a shared cross-domain latent representation between EEG and eye movement data for feature
alignment.
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Fig. 1. The proposed modality-shared and modality-specific feature learning multimodal fusion framework. 𝐻 represents the number
of heads in the multi-head attention,𝑁 represents the number of layers in the eye movement signal feature extractor, and ⊙ represents
the Hadamard product.

While feature fusion methods can effectively integrate multimodal information, their lack of explicit alignment
mechanisms leads to degraded fusion performance due to ignoring inter-modal distribution differences that cause
representation conflicts. In contrast, feature alignment approaches can reduce distributional discrepancies among
modalities but may weaken the independent representational capacity of unimodal features, leading to potential
information loss [47]. Therefore, how to combine feature fusion and feature alignment methods to jointly model
modality complementarity and modality specificity, thereby further improving the performance of multimodal emotion
recognition, remains a promising yet challenging research direction.

3 Method

This paper presents a modality-shared and modality-specific feature learning framework for multimodal emotion
recognition to improve the complementary modeling and independent representation of EEG and eye movement signals
in emotion recognition. As shown in Fig. 1, the framework consists of three main components: feature extractors,
SP-FDA, and FDEF. The dual-branch feature extractor captures the spatiotemporal frequency features of EEG and the
dynamic response features of eye movements, enabling deep modeling of modality-specific information. SP-FDA maps
EEG and eye features into a unified semantic space, introduces the EEGEye-CLDC Loss to ensure distribution consistency
of shared features, and applies contrastive learning between shared and specific features to enhance alignment and
preserve modality characteristics. In the fusion stage, FDEF strengthens peak-valley distribution differences to improve
discriminability, while MD2SC Loss, applied to concatenated specific features, enhances the perception of category
structure and generalization. Module details are elaborated in the following sections.

3.1 Feature Extractor

3.1.1 EEG Features. In emotion recognition, temporal, frequency, and spatial features characterize brain neural
activity under emotional states from different perspectives, and are essential for comprehensively modeling emotional
representation patterns. Temporal features reflect the dynamic variations of EEG signals, frequency features reveal the
Manuscript submitted to ACM
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distribution of emotion-related neural rhythms, and spatial features capture the co-activation and spatial dependencies
among different brain regions. Effectively integrating these three types of features facilitates comprehensive modeling
of the brain’s complex response patterns during emotional states.

Previous studies have demonstrated that DE has been widely investigated and utilized due to its effectiveness in
extracting emotional representations from EEG signals [48]. Inspired by this, we adopt DE as the fundamental feature
representation for the EEG modality to enhance the expression of emotional information in EEG signals. Assuming that
EEG signals follow a Gaussian distribution, the DE feature is computed as follows:

𝐷𝐸 =
1
2 ln

(
2𝜋𝑒𝜎2) , (1)

where 𝜎2 denotes the signal variance within a specific time window. This paper employs a 4-second sliding window to
extract DE features, which are partitioned into five canonical frequency bands: delta (1–4Hz), theta (4–8Hz), alpha
(8–14Hz), beta (14–31Hz), and gamma (31–50Hz), to sufficiently capture emotion-related multi-band neural activity
patterns. The multi-band DE feature 𝑋𝑑𝑒 can be expressed as:

𝑋𝑑𝑒 = [𝐷𝐸𝛿 , 𝐷𝐸𝜃 , 𝐷𝐸𝛼 , 𝐷𝐸𝛽 , 𝐷𝐸𝛾 ], (2)

where 𝐷𝐸𝛿 to 𝐷𝐸𝛾 represent the differential entropy features in the five frequency bands respectively. During model
training, the extracted DE features 𝑋𝑑𝑒 ∈ R𝐵×𝐶×5 contain three dimensions: batch size (𝐵), EEG channels (𝐶), and
frequency bands (5).

To further integrate the aforementioned multidimensional features and enhance spatial modeling capabilities, this
paper proposes an EEG feature extractor based on temporal-frequency-spatial attention modules, inspired by the
small-world network theory in neuroscience [49] and graph attention networks (GAT) [50]. This method learns joint
temporal-frequency-spatial representations among electrodes in an end-to-end manner, mapping 1D DE features with
positional encoding into 2D grid-like structures. The approach preserves the temporal-frequency dynamics of raw signals
while modeling nonlinear coupling relationships between electrode channels, adaptively capturing multi-electrode
coordinated response patterns in emotional encoding, thereby providing highly discriminative inputs for subsequent
convolutional networks. The complete architecture consists of two components: a temporal-frequency-spatial attention
module and a convolutional module.

The temporal-frequency-spatial attention module initially receives EEG signals and their corresponding positional
information. The positional encoding 𝐸 ∈ R𝐶×3 is derived from 3D electrode coordinates in the international 10–20
system. To ensure effective integration of EEG signals with spatial information at each timestep, the positional encoding
𝐸 is expanded along the batch dimension to match the EEG signal dimensionality, resulting in 𝐸batch ∈ R𝐵×𝐶×3. This
expanded encoding is then concatenated with 𝑋𝑑𝑒 to form an enriched feature representation 𝑋embed ∈ R𝐵×𝐶×8.

𝑋embed = concat(𝑋𝑑𝑒 , 𝐸batch), (3)

where 𝑋𝑑𝑒 denotes the DE features of EEG signals and 𝐸batch represents the electrode channel positional encoding of
EEG signals.

The concatenated features undergo linear projection to match multi-head attention requirements. This projected
representation is then nonlinearly transformed through a ReLU activation layer to enhance feature discriminability:

𝐹embed = ReLU(𝑊 · 𝑋embed), (4)
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𝐹𝑒𝑚𝑏𝑒𝑑

· 𝐴1

·
𝐴
2 , 𝑇

𝑊1

𝑤2
𝑇

𝐹𝑜𝑢𝑡𝑝𝑢𝑡

𝑊1 · 𝑊2
𝑇

Fig. 2. Temporal-frequency-spatial attention mechanism. Multi-head attention captures time–frequency and channel dependencies,
and aggregates the outputs to generate unified feature representations.

where𝑊 ∈ R8×(𝐻×𝐷1 ) denotes the weight matrix of the linear transformation, 𝐻 specifies the number of attention
heads, and 𝐷1 represents the embedding dimension per head. After mapping and activation, a reshape operation yields
𝐹embed ∈ R𝐵×𝐻×𝐶×𝐷1 as input for subsequent attention computation.

The module employs multi-head attention mechanism to capture multi-level relationships within input features. As
shown in Fig. 2, the transformed features establish relationships frommultiple perspectives through parallel computation
heads.

For each attention head, two matrices𝑊1,𝑊2 ∈ R𝐵×𝐶×1 are generated via matrix multiplication. Their interaction
computes a relation matrix 𝑒 ∈ R𝐵×𝐶×𝐶 , which characterizes attention weights between electrode channels. The final
output 𝐹output ∈ R𝐵×𝐻×𝐶×𝐶 is obtained by stacking relation matrices from all heads:

𝑊1 = 𝐹embed · 𝐴1, 𝑊2 = 𝐹embed · 𝐴2, (5)

𝑒 =𝑊1 ·𝑊 ⊤
2 , (6)

𝐹output = Stack(𝑒1, 𝑒2, . . . , 𝑒𝐻 ), (7)

where 𝐴1, 𝐴2 ∈ R𝐵×𝐷1×1 are trainable parameter matrices, and {𝑒1, 𝑒2, . . . , 𝑒𝐻 } denote relation matrices computed by
each attention head.

Due to the relatively small size of the attention matrices, using deeper networks (e.g., ResNet50) may increase
computational complexity and even lead to overfitting. Therefore, the convolutional module employs a lightweight
convolutional neural network to extract deep features from the generated attention matrices. Through this design, it not
only avoids the computational burden caused by deep networks but also effectively extracts deep feature information.
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3.1.2 Eye Movement Features. In Emotion Recognition research, heterogeneous data modalities require tailored feature
extraction approaches. For low-dimensional eye movement signals, we design a dedicated MLP architecture to preserve
raw discriminative features while extracting deep representations, thereby providing robust support for emotion
analysis. Following [51], the input consists of 33-dimensional eye movement features encompassing key physiological
indicators like pupil diameter and divergence. The MLP interleaves batch normalization and Dropout layers between
linear transformations to accelerate convergence and prevent overfitting, effectively mining emotion-relevant patterns
from eye movement data.

3.2 Specificity-Preserving Feature Distribution Alignment

EEG and eye movement data stem from fundamentally different sources, leading to discrepancies in their feature
distributions. Moreover, each modality independently provides valuable emotional cues, but existing alignment methods
often overemphasize cross-modal consistency, neglecting the unique expressive power of single modalities. To address
this, we propose SP-FDA, which maps shared features into a unified space. Specifically, we introduce EEGEye-CLDC
Loss, which consists of two main components: one that preserves modality-specific discriminative characteristics, and
another that constrains the distribution consistency of modality-shared features.

First, modality-specific features are extracted from EEG and eye movement signals through their respective feature
extractors, denoted as 𝑓 𝑃eeg, 𝑓

𝑃
eye ∈ R𝐵×𝐷2 . Subsequently, each modality feature is projected into a unified semantic

space via independent shared-space projection modules, resulting in the corresponding shared feature representations
𝑓 𝑆eeg, 𝑓

𝑆
eye ∈ R𝐵×𝐷2 . Here, 𝐷2 denotes the embedding dimension of the extracted features. This mapping process is

designed to minimize semantic expression discrepancies across modalities, thereby laying a foundation for feature
distribution alignment and enhancing the modeling capability of complementary information during the fusion stage.

After completing modality-specific feature extraction and shared space projection, both EEG and eye movement
signals obtain their corresponding specific and shared feature representations. To achieve cross-modal feature alignment
and unimodal-specific modeling simultaneously, this paper further introduces the EEGEye-CLDC Loss, which jointly
constrains inter-modality consistency and intra-modality independence. Specifically, the specific features are directly
derived from the original modality data, preserving fine-grained modality-specific patterns with strong discriminative
capability. In contrast, the shared features are obtained through projection into the common space and primarily
capture shared semantic information across modalities in the emotional dimension, serving as the core foundation for
multimodal fusion.

The EEGEye-CLDC Loss consists of three components: inter-modality alignment loss (including contrastive loss and
MMD-based distribution consistency constraint) and intra-modality decoupling loss. First, to enhance the discriminability
and cross-modal matching ability of the shared features, the inter-modality alignment loss incorporates a bidirectional
contrastive loss, which reinforces the shared features’ semantic consistency and alignment across modalities through
contrastive learning. Given the shared features 𝑓 𝑆eeg and 𝑓 𝑆eye, the contrastive loss between them is defined as follows:

Lcon = − 1
2𝐵

𝐵∑︁
𝑖=1

[
log

exp
(
𝑓 𝑆eeg,𝑖 · 𝑓 𝑆eye,𝑖/𝜏

)
∑𝐵

𝑗=1 exp
(
𝑓 𝑆eeg,𝑖 · 𝑓 𝑆eye, 𝑗/𝜏

)
+ log

exp
(
𝑓 𝑆eye,𝑖 · 𝑓 𝑆eeg,𝑖/𝜏

)
∑𝐵

𝑗=1 exp
(
𝑓 𝑆eye,𝑖 · 𝑓 𝑆eeg, 𝑗/𝜏

) ],
(8)
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where 𝜏 denotes the temperature parameter, 𝐼 represents the identity label corresponding to each sample index.
To further reduce distribution discrepancy in inter-modal shared features, we introduce the Maximum Mean

Discrepancy (MMD) loss:

Lmmd =E
[
𝑘 (𝑓 𝑆eeg, 𝑓 𝑆eeg)

]
+ E

[
𝑘 (𝑓 𝑆eye, 𝑓 𝑆eye)

]
− 2E

[
𝑘 (𝑓 𝑆eeg, 𝑓 𝑆eye)

]
,

(9)

where 𝑘 (·, ·) is the kernel function for measuring similarity between samples, and the multi-scale RBF kernel [52] is
employed. The final modality alignment loss is jointly constrained by the bidirectional contrastive learning loss and
MMD:

Lalign = Lcon + 𝜆mmd · Lmmd . (10)

To ensure the independence between shared features and specific features, a decoupling loss term is introduced
by penalizing the Euclidean distance between them, thereby enhancing the independent representation capability of
specific features:

Ldec = E
[
exp

(
−



𝑓 𝑆eeg − 𝑓 𝑃eeg





2

)]
+ E

[
exp

(
−



𝑓 𝑆eye − 𝑓 𝑃eye





2

)]
.

(11)

The EEGEye-CLDC Loss is formulated as:

LEEGEye-CLDC = Lalign + 𝜆dec · Ldec

= Lcon + 𝜆mmd · Lmmd + 𝜆dec · Ldec,
(12)

where 𝜆mmd and 𝜆dec are weight hyperparameters for MMD and decoupling losses respectively, controlling each
component’s contribution.

Through the EEGEye-CLDC Loss, SP-FDA jointly enhances cross-modal alignment and modality specificity. The
contrastive term Lcon enforces semantic consistency between shared features across modalities, strengthening their
mutual alignment, while the MMD term Lmmd further mitigates distribution discrepancies among the shared features,
ensuring a consistent semantic space. Concurrently, the decoupling term Ldec preserves fine-grained modality-specific
patterns by penalizing overlap with shared features, maintaining specificity representation capability. Collectively, these
components establish a stable, robust, and discriminative feature foundation, substantially improving the performance
and generalization of subsequent multimodal fusion for emotion recognition.

3.3 Feature Distribution Enhancement Fusion Module

After acquiring both shared and specific features from EEG and eye movement modalities, effective fusion emerges
as a critical challenge. Conventional fusion strategies typically adopt simple concatenation or weighted mechanisms,
which fail to simultaneously model inter-modal complementarity and intra-modal independence, often resulting in
information dilution of specific features and constrained model discriminability. To address this limitation, we propose
FDEF designed to better coordinate shared and specific features across modalities, thereby enhancing the discriminability
and representational capacity of fused features.
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The framework achieves this through two principal mechanisms: enhancing the peak-valley distribution discrepancy
of shared features in semantic space to amplify their discriminability, and concatenating modality-specific features while
introducing the MD2SC Loss that transfers multimodal information to single-modality specific features via distillation
strategy, coupled with single-modality classification supervision. This dual approach strengthens the discriminative
capability and generalization performance of individual modalities, ultimately achieving high-efficiency fusion of
inter-modal complementarity and intra-modal independence.

EEG and eyemovement signals are initially processed through feature extractors and a shared space projectionmodule
to obtain common feature representations in a unified dimensionality. To emphasize the peak-valley characteristics of the
feature distributions and to better exploit inter-modal complementarity, we employ the Hadamard product for element-
wise multiplication between the features of the two modalities. This multiplicative interaction differs from additive
operations by amplifying larger feature values while reducing smaller ones in relative magnitude, thereby expanding
the dynamic range of the fused representations. As a result, distinctive patterns across modalities are accentuated,
which enhances the discriminability of the shared features and facilitates improved classification performance. This
operation can be formulated as:

𝑓ℎ = 𝑓 𝑆eeg ⊙ 𝑓 𝑆eye, (13)

where 𝑓 𝑆eeg and 𝑓 𝑆eye denote the shared features of EEG and eye movement signals respectively, ⊙ represents the
element-wise multiplication operation, and 𝑓ℎ ∈ R𝐵×𝐷2 indicates the enhanced shared features after preliminary fusion.

Although the Hadamard product operation effectively enhances the discriminative capacity of multimodal shared
features, relying solely on fused representations may reduce the expressive power of single-modality features and
potentially compromise generalization. To address this, we adopt a residual-style fusion strategy to explicitly preserve
unimodal information while stabilizing the overall feature representation. Specifically, we concatenate the enhanced
shared features 𝑓ℎ obtained from the Hadamard product with EEG-specific features 𝑓 𝑃eeg and eye-movement-specific
features 𝑓 𝑃eye, constructing the final fused feature vector 𝑓fusion ∈ R𝐵×3𝐷2 . This design allows the model to retain unique
modality-specific characteristics while simultaneously benefiting from enhanced inter-modal interactions, improving
both discriminability and stability. The concatenation process is formulated as:

𝑓fusion = concat(𝑓 𝑃eeg, 𝑓ℎ, 𝑓 𝑃eye) . (14)

The fused features are then mapped through a linear layer, where the Softmax function processes the features to
produce classification results:

𝑦 = Softmax(𝑊cls 𝑓fusion + 𝑏cls), (15)

where𝑊cls and 𝑏cls denote the classifier’s weight matrix and bias term respectively, with 𝑦 representing the predicted
class probabilities.

To further enhance the discriminative capacity and generalization capability of fused features, we introduce the
MD2SC Loss. This loss function primarily strengthens the discriminative power of single-modality specific features,
thereby improving fused feature performance. Specifically, the MD2SC Loss integrates weak distillation with strong
classification supervision to emphasize the importance of single-modality specific features in multimodal learning,
while also enhancing the ability of feature extractors to mine information from individual modalities.
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Inspired by the concept of knowledge distillation, we treat the class prediction 𝑦 of the fused feature 𝑓fusion as a soft
label to guide the prediction results 𝑦eeg and 𝑦eye of the modality-specific features 𝑓 𝑃eeg and 𝑓 𝑃eye toward alignment. his
forces individual modalities to learn globally consistent discriminative information during training. The process achieves
“weak distillation” from the multimodal representation to each single modality by minimizing the Kullback–Leibler
divergence between the fused prediction distribution and those of individual modalities, effectively enhancing the
representational capacity and discriminability of the modality-specific features. The distillation loss is defined as:

LKL = 𝐷KL (𝑦 ∥ 𝑦eeg) + 𝐷KL (𝑦 ∥ 𝑦eye), (16)

where 𝐷KL (𝑝 ∥ 𝑞) denotes the Kullback–Leibler divergence between prediction distributions 𝑝 and 𝑞.
To further enhance the discriminative capacity of specific features and strengthen feature extractors’ mining of

single-modality discriminative information, we incorporate strong classification loss to directly supervise 𝑓 𝑃eeg and 𝑓 𝑃eye,
guiding the extractors to capture effective emotional information in single-modality features:

LCE = CE(𝑦eeg, 𝑦) + CE(𝑦eye, 𝑦), (17)

where CE(𝑦,𝑦) denotes the cross-entropy loss between the predicted label 𝑦 and the ground-truth label 𝑦.
The final MD2SC Loss is formulated as:

LMD2SC = LKL + LCE . (18)

This joint loss design effectively enhances the representational capacity of single-modality specific features, strength-
ens the mining depth of feature extractors for single-modality information, and consequently significantly improves
both discriminability and generalization capability of fused features.

Incorporating the aforementioned loss functions, the total training objective combines multimodal cross-entropy
loss, EEGEye-CLDC Loss, and MD2SC Loss:

L = CE(𝑦,𝑦) + 𝜆1LEEGEye-CLDC + 𝜆2LMD2SC, (19)

where 𝜆1 and 𝜆2 are weighting coefficients to balance the contributions of each loss term during optimization.

4 Experiments and Results

4.1 Dataset Introduction

To validate the effectiveness of the proposed model, we conduct experimental evaluations on two public multimodal
EEG emotion datasets: SEED and SEED-V.

SEED: This study employs the multimodal version of the SEED dataset containing synchronized EEG and eye
movement signals. The dataset uses 15 film clips (corresponding to three emotions: happiness, neutral, and sadness)
as experimental stimuli. Each subject participates in three experimental sessions. Our experiments utilize complete
data from all 12 subjects across three sessions, comprising 36 sessions with synchronized EEG and eye movement
recordings. For each subject in the SEED dataset, we chronologically divide the 15 trials into the first 9 trials for training
and the remaining 6 for testing. To ensure statistical robustness, we compute the mean and standard deviation of
results across all three sessions for each subject. This experimental protocol is consistent with baseline methods such as
DCCA-AM [53].

Manuscript submitted to ACM



MS2FL: Modality-shared and Modality-specific Feature Learning for Multimodal Emotion Recognition 13

SEED-V: This dataset contains EEG and eye movement signals for five emotions (happiness, sadness, neutral, fear,
disgust). The experiment requires 16 subjects (6 males, 10 females) to watch 15 film clips (3 clips per emotion), with
each subject completing three experimental sessions. For each subject, we chronologically divide their 15 trials into the
first 10 trials as the training set and the remaining 5 trials as the test set. The final results are reported as the mean and
standard deviation across all 16 subjects to assess model robustness. This experimental protocol is consistent with that
used in baseline methods such as BDAE and G2G.

4.2 Implementation Details

All experiments were conducted on a workstation equipped with NVIDIA GeForce RTX 4090 GPUs using PyTorch
2.2.2 and CUDA 12.1. The AdamW optimizer was adopted for model optimization, with the initial learning rates set
to 0.008 and 0.0085 for the SEED and SEED-V datasets, respectively. The batch size was set to 32, and the maximum
number of training epochs was 500. Early stopping was employed to alleviate overfitting. Except for the learning
rate, all remaining hyperparameter settings were kept identical across the two datasets, and were determined through
preliminary experiments. During training, a learning rate scheduling strategy combining linear warmup and MultiStep
decay was adopted, where the learning rate was gradually increased during the warmup stage and decayed to 0.1 times
the initial value after one-third of the total training epochs. In the EEGEye-CLDC Loss, 𝜆mmd and 𝜆dec were both fixed
at 1, while the temperature coefficient 𝜏 was set to 0.07. In addition, the loss balancing coefficients 𝜆1 and 𝜆2 were both
set to 1 based on sensitivity analysis on the validation set, which provided the best trade-off between classification
supervision and cross-modal distribution alignment.

For the EEG branch, the feature extractor consists of a time-frequency-spatial attention module followed by a
three-layer two-dimensional convolutional network. The first convolutional layer adopts 12 input channels and 64
output channels with a kernel size of 3 × 3, stride of 1, and padding of 1, followed by batch normalization, ReLU
activation, 2× 2 max pooling, and dropout with a rate of 0.3. The output channels of the second and third convolutional
layers are increased to 128 and 256, respectively, while maintaining the same convolutional configuration, and no
residual connections are introduced in the convolutional module. The multi-head attention module employs 𝐻 = 6
attention heads with head embedding dimension 𝐷1 = 10. The selection of 𝐻 was guided by prior transformer-based
EEG studies together with preliminary comparative evaluation using 𝐻 = {4, 6, 8}. Considering both representation
capability and computational efficiency, 𝐻 = 6 was adopted in the final model configuration.

For the eye movement branch, a four-layer multilayer perceptron was employed to extract modality-specific repre-
sentations from the 33-dimensional handcrafted eye movement features. To determine an appropriate network depth,
comparative experiments were conducted using MLP architectures with 3, 4, 5, and 6 layers. The experimental results
indicated that the four-layer configuration achieved the best trade-off between feature representation capability and
model complexity. Therefore, a four-layer MLP was adopted as the final architecture for the eye movement modality.
The embedding feature dimension was set to 𝐷2 = 512.

4.3 Multimodal Emotion Recognition

To evaluate the performance of the proposed MS2FL framework, we conducted comprehensive experiments on the SEED
and SEED-V datasets, comparing with multiple representative baseline methods. Reported standard deviations (STD)
correspond to variability across subjects, reflecting inter-subject differences. Statistical significance of performance
improvements was assessed using paired t-tests with a significance level of 𝛼 = 0.05, and the resulting P-values indicate
whether the observed gains are statistically meaningful. For baseline methods marked with *, results were strictly
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Table 1. Comparison with baseline methods on the SEED dataset. Accuracy (ACC) and standard deviation (STD) are reported. *
denotes results reproduced using official open-source codes.

Method ACC (%) STD

Concat 82.43 13.76
MAX 80.81 13.78
Fuzzy 84.22 12.08
BDAE (2019) 90.58 10.26
DCCA-AM (2022) 92.79 8.21
MAET (2023)∗ 89.90 9.57
G2G (2023)∗ 91.78 7.37
Ours 96.99 3.54

reproduced using the official open-source codes, following the original data splits and default hyperparameter settings
to ensure a fair comparison.

4.3.1 SEED. As shown in Table 1, experimental results demonstrate that our proposed MS2FL framework achieves
significant performance improvements on the SEED dataset, attaining the highest accuracy of 96.99%. It surpasses the
current best-performing method DCCA-AM by 4.2% (92.79%) and reduces the standard deviation to 3.54%, thereby
exhibiting superior accuracy and stability compared to existing mainstream approaches. In contrast, traditional methods
such as feature concatenation (Concat)[53] and max pooling fusion (MAX)[53] fail to effectively model modality comple-
mentarity, with accuracies of only 82.43% and 80.81%, respectively, and relatively high standard deviations—indicating
limited generalization ability. The Fuzzy method improves fusion adaptability via fuzzy feature mapping, raising
accuracy to 84.22%, yet still lacks sufficient alignment between modality-specific feature distributions. BDAE employs
an autoencoder network to enhance inter-modal information interaction, increasing the accuracy to 90.58%; however,
its inability to align multimodal features constrains fusion performance. MAET [54] leverages an adaptive Transformer
architecture to learn multimodal information and achieves an accuracy of 89.90%; however, it also lacks a feature align-
ment mechanism, resulting in limited multimodal consistency. DCCA-AM integrates DCCA and attention mechanisms
to enhance the alignment between EEG and eye movement features, achieving 92.79% accuracy, thereby outperforming
BDAE and MAET. Nonetheless, its fusion strategy still suffers from redundant information and fails to fully exploit
modality complementarity. G2G [55] adopts a graph neural network-based fusion strategy and makes progress in
modeling inter-modal relationships, achieving 91.78% accuracy. However, it does not effectively balance unimodal
feature integrity with multimodal interaction. To ensure the scientific rigor of the comparison, we performed statistical
hypothesis testing with the best-performing open source baseline G2G, and the P-value of the paired t-test was 0.013,
confirming the significance of our performance improvement.

4.3.2 SEED-V. To further evaluate the method’s applicability in more challenging scenarios, we conduct additional
experiments on the five-class SEED-V dataset. As shown in Table 2, our method achieves an accuracy of 89.83% on the
SEED-V dataset, outperforming the current best-performing method G2G (86.24%) by 3.59 percentage points, while
maintaining a relatively low standard deviation of 6.94%. Meanwhile, the early method BDAE achieves an accuracy of
79.70% on the SEED-V dataset. It mainly relies on autoencoders for feature learning but performs suboptimally when
handling complex emotion categories. DGCCA [56] enhances cross-modal alignment through deep generalized canonical
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Table 2. Comparison with baseline methods on the SEED-V dataset. Accuracy (ACC) and standard deviation (STD) are reported. *
denotes results reproduced using official open-source codes.

Method ACC (%) STD

BDAE (2019) 79.70 4.76
DGCCA (2020) 82.11 2.76
DCCA (2022) 85.30 5.60
MAET (2023)∗ 80.98 8.36
G2G (2023) 86.24 7.28
MMV-SSTMA (2024) 81.38 8.76
DTCA (2024) 86.05 6.10
Ours 89.83 6.94

Table 3. Ablation results of different MS2FL configurations on the SEED and SEED-V datasets. Accuracy (ACC), standard deviation
(STD), F1-score (F1), and recall are reported. “✓” indicates that the corresponding component is enabled.

Module SEED SEED-V
SP-FDA FDEF ACC (%) STD F1 (%) Recall (%) ACC (%) STD F1 (%) Recall (%)

92.14 6.30 91.92 92.04 83.57 10.97 82.67 82.48
✓ 94.72 4.27 94.21 94.57 85.78 8.72 84.83 85.25

✓ 94.60 5.39 94.05 94.48 86.12 9.64 85.24 85.97
✓ ✓ 96.99 3.54 96.92 96.84 89.83 6.94 88.18 89.19

correlation analysis with attention mechanisms, reaching an accuracy of 82.11%. However, it fails to fully exploit fine-
grained information, resulting in limited performance improvement. DCCA combines deep canonical correlation analysis
with attention, pushing the accuracy to 85.30%, though its feature fusion strategy remains insufficient, hindering further
gains. MAET does not include explicit feature alignment, achieving an accuracy of 80.98% with a relatively high standard
deviation of 8.36%. G2G leverages a graph neural network-based fusion strategy, achieving an accuracy of 86.24%. MMV-
SSTMA [57] adopts a self-supervised multimodal multi-view spectro-spatial-temporal masked autoencoder and utilizes
modality complementarity to achieve 81.38% accuracy, but its high standard deviation (8.76%) indicates insufficient
exploitation of complementary information. DTCA [58] integrates a dual-branch Transformer with cross-attention
mechanisms to aggregate enhanced information, reaching 86.05% accuracy with a reduced standard deviation of 6.10%,
thus improving model stability. Similarly, we performed statistical hypothesis testing with the best-performing open
source baseline G2G, and the P-value of the paired t-test was 0.0143, confirming the significance of our performance
improvement.

4.4 Ablation Studies

4.4.1 Module Ablation Experiment. To further validate the effectiveness of individual components in MS2FL, we conduct
systematic ablation studies on both SEED and SEED-V datasets.We first conduct a Module Ablation Experiment, and
the results in Table 3 demonstrate that both modules significantly improve the accuracy and stability of multimodal
emotion recognition, and their combination yields further improvements in overall performance.
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Table 4. Comparison of different modality configurations on the SEED and SEED-V datasets. Accuracy (ACC), standard deviation
(STD), F1-score (F1), and recall are reported for EEG-only, eye-only, and EEG+EYE fusion models. EEG indicates using only EEG signals,
EYE indicates using only eye movement signals, and EEG+EYE indicates multimodal fusion of EEG and eye movement features.

Modal
SEED SEED-V

ACC (%) STD F1 (%) Recall (%) ACC (%) STD F1 (%) Recall (%)

EEG 89.69 8.68 88.70 89.39 81.97 11.13 80.84 81.19
EYE 87.13 9.71 86.53 86.92 72.82 7.97 68.91 70.91

EEG+EYE 96.99 3.54 96.92 96.84 89.83 6.94 88.18 89.19

On the SEED dataset, the baseline model (without SP-FDA and FDEF) achieved an accuracy of 92.14% with a
standard deviation of 6.30%. The corresponding F1-score and recall also indicate that the model still suffers from
certain classification instability. When only FDEF is introduced, the accuracy increases to 94.72% and the standard
deviation decreases to 4.27%, while the F1-score and recall are also improved, demonstrating that enhancing the peak-
valley differences of discriminative features and introducing residual mechanisms can effectively capture cross-modal
complementary information and improve the discriminative power of fused features. Similarly, introducing only SP-FDA
also improves the accuracy to 94.60% with a standard deviation of 5.39%, accompanied by improvements in F1-score
and recall, verifying the effectiveness of aligning cross-modal feature distributions while strengthening unimodal
independent representation. Finally, when both SP-FDA and FDEF are combined, the model achieves a further accuracy
improvement to 96.99%, and the standard deviation significantly drops to 3.54%. Meanwhile, the F1-score and recall are
further improved, indicating substantial improvements in both classification performance and stability.

On the SEED-V dataset, the overall trend remains consistent with that observed on SEED. However, due to the
increased difficulty of the task, the baseline model only achieves an accuracy of 83.57% with a standard deviation of
10.97%, while the F1-score and recall indicate greater performance fluctuations. After introducing FDEF, the accuracy
increases to 85.78% and the standard deviation decreases to 8.72%, with corresponding improvements in F1-score and
recall. Similarly, incorporating SP-FDA results in an accuracy of 86.12% with a reduced standard deviation of 9.64%,
further improving the F1-score and recall metrics. These results respectively highlight the effectiveness of feature
enhancement and distribution consistency optimization in handling complex emotion recognition tasks. When both
SP-FDA and FDEF are introduced, the accuracy further improves to 89.83% and the standard deviation significantly
decreases to 6.94%, while the F1-score and recall are also improved, demonstrating substantial improvements in both
discriminative ability and model stability.

4.4.2 Modal Ablation Experiment. To comprehensively evaluate the effectiveness of the proposed multimodal fusion
framework MS2FL in emotion recognition tasks, modal ablation experiments were conducted on SEED and SEED-V. By
integrating the overall performance comparison results presented in Table 4 with the detailed analysis of the confusion
matrices in Fig. 3, the superiority of the fusion method in improving classification accuracy, stability, and reducing
inter-class confusion is systematically demonstrated.

On the SEED dataset, Table 4 shows that using EEG data alone achieves an emotion classification accuracy of
89.69%, with the F1-score and recall indicating slightly lower performance. Using eye movement data alone achieves
87.13% accuracy, with F1-score and recall following a similar trend. After fusing EEG and eye movement data, accu-
racy significantly improves to 96.99%, while the F1-score and recall are also increased, and the standard deviation
decreases from 8.68% and 9.71% in unimodal cases to 3.54%. Analysis of confusion matrices in Fig. 3(a-c) reveals clear
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Fig. 3. Confusion matrices of MS2FL using different data sources on the SEED and SEED-V datasets. Panels (a), (b), and (c) show
classification results on the SEED dataset using EEG data, eye movement data, and fused data, respectively. Panels (d), (e), and (f)
show classification results on the SEED-V dataset using EEG data, eye movement data, and fused data, respectively.

complementarity between EEG and eye movement data in classifying Neutral and Sad emotions. In the unimodal EEG
model, Neutral is correctly classified in 92.12% of cases, while Sad is correctly classified in 77.40% and misclassified
mainly as Neutral with a rate of 20.67%. In the unimodal eye movement model, Sad recognition improves to 78.72%, but
Neutral accuracy slightly decreases to 87.50%. After fusion in MS2FL, Neutral accuracy increases to 96.89% and Sad
recognition to 95.34%, demonstrating a substantial reduction in confusion between these two categories. Happy emotion
is accurately recognized in all models, maintaining high accuracy after fusion at 98.61%, comparable to the unimodal
models with 98.66% for EEG and 94.54% for eye movement. These results provide quantitative evidence that the fusion
strategy enhances class-level discriminability, particularly for emotion pairs that are prone to mutual confusion.

On the SEED-V dataset, the results similarly confirm the benefits of the fusion strategy. As shown in Table 4,
using EEG data alone achieves an accuracy of 81.97%, with F1-score and recall showing lower performance, while
eye movement alone reaches 72.82% accuracy, with corresponding F1-score and recall also lower. In contrast, MS2FL
significantly improves accuracy to 89.83%, while the F1-score and recall are also enhanced, and the standard deviation
decreases from 11.13% and 7.97% in unimodal cases to 6.94%, indicating enhanced performance stability. Detailed
analysis of the confusion matrices in Fig. 3(d-f) shows that fusion improves recognition for specific categories. Disgust
is recognized with 61.14% accuracy using EEG and 46.47% using eye movement, and MS2FL raises this to 74.32%,
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Table 5. Ablation results of different loss component configurations on the SEED and SEED-V datasets. Accuracy (ACC), standard
deviation (STD), F1-score (F1), and recall are reported. “✓” indicates that the corresponding loss component is included in the
optimization objective.

Loss SEED SEED-V
Lmmd Ldec LKL ACC (%) STD F1 (%) Recall (%) ACC (%) STD F1 (%) Recall (%)

✓ ✓ 93.49 5.44 93.37 93.53 85.26 9.50 83.81 87.40
✓ ✓ 94.27 4.42 94.21 94.44 86.22 7.62 84.40 85.33
✓ ✓ 94.36 5.46 94.19 94.09 86.38 8.22 85.28 84.47
✓ ✓ ✓ 96.99 3.54 96.92 96.84 89.83 6.94 88.18 89.19

notably reducing confusion with Fear and Sad. Fear achieves 87.77% accuracy with EEG and 72.81% with eye movement,
while MS2FL improves it to 92.95%, mitigating misclassification as Disgust and Sad. For Sad, unimodal accuracies are
78.81% and 71.58%, and MS2FL increases it to 87.80%, reducing confusion with Disgust and Fear. Neutral classification
improves from 89.58% (EEG) and 90.41% (EYE) to 96.19% after fusion, while Happy recognition reaches 94.68%, correcting
most misclassifications present in the eye movement model. These quantitative results confirm that fusion enhances
class-level discriminability and reduces confusion between closely related emotions.

4.4.3 Loss Ablation Experiment. To further investigate the contributions of different loss components, additional
ablation experiments were conducted by individually removing Lmmd, Ldec, and LKL from the optimization objective.
The experimental results on the SEED and SEED-V datasets are presented in Table 5.

As shown in Table 5, the complete model achieves the best overall performance on both datasets, indicating that each
loss component contributes positively to the optimization process. On the SEED dataset, removing Lmmd decreases the
accuracy from 96.99% to 93.49%, while the F1-score and recall also decline accordingly. Meanwhile, the standard deviation
increases from 3.54% to 5.44%, suggesting that the distribution alignment constraint contributes to the consistency and
stability of shared feature representations across modalities. When Ldec is removed, the accuracy decreases to 94.27%,
while the F1-score and recall also show a corresponding decline, indicating that the decoupling constraint contributes
to preserving modality-specific discriminative information. Similarly, removing LKL results in an accuracy of 94.36%,
accompanied by reductions in F1-score and recall, reflecting the contribution of cross-modal knowledge transfer during
feature optimization.

A similar trend can also be observed on the SEED-V dataset. Specifically, removing Lmmd reduces the accuracy
from 89.83% to 85.26%, while the F1-score and recall also decrease accordingly. Without Ldec, the model achieves an
accuracy of 86.22%, and removing LKL yields an accuracy of 86.38%. Across all three ablation settings, the F1-score,
recall, and standard deviation metrics also decline compared with the complete model. Overall, the results indicate that
the different loss components jointly contribute to feature alignment, modality-specific representation preservation,
and cross-modal feature interaction, thereby improving classification performance and model stability.

4.5 Feature Visualization

As shown in Fig. 4, to intuitively evaluate the effectiveness of MS2FL in enhancing feature discriminability, the t-SNE [59]
algorithm was employed to visualize the distributions of six features from a representative subject in the SEED and
SEED-V datasets. In SEED (Fig. 4(a)), EEG features form loose clusters with noticeable overlap, especially between sad
and neutral, while eye-movement features appear even more scattered, offering little category separation. Baseline
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Fig. 4. Visualization of feature distributions under different methods for representative subjects in the two datasets (a) SEED and (b)
SEED-V. For each dataset, the visualization corresponds in turn to EEG, eye movements, fused features from a representative baseline
fusion method, and fused features obtained from MS2FL.

fusion methods tighten the distribution somewhat, yet many samples remain mingled at class boundaries. By contrast,
MS2FL produces compact, well-defined clusters with clear margins, indicating markedly improved intra-class cohesion
and inter-class separation. The same pattern emerges on SEED-V (Fig. 4(b)): EEG and eye-movement features alone
show widespread overlap among emotions such as disgust, sad, and fear; baseline fusion yields only modest gains; but
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Fig. 5. Visualization of feature distributions at different stages for representative subjects in the two datasets (a) SEED and (b)
SEED-V. For each dataset, the visualizations correspond to the feature distributions before alignment, after alignment, and after
fusion, respectively.

MS2FL achieves visibly aligned, discriminative clusters, substantially boosting the separability of complex emotional
states.

To further illustrate how SP-FDA reshapes the shared feature space, additional t-SNE visualizations are presented
in Fig. 5. Unlike the comparative visualization in Fig. 4, Fig. 5 shows the feature distributions before alignment, after
SP-FDA alignment, and after multimodal fusion. As shown in Fig. 5(a), the SEED dataset exhibits noticeable dispersion
and overlap before alignment, while SP-FDA makes intra-class samples more compact and inter-class boundaries clearer.
After fusion, the clusters become further separated. Similar trends can be observed on the SEED-V dataset in Fig. 5(b),
where SP-FDA effectively reduces inter-class mixing and improves the consistency of the shared feature space, thereby
enhancing feature discriminability for subsequent multimodal fusion and emotion classification.

5 Discussion

Multimodal emotion recognition is a key technology in human-computer interaction. However, existing approaches still
face challenges in simultaneously ensuring cross-modal consistency and preserving modality-specific expressiveness.
To address this issue, we propose a novel MS2FL framework, which aims to model both modality complementarity and
modality specificity. The framework incorporates two core modules: SP-FDA and FDEF. SP-FDA aligns shared features
across modalities while mitigating distributional heterogeneity and retaining the independent characteristics of EEG and
eye movement signals. FDEF enhances the discriminability of fused features by emphasizing informative variations and
effectively capturing complementary information. By integrating these two modules, MS2FL simultaneously preserves
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unimodal feature independence and exploits modality complementarity. This unified design explains the consistent
performance gains observed in our experiments and lays a solid foundation for the subsequent discussion.

5.1 Comparative Analysis

In the comparison methods, the simple fusion approaches Concat, MAX, and Fuzzy fail to effectively capture cross-modal
complementarities, resulting in lower accuracy and higher variance. BDAE, which leverages autoencoder-based cross-
modal interactions, and MAET, employing an adaptive Transformer for multimodal representation learning, achieve
moderate accuracy improvements of approximately 5–6% over traditional methods, yet both lack feature alignment
mechanisms, limiting multi-modal feature distribution consistency and fusion performance. DCCA and its extension
DCCA-AM further enhance the alignment between EEG and eye movement features, outperforming BDAE and MAET
with accuracy gains of roughly 2–5% and reaching 92.79% on SEED. However, their fusion strategies are overly simple
and fail to fully exploit modality-specific cues and complementary information. The G2G framework adopts a graph
neural network–based fusion strategy, achieving 86.24% on SEED-V, but it does not effectively balance unimodal
feature characteristics with shared multimodal representations. In contrast, MS2FL explicitly addresses these limitations
through SP-FDA and FDEF, preserving modality-specific information while enhancing inter-modal consistency and
feature discriminability. As a result, MS2FL achieves superior recognition performance, yielding an additional 3–4%
improvement over the mainstream methods across both SEED and SEED-V and attaining the highest overall accuracy.

5.2 Ablation Study Analysis

The ablation studies collectively demonstrate the effectiveness of the proposed MS2FL framework from the perspectives
of module design, modality fusion, and optimization objectives. In the module-level experiments, both SP-FDA and FDEF
consistently improve the performance of the baseline model on the SEED and SEED-V datasets. Specifically, SP-FDA
reduces cross-modal distribution discrepancies while preserving modality-specific characteristics, thereby improving
the consistency of shared feature representations. Meanwhile, FDEF enhances the discriminability of fused features by
strengthening peak-valley distribution differences within the semantic space and promoting complementary information
interaction between modalities. When the two modules are jointly introduced, the model achieves the best overall
performance, indicating that SP-FDA and FDEF provide complementary advantages for multimodal representation
learning. The modality comparison experiments further verify the necessity of multimodal fusion. Although EEG-based
recognition achieves relatively stronger performance than eye movement signals, unimodal methods still exhibit
noticeable confusion among similar emotional categories. After multimodal fusion, MS2FL significantly improves
classification accuracy and reduces category-level confusion, as reflected by the more concentrated main diagonal and
fewer misclassifications in the confusion matrices. Furthermore, the loss ablation experiments show that removingLmmd,
Ldec, or LKL all leads to performance degradation in terms of accuracy, F1-score, recall, and stability. In particular, the
larger decline caused by removing Lmmd indicates the importance of reducing distribution discrepancies among shared
features, while the degradation observed after removing Ldec and LKL suggests that modality-specific representation
preservation and cross-modal knowledge interaction both contribute to effective feature optimization. Overall, these
results confirm that the different modules and optimization objectives within MS2FL collaboratively improve the
consistency, discriminability, and stability of multimodal emotional representations.
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5.3 Feature Visualization Analysis

Feature visualization provides compelling evidence for the discriminative capacity of the proposed MS2FL framework.
In unimodal representations, EEG features form loosely clustered distributions with substantial overlap, particularly
between closely related emotions such as Sad and Neutral, while eye-movement features exhibit even greater dispersion
and limited class separability. Conventional fusion methods achieve modest improvements in cluster cohesion, yet many
samples remain ambiguously distributed near class boundaries. By contrast, MS2FL generates compact, well-separated
clusters with clear margins, indicating enhanced intra-class consistency and inter-class discriminability. Additional visu-
alizations further show that SP-FDA effectively reduces feature overlap and progressively improves cluster compactness
during the alignment and fusion process. These findings suggest that the framework effectively reduces misclassification
among ambiguous categories, an advantage attributable to its ability to exploit the complementary characteristics
of EEG and eye-movement signals while preserving modality-specific information in the fused representations. The
improved separability of emotional states observed in both SEED and SEED-V datasets underscores the capacity of
MS2FL to support precise emotion recognition in complex, multimodal affective computing scenarios.

5.4 Limitations and Future Work

Despite the promising performance of MS2FL, several limitations remain. In some experiments, individual subjects
exhibited suboptimal results, and the framework’s performance on external datasets was lower than expected, highlight-
ing challenges in cross-subject and cross-dataset generalization. These limitations may arise from low-quality or noisy
EEG and eye-movement signals, inherent inter-subject variability, and dataset-specific characteristics. Furthermore,
while the current framework effectively captures complementary information and preserves modality-specific features,
its adaptability to highly diverse real-world conditions has not been fully tested. Future work will focus on enhancing
the robustness of MS2FL across subjects and datasets by exploring adaptive fusion strategies, dynamic weighting of
modalities, and domain adaptation techniques. In addition, integrating real-time feedback mechanisms and lightweight
model implementations for edge deployment could further extend the practical applicability of the framework in clinical
assessment, cognitive workload evaluation, and affective computing tasks in real-world environments.

6 Conclusion

This paper presents a novel multimodal emotion recognition framework named MS2FL, which adopts an alignment-
then-fusion strategy to address the challenge of simultaneously modeling modality complementarity and modality
specificity. It employs SP-FDA to enforce feature distribution consistency for modality-shared features while preserving
modality-specific features, and utilizes FDEF to achieve effective fusion by enhancing the discriminability of these
features.Through extensive experiments, MS2FL consistently outperforms both state-of-the-art methods and traditional
baselines in accuracy and stability.Ablation studies and modal comparison experiments validate the effectiveness of
its alignment and fusion mechanisms in leveraging multimodal complementarities.Overall, MS2FL offers a robust and
scalable approach for practical multimodal emotion recognition, with significant implications for enhancing affective
computing and human–machine interaction applications.
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