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ABSTRACT: With the development of brain-computer interfaces (BCI), more and more studies are using electroen-
cephalography (EEG) for emotion recognition. Traditional emotion recognition often uses 2D videos and pictures to
stimulate emotions, which do not provide an immersive feeling. Virtual reality (VR) can provide a more immersive and
realistic experience, and recent studies are beginning to utilize EEG for emotion recognition in VR. However, due to
the limited information on single-modal features, it is not possible to fully recognize individual emotions. To address
this problem, we proposed a multi-modal approach in VR, which utilized a VR scene featuring videos to stimulate
participants’ emotions and simultaneously extracted and complementarily fused the features of EEG and eye movement.
Then, we introduced a cross-attention mechanism to recognize multiple emotional states. The experimental results
showed that our approach achieved 90.04% classification accuracy (for four emotional states) and 97.17% (for three
emotional states) on the public dataset SEED-IV and the self-collected dataset VR-EED, respectively. This results not
only outperformed the single-modal emotion recognition approach (pure EEG or pure eye movement-based) but also
surpassed the traditional multi-modal emotion recognition approach (feature layer fusion or decision layer fusion-
based). This verifies the superiority of the proposed fusion strategy and is valuable for multi-modal emotion recognition,
promoting the development of affective computing applications in VR. This work demonstrates how emotion-aware
VR systems can enable adaptive and context-aware interactions in immersive environments.
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1 Introduction
Emotion is a subjective and conscious mental state or process that people experience in response

to internal or external stimuli, reflecting their feelings and cognition of a particular thing. Emotional
communication is a vital component of people’s social lives and can have a profound impact on their daily
lives and professional work. With the introduction of “affective computing,” scholars are committed to
the mathematization of affective concepts, enabling computers to recognize, process, identify, and classify
affective states. With the continuous progress of human-computer interaction technology, machine learning,
and deep learning, affective computing has gradually penetrated various fields, including healthcare, media
and entertainment, information retrieval, education, and intelligent wearable devices [1], showcasing a wide
range of application prospects [2]. Therefore, improving the accuracy of emotion recognition effectively has
become an important issue.

In emotion recognition, researchers have employed various types of signals as the basis for analysis,
which can be broadly categorized into two main types: non-physiological signals and physiological signals.
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Among them, physiological signals are controlled by the human body’s autonomic, nervous, and endocrine
systems. They are not controlled by subjective consciousness, so they can objectively and realistically reflect
an individual’s physiological, psychological, and emotional changes [3,4]. The main physiological signals
commonly used in the field of emotion recognition include electroencephalography (EEG), eye tracking,
electromyography (EMG), electrocardiography (ECG), galvanic skin response (GSR), and respiratory sig-
nals [5,6]. Among them, EEG, which records brain activity in the central nervous system, has good temporal
characteristics, can directly reflect brain activity, and has been shown to provide informative features in
response to emotional states [7]. Therefore, EEG-based emotion recognition has been widely studied in
recent years [8–10].

Virtual reality (VR) provides users with a more immersive experience compared to traditional 2D dis-
plays. As a result, an increasing number of researchers are utilizing VR environments to evoke emotions [11],
which in turn yields higher-quality physiological signals. However, due to the blocking of VR headsets, few
existing studies have considered eye movement signals when using VR to induce emotions, although recent
work has shown the feasibility of synchronized EEG and eye-tracking recording in fully immersive VR [12].
At the same time, eye-tracking has gained popularity in many fields as a means of emotion assessment
because it gives researchers a window into the user’s visual, emotional, and cognitive processes [13,14]. Studies
have shown that eye-tracking can be a reliable method for evaluating emotional responses when individuals
are stimulated [15]. It is necessary to consider eye movement features as a basis for emotion recognition.

EEG and eye-tracking signals reflect internal neural patterns and external subliminal behavioral
information, respectively, and recent EEG-based multimodal emotion-recognition studies emphasize the
complementarity between EEG and other physiological or behavioral modalities [9,10]. This complementar-
ity enables the effective fusion of EEG and eye movement signals, thereby improving emotion recognition
accuracy. Therefore, utilizing EEG and eye movement data for emotion recognition in VR is a topic worthy of
in-depth exploration. In recent years, researchers have attempted to integrate multi-modal data to enhance
the effectiveness of emotion recognition. However, there are several limitations in the existing studies,
including the insufficient extraction of single-modal EEG features and the lack of in-depth fusion of EEG and
eye movement multi-modal complementarities. For this reason, this paper aims to investigate an emotion
recognition method that fuses EEG and eye movement data. First, we allowed users to watch emotion-
evoking videos in VR to enhance user immersion. Second, we proposed a 3D-CNN-Transformer-based
multidimensional feature extraction method for EEG signals in the time, spatial, and frequency domains to
improve the classification accuracy of emotion recognition. Finally, we conducted the fusion of EEG and
eye movement in VR and designed an effective fusion strategy to improve the accuracy of multi-modal
emotion recognition.

The main contributions of this work are summarized as follows. (1) We constructed a VR-based EEG–
eye movement emotion dataset, VR-EED, in which immersive emotional video stimuli were used to induce
emotional responses while EEG and eye-movement signals were simultaneously recorded. (2) We proposed a
3D-CNN-Transformer-based EEG feature extraction module to jointly model spatial, spectral, and temporal
information from EEG signals. (3) We designed a cross-attention-based multimodal fusion strategy to
capture the complementary relationship between EEG and eye-movement features. (4) We validated the
proposed method on both the public SEED-IV dataset and the self-collected VR-EED dataset, and the
experimental results demonstrate the effectiveness of the proposed multimodal fusion framework.
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2 Related Work

2.1 Inducing Emotions in VR
Most studies usually use passive emotion stimulation mechanisms, such as viewing images, watching

videos, and listening to music. Both static and dynamic visual stimuli are effective in inducing emotions [16].
For example, users can be asked to watch images or videos designed to elicit changes in emotion [11,17,18].
Alzeer Alhouseini et al. produced different emotions by having users watch pictures [19]. In contrast,
Katsigiannis and Ramzan induced multiple emotions by having users watch movie clips corresponding to
different emotions [20]. However, with the development of VR, which offers a high sense of immersion and
can provide a more immersive experience, scholars have gradually been able to induce users’ emotions in VR.
For example, Felnhofer et al. induced different emotions by having users experience different scenes in a VR
environment [21]. Compared to traditional 2D displays, VR can provide a more immersive environment for
emotion induction [16,22]. To summarize, VR can make users feel as if they are in an immersive environment,
allowing them to focus fully on the current scene and generate stronger emotions [23,24].

2.2 Multi-Modal Emotion Recognition
In recent years, an increasing number of researchers have begun to focus on feature correlation and

information integration across multiple modalities. For example, Jin [25] proposed a new multi-modal
fusion method, which utilizes a multi-spatial self-attention mechanism to extract higher-order features
strongly correlated with the emotional state between the two modalities of EEG and eye movements. They
used the joint attention for eye movement feature screening to take full advantage of the complementary
nature of different modalities in terms of emotion representation ability, effectively improving the emotion
recognition performance, achieving 73.03% recognition accuracy on the SEED-IV dataset, and 77.96% and
82.72% on the arousal and valence dimensions of the MAHNOB-HCI dataset, respectively. Qiu et al. [26]
proposed a correlated attention network (CAN), a multi-modal emotion recognition model, which calculates
different types of correlations between gated cyclic units. This incorporates feature correlations of EEG
and eye movement signals into the attention mechanism, thereby realizing a coordinated representation
of feature complementarity. Experimental results on the SEED-IV and DEAP datasets show that the CAN
model significantly improves emotion recognition accuracy. In addition, existing methods often fail to
fully utilize the joint dimensional information of EEG, i.e., the spatial and temporal relationships between
different electrodes, which may limit the model’s ability to extract and represent complex emotional features.
Recent EEG-based emotion recognition studies have also explored temporal-spatial-graph modeling for
more effective EEG representation learning. For example, Abdulwahhab et al. [27] proposed TSConv-GAT,
a hybrid temporal-spatial encoder-decoder framework with mRMR graph topologies and GATv2Conv for
EEG emotion recognition. This work provides a relevant benchmark for advanced EEG-based affective
computing.

Although much progress has been made in emotion recognition by fusing EEG and eye-movement
signals, some issues remain to be resolved. For example, the depth of information in different modal
features may be insufficient, limiting the accuracy of emotion recognition. In addition, most fusion methods
ignore the interaction information between modalities and restrict the performance of emotion recognition.
Therefore, future research can further explore how to extract and utilize modal features, as well as how to fuse
interaction information between different modalities more effectively, to enhance the accuracy and reliability
of emotion recognition.
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2.3 Multi-Modal Fusion Strategies
Current multi-modal fusion strategies based on EEG and eye movements focus on the fusion of feature

or decision layers. Soleymani et al. [7] used SVM algorithms for emotion recognition research, conducted
single-modal experiments with eye movements and EEG on the MAHNOB-HCI database, and then used
the summation rule in the fusion of decision layers to perform multi-modal emotion recognition, and
reached an accuracy rate of 76.4% and 68.5% on the two emotion dimensions of potency and arousal with an
accuracy of 76.4% and 68.5%, respectively. Recent deep fusion approaches further indicate that direct splicing
or late decision aggregation is insufficient for modeling the interaction between EEG and eye movement
signals. For example, attention-based feature-fusion models can learn modality-specific representations
and then selectively integrate complementary information across modalities [28], while recent reviews of
EEG-based multimodal emotion recognition also emphasize the need to model inter-modal dependency
rather than simply concatenating heterogeneous features [10]. Although decision-layer fusion integrates the
emotion recognition results of individual modalities, it ignores the complementarity of features and potential
redundant information between different modalities. Meanwhile, traditional feature-layer fusion methods
often directly splice multi-modal features, failing to utilize the feature complementary relationship between
modalities effectively.

2.4 Transformer-Based Multi-Modal Fusion
The Transformer model has shown significant advantages in multi-modal emotion recognition. It excels

in integrating modal information due to its ability to focus on continuous emotion data on a global scale and
emphasize regions contributing to emotion recognition using a self-attention mechanism. Wang et al. [29]
proposed an emotion Transformer Fusion (ETF) based on a pure attention mechanism model, which
combines a Transformer encoder with an attentional mechanism-based fusion to exploit the parallelism
and simplicity of emotion recognition with EEG and eye movement signals, achieving 90.02% accuracy on
a homebrew dataset, which significantly improves the ability to discriminate between anger, surprise, and
neutral emotions. Fu et al. [30] proposed a new multi-modal feature fusion neural network model. The
multiscale feature fusion module therein utilizes cross-channel soft attention to adaptively select information
from multiple event space scales for feature acquisition and effective fusion, achieving 87.32% accuracy on the
SEED-IV dataset. These studies demonstrate the capability of the Transformer-based architecture for multi-
modal emotion recognition using EEG and eye movement signals. Attention-based EEG-eye-movement
fusion has also been extended through deep feature extraction and adaptive attention fusion [28]. Despite
the significant progress of Transformer-based architectures in multi-modal emotion recognition, several
critical limitations remain when these models are applied to immersive VR scenarios. First, most existing
approaches treat multi-modal fusion as a static or symmetric process, assuming fixed correlations between
EEG and eye movement signals. However, in VR environments, emotional responses are highly dynamic
and context-dependent, where the relative contribution of neural activity and visual behavior may vary over
time. Second, many Transformer-based fusion models rely on heavy architectures with a large number of
parameters, which increases training complexity and limits their applicability to real-time or adaptive VR
systems. Moreover, existing methods often focus on improving classification accuracy, while paying less
attention to modeling the temporal interaction and mutual influence between internal neural states and
external behavioral cues.

To address these challenges, our proposed cross-attention multi-modal fusion framework explicitly
models the bidirectional temporal interaction between EEG signals and eye-tracking signals. By allowing
each modality to dynamically attend to the other across time, our approach captures fine-grained comple-
mentary information that static fusion or self attention mechanisms fail to exploit. This design is particularly
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suitable for VR-based emotion systems, where users’ affective states continuously evolve in response to
immersive stimuli.

3 Approach
Our approach constructed a deep learning model as shown in Fig. 1, which mainly contains feature

extraction, dimension alignment, cross-attention fusion, and classification. In the feature extraction stage,
EEG features were extracted by the 3D-CNN-Transformer, and the Transformer extracted eye movement
features. In the dimension alignment stage, a multi-layer perceptron (MLP) was used to convert various
features into a unified dimension, laying the foundation for subsequent fusion operations. The cross-
attention fusion mechanism established cross-attention connections between features of different modalities
of EEG and eye movement. It dynamically adjusted the importance of features of various modalities to
improve the performance of emotion recognition. Finally, the emotion classification was achieved using a
fully connected layer and the SoftMax function.

Figure 1: The framework of the proposed model. The model we proposed consists of four parts: feature extraction,
dimension alignment, feature fusion, and a classifier. The feature extraction module is divided into EEG data feature
extraction and eye movement data feature extraction, both of which include a convolution module and a Temporal
Transformer Block; feature alignment is achieved by a multi-layer perceptron (MLP); feature fusion uses the cross-
attention fusion method proposed in this paper; and after feature fusion, full connection is performed for classification.

3.1 Feature Extraction
For multi-modal feature fusion to achieve good emotion recognition, the prerequisite is to extract high-

quality emotion features on a single modality. The feature extraction task is to obtain high-quality features
from the EEG and eye movement features, respectively. For the problem of insufficient EEG feature dimen-
sion extraction, we proposed an EEG emotion feature extraction method based on 3D-CNN-Transformer,
with the framework shown in Fig. 1, including 3D feature organization, spatial-frequency-spectral convo-
lution, and temporal coding and decoding, in which the 3D feature organization aims at extracting EEG
spatial-frequency-domain-temporal three-dimensional features as the inputs. The spatial-frequency-spectral
convolution used three convolutional layers to extract spatial-frequency domain features from each time
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slice. Temporal coding and decoding connected four Transformer encoding layers and four Transformer
decoding layers through a U-shaped structure to obtain contextual features.

Fig. 2 shows the 3D feature generation process. To fully utilize the time-domain information of EEG
data, the T-second EEG signal was segmented into N time slices using a 0.5-s non-overlapping sliding
window. Since the EEG signals were acquired from multiple channels, each corresponding to a specific brain
region, this paper retained the channels of the EEG signals, thus enabling the preservation of critical spatial
information. In addition, studies have shown that the high-frequency portion of the EEG signal has a more
significant impact on emotion recognition than other frequency portions [8,10]. Therefore, we divided the
EEG signal into multiple frequency bands and extracted features from each band. For each frame in the
sample, it was decomposed into five frequency bands based on the Fourier transform, which were delta
(0.5–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–42 Hz). Since Power Spectral
Density (PSD) and Differential Entropy (DE) features were effective in EEG emotion recognition [8,27], we
extracted PSD and DE features separately for each frame in all five frequency bands of each channel.

Figure 2: 3D feature generation process.

EEG signals contain information between multiple channels and frequency domains. Therefore, the
correlation features between different channels and frequency domains must be considered in the model
construction process. The main task of spatial-frequency domain convolution is to extract spatial-spectral
features from each channel and frequency domain. This model used three consecutive convolutional layers;
the number of filters in the three convolutional layers were 8, 16, and 32, respectively, and the size of the
convolutional kernel of each convolutional layer is set to 3 × 3. A bottleneck structure was used between each
convolutional layer to extract spatial-frequency-domain features better.

To more effectively decode emotions from EEG time series, we proposed a Temporal Transformer
Block (TTB) that incorporates a multi-communicative attention mechanism and a residual attention layer, as
shown in Fig. 3a, and employed a U-shaped structure similar to the U-Net to connect the underlying features
to the higher-level features effectively, as shown in Fig. 3b, thereby helping the model to better capture the
contextual information in the time series.
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Figure 3: Architecture of the temporal transformer block: (a) encoding module with Talking-Head Attention and
residual attention scores; (b) U-shaped temporal encoder-decoder structure; (c) Talking-Heads Attention block.

The traditional Multi-Heads Attention mechanism used in Transformer [31] features different attention
heads that are independent of each other and perform separate fixation computations, with no explicit mech-
anism for dynamically adjusting the importance of the heads relative to one another. This limitation restricts
the modeling capabilities in addressing long-distance dependencies, such as those found in emotional EEG.
Therefore, we introduced Talking-Heads Attention (THA), as shown in Fig. 3c. It was characterized by the
introduction of a learnable head selection mechanism, which allows the attention heads to dynamically “talk”
with each other; the calculation process is shown in Eq. (1):

THA(Q , K , V) = Concat (W1 ⋅ head1 , W2 ⋅ head2, ⋅ ⋅ ⋅ , Wh ⋅ headh)W O (1)

where h denotes the number of attention heads, the query, key, and value of the i − th attention head, λ is a
scaling parameter, and Wi is the attention head’s weight corresponding to that position.

Compared with conventional multi-head attention, in which different attention heads are computed
independently and only concatenated at the output stage, Talking-Head Attention allows information
exchange across attention heads through learnable head-wise transformations. This design enables the model
to dynamically adjust the relative importance of different attention patterns. For emotional EEG signals,
discriminative information is often distributed across multiple channels, frequency bands, and temporal
segments. Different attention heads may focus on different spatial-spectral-temporal dependencies, while the
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interaction among heads can help reduce redundant attention responses and enhance complementary feature
representations. Therefore, Talking-Head Attention is suitable for improving the representation ability of
EEG temporal modeling and can contribute to more robust emotion recognition performance.

In Transformer, applying the residual structure to the attention layers is adding residual connections
between neighboring attention layers, as shown in Fig.3a, where adding a jump edge connecting the multi-
communicating attention modules in the neighboring layers means that the output of the previous layer
(usually the attention scores after a SoftMax operation) was used as an additional input to the current
layer. This connection created a “short circuit” that makes it easier to pass information from one layer of
the network to another without having to go through all the intermediate layers. This helped maintain the
message’s integrity as it travels and reduces the loss of information due to too many layers. More intuitively,
a parameter Prev, the attention score of the previous layer, was added as an additional input to the attention
of the current layer’s multiple exchanges with the following formula:

Res − THA(Q , K , V , Prev) = Concat (W1 ⋅ head1 , W2 ⋅ head2, ⋅ ⋅ ⋅ , Wh ⋅ headh)W O (2)

where, headi = Res − Attention(QW Q
i , KW K

i , V W V
i , Previ), Res − Attention added the residual scores

on top of the Previ , and then calculates the weighted sum, with the following formula:

Res − Attention (Q′, K′, V ′, Prev′) = softmax(Q′K′T√
dk
+ Prev′)V ′ (3)

Finally, the new attention score was passed to the next layer, and this structure enabled the model to
utilize both the computational results of the current layer and the information of the previous layer. The
effective utilization of information between different layers enabled the model to capture critical features in
the EEG signals more accurately, thereby improving the expressiveness and robustness of the model.

The eye movement data is a time series. Considering the advantages of the Temporal Transformer Block
model in time-series data processing, especially its multi-head communicative attention mechanism that
can effectively capture temporal dynamic features, we also choose to use this model for the implementation,
which contains position coding, multi-head communicative attention module, feed-forward neural network,
and a global average pooling layer to assist in extracting the eye movement temporal feature dependencies
in the signal.

3.2 Dimension Alignment
After extracting the EEG and eye movement multi-modal features, respectively, because of the difference

in the dimensionality of the two types of features, it is necessary first to perform dimensional alignment
before multi-modal feature fusion to facilitate the subsequent fusion operation. We converted the two
types of features to the same dimensionality employing a Multilayer Perceptron (MLP), which is a feed-
forward neural network consisting of multiple fully connected layers, each of which uses a nonlinear
activation function, ReLU, that maps the features to a new space, thus aligning the dimensionality of the
original features.

Assuming that the original EEG feature vector dimension is dee g and the original eye movement vector
dimension is de ye , the goal is to map both to dimension dt . For the EEG and eye movement features, a
multilayer perceptron was designed for mapping, respectively. Let each MLP have L layers (here let L = 3),
for each layer, the MLP is computed as follows:

h(l)
ee g = f (W(l)

ee g ⋅ h(l−1)
ee g + b(l)

ee g) (4)
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where h(l−1)
ee g is the output of the layer l − 1, for l = 1, there are the original EEG features h(0)ee g = xee g , W(l)

ee g

is the weight matrix of layer l, b(l)
ee g is the bias vector of layer l, and f is the activation function, in this

paper, ReLU is used. The output of the last layer L is the dimensionally-aligned EEG features h(L)ee g = x′ee g
with dimensionality dt . Similarly, a similar operation is performed for the original eye-movement features,
and the output of the last layer L is the dimensionally aligned eye-movement features h(L)e ye = x′e ye , whose
dimension is also dt . Finally, the dimensionally aligned EEG and eye movement features are obtained, which
is convenient for subsequent feature fusion operations.

3.3 Cross-Attention Based Fusion
Both EEG and eye movement data contained information about emotional states, but the correlation

between the two modalities is not obvious. Synchronization between EEG signals and eye-movement data in
different emotional states is an important prerequisite to reveal their interactions in the temporal dimension,
which in turn enhances the interpretation of emotional states. Considering that both EEG and eye movement
signals have certain dynamic properties, the emotional state is more affected by the interaction between
them. For this reason, we proposed trans-attentive networks that integrate EEG and eye movements. By
designing in the time dimension, the network can capture the dynamic interaction information between
the two modalities, adaptively selecting and weighting the EEG and eye movement features at different time
points, so as to better describe the correlation between them. The internal structure of the trans-attentive
network is shown in Fig. 4. Its computation is divided into two steps: attention calculation and feature fusion.

Figure 4: Cross-attention network.

3.3.1 Attention Calculation
First, the attentional weights between two input sources (EEG data and eye movement data) need to be

computed, i.e., to determine the importance of one input source to the other. For the EEG to eye-movement
cross-attention, it is defined as follows:
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Wee g→e ye = softmax
⎛
⎝

Qee g KT
e ye√

dk

⎞
⎠

(5)

where Qee g is the EEG feature matrix after linear transformation as the query matrix, Ke ye is the eye
movement feature matrix after linear transformation as the key matrix, and dk is the scaling factor of the
feature dimension, which is used to prevent the problem of vanishing gradient due to too large a dot product.

The same method was used to calculate the attentional weights in the other direction, which were
defined as follows for eye movement to EEG cross-attention:

We ye→ee g = softmax
⎛
⎝

Qe ye KT
ee g√

dk

⎞
⎠

(6)

Attentional weights are obtained by calculating the correlation between the query vectors of the EEG
data and the key vectors of the eye movement data to introduce information about each other.

3.3.2 Feature Fusion
The purpose of feature fusion is to apply the attentional weights to the original feature vectors to generate

the fused feature representation. In the EEG-eye-movement multi-modal emotion recognition task, for the
feature vectors of EEG Vee g and the fused attentional weights Wee g→e ye , the fused EEG feature representation
can be obtained by weighted summation with the following formula:

Fee g = Vee g ⋅Wee g→e ye (7)

For the feature vectors of eye movements Ve ye and the fused attentional weights We ye→ee g , the fused
eye movement feature representations can likewise be obtained by weighted summation:

Fe ye = Ve ye ⋅We ye→ee g (8)

The fused EEG features and eye movement features are then connected using Concat to obtain the EEG-
eye movement fusion features Fee g−e ye , so that the EEG data and eye movement data can be fused through
the cross-attention mechanism, and the importance of the EEG data to the eye movement data, as well as
the importance of the eye movement data to the EEG data, is decided according to the specific attentional
weights, thus improving the performance of emotion recognition.

3.4 Emotion Classification
After feature extraction and cross-attention fusion, higher-quality fused features are obtained, which are

fed into the classification module to classify emotions using the fully connected layer and SoftMax operations.
The fully connected layer can transform high-dimensional feature vectors into output vectors corresponding
to the number of sentiment categories, and SoftMax transforms them into probability distributions. Finally,
cross-entropy loss is used to compare the predicted labels with the real labels to get the recognition results.
The formula is as follows

L = − 1
N

N
∑
n=1

M
∑
m=1

ym
n log( ŷm

n ) (9)

where N is the batch size and M is the number of categories given by the particular dataset and task. ym
n

and ŷm
n are the true label and the predicted probability of the corresponding category, respectively. Finally,
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the classification probability of each category is obtained, and the category with the highest probability is
considered as the final prediction.

4 Experiment and Results

4.1 Dataset and Experimental Settings
In terms of publicly available datasets, we selected SEED-IV [32]. This multi-modal emotion recognition

dataset combines data from two modalities: EEG and eye movement, and contains four basic emotion
categories: happy, neutral, sad, and fear. A 64-channel ESI NeuroScan system and an SMI eye-tracker were
used to acquire EEG and eye-movement data for this dataset, comprising a total of 15 participants, including
seven males and eight females.

In addition, we collected EEG data and eye movement data for different emotions in the VR envi-
ronment to produce a private dataset, VR-EED. Fifteen participants were recruited for the formal emotion
experiment, including 9 males and 6 females. The participants were aged between 20 and 24 years, with
a mean age of 22.5 years and a standard deviation of 0.9 years. Of these, 60% reported having used VR
before. All participants had no history of psychiatric illness and had normal or corrected vision. Before the
experiment, participants’ vertigo under VR was assessed on a 7-point Likert scale, and all were found to be
free of significant vertigo to rule out the influence of VR vertigo on the experiment. This work was conducted
in collaboration with Zhejiang Hospital, China. This study was approved by the Ethics Committee of Zhejiang
Hospital (Approval No. 2025-C-095). All participants voluntarily participated in the study and provided
written informed consent before data collection. All participants followed the same set of experimental
methods, using the Borecon Neusen W 64-channel EEG device and the HTC VIVE VR device (embedded
with an eye tracker) for data acquisition. For EEG data, 21 channels (Fp1, Fp2, F3, F4, C3, C4, P3, P4, O1,
O2, F7, F8, T3, T4, T5, T6, Fz, Cz, Pz) were selected. For eye movement data, three types of features were
selected: 3D gaze point, 2D gaze point, and pupil area. The entire experiment was conducted in a quiet
lab, with only the participants and researchers present. Finally, standard preprocessing procedures were
applied. First, the raw EEG was re-referenced to the common average and down-sampled from 1000 Hz to
100 Hz to reduce computational complexity. Second, a fourth-order Butterworth band-pass filter with cut-off
frequencies of 0.5–45 Hz was applied to suppress baseline drift and high-frequency noise while preserving the
emotion-related rhythms across the delta–gamma range used in our feature extraction (Section 3.1). Third,
ocular (blink), muscular (EMG), and head-movement artifacts were removed using independent component
analysis (ICA) with subsequent visual inspection, thereby improving the signal-to-noise ratio [33].

In the VR-EED dataset, emotional responses were induced using emotionally labeled movie clips. The
stimulus materials were selected according to their emotion labels, including happy, sad, and neutral states.
Each experiment contained 24 movie clips, and each clip lasted approximately 2 min. To improve the diversity
of the stimulus materials, each participant completed three experiments at different time intervals, and each
experiment used a different set of 24 movie clips. Each trial consisted of a 5-s start cue, a 2-min video-
watching stage, and a 45-s self-assessment stage. During the video-watching stage, participants wore the
HTC VIVE headset and viewed the emotional stimuli in the VR environment, while EEG and eye-movement
signals were recorded simultaneously.

The batch size of our model was set to 64, the fixed learning rate was 0.0001, the weight decay was
0.000001, the number of epochs was set to 200, the cross-entropy loss function was used, and the Adam
optimization algorithm was chosen. Five-fold cross-validation was used in the experiment by dividing the
data into five subsets, using four of them as the training set each time and the remaining one as the test set.
Accuracy (Acc) and standard deviation (Std) were used as evaluation metrics.
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Computational complexity analysis. To further evaluate the computational feasibility of the proposed
model, we estimated its complexity in terms of parameter count, FLOPs, and average inference latency per
0.5-s EEG–eye-movement time slice. The estimation was based on the network configuration described
in Section 3, including the 3D-CNN-based EEG feature extractor, the Temporal Transformer Block, the
MLP-based dimension alignment layers, the bidirectional cross-attention fusion module, and the final fully
connected classifier. The proposed cross-attention fusion model contains approximately 3.5–4.5 million
trainable parameters and requires approximately 0.75–0.80 GFLOPs per 0.5-s time slice. The estimated
inference latency is approximately 6–18 ms on a desktop GPU and approximately 70–120 ms on a CPU-only
platform, depending on the hidden dimension setting and hardware configuration.

4.2 Procedures
The experiment triggered specific emotional responses by showing participants 24 emotionally labeled

movie clips in VR, and participants were required to wear an HTC VIVE headset to watch the corresponding
movie clips, each of which lasted approximately two minutes.

Each participant performed three experiments at different time intervals, and each experiment used a
completely different set of 24 stimulus materials to ensure the variety and generalization of the results. Each
experiment consisted of a 5-s start cue, a 2-min video, and a 45-s self-assessment. The specific experimental
process is shown in Fig. 5. Through experiments, we created the dataset VR-EED.

Figure 5: Emotion induction experiment process in VR.
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4.3 Results and Analysis
To validate the effectiveness of the proposed cross-attention fusion method model, we conducted

experiments on a single participant on both the SEED-IV dataset and our own collected dataset, VR-
EED. Our current evaluation demonstrates within-dataset effectiveness on both a public dataset and a
self-collected VR dataset, rather than full cross-dataset generalization. Table 1 gives the emotion recognition
accuracy and standard deviation of the cross-attention fusion method for single subjects per session on the
SEED-IV dataset. Comparing the average accuracies of the same subjects under different sessions, it can be
found that the average accuracy of 15 subjects on 3 sessions was 90.04% (STD = 4.86%), the highest average
accuracy of 93.64% (STD = 4.49%) was found in P12, and the lowest average accuracy of 84.92% (STD =
7.17% ), these differences may stem from individual differences in emotional expression and physiological
responses between subjects. Comparing the average accuracy of different subjects within the same session
reveals that session 1 has the highest average accuracy of 91.15% (STD = 4.23%), while session 3 has the
lowest average accuracy of 89.18% (STD = 5.35%). This difference may be due to the emotional evocation of
video clips under different session abilities being different. Nevertheless, the difference between the average
accuracy rates of the three sessions remains within 2%, indicating that the cross-attention fusion model can
maintain a more stable performance across different sessions.

Table 1: The results of the cross-attention fusion method on the SEED-IV dataset. Bold numerical values in the AVG
row indicate average results across all participants.

Participant No. Session 1 Session 2 Session 3 AVG

Acc (%) Std (%) Acc (%) Std (%) Acc (%) Std (%) Acc (%) Std (%)
P1 93.55 3.45 89.13 5.13 91.92 4.47 91.53 4.35
P2 90.14 4.38 89.74 6.52 87.30 5.45 89.06 5.45
P3 92.62 4.81 90.48 5.13 87.55 5.39 90.22 5.11
P4 86.84 5.24 89.68 5.22 86.53 6.93 87.68 5.80
P5 85.53 6.35 83.31 7.56 85.90 7.59 84.92 7.17
P6 91.34 3.47 89.67 4.21 85.92 6.73 88.98 4.80
P7 86.71 4.63 90.05 6.63 93.28 4.11 90.01 5.12
P8 85.67 5.30 96.67 2.76 91.18 3.61 91.17 3.89
P9 95.39 3.53 91.15 4.07 92.39 4.14 92.98 3.91
P10 96.15 2.75 83.33 6.51 86.87 6.85 88.78 5.37
P11 98.29 1.62 90.33 4.79 85.43 5.64 91.35 4.02
P12 95.23 3.25 91.87 5.94 93.81 4.27 93.64 4.49
P13 84.26 6.79 93.25 2.39 89.85 5.21 89.12 4.80
P14 91.79 4.12 92.70 4.74 90.45 5.36 91.65 4.74
P15 93.74 3.79 85.56 3.58 89.25 4.45 89.52 3.94

AVG 91.15 4.23 89.80 5.01 89.18 5.35 90.04 4.86

On the homemade VR-EED dataset, due to the manual introduction of eye-movement features, it is
necessary to first filter the eye-movement features and combinations to get the most discriminative features
for emotion recognition. Fig. 6 demonstrates the average classification accuracy corresponding to different
combinations of eye movement features, where F denotes 3D gaze point features, F’ denotes 2D gaze point
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features, and P denotes pupil size. From the figure, it can be learned that multiple feature combinations
can achieve better results compared to single features in most cases, and the average classification accuracy
of feature combinations based on 3D gaze point, 2D gaze point, and pupil size reaches the highest of
77.52%, which proves the superiority of eye movement multi-feature fusion in emotion recognition. In
the comparison of single features, the classification accuracy based on pupil size is significantly higher
than that based on gaze point only, and the combination of features, including pupil size, also shows
significant advantages in classification performance, which further suggests that pupil features may carry
richer information in emotion recognition. The advantage of pupil-size features is also supported by
physiological evidence. Bradley et al. [34] reported that pupil dilation is closely related to emotional arousal
and autonomic activation, and that emotionally arousing pleasant and unpleasant stimuli can elicit larger
pupil responses. Therefore, the improved performance obtained by incorporating pupil-size features is
physiologically reasonable, as pupil dynamics may provide complementary information related to autonomic
activity and affective processing.

Figure 6: Average accuracy under different combinations of eye movement features.

It is seen that the eye movement features based on the combination of 3D gaze point, 2D gaze point,
and pupil size features gave the best classification results, so these three eye movement feature combinations
were selected. Fig. 7 shows the classification results of the proposed cross-attention fusion method on our
self-collected dataset, VR-EED, and compares it with the unimodal EEG results. The results show that our
proposed method achieves an average accuracy of 97.17%, which is an improvement of 1.9% compared to the
accuracy of 95.22% obtained from single modal EEG, indicating its effectiveness. Overall, after adding eye
movement features, the accuracy of most participants was improved, with P3 showing the most significant
improvement of 5.69%, indicating that there is a good complementarity between the EEG and eye movement
signals; however, there are also some individual participants who showed a slight decrease in accuracy, such
as P7, which showed a decrease of 0.49% compared with the single modal. This decrease may be attributable
to lower eye-tracking signal quality for P7, or there is some redundancy between the eye movement signal
and the EEG signal in terms of emotional expression, failing to achieve the expected effect when fusing
the information.
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Figure 7: Per-participant classification accuracy of unimodal EEG vs. the proposed cross-attention fusion on the
VR-EED dataset.

4.4 Comparison to State-of-the-Art Approaches
To verify the advancement of the proposed cross-attention fusion strategy, we selected representative

EEG and eye movement fusion algorithms in recent years for comparison, and the results on the SEED-
IV dataset and the VR-EED dataset are shown in Table 2. Among the compared methods, MFFNN [30]
constructs a dual-branch feature extraction module to ensure that the features of the two modalities can
be extracted while being temporally aligned, and introduces a multi-scale feature fusion module to achieve
effective fusion of features of different spatial scales; and DCCA [35], a deep-network-based extension
that nonlinearly learns individual representations of each modality, was capable of and learns a shared
representation by maximizing the correlation between two modalities, achieving accuracies of 87.45% and
91.12%; PCA + KNN [36] re-quantifies emotional EEG and eye-movement features for classification using
statistical tests, achieving accuracies of 88.89% and 90.25%. Our proposed approach introduced a trans-
attentive mechanism that can adaptively select and weigh EEG and eye movement features at different time
points to capture the correlation between the two modalities more effectively. Experimental results show that
our approach achieves a classification accuracy of 90.04% on the SEED-IV dataset, which is 1.15% better than
the best result (PCA + KNN), and this significant performance improvement fully validates the superiority
of our proposed fusion strategy.

Table 2: Accuracy comparison of the existing methods (%). Bold numerical values indicate the best performance on
each dataset, and the bold method name denotes the proposed method.

References Method SEED-IV VR-EED
Fu et al. [30] MFFNN 87.32 89.53
Liu et al. [35] DCCA 87.45 91.12

Goshvarpour and Goshvarpour [36] PCA + KNN 88.89 90.25
Gong et al. [37] CoDF-Net 89.01 88.21

Ours Cross-Attention Fusion 90.04 97.17
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5 Discussion

5.1 Results and Analysis of Fusion Strategy
We explored multi-modal fusion experiments under different fusion strategies and compared the

results with single-modal results. The network structure used in single-modal fusion is the same as the
corresponding modal network structure in multi-modal fusion. The results are shown in Table 3, where the
feature layer fusion extracted 3D features for EEG data and eye movement features based on the combination
of gaze features and pupil size features for eye movement data, which are normalized respectively and then
fused by splicing, and the final classification results are obtained by classifying them using fully-connected
layer and SoftMax for classification to get the final classification results; the decision layer fusion, on the
other hand, first obtained the same EEG features and eye movement features through the classifiers fully
connected layer and SoftMax respectively to get the corresponding classification results and then obtained
the final classification results through weighted average.

Table 3: Results of multi-modal individual subjects under different fusion strategies on the SEED-IV dataset. Bold
numerical values in the AVG row indicate average results across all participants.

Participant No. EEG Eye Movement Feature Fusion Decision Fusion Ours
P1 81.46 73.34 83.34 79.28 91.53
P2 75.02 76.53 79.25 77.29 89.06
P3 80.53 78.37 84.78 85.87 90.22
P4 82.45 73.85 85.17 83.39 87.68
P5 82.04 78.45 88.96 82.98 84.92
P6 83.35 80.53 89.73 84.35 88.98
P7 81.42 76.47 85.63 82.53 90.01
P8 81.83 74.36 83.36 79.04 91.17
P9 80.36 81.46 84.81 82.74 92.98
P10 83.72 78.57 86.74 85.86 88.78
P11 82.68 77.74 85.25 83.04 91.35
P12 83.46 78.35 87.89 84.75 93.64
P13 82.47 77.64 84.73 84.26 89.12
P14 79.56 80.74 83.63 81.07 91.65
P15 80.32 76.36 85.28 83.64 89.52

AVG 81.38 77.52 85.24 82.67 90.04

As can be seen in Table 3, the multi-modal fusion strategy shows significant advantages in the emotion
recognition task. Overall, the average classification results of both feature layer fusion and decision layer
fusion are higher than the single model pure EEG or pure eye movement results, which fully demonstrates
the effectiveness of multi-modal data fusion in emotion recognition. Specifically, in single modal, the average
classification result obtained by pure EEG is 81.38%, which is 3.86% higher than that of pure eye movement,
which indicates that EEG data contains richer emotion-related information; however, it is worth noting that
not all subjects’ EEG classification results are higher than that of eye movement, e.g., the eye movement
results of the P2, P9, and P14 subjects are slightly higher than that of the EEG results, which indicates that
different modal data sources between individuals perceive the same task differently, which also reflects the
necessity of multi-source data fusion. In multi-modality, the classification accuracy obtained by fusion at
the feature level is 85.24%, which is 2.57% higher than that of fusion at the decision level, indicating that
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the fusion of EEG and eye movement signals at the feature level can more fully utilize the complementary
information between the two signals. EEG signals reflect the temporal and spatial dynamics of neural activity
in the brain, while eye movement signals provide important information about visual attention and cognitive
processing. Through feature layer fusion, these two signals can complement each other to capture changes
in cognitive and perceptual processes more comprehensively. Our proposed cross-attention fusion method
obtained the best results among different fusion strategies, reaching 90.04%, which is 4.80% higher than the
feature layer fusion results and 7.37% higher than the decision layer fusion results, indicating that there is a
dynamic interaction characteristic between EEG and eye movement features, and the correlation between
EEG and eye movement data can be improved by capturing the correlation between EEG and eye movement
data through the use of cross-attention to improve the emotion recognition accuracy.

To determine whether the differences in emotion recognition accuracy were statistically significant
across the five levels of the “fusion strategy” factor (EEG-only, Eye-only, Feature Fusion FF, Decision
Fusion DF, and cross-attention fusion), we conducted significance tests using One-way Analysis of Variance
(ANOVA) [38] and post-hoc comparisons with Least Significant Difference (LSD) [39]. At a confidence
level of 0.05, all data passed the variance chi-square test. The results, shown in Fig. 8, indicate a significant
difference in accuracy at the 0.05 confidence level (F = 2.329, p < 0.05) across the five levels. Pairwise
comparisons reveal that EEG-only results differ significantly from feature layer fusion results (p < 0.05)
and are not significantly different from decision layer fusion results (p = 0.061); eye movement-only results
differ significantly from both feature layer and decision layer fusion results (p < 0.05); and our proposed
cross-attention fusion model shows significant differences compared to all other levels. All comparisons
(EEG-only, eye movement-only, feature layer fusion, decision layer fusion) show significant differences
(p < 0.05), demonstrating that our fusion strategy is effective, yielding significant improvements in emotion
recognition accuracy over single-modal and traditional multi-modal fusion approaches.

Figure 8: Statistical comparison of classification accuracy across the five fusion strategies (EEG-only, Eye-only, feature-
layer fusion, decision-layer fusion, and the proposed cross-attention fusion), using one-way ANOVA with LSD post-hoc
tests. * denotes p < 0.05.

Wearing a VR head-mounted display introduces additional sources of EEG contamination compared
with conventional 2D setups, mainly: (i) mechanical pressure from the headset strap and facial interface,
which is concentrated on frontal (Fp1, Fp2, F7, F8) and occipital (O1, O2) sites and may increase electrode
impedance or cause low-frequency drift; (ii) motion artifacts induced by head movements during immersion;
and (iii) ocular artifacts from blinks and saccades that couple into frontal channels. To mitigate these
effects, our acquisition and preprocessing pipeline incorporated several quality-control steps: the 21-channel
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montage followed the standard 10–20 system, participants were seated and instructed to minimize head
motion during the 2-min clips, and signals were band-pass filtered to retain emotion-related frequency
components while suppressing drift and high-frequency noise, followed by artifact removal targeting blink,
muscle, and head-movement contamination. Notably, because the eye tracker is embedded inside the
HMD, our setup is free of the camera-occlusion problem that affects external eye-tracking under headsets;
moreover, the synchronized eye-movement signals provide ocular references that aid identification of EOG-
related EEG artifacts. We did not collect a within-subject 2D control under identical stimuli, so a strictly
controlled SNR comparison is not available in this study. As indirect evidence, our model attains comparable
high accuracy on the 2D-acquired SEED-IV dataset (90.04%) and the VR-acquired VR-EED dataset (97.17%),
suggesting that VR acquisition does not substantially degrade the discriminative information carried by EEG.

5.2 Limitations and Future Work
Although the proposed multi-modal cross-attention fusion approach demonstrates strong performance

in emotion recognition within VR environments, several limitations remain. First, the size and demographic
diversity of the self-built VR-EED dataset remain limited. This relatively narrow age range and limited
demographic diversity may restrict the generalizability of the findings to broader populations, such as
adolescents, older adults, or users with different levels of VR experience. Due to the limited number of
participants and the exploratory nature of the current VR-EED dataset, LOSO evaluation was not used
as the main validation protocol in this study. Second, although EEG and eye movement signals provide
complementary information, the quality of the data can vary significantly across participants due to sensor
noise, eye-tracking precision, and individual differences in physiological responses, potentially affecting
robustness. Third, as shown in the computational complexity analysis in Section 4.1, the proposed model
contains approximately 3.5–4.5 million trainable parameters and requires approximately 0.75–0.80 GFLOPs
per 0.5-s EEG–eye-movement time slice. Although the latency is acceptable for offline analysis and GPU-
based inference, further lightweight optimization, such as pruning, quantization, or knowledge distillation,
is still needed for real-time deployment on CPU-only or resource-constrained standalone VR devices.
Finally, interpretability remains an important issue for deep multi-modal emotion recognition models. In
this study, the proposed cross-attention mechanism provides a feature-level interpretation by adaptively
weighting the interaction between EEG and eye-movement representations. Since the EEG representations
contain channel-, frequency-, and time-dependent information, the learned attention weights can help
indicate how multi-modal neural and behavioral cues contribute to emotion classification. Nevertheless,
future work should further combine attention analysis with visualization-based methods to obtain more
fine-grained interpretations of EEG regions, frequency bands, and temporal segments, thereby improving
the neurophysiological transparency of the proposed framework.

Future work will therefore focus on several directions. Expanding the datasets with more participants,
more diverse cultural backgrounds, and longer-term data collection can improve model robustness and
generalizability. Incorporating additional modalities, such as facial expressions, speech, or physiological
signals like ECG and GSR, may provide richer information for emotion recognition. Moreover, exploring
lightweight and efficient architectures will make real-time applications more feasible, especially in VR-based
rehabilitation or adaptive learning systems.

5.3 Implication of Design
The findings of this study highlight key implications for the design of VR-based multi-modal emotion

recognition systems. VR provides an immersive and ecologically valid environment for emotion induction,
while the present experimental results mainly demonstrate the effectiveness of the proposed EEG-eye
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movement cross-attention fusion model within VR settings. The proposed cross-attention fusion method
therefore enables more accurate and reliable recognition of users’ emotions in VR. This capability provides
a foundation for developing emotion-aware VR applications across diverse domains. For instance, in
education, emotion recognition can support personalized learning experiences that adapt to students’
affective states. In healthcare, it can assist with early screening and intervention for autism spectrum
disorders, or support rehabilitation programs targeting emotional trauma and stress recovery. Together, these
insights underscore the potential of designing next-generation VR systems that are both immersive and
emotionally adaptive.

6 Conclusion
In this study, we use VR to enhance human presence and evoke stronger emotions. While considering

EEG signals, we incorporate eye movement data and introduce a multi-modal cross-attention fusion method
for emotion recognition. The experimental results reveal that our proposed emotion recognition approach
achieves an average accuracy of 90.04% on the public dataset SEED-IV and 97.17% on our self-collected
dataset VR-EED, representing significant improvements over single-modal data. Our research offers insights
and guidance for emotion recognition in VR and investigates the potential of multi-modal data to improve
emotional detection. In the future, we plan to include additional emotion-related signals and examine
their usefulness for enhancing emotion recognition. Ultimately, our study advances the development of
emotion-centered applications such as personalized learning and mental therapy in VR, aiming to improve
user experience.
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