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Abstract

Virtual Reality (VR) has emerged as a powerful medium for immersive human–computer interac-
tion, where users’ emotional and experiential states play a pivotal role in shaping engagement and
perception. However, existing affective computing approaches often model emotion recognition
and immersion estimation as independent problems, overlooking their intrinsic coupling and the
structured relationships underlying multimodal physiological signals. In this work, we propose a
modality-aware multi-task learning framework that jointly models emotion recognition and immer-
sion estimation from a graph-structured and symmetry-aware interaction perspective. Specifically,
heterogeneous physiological and behavioral modalities—including eye-tracking, electrocardiogram
(ECG), and galvanic skin response (GSR)—are treated as relational components with balanced struc-
tural roles, while their cross-modality dependencies are adaptively aggregated to preserve interaction
symmetry and allow controlled asymmetry across tasks, without introducing explicit graph neural
network architectures. To support reproducible evaluation, the VREED dataset is further extended
with quantitative immersion annotations derived from presence-related self-reports via weighted
aggregation and factor analysis. Extensive experiments demonstrate that the proposed framework
consistently outperforms recurrent, convolutional, and Transformer-based baselines, achieving higher
accuracy (75.42%), F1-score (74.19%), and Cohen’s Kappa (0.66) for emotion recognition, as well as
superior regression performance for immersion estimation (RMSE = 0.96, MAE = 0.74, R-squared =
0.63). Beyond empirical improvements, this study provides a structured interpretation of multimodal
affective modeling that highlights symmetry, coupling, and symmetry breaking in multi-task learn-
ing, offering a principled foundation for adaptive VR systems, emotion-driven personalization, and
dynamic user experience optimization.

Keywords: affective computing; graph-structured modeling; symmetry-aware learning; multimodal
fusion; emotion–immersion modeling; virtual reality; human–computer interaction; adaptive systems

1. Introduction
With the rapid advancement of Virtual Reality (VR) technology, its applications in immersive

art presentation, personalized recommendation, and educational training have expanded signifi-
cantly. In virtual environments, users’ emotional states and immersion experiences not only directly
affect content receptiveness but also provide vital insights for human–computer interaction system
design [1,2]. Recent studies have shown that immersive VR can substantially modulate affective
responses and aesthetic judgments, highlighting the importance of emotion-aware modeling in virtual
environments [3,4]. Traditional emotion recognition methods rely heavily on facial expressions or
speech; however, such cues are often compromised in immersive VR scenarios due to headset occlusion
or latency issues, resulting in reduced robustness and limited real-time applicability [5,6].
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In recent years, physiological signals such as eye-tracking, electrocardiogram (ECG), and gal-
vanic skin response (GSR) have attracted increasing attention as reliable and stable indicators of
affective and experiential states. These signals capture fine-grained emotional fluctuations and subjec-
tive immersion more accurately under VR conditions and have been widely adopted in multimodal
emotion recognition systems [3,7–11]. For example, Koelstra et al. constructed the DEAP dataset
to demonstrate correlations between EEG signals and emotional responses [12], while Tabbaa et al.
introduced the VREED dataset integrating eye-tracking and GSR signals for emotion evaluation in VR
environments [13]. Beyond affective recognition, recent VR studies have also explored how advanced
interaction paradigms, including large language model–powered guidance and cinematic VR simu-
lations, influence user behavior, learning outcomes, and physiological responses [14,15]. Moreover,
an emerging line of research has leveraged immersive VR not only as a sensing platform but also as
an active intervention medium for emotional regulation and mental health support. Recent works
have demonstrated the effectiveness of VR-based systems in treating emotional disorders, promoting
psychological well-being, and alleviating chronic pain through embodied and interactive experi-
ences [16–18]. These application-oriented findings further emphasize the necessity of accurate emotion
and immersion modeling, as reliable affective perception constitutes a fundamental prerequisite for
adaptive, personalized, and therapeutic VR systems. From a structural perspective, these multimodal
signals form a set of heterogeneous yet interrelated components whose interactions exhibit inherent
relational symmetry across modalities.

Meanwhile, psychological constructs such as sense of presence and flow state have been shown
to play a mediating role in affective experience. Lønne et al. reported that higher immersion levels
are associated with more positive emotional responses [1], while Ochs and Sonderegger revealed
complex interdependencies between presence, engagement, and learning motivation [19,20]. These
findings suggest that emotion and immersion should not be treated as isolated phenomena, but rather
as coupled dimensions within a unified experiential structure. Such coupling naturally reflects a
form of task-level symmetry, where both dimensions share latent representations while contributing
asymmetrically to overall user experience.

Multi-task learning (MTL) has therefore emerged as a promising paradigm for jointly modeling
emotion recognition and immersion estimation by enabling representation sharing across related tasks.
Nevertheless, conventional MTL approaches often suffer from task interference and gradient conflicts,
particularly when handling heterogeneous objectives such as emotion classification and immersion
regression. Recent studies have proposed conflict-aware optimization strategies to alleviate these
issues and improve training stability [21,22]. From a learning-theoretic viewpoint, these challenges
can be interpreted as manifestations of symmetry breaking during joint optimization, where balanced
task coupling must be carefully controlled to avoid dominance by a single objective.

Despite these advances, current studies on multimodal emotion and immersion assessment
still face three key limitations:

1. Lack of a unified modeling framework that jointly captures emotion recognition and immer-
sion estimation as structurally coupled tasks. Most existing methods address these problems
independently, thereby failing to exploit their intrinsic relational symmetry [1,10,20].

2. Insufficient design of modality-aware feature extraction and fusion mechanisms for hetero-
geneous physiological signals. Many approaches overlook the balanced yet distinct roles of
eye-tracking, ECG, and GSR modalities, resulting in suboptimal representation learning and
weak cross-modality coordination [8,11,23,24].

3. Severe task interference in multi-task optimization, arising from differences in label structures
and learning objectives, which can lead to unstable convergence and asymmetric task dominance
during training [21,22,25,26].

From a structural reliability perspective, diagnosability theory in interconnection networks has
provided a rigorous framework for characterizing fault tolerance under comparison-based models.
Early studies on nature diagnosability investigated intrinsic fault identification limits in symmetric
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graph structures, such as bubble-sort star graphs under the PMC and MM∗ models [27]. Subsequent
extensions systematically generalized these ideas through connectivity-aware and g-good-neighbor
diagnosability analyses, establishing global reliability criteria for complex networks with structured
symmetry and constrained fault propagation [28–33].

To address these challenges, we propose MMEA-Net, a modality-aware framework for joint
emotion recognition and immersion estimation in VR environments. MMEA-Net adopts a structured
interaction perspective in which multimodal physiological signals are treated as relational components
and emotion–immersion objectives are modeled as coupled tasks with controlled symmetry and
asymmetry. The main contributions of this work are summarized as follows:

• We propose a unified multi-task framework, MMEA-Net, for jointly modeling emotion classi-
fication and immersion regression in VR environments. Compared with the best-performing
Transformer-based baseline, MMEA-Net achieves a +2.55% improvement in test accuracy (75.42%
vs. 72.87%), a +2.54% increase in F1-score (74.19% vs. 71.65%), and a +0.04 gain in Cohen’s Kappa
(0.66 vs. 0.62) for emotion classification. For immersion estimation, the proposed model reduces
RMSE by 0.09 (0.96 vs. 1.05), lowers MAE by 0.07 (0.74 vs. 0.81), and improves the coefficient of
determination R2 by +0.05 (0.63 vs. 0.58), demonstrating effective cross-task synergy.

• We design a Hybrid-M modality-aware module and a Cross-Domain Fusion mechanism.
Hybrid-M employs dedicated sub-networks to encode temporal characteristics of eye-tracking,
ECG, and GSR signals, while the fusion mechanism facilitates structured and symmetry-aware
interaction across modalities and tasks.

• We extend the VREED dataset by annotating quantitative immersion scores, enabling dual-task
benchmarking and supporting reproducible research in multimodal affective computing.

2. Related Work
2.1. Emotion Recognition Using Physiological Signals

Emotion recognition using physiological signals has become an important research direction
in affective computing. The DEAP dataset constructed by Koelstra et al. [12] is one of the earliest
large-scale multimodal resources, comprising EEG, GSR, and facial signals annotated with affective
states. This dataset has inspired extensive subsequent studies on robust representation learning from
physiological inputs, particularly in settings where conventional behavioral cues are unreliable.

Recent research has increasingly adopted deep neural architectures to capture temporal and
inter-signal dependencies. For instance, Hu et al. [34] and Xiao et al. [35] proposed convolutional
recurrent models augmented with self-attention mechanisms to model spatiotemporal patterns in EEG
sequences, achieving strong performance on arousal and valence prediction. Lin and Li [8] provided a
comprehensive survey of physiological modalities, including ECG and GSR, emphasizing their relative
stability compared with facial expressions and speech, especially under constrained or immersive
conditions.

Beyond EEG-centric approaches, a growing body of work has explored multimodal fusion
strategies. Fu et al. [10] combined eye-tracking, ECG, and GSR signals with transfer learning to
enhance classification robustness. Katada and Okada [24] focused on user-independent modeling by
incorporating modality importance weighting, while Moin et al. [6] developed a multimodal fusion
pipeline for real-time human–machine interaction. Collectively, these studies suggest that physiological
modalities can be regarded as heterogeneous yet structurally related components whose coordinated
modeling is essential for reliable emotion recognition.

2.2. Multimodal Emotion Modeling in Virtual Reality

Virtual Reality (VR) provides a natural environment for eliciting complex emotional responses
through immersive and interactive stimuli. The VREED dataset introduced by Tabbaa et al. [13]
collected eye-tracking and physiological signals during emotion-inducing VR experiences, offering a
valuable benchmark for affective analysis in immersive settings. Building on this dataset, Alharbi [36]

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 January 2026 doi:10.20944/preprints202601.1212.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1212.v1
http://creativecommons.org/licenses/by/4.0/


4 of 21

proposed a transparent deep learning framework for VR-based emotion recognition, emphasizing
explainable feature selection across multiple physiological channels.

A number of studies have further examined the relationships among presence, immersion, and
emotional experience. Lønne et al. [1] showed that higher immersion levels are associated with
enhanced affective responses in educational VR environments. Souza et al. [37] surveyed metrics
for measuring presence in virtual environments, while Ochs and Sonderegger [20] identified links
between immersion, cognitive engagement, and emotional outcomes. Related investigations by Yang
et al. [2] and Liu et al. [38] explored how immersive art and educational visualization influence user
flow, neural activity, and emotional engagement. These findings collectively indicate that emotion
and immersion are not independent constructs, but rather interrelated dimensions that evolve jointly
during immersive experiences.

2.3. Multi-Task Learning for Affective and Immersion-Aware Modeling

Multi-task learning (MTL) has been widely adopted to improve generalization by sharing represen-
tations across related tasks. Transformer-based architectures, including the original Transformer [39],
T5 [40], and Vision Transformer (ViT) [41], have demonstrated strong capability in capturing shared
structural patterns across modalities and objectives.

In affective computing, several studies have applied MTL to mitigate overfitting and enhance
task synergy. Liu and Yu [22] proposed MT2ST, which dynamically alternates between multi-task
and single-task training phases. Liu et al. [21] introduced the Conflict-Averse Gradient Descent
(CAGrad) algorithm to reduce gradient interference, an issue that becomes particularly pronounced
when jointly optimizing heterogeneous objectives such as emotion classification and continuous state
estimation. From a structural perspective, these approaches aim to balance task coupling while
preventing dominance by a single objective during training.

Despite these advances, relatively few existing frameworks explicitly incorporate immersion or
presence estimation as learning targets alongside emotion recognition. This omission overlooks the
influence of immersive experience on emotional processing, as consistently reported in VR-based
studies [1,37]. Jointly modeling affective and immersive dimensions within a multi-task framework
therefore represents a promising direction for capturing the structured dependencies underlying user
experience in virtual environments.

Similar challenges arise in other scientific domains that rely on multi-source, noisy observations.
For example, geophysical studies infer subsurface velocity anomalies by integrating triplicated seismic
waveforms across multiple phases and scales, where reliable conclusions emerge from coordinated
evidence rather than isolated signals [42]. This cross-domain analogy highlights the importance of
structured fusion and multi-scale consistency, reinforcing our design choice to jointly model emotion
and immersion through coordinated multimodal interactions within a unified learning framework.

3. Methodology
3.1. Overview of MMEA-Net

In this section, we present MMEA-Net (Multimodal Emotion and Engagement Assessment
Network), a deep learning framework designed for the joint modeling of emotion state classification
and immersion level estimation in virtual reality environments. Figure 1 provides an overview of the
proposed architecture, highlighting its structured organization and task-coupled design.

MMEA-Net adopts a multimodal formulation that integrates three heterogeneous yet structurally
related data streams: visual and behavioral information derived from eye tracking, physiological
dynamics captured by electrocardiogram (ECG), and autonomic responses measured through galvanic
skin response (GSR). Treating these modalities as complementary components within a unified repre-
sentation space enables the model to capture coordinated patterns of user responses that are difficult
to observe through single-modality analysis.
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Figure 1. Overall architecture of the proposed MMEA-Net. The framework consists of three main components:
(1) modality-specific feature extraction modules for eye-tracking, ECG, and GSR signals; (2) a cross-domain
fusion module for structured multimodal integration; and (3) dual prediction heads for emotion classification and
immersion estimation.

The overall architecture is organized around three tightly coupled components:

• Hybrid-M modules, which perform modality-specific feature extraction to preserve the intrinsic
temporal characteristics of each signal while maintaining a consistent structural interface across
modalities.

• A Cross-Domain Fusion module, which integrates modality-specific representations through
coordinated interactions, allowing information to be exchanged while maintaining balance among
modalities.

• A Multi-scale Feature Extraction (MFE) mechanism, embedded within both the modality-specific
and fusion stages, to capture temporal patterns at different resolutions in a structurally consistent
manner.

This structured design allows MMEA-Net to address key challenges in multimodal emotion
and immersion analysis, including heterogeneity across physiological signals and imbalance between
learning objectives. By organizing modality processing and task prediction in a coordinated and
symmetric fashion, the framework promotes stable representation sharing while avoiding dominance
by any single modality or task.

Furthermore, the dual-task learning formulation enables emotion recognition and immersion
estimation to be optimized jointly. Rather than treating these objectives independently, MMEA-Net
exploits their intrinsic coupling, encouraging the learning of shared representations that reflect the
mutual influence between affective and immersive states.

The model is trained and evaluated using the VREED dataset, which provides synchronized
eye-tracking, ECG, and GSR recordings collected from participants exposed to diverse VR scenarios.
The availability of aligned emotional labels and immersion-related self-reports makes this dataset
particularly suitable for studying the structured relationship between emotion and immersion within
a unified learning framework.

3.2. Hybrid-M: Modality-Specific Feature Extraction

The Hybrid-M module constitutes the foundational layer of the proposed framework and is
responsible for processing each input modality independently prior to cross-domain fusion. This
design follows a parallel and structurally consistent processing strategy, ensuring that heterogeneous
physiological and behavioral signals are encoded through comparable transformation pipelines while
preserving their modality-specific characteristics.

For each modality m ∈ {S, I, G}, where S denotes visual and behavioral eye-tracking signals,
I corresponds to physiological ECG data, and G represents physiological GSR data, the Hybrid-M
module performs feature extraction according to

Tm = Hybrid-M(Xm), (1)
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where Xm is the raw input of modality m, and Tm is the resulting tensor representation. This formula-
tion enforces a uniform mapping structure across modalities, allowing modality-specific information
to be encoded within a shared representational framework.

As illustrated in Figure 2 (right), the Hybrid-M module is composed of several sequential process-
ing stages:

1. Vectorization. Raw input signals are first transformed into vectorized representations suitable for
neural processing. For eye-tracking data, this includes spatial gaze coordinates, pupil dilation,
and fixation-related statistics. For ECG signals, features such as R–R intervals and heart rate
variability are extracted, while GSR signals are decomposed into tonic and phasic components.
This step establishes a common vector-level interface across modalities.

2. Multi-scale feature extraction. To capture temporal patterns occurring at different resolutions, a
multi-scale feature extraction mechanism is applied:

FMFE = MLP
(
Conv1×1(F)⊕ Conv3×3(F)⊕ Conv7×7(F)

)
, (2)

where F denotes the input feature sequence, Convk×k represents convolution with kernel size
k × k, and ⊕ denotes concatenation. This design enables the model to capture both short-term
fluctuations and longer-term trends in a balanced manner.

3. Normalization and linear transformation. The extracted features are normalized and linearly
transformed to stabilize optimization and align feature distributions across modalities:

Fnorm = LayerNorm
(
Linear(FMFE ⊕ Fvec)

)
, (3)

where Fvec denotes the original vectorized features retained through a skip connection. This
operation preserves modality-specific information while enforcing scale consistency.

4. Transformer-based temporal modeling. A transformer decoder is employed to model sequential
dependencies:

Z = TransformerDecoder(Fnorm), (4)

enabling the extraction of long-range temporal relationships that are critical for modeling evolving
emotional and physiological responses.

5. Linear projection and residual refinement. The transformer output is further processed by linear
and fully connected layers:

FFC = FC(Linear(Z)), (5)

followed by a residual connection and normalization:

Fres = LayerNorm(FFC + Fnorm). (6)

This step refines the representation while maintaining structural consistency across modalities.
6. Multi-head attention. Finally, a multi-head attention mechanism is applied to emphasize infor-

mative temporal segments:

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO, (7)

where each attention head is computed as

headi = Attention(QWQ
i , KWK

i , VWV
i ), (8)

and

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V. (9)
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Figure 2. Detailed architecture of the Hybrid-M module (right) and Cross-Domain Fusion module (left). The
Hybrid-M module transforms raw multimodal inputs into structured tensor representations through vectorization,
multi-scale feature extraction, normalization, transformer-based temporal modeling, and attention mechanisms.

The output of the Hybrid-M module is a structured tensor representation Tm that encodes
modality-specific temporal dynamics within a unified processing framework. By enforcing parallel
and structurally aligned transformations across modalities, Hybrid-M preserves signal heterogeneity
while enabling balanced integration in subsequent fusion stages. This design provides a stable and
symmetric foundation for cross-domain interaction and joint emotion–immersion modeling.

3.3. Cross-Domain Fusion

The Cross-Domain Fusion module, shown in Figure 2 (left), is designed to integrate modality-
specific representations while maintaining their individual structural properties. This module aims
to coordinate information from heterogeneous sources in a balanced manner, enabling structured
interaction among physiological and behavioral signals for joint emotion and immersion modeling.

Given the tensor representations S, I, and G extracted from eye-tracking, ECG, and GSR modalities,
respectively, the fusion process is formulated as

Z f used = CrossDomainFusion(S, I, G). (10)

Rather than collapsing modalities into a single representation at an early stage, this formulation
preserves modality-specific structure while allowing controlled interaction across domains.

The fusion procedure consists of several sequential stages:

1. Initial tensor combination. The modality-specific tensors are first combined through learnable
weighting:

Zinitial = αS ⊕ βI ⊕ γG, (11)

where α, β, and γ are trainable parameters and ⊕ denotes concatenation. This operation es-
tablishes a balanced aggregation scheme in which each modality contributes proportionally,
preventing dominance by any single source.

2. Normalization and linear transformation. The combined representation is then normalized and
linearly transformed:

Znorm = Norm(Linear(Zinitial)), (12)
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ensuring scale alignment and structural consistency across modalities before higher-order inter-
action.

3. Sparse attention layers. A stack of sparse attention layers refines the normalized representation:

Zi = SparseAttention(Zi−1), i = 1, . . . , N, (13)

with Z0 = Znorm. The sparsity constraint restricts attention to a subset of informative relationships,
promoting efficient and structured interaction among features while reducing redundancy.

4. Parallel feature projection. The output of the sparse attention layers is processed by multiple
parallel multilayer perceptrons:

Fj = MLPj(ZN), j = 1, 2, 3, (14)

where each MLP captures a distinct transformation perspective. This parallel design preserves
symmetry in feature processing, allowing multiple coordinated views of the fused representation.

5. Cross-attention integration. The parallel feature projections are integrated through a cross-
attention mechanism:

Z f used = CrossAttention(F1, F2, F3), (15)

defined as

CrossAttention(F1, F2, F3) = softmax

(
F1FT

2√
dk

)
F3. (16)

This operation enables structured information exchange across feature perspectives, reinforcing
complementary patterns while maintaining internal consistency.

The resulting fused representation Z f used encodes coordinated multimodal information in a
unified yet structured form. By organizing fusion through balanced weighting, sparse interaction,
parallel transformation, and cross-perspective integration, the Cross-Domain Fusion module captures
inter-modal relationships without sacrificing modality-specific integrity. This design supports stable
downstream prediction for both emotion classification and immersion estimation by preserving
symmetry and coordination across modalities.

3.4. Multi-Scale Feature Extraction (MFE)

The Multi-scale Feature Extraction (MFE) module is designed to capture temporal patterns at
different resolutions, which is essential for modeling the complex dynamics of emotional responses
and immersion levels in virtual reality environments. Physiological and behavioral signals inherently
exhibit variations across multiple time scales, ranging from rapid transient reactions to slowly evolving
trends. The MFE module addresses this characteristic by organizing feature extraction into parallel
and structurally consistent branches operating at different temporal scales.

Given an input feature representation x, the MFE module computes the multi-scale output as

x′ = MFE(x). (17)

This formulation allows features extracted at different temporal resolutions to be integrated within a
single structured representation.

As illustrated in Figure 3, the MFE module consists of the following stages:

1. Initial feature projection. The input representation is first transformed using a multilayer percep-
tron:

Finitial = MLP(x), (18)

which maps the input features into a space suitable for parallel multi-scale processing.
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2. Parallel multi-scale convolutions. Three convolutional operations with different kernel sizes are
applied in parallel:

Fsmall = Conv1×1(Finitial), (19)

Fmedium = Conv3×3(Finitial), (20)

Flarge = Conv7×7(Finitial), (21)

where each branch captures patterns at a distinct temporal resolution. The parallel design ensures
structural symmetry across scales, allowing fine-grained, intermediate, and coarse temporal
dynamics to be modeled in a balanced manner.

3. Feature aggregation. The outputs from different scales are concatenated:

Fconcat = Fsmall ⊕ Fmedium ⊕ Flarge, (22)

preserving information from all temporal resolutions while maintaining their individual contri-
butions.

4. Integrated transformation. The aggregated representation is further processed through convolu-
tional and nonlinear transformations:

Fconv = Conv3×3(Fconcat), (23)

Frelu = ReLU(Fconv), (24)

followed by a final MLP:
x′ = MLP(Frelu), (25)

which integrates information across scales into a unified feature representation.

Figure 3. Architecture of the Multi-scale Feature Extraction (MFE) module. Input features are first transformed
through an MLP, followed by parallel convolutional branches with different kernel sizes to capture patterns at
multiple temporal scales. The resulting features are concatenated and further processed to produce a unified
multi-scale representation.

By organizing feature extraction through parallel branches and coordinated aggregation, the
MFE module captures temporal dynamics at multiple resolutions without favoring any single scale.
This structurally balanced design enables MMEA-Net to represent both rapid emotional reactions
and gradual changes in immersion in a consistent manner, providing robust multi-scale features for
downstream multimodal fusion and dual-task prediction.

3.5. Training and Optimization

MMEA-Net is trained in an end-to-end manner using a unified multi-task objective that jointly
optimizes emotion state classification and immersion level estimation. The overall loss function is
formulated as a weighted combination of task-specific objectives and regularization:

Ltotal = λ1Lemotion + λ2Limmersion + λ3Lreg, (26)
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where Lemotion corresponds to the classification loss for emotion recognition, Limmersion measures
regression error for immersion estimation, Lreg is a regularization term to prevent overfitting, and λ1,
λ2, and λ3 control the relative contribution of each component. This formulation enables balanced
optimization across heterogeneous objectives while avoiding dominance by any single task.

The emotion classification loss is defined using categorical cross-entropy:

Lemotion = − 1
N

N

∑
i=1

C

∑
c=1

yi,c log(pi,c), (27)

where N denotes the number of samples, C is the number of emotion categories, yi,c indicates whether
sample i belongs to class c, and pi,c represents the predicted class probability. This loss encourages
discriminative separation among emotional states while remaining compatible with joint optimization.

Immersion level estimation is modeled as a regression task using mean squared error:

Limmersion =
1
N

N

∑
i=1

(yi − ŷi)
2, (28)

where yi and ŷi denote the ground truth and predicted immersion levels for sample i, respectively.
This objective captures continuous variations in immersive experience and complements the discrete
emotion classification task.

To improve generalization and stabilize training, L2 regularization is applied to all learnable
parameters:

Lreg =
1
2 ∑

w∈W
w2, (29)

where W denotes the set of model parameters. Regularization serves as a constraint that maintains
symmetry in parameter updates across tasks during optimization.

Model training is performed using the Adam optimizer with an initial learning rate of 0.001. A
learning rate decay strategy is employed to promote stable convergence:

lr = lr0 · decay_rate⌊epoch/decay_steps⌋, (30)

where lr0 is the initial learning rate, decay_rate is set to 0.95, and decay_steps is set to 2.
To further reduce overfitting, dropout with a rate of 0.3 is applied to fully connected layers, and

weight decay with a coefficient of 0.0001 is used. Early stopping based on validation performance is
adopted to prevent unnecessary overtraining. Mini-batch gradient descent is conducted with a batch
size of 32, and training is performed for up to 100 epochs.

The dataset is partitioned into training (70%), validation (15%), and test (15%) subsets, with
stratified sampling to preserve balanced class distributions. This training protocol ensures consistent
evaluation and supports stable joint learning of emotion and immersion under a unified optimization
framework.

3.5.1. VREED Dataset Overview

The VREED [12] (Virtual Reality for Emotion Elicitation Dataset) is a multimodal dataset designed
to support emotion recognition research in immersive virtual reality environments. It provides
synchronized recordings of physiological signals, behavioral measurements, and subjective self-
reports collected from 25 participants exposed to a range of emotion-eliciting VR scenarios. The dataset
comprises the following components:

• Visual and behavioral data, including eye-tracking metrics such as fixation duration, saccade
amplitude, pupil dilation, and gaze coordinates.

• Physiological data from electrocardiogram (ECG) recordings sampled at 256 Hz, capturing heart
rate dynamics and variability.
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• Physiological data from galvanic skin response (GSR) recordings sampled at 128 Hz, reflecting
autonomic arousal through skin conductance changes.

• Self-reported emotion annotations, where participants evaluated their affective states using the
Self-Assessment Manikin (SAM) scale along the valence, arousal, and dominance dimensions.

• Post-exposure questionnaire responses, including presence-related items used to assess immersion
levels.

Participants experienced eight distinct 360° VR video stimuli selected to elicit representative
emotional states across the valence–arousal space, such as joy, fear, sadness, and calmness. Each
recording session lasted approximately 60 seconds, resulting in a total of 440 synchronized multimodal
sequences. The structured alignment of behavioral signals, physiological responses, and subjective
reports makes VREED particularly suitable for studying the coordinated relationship between emotion
and immersion in VR environments.

3.5.2. Immersion Level Extraction

Although the VREED dataset was originally developed for emotion recognition, it also contains
structured information relevant to immersion assessment through post-exposure presence question-
naires. These questionnaires consist of seven presence-related items derived from the Presence
Questionnaire (PQ), each rated on a 7-point Likert scale ranging from 0 to 6.

To derive a continuous immersion level annotation, we designed a systematic aggregation proce-
dure that integrates multiple PQ items while accounting for their relative contributions to the overall
sense of presence. The extraction process involves the following steps:

1. Reverse coding. For negatively phrased items (POST_PQ2, POST_PQ3, and POST_PQ5), re-
verse coding is applied to ensure a consistent directional interpretation, such that higher scores
uniformly correspond to higher immersion levels:

PQreversed = 6 − PQoriginal. (31)

2. Item selection. Based on factor analysis of the PQ responses, six items closely associated with
immersion-related constructs are retained (POST_PQ1, POST_PQ2, POST_PQ3, POST_PQ4,
POST_PQ5, and POST_PQ7). The item POST_PQ6, which primarily reflects attention to back-
ground music, is excluded due to its weak correlation with the remaining presence dimensions.

3. Weighted aggregation. A weighted average of the selected items is computed to obtain a unified
immersion score:

Immersion_Score =
w1 · PQ1 + w2 · (6 − PQ2) + w3 · (6 − PQ3) + w4 · PQ4

∑i∈{1,2,3,4,5,7} wi

+
w5 · (6 − PQ5) + w7 · PQ7

∑i∈{1,2,3,4,5,7} wi
, (32)

where wi denotes the weight associated with each PQ item. These weights are determined through
principal component analysis (PCA), reflecting the relative contribution of each dimension to the
overall immersion construct.

This aggregation strategy produces a continuous immersion label that preserves the balanced con-
tribution of multiple presence-related dimensions, enabling consistent integration with physiological
and behavioral features during joint emotion–immersion modeling.

3.5.3. Data Preprocessing

Prior to model training, a series of preprocessing steps were applied to ensure consistency and
structural alignment across multimodal data streams:

• Temporal alignment. All modalities were synchronized and resampled to a unified sampling rate
of 64 Hz, enabling consistent temporal correspondence across signals.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 January 2026 doi:10.20944/preprints202601.1212.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1212.v1
http://creativecommons.org/licenses/by/4.0/


12 of 21

• Normalization. Z-score normalization was applied to all features to standardize their scale:

xnormalized =
x − µ

σ
, (33)

where µ and σ denote the mean and standard deviation of each feature, respectively.
• Segmentation. Continuous recordings were segmented into non-overlapping windows of 5

seconds, resulting in approximately 5,280 multimodal segments used for model training and
evaluation.

• Feature extraction. For each modality, both statistical descriptors (e.g., mean and standard
deviation) and temporal features (e.g., frequency-domain characteristics and rate-of-change
measures) were extracted to capture complementary signal properties.

• Missing data handling. Occasional missing values in eye-tracking signals, such as those caused
by blinks, were addressed using forward filling for short gaps and interpolation for longer gaps
to preserve temporal continuity.

After preprocessing, the dataset was divided into training (70%), validation (15%), and test (15%)
subsets using stratified sampling to maintain similar distributions of emotion labels and immersion
scores across splits. To prevent data leakage, all segments originating from the same participant–video
pair were assigned exclusively to a single subset.

3.6. Experimental Setup
3.6.1. Implementation Details

MMEA-Net was implemented using PyTorch 1.9.0. All experiments were conducted on a work-
station equipped with an NVIDIA RTX 3090 GPU with 24GB memory, an Intel Core i9-10900K CPU,
and 64GB RAM.

Model hyperparameters were selected through grid search on the validation set and configured
as follows:

• Number of transformer layers in Hybrid-M: 4
• Number of sparse attention layers in Cross-Domain Fusion: 3
• Number of attention heads: 8
• Hidden dimension: 256
• Dropout rate: 0.3
• Learning rate: 0.001 with cosine annealing schedule
• Batch size: 32
• Maximum epochs: 100 with early stopping (patience = 10)
• Loss weights: λ1 = 1.0 for emotion classification, λ2 = 0.5 for immersion estimation, and

λ3 = 0.0001 for regularization

To improve robustness, data augmentation techniques were applied during training, including
random temporal shifting within ±0.5 seconds, magnitude scaling within ±10%, and additive Gaussian
noise with standard deviation σ = 0.01.

3.6.2. Evaluation Metrics

For the emotion state classification task, the following evaluation metrics are employed:

• Accuracy. The proportion of correctly classified samples:

Accuracy =
Number of correctly classified samples

Total number of samples
. (34)

• F1-score. The harmonic mean of precision and recall:

F1-score = 2 × Precision × Recall
Precision + Recall

, (35)
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where Precision = TP/(TP+FP) and Recall = TP/(TP+FN).
• Cohen’s Kappa. A measure of agreement between predicted and true labels that accounts for

chance agreement:

κ =
po − pe

1 − pe
, (36)

where po denotes the observed agreement and pe represents the expected agreement by chance.

For the immersion level estimation task, the following regression metrics are used:

• Root Mean Square Error (RMSE). The square root of the mean squared prediction error:

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)2. (37)

• Mean Absolute Error (MAE). The average absolute difference between predicted and ground-truth
immersion levels:

MAE =
1
N

N

∑
i=1

|yi − ŷi|. (38)

• Coefficient of Determination (R2). The proportion of variance in the target variable explained by
the model:

R2 = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − ȳ)2

, (39)

where ȳ denotes the mean of the ground-truth immersion scores.

3.6.3. Baseline Models

To evaluate the effectiveness of the proposed MMEA-Net architecture, several baseline models
are constructed for comparison. These baselines are obtained by replacing the Hybrid-M modules
with alternative sequence modeling approaches and substituting the Cross-Domain Fusion mechanism
with direct feature concatenation. This design enables a controlled assessment of the contributions of
each architectural component.

The baseline models include:

• LSTM-based model [43]. Uses two-layer LSTM networks with 128 hidden units for each modality,
followed by direct feature concatenation.

• BiLSTM-based model [44]. Employs bidirectional LSTMs to model forward and backward
temporal dependencies, with simple concatenation for multimodal fusion.

• GRU-based model [45]. Replaces Hybrid-M modules with GRU networks (two layers, 128 hidden
units) and applies direct feature concatenation.

• 1D-CNN-based model [46]. Uses one-dimensional convolutional networks with multiple kernel
sizes (3, 5, and 7) for temporal feature extraction, followed by feature concatenation.

• XGBoost-based model [47]. Extracts handcrafted statistical and frequency-domain features from
each modality and performs prediction using XGBoost, with concatenated outputs.

• CNN-LSTM-based model [48]. Combines convolutional layers for feature extraction with LSTM
layers for temporal modeling, using direct concatenation for fusion.

• Transformer-based model [49]. Applies Transformer encoder blocks with multi-head self-attention
to each modality, followed by simple feature concatenation.

• MLP-based model [50]. Processes modality-specific features using multilayer perceptrons and
concatenates the resulting representations.

• MMEA-Net (Simple Fusion). Retains the Hybrid-M modules while replacing the Cross-Domain
Fusion mechanism with direct feature concatenation.
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All baseline models follow the same overall processing pipeline, training strategy, and evaluation
protocol as MMEA-Net. Each model operates on the same set of modalities, namely eye-tracking,
ECG, and GSR signals, and performs joint emotion classification and immersion estimation. Identical
preprocessing procedures, including temporal alignment, normalization, and segmentation into 5-
second windows, are applied across all methods.

Hyperparameters for each baseline are optimized via grid search on the validation set, focusing on
learning rate, hidden dimensions, and dropout rates. The loss formulation and task weighting remain
consistent for all models, ensuring a fair and balanced comparison. This experimental design allows
for a systematic evaluation of both the Hybrid-M modules and the Cross-Domain Fusion mechanism
under a unified dual-task setting.

3.7. Experimental Results and Analysis

In this section, we report the experimental results of the proposed MMEA-Net and compare its
performance with various baseline models on the VREED dataset. All models are evaluated on both
validation and test sets using the classification and regression metrics described earlier for emotion
recognition and immersion estimation.

3.7.1. Comparison with Baseline Models

Table 1 summarizes the quantitative performance of MMEA-Net and baseline methods on the
validation and test sets. The baselines cover a broad range of modeling paradigms, including recurrent
architectures (LSTM [43], BiLSTM [44], and GRU [45]), convolutional approaches (1D-CNN [46]
and CNN-LSTM [48]), tree-based models (XGBoost [47]), and attention-driven methods such as
Transformer [49] and MLP-based [50] models.

As shown in Table 1 and Figure 4, MMEA-Net achieves the best overall performance across both
tasks on the validation and test sets. On the emotion classification task, the proposed model attains
the highest test accuracy, F1 score, and Cohen’s Kappa, indicating improved discriminative capability
and classification stability. For immersion estimation, MMEA-Net yields the lowest prediction errors
(RMSE and MAE) and the highest coefficient of determination, demonstrating superior regression
performance.

Table 1. Performance comparison of MMEA-Net and baseline models on the validation and test sets of the VREED
dataset.

Model Validation Set Test Set
Emotion Classification Immersion Prediction Emotion Classification Immersion Prediction

Acc (%) F1 (%) Kappa RMSE MAE R2 Acc (%) F1 (%) Kappa RMSE MAE R2

LSTM-based [43] 67.43 65.87 0.53 1.24 0.97 0.46 65.91 64.22 0.51 1.31 1.02 0.43
BiLSTM-based [44] 69.21 67.95 0.56 1.18 0.92 0.49 68.07 66.54 0.55 1.23 0.95 0.47
GRU-based [45] 67.85 66.32 0.54 1.21 0.94 0.47 66.23 64.89 0.52 1.28 0.99 0.44
1D-CNN-based [46] 70.14 68.76 0.58 1.14 0.88 0.52 68.92 67.41 0.56 1.19 0.93 0.49
XGBoost-based [47] 65.37 63.54 0.51 1.29 1.03 0.41 64.21 62.38 0.49 1.35 1.08 0.38
CNN-LSTM-based [48] 71.53 70.24 0.60 1.08 0.84 0.55 70.19 68.75 0.58 1.15 0.89 0.52
Attention-based 72.68 71.42 0.62 1.06 0.82 0.57 71.34 70.05 0.60 1.12 0.87 0.54
Transformer-based [49] 74.12 72.98 0.64 0.99 0.76 0.61 72.87 71.65 0.62 1.05 0.81 0.58
MLP-based [50] 63.79 62.14 0.48 1.33 1.07 0.38 62.45 60.89 0.46 1.39 1.13 0.35
MMEA-Net (Simple Fusion) 73.65 72.31 0.63 1.02 0.79 0.59 72.14 70.88 0.61 1.08 0.84 0.56
MMEA-Net (Ours) 76.93 75.47 0.68 0.91 0.70 0.65 75.42 74.19 0.66 0.96 0.74 0.63

Several observations can be drawn from the comparative results. First, the comparison between
MMEA-Net and its simple fusion variant indicates that structured cross-domain fusion contributes
substantially to performance gains, particularly for immersion prediction. Second, recurrent and
convolutional baselines exhibit competitive but consistently lower performance, suggesting limitations
in capturing complex temporal and cross-modal interactions. Third, attention-based models improve
over traditional sequence models but still fall short of MMEA-Net, highlighting the importance
of jointly modeling multi-scale temporal features and coordinated multimodal fusion. Finally, the
relatively weaker performance of the XGBoost-based model underscores the difficulty of representing
multimodal physiological dynamics using handcrafted features alone.
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Figure 4. Performance comparison of MMEA-Net and baseline models on emotion classification and immersion
prediction tasks.

Overall, these results demonstrate that the proposed framework effectively integrates multi-
modal signals and jointly optimizes emotion and immersion objectives within a unified and balanced
modeling strategy.

3.7.2. Model Component Analysis

To examine the contribution of individual components in MMEA-Net, we conducted ablation
experiments by selectively removing or replacing key modules. Table 2 reports the corresponding
results for both emotion classification and immersion prediction tasks.

Table 2. Ablation study on model components. Each row corresponds to a variant of MMEA-Net with a specific
component removed or replaced.

Model Variant Accuracy (%) F1 (%) Kappa RMSE MAE R2

MMEA-Net (Full Model) 75.42 74.19 0.66 0.96 0.74 0.63
w/o Hybrid-M 71.35 70.21 0.59 1.14 0.89 0.54
w/o Cross-Domain Fusion 72.14 70.88 0.61 1.08 0.84 0.56
w/o MFE 72.93 71.56 0.62 1.03 0.80 0.58

The ablation results indicate that each component contributes to the overall performance of
MMEA-Net. Removing the Hybrid-M module leads to a noticeable degradation in both emotion
classification accuracy and immersion prediction quality, reflecting its role in preserving modality-
specific temporal characteristics. Excluding the Cross-Domain Fusion module also results in consistent
performance drops, underscoring the importance of structured multimodal integration for jointly
modeling affective and immersive states. In addition, the removal of the Multi-scale Feature Extraction
(MFE) component negatively affects performance, confirming the necessity of capturing temporal
patterns at multiple resolutions, particularly for physiological signals exhibiting diverse dynamics.
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3.7.3. Multimodal Contribution Analysis

To further analyze the influence of different data modalities, we evaluated MMEA-Net under
single-modality, dual-modality, and full-modality settings. Table 3 summarizes the corresponding
results.

Table 3. Ablation study on different modalities and their combinations.

Modalities Used Accuracy (%) F1 (%) Kappa RMSE MAE R2

Eye-tracking only 65.37 63.92 0.51 1.28 1.02 0.44
ECG only 62.14 60.53 0.47 1.35 1.09 0.40
GSR only 59.86 58.12 0.45 1.41 1.15 0.36
Eye-tracking + ECG 71.29 69.87 0.60 1.09 0.86 0.56
Eye-tracking + GSR 70.45 68.92 0.59 1.12 0.89 0.54
ECG + GSR 68.73 67.18 0.56 1.18 0.94 0.51
All modalities 75.42 74.19 0.66 0.96 0.74 0.63

The results demonstrate that models relying on a single modality exhibit substantially lower
performance than those using multimodal inputs, highlighting the benefit of integrating heteroge-
neous physiological and behavioral signals. Among individual modalities, eye-tracking yields the
strongest performance, likely due to its direct association with user attention and interaction patterns.
Dual-modality configurations consistently outperform single-modality setups, with the combination
of eye-tracking and ECG achieving the best overall balance between classification and regression
performance. Incorporating all three modalities further improves results across both tasks, indicating
that complementary information from visual, cardiac, and autonomic signals jointly contributes to a
more comprehensive representation of emotional and immersive states.

3.7.4. Single-Task vs. Multi-Task Learning

To further examine the impact of joint optimization, we compared single-task learning settings,
where emotion classification or immersion prediction is performed independently, with the multi-task
learning configuration used in MMEA-Net. The quantitative results are reported in Table 4.

Table 4. Comparison between single-task and multi-task learning approaches.

Learning Approach Accuracy (%) F1 (%) Kappa RMSE MAE R2

Single-task (Emotion Classification) 73.81 72.54 0.63 – – –
Single-task (Immersion Prediction) – – – 1.02 0.80 0.59
Multi-task Learning 75.42 74.19 0.66 0.96 0.74 0.63

The results show that the multi-task learning strategy yields consistent improvements over single-
task learning for both objectives. Emotion classification accuracy increases by 1.61% compared to
the single-task setting, while immersion prediction exhibits a reduction of 5.88% in RMSE. These
gains suggest that jointly learning emotion and immersion enables the model to exploit shared and
complementary information between the two tasks, leading to more informative representations. In
addition, the multi-task formulation contributes to improved generalization and reduced overfitting,
particularly under limited data conditions.

3.7.5. Summary

Through a comprehensive set of ablation studies, we evaluated the contribution of individual
components, data modalities, and learning strategies in MMEA-Net. The experimental findings can
be summarized as follows. First, the Hybrid-M and Cross-Domain Fusion modules play a central
role in effectively encoding and integrating multimodal physiological and behavioral signals. Second,
multi-scale feature extraction enhances the model’s ability to capture temporal dynamics at different
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resolutions, which is especially important for physiological data. Third, multimodal configurations con-
sistently outperform single-modality settings, demonstrating the benefit of leveraging complementary
information from heterogeneous sources. Finally, the multi-task learning framework achieves better
overall performance than single-task learning, indicating that emotion recognition and immersion
estimation can mutually reinforce each other when modeled jointly. These observations highlight the
effectiveness of multimodal, multi-scale, and multi-task learning strategies for emotion and immersion
assessment in virtual reality environments.

3.8. Loss Weight Analysis

To investigate the balance between emotion classification and immersion prediction, we conducted
experiments with different combinations of loss weights. The regularization weight λ3 was fixed
at 0.0001, while λ1 and λ2 were varied from 0 to 1 in increments of 0.2, subject to the constraint
λ1 + λ2 = 1 to maintain a consistent overall loss scale. The experimental results are summarized in
Table 5.

Table 5. Performance comparison under different loss weight settings for emotion classification (λ1) and immer-
sion prediction (λ2).

λ1 λ2 Accuracy (%) F1 (%) Kappa RMSE MAE R2

0.8 0.2 74.65 73.28 0.64 1.15 0.92 0.49
0.6 0.4 75.21 73.93 0.65 1.02 0.81 0.58
0.4 0.6 75.42 74.19 0.66 0.96 0.74 0.63
0.2 0.8 74.83 73.65 0.65 0.98 0.76 0.62

As shown in Table 5, the configuration with λ1 = 0.4 and λ2 = 0.6 yields the best overall perfor-
mance, achieving a balanced improvement in both emotion classification accuracy and immersion
prediction error. When the loss function places full emphasis on a single task, performance on the
other task degrades substantially, indicating that independent optimization fails to capture shared
information between emotion and immersion.

A moderate emphasis on immersion prediction appears to benefit emotion classification perfor-
mance, suggesting that immersion-related signals provide complementary contextual information
that supports affective inference. This observation is consistent with findings in immersive experience
research, where immersion often influences the intensity and expression of emotional responses.

These results demonstrate the importance of balanced task weighting in multi-task learning
and confirm that appropriate coordination between emotion and immersion objectives leads to more
stable and effective optimization. The loss weights λ1 = 0.4 and λ2 = 0.6 are therefore adopted in all
subsequent experiments.

4. Downstream Task Extensions Based on the MMEA-Net Model
Beyond quantitative evaluation, the proposed MMEA-Net framework can be naturally extended

to a range of downstream tasks that rely on joint emotion recognition and immersion estimation.
These extensions demonstrate how multimodal affective and experiential representations can support
adaptive decision-making and interaction design in virtual reality environments.

One representative extension is personalized art content recommendation driven by emotional
and immersion analysis. By continuously estimating users’ emotional states and immersion levels, the
system can adapt recommended content to users’ momentary affective conditions and engagement
patterns. For example, when low emotional valence or declining immersion is detected, the recommen-
dation strategy may shift toward more stimulating or interactive content to restore engagement. This
task illustrates how joint emotion–immersion modeling can enhance personalization by incorporating
experiential context rather than relying solely on static user preferences.

Another extension involves emotion- and immersion-aware dynamic art presentation. Using
real-time predictions from MMEA-Net, presentation parameters such as pacing, scene transitions, or
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interaction intensity can be adjusted to respond to changes in users’ emotional states or immersion
levels. When decreasing engagement or affective responses are observed, the system can adapt
the presentation flow to maintain continuity and user involvement. This extension highlights the
applicability of the proposed framework to adaptive presentation systems that respond to experiential
feedback.

MMEA-Net also supports real-time art content switching and optimization based on affective
feedback. Continuous monitoring of emotional and immersion signals enables timely identification
of disengagement or emotional shifts, triggering automatic content transitions or adjustments in
visual and auditory elements. Such feedback-driven adaptation allows immersive systems to respond
promptly to user state changes, providing a mechanism for maintaining sustained engagement during
interactive experiences.

In addition, the multimodal representations learned by MMEA-Net can be leveraged to support
art creation and curation processes. By analyzing aggregated emotional responses and immersion
patterns across users, the system can provide feedback regarding how different artistic elements
influence affective and experiential outcomes. This information can assist artists and curators in
refining presentation strategies or content composition, translating multimodal physiological and
behavioral data into actionable insights for creative optimization.

Finally, emotion and immersion analysis enables broader user experience enhancement strate-
gies. By jointly modeling affective and experiential dimensions, interactive systems can dynamically
adjust interface design, guidance mechanisms, or interaction modes to support emotional regulation
and sustained engagement. This extension emphasizes the role of multimodal affective computing
in experience-aware system design, where emotional and immersion feedback informs adaptive
interaction strategies.

Collectively, these downstream task extensions demonstrate that MMEA-Net is not limited to
isolated prediction tasks but can serve as a general affective–experiential perception module for
adaptive virtual reality systems. They further illustrate how joint modeling of emotion and immersion
can support personalized interaction, dynamic presentation, and experience-aware optimization in
immersive environments.

5. Conclusion and Future Work
This paper presented a multimodal learning framework for joint emotion recognition and im-

mersion estimation in virtual reality environments. By integrating eye-tracking, electrocardiogram,
and galvanic skin response signals within a unified multi-task architecture, the proposed approach
enables simultaneous modeling of users’ affective states and immersive experiences. The experimental
results demonstrate that jointly learning these two related tasks improves performance compared
to single-task baselines, highlighting the benefit of shared representations for multimodal affective
analysis.

The study further illustrated how joint emotion–immersion modeling can support a range of
downstream tasks, including adaptive content recommendation, dynamic presentation adjustment,
real-time content switching, creative feedback analysis, and user experience optimization in immersive
environments. These extensions show that the learned multimodal representations are not limited to
prediction tasks but can serve as a general perception component for experience-aware virtual reality
systems.

Future work will focus on extending the framework to larger and more diverse multimodal
datasets, as well as improving generalization across users, scenarios, and application domains. Incor-
porating long-term temporal modeling and contextual memory mechanisms may further enhance the
understanding of sustained emotional and immersion trends. In addition, integrating the framework
with real-world VR and AR platforms will allow investigation of its effectiveness in interactive and
deployment-oriented settings. Overall, this work provides a structured approach to jointly modeling
emotion and immersion, offering a basis for experience-aware system design in immersive computing.
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