Pre prints.org

Article Not peer-reviewed version

Symmetry-Aware Structured
Representation Learning for Unified
Multi-Modal Physiological Modeling in
Affective State and Preference
Inference

Wenli Qu and Mu-Jiang-Shan Wang ~

Posted Date: 27 February 2026
doi: 10.20944/preprints202602.1827v1
Keywords: symmetry-aware learning; structured representation; multi-modal symmetry modeling;

physiological signal analysis; affective computing; EEG and peripheral signals; token-based representation
learning; music therapy

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/5099063
https://sciprofiles.com/profile/3748654
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 February 2026 d0i:10.20944/preprints202602.1827.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Symmetry-Aware Structured Representation Learning
for Unified Multi-Modal Physiological Modeling in
Affective State and Preference Inference

Wenli Qu ! and Mu-Jiang-Shan Wang 2*

1 College of Arts Management, Shandong University of Arts, Jinan 250300, China

2 Shenzhen Kaihong Digital Industry Development Co., Ltd., Shenzhen, China

3 Shenzhen Institute of Advanced Technology, Chinese Academy of Sciences, Shenzhen, China
*  Correspondence: mjs.wang@siat.ac.cn

Abstract

Decoding affective states and personal preferences from physiological responses remains a funda-
mental challenge in affective computing due to strong heterogeneity across neural, autonomic, and
attentional signals, as well as the coupling between transient emotions and long-term preferences.
Most existing methods address these factors independently and lack explicit mechanisms to preserve
the intrinsic structural regularities and invariances of physiological affective responses, limiting their
applicability in real-world scenarios such as music therapy. In this paper, we propose a symmetry-
aware and structured multi-modal physiological modeling framework for joint affective state and
preference inference. The framework integrates electroencephalography (EEG), peripheral physiologi-
cal signals (GSR, BVP, EMG, respiration, and temperature), and eye-movement data (EOG) within a
unified temporal modeling paradigm. At its core, a Dynamic Token Feature Extractor (DTFE) converts
raw physiological time series into compact token representations without handcrafted features, and
explicitly decomposes representation learning into cross-series symmetry and intra-series symmetry.
These two complementary symmetry dimensions are realized through Cross-Series Intersection (CSI)
and Intra-Series Intersection (ISI) mechanisms, enabling structured and interpretable physiological
representations. A hierarchical cross-modal fusion strategy further integrates modality-level tokens in
a symmetry-consistent manner, capturing dependencies among neural, autonomic, and attentional
modalities. Extensive experiments on the DEAP dataset demonstrate consistent improvements over
state-of-the-art methods under both single-task and multi-task settings. The proposed model achieves
98.32% and 98.45% accuracy for valence and arousal prediction, respectively, and 97.96% accuracy
for quadrant-based emotion classification in single-task evaluation, while attaining 92.8%, 91.8%, and
93.6% accuracy for valence, arousal, and liking prediction in joint multi-task settings. Additional
robustness analyses under reduced training data confirm that symmetry-aware structured decom-
position improves data efficiency and generalization. Overall, this work establishes a principled
symmetry-preserving representation learning framework for robust affective decoding and intelligent,
feedback-driven music therapy systems.

Keywords: symmetry-aware learning; structured representation; multi-modal symmetry modeling;
physiological signal analysis; affective computing; EEG and peripheral signals; token-based representation
learning; music therapy

1. Introduction

Music is a powerful medium capable of eliciting rich emotional experiences and modulating
human affective states. In clinical and therapeutic contexts, music has been widely adopted as a
non-invasive intervention for emotional regulation, cognitive rehabilitation, and mental health treat-
ment, particularly for conditions such as depression, anxiety, and stress-related disorders. Beyond
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therapy, understanding emotional responses to music also plays a crucial role in personalized recom-
mendation systems, human—computer interaction, and affect-aware intelligent systems. Accurately
decoding affective states and personal preferences from physiological responses has therefore become
a fundamental problem in affective computing and computational neurophysiology [1,2].

Emotions induced by music are inherently complex and multidimensional. Rather than being
expressed through a single observable channel, affective responses emerge from the coordinated
activity of multiple physiological and neurological systems. Electroencephalography (EEG) reflects
cortical dynamics and neural oscillatory patterns associated with emotional perception and cognitive
appraisal, while peripheral physiological signals such as galvanic skin response (GSR), blood volume
pulse (BVP), electromyography (EMG), respiration, and skin temperature capture autonomic nervous
system responses related to arousal, stress, and valence. Eye-movement signals (EOG) further provide
valuable cues about attention allocation and cognitive engagement. These heterogeneous modalities
jointly encode complementary aspects of emotional experience, making multi-modal physiological
analysis a promising yet challenging research direction.

Despite substantial progress, existing emotion recognition approaches still exhibit several limita-
tions. Early studies and classical methods primarily rely on handcrafted features and shallow classifiers,
often focusing on a single modality or a limited subset of signals [3,4]. More recent deep learning-
based approaches improve representation capacity but frequently adopt coarse-grained emotion
formulations, such as binary classification or low-cardinality categorical schemes (e.g., valence-arousal
quadrants) [5,6]. While effective in simplified settings, such formulations fail to capture the fine-
grained variability of emotional intensity and subjective preference, which is particularly critical in
music therapy scenarios.

Another important limitation lies in task formulation and representation structure. Most prior
works treat affective dimensions—such as valence, arousal, or preference—as independent prediction
problems and optimize them in isolation [7,8]. However, extensive psychological and neuroscientific
evidence suggests that these dimensions are strongly interrelated. Ignoring such interdependencies not
only limits expressive power, but also undermines generalization under subject variability and data
perturbations. Similar challenges have been extensively studied in structured systems and network
theory, where preserving connectivity, diagnosability, and functional consistency under disturbances
is known to rely on symmetry-aware and structure-preserving designs [9-12]. Related studies on
symmetric network structures further demonstrate that higher-order connectivity, conditional fault
tolerance, and tightly constrained diagnosability are critical for maintaining system functionality
under node or link failures, as shown in locally twisted cubes, Cayley graphs, and high-dimensional
hypercube variants [13-15].

From a representation learning perspective, physiological affective modeling can therefore be
viewed as a structured system inference problem, where robustness and generalization depend on
preserving intrinsic structural regularities and invariant interaction patterns across channels and
modalities. Nevertheless, most existing multi-modal models rely on straightforward feature concatena-
tion or shallow fusion strategies, which are insufficient to capture complex cross-modal dependencies
among neural, autonomic, and attentional signals [16,17].

To address these challenges, we propose a unified multi-task framework for fine-grained emotion
and preference recognition from multi-modal physiological signals, with a particular focus on music
therapy applications. Our framework jointly processes EEG, peripheral physiological signals (GSR,
BVP, EMG, respiration, and temperature), and eye-movement data (EOG), enabling comprehensive
modeling of affective responses across cortical, autonomic, and behavioral domains. Unlike previous
approaches that predominantly employ binary or coarse-grained classification schemes [18,19], our
method supports fine-grained 9-class prediction for each affective dimension, including valence,
arousal, and liking.

At the core of the proposed framework lies a Dynamic Token Feature Extractor (DTFE), which
transforms raw physiological time series into compact and discriminative token representations. DTFE
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explicitly decomposes representation learning into two complementary structural symmetry dimen-
sions: cross-series symmetry, which models invariant interaction patterns among multiple physiological
channels, and intra-series symmetry, which captures recurrent temporal-spectral structures within indi-
vidual signals. On top of modality-specific processing, we further introduce a hierarchical cross-modal
fusion mechanism that integrates modality-level representations in a symmetry-consistent manner,
enabling synergistic affective reasoning across heterogeneous modalities. The entire framework is
trained end-to-end under a unified multi-task learning paradigm, allowing shared representations to
be jointly optimized across related affective objectives. Building upon a symmetry-aware perspective
of multi-modal physiological affective modeling, the main contributions of this work are summarized
as follows:

*  First structured multi-task affective modeling paradigm: We propose the first unified and struc-
tured modeling paradigm that jointly infers emotional valence, arousal, and music liking from
physiological signals. By explicitly encoding inter-task structural dependencies, this principled
formulation enforces shared invariances across affective dimensions and yields more robust and
accurate affective decoding than conventional single-task or loosely coupled approaches.

¢ Novel symmetry-preserving token representation: We introduce a novel and principled token-
based representation learning strategy for physiological time series, in which affective representa-
tions are explicitly decomposed into cross-series and intra-series structural symmetry components.
This structured decomposition is instantiated through Cross-Series Intersection (CSI) and Intra-
Series Intersection (ISI), enabling invariant modeling of both inter-channel interactions and
intra-channel temporal-spectral dynamics.

*  Principled hierarchical cross-modal integration: We propose a principled and structured hi-
erarchical fusion mechanism that integrates neural, autonomic, and attentional modalities in a
symmetry-consistent manner. This design preserves modality-level structural regularities while
enabling deep and interpretable cross-modal interaction, establishing a coherent multi-modal
affective representation space.

¢  State-of-the-art performance with structured generalization: Extensive experiments on the
DEAP dataset demonstrate that the proposed structured modeling paradigm achieves state-of-
the-art performance under both single-task and multi-task learning settings. The model attains
98.32%, 98.45%, and 97.96% accuracy for valence, arousal, and quadrant classification in single-
task evaluation, and maintains superior joint multi-task performance with 92.8%, 91.8%, and
93.6% accuracy for valence, arousal, and liking prediction, respectively.

By advancing symmetry-aware, structured representation learning for physiological signals,
this work addresses fundamental limitations of prior affective computing methods and establishes
a principled foundation for robust affective inference, intelligent music therapy, and affect-aware
human-computer interaction systems.

2. Related Work
2.1. Emotion Recognition Based on EEG Signals

Electroencephalography (EEG) is one of the most widely used modalities for emotion recognition
due to its high temporal resolution and direct correlation with neural activity. Existing EEG-based
emotion recognition methods can be broadly categorized into handcrafted feature approaches and
deep representation learning models.

Early studies predominantly relied on handcrafted features extracted from EEG signals, such as
frequency-domain power spectra, time-domain statistics, and entropy-based descriptors, followed by
conventional classifiers for binary or multi-class emotion recognition [1,2,20]. These approaches are
computationally efficient and interpretable, but their performance is highly dependent on domain-
specific feature engineering and tends to degrade under cross-subject variability.

To overcome these limitations, more sophisticated learning-based models have been proposed.
Hierarchical neural architectures [1], graph-regularized sparse models [21], and deep forest frame-
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works [22] were introduced to capture spatial and temporal dependencies among EEG channels.
More recent advances further incorporate attention mechanisms to enhance representation capacity.
For example, Song et al. [23] proposed a dynamical graph convolutional neural network to model
inter-channel relationships, while Zhang et al. [24] introduced hierarchical self-attention to localize
emotion-relevant temporal segments within EEG signals. Models such as GLFANet [25] and DAST [26]
additionally integrate spatio-temporal attention and domain adaptation strategies to improve general-
ization across subjects.

Beyond standard emotion recognition settings, EEG-based models have also been explored in
special populations, such as patients with disorders of consciousness [27], as well as in real-time brain—
computer interface (BCI) applications [28]. While these studies demonstrate the expressive power
of EEG for affective analysis, most existing approaches implicitly entangle inter-channel interactions
and intra-channel temporal dynamics within monolithic representations, making them sensitive to
individual differences and EEG non-stationarity.

2.2. Emotion Recognition by Merging Multiple Physiological Signals

To address the inherent limitations of single-modality systems, an increasing body of work
has investigated multimodal emotion recognition by integrating EEG with peripheral physiological
signals, such as galvanic skin response (GSR), blood volume pulse (BVP), electromyography (EMG),
respiration, and temperature. These approaches aim to exploit the complementary characteristics of
cortical, autonomic, and behavioral responses to improve robustness and recognition accuracy.

Early multimodal methods primarily adopted ensemble learning or feature-level fusion. Rep-
resentative examples include IRS [3] and MESAE [6], which combine ECG, GSR, EMG, and other
signals using ensemble or attention-based architectures. More recent studies leverage deep learning
to perform joint representation learning across modalities. Liu et al. [16] employed deep canonical
correlation analysis (DCCA) to learn shared embeddings from EEG, GSR, and eye-movement signals,
while Tang et al. [18] proposed a hierarchical fusion framework with contrastive alignment to enhance
cross-modal consistency. Other approaches, such as BDAE [5], MM-ResLSTM [7], and FGSVM [8],
utilize deep residual networks, recurrent encoders, or kernel-based fusion strategies to jointly model
neural and peripheral physiological modalities.

Despite these advances, most multimodal emotion recognition models are formulated as single-
task classification pipelines with limited output granularity, typically focusing on binary or low-
cardinality emotion categories. Only a few methods, such as DEMA [19], support more fine-grained or
multi-label emotion prediction. However, even these approaches primarily optimize individual affec-
tive dimensions in isolation and do not explicitly model the hierarchical structure or interdependencies
among multiple affective attributes.

2.3. Summary and Motivation

In summary, existing studies on physiological emotion recognition—whether based on EEG
alone or on multimodal signal fusion—have demonstrated the feasibility of decoding affective states
from neural and peripheral responses. However, from a representation learning perspective, most
prior approaches remain largely task-driven and data-driven, with limited emphasis on the intrinsic
structural regularities and symmetries underlying physiological affective responses. As summarized
in Table 1, the majority of existing methods are constrained to single-task settings and coarse-grained
label spaces, such as binary or 4/5-class emotion schemes, which restrict both the expressiveness and
interpretability of affective representations in complex scenarios such as music therapy.

More critically, few prior models are designed to simultaneously handle multiple interdependent
affective dimensions, such as valence, arousal, and liking, within a unified learning framework that
preserves their underlying structural relationships. From a symmetry-aware modeling viewpoint, ex-
isting deep learning and attention-based approaches typically entangle cross-channel interactions and
intra-channel temporal-spectral dynamics in an implicit manner, without an explicit decomposition
into complementary structural components. As a result, important invariances—such as recurrent
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temporal patterns within a channel and symmetric interaction structures across channels—are not
explicitly preserved. This lack of structured and symmetry-aware modeling limits interpretability and
degrades generalization under subject variability and multimodal heterogeneity.

In contrast, the proposed method is explicitly formulated from a structured and symmetry-
aware perspective. It supports fine-grained 9-class prediction for each affective dimension within a
unified multi-task learning framework, while preserving intrinsic regularities across modalities and
tasks. By jointly modeling EEG, GSR, BVP, EMG, respiration, temperature, and EOG signals, and by
explicitly decoupling cross-series interaction symmetry from intra-series temporal-spectral symmetry,
the proposed framework overcomes the representational bottlenecks of prior works. This principled
decomposition enables high-resolution, multi-dimensional emotion and preference estimation with
improved interpretability and generalization.

Table 1. Comparison of recent multi-physiological emotion recognition methods in terms of task structure,
emotion categories, and input modalities.

Method Task Type Emotion Categories Modalities

SVM [4] Single 5-class EEG, EDA, GSR, SCR, skin temp
MT-MKL [29] Single 2-class EEG, GSR, RB, skin temp

IRS [3] Single 4-class ECG, GSR, PPG

BDAE [5] Single 2-class EEG, eye movement
Bimodal-LSTM [30] Single 2-class EDA, PPG, EMG

MESAE [6] Single 5-class EEG, EOG, EMG, GSR, temp, BP
DCCA [16] Single 2/4-class EEG, eye, GSR, EMG, PPG
MM-ResLSTM [7] Single 2-class EEG, peripheral signals

FGSVM [8] Single 5-class EDA, PPG, EMG

DPAN [31] Single 2-class EDA, PPG

Random Forest [32] Single 2-class EMG, EOG

RDFKM [33] Single 2-class EEG, EMG, GSR, RES
i-Isomap+DCNN [17] Single 4-class EEG, peripheral, eye

RHRPNet [18] Single 2/4-class EEG, peripheral signals

DEMA [19] Single 2/5-class EEG, GSR, BP, RB

Our Method Multi-task  3x9-class EEG, GSR, BVP, EMG-Zyg,

EMG-Trap, Resp., Temp., EOG

3. Methodology

We propose a novel and structured multi-modal physiological modeling paradigm for recog-
nizing emotional valence and musical preference during music therapy by analyzing physiological
responses. As illustrated in Figure 1, the overall system is organized into four principal stages: (1)
music-based stimulus presentation, (2) multi-channel physiological signal acquisition, (3) symmetry-
preserving feature extraction via Dynamic Token Feature Extractors (DTFEs), and (4) hierarchical
cross-modal fusion for joint affective inference. During the stimulus phase, participants are exposed
to a diverse set of music videos designed to evoke varying emotional states and stylistic preferences,
while their physiological signals are synchronously recorded. The collected signals include 32-channel
electroencephalography (EEG), 6-channel peripheral physiological measurements (e.g., GSR, BVP,
EMG, respiration, and skin temperature), and 2-channel electrooculography (EOG), providing comple-
mentary observations of cortical, autonomic, and attentional responses to music stimuli. Following
preprocessing, each modality is processed by a modality-specific DTFE module. EEG, peripheral,
and eye-movement signals are transformed into domain-specific token representations, denoted as S,
L, and I, respectively. Within each DTFE, both cross-series interactions among signal channels and
intra-series temporal-spectral dynamics are explicitly modeled, yielding compact yet discriminative
feature representations. These modality-level representations are subsequently fed into a hierarchical
cross-modal fusion module, which integrates spatial, temporal, and frequency-domain patterns across
modalities in a structured and symmetry-consistent manner. This design enables synergistic reasoning
over heterogeneous physiological signals with distinct temporal characteristics. Finally, the fused rep-
resentations are jointly optimized to predict emotional valence and music preference under a unified
multi-task learning formulation. The entire model is trained end-to-end using a multi-objective loss
that balances prediction accuracy and representation efficiency. Through this principled pipeline, the
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proposed approach provides a comprehensive and interpretable understanding of how physiological
responses encode emotional states and personal preferences during music therapy sessions.
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Figure 1. Structured multi-modal physiological modeling framework.

3.1. Dynamic Token Feature Extractor (DTFE)

The proposed Dynamic Token Feature Extractor (DTFE) is the core feature encoder in our multi-
modal framework, aiming to transform heterogeneous physiological time-series into compact, task-
discriminative token representations. As illustrated in Figure 2, DTFE follows a normalize—project—
tokenize—intersect—decode pipeline, where learnable token matrices {Q;, Qw, Q iz Qo } act as adaptive
operators to selectively aggregate informative temporal dynamics and channel correlations. Com-
pared with conventional sequence encoders (e.g., CNN/RNN) that scale linearly with the sequence
length, DTFE leverages token-based mixing to achieve both expressive representation learning and
computational efficiency, which is particularly desirable for multi-signal affective modeling.
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Figure 2. Architecture of the Dynamic Token Feature Extractor (DTFE). DTFE processes input physiological signals
via instance normalization, multi-dimensional projection, token-based representation learning with Cross-Series
Intersection (CSI) and Intra-Series Intersection (ISI), and output decoding. Learnable tokens Q;, Qo, Qw, and Q 5
enable adaptive feature extraction across different signal types.

3.1.1. Module Architecture
Input Formulation

For each modality, we denote the input physiological signal segment as
X e RB xXCx T/ (1)

where B is the batch size, C is the number of channels (e.g., C=32 for EEG, C=6 for peripheral signals,
and C=2 for EOG), and T is the temporal length of the window (e.g., T=1280 for 10 s windows at
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128 Hz). This formulation explicitly distinguishes inter-channel structure from intra-channel temporal
dynamics, which is essential for the subsequent CSI/ISI design.

Instance Normalization

To reduce inter-subject and inter-session amplitude shifts while preserving discriminative tempo-
ral patterns, DTFE first applies instance normalization on each channel:

o 7Xbct Hb,c

T 1 T
ab,c+€ ; betr Obe = T; Xbct ,”bc / (2)

S

g

S

|
H\H

where € is a small constant for numerical stability. This normalization improves robustness to subject-
dependent baselines and facilitates stable optimization across heterogeneous modalities.

3.1.2. Multi-Dimensional Projection
Channel-Wise Projection to Latent Tokens

After normalization, we project each channel sequence into a d-dimensional latent space using a
lightweight MLP (implemented as point-wise linear layers along the channel axis):

Xproj = MLP(X) € REX4xT, (3)

Concretely, we first collapse the channel dimension via a learnable mixing operator and then lift the
representation to dimension d:

Xproj (b, 2, ) = Wo (W1 X(b,:,t) 4+ by) + by, (4)

where W; € R¥<C W, € R™*4 b € R?, b, € R? are learnable parameters, and ¢(-) is a non-linear
activation (e.g., ReLU/GELU). This step serves two purposes: (i) it aligns heterogeneous modalities
into a shared latent space, and (ii) it provides sufficient representational capacity to capture subtle
physiological cues linked to affective states.

3.1.3. Token-Based Processing
Learnable Temporal Tokenization

A key idea of DTFE is to replace fixed temporal pooling with learnable token mixing. Given the
projected sequence Xproj € RBXdXT we introduce a learnable tokenization matrix

Qi € RTXT/ (5)
and perform token-based temporal aggregation by
F = Xproj Qi € RExdxT, (6)

Here, Q; acts as a data-adaptive temporal mixer: each column of Q; can be interpreted as a learnable
temporal filter that re-weights and combines time steps, enabling the model to emphasize informative
sub-structures (e.g., transient peaks in GSR, rhythmic oscillations in EEG, or saccade-related bursts in
EOG). Unlike handcrafted filters, Q; is optimized end-to-end, thereby tailoring temporal aggregation
to the downstream affective objectives.

Design Rationale

Physiological responses to music often exhibit (i) non-stationary temporal patterns and (ii)
modality-dependent dynamics. The token-based formulation in Eq. (6) provides a unified mech-
anism to adaptively capture such patterns while keeping the computational cost controlled: the
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dominant operations are matrix multiplications on compact tokenized representations, avoiding heavy
recurrent computation and enabling efficient training/inference across multiple modalities.

3.1.4. Representation Learning

The representation learning stage constitutes the core of the DTFE module, where tokenized
features are progressively refined to capture both cross-channel dependencies and intra-channel temporal—
spectral dynamics. Starting from the temporally tokenized representation F; € RE*?*T DTFE employs
two complementary components in a cascaded manner:

Fcsp = CrossSeriesIntersection(F;), Fs1 = IntraSeriesIntersection(Fcgy), (7)

where B denotes the batch size, T the temporal length, and 4 the latent feature dimension. The CSI
module focuses on modeling inter-channel (cross-series) interactions, while ISI further refines each
channel by exploiting temporal and frequency-domain structures. This design explicitly disentangles
where information is shared across channels from how temporal patterns evolve within each channel.

Cross-Series Intersection (CSI)

The Cross-Series Intersection module is designed to capture structured dependencies among
different physiological channels. In the case of EEG, CSI models spatial correlations across brain
regions; for peripheral physiological signals, it reflects coordinated autonomic responses (e.g., between
GSR and BVP); for EOG, it captures bilateral eye-movement consistency. Such cross-series relationships
are known to be critical for affective state inference, yet are often overlooked by purely temporal
encoders. To this end, CSI first summarizes the temporally tokenized features into compact channel
descriptors by temporal pooling:

1 T
==Y F(,: RExd,
G TtE:I i(z,0t) € 8)

These descriptors are then projected to a channel-interaction space using a low-rank bilinear formula-
tion:
u=w,G, V=W,G, )

where W, W, € R*4 are learnable parameters and C denotes the number of channels for the
corresponding modality. The cross-series affinity matrix is obtained as

which explicitly models pairwise channel correlations while maintaining parameter efficiency through
low-rank factorization. A row-wise softmax is applied to normalize the affinities:

exp(Qulb,i,)))
Y51 exp(Qulb,i, /1)

Aw(b/i/j) = (11)

ensuring that each channel aggregates information from other channels in a convex combination
manner. The cross-series aggregated representation is then computed by

Fecsi = Aw - F +F, (12)

where the residual connection preserves the original tokenized features and stabilizes optimization.
This operation enables each channel to adaptively incorporate complementary information from
correlated channels, guided by the learned affinity structure. Compared with conventional self-
attention over temporal tokens, CSI explicitly operates in the channel domain, thereby decoupling inter-
channel modeling from temporal modeling. This separation not only improves interpretability—by
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yielding channel-wise interaction matrices—but also reduces computational overhead, since the
channel dimension is typically much smaller than the temporal length in physiological signals.

Intra-Series Intersection (ISI)

The Intra-Series Intersection (ISI) module focuses on refining temporal dynamics within each
individual channel by jointly modeling time-domain and frequency-domain characteristics. While CSI
captures cross-channel correlations, ISI aims to enhance channel-wise representations by exploiting
the spectral signatures that are known to be highly informative for affective physiology (e.g., EEG
rhythms, low-frequency GSR trends, and EOG saccadic patterns).

Time-domain projection and nonlinearity.

Given the cross-series refined features Fcg; € RE*4*T, ISI first applies a channel-wise linear
transformation followed by a non-linear activation:

Fin = WiFcsy + by € REX3XT) (13)

Fact = GELU(Fyy), (14)

where W; € R4 and b, € RY are learnable parameters shared across time steps. The GELU activation
introduces smooth nonlinearity while preserving small-amplitude temporal variations, which is
desirable for noisy physiological signals.

Frequency-Domain Transformation

To explicitly capture oscillatory and rhythmic patterns, ISI transforms the activated features into
the frequency domain via a 1D Fast Fourier Transform (FFT) applied along the temporal dimension:

T-1 ,
F(Fact) (b, k) = Y Fact(b, 1, 1) e 2™/ Tk =0,1,...,T—1, (15)
t=0
where F (-) denotes the discrete Fourier transform. This operation decomposes each channel’s temporal

signal into frequency components, enabling explicit modeling of physiologically meaningful bands.

Learnable Frequency Gating

Instead of using fixed frequency filters, ISI introduces a learnable frequency gating token
Qf eRT, (16)
which modulates the spectral amplitudes in a data-driven manner:

Ffreq = ]:(Fact) © Qf/ 17)

where © denotes element-wise multiplication with broadcasting along the batch and feature dimen-
sions. The token Qy acts as a soft frequency selector, allowing the network to emphasize or suppress
specific spectral components according to their relevance to emotion and preference recognition.

Inverse Transformation and Residual Fusion
After frequency-domain modulation, the refined representation is mapped back to the time

domain using the inverse FFT:

- 1= :
F 1(Hreq)(bl :/t) = T Z Ffreq(b/ :'k) 2T, (18)
k=0
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The final output of the ISI module is obtained via a residual fusion with the time-domain features:
hgr = F! (Ffreq) + LayerNorm(Fact)r (19)

where LayerNorm stabilizes the feature scale across channels and time steps. This residual design
ensures that frequency-aware refinement complements, rather than overrides, the original temporal
representation.

Design Rationale

By integrating learnable frequency gating with residual time-domain refinement, ISI provides a
flexible mechanism to capture both transient temporal events and stable oscillatory patterns. This is
particularly important in affective computing, where emotional responses are encoded across multiple
time scales and frequency bands. Together with CSI, ISI completes a structured decomposition of
physiological representation learning into cross-series and intra-series components.

3.1.5. Output Generation

After intra-series refinement, the DTFE module produces a compact, modality-specific represen-
tation that summarizes the affect-relevant information of the input physiological signal. Given the
refined features Fig; € RE*?*T we first apply a linear projection to unify the feature dimension:

Foroj = WaFist + by € RPT, (20)
where W; € R¥*? and b; € R are learnable parameters shared across time steps.

Temporal aggregation via learnable attention pooling.

Instead of fixed temporal pooling (e.g., average or max pooling), we employ a learnable attention-
based aggregation to adaptively summarize the temporal dynamics. Specifically, a temporal impor-
tance vector is computed as:

« = Softmax (wﬁpr"’ c RBXT 1)
\/E 7

where w, € R? is a learnable attention vector. The aggregated representation is obtained as:
L Bxd
z=) o Foroj (s, 1, t) € RFX4. (22)
t=1

This mechanism allows DTFE to focus on temporally salient segments, such as transient physiological
responses or sustained emotional patterns.

Output Embedding Projection
The aggregated feature is further mapped to the output embedding space:

Y = Wyz+b, € RF*T, (23)

where T denotes the output embedding dimension, and W), € RT*d, b, € RT are learnable parameters.
The resulting vector Y serves as the final modality-specific representation produced by DTFE, which is
subsequently fed into the cross-modal interaction and fusion module.

3.2. Cross-Modal Interaction and Fusion

Overview. As illustrated in Figure 3, the proposed cross-modal interaction and fusion module aims
to integrate modality-specific representations extracted by DTFE into a unified affective embedding.
Unlike early fusion strategies that directly concatenate raw features, our design explicitly models
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inter-modality dependencies at the representation level, enabling complementary physiological cues

to be jointly exploited.
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Figure 3. Cross-modal interaction and fusion architecture integrating EEG, peripheral physiological, and eye
movement features.

Modality-Level Feature Construction

Let S € REX4, [ € RBX and I € RB*? denote the modality-specific embeddings produced by
the EEG, peripheral physiological, and EOG DTFEs, respectively. These embeddings are stacked to
form a modality token sequence:

F=I[S;L; ] € RBXMxd (24)

where M = 3 denotes the number of modalities. Each token encodes high-level affective characteristics
specific to one physiological modality.

Cross-Modal Attention-Based Interaction

To explicitly capture inter-modality correlations, we apply a multi-head self-attention mechanism
over the modality tokens:
Fatt = MultiHead Attention(F, F, F), (25)

where queries, keys, and values are all derived from the modality token set. This operation enables
each modality to selectively attend to others, allowing the model to emphasize synergistic patterns
such as EEG-autonomic coupling or attention—arousal alignment.

Feature Refinement and Residual Learning

The attended representations are further refined via a position-wise feed-forward network (FFN)
with residual connection:
Fof = LayerNorm (FFN (Fatt) + Fatt)- (26)

This step enhances non-linear interactions among modalities while preserving stable optimization
behavior.

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


https://doi.org/10.20944/preprints202602.1827.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 February 2026 d0i:10.20944/preprints202602.1827.v1

12 of 21

Global Fusion and Unified Representation

Finally, a global pooling operation aggregates the refined modality tokens into a single fused
embedding;:

ref

M
Ztusion = — Y F) & REX 27)
fusion M .

m=1

The resulting representation zs;,n serves as the unified affective descriptor and is subsequently fed
into the task-specific prediction heads for emotion and preference recognition.

Discussion. This fusion strategy offers three key advantages: (1) it explicitly models interactions
among EEG, autonomic, and attentional modalities at a semantic level; (2) it avoids redundant
temporal modeling by operating on compact modality embeddings; and (3) it provides adaptive, data-
driven weighting of different physiological cues depending on emotional context. These properties
make the proposed fusion module particularly suitable for music therapy scenarios characterized by
heterogeneous and complementary physiological responses.

3.2.1. Multi-Task Loss Function

We formulate emotional valence, arousal, and music preference recognition as parallel multi-
class classification tasks with nine ordinal categories each. These affective dimensions are inherently
correlated yet exhibit different levels of label imbalance, subjectivity, and learning difficulty. To jointly
optimize these tasks while maintaining robustness to noisy annotations, we design a unified multi-task
objective that combines focal cross-entropy with label smoothing and adaptive task weighting.

Overall Objective

The total training loss is defined as a weighted sum of task-specific losses:
Etotal =AeLe+AgLo+ /\pﬁpr (28)

where L, L,, and L, correspond to the losses for valence, arousal, and preference, respectively. The
weights A¢, A, and A are learnable scalar parameters, initialized to % and jointly optimized with the
network. This design enables the model to automatically balance task contributions during training,
alleviating dominance by easier or over-confident tasks.

Task-Specific Loss Formulation

For each affective dimension t € {e,a, p}, we adopt a focal cross-entropy loss with label smooth-
ing:
£i== =97 [0 -0y + 5 log(9)) 29)
ie
where y/ denotes the one-hot ground-truth label for class i, and 7/ is the predicted softmax probability.
The focal factor (1 — /)7 down-weights well-classified samples and emphasizes harder or ambiguous
instances, which are common in affective annotations. The label smoothing term, controlled by «,
mitigates over-confidence and accounts for subjective uncertainty in emotion perception, particularly
at category boundaries.

4. Experiments
4.1. Dataset and Task Setup

The evaluation of the proposed framework is conducted on the well-known DEAP dataset [34],
a multimodal benchmark extensively used in affective computing research. The dataset comprises
recordings from 32 participants, each viewing 40 one-minute-long music video clips while multiple
physiological modalities were simultaneously recorded. Specifically, DEAP provides 32-channel
electroencephalography (EEG), six peripheral physiological signals (galvanic skin response (GSR),
blood volume pulse (BVP), zygomaticus and trapezius electromyograms (EMG-Zyg, EMG-Trap),
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respiration, and temperature), along with two channels of electrooculography (EOG). All signals
were originally sampled at 512 Hz and subsequently downsampled to 128 Hz for computational
efficiency. The EEG data were bandpass-filtered between 4 and 45 Hz to retain relevant neural
oscillatory components. For temporal modeling, the recordings were segmented into overlapping
10-second windows (1280 time steps) with a stride of 1 second. Each window yields three modality-
specific tensors: EEG ([32,1280]), peripheral physiological signals ([6, 1280]), and EOG ([2,1280]). All
signal streams are z-score normalized on a per-subject basis to eliminate inter-individual variability.
Unless otherwise specified, all experiments follow a subject-wise data splitting protocol with an 8:2
ratio for training and testing. Specifically, subjects are partitioned into mutually exclusive splits,
and all sliding windows extracted from the same subject are strictly assigned to either the training
or the testing set, but never both. This design prevents subject identity leakage and enables a fair
evaluation of cross-subject generalization. Within the training set, a subset of subjects is further held
out for validation to support hyperparameter tuning and early stopping. To generate compact and
discriminative representations, a modality-specific tokenization layer is applied within the proposed
DTFE module. The EEG stream is projected into four learnable tokens, the peripheral stream into two
tokens, and the EOG stream into one token. This asymmetric token design offers a balanced trade-off
between representational richness and parameter efficiency, reflecting the relative complexity and
dimensionality of each signal modality. A multi-task learning paradigm is adopted to jointly predict
three key affective dimensions:

*  Valence, Arousal, and Liking scores are discretized into nine ordinal categories, formulated as
parallel 9-class classification tasks. Each subtask utilizes an independent prediction head with
softmax activation and is optimized using focal loss with label smoothing to address potential
class imbalance.

In addition, an auxiliary branch is introduced for discrete affective quadrant classification:

*  Quadrants (Q1-Q4) and Neutral states are modeled as a five-dimensional multi-label classification
task, trained independently from the valence—-arousal-liking pipeline. This separation enables an
explicit evaluation of categorical emotion distribution without mutual interference from ordinal
regression targets.

Model performance is quantitatively evaluated using three standard metrics: Accuracy (Acc)
measures the proportion of correctly classified samples among the total number of samples, reflecting
overall recognition correctness. Fl-score (F1) represents the harmonic mean of precision and recall,
providing a balanced assessment under potential class imbalance. Precision (Prec) quantifies the ratio
of true positive predictions to all positive predictions, indicating the reliability of positive classifications.

4.2. Training Configuration

For the multi-task classification of valence, arousal, and liking, we use the Adam optimizer with a
learning rate of 1 x 104, a batch size of 32, and weight decay of 1 x 10~°. The model is trained for 120
epochs with early stopping based on the validation loss of the valence prediction task. The total loss
is a weighted sum of the three task-specific losses, with learnable weights A, A4, and Ay initialized
to 1/3. For the Q1-Q4 + neutral classifier, we train a separate model using sigmoid activation and
binary cross-entropy loss. The same optimizer and training schedule are applied. All experiments are
implemented in PyTorch and executed on a single NVIDIA RTX 3090 GPU.

4.3. Comparison with Prior Works on DEAP Dataset

To benchmark our proposed framework, we compare its single-task performance with a series of
state-of-the-art emotion recognition models evaluated on the DEAP dataset. Since most existing works
are designed as single-task pipelines and report classification accuracy only for valence, arousal, or
quadrant-based labels, we adapt our framework to match these single-task settings under a strict cross-
subject evaluation protocol for fair comparison. In particular, subject-wise data splitting is enforced,
ensuring that physiological recordings from the same participant never appear in both training and
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testing sets. Furthermore, non-overlapping temporal windows are used during preprocessing to
eliminate any potential information leakage across samples. All comparisons in this subsection
strictly follow an identical subject-independent evaluation protocol for fair assessment. Specifically,
training and testing sets are split at the subject level, such that no subjects appear in both sets, and no
overlapping temporal windows are shared between training and evaluation data.

Table 2. Comparison with prior works evaluated on DEAP (accuracy %). Results are directly reported from the
respective papers.

Method Valence (%) Arousal (%) Q1-Q4 + Neutral (%)
SVM [4] 81.45 - -
MT-MKL [29] 60.00 58.00 -
BDAE [5] 85.20 80.50 -
Bimodal-LSTM [30] 83.82 83.23 -
MESAE [6] 83.04 84.18 84.18
DCCA [16] 85.62 84.33 -
MM-ResLSTM [7] 92.30 92.87 -
FGSVM [8] - - 89.53
DPAN [31] 78.72 79.03 -
Random Forest [32] 62.58 - -
RDFKM [33] 64.50 63.10 -
i-Isomap+DCNN [17] - - 90.05
RHRPNet [18] 74.17 74.34 -
DEMA [19] 97.55 97.61 97.01
Ours (Single-task) 98.32 98.45 97.96

Discussion. The proposed method consistently outperforms prior models across all three affec-
tive dimensions under the same subject-independent evaluation protocol. In particular, compared
with the recent DEMA [19], our model achieves gains of +0.77% in valence, +0.84% in arousal, and
+0.95% in Q1-Q4 plus neutral classification accuracy. Importantly, these results are obtained under
strict cross-subject evaluation settings, where subjects in the test set are completely unseen during
training and no overlapping temporal windows are shared between training and testing samples.
This ensures that the reported performance reflects genuine generalization across subjects, rather than
memorization of subject-specific physiological patterns. The observed performance improvements can
be attributed to two key factors. First, the proposed symmetry-aware DTFE explicitly captures comple-
mentary temporal-spectral structures across EEG and peripheral signals, leading to more invariant
and discriminative representations under subject variability. Second, the hierarchical cross-modal
fusion strategy enables structured interaction among neural, autonomic, and attentional modalities,
promoting effective alignment between modality-specific cues and task-specific objectives. In contrast
to prior methods that rely on limited modalities or shallow fusion schemes, our model leverages a
richer set of eight physiological signal types, which contributes to more robust affective decoding even
under challenging cross-subject conditions.

4.4. Multi-Task Classification Results and Analysis

Table 3 reports the performance of various baseline models equipped with our proposed multi-
task classification heads under a consistent training pipeline. All methods are evaluated on the DEAP
dataset with a 9-class setup for valence, arousal, and liking dimensions. Unless otherwise specified, all
experiments in this section follow a subject-wise 8:2 train—test split, ensuring that samples from the
same subject do not appear in both training and testing sets, thereby avoiding data leakage. Since no
prior work explicitly focuses on multi-task modeling of valence, arousal, and liking jointly, we include
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a comprehensive set of representative single-task models as baselines. These include common recurrent
structures (LSTM, BiLSTM, GRU), convolutional models (1D-CNN, CNN-LSTM), and attention-based
or non-deep learning models (Transformer, XGBoost). Each baseline is reconfigured to support our
multi-head multi-task setting and trained under the same subject-wise split for fair comparison. As
shown in Table 3 and visualized in Figure 4, our full model consistently achieves superior results across
all affective dimensions and evaluation metrics. Specifically, our method reaches 92.8% accuracy on
valence, 91.8% on arousal, and 93.6% on liking—each surpassing the closest baseline by 2-5 percentage
points. Fl-scores and Precision follow the same trend, highlighting not only the accuracy but also
the robustness of our predictions. Compared to strong single-task models such as Transformer-
based [35] or BiLSTM-based [36], our method exhibits more balanced performance across all tasks.
For instance, while Transformer performs well on arousal (90.1% accuracy), it struggles on liking
(84.2%), indicating limited generalization in multi-target scenarios. Similarly, BILSTM underperforms
on both arousal and liking dimensions. Tree-based models like XGBoost [37] and hybrid models such
as CNN-LSTM [38], though competitive on individual metrics, show inconsistent behavior across tasks,
further underscoring the necessity of joint modeling. Overall, the superior and stable performance of
our method demonstrates the effectiveness of shared feature representation, enhanced by the proposed
DTFE module and cross-modal fusion strategy. These results validate that our approach not only
outperforms all baselines but also provides a scalable and unified solution for multi-dimensional
affective modeling with strong generalization ability.

Performance Comparison across Affective Dimensions on DEAP Dataset
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Figure 4. Performance comparison of various models across Valence, Arousal, and Liking dimensions on the
DEAP dataset. Each subfigure reports Accuracy, F1-score, and Precision under the 9-class setup. Our proposed
method consistently outperforms all baselines across all metrics.

Table 3. Multi-task classification results on DEAP dataset (9-class setup). All models are evaluated under a unified
multi-task framework with shared classification heads. Baselines are originally single-task.

Model Valence Arousal Liking
Acc (%) F1(%) Prec(%) | Acc(%) F1(%) Prec(%) | Acc(%) F1(%) Prec (%)

LSTM [39] 85.6 87.3 86.1 84.5 87.0 85.6 83.2 86.1 84.4
BiLSTM [36] 87.0 83.6 85.0 83.1 84.2 85.3 84.1 83.8 82.5
GRU [40] 86.4 87.1 86.7 85.0 85.3 84.9 86.0 84.0 83.7
MLP [41] 85.8 86.2 85.5 84.3 85.1 84.4 85.1 83.5 83.2
1D-CNN [42] 84.0 84.6 83.9 83.7 83.5 82.8 85.0 84.0 83.1
XGBoost [37] 83.2 84.1 83.0 87.2 89.0 88.1 83.0 86.4 85.2
CNN-LSTM [38] 83.7 84.5 84.2 83.5 87.1 85.5 84.3 86.0 85.1
Transformer [35] 88.4 85.0 85.7 90.1 89.5 89.6 84.2 87.3 86.4
Ours (Multi-Task) 92.8 92.6 92.2 91.8 93.7 93.0 93.6 92.4 91.9

Note: Baseline models were originally designed for single-task learning and are adapted here with identical multi-task heads
and training pipeline for fair evaluation.
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4.5. Robustness Analysis Under Different Train—Test Splits

To further evaluate the robustness and generalization ability of the proposed framework, we
conduct additional experiments under more challenging train—test splits. Besides the default 8:2
setting, we consider subject-wise 7:3 and 6:4 splits, where fewer training samples are available and
the risk of overfitting is more pronounced. All splits are performed in a subject-independent manner
to strictly avoid data leakage. Table 4 and Table 5 report the multi-task classification results under
the 7:3 and 6:4 splits, respectively. As expected, reducing the proportion of training data leads to a
consistent performance degradation across all baseline methods and affective dimensions. This trend
is particularly evident for recurrent and convolutional baselines, which exhibit noticeable drops in
both accuracy and F1-score as the training data becomes more limited. Despite the increased difficulty,
our proposed model maintains a clear performance advantage under both settings. Under the 7:3 split,
our method achieves 91.7%, 90.6%, and 92.4% accuracy on valence, arousal, and liking, respectively,
consistently outperforming the strongest baselines by a clear margin. When the split is further reduced
to 6:4, the performance of all methods decreases more substantially; nevertheless, our framework
still attains 90.2% accuracy on valence, 88.9% on arousal, and 90.9% on liking, remaining the best-
performing approach across all three affective dimensions. Notably, compared with Transformer-based
and recurrent models, our method exhibits a slower performance degradation as the amount of training
data decreases. This observation indicates that the proposed Dynamic Token Feature Extractor (DTFE)
and the hierarchical cross-modal fusion strategy enable more data-efficient representation learning
by effectively capturing complementary temporal and frequency-domain cues across heterogeneous
physiological signals. Overall, these results demonstrate that the proposed framework is not only
effective under standard evaluation protocols, but also robust to reduced training data, highlighting
its strong generalization capability in realistic, data-constrained affective computing scenarios.

Table 4. Multi-task classification results on DEAP dataset (9-class setup) under a subject-wise 7:3 train—test split.

Model Valence Arousal Liking
Acc (%) F1(%) Prec(%) | Acc (%) F1(%) Prec(%) | Acc(%) F1(%) Prec (%)

LSTM [39] 84.3 85.8 84.6 83.2 85.4 84.1 82.1 84.7 83.0
BiLSTM [36] 85.6 82.4 83.7 82.0 83.1 84.0 83.0 82.6 81.5
GRU [40] 85.1 85.6 85.2 83.8 84.1 83.6 84.6 82.9 82.6
MLP [41] 84.7 84.9 84.2 83.1 83.8 83.2 84.0 82.4 82.0
1D-CNN [42] 82.9 83.5 82.7 82.6 82.4 81.9 83.8 82.7 81.9
XGBoost [37] 81.9 82.7 81.6 86.1 87.6 86.7 81.8 85.1 84.0
CNN-LSTM [38] 82.6 83.4 83.0 82.4 85.8 84.1 83.1 84.7 83.8
Transformer [35] 87.2 83.6 84.4 88.9 88.1 88.2 82.9 85.8 84.9
Ours (Multi-Task) 91.7 91.4 91.0 90.6 92.5 91.8 92.4 91.2 90.7

Table 5. Multi-task classification results on DEAP dataset (9-class setup) under a subject-wise 6:4 train-test split.

Model Valence Arousal Liking
Acc (%) F1(%) Prec(%) | Acc (%) F1(%) Prec(%) | Acc(%) F1(%) Prec (%)

LSTM [39] 82.6 84.1 82.9 81.4 83.2 82.0 80.3 82.8 81.2
BiLSTM [36] 83.8 80.9 82.1 80.6 81.7 82.5 81.5 81.1 80.1
GRU [40] 83.5 84.0 83.6 82.1 82.4 81.9 82.7 81.2 80.9
MLP [41] 83.0 83.2 82.5 81.6 82.3 81.7 82.0 80.6 80.3
1D-CNN [42] 81.2 81.8 81.1 80.9 80.7 80.2 82.1 81.0 80.2
XGBoost [37] 80.1 80.9 79.8 84.7 86.1 85.3 80.4 83.7 82.5
CNN-LSTM [38] 81.5 82.3 81.9 81.1 84.2 82.8 81.7 83.3 82.3
Transformer [35] 85.6 82.1 82.8 87.4 86.8 86.9 81.4 84.0 83.1
Ours (Multi-Task) 90.2 89.9 89.4 88.9 90.8 90.1 90.9 89.7 89.2
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4.6. Ablation Study on DTFE and Fusion Modules

To further assess the contribution of each key component, we conduct ablation experiments by
selectively removing the Dynamic Token Feature Extractor (DTFE) and the Cross-Modal Interaction
and Fusion module. As shown in Table 6, removing the DTFE modules (w/o DTFE) significantly
degrades performance across all metrics, with valence accuracy dropping from 92.8% to 88.5%. This
confirms the importance of DTFE’s token-based temporal-frequency modeling in capturing emotional
patterns. Similarly, disabling the Cross-Modal Fusion module (w/o Cross-Modal Fusion) leads to a
consistent drop in performance, particularly on the liking dimension (from 93.6% to 89.1%), suggesting
that cross-modal alignment is critical for modeling subjective preference responses. In both cases, our
full model consistently outperforms the ablated variants, validating the necessity of both DTFE and
hierarchical fusion for effective multi-modal emotion and preference recognition.

Table 6. Ablation study of DTFE and Cross-Modal Fusion on DEAP dataset.

. Valence Arousal Liking
Model Variant
Acc (%) F1(%) Prec(%) | Acc(%) F1(%) Prec(%) | Acc(%) F1(%) Prec (%)
w/o DTFE 88.5 87.3 86.8 87.1 85.9 85.5 88.0 86.2 85.4
w /o Cross-Modal Fusion 89.4 88.2 87.9 88.3 87.0 86.4 89.1 87.1 86.8
Ours (Full) 92.8 92.6 92.2 91.8 93.7 93.0 93.6 924 919

4.7. Ablation Study: Learnable vs. Fixed Loss Weights

To evaluate the effectiveness of our learnable loss weight mechanism, we compare the performance

of models trained with fixed weights A, = A, = A, = % and models trained with learnable weights
initialized to the same values and optimized jointly with the main network. Both settings share the
same architecture and training schedule, isolating the impact of dynamic loss weighting.
Analysis. As shown in Table 7, enabling the loss weights to be learnable significantly improves
classification performance across all three affective dimensions. Compared to fixed equal weights,
the dynamic weighting mechanism allows the model to adaptively prioritize more difficult or under-
performing tasks during training. This leads to more balanced optimization and consistent gains in
accuracy, Fl-score, and precision. We conclude that learnable task weights are essential for achieving
optimal performance in multi-task affective modeling.

Table 7. Comparison between fixed and learnable loss weights on DEAP dataset (9-class classification).

o, 0, P o,
Loss Weight Type Valence (%) Arousal (%) Liking (%)
Acc F1 Prec | Acc F1 Prec | Acc F1 Prec

Fixed Weights 903 89.7 889 | 89.1 894 887 | 895 888 88.0
Learnable Weights (Ours) | 92.8 92.6 922 | 91.8 93.7 93.0 | 93.6 924 919

5. Potential Applications

Beyond academic contributions, our proposed framework holds promising potential for real-
world applications in the fields of personalized healthcare, music-based therapy, and affective content
recommendation. By leveraging fine-grained physiological responses to musical stimuli, the system
can be deployed to support a variety of emotion-centered tasks:

e  Therapeutic Efficacy Monitoring: The framework can serve as a non-invasive tool for evaluating
emotional changes during music therapy sessions. By analyzing trends in predicted valence,
arousal, and liking scores over time, clinicians can quantitatively assess the therapeutic impact of
specific musical interventions for individuals with depression, anxiety, or cognitive disorders.

e  Adaptive Music Recommendation: The multi-modal emotional profiling capability of the system
can be integrated into intelligent music recommendation engines. Unlike traditional behavior-
based systems, our model enables real-time adaptation of musical content based on a listener’s
physiological feedback, facilitating mood enhancement and emotional regulation.
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e Biofeedback-Driven Interactive Systems: The proposed approach can be embedded into immer-
sive environments, such as virtual reality (VR) or meditation platforms, where users’ physiological
states are continuously monitored to personalize audio-visual content, adjust difficulty levels, or
enhance engagement.

¢ Clinical Decision Support: In therapeutic contexts, longitudinal data collected through our
system can contribute to clinical dashboards, enabling psychologists or music therapists to identify
emotional baselines, detect anomalies, and tailor interventions based on real-time physiological
patterns.

6. Conclusion

In this work, we presented a unified and symmetry-aware multi-modal framework for emo-
tion and preference recognition in the context of music therapy, leveraging a comprehensive set of
physiological signals including EEG, GSR, BVP, EMG, respiration, temperature, and EOG. Rather
than treating multimodal affective modeling as a purely data-driven fusion problem, the proposed
framework is explicitly grounded in structured representation learning, aiming to preserve intrinsic
regularities and invariances underlying physiological affective responses.

At the core of the framework lies the Dynamic Token Feature Extractor (DTFE), which provides a
principled mechanism to transform raw physiological time series into compact and discriminative
token embeddings. By explicitly decomposing representation learning into cross-series interaction
symmetry and intra-series temporal-spectral symmetry, DTFE enables structured and interpretable
feature extraction across heterogeneous signal modalities. This symmetry-preserving design distin-
guishes the proposed approach from conventional sequence encoders that implicitly entangle different
dependency structures.

By integrating DTFE outputs through a hierarchical cross-modal fusion mechanism, the proposed
system further achieves symmetry-consistent information integration across neural, autonomic, and at-
tentional modalities. The resulting unified representation supports simultaneous multi-task prediction
of emotional valence, arousal, liking, and quadrant-based affective indicators, effectively address-
ing long-standing challenges in affective computing, including modality heterogeneity, inter-subject
variability, and task interdependence.

Extensive experiments on the DEAP dataset demonstrate that the proposed method consistently
outperforms state-of-the-art approaches under both single-task and multi-task settings, achieving
superior accuracy, Fl-score, and precision across all affective dimensions. Comprehensive ablation
studies further confirm the necessity of each structural component, validating the complementary
roles of symmetry-aware feature decomposition, hierarchical fusion, and adaptive loss balancing
in robust multi-task affective learning. Beyond quantitative performance improvements, this work
highlights the broader value of token-based and symmetry-preserving physiological modeling as a
principled paradigm for structured affective representation learning. By aligning model design with
the inherent structure of physiological signals, the proposed framework improves generalization and
interpretability, offering a scalable and fully end-to-end solution for real-world affective applications.
These findings not only advance the methodological foundation of multi-modal affective computing,
but also pave the way for intelligent, feedback-driven music therapy systems, personalized affect-
aware applications, and broader human—computer interaction scenarios. Future work will explore
longitudinal affect modeling, real-time adaptive intervention strategies, and validation on larger and
more diverse clinical datasets to further investigate the role of symmetry-aware structured learning in
affective computing.
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