
MRF-CMFT: Mamba-Based Quality-Gated Multi-
View Fusion Framework for EEG–ECG Affect
Recognition on Low-Quality Data
Habiba Mostafa 

Medical Informatics and Neural-Dynamics (MIND) Lab
Nedaa M. Elsherbini 

Medical Informatics and Neural-Dynamics (MIND) Lab
Mervat Samy 

Mansoura University
Ahmed M. Anter 

Egypt-Japan University of Science and Technology

Research Article

Keywords:

Posted Date: November 12th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11411925/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11411925/v1
https://doi.org/10.21203/rs.3.rs-11411925/v1
https://doi.org/10.21203/rs.3.rs-11411925/v1
https://creativecommons.org/licenses/by/4.0/


MRF-CMFT: Mamba-Based Quality-Gated

Multi-View Fusion Framework for EEG–ECG Affect

Recognition on Low-Quality Data

Habiba Mostafad, Nedaa M.Elsherbinid, Mervat Samyd,b, Ahmed M.
Antera,c,d,∗

aEgypt-Japan University of Science and Technology (E-JUST), 21934, New Borg El-Arab
City, Alexandria, Egypt

bDepartment of Clinical Pharmacology, Faculty of Medicine, Mansoura
University, 35516, Mansoura, Egypt

cFaculty of Computers and Artificial Intelligence, Beni-Suef
University, 62511, Benisuef, Egypt

dMedical Informatics and Neural-Dynamics (MIND) Lab, Cairo, Egypt

Abstract

Physiological affect recognition is inherently a multimodal fusion problem,
yet its reliability is limited by noisy measurements, heterogeneous represen-
tations, and temporally varying signal quality. We propose Multi-view Rep-
resentation Fusion with Quality-aware Cross-Modal Feature Transformation
(MRF-CMFT), a quality-aware framework for EEG–ECG affect recognition.
Each modality is represented using three complementary views: short-time
Fourier transform power maps, Morlet wavelet scalograms, and compact
handcrafted feature representations. These views are encoded by convo-
lutional sequence encoders with a Mamba-based backbone and integrated
through adaptive quality-aware view fusion. Cross-modal attention captures
interactions between EEG and ECG, while a quality-aware modality gate
dynamically regulates their contributions according to estimated signal reli-
ability. A temporal Mamba aggregator then integrates consecutive windows
to produce trial-level predictions. The MRF-CMFT was evaluated on the
DREAMER and AMIGOS datasets using trial-grouped subject-dependent,
subject-independent, and leave-one-subject-out protocols to prevent informa-
tion leakage. On DREAMER, the framework achieves subject-independent
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AUC of 0.640, 0.534, and 0.581 for valence, arousal, and dominance, respec-
tively; the corresponding AMIGOS AUC are 0.496, 0.561, and 0.623. The
mean subject-dependent AUC is 0.614 on DREAMER and 0.616 on AMI-
GOS. Under the evaluated corruption conditions, the quality-aware fusion
mechanism exhibits graceful degradation, with dominance AUC on AMIGOS
remaining above 0.83 across all tested scenarios. These findings indicate that
explicitly modelling representation reliability and cross-modal complementar-
ity supports robust physiological affect recognition under subject variability
and degraded sensing conditions.

Keywords: Multimodal information fusion, Physiological emotion
recognition, EEG–ECG fusion, Quality-aware fusion, Mamba, Cross-modal
learning

1. Introduction

Affective computing seeks to enable machines to perceive and interpret
human emotional states [1, 2]. Physiological signals have emerged as promis-
ing sensing modalities for affect recognition, as they provide implicit mea-
surements of neural and autonomic responses that are less susceptible to de-
liberate behavioral masking than facial expressions, speech, or language [3].
Among these signals, electroencephalography (EEG) captures neural activity
with high temporal resolution, whereas electrocardiography (ECG) reflects
cardiovascular dynamics associated with autonomic regulation. Their com-
plementary physiological characteristics make joint EEG–ECG analysis par-
ticularly attractive for multimodal affect recognition. Public datasets such as
DEAP [4], DREAMER [5], and AMIGOS [6] have further supported progress
in this field by providing multimodal physiological recordings accompanied
by self-reported affective labels.

Despite substantial progress, reliable physiological affect recognition re-
mains challenging under realistic acquisition conditions [7, 8]. EEG and ECG
exhibit substantial inter-subject variability, non-stationarity, and heteroge-
neous temporal and spectral characteristics. In addition, signal quality may
vary throughout a recording because of electrode displacement, poor sensor
contact, motion artifacts, physiological interference, missing channels, and
unreliable measurements. These factors affect the modalities unevenly and
may change across analysis windows. Consequently, effective multimodal
recognition requires more than simply combining heterogeneous signals; it
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requires mechanisms that can determine which observations and representa-
tions provide reliable information at a given point in time.

Signal representation choice introduces a second information-fusion chal-
lenge. Handcrafted descriptors, including differential entropy, Hjorth param-
eters, spectral entropy, and relative band power, provide compact statisti-
cal and frequency-domain summaries of physiological activity. In contrast,
time–frequency representations such as short-time Fourier transform (STFT)
spectrograms and continuous wavelet transform (CWT) scalograms preserve
localized temporal-frequency structures that may be lost in summary statis-
tics. These representations therefore provide complementary views of the
same underlying physiological process. However, many existing approaches
rely on a limited set of representations or a single learned feature space,
which may restrict the diversity of information available to subsequent fu-
sion mechanisms.

Multimodal fusion strategies have consequently evolved from conventional
early feature-level and late decision-level fusion toward attention-based and
cross-modal architectures [9, 10]. Although these approaches can learn in-
teractions between heterogeneous sources, many rely on fixed or globally
learned modality contributions and have limited ability to respond to tran-
sient changes in signal reliability. In physiological sensing, this limitation may
allow artifact-corrupted observations to influence the fused representation
even when another modality provides cleaner information. Quality-aware
fusion addresses this limitation by conditioning the integration process on
estimated signal reliability, thereby attenuating unreliable observations and
emphasizing more informative views and modalities.

A further challenge concerns the efficient modeling of long-range depen-
dencies within physiological representations. Transformer architectures have
demonstrated strong sequence-modeling capabilities through self-attention
[11, 12]; however, their quadratic computational and memory complexity
with respect to sequence length can become restrictive when processing long
or high-resolution sequences. Structured state-space models provide an alter-
native sequence-modeling paradigm. In particular, Mamba introduces selec-
tive state-space dynamics that support efficient long-range sequence modeling
with linear scaling in sequence length [13, 14]. These properties make Mamba
a promising backbone for physiological representation sequences. Neverthe-
less, its integration with multi-representation and quality-aware EEG–ECG
fusion, particularly under degraded input conditions, remains insufficiently
investigated.
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In addition to architectural considerations, the reliability of reported
performance is an important methodological concern in physiological affect
recognition. Physiological trials are commonly segmented into multiple anal-
ysis windows, and neighboring windows may be highly correlated because
they originate from the same trial and share the same affective label. Ran-
dom window-level partitioning can consequently place closely related win-
dows from the same trial in both the training and testing sets. Under such a
protocol, a model may exploit trial-specific characteristics rather than learn
representations that generalize to unseen trials or subjects. This form of in-
formation leakage can substantially inflate performance and complicate com-
parisons across studies. Evaluation protocols that explicitly respect trial and
subject boundaries are therefore essential for obtaining reliable estimates of
generalization.

These issues are particularly important when assessing robustness to in-
complete or degraded physiological observations. Practical acquisition may
involve sensor noise, missing representations or modalities, temporal mis-
alignment, and other unreliable inputs. Multi-view learning has investigated
the fusion of noisy, incomplete, and heterogeneous views [15]; however, the
combined problem of representation diversity, modality reliability, efficient
temporal modeling, and leakage-controlled evaluation remains insufficiently
addressed in physiological affect recognition.

To address these interconnected challenges, we propose the Multi Repre-
sentation Frequency-aware Cross-Modal Fusion Transformer (MRF-CMFT),
a quality-aware multimodal framework for EEG–ECG affect recognition un-
der degraded sensing conditions. MRF-CMFT integrates three complemen-
tary representations for each physiological modality: handcrafted statistical
and spectral descriptors, log-STFT power maps, and Morlet CWT scalo-
grams. Each representation is processed by a convolutional feature extrac-
tor followed by a selective state-space sequence encoder based on Mamba.
The resulting representation-specific features are integrated through quality-
calibrated adaptive view fusion, while cross-modal attention captures inter-
actions between EEG and ECG. A quality-aware modality gate further reg-
ulates the contribution of each modality according to its estimated signal
quality. Finally, a temporal Mamba aggregator combines consecutive win-
dows to generate trial-level predictions.

To provide a rigorous assessment of the proposed framework, we eval-
uate it on the DREAMER and AMIGOS datasets using leakage-controlled
subject-independent (SI), trial-grouped subject-dependent (SD), and leave-
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one-subject-out (LOSO) protocols. Additionally, an exploratory random
window-level evaluation was performed to quantify the effect of trial-level
leakage on reported performance. Robustness is assessed under controlled
signal degradation, including noise, missing views, missing modalities, tem-
poral misalignment, and incomplete observations. Component-level ablations
are conducted to isolate the contributions of the proposed representations,
quality-aware view fusion, cross-modal attention, and modality gating.

The main contributions of this work are as follows:

• A multi-representation EEG–ECG fusion framework. MRF-
CMFT is proposed, which jointly exploits handcrafted, STFT, and
Morlet CWT representations of EEG and ECG using convolutional
encoders and a Mamba-based sequence-modeling backbone.

• Quality-aware multi-view and cross-modal fusion. Quality-calibrated
adaptive view fusion and a quality-aware modality gate are introduced
that dynamically regulate the contribution of representation views and
physiological modalities according to their estimated reliability.

• Robustness to degraded physiological inputs. The framework
is systematically evaluated under controlled corruption scenarios in-
volving noisy, missing, and temporally misaligned information to de-
termine whether quality-aware fusion promotes graceful degradation
rather than catastrophic performance loss.

• Leakage-controlled evaluation of physiological affect recogni-
tion. A unified evaluation protocol is established based on trial-grouped
subject-dependent, strict subject-independent, and LOSO evaluation,
while separately quantifying the performance inflation associated with
random window-level partitioning.

The remainder of this paper is organized as follows. Section 2 re-
views related research on EEG-based emotion recognition, multimodal
physiological fusion, state-space sequence modelling, and evaluation
protocols. Section 3 describes the proposed MRF-CMFT architecture,
multi-view representation, quality-aware fusion mechanism, and train-
ing strategy. Section 4 presents the datasets, evaluation protocols,
implementation details, baselines, and evaluation metrics. Section 5
reports the experimental results, including robustness, explainability,
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cross-dataset, and state-of-the-art comparisons. Finally, Section 6 sum-
marizes the findings, limitations, and directions for future work.

2. Related Work

2.1. EEG-Based Emotion Recognition

Electroencephalography (EEG) has been extensively investigated for emo-
tion recognition because affective states are reflected in neural activity across
multiple cortical regions and frequency bands. Early studies primarily relied
on handcrafted representations, including differential entropy (DE), power
spectral density (PSD), Hjorth parameters, and entropy-based descriptors.
These features characterize complementary spectral, statistical, and signal-
complexity properties and were commonly combined with conventional machine-
learning classifiers, including support vector machines and ensemble methods,
for affective-state discrimination [16, 17, 18, 3].

The emergence of deep learning shifted EEG emotion recognition toward
automatic representation learning. Deep belief networks and stacked autoen-
coder architectures were initially used to learn hierarchical representations
from EEG features, reducing reliance on manually designed classifiers. Con-
volutional neural networks (CNNs) subsequently demonstrated the ability to
learn spatial, spectral, and local temporal patterns from raw EEG signals,
frequency-domain features, and two-dimensional arrangements of channels
and frequency bands [19, 17, 20]. CNN-based approaches have also been
extended through randomized and ensemble designs to improve robustness
and predictive performance [21]. In addition, multi-scale temporal convolu-
tions and spatio-temporal feature-extraction strategies have been introduced
to represent affective EEG activity at different temporal resolutions [22].

Recurrent neural networks (RNNs) provide a complementary approach by
explicitly modeling temporal dependencies in EEG sequences. Long short-
term memory (LSTM) networks are particularly suitable for this purpose
because their recurrent state mechanism can preserve information over ex-
tended temporal intervals [23]. Hybrid CNN–LSTM architectures therefore
combine local spatial–spectral feature extraction with subsequent modeling
of temporal evolution. Such architectures have demonstrated the comple-
mentary roles of convolutional and recurrent processing in EEG emotion
recognition [18, 24].

Graph neural networks offer a different perspective by representing EEG
electrodes and their relationships explicitly. Dynamic graph convolutional
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neural networks (DGCNNs) learn graph structures in which electrode chan-
nels are treated as nodes and inter-channel relationships are optimized jointly
with the recognition task [25]. Subsequent studies have combined graph con-
volution with recurrent networks to capture both functional relationships
among electrodes and temporal dependencies in EEG sequences. Dynamic
graph construction and source-based graph representations have further been
explored to obtain more flexible descriptions of functional relationships be-
tween brain regions [26].

Attention mechanisms have enabled models to assign different importance
to EEG channels, frequency bands, or temporal segments. For example, at-
tention has been integrated with graph convolution to jointly learn spatial
electrode relationships and the relative relevance of channels and frequency
components [27]. Transformer architectures extend this principle by enabling
interactions between distant elements of a sequence through self-attention
[11]. Recent EEG models have incorporated spatial–temporal attention, hi-
erarchical brain-region representations, and graph-based token construction
to capture electrode-level and temporal dependencies simultaneously [28, 29].

These developments have also encouraged hybrid architectures that com-
bine graph convolution, recurrent processing, attention, and Transformer
mechanisms. Graph convolutional and LSTM networks jointly model inter-
channel relationships and temporal dynamics [30], while graph-attention
and Transformer-based designs incorporate electrode connectivity, frequency-
band importance, and temporal context within a common architecture [27].
Multi-scale spatio-temporal models provide an additional strategy for repre-
senting EEG activity at different temporal resolutions [31]. Collectively, these
approaches show that EEG emotion recognition increasingly relies on com-
plementary architectural components rather than a single feature-extraction
mechanism.

Time–frequency analysis provides a further means of exposing discrimi-
native EEG structure. Short-time Fourier transform (STFT) representations
preserve localized spectral information over time, whereas wavelet-based rep-
resentations provide multi-resolution analysis of transient and non-stationary
oscillatory activity. Deep-learning models have increasingly used spectro-
grams and related time–frequency representations as two-dimensional inputs
to CNNs and pretrained vision architectures, demonstrating the value of
frequency-dependent information for EEG classification [19]. Nevertheless,
much of the existing literature emphasizes one representation type or one
dominant architectural paradigm. This leaves open the question of how
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handcrafted descriptors, spectral features, and time–frequency views can be
coordinated within a unified representation-learning and fusion framework.

2.2. Multimodal Physiological Emotion Recognition

Multimodal physiological emotion recognition extends EEG-based anal-
ysis by combining central neural measurements with peripheral indicators of
autonomic activity. EEG reflects cortical processes, whereas electrocardiog-
raphy (ECG) and heart-rate variability (HRV) descriptors provide informa-
tion related to cardiovascular and autonomic regulation. Their joint use can
therefore capture affective responses that are not fully represented by either
modality alone. The broader motivation for combining neural and peripheral
measurements is consistent with established work in affective computing and
HRV analysis [1, 3, 32].

The DREAMER dataset, introduced by Katsigiannis and Ramzan [5],
provides synchronized EEG and ECG recordings from 23 participants ex-
posed to audiovisual emotional stimuli, together with self-assessed valence,
arousal, and dominance ratings. AMIGOS provides a complementary bench-
mark containing multiple physiological modalities and affective responses
collected under individual and group experimental conditions [6]. These
datasets have subsequently supported the development and comparison of
multimodal physiological affect-recognition systems under varied experimen-
tal settings.

Early multimodal methods commonly used feature-level or decision-level
fusion, combining modality-specific features before classification or modality-
specific predictions after separate processing. The distinction between early,
intermediate, and late fusion has been formalized in the broader multimodal
learning literature [9]. Although these strategies provide straightforward
baselines, they may not adequately represent the nonlinear dependencies
between heterogeneous physiological sources. Deep learning has therefore
increasingly been used to learn modality-specific representations and fusion
functions jointly.

Convolutional and recurrent architectures have been applied to learn com-
plementary representations from multimodal physiological signals. One rep-
resentative system combines a two-dimensional CNN for EEG with CNN- and
LSTM-based processing for ECG and GSR, and evaluates multimodal fusion
on DREAMER and AMIGOS. Its results demonstrate the potential benefit of
combining heterogeneous physiological sources over using individual modal-
ities alone [33]. End-to-end multimodal deep networks have likewise been
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proposed to learn complementary representations from physiological and be-
havioral modalities without relying exclusively on handcrafted fusion rules
[34].

Attention-based models provide a more flexible alternative by assigning
data-dependent importance to modality-specific features, temporal segments,
or cross-modal interactions. Recent multimodal physiological emotion-recognition
models have introduced intra-modality and inter-modality attention to pre-
serve modality-specific information while learning dependencies across sources.
Evaluations on datasets such as DEAP and DREAMER demonstrate the use-
fulness of attention-based multimodal fusion [35].

Cross-modal attention provides an explicit mechanism through which
the representation of one modality can condition the processing of another.
Rather than simply concatenating EEG and peripheral features, these models
learn intermediate interactions between heterogeneous physiological streams.
For example, low-rank tensor fusion combined with cross-modal attention
has been used to model interactions among EEG, EOG, EMG, and GSR
representations for subject-independent emotion recognition [36]. Graph-
based methods provide another complementary direction by modeling re-
lationships within each physiological source before cross-modal integration.
Recent EEG–ECG architectures have combined dynamic graph convolution,
LSTM-based temporal processing, and self-attention to learn EEG functional
connectivity and ECG features jointly [37].

More recent approaches have continued to combine CNNs, recurrent net-
works, and attention mechanisms for direct EEG–ECG analysis. For exam-
ple, an attention-enhanced CNN–GRU architecture jointly processes EEG
and ECG signals and learns time-domain, frequency-domain, and nonlinear
representations for valence, arousal, and dominance recognition [38]. These
studies demonstrate a progression from simple feature concatenation toward
architectures that jointly learn modality-specific features, temporal depen-
dencies, and cross-modal interactions.

A persistent limitation is that physiological modalities may differ in reli-
ability across windows and recording conditions. Motion artifacts, electrode
displacement, poor sensor contact, physiological noise, and missing measure-
ments can selectively degrade one modality while leaving another compara-
tively informative. Consequently, fusion functions learned without explicit
reliability information may assign inappropriate importance to corrupted ob-
servations. Recent models have addressed this issue indirectly through at-
tention, cross-modal weighting, or experiments involving modality-specific
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noise and missing information [35, 36]. However, explicit quality-aware fu-
sion of multiple representations within EEG–ECG affect recognition, particu-
larly under controlled missing, noisy, and degraded-input conditions, remains
comparatively underexplored.

2.3. Multi-View and Quality-Aware Fusion

Multi-view learning considers multiple representations of a shared under-
lying target and seeks to exploit their complementary information [39, 40].
In practical settings, however, individual views may be noisy, incomplete,
missing, or temporally misaligned. This distinction is important for physio-
logical sensing because different representations of the same signal may have
different reliability profiles under the same acquisition conditions.

Existing multi-view and multimodal methods have investigated view-
specific encoders, attention-based weighting, gating networks, modality dropout,
and incomplete-view learning to improve robustness to unreliable inputs
[39, 40, 41, 42]. Related problems arise in multimodal medical and physio-
logical data fusion, where heterogeneous measurements may contain missing
observations, modality-specific noise, or varying signal quality [41]. Recent
surveys further distinguish inter-modality missingness, in which an entire
modality is absent, from intra-modality degradation, in which a nominally
available view is present but corrupted [41, 43].

For physiological affect recognition, the views may include handcrafted
descriptors, STFT spectrograms, and continuous wavelet transform (CWT)
scalograms. Handcrafted descriptors provide compact statistical and spec-
tral summaries, whereas STFT and CWT representations preserve localized
temporal-frequency structure. Their combination can expose information
that is not available from an individual view. However, equal weighting is
not necessarily appropriate when one representation is strongly affected by
noise or acquisition artifacts.

Quality-aware, uncertainty-aware, and reliability-aware fusion methods
address this issue by incorporating information about input trustworthiness
into the integration process. Instead of assigning fixed importance to each
view or modality, these methods estimate quality or uncertainty and use it
to modulate fusion weights. Such strategies have recently been investigated
in multimodal medical imaging, clinical prediction, and outdoor health mon-
itoring, where quality scores or uncertainty estimates guide the combination
of heterogeneous measurements [44, 45, 43].
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Despite this progress, the explicit integration of quality-aware multi-view
fusion with EEG–ECG affect recognition under controlled low-quality con-
ditions remains comparatively limited. In particular, fewer studies jointly
consider representation diversity, modality complementarity, view-level reli-
ability, and temporal variation in signal quality. This unresolved combination
provides the specific information-fusion context for the framework developed
in this work.

2.4. State-Space Models for Physiological Sequence Modeling

Transformer architectures have become a dominant paradigm for sequence
modeling because self-attention enables direct interactions between distant
elements of a sequence [11]. However, standard self-attention has quadratic
computational and memory complexity with respect to sequence length. This
limitation is relevant when physiological signals are transformed into high-
resolution temporal or time–frequency representations and subsequently or-
ganized as long token sequences.

State-space models (SSMs) provide an alternative framework by repre-
senting temporal dependencies through latent state transitions. Early deep
SSM research investigated continuous-time state-space formulations in recur-
rent and convolutional architectures, establishing a foundation for efficient
long-range sequence modeling [46, 47]. The HiPPO framework introduced a
principled mechanism for retaining long-term information through structured
polynomial projections, while subsequent linear state-space layers demon-
strated how continuous-time dynamics could be incorporated into trainable
sequence models.

The Structured State Space sequence model (S4) advanced this direction
through a structured parameterization that supports efficient computation
while retaining long-range modeling capability [48]. S4 achieved strong per-
formance on long-range sequence benchmarks and showed that SSMs could
serve as competitive alternatives to recurrent and attention-based models
for sequences containing thousands of time steps. Subsequent work further
simplified and improved SSM architectures. In particular, S5 uses a single
multi-input, multi-output state-space model rather than multiple indepen-
dent SSMs while retaining efficient parallel sequence processing and long-
range modeling capability [49].

Mamba introduced selective state-space modeling, in which the parame-
ters governing state propagation depend on the input [13]. This mechanism
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enables input-dependent control over which information is propagated or re-
tained, offering an adaptive alternative to the fixed dynamics of earlier SSMs.
Mamba also incorporates hardware-aware algorithms for efficient sequence
processing, making it attractive for long-context applications.

The applicability of Mamba has since expanded beyond language and
general sequence modeling. Vision Mamba, for example, investigated bidi-
rectional state-space blocks as an alternative to self-attention for visual rep-
resentation learning and demonstrated the use of Mamba for high-resolution
image processing [50]. This broader adoption is relevant to physiological
time–frequency analysis because spectrograms and scalograms can likewise
be converted into sequences requiring efficient contextual modeling.

Mamba-2 further developed the connection between SSMs and attention
through the structured state-space duality framework [14]. This work iden-
tified close mathematical relationships between the two paradigms and in-
troduced an improved SSM formulation with higher computational efficiency.
Together, S4, S5, Mamba, and Mamba-2 illustrate the progression from struc-
tured long-range state modeling toward selective and efficient sequence ar-
chitectures.

These developments are relevant to physiological signal analysis because
EEG and ECG contain temporally dependent observations, while their time–
frequency representations may produce long sequences in which informative
patterns occur over multiple temporal scales. Physiological recordings may
also include transient artifacts and degraded segments. Selective state propa-
gation therefore offers a possible means of modeling long-range dependencies
while regulating the contribution of individual sequence elements.

Despite the rapid development of SSMs in language modeling, long-range
sequence benchmarks, and computer vision, their use in multimodal physio-
logical affect recognition remains comparatively underexplored. In particu-
lar, limited work has combined selective SSMs with heterogeneous multi-view
physiological representations and quality-aware cross-modal fusion. This gap
motivates examining Mamba as part of an integrated fusion architecture
rather than only as a direct replacement for a Transformer encoder.

Trial-grouped evaluation addresses within-trial dependence by keeping
all windows from a given trial in the same partition. Subject-independent
evaluation imposes a stronger constraint by separating participants across
training and testing, while leave-one-subject-out (LOSO) evaluation repeats
this process for each held-out participant. These protocols assess different
forms of generalization and should not be treated as interchangeable with a
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random window-level split.
Evaluation practices nevertheless remain heterogeneous across physiolog-

ical emotion-recognition studies. Reported results may be based on window-
level random splits, trial-grouped validation, subject-dependent evaluation,
or subject-independent protocols, which complicates direct comparison be-
tween models. In addition, the performance difference between leakage-
permitting and leakage-safe configurations is not always quantified using the
same dataset, architecture, and preprocessing pipeline.

Accordingly, the present study treats trial-grouped, subject-independent,
and LOSO protocols as the primary evaluation settings. A window-level
random split is used only as an exploratory methodological analysis to quan-
tify the effect of trial-level leakage. This separation prevents performance
obtained under correlated train–test sampling from being interpreted as ev-
idence of genuine generalization.

2.5. Research Gap

The literature shows substantial progress in EEG representation learn-
ing, multimodal physiological fusion, multi-view learning, reliability-aware
integration, and efficient sequence modeling. However, these strands have
generally developed in parallel. EEG studies have explored increasingly so-
phisticated spatial, temporal, graph, attention, and time–frequency represen-
tations; multimodal studies have focused on combining central and peripheral
physiological sources; multi-view studies have addressed complementary or
incomplete representations; and SSM research has focused on efficient long-
context sequence processing. Their combined use in a single physiological
affect-recognition framework remains limited.

In particular, an open gap concerns the joint integration of (i) heteroge-
neous EEG and ECG views, (ii) view- and modality-level reliability estima-
tion, (iii) cross-modal interaction modeling, (iv) efficient long-range tempo-
ral aggregation, and (v) evaluation protocols that prevent trial-level leakage.
The proposed MRF-CMFT framework is designed to address this combined
gap by bringing these components together and assessing them through abla-
tion, cross-dataset, controlled-degradation, and leakage-aware experiments.
The resulting analysis focuses not only on predictive performance but also
on how representation quality and evaluation design affect multimodal phys-
iological fusion.
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Figure 1: Overview of the proposed MRF-CMFT architecture.

3. Methodology

3.1. Proposed Framework and Problem Formulation

Figure 1 illustrates the overall architecture of the Multi-Representation
Fusion with Cross-Modal Mamba Transformer (MRF-CMFT) framework.
The proposed framework consists of five sequential stages: (1) signal prepro-
cessing, (2) multi-view representation generation, (3) modality-specific fea-
ture encoding, (4) quality-aware adaptive cross-modal fusion, and (5) trial-
level emotion classification.

First, synchronized EEG and ECG recordings are preprocessed to reduce
noise and physiological artifacts before being segmented into fixed-length
analysis windows. Each window is subsequently transformed into comple-
mentary feature representations, including handcrafted statistical descrip-
tors, Short-Time Fourier Transform (STFT) spectrograms, and Morlet Con-
tinuous Wavelet Transform (CWT) scalograms. These heterogeneous rep-
resentations are independently encoded through lightweight convolutional
feature extractors followed by Mamba-based sequence modeling networks to
capture both local spatial patterns and long-range temporal dependencies.
Finally, an AdaptiveViewSelector module dynamically estimates the relia-
bility of each modality and representation, producing a quality-aware fused
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representation that is used to predict the emotional state in terms of valence,
arousal, and dominance.

Compared with conventional multimodal fusion approaches that treat all
modalities equally, the proposed framework explicitly models the reliabil-
ity of physiological signals under realistic acquisition conditions. Through
quality-calibrated adaptive view fusion and a quality-aware modality gate,
MRF-CMFT dynamically regulates the contribution of each representation
and modality according to its estimated trustworthiness. As a result, the
framework maintains robust affect recognition performance even when EEG
or ECG signals are affected by noise, motion artifacts, missing segments, or
temporal misalignment.

3.1.1. Problem Formulation

Let

XEEG = {xEEG
1

, xEEG
2

, . . . , xEEG
T } (1)

and

XECG = {xECG
1

, xECG
2

, . . . , xECG
T } (2)

denote the synchronized EEG and ECG recordings corresponding to a
single emotional trial, where T represents the number of temporal samples.
The objective of the proposed framework is to learn a mapping

fθ : (X
EEG, XECG) → y, (3)

where θ denotes the learnable model parameters and

y = (yv, ya, yd) (4)

contains the binary labels for the three affective dimensions of valence,
arousal, and dominance, respectively.

Rather than processing an entire physiological recording directly, each
trial is partitioned into a sequence of fixed-length, optionally overlapping
analysis windows. Window-level feature representations are extracted in-
dependently from each modality and subsequently aggregated to produce
a single trial-level prediction. This hierarchical strategy enables the model
to exploit fine-grained temporal dynamics while ensuring that evaluation is
performed at the trial level.
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To prevent optimistic performance estimates arising from temporal leak-
age, all windows extracted from the same trial remain within the same par-
tition throughout training, validation, and testing. Consequently, no infor-
mation from a trial appears simultaneously in multiple data splits under the
primary evaluation protocols. An alternative window-level random split is
investigated separately for exploratory analysis and is explicitly reported as
a leakage-permitting protocol rather than a primary evaluation setting.

3.2. Data Preprocessing and Multi-View Representation

Reliable physiological emotion recognition requires careful preprocessing
to reduce recording artifacts while preserving affect-related information. Ac-
cordingly, EEG and ECG recordings undergo modality-specific preprocessing
before feature extraction.

3.2.1. EEG Preprocessing

Raw EEG recordings are first examined for invalid or non-finite sam-
ples, which are removed or replaced using standard interpolation procedures
where appropriate. Each channel is subsequently band-pass filtered to sup-
press low-frequency baseline drift and high-frequency noise while retaining
frequency components associated with cognitive and emotional processing.
Baseline correction is performed independently for every channel using the
pre-stimulus reference segment to compensate for subject-specific resting ac-
tivity.

Following the strategy adopted in previous DREAMER studies, only the
final 60s of each trial are retained. This emphasizes sustained affective ac-
tivity and reduces the influence of transient adaptation responses. Finally,
recordings are segmented into fixed-length windows for subsequent multi-
view representation learning.

3.2.2. ECG Preprocessing

The ECG pipeline consists of artifact removal, band-pass filtering, and
baseline correction. Following noise suppression, cardiac activity is char-
acterized through heartbeat detection and RR-interval estimation. From
the resulting heartbeat sequence, heart-rate (HR) and heart-rate variability
(HRV) descriptors are extracted. HR captures the overall cardiac response
to arousal, while HRV reflects autonomic nervous system (ANS) regulation.
By jointly exploiting central nervous system (CNS) responses from EEG and
autonomic responses from ECG, the framework captures complementary as-
pects of human emotional processing.
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3.2.3. Multi-View Representations

To exploit the complementary information contained in EEG and ECG
signals, each analysis window is transformed into three heterogeneous views:
(1) handcrafted statistical features, (2) short-time Fourier transform (STFT)
spectrograms, and (3) Morlet continuous wavelet transform (CWT) scalo-
grams. As illustrated in Fig. 2, these representations capture complemen-
tary characteristics of the same physiological window, combining compact
domain-specific descriptors with localized time–frequency information. Un-
like single-representation approaches, this multi-view strategy enables the
network to exploit handcrafted domain knowledge alongside automatically
derived time–frequency patterns.

3.2.4. Handcrafted Feature Representation

For EEG, three feature families are computed per channel and frequency
band:

• Differential Entropy (DE): Defined as

DE =
1

2
ln(2πeσ2), (5)

assuming a Gaussian signal distribution with variance σ2. Five band-
dynamics rows (differential-entropy bands referenced to the pre-stimulus
baseline) are formed.

• Hjorth Parameters: Activity, Mobility, and Complexity are com-
puted to characterize signal power, dominant frequency, and waveform
complexity.

• Spectral Entropy: Spectral entropy is used to quantify the irregu-
larity and complexity of the EEG power spectrum.

These descriptors are stacked into a compact 14-row feature map per
window (5 band-dynamics rows + 9 summary rows).

For ECG, a 5-dimensional HRV delta vector is extracted from the RR-
interval sequence: heart rate, HRV coefficient of variation, RMSSD, SDNN,
and pNN50 [32]. All descriptors are computed as stimulus minus baseline
and concatenated into a compact low-dimensional representation.
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Figure 2: EEG and ECG data overview.

3.2.5. Short-Time Fourier Transform Representation

To preserve the evolution of frequency over time, each window is trans-
formed into a log-STFT power map:

STFT (t, f) =
∞∑

n=−∞

x[n]w[n− t]e−j2πfn, (6)

where w(·) denotes a Hamming window. A 128-sample window with 96-
sample overlap is used for EEG and a 64-sample overlap for ECG. The result-
ing spectrogram provides a two-dimensional time–frequency representation
(frequency × time) in which intensity corresponds to log spectral power.

3.2.6. Morlet Continuous Wavelet Transform Representation

To capture transient emotional responses at different temporal scales,
each window is represented using a 12-scale Morlet continuous wavelet trans-
form (CWT):

W (a, b) =
1√
a

∫
∞

−∞

x(t)ψ∗

(
t− b

a

)
dt, (7)

where a and b denote the scale and translation parameters, respectively,
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and ψ(·) represents the complex Morlet mother wavelet. The frequency range
is set to 2–45 Hz for EEG and 0.8–40 Hz for ECG. The resulting scalogram is
resampled to 24 time bins, yielding a compact log-CWT representation with
adaptive time–frequency resolution.

STFT spectrograms and CWT scalograms are generated offline and cached
prior to training. This strategy reduces computational overhead during
model optimization by decoupling signal transformation from gradient-based
learning and ensures consistent representations across different evaluation
protocols.

3.3. MRF-CMFT Encoder Architecture

The MRF-CMFT employs a unified encoder architecture with indepen-
dent branches for each representation. Each branch uses a lightweight con-
volutional feature extractor followed by a Mamba-based sequence modeling
network.

3.3.1. CNN-Based Local Feature Extraction

For STFT and CWT images, the convolutional stem consists of stacked
layers incorporating batch normalization, ReLU activation, and spatial pool-
ing. Handcrafted features are projected into the same embedding dimen-
sion through a fully connected layer. Each representation is subsequently
reshaped into a token sequence

Z = {z1, z2, . . . , zN}, (8)

where N denotes the sequence length and zi ∈ Rd represents the i-th
token.

3.3.2. Mamba-Based Sequence Modeling

The proposed framework employs the Mamba selective state-space model
(SSM) as its primary sequence-modeling backbone. Given an input token
sequence Z, the Mamba encoder updates its internal hidden state according
to

ht = f(ht−1, zt), (9)

where ht denotes the hidden state at step t. The selective state-space
formulation enables efficient sequence processing with linear scaling with re-
spect to sequence length, in contrast to the quadratic complexity of standard
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self-attention. The final representation F is obtained through global average
pooling:

F =
1

N

N∑

i=1

hi. (10)

3.3.3. Unified Multi-View Encoding

Each modality m ∈ {EEG,ECG} produces a set of encoded representa-
tions:

Fm =
{
FHF
m , F STFT

m , FCWT
m

}
, (11)

where HF denotes the handcrafted-feature representation. Maintaining
independent branches preserves the distinct statistical and structural char-
acteristics of each representation before adaptive fusion.

3.4. Quality-Aware Adaptive Cross-Modal Fusion

The Quality-Aware Adaptive Cross-Modal Fusion (QACMF) module dy-
namically estimates modality reliability and adjusts the contribution of each
modality to the final prediction.

3.4.1. Signal Quality Estimation

For EEG, the quality representation qEEG ∈ Rdq is estimated from signal-
to-noise ratio (SNR), artifact intensity, and channel consistency. For ECG,
qECG ∈ Rdq is derived from RR-interval consistency and HRV stability. The
modality-specific quality representations are concatenated as

q = [qEEG; qECG]. (12)

3.4.2. Adaptive View Selection

An AdaptiveViewSelector learns attention coefficients conditioned on both
representation content and estimated signal quality. The quality representa-
tion is passed through a gating network:

g = σ(Wqq + bq), (13)

where σ(·) denotes the sigmoid activation function. The resulting gating
vector modulates each encoded representation through element-wise multi-
plication:
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F̃i = gi ⊙ Fi. (14)

Consequently, representations associated with higher estimated quality
receive stronger contributions, whereas artifact-corrupted inputs are attenu-
ated.

3.4.3. Cross-Modal Feature Fusion

The quality-weighted modality representations are integrated into a fused
representation:

Ffusion = αEEGF̃EEG + αECGF̃ECG, (15)

where the modality weights are obtained through

[αEEG, αECG] = Softmax(Wfq + bf ), (16)

such that

αEEG + αECG = 1. (17)

The resulting fused representation is subsequently passed to the final
classification head.

3.5. Objective Function and Training Strategy

Training follows a two-stage procedure designed to learn robust unimodal
representations before joint multimodal optimization.

3.5.1. Objective Function

The task is formulated as multi-task binary classification over the three
affective dimensions: valence (v), arousal (a), and dominance (d). The binary
cross-entropy (BCE) loss for an individual affective dimension is defined as

LBCE = − 1

N

N∑

i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)] , (18)

where N is the number of training samples, yi is the ground-truth binary
label, and ŷi is the predicted probability.

The overall training objective is obtained by averaging the losses across
the three affective dimensions:

L =
Lv + La + Ld

3
. (19)
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3.5.2. Two-Stage Training Strategy

The proposed framework is optimized in two stages:

• Stage I – Unimodal Pretraining: The EEG and ECG branches are
pretrained independently for 20 epochs to learn modality-specific, task-
relevant representations before multimodal interaction is introduced.

• Stage II – Joint Multimodal Fine-Tuning: The pretrained en-
coders are connected through the QACMF module. The pretrained
encoders remain frozen during the first five fusion warm-up epochs,
allowing the newly initialized fusion parameters to stabilize. The en-
coders are then unfrozen and the complete network is jointly optimized
for up to 40 epochs.

The complete training and inference procedure of the proposed MRF-CMFT
framework is summarized in Algorithm 1.

22



Algorithm 1: Training Procedure of the Proposed MRF-CMFT
Framework
Input: EEG recordings XEEG, ECG recordings XECG

Output: Trained MRF-CMFT model
1 Preprocess the EEG and ECG recordings
2 Segment each trial into fixed-length analysis windows
3 Generate handcrafted features, STFT spectrograms, and CWT

scalograms for each window
4 Compute modality-specific signal-quality metrics
5 Initialize the EEG encoder, ECG encoder, and AdaptiveViewSelector
6 for epoch = 1 to 20 do
7 Pretrain the EEG encoder

8 for epoch = 1 to 20 do
9 Pretrain the ECG encoder

10 Initialize the multimodal fusion stage using the pretrained encoders
11 Freeze the pretrained encoders
12 for epoch = 1 to 5 do
13 Train the AdaptiveViewSelector and fusion layers

14 Unfreeze all network parameters
15 for epoch = 1 to 40 do
16 Train the complete MRF-CMFT framework using AMP
17 Update the EMA model weights
18 Adjust the learning rate using cosine annealing with warm-up
19 Evaluate on the validation set
20 if Validation Macro-F1 improves then
21 Save the best model checkpoint

22 if Early stopping criterion is satisfied then
23 break

24 return Trained MRF-CMFT model
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4. Experimental Setup

4.1. Datasets

The MRF-CMFT framework was evaluated on two benchmark datasets:
DREAMER and AMIGOS. These datasets were selected to assess multi-
modal performance across varying recording qualities and participant scales.

• DREAMER: The DREAMER dataset includes 23 participants ex-
posed to 18 audiovisual stimuli. EEG recordings consist of 14 chan-
nels sampled at 128 Hz, accompanied by ECG recordings sampled at
the same frequency. Following the preprocessing strategy described in
Section 3, only the final 60 seconds of each trial were retained. The
self-reported valence, arousal, and dominance ratings were binarized
using the midpoint of the original 1–5 rating scale.

• AMIGOS: The AMIGOS dataset comprises 40 participants and pro-
vides a more challenging multimodal physiological benchmark. Com-
pared with DREAMER, the recordings exhibited a higher prevalence
of non-finite EEG samples and other signal-quality issues, requiring
additional sanitization before feature extraction. The same represen-
tation and evaluation pipeline was subsequently applied to maintain
methodological consistency across datasets.

Preprocessing discipline. All filtering, baseline correction, and window
normalization are trial-local feature and metadata scalers are fitted on train-
ing indices only no statistic from held-out subjects is used at any point.
The pipeline follows the conventions of standardized EEG preprocessing [51]
adapted to the trial structure of DREAMER and AMIGOS.

4.2. Evaluation Protocols

To reduce overly optimistic performance estimates caused by temporal
correlation between analysis windows, three leakage-safe evaluation protocols
were employed. All protocols are subject- or trial-disjoint by construction.

1. Subject-Dependent (SD): A K-fold trial-grouped cross-validation
protocol was employed (10 folds for DREAMER, 5 folds for AMIGOS).
Complete trials were assigned to individual folds grouped by (subject,

trial), ensuring that windows originating from the same trial could
not appear simultaneously in the training and test partitions. The

24



same subject may appear in both training and test folds, which is the
intended within-subject regime.

2. Subject-Independent (SI): Approximately 20% of subjects were
held out exclusively for testing, with 2–4 subjects used for validation
and the remainder for training. Five random seeds (42, 52, 62, 72,
and 82) were used. Assertions enforce pairwise subject-disjointness be-
tween training, validation, and test partitions, providing an evaluation
of generalization to previously unseen subjects.

3. Leave-One-Subject-Out (LOSO): Each participant was iteratively
withheld as the test subject, with a dedicated validation subject ex-
cluded from training. This protocol provides a stringent assessment of
cross-subject generalization and enables the characterization of subject-
level performance variability.

In addition to the primary evaluation protocols, an exploratory window-
level random split was performed to quantify the effect of trial-level infor-
mation leakage. In this setting, individual analysis windows were randomly
shuffled and partitioned without enforcing trial boundaries. Consequently,
highly correlated windows originating from the same trial could appear in
both training and test partitions. This protocol is not considered a valid mea-
sure of generalization and is therefore reported separately from the leakage-
safe results.

4.3. Implementation Details

All models were implemented using PyTorch and trained on a single
NVIDIA Tesla T4 GPU. The training procedure followed the two-stage strat-
egy described in Section 3, consisting of 20 epochs of independent unimodal
pretraining followed by up to 40 epochs of joint multimodal fine-tuning.

The AdamW optimizer was employed for parameter optimization. During
the fusion stage, a reduced learning rate of 6 × 10−5 was applied to the
pretrained encoders, while newly initialized fusion parameters were optimized
using a higher learning rate. A cosine annealing learning-rate schedule with
linear warm-up was employed to improve optimization stability.

Automatic Mixed Precision (AMP) was used to reduce computational
overhead, while an Exponential Moving Average (EMA) of the model pa-
rameters was maintained to improve training stability. Early stopping was
performed using validation Macro-F1 with a patience of five epochs.
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For reproducibility, subject-independent experiments were repeated using
five random seeds: 42, 52, 62, 72, and 82. All normalization statistics were
computed exclusively from the corresponding training partition within each
evaluation fold to prevent information leakage.

4.4. Evaluation Metrics

Performance was evaluated using per-task accuracy, balanced accuracy,
precision, recall, F1-score, Macro-F1, and the area under the receiver oper-
ating characteristic curve (AUC).

Macro-F1 is computed across the three affective dimensions—valence,
arousal, and dominance—and is used as the primary aggregate classification
metric. For each evaluation fold, decision thresholds are selected using the
corresponding validation partition. Aggregate results are reported as mean
± standard deviation where repeated folds or subjects are available.

5. Results and Discussion

This section presents a comprehensive evaluation of the proposed MRF-
CMFT framework on the DREAMER and AMIGOS datasets. The eval-
uation examines predictive performance under leakage-controlled subject-
dependent, subject-independent, and leave-one-subject-out protocols, fol-
lowed by robustness analysis under controlled signal degradations. the results
are compared with representative state-of-the-art methods under comparable
evaluation settings.

5.1. Main Results on DREAMER

Table 1 and Fig. 3 summarize the trial-level performance of MRF-CMFT
on the DREAMER dataset under the three leakage-safe evaluation protocols.
Overall, the model achieves predictive performance above chance for most
protocol–label combinations, although absolute scores remain moderate and
substantially lower than those obtained under leakage-permitting window-
level evaluation.

Under the subject-dependent (SD) trial-grouped 10-fold protocol, the
model obtains an overall mean AUC of 0.614, with all three affective dimen-
sions performing near or above 0.60 (valence 0.600, arousal 0.614, dominance
0.628). The corresponding Macro-F1 scores are 0.554, 0.587, and 0.567, re-
spectively. These results indicate that, when subject identity is allowed to
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overlap between training and test folds, the physiological signals contain us-
able affective information, although the three dimensions are not equally
predictable.

Performance becomes more challenging under the stricter subject-independent
(SI) protocol (five random seeds). Mean AUCs are 0.640 / 0.534 / 0.581 for
valence / arousal / dominance. Valence is the most stable task (SD = 0.036),
while arousal exhibits the highest variability (SD = 0.076). The correspond-
ing Macro-F1 scores drop to 0.595, 0.479, and 0.510. This degradation rela-
tive to the SD setting highlights the difficulty of generalizing to completely
unseen subjects.

The most stringent evaluation is provided by leave-one-subject-out
(LOSO) cross-validation. Overall mean AUC falls to 0.573, with substan-
tial inter-subject dispersion (valence 0.629±0.153, arousal 0.499±0.168, dom-
inance 0.590±0.208). Medians (0.613 / 0.507 / 0.625) are higher than the
means for valence and dominance, indicating that a small number of par-
ticularly difficult held-out subjects pull the averages downward. Macro-F1
values under LOSO are 0.528, 0.443, and 0.472. The large standard devi-
ations across subjects confirm that cross-subject generalization remains a
major challenge in physiological emotion recognition.

Taken together, the results show a clear performance hierarchy (SD >

SI > LOSO) and reveal that valence is generally the most robust dimension
under subject-independent conditions, while arousal is the most sensitive to
inter-subject variability.
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Table 1: Trial-level results of MRF-CMFT on DREAMER (23 subjects, 414 trials). Values
are mean ± SD across SI seeds (5), SD folds (10), and LOSO folds (23) for LOSO, medians
are shown in parentheses.

Protocol Metric Valence Arousal Dominance Overall

SI (5 seeds)

Accuracy 0.604 ± 0.030 0.507 ± 0.069 0.531 ± 0.038 0.547
Balanced acc. 0.614 ± 0.021 0.491 ± 0.050 0.532 ± 0.050 0.546
Macro-F1 0.595 ± 0.025 0.479 ± 0.052 0.510 ± 0.038 0.528
AUC 0.640 ± 0.036 0.534 ± 0.076 0.581 ± 0.057 0.585

SD trial-grouped

Accuracy 0.568 ± 0.095 0.601 ± 0.042 0.582 ± 0.097 0.584
Balanced acc. 0.573 ± 0.096 0.594 ± 0.042 0.589 ± 0.083 0.585
Macro-F1 0.554 ± 0.097 0.587 ± 0.044 0.567 ± 0.104 0.569
AUC 0.600 ± 0.119 0.614 ± 0.061 0.628 ± 0.078 0.614

LOSO (23 folds)

Accuracy 0.614 ± 0.161 0.522 ± 0.140 0.544 ± 0.158 0.560
Balanced acc. 0.570 ± 0.144 0.503 ± 0.119 0.533 ± 0.139 0.535
Macro-F1 0.528 ± 0.173 0.443 ± 0.134 0.472 ± 0.163 0.481
AUC 0.629 ± 0.153 0.499 ± 0.168 0.590 ± 0.208 0.573

Figure 3: Trial-level AUC (mean ± SD) of MRF-CMFT under the three leakage-controlled
protocols, per task, on (a) DREAMER and (b) AMIGOS. SI: five-seed subject-independent
SD: subject-dependent trial-grouped CV (10 folds DREAMER, 5 folds AMIGOS) LOSO:
leave-one-subject-out.
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5.2. Main Results on AMIGOS

Table 2 reports the performance of the same MRF-CMFT pipeline on the
15-subject AMIGOS mirror (288 trials). Overall, results are substantially
lower and more variable than those observed on DREAMER, reflecting both
the smaller sample size and the higher prevalence of signal-quality issues in
this subset.

Under the subject-independent (SI) protocol, mean AUCs are 0.496
/ 0.561 / 0.623 for valence / arousal / dominance. Dominance is clearly
the strongest dimension across all protocols, while valence remains close to
chance level under both SI and SD settings. Arousal again exhibits the largest
seed-to-seed variability (SI AUC ranging from 0.301 to 0.677).

In the subject-dependent (SD) 5-fold trial-grouped evaluation, dom-
inance reaches a mean AUC of 0.718±0.071, confirming that it is the most
reliably detectable affective dimension when subject identity can overlap be-
tween folds. Valence continues to perform near chance.

The most challenging setting is leave-one-subject-out (LOSO). The
overall mean AUC drops to approximately 0.501 (i.e., near chance on aver-
age). Individual subject-level AUCs range widely from 0.19 to 0.95 depending
on the task, indicating extreme inter-subject heterogeneity. This high vari-
ability is consistent with the known recording-quality problems of several
participants (particularly subjects 22–24) and with the limited number of
subjects available in the AMIGOS mirror.

Collectively, the AMIGOS results highlight two important points: (1)
dominance is the most robust affective dimension across protocols, and (2)
cross-subject generalization remains extremely difficult on this smaller and
noisier dataset.
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Table 2: Trial-level results of MRF-CMFT on the AMIGOS mirror (15 subjects, 288
trials). Values are mean ± SD across SI seeds (5), SD folds (5), and LOSO folds (15) for
LOSO, medians are shown in parentheses.

Protocol Metric Valence Arousal Dominance Overall

SI (5 seeds)

Accuracy 0.485 ± 0.050 0.554 ± 0.161 0.616 ± 0.106 0.552
Balanced acc. 0.489 ± 0.056 0.579 ± 0.058 0.598 ± 0.108 0.556
Macro-F1 0.439 ± 0.056 0.510 ± 0.159 0.585 ± 0.112 0.512
AUC 0.496 ± 0.049 0.561 ± 0.149 0.623 ± 0.123 0.560

SD trial-grouped

Accuracy 0.483 ± 0.042 0.615 ± 0.068 0.698 ± 0.119 0.598
Balanced acc. 0.471 ± 0.046 0.622 ± 0.062 0.670 ± 0.097 0.588
Macro-F1 0.457 ± 0.045 0.600 ± 0.072 0.674 ± 0.108 0.577
AUC 0.484 ± 0.077 0.646 ± 0.051 0.718 ± 0.071 0.616

LOSO (15 folds)

Accuracy 0.498 ± 0.114 0.456 ± 0.160 0.518 ± 0.160 0.490
Balanced acc. 0.488 ± 0.093 0.479 ± 0.119 0.481 ± 0.073 0.482
Macro-F1 0.418 ± 0.115 0.387 ± 0.139 0.399 ± 0.113 0.401
AUC 0.474 ± 0.151 0.532 ± 0.170 0.496 ± 0.124 0.501

5.3. Robustness to Low-Quality Data

Fig. 4 and Fig. 5, together with Tables 3–4, present the controlled low-
quality robustness evaluation of MRF-CMFT on DREAMER and AMIGOS.
The analysis includes clean inputs and seven controlled degradation condi-
tions, covering modality-specific noise, simultaneous noise, missing modali-
ties, temporal misalignment, and severe corruption. For each scenario, ac-
curacy, balanced accuracy, Macro-F1, and AUC are reported at the trial
level. Considering these metrics together provides complementary informa-
tion about both discrete classification behavior and ranking quality.

On DREAMER, MRF-CMFT demonstrates a clear degree of robustness
across the evaluated corruption conditions, although the effect of degradation
depends on the affective dimension and the corrupted input. The most pro-
nounced deterioration occurs when the EEG modality is missing, particularly
for valence, followed by smaller degradations for arousal and dominance. By
comparison, ECG noise, missing ECG, and temporal misalignment produce
comparatively limited changes in the reported metrics. The consistency of
the four metrics across scenarios indicates that the observed robustness is
not confined to AUC; it is also reflected in final classification performance,
as measured by accuracy, balanced accuracy, and Macro-F1 (Fig. 5).
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The AMIGOS evaluation reveals a different task-dependent robustness
profile (Fig. 4). MRF-CMFT maintains relatively stable performance across
most corruption scenarios, with dominance exhibiting the strongest and most
consistent behavior among the three affective dimensions. In particular, the
dominance AUC remains above 0.83 across the evaluated scenarios, while
the corresponding accuracy, balanced accuracy, and Macro-F1 values show
substantially less variation than those of the weaker affective dimensions.
Valence remains comparatively difficult, whereas arousal is more sensitive to
EEG degradation. This pattern is consistent with the dataset-level variability
observed in the subject-independent evaluation.

The different robustness profiles of DREAMER and AMIGOS demon-
strate that low-quality degradation does not affect all datasets or affective di-
mensions uniformly. The stronger sensitivity to missing EEG on DREAMER,
in particular, suggests that the contribution of a modality depends on both
dataset characteristics and task-specific signal content. These results also
indicate why a single global fusion rule may be inadequate for heteroge-
neous physiological recordings. Instead, the quality-aware gates dynamically
modulate the contribution of individual views and modalities according to
their estimated signal quality. Together with corruption-aware training, this
mechanism allows degraded inputs to be down-weighted while informative
modalities and views remain available for prediction.

Overall, the results support the intended role of MRF-CMFT as a quality-
aware fusion framework rather than merely a clean-data classifier. The
scenario-level analysis, combined with four complementary evaluation met-
rics, shows that the framework can preserve useful predictive information
across a range of controlled low-quality conditions. At the same time, the
observed task- and dataset-specific failure modes identify limitations that re-
main relevant for practical deployment and motivate further investigation of
naturally occurring artifacts, missing inputs, and cross-dataset robustness.
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Table 3: DREAMER robustness: MRF-CMFT trial-level AUC per scenario (SI, seed 42).
The largest clean-to-scenario drop per task is bold.

Scenario Valence Arousal Dominance

Clean 0.622 0.658 0.651
EEG noisy 0.595 0.640 0.641
ECG noisy 0.628 0.674 0.657
Missing EEG 0.503 0.568 0.576
Missing ECG 0.622 0.662 0.628
Both noisy 0.611 0.644 0.640
Misaligned 0.623 0.658 0.655
Corrupted 0.597 0.655 0.661

Table 4: AMIGOS robustness: MRF-CMFT trial-level AUC per scenario (SI, seed 42; test
subjects 15, 22, and 24). Dominance remains above 0.83 under all eight scenarios.

Scenario Valence Arousal Dominance

Clean 0.539 0.660 0.858
EEG noisy 0.540 0.605 0.863
ECG noisy 0.539 0.668 0.855
Missing EEG 0.554 0.668 0.848
Missing ECG 0.558 0.659 0.832
Both noisy 0.569 0.612 0.858
Misaligned 0.537 0.658 0.858
Corrupted 0.527 0.633 0.855
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Figure 4: Low-quality robustness evaluation of MRF-CMFT on AMIGOS. Trial-level ac-
curacy, balanced accuracy, macro-F1, and AUC are shown for clean inputs and the seven
controlled corruption conditions across valence, arousal, and dominance.
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Figure 5: Low-quality robustness evaluation of MRF-CMFT on DREAMER. Trial-level
accuracy, balanced accuracy, macro-F1, and AUC are shown for clean inputs and the seven
controlled corruption conditions across valence, arousal, and dominance.

5.4. The Evaluation-Protocol effect

Fig. 6 contrasts the valid trial-level results with an exploratory random
window-level split included solely to reproduce the high numbers that ap-
pear in the literature. When windows of the same trial are allowed in
both training and test, window-level AUC reaches 0.987–0.995 with the same
DREAMER data, representations, and preprocessing, whereas the leakage-
controlled trial-level protocols yield 0.51–0.64—an inflation of roughly 0.35–
0.49 AUC driven by near-duplicate windows of the same trial appearing in
both training and test. This exploratory split is intentionally separate from
the valid protocol suite and must never be interpreted as generalization per-
formance it quantifies the inflation that motivates our strict protocol design.
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Figure 6: Valid trial-level AUC of MRF-CMFT on DREAMER (SI five-seed, SD trial-
grouped 10-fold, LOSO 23-fold) versus an exploratory random window-level split of the
same data (leaky by design, included only to reproduce an exploratory window-level split
representative of commonly used evaluation practices). Random-window evaluation in-
flates AUC to ≈0.99 versus 0.51–0.64 under leakage-controlled protocols.

5.5. Comparison with State-of-the-Art

Table 5 compares MRF-CMFT with representative subject-independent
methods on the DREAMER dataset. To ensure a fair comparison, only meth-
ods evaluated under leave-one-subject-out (LOSO) or equivalent subject-
independent protocols are considered. The comparison focuses exclusively
on valence classification accuracy.

Table 5: Valence accuracy comparison between MRF-CMFT and representative subject-
independent methods on the DREAMER dataset. Bold indicates the best accuracy among
the reported methods.

Study / Method Protocol Valence Accuracy (%) Ours Gain (pp)

SVM [5] LOSO 56.57 +4.83
DBN [17] LOSO 56.43 +4.97
DGCNN [25] LOSO 59.64 +1.76
FCN-LA [52] LOSO 60.63 +0.77
JDA-NN [53] LOSO 60.55 +0.85
IIR-formulated SNN [54] LOSO 54.03 +7.37
NeuroSense [55] LOSO 52.90 +8.50
BiDANN [56] LOSO 59.98 +1.42
RGNN [57] LOSO 54.68 +6.72

MRF-CMFT (Proposed) LOSO 61.40 –

The proposed MRF-CMFT achieves a valence accuracy of 61.40% under
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LOSO evaluation, outperforming all selected subject-independent baselines
included in the comparison. The improvement ranges from 0.77 percentage
points over FCN-LA to 8.50 percentage points over NeuroSense. These re-
sults demonstrate that MRF-CMFT provides competitive valence recognition
under a strict subject-independent evaluation protocol. “ ‘

5.6. Limitations

Several limitations should be considered when interpreting the results.
First, as shown in Table 2, the AMIGOS experiments used a 15-subject
mirror of the full 40-subject release. Consequently, the reported values are
subset-specific and are not directly comparable with results obtained from the
complete AMIGOS dataset. The approximately chance-level mean observed
under AMIGOS LOSO evaluation may reflect both the limited size of the
mirror and the extensive handling of non-finite data for participants 22–24;
it should therefore not be generalized to the full release. Because the held-
out splits are small, subject-level dispersion is used as the primary estimate
of uncertainty. Paired statistical tests are not treated as the principal basis
for inference because they would be underpowered in this setting.

Second, some robustness experiments injected noise without a fixed ran-
dom seed. These results should therefore be interpreted as controlled robust-
ness observations rather than averaged estimates of noise-related variability.
Future studies should repeat each scenario across multiple noise seeds and
report mean performance with confidence intervals.

Third, the component ablations of cross-attention, gating, quality estima-
tion, and individual modalities used a reduced training budget. They conse-
quently do not provide definitive evidence of the independent contribution of
each component. Matched full-budget ablations with identical optimization
settings are needed for more reliable attribution of performance gains. In
addition, the gradient-based explanations generated using Grad-CAM and
Integrated Gradients were not fully validated quantitatively. Future work
should evaluate explanation faithfulness, stability, and relevance using quan-
titative measures.

Finally, the binarization thresholds differ because the self-report scales of
the two datasets are different: values greater than 3.0 are used for DREAMER,
whereas values greater than 5.0 are used for AMIGOS. These thresholds are
reported explicitly to support reproducibility and to prevent direct compar-
ison of label distributions without accounting for the underlying annotation
scales.
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6. Conclusion and Future Work

This study proposed MRF-CMFT, a quality-aware multimodal frame-
work for EEG-ECG emotion recognition that integrates complementary hand-
crafted and time-frequency representations through CNN-Mamba encoders
and adaptive cross-modal fusion. Experiments on DREAMER and AMIGOS
demonstrate the potential of combining neural and autonomic physiologi-
cal information while highlighting substantial inter-subject variability under
strict cross-subject evaluation. Importantly, the controlled leakage analysis
revealed that window-level random splitting can produce substantial and mis-
leading performance inflation, emphasizing the necessity of trial- and subject-
aware evaluation protocols. The results further support quality-aware fusion
as a promising strategy for improving the robustness of multimodal physiolog-
ical recognition under degraded signal conditions. Future work will focus on
stronger subject-independent representation learning, uncertainty-aware fu-
sion, and evaluation on larger and naturally degraded physiological datasets.
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