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Abstract: Multimodal emotion recognition can benefit from combining complementary information from facial images,
speech, and text. However, integrating heterogeneous modalities obtained from independently collected datasets
introduces challenges in data alignment and label consistency. This study presents a hybrid quantum—classical framework
that combines modality-specific classical encoders with a quantum re-uploading variational classifier for six-class
emotion recognition. Facial images, speech samples, and textual samples were obtained from separate publicly available
datasets and aligned at the emotion-label level to construct a unified multimodal experimental setting. Image, speech,
and text encoders generated modality-specific representations that were fused through a classical neural network and
projected into a six-dimensional quantum input space. A six-qubit quantum circuit with three re-uploading layers
repeatedly encoded the fused features before six-class classification. On a test set of 6,347 samples, the classical Image—
Speech—Text fusion model achieved 73.94% accuracy and a 70.64% macro F1-score, whereas the proposed quantum re-
uploading model achieved 72.57% accuracy and a 68.76% macro Fl-score. The quantum model used 8,706 trainable
parameters compared with 15,440,006 for the classical multimodal model, representing a 99.94% reduction in trainable
parameters. The results indicate that quantum re-uploading can provide competitive performance for multimodal emotion
recognition while highlighting the limitations of label-level alignment across independently collected datasets.
Keywords: Quantum Machine Learning; Multimodal Emotion Recognition; Quantum Re-Uploading; Affective
Computing; Hybrid Quantum-Classical Models
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1. Introduction

Emotions of human beings are at the center of thinking,
making choices, communication and interaction with
others. Emotional state recognition and interpretation
have thus found application as a core requirement to
many intelligent systems, such as human-computer
interaction  systems, affect-aware recommender
systems, virtual assistants, and mental health
monitoring systems [1]. Emotion recognition is used to
approximate the difference between the affective
behavior of a human being and that of a machine by
modeling the expression and perception of emotions
using observable cues.

1.1 Evolution from Unimodal to Multimodal
Approaches

The initial studies of emotion recognition have mainly
been based on unimodal data sources like facial
expression, speech, or physiological datum [2].
Although the unimodal methods showed good
performance in the controlled environment, their
effectiveness deteriorated in the actual environment
because of noise, ambiguity and inter-subject
differences [3]. Human emotions are complex,
situation-dependent, and ambiguous and one modality
is usually not sufficient to represent the entire range of
affective information [4].

As a solution to these shortcomings, multimodal
emotion recognition has become a mainstream line of
research [5, 6]. Multimodal systems exploit
complementary information across heterogeneous data
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sources, including speech, text, and facial images [7—
9]. In this study, these three modalities are considered
because they provide complementary acoustic,
semantic, and visual information while allowing a
unified six-class experimental setting through label-
level alignment of samples obtained from separate
datasets. Speech provides prosodic and acoustic
information, text provides semantic and contextual
information, and facial expressions provide visible
affective cues [10, 11]. The combination of these
modalities can provide more comprehensive affective
information than individual modalities alone [4, 12,
13]. This complementary nature motivates the use of
multimodal feature fusion as the classical foundation of
the framework developed in this study.

1.2 Deep Learning Paradigms in Emotion
Recognition

The recent developments in deep learning have greatly
enhanced the evolution in relation to multimodal
emotion recognition. Convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and
transformer-based models have been demonstrated
very popular in learning  modality-specific
representations and feature-level/ decision-level fusion
[7, 9, 14]. The fusion strategies that have been studied
extensively to integrate information across modalities
are multimodal fusion strategies which include early
fusion, late fusion and hybrid fusion [5, 13]. More
recent systems utilize the mechanisms of attention, and
large multimodal language models as dynamic ways of
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modeling cross-modal interactions [11, 14—16]. Recent
attention-based and  graph-based architectures
demonstrate that effective multimodal emotion
recognition depends on learning interactions between
modality-specific representations rather than simply
concatenating independent features [11, 16]. These
developments motivate the use of modality-specific
encoders followed by feature fusion in the present
framework, while avoiding the computational
complexity of fully transformer-based multimodal
architectures. Although effective, classical deep
learning models can require substantial computational
resources and large labelled datasets, particularly as
multimodal architectures become increasingly complex
[6, 13, 17]. These limitations motivate investigating
alternative computational paradigms that can retain the
benefits of learned multimodal representations while
introducing more compact trainable components.
Quantum machine learning provides one such
direction.

1.3 Quantum Machine Learning: A Paradigm Shift
Simultaneously with classical machine learning,
quantum computing has become a potential paradigm
to solve complex learning problems [14, 15]. Quantum
machine learning (QML) studies the combination of
quantum computing concepts and machine learning
algorithms to use quantum phenomena including
superposition and entanglement to improve the
capacity to represent [16, 17]. The use of hybrid
quantum-classical models has been of especial interest
to near-term noisy intermediate-scale quantum (NISQ)
devices [18, 19].

The core of several QML methods consists of
variational quantum circuits (VQCs), and they can be
optimized using classical methods [14, 16]. Several
studies have explored quantum learning for emotion-
related tasks, including speech emotion recognition,
EEG-based emotion detection, facial emotion
recognition, and multimodal learning [1-3, 19-21].
Collectively, these studies indicate that quantum
models can be integrated with classical feature
extraction and fusion pipelines, making hybrid
quantum—classical learning particularly relevant for
heterogeneous emotion data. However, much of the
existing work focuses on individual modalities or
conventional variational quantum circuits, leaving
scope for investigating quantum re-uploading after
multimodal classical representation learning.

Data re-uploading provides a mechanism for repeatedly
encoding classical features across successive quantum
layers, allowing the interaction between the input data
and trainable quantum operations to be increased within
a compact circuit [22]. The data re-uploading approach
also establishes a trade-off between the number of
qubits and the number of data-encoding layers,
providing a resource-efficient strategy for quantum
classification [22]. Recent studies have demonstrated
that quantum re-uploading can improve learning
performance while using relatively small quantum
resources [22]. These properties motivate the
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architecture proposed in this study: classical encoders
first learn modality-specific representations, classical
fusion integrates complementary information from the
three modalities, and a compact quantum re-uploading
circuit subsequently performs six-class classification.
1.4 Related Work

1.4.1 Quantum-Inspired Classical Approaches
Quantum-inspired  classical  approaches  apply
mathematical concepts associated with quantum theory
to classical machine-learning models without requiring
quantum hardware [23]. In multimodal emotion and
sentiment analysis, such approaches have been
explored to represent uncertainty, modality
interactions, and complex decision relationships [23—
27]. For example, quantum-inspired adaptive-priority
learning and related models demonstrate how quantum-
inspired representations can be incorporated into
multimodal emotion recognition using conventional
computational platforms [24, 27]. These studies show
that quantum-inspired principles can improve the
representation of ambiguous and heterogeneous
affective information while remaining compatible with
classical learning systems.

1.4.2 Cognitive and Appraisal-Based Quantum
Models

Cognitive and appraisal-based theories emphasize that
emotional responses depend not only on observable
stimuli but also on contextual interpretation,
uncertainty, and subjective evaluation [10, 17].
Quantum  cognition provides a mathematical
framework for representing some of these uncertain and
context-dependent decision processes [26]. Recent
quantum-cognitive and quantum-inspired models have
therefore investigated uncertainty-aware decision and
fusion mechanisms for sentiment and emotion analysis
[23-27]. Although these approaches are conceptually
related to affective interpretation, they primarily
motivate the representation of uncertainty and
ambiguity rather than directly defining the architecture
used in the present study.

1.4.3 Recent Advancements in Multimodal Emotion
Recognition

Recent multimodal emotion recognition research has
increasingly focused on improving robustness,
scalability, and generalization under realistic
conditions. Semi-supervised and open-vocabulary
approaches address limitations associated with scarce
labeled data and fixed emotion categories [9, 12], while
recent Transformer and mixture-of-experts
architectures improve the modeling of cross-modal and
conversational interactions [8, 13, 28, 29]. New
datasets have also expanded evaluation to settings such
as virtual reality, educational environments, and
standardized multimodal emotion perception [10, 11,
30]. Federated learning has further investigated
privacy-preserving training across distributed data
sources [15]. Collectively, these developments
demonstrate that current multimodal emotion
recognition research is moving toward more flexible
architectures, richer datasets, and realistic deployment
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settings [14, 18, 19]. However, these advances remain
predominantly ~ within  classical  deep-learning
paradigms, leaving an opportunity to investigate
whether compact quantum components can
complement established multimodal representation-
learning pipelines.

1.5 Research Gap and Contributions

Although multimodal emotion recognition and
quantum machine learning have each advanced
considerably, their integration remains relatively
limited. Existing multimodal emotion recognition
studies have primarily focused on classical deep-
learning architectures for learning cross-modal
representations [14, 17, 18, 28, 29], while quantum
emotion-recognition studies have mainly investigated
individual modalities or specific quantum learning
configurations [1-3, 20, 21, 23, 25]. Quantum-inspired
and quantum-cognitive approaches have further
explored uncertainty, ambiguity, and decision
processes in affective analysis [23-27], but these
approaches do not directly examine the use of a
compact quantum re-uploading classifier after classical
multimodal feature fusion. This study addresses this
gap by combining established modality-specific
classical encoders with a quantum re-uploading
classifier within a unified three-modality framework.
The main contributions of this study are as follows:

1. A hybrid quantum-—classical framework is
developed for six-class emotion recognition using
facial images, speech, and text. The three modalities are
obtained from separate datasets and aligned at the
emotion-label level, providing a unified experimental
setting while explicitly acknowledging the limitations
of cross-dataset alignment.

2. A classical multimodal fusion pipeline is
established in which modality-specific encoders
generate image, speech, and text representations that
are integrated before quantum processing. Unimodal
and pairwise configurations are also evaluated to
examine the contribution of multimodal fusion.

3. A six-qubit quantum re-uploading classifier
with three data re-uploading layers is integrated after
classical feature fusion. The design uses repeated
feature encoding to provide a compact quantum
classification component [22].

4. The proposed quantum  model is
experimentally compared with the corresponding
classical Image—Speech—Text fusion model using test
accuracy, macro Fl-score, per-class performance, and
confusion-matrix analysis. The evaluation
demonstrates that the quantum component achieves
competitive performance close to the classical
multimodal baseline, although it does not exceed the
classical model.

5. The study analyzes the parameter efficiency of
the two approaches and discusses the practical
limitations associated with cross-dataset label-level
alignment and the use of simulated quantum circuits.
2. Materials and Methods

2.1 Overall Architecture
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The proposed framework is a hybrid quantum—classical
architecture for six-class multimodal emotion
recognition using facial images, speech, and text. The
three modalities are obtained from separate publicly
available datasets and are aligned at the emotion-label
level before multimodal fusion. Each modality is
processed by a dedicated classical encoder to obtain a
modality-specific  representation. The resulting
representations are concatenated and passed through a
classical fusion network to obtain a compact
multimodal representation. This fused representation is
subsequently projected into a six-dimensional quantum
input space and processed by a six-qubit quantum re-
uploading circuit for final emotion classification.

The classical encoders and fusion network are trained
as part of the classical multimodal model. The best
classical model is selected according to validation
accuracy, while macro Fl-score is monitored as an
additional validation metric. For the quantum
experiment, the trained three-modality encoders and
fusion network are kept fixed, and their 128-
dimensional fused representations are reused as input
to the quantum re-uploading classifier. The quantum
classifier is trained separately on the resulting fused
representations, and its best checkpoint is selected
according to validation accuracy. The validation set is
therefore used for model selection and hyperparameter
monitoring, while the test set is reserved for final
performance evaluation.

The final architecture consists of three modality-
specific encoders, a classical fusion stage, a projection
layer that maps the 128-dimensional fused
representation to six quantum inputs, and a six-qubit
quantum re-uploading classifier with three re-
uploading layers. The quantum circuit repeatedly
encodes the projected features, applies trainable
quantum rotations and nearest-neighbor entanglement,
and measures the Pauli-Z expectation values. These six
expectation values are passed to a classical
classification layer to obtain the six emotion logits. The
complete information flow is illustrated in Figure 1.

ure Classical Fusion Network  QuUantum Input Quantum Re-Uploading Classifier

Input Modalities Modality-Specific Encoders
Projection (6 Qublts, 3 Re-Uploading Layers)

gaguay
EEEEEE]

Image Encoser

Figure 1. Overall architecture of the proposed hybrid
quantum-—classical framework for six-class multimodal
emotion recognition. Facial images from FER-2013,
speech from VED, and text data are processed by
modality-specific encoders to obtain 512-, 128-, and
128-dimensional representations, respectively. The
representations are concatenated and transformed
through classical fusion to a 128-dimensional
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representation, which is projected to six quantum inputs
and processed by a six-qubit quantum re-uploading
circuit with three re-uploading layers for six-class
emotion classification.
2.2 Mathematical Formulation of Quantum Re-
Uploading
Let h €R’® denote the fused multimodal
representation produced by the classical fusion
network. A trainable quantum input projection maps
this representation to a six-dimensional vector x € R’ ,
where each component is encoded on one of the six
qubits. The projection is implemented as a 128 — 64 —
6 feed-forward network with a final hyperbolic tangent
activation, constraining the quantum inputs to the
interval [-1,1].
x = tanh(W, o (W;h + b;)

+by) @)

Where:

h € R'?8 is the fused representation
W, maps 128 — 64

o is ReLU

W, maps 64 — 6

tanh bounds the six quantum inputs

In the proposed quantum re-uploading classifier, the
six-dimensional projected feature vector is repeatedly
encoded across L =3 quantum layers. At each layer, the
same classical feature vector is re-encoded using data-
dependent Y-axis rotations, followed by trainable Z-
axis rotations and nearest-neighbor entanglement.
Repeated data encoding increases the effective
expressivity of the circuit without requiring an increase
in the number of qubits [22].

The overall unitary transformation applied to the initial
quantum state |0)®¢ can be expressed as:

U(x,8)
3
= 1_[ Uent Uvar (91) Uenc (x) (2)
I=1
Where:
. Une(x) represents data encoding,
. U,q-(0;) represents the trainable rotation
layer at [,
. U,yn: represents the nearest-neighbor CNOT

entanglement layer.
Feature encoding is performed using Y-axis rotation
gates applied to each qubit, with the projected classical
features x; used as the rotation angles.
Uenc(x)

= ®i6=1Ry(xi) 3
where R, (x;) represents a rotation around the Y-axis
parameterized by the i-th feature.

_ [eos(x;/2) —sin(x;/2)
Ry (i) = sin(x;/2)  cos(x;/2) S
Trainable quantum operations are introduced through
parameterized rotations:
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Uvar (91) = ®?=]Rz(el,i) (5)
where 6,; is the trainable parameter associated with
qubit i in re-uploading layer 1. With L = 3 re-uploading
layers and six qubits, the circuit contains 3 X 6 = 18
trainable quantum rotation parameters.

Entanglement is introduced using a chain of controlled-
NOT (CNOT) gates:
5

Uy = 1_[ CNOTG, i + 1) ©)
i=1

A nearest-neighbor CNOT chain is applied after each
data-encoding and trainable-rotation stage, establishing
interactions among adjacent qubits in a linear
connectivity structure.

After the application of all re-uploading layers,
measurement is performed in the Pauli-Z basis. The
expectation value for each qubit is computed as:

Z; = (lp(x' 9)|ZL|1/)(X’ 9)): [

=1..,6 )
where the final quantum state is:
Y (x,8)) = U(x,0)|0)® ©)

The Pauli- Z expectation values satisfy z; € [—1,1],
producing a six-dimensional quantum feature vector z
= [z, ..,2Z5]. The resulting six-dimensional
expectation vector z is passed to a classical linear layer
that produces six emotion logits. During training, the
logits are optimized using cross-entropy loss, while
softmax probabilities are used for class interpretation.
2.3 Modality-Specific Encoders

Each modality is processed using a modality-specific
encoder designed to extract a compact representation
while preserving information relevant to emotion
recognition. The image encoder produces a 512-
dimensional representation, while the speech and text
encoders produce 128-dimensional representations.
These modality-specific features are concatenated to
form a 768-dimensional multimodal representation,
which is subsequently processed by the classical fusion
network.

2.3.1 Image Encoder

Facial images are obtained from the FER-2013 dataset
and preprocessed as 48x48 grayscale images. The
image modality is encoded using a ResNet-18
backbone. The final classification layer is replaced with
an identity mapping so that the network outputs a 512-
dimensional visual representation after global average
pooling. This representation captures discriminative
facial features and is subsequently combined with the
speech and text representations during multimodal
fusion.

2.3.2 Speech Encoder

Speech signals are obtained from the Voice Emotion
Dataset (VED), derived from the RAVDESS corpus.
Mel-frequency cepstral coefficients (MFCCs) are
extracted to represent the acoustic characteristics of the
speech signals. The resulting 40 x 173 MFCC
representation is processed using a convolutional
neural network consisting of three convolutional blocks
with 32, 64, and 128 filters, respectively. Each block
incorporates batch normalization and ReLU activation,
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with max-pooling applied after the first two
convolutional layers. Adaptive average pooling is
applied after the third convolutional layer, followed by
a fully connected projection to obtain a 128-
dimensional speech representation.
2.3.3 Text Encoder
Textual emotion information is obtained from the
Emotion Text Dataset. The text samples are tokenized
and converted into integer token sequences with a
maximum sequence length of 64. A trainable
embedding layer maps the tokens to 128-dimensional
representations. The token embeddings are aggregated
through mean pooling to obtain a fixed-dimensional
textual representation, which is subsequently passed
through a projection layer consisting of a 128-to-128
linear transformation, ReLU activation, and dropout.
The resulting 128-dimensional vector is used as the
textual representation for multimodal fusion.
2.4 Multimodal Fusion Network
The modality-specific representations from the image,
speech, and text encoders are concatenated to form a
unified multimodal feature vector. The image encoder
produces a 512-dimensional representation, while the
speech and text encoders each produce 128-
dimensional ~ representations. Therefore, the
concatenated multimodal representation has a
dimensionality of 512 + 128 + 128 = 768.
To integrate the complementary information across
modalities, a fully connected fusion network is applied
to the 768-dimensional representation. The fusion
network consists of two linear layers with ReLU
activations and dropout regularization. The first layer
reduces the dimensionality from 768 to 256, followed
by ReLU activation and dropout with a rate of 0.3. The
second layer further projects the representation from
256 to 128 dimensions, followed by ReLU activation
and dropout with a rate of 0.2.

h = fsion Kimg [ Xspeecn || Xeext)
where /1 € R'?® represents the fused multimodal
representation and || denotes concatenation.
The resulting 128-dimensional fused representation is
subsequently passed to a trainable quantum input
projection network. This projection maps the 128-
dimensional representation through a 128 — 64 — 6
feed-forward network, followed by a hyperbolic
tangent activation, producing six bounded quantum
input features for the six-qubit quantum circuit.
2.5 Quantum Re-Uploading Classifier
The quantum classification stage is implemented using
a parameterized variational quantum circuit containing
six qubits. The projected six-dimensional feature vector
is repeatedly encoded across three quantum re-
uploading layers. At each layer, the classical features
are encoded using data-dependent Y-axis rotations,
followed by trainable Z-axis rotations and nearest-
neighbor CNOT entanglement.

Circuit Architecture:

. Number of qubits: 6

. Number of re-uploading layers: 3

. Data encoding: R, (x;) on each qubit
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. Trainable rotation: R, (6, ;)

. Trainable quantum parameters: 3 x 6 = 18

. Entanglement: nearest-neighbor CNOT chain
with 5 CNOT operations per layer

. Total CNOT applications: 3 x 5 =15

. Initial State: |0)®¢

. Measurement: Pauli- Z expectation value on

each qubit, producing six expectation values

In each re-uploading layer, the projected classical
features are encoded into the quantum state through Y-
axis rotations. Trainable Z-axis rotations then provide
adjustable quantum transformations, followed by a
nearest-neighbor CNOT chain to introduce interactions
between adjacent qubits. Repeating this encoding-and-
transformation sequence across three layers increases
the effective expressivity of the circuit while
maintaining a fixed six-qubit configuration [22].

After the final re-uploading layer, the expectation value
of the Pauli-Z operator is measured for each qubit. The
resulting six-dimensional expectation vector is passed
to a classical linear output layer to produce six emotion-
class logits. During training, the model is optimized
using cross-entropy loss, while softmax probabilities
are used for class interpretation.

2.6 Datasets

Three publicly available benchmark datasets are used
to evaluate the proposed multimodal framework across
the image, speech, and text modalities. These datasets
provide complementary affective information and are
summarized in Table 1.

Table 1. Datasets utilized for multimodal emotion
recognition

Modality Dataset Emotion Classes

Used
Image FER-2013 6
Speech VED 6
Emotion Text
Text Dataset 6

Each dataset was processed independently according to
its modality-specific preprocessing pipeline, and the
emotion labels were mapped to a common six-class
representation consisting of anger, disgust, fear, happy,
neutral, and sad. The resulting samples were organized
into consistent training, validation, and test partitions
for the multimodal experiment. The same six-class
label representation was maintained during classical
fusion and subsequent quantum classification.

Table 2. Multimodal dataset splits used in the
experiments

Training Validation Test Total
20,407 5,131 6,347 31,885

2.7 Preprocessing and Label Alignment

Each modality is preprocessed according to its specific
data characteristics before feature extraction. Facial
images from FER-2013 are converted to 48 x 48
grayscale representations and normalized before being
provided to the image encoder. Speech samples from
the Voice Emotion Dataset (VED) are represented
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using  40-dimensional  Mel-frequency  cepstral
coefficients (MFCCs), with a fixed temporal dimension
of 173 frames. Text samples from the Emotion Text
Dataset are converted into token sequences with a
maximum sequence length of 64 and processed using a
trainable embedding representation followed by mean
pooling and projection. These preprocessing steps
produce fixed-dimensional modality-specific
representations suitable for multimodal fusion.

Since the datasets originate from different sources and
may use different label conventions, their emotion
labels are mapped to a common six-class representation
before multimodal fusion. The six emotion categories
used in the final experiments are anger, disgust, fear,
happy, neutral, and sad. Samples with incompatible or
unavailable labels are excluded during dataset
construction. This label mapping ensures that the same
emotion-class definition is maintained across the
image, speech, and text modalities.

The resulting modality-specific samples are organized
into training, validation, and test partitions. The same
six-class label space is maintained throughout the
classical multimodal model and the quantum re-
uploading classifier, enabling direct comparison
between the classical and quantum approaches.

2.8 Experimental Setup

2.8.1 Model Training and Selection

The classical multimodal models and the quantum re-
uploading classifier were trained separately using the
training partition, while the validation partition was
used for model selection and monitoring generalization
performance. The test partition was kept completely
separate and was used only for the final evaluation of
the selected models.

The classical multimodal models were trained for 10
epochs using a batch size of 32 with the AdamW
optimizer, a learning rate of 0.0001, and a weight decay
of 0.0001. For each epoch, performance was evaluated
on the validation set, and the checkpoint with the
highest validation accuracy was retained for subsequent
test evaluation. The same training and validation
procedure was applied to the different classical
modality configurations used in the ablation study.
The quantum re-uploading classifier was also trained
for 10 epochs with a batch size of 32 using the Adam
optimizer with a learning rate of 0.001. The model was
evaluated on the validation set after each epoch, and the
checkpoint achieving the highest validation accuracy
was selected for final testing. The selected checkpoint
was then evaluated once on the held-out test partition.
2.8.2 Model Configuration

The final multimodal framework uses modality-
specific encoders for facial images, speech, and text.
The image encoder produces a 512-dimensional visual
representation, while the speech and text encoders each
produce 128-dimensional representations. These
modality-specific representations are concatenated to
form a 768-dimensional multimodal feature vector.
The concatenated representation is processed by a
classical fusion network consisting of fully connected
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layers with ReLU activation and dropout
regularization. The fusion network reduces the 768-
dimensional representation to a 128-dimensional fused
representation. This representation is subsequently
passed through a quantum input projection network that
maps the features from 128 dimensions to 64
dimensions and finally to 6 dimensions. The resulting
six-dimensional vector serves as the input to the six-
qubit quantum re-uploading classifier.

This configuration allows the heterogeneous image,
speech, and text representations to be integrated before
quantum processing while maintaining a compact
feature representation for the quantum circuit.

2.8.3 Quantum Circuit Configuration

The quantum classifier is implemented as a
parameterized variational quantum circuit with six
qubits. Each qubit receives one component of the
projected six-dimensional multimodal feature vector. A
quantum re-uploading strategy is adopted with three re-
uploading layers, in which the classical features are
repeatedly encoded into the circuit using data-
dependent Y-axis rotations.

Each re-uploading layer consists of feature-dependent
Y-axis rotation gates followed by trainable Z-axis
rotations and  nearest-neighbor  entanglement
implemented using a chain of CNOT gates. With six
qubits and three re-uploading layers, the circuit
contains 18 trainable quantum rotation parameters and
applies five nearest-neighbor CNOT operations per
layer, resulting in 15 CNOT applications across the
three layers.

After the final re-uploading layer, measurement is
performed in the Pauli-Z basis. The expectation value
of the Pauli-Z operator is obtained for each qubit,
producing a six-dimensional quantum feature vector.
These expectation values are passed to a classical linear
output layer to generate the six emotion-class logits.
During training, the logits are optimized using cross-
entropy loss, while softmax probabilities are used for
class interpretation.

2.8.4 Training Protocol

The classical multimodal models were trained using
class-weighted cross-entropy loss, with class weights
derived from the six-class FER-2013 training
distribution. The quantum re-uploading classifier was
trained using standard cross-entropy loss. The classical
models were optimized using AdamW with a learning
rate of 0.0001 and weight decay of 0.0001, whereas the
quantum re-uploading classifier was optimized using
Adam with a learning rate of 0.001. All models were
trained for 10 epochs, with validation performance
monitored after each epoch. The checkpoint with the
highest validation accuracy was retained for final
evaluation on the held-out test set.

For the classical ablation experiments, the same 10-
epoch training protocol was applied to the four
modality configurations: Image Only, Image + Text,
Image + Speech, and Image + Speech + Text. The best
validation checkpoint was selected independently for
each configuration before test evaluation.
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The quantum re-uploading classifier was trained using
the same batch size and 10-epoch schedule. Its
validation performance was monitored after each
epoch, and the checkpoint achieving the highest
validation accuracy was selected for final testing.
Table 3. Training configuration

Parameter Value

Classical loss function Class-weighted cross-

entropy
Quantum loss function Cross-entropy
Batch size 32
Training epochs 10
Classical speech dropout 0.2
Classical text dropout 0.2
Fusion dropout after 768 03
— 256
Fusion dropout after 256
- 128 0.2
Quantum backend State-vector simulator
Classical optimizer AdamW
Classical learning rate 0.0001
Classical weight decay 0.0001
Quantum optimizer Adam
Quantum learning rate 0.001

2.8.5 Evaluation Metrics

Classification accuracy and macro-averaged F1-score
are used as the primary evaluation metrics. Accuracy
measures the proportion of correctly classified samples
over the complete test set. The macro-averaged F1-
score is calculated by computing the Fl-score
independently for each emotion class and then taking
their unweighted mean, giving equal importance to all
classes.

To further analyze model behavior across emotion
categories, confusion matrices and per-class precision,
recall, and F1-scores are also examined. These analyses
provide additional insight into class-specific
recognition performance and the emotion categories
that are most frequently confused.

2.8.6 Reproducibility Considerations

The experimental configuration, dataset partitions,
model architectures, training settings, and evaluation
procedure are documented to support reproducibility.
The classical and quantum models are trained using the
fixed training and validation partitions described in the
preceding sections, while the held-out test partition is
used only for final evaluation.

The quantum circuit is simulated using a state-vector
quantum backend, allowing the proposed circuit to be
evaluated without requiring physical quantum
hardware. The final reported results correspond to the
selected checkpoints obtained from the validation-
based model selection procedure.

3. Results and Discussion

3.1 Classical Model Training and Convergence
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The training behavior of the proposed Image + Speech
+ Text multimodal model was analyzed over 10 epochs
using training loss, training accuracy, and validation
accuracy. As shown in Figure 2, the training loss
decreases consistently throughout the training process,
from 1.4853 in the first epoch to 0.1570 in the tenth
epoch. The continuous reduction in loss indicates
effective optimization of the multimodal classification
network using the AdamW optimizer with a learning
rate of 0.0001.

Training Loss — Image + Speech + Text

Training Loss
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Figure 2. Training loss of the Image + Speech + Text
multimodal model over 10 epochs.

The corresponding training and validation
accuracy curves are presented in Figure 3. Training
accuracy increased steadily from 41.69% in the first
epoch to 94.19% by epoch 10. Validation accuracy also
improved during training, increasing from 56.29% in
the first epoch to a maximum of 72.62% at epoch 9. The
validation accuracy was 71.22% at epoch 10, indicating
a slight fluctuation after reaching its best performance.

100 Training and Validation Accuracy — Image + Speech + Text
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Figure 3. Training and validation accuracy of the
Image + Speech + Text multimodal model over 10
epochs.

The best-performing checkpoint was therefore selected
based on validation accuracy at epoch 9, rather than
simply using the final epoch. The difference between
training and validation accuracy becomes more
pronounced during the later epochs, particularly after
epoch 6, suggesting increasing specialization of the
model to the training data. However, the validation
accuracy remains above 70% from epochs 6—10 except
for epoch 8, indicating that the model retains reasonable
generalization performance despite the increasing
training—validation gap.
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Overall, the learning curves demonstrate that the
classical multimodal model converges -effectively
within the 10-epoch training schedule. The validation-
based checkpoint selection provides a consistent basis
for subsequent evaluation on the held-out test set.

3.2 Classical Ablation and Multimodal Performance

To evaluate the contribution of the individual
modalities, an ablation study was conducted using four
classical configurations: Image Only, Image + Text,
Image + Speech, and Image + Speech + Text. All
configurations were trained using the same training and
validation partitions and evaluated on the same held-
out test set of 6,347 samples. The resulting test
performance is summarized in Table 4 and illustrated
in Figure 4.

The Image Only configuration achieved a test accuracy
of 48.31% and a macro Fl-score of 47.16%,
establishing the unimodal visual baseline.
Incorporating text alongside image features increased
the test accuracy to 60.82% and the macro F1-score to
58.11%. Similarly, combining image and speech
features resulted in 61.29% accuracy and a macro F1-
score of 56.54%. These results demonstrate that the
addition of either textual or speech information
provides a substantial improvement over the image-
only configuration.

Table 4. Classical ablation performance across
different modality configurations on the held-out test
set.

Test

Model Accuracy g/(l;?;?(% ) Fl-
(%)

Image Only 48.31 47.16

Image + Text 60.82 58.11

Image + Speech ~ 61.29 56.54

Image + Speech 45 g 70.64

+ Text

The complete Image + Speech + Text configuration
achieved the highest performance, with a test accuracy
of 73.94% and a macro Fl-score of 70.64%. This
represents an improvement of 25.63 percentage points
in accuracy over the Image Only baseline. It also
exceeds the Image + Text and Image + Speech
configurations by 13.12 and 12.65 percentage points,
respectively. The macro Fl-score also increased from
47.16% for the Image Only configuration to 70.64% for
the complete multimodal model, representing an
improvement of 23.48 percentage points and indicating
that the performance gain is not limited to overall
accuracy but also reflects improved classification
across the emotion categories.

The progressive improvement obtained by
incorporating multiple modalities indicates that speech
and textual information provide complementary
affective cues to the visual representation. The
substantially higher performance of the three-modality
configuration suggests that combining these
heterogeneous representations provides
complementary information that can be exploited by
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the classical fusion network, which is not available
from a single modality or a two-modality combination.

Classical Ablation Performance on the Test Set
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Figure 4. Classical ablation performance across
different modality configurations on the held-out test
set.

3.3 Per-Class Performance and Confusion Analysis
The class-wise performance of the complete Image +
Speech + Text model was analyzed using precision,
recall, F1-score, and class-wise accuracy on the held-
out test set. The model achieved an overall test
accuracy of 73.94% and a macro F1-score of 70.64%.
As shown in Table 5, the performance varies across the
six emotion categories, indicating that some emotions
are more consistently recognized than others.

Table 5. Per-class performance of the -classical
multimodal model.

F1- Class

Emotio Precisio Recal
Scor Accurac

" nOO 1Y ey
Anger 5813 5783 30 573
Disgust 7037 5135 200 5135
Fear 618 7314 90 734
Happy 8045 7818 70 7818
Neuwral 8383 8281 0 g8l
Sad 768 741 Pt 748
1\A/Ivaecrra(:g 7230 6958 L0 -

€

Neutral was the strongest-performing emotion,
achieving a class accuracy of 82.81% and an F1-score
of 83.31%. Happy also showed strong recognition
performance, with an accuracy of 78.18% and an F1-
score of 79.30%. Sad and Fear achieved accuracies of
74.18% and 73.14%, respectively, indicating relatively
consistent recognition of these categories. In contrast,
Disgust obtained the lowest class accuracy at 51.35%,
followed by Anger at 57.83%. The lower recall for
Disgust (51.35%) indicates that a considerable
proportion of disgust samples were assigned to other
emotion categories.
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Confusion Matrix — Image + Speech + Text
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Figure 5. Confusion matrix of the Image + Speech +
Text classical multimodal model on the held-out test
set.
The confusion matrix in Figure 5 provides further
insight into the class-wise prediction behavior of the
multimodal model. The diagonal entries indicate
correctly classified samples, while the off-diagonal
entries represent misclassifications between emotion
categories. Strong diagonal values are observed for
Happy, Neutral, and Sad, consistent with their
relatively high class-wise accuracies.
The largest confusion involving Anger occurs with
Fear, with 175 anger samples classified as Fear.
Conversely, 112 Fear samples were classified as Anger.
This represents approximately 18.3% of the anger
samples and 10.9% of the fear samples, respectively.
The two-way confusion indicates that these categories
remain comparatively difficult to separate using the
learned multimodal representations.
Fear and Happy also exhibit some cross-class
confusion, with 92 Fear samples classified as Happy
and 133 Happy samples classified as Fear. Similarly,
93 Sad samples were classified as Happy, while 65
Neutral samples were classified as Happy. These off-
diagonal predictions indicate that the model
occasionally confuses emotionally related or less
distinctly represented samples despite the use of
multiple modalities.
Disgust presents a different pattern. Although its
precision is relatively high at 70.37%, its recall is only
51.35%, indicating that the model is conservative when
predicting this class. Of the 111 disgust samples, 57
were correctly classified, while 26 were predicted as
Anger and 21 as Fear. This accounts for much of the
reduced recall observed for the Disgust category.
Overall, the confusion matrix and class-wise metrics
show that multimodal fusion substantially improves
recognition across the six emotion categories, but
performance remains dependent on the discriminative
characteristics of individual emotions. The stronger
results for Neutral, Happy, and Sad contrast with the
lower recognition of Disgust and Anger. These findings
demonstrate that multimodal information can provide
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complementary cues while not completely eliminating
ambiguity between emotion categories.

Normalized Confusion Matrix — Image + Speech + Text
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Figure 6. Normalized confusion matrix of the Image +
Speech + Text classical multimodal model on the held-
out test set.
The normalized confusion matrix in Figure 6 provides
a class-wise view of the prediction distribution by
converting the raw counts into proportions within each
true emotion category. The diagonal values correspond
to the recall of each emotion and are consistent with the
class-wise accuracies reported in Table 5. Neutral
achieves the highest normalized diagonal value (0.83),
followed by Happy (0.78), Sad (0.74), and Fear (0.73).
Anger and Disgust show lower diagonal values of 0.58
and 0.51, respectively, confirming that these classes are
more difficult for the model to distinguish.
The normalized matrix also highlights the main sources
of class confusion. For Anger, 18% of the samples are
classified as Fear, while 11% of Fear samples are
classified as Anger. Disgust shows particularly high
confusion with Anger and Fear, with 23% and 19% of
its samples assigned to these categories, respectively.
These normalized proportions are consistent with the
raw confusion counts and further demonstrate that the
lower performance of Anger and Disgust is primarily
associated with their confusion with other negative or
closely related emotion categories.
Overall, the class-wise results demonstrate that the
multimodal model provides strong recognition for
Neutral, Happy, Sad, and Fear, while Anger and
Disgust remain more challenging. The combination of
raw and normalized confusion matrices provides
complementary evidence of both the magnitude and
distribution of classification errors across the six
emotion categories.
3.4 Quantum Re-Uploading Classifier Training and
Performance
The training behavior of the quantum re-uploading
classifier was analyzed over 10 epochs using training
and validation accuracy. As shown in Figure 7, the
training accuracy increased rapidly from 75.99% in the
first epoch to 84.68% in the second epoch, after which
it remained relatively stable around 86%. This indicates
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that the classifier learned the projected multimodal
representation rapidly during the initial training stages.
The validation accuracy remained comparatively stable
throughout the training process, ranging from 70.00%
to 71.55%. The highest validation accuracy of 71.55%,
together with a validation macro F1-score of 67.10%,
was obtained at epoch 9. Although the training
accuracy continued to remain around 86%, the
validation accuracy decreased to 70.91% at epoch 10.
Therefore, the epoch-9 checkpoint was selected based
on validation accuracy rather than simply using the
final training epoch.

% Training and Validation Accuracy — Quantum Re-Uploading Classifier
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Figure 7. Training and validation accuracy of the
quantum re-uploading classifier over 10 epochs.

The selected checkpoint was subsequently evaluated on
the held-out test set containing 6,347 samples. The
quantum re-uploading classifier achieved a test
accuracy of 72.57% and a macro F1-score of 68.76%.
The selected checkpoint achieved a test accuracy of
72.57%, slightly higher than its best validation
accuracy of 71.55%, indicating that the selected model
maintained good generalization on the held-out test set.
The results also show that the quantum -classifier
reaches a stable training regime within the adopted 10-
epoch schedule. The validation performance does not
increase monotonically, but remains within a narrow
range after the initial epochs, with the best performance
occurring at epoch 9. This supports the use of
validation-based checkpoint selection for the final
quantum evaluation.

3.5 Quantum Per-Class Performance and Confusion
Analysis

The class-wise performance of the quantum re-
uploading classifier was further analyzed using
precision, recall, F1-score, and class-wise accuracy on
the held-out test set. The model achieved an overall test
accuracy of 72.57% and a macro F1-score of 68.76%.
As shown in Table 6, the performance varies across the
six emotion categories, indicating that the quantum
classifier recognizes some emotional categories more
consistently than others.
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Table 6. Per-class performance of the quantum re-
uploading classifier.

F1- Class

Emotio Precisio Recal
Scor Accurac

" nOO 1Y ey
Anger 5281 5000 ' 5000
Disgust 7391 4595 20 4505
Fear 6648 7031 S 7031
Happy 7616 7943 7T 79.43
Newral 8444 8321 5° 8321
Sad 7531 7386 1 7386
1\A/Ijecrra(:g sy ez 07 -

€

The Neutral category achieved the strongest overall
class-wise performance, with a precision of 84.44%,
recall of 83.21%, and F1-score of 83.82%. The Happy
category also showed strong recognition performance,
achieving a recall of 79.43% and an Fl-score of
77.76%. The relatively high performance of these
categories  indicates  that  their = multimodal
representations provide more distinguishable patterns
for the classifier. In contrast, Disgust and Anger were
the most challenging categories. Disgust achieved a
recall of only 45.95%, while Anger achieved a recall of
50.00%. The lower recall values indicate that a
substantial proportion of samples from these categories
were assigned to other emotion classes.

Confusion Matrix - Quantum Re-Uploading Model
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Figure 8. Confusion matrix of the quantum re-
uploading classifier on the held-out test set.

The confusion matrix in Figure 8 provides further
insight into the prediction behavior of the quantum
classifier. The diagonal entries represent correctly
classified samples, whereas the off-diagonal entries
represent misclassifications. Strong diagonal values are
observed for Happy, Neutral, and Sad, consistent with

their relatively high class-wise recall values reported in
Table 6.
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The largest confusion involving Anger occurs with
Fear, with 164 Anger samples classified as Fear. Anger
is also confused with Happy and Sad, with 149 and 120
samples, respectively. Conversely, 129 Fear samples
were classified as Anger. This two-way confusion
indicates that the learned multimodal representations
do not always provide sufficiently discriminative
information to separate these categories.

Confusion between Fear and Happy is also observed,
with 129 Fear samples classified as Happy and 120
Happy samples classified as Fear. Although the two
categories differ semantically, their observed facial and
speech characteristics can overlap in high-arousal
expressions, making them more difficult to distinguish
from the available representations.

The Sad category shows relatively strong recognition,
with 921 correctly classified samples, but notable errors
occur toward Anger and Happy, with 123 and 87
samples, respectively. Similarly, Disgust has only 51
correctly classified samples, with 29 samples predicted
as Anger and 18 as Fear. This explains its relatively low
recall of 45.95%, despite its comparatively high
precision of 73.91%.

Normalized Confusion Matrix - Quantum Re-Uploading Model
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Figure 9. Normalized confusion matrix of the quantum
re-uploading classifier on the held-out test set.

The normalized confusion matrix in Figure 9 presents
the same prediction behavior in proportional form,
allowing class-wise comparisons independent of the
different numbers of test samples in each emotion
category. The diagonal values correspond directly to
the recall of each class. The highest diagonal values are
observed for Neutral (0.83) and Happy (0.79), followed
by Sad (0.74) and Fear (0.70). In contrast, Anger (0.50)
and Disgust (0.46) show substantially lower diagonal
values, confirming that these categories are more
difficult for the quantum classifier to recognize
correctly.

Overall, the class-wise results demonstrate that the
quantum re-uploading classifier does not perform
uniformly across all emotion categories. The stronger
recognition of Neutral, Happy, and Sad contrasts with
the lower recognition of Anger and Disgust. The
confusion patterns indicate that errors are primarily
associated with overlap between emotion categories
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rather than a single dominant failure mode. These
findings complement the overall test accuracy and
macro F1-score by showing how the classifier behaves
at the individual emotion level.

3.6 Classical-Quantum Performance Comparison
The performance of the classical multimodal model and
the proposed quantum re-uploading classifier was
compared using the held-out test set. The classical
ablation experiments demonstrated that incorporating
complementary modalities progressively improved
classification performance. The Image Only
configuration achieved a test accuracy of 48.31% and a
macro F1-score of 47.16%, while the Image + Text and
Image + Speech configurations achieved 60.82% and
61.29% accuracy, respectively. The complete Image +
Speech + Text configuration produced the highest
classical performance, achieving a test accuracy of
73.94% and a macro F1-score of 70.64%.

The quantum re-uploading classifier achieved a test
accuracy of 72.57% and a macro F1-score of 68.76%
on the same held-out test set. Thus, the quantum
classifier remained close to the best-performing
classical multimodal configuration, with an accuracy
difference of only 1.37 percentage points and a macro
F1 difference of 1.88 percentage points. This relatively
small gap indicates that the proposed quantum re-
uploading approach was able to retain a substantial
portion of the classification performance achieved by
the classical multimodal architecture.

The comparison also highlights the importance of
multimodal information. The classical Image Only
baseline achieved 48.31% accuracy, whereas
combining image, speech, and text increased the
accuracy to 73.94%, representing an improvement of
25.63 percentage points. The quantum classifier, which
operates on the projected multimodal representation,
achieved 72.57%, further demonstrating that the
combined representation provides informative features
for quantum-based classification.

The Macro F1 results show a similar pattern. The
complete classical multimodal model achieved
70.64%, compared with 68.76% for the quantum re-
uploading classifier. The relatively small difference
between the two models suggests that the quantum
classifier does not merely achieve comparable overall
accuracy through a biased prediction toward frequently
occurring classes; its macro-averaged performance also
remains close to that of the classical model.

Table 7. Parameter comparison between the classical
and quantum models.

Trainable Parameters
Model Parameters M)
Classical Image +
Speech + Text 15,440,006 15.4400
Quantum Re-
Uploading 8,706 0.0087

The parameter count further highlights the compactness
of the quantum re-uploading model. The classical
Image + Speech + Text model contains 15,440,006
trainable parameters, whereas the quantum re-

Page: 1351



A Hybrid Quantum Re-Uploading Framework for Multimodal Emotion Recognition

uploading model contains only 8,706 trainable
parameters. Thus, the quantum model uses
approximately 99.94% fewer trainable parameters,
corresponding to approximately 1,773 times as many
trainable parameters in the classical model. Despite this
substantial reduction in parameter count, the quantum
model achieved a test accuracy of 72.57% and a macro
Fl-score of 68.76%, compared with 73.94% and
70.64%, respectively, for the classical model. These
results indicate that the quantum re-uploading classifier
provides competitive predictive performance with a
substantially more compact trainable model.

Overall, the results demonstrate that the quantum re-
uploading classifier provides competitive performance
relative to the classical multimodal baseline under the
current experimental configuration. The classical
model remains slightly superior in both accuracy and
macro Fl-score, but the gap is considerably smaller
than what was reported in the earlier manuscript.
Therefore, the current results support positioning
quantum re-uploading as a competitive alternative for
multimodal emotion classification, rather than claiming
that it outperforms the classical approach.

3.7 Discussion and Implications

The experimental results demonstrate that multimodal
integration substantially improves emotion recognition
performance compared with using a single modality. In
the classical ablation study, the Image Only
configuration achieved 48.31% test accuracy, whereas
the combination of Image + Speech + Text achieved
73.94%. The improvement indicates that speech and
textual information provide complementary affective
cues that enhance the visual representation. The
intermediate performance of the Image + Text and
Image + Speech configurations further support the
contribution of additional modalities to the final
classification performance.

The proposed quantum re-uploading classifier achieved
72.57% test accuracy and a macro F1-score of 68.76%,
compared with 73.94% accuracy and 70.64% macro
F1-score for the classical multimodal model. Although
the classical model achieved slightly higher
performance, the difference was relatively small, at
1.37 percentage points in accuracy and 1.88 percentage
points in macro F1-score. This result indicates that the
quantum re-uploading classifier was able to utilize the
projected multimodal representation effectively and
achieve performance close to that of the corresponding
classical fusion model.

The class-wise results provide additional insight into
the behavior of the quantum classifier. Neutral
achieved the highest F1-score of 83.82%, while Happy
achieved an F1-score of 77.76%. These results indicate
that the model can identify emotion categories with
relatively  distinctive multimodal patterns more
reliably. In contrast, Anger and Disgust were more
challenging, with Fl-scores of 51.37% and 56.67%,
respectively. The confusion matrices show that these
lower scores are associated with substantial
misclassification toward other negative or affectively
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related categories. For example, 164 Anger samples
were classified as Fear, while 129 Fear samples were
classified as Anger.

The comparison between the classical and quantum
models should therefore be interpreted in terms of both
overall performance and class-wise behavior. The
classical model provides the strongest overall result in
the present experiments, while the quantum re-
uploading model achieves a closely comparable level
of performance. The quantum model should
consequently not be presented as outperforming the
classical architecture; instead, the results support its
potential as a competitive quantum-based classification
approach for multimodal emotion recognition.

The observed performance also highlights the
importance of the multimodal feature representation
supplied to the classifier. The substantial improvement
from the Image Only baseline to the complete Image +
Speech + Text configuration suggests that
heterogeneous modalities contain complementary
information that cannot be captured as effectively by an
individual modality. The quantum classifier operates
on this projected multimodal representation, indicating
that quantum processing can be incorporated after
classical modality-specific feature extraction rather
than requiring the entire multimodal pipeline to be
implemented quantum mechanically.

Finally, the present experiments were conducted using
a state-vector quantum simulator. Consequently, the
reported quantum results should be interpreted as
simulation-based results rather than direct evidence of
performance on physical quantum hardware. Real
quantum devices introduce noise, decoherence, and
sampling effects that may affect classification
performance. Evaluation on NISQ hardware,
investigation of noise-aware training, and exploration
of alternative quantum encoding and circuit designs are
therefore important directions for future work.

4. Conclusions

This study presented a hybrid quantum-classical
framework for multimodal emotion recognition using
image, speech, and text modalities. Modality-specific
feature representations were combined through a
classical fusion pipeline and subsequently projected
into a six-dimensional representation for quantum
processing. A quantum re-uploading classifier was then
employed to repeatedly encode the projected
multimodal features within a variational quantum
circuit.

The classical ablation experiments demonstrated the
benefit of multimodal integration. The Image Only
configuration achieved a test accuracy of 48.31% and a
macro Fl-score of 47.16%, while the complete Image
+ Speech + Text configuration achieved 73.94% test
accuracy and 70.64% macro Fl-score. The 25.63-
percentage-point improvement in accuracy
demonstrates the benefit of combining complementary
information from multiple modalities.

The proposed quantum re-uploading classifier achieved
a test accuracy of 72.57% and a macro Fl-score of
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68.76% on the same held-out test set. The best
validation performance was obtained at epoch 9, with a
validation accuracy of 71.55% and a macro F1-score of
67.10%. The quantum model therefore remained close
to the classical multimodal model, with differences of
only 1.37 percentage points in accuracy and 1.88
percentage points in macro Fl-score. Although the
classical model achieved the higher absolute
performance, the results demonstrate that the quantum
re-uploading classifier can effectively process the
projected multimodal representation and provide
competitive classification performance.

The class-wise analysis further showed that emotion
recognition performance varies across categories. For
the quantum classifier, Neutral achieved the highest F1-
score of 83.82%, followed by Happy at 77.76%,
whereas Anger and Disgust were more challenging,
with Fl-scores of 51.37% and 56.67%, respectively.
The confusion-matrix analysis showed that these
lower-performing categories were affected by
substantial cross-class confusion, highlighting the
difficulty of distinguishing emotionally overlapping
patterns.

The quantum experiments were performed using a
quantum simulator; therefore, the reported results
represent simulation-based performance rather than
evaluation on physical quantum hardware. Future work
will focus on validating the proposed approach on
NISQ devices, investigating noise-aware training and
alternative quantum feature-encoding strategies, and
exploring improved multimodal alignment and fusion
mechanisms.
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