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Abstract

In this study, we propose a quantum-probability-inspired complex-valued model for mul-
tilingual stance detection. The model brings together ideas from granular computing
and quantum theory to better capture semantic meaning across different languages. The
proposed model combines contextual embeddings, graph convolutional networks, and a
quantum-inspired feature interaction module (QFIM) to capture complex, high-order, and
non-linear relationships in multilingual data. The QFIM models quantum amplitude-like
interactions to represent overlapping semantic patterns in the latent space. This design
helps the system better distinguish subtle differences in stance expressions. To strengthen
the representation, a granulation mechanism based on contextual embedding similarity is
employed to extract semantically coherent text granules. These granules expand the feature
space and help align different elements of the stance structure more accurately. Experi-
mental results on standard benchmark datasets show that the proposed model consistently
achieves better performance than existing state-of-the-art methods.

Keywords: stance detection; quantum; granular computing

1. Introduction
Stance detection refers to identifying whether a text expresses a favorable, opposing,

or neutral position toward a specific target [1]. With the rapid growth of digital com-
munication, this task has gained considerable attention. It plays an important role in
related applications such as fake-news detection, sentiment analysis, argument evaluation,
and policy recommendation systems [2,3]. As information is increasingly shared across
social media platforms, news outlets, and online forums in multiple languages, accurate
cross-lingual stance detection has become especially important. However, most existing
models are developed for monolingual settings and do not generalize effectively to mul-
tilingual contexts. Multilingual data introduces additional semantic variation, syntactic
differences, and cultural nuances that make the problem more challenging. For example,
prior studies [4–6] focus primarily on monolingual stance detection.

Existing approaches to multilingual stance detection can generally be grouped into
two main categories: (1) language-agnostic feature extraction through machine transla-
tion followed by monolingual classification [7], and (2) multilingual transformer-based
models such as XLM-R and mBERT that encode texts from different languages using
shared parameters [8]. Although these methods have contributed to progress in the field,
several limitations remain. Translation-based pipelines may introduce inaccuracies that
distort subtle stance expressions. Meanwhile, pretrained multilingual transformers, despite
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their strong representational capacity, often struggle to capture complex language-specific
semantic dependencies and may rely on relatively shallow cross-lingual alignment.

This study introduces a quantum-probability-inspired complex-valued deep learn-
ing model for multilingual stance detection. The model draws on two complementary
theoretical perspectives: granular computing and quantum theory. In natural language
processing, granular computing (GrC) emphasizes representing linguistic information at
multiple levels of granularity, including words, phrases, sentences, and broader semantic
units. Instead of treating text as a flat sequence of tokens, GrC groups information into
semantically coherent granules. This structure supports more organized and interpretable
learning. Within NLP, granular computing helps address ambiguity, preserve contextual
relevance, and represent hierarchical linguistic patterns that are often overlooked in token-
level approaches. Organizing text into meaningful granules enables the model to focus on
the most relevant parts of the input, which can improve performance in tasks such as stance
detection, sentiment analysis, and information retrieval. Granules may be fine-grained,
capturing detailed linguistic elements, or coarse-grained, reflecting broader conceptual
groupings [9]. This flexibility allows the model to adjust its level of abstraction depending
on task requirements, reflecting aspects of human language processing.

Quantum theory, by contrast, provides a mathematical foundation for describing
phenomena such as superposition, interference, and entanglement. These principles offer a
useful perspective for modeling overlapping and context-dependent meanings in language.
Integrating quantum-probability-inspired complex-valued concepts into a deep learning
framework makes it possible to address semantic ambiguity and cross-lingual variability
more effectively in multilingual settings.

The central component of the model is the quantum-inspired feature interaction
module (QFIM). It builds a complex-valued latent space that mimics quantum amplitude
interactions between feature vectors. This design captures non-linear relationships and
overlapping semantic patterns that assist in identifying subtle stance signals. In contrast to
true quantum computing systems, the architecture runs on classical hardware and relies on
mathematical formulations inspired by quantum principles, such as phase modulation and
amplitude interference, to enhance neural network representations.

A context-aware granulation mechanism is also introduced to divide each comment
into smaller semantic units based on contextual embedding similarity with the associated
query. Each granule represents a coherent text fragment that preserves the argumentative or
affective structure of the input. The input representation is then expanded by incorporating
the top-k granules most relevant to the stance target. This additional coarse-grained
information provides broader contextual support for more accurate stance detection. The
key contributions of this paper are summarized as follows:

• A quantum-probability-inspired complex-valued stance detection framework is pro-
posed, incorporating amplitude-based feature interactions to capture complex, high-
order semantic dependencies in multilingual textual data.

• A granulation-based feature augmentation algorithm is presented, enabling the extrac-
tion of semantically coherent substructures from textual data.

• An end-to-end architecture is designed that integrates graph-based contextual reason-
ing, quantum-inspired projection, and granular feature augmentation, providing a
robust and flexible solution for multilingual stance detection.

The following research questions guide this study:

1. To what extent does incorporating the quantum-inspired feature interaction module
improve multilingual stance detection performance compared with conventional
transformer-based models?
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2. How does the context-aware granulation mechanism affect the model’s ability to
capture complex stance patterns across different languages?

Theoretical and Practical Implications

This study offers both theoretical and practical contributions to multilingual stance
detection and natural language processing. From a theoretical perspective, the framework
connects quantum-probability-inspired complex-valued concepts with NLP through a
feature interaction module that represents semantic relationships using amplitude-based
interactions, superposition, and interference. At the same time, granular computing im-
proves distinguishability by structuring text into semantically coherent units. By modeling
higher-order dependencies and language-specific nuances, the framework strengthens
multilingual stance detection and responds to ongoing challenges in cross-lingual NLP.

In practical terms, the model achieves improved performance on benchmark datasets
and demonstrates potential for applications such as fake-news detection and policy rec-
ommendation. The quantum-inspired and granular mechanisms can also be extended to
related NLP tasks, including sentiment analysis and hate speech detection. Therefore, this
approach is an effective framework for stance detection, with relevance for both research
and real-world NLP systems.

The remainder of the paper is structured as follows. Section 2 reviews related work.
Section 3 presents the proposed model. Section 4 describes the experimental evaluation.
Section 5 concludes the study and outlines directions for future research.

2. Background
Recent developments at the intersection of natural language processing (NLP) and

quantum computing have led to the emerging field of quantum natural language process-
ing (QNLP). This interdisciplinary area applies principles from quantum mechanics to
address complex language processing tasks with novel methodologies [10]. For example,
Abbaszadeh et al. [11] examined how quantum NLP can improve machine translation.
Pandey et al. [12] reviewed the progression from quantum computing to quantum machine
learning, highlighting applications in NLP where quantum-based models outperform clas-
sical methods in tasks such as parts-of-speech tagging for code-mixed social media text.
Shi et al. [13] proposed a pretrained quantum-inspired deep neural network that combines
quantum principles with classical text embeddings, improving sentiment analysis and
word sense disambiguation compared with both classical and earlier quantum-inspired
approaches. Tomal et al. [14] introduced a hybrid classical–quantum transformer with a
quantum-enhanced attention mechanism, showing improved efficiency and accuracy in
NLP tasks like text classification on the IMDb dataset. Ramya et al. [15] presented a hybrid
framework for cyber threat detection, demonstrating faster data processing and higher
accuracy using quantum algorithms together with advanced NLP models such as BERT.
Cavar et al. [16] investigated the compression of classical word embeddings, including fast-
Text, GloVe, and BERT, into quantum states using amplitude encoding, preserving semantic
relationships and enabling computation of word similarities in a quantum environment.
Li et al. [17] proposed a classical–quantum transfer learning approach by pretraining sen-
tence representations with a complex-valued BERT-like model, enhancing the performance
of quantum NLP models in sentence classification tasks. In another work, Yao et al. [18]
introduced a self-supervised pretraining method to improve the representation capacity
of quantum NLP models, achieving better performance in text classification than purely
end-to-end quantum approaches. Pei et al. [19] designed a quantum-based model for
one-to-many image generation, employing Pauli-X and reconfigurable beam splitter gates
to increase flexibility. A block-based strategy was used to enhance performance on the
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MNIST and Fashion-MNIST datasets. Gong et al. [20] introduced a dual-discriminator
quantum generative adversarial network. This model integrates a quantum convolutional
neural network as a parallel discriminator to capture both local and global image features,
which helps improve generation quality and reduce mode collapse on certain real-world
datasets. Lou et al. [21] presented a privacy-preserving bidirectional data transmission
protocol for smart grids based on semi-quantum computation. The protocol combines
mutual identity verification and message authentication while splitting quantum states
to enable secure two-way communication, and its security was evaluated through IBM
quantum cloud simulations.

Stance detection has been extensively studied in previous work. The task is challeng-
ing because textual content often does not explicitly reveal the underlying stance. Various
approaches have been proposed to handle these complexities, particularly in multilin-
gual contexts. Vasilakes et al. [22] investigated advanced Vision-Language Models for
stance detection in seven languages and observed that these models generally rely more
on textual inputs than visual information. Xu et al. [23] developed a multitask learning
framework that separates causal and non-causal features to enhance stance representa-
tions. Blanco et al. [24] applied deep learning to classify Spanish-language tweets about
COVID-19 vaccination, comparing multiple models to evaluate their suitability for public
health monitoring. Fan et al. [25] improved zero-shot stance detection using a multitask
fine-tuning approach that incorporated debate datasets and external knowledge sources.
Similarly, Pu et al. [26] proposed a multitask architecture that combines emotional cues
with stance detection mechanisms, resulting in more reliable predictions for social media
security. Kumar et al. [27] introduced a hybrid system that combines BERT embeddings
with deep convolutional neural networks to detect negative stances in low-resource multi-
lingual social media datasets. Their approach includes data cleaning, BERT fine-tuning,
and the use of a deep CNN to extract key linguistic features.

Lan et al. [28] introduced COLA, a collaborative framework using role-infused large
language model agents for stance detection. The framework employs multidimensional
analysis, role-based reasoning, and stance aggregation, functioning without additional
annotations. Mets et al. [29] explored the use of large language models, including GPT-
3.5, for automated stance detection in resource-limited environments, achieving perfor-
mance comparable to supervised approaches. To address biases in large language models,
Li et al. [30] proposed a counterfactual data augmentation and calibration strategy to
improve generalization and accuracy. Ding et al. [31] presented a prompt-tuning method
that incorporates target-focused analysis and natural language rationales, enhancing cross-
target stance detection.

Wang et al. [32] developed DEEM, an expert-modeling approach that uses generative
LLM capabilities to reduce bias and increase accuracy. Ding et al. [33] introduced PSDCOT,
which combines chain-of-thought knowledge with multi-prompt learning to integrate
information across tasks effectively. Zhao et al. [34] proposed a zero-shot stance detec-
tion approach using contrastive learning and attention-based fusion of multi-perspective
features, enabling robust results on unseen topics. Mahmoudi et al. [35] designed DyMoAd-
apt, a framework combining few-shot learning and GPT-3 for contextual data generation,
and also introduced the MGT-VAST dataset to support this work.

Hashemian et al. [36] highlighted the persistent challenges of sentiment analysis on
social media. Choi et al. [37] developed a zero-shot stance detection framework using dual-
phase learning to improve generalization without relying on labeled data. Jiang et al. [38]
addressed the problem of limited target information by applying multi-perspective con-
trastive learning to distinguish stance features more effectively. Gomez et al. [39] proposed
a two-phase classification framework based on topic modeling to extract interpretable
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stance explanations from tweets, incorporating features such as sentiment, mental state
cues, and embeddings. Alshahrani et al. [40] described a three-step stance classification
pipeline consisting of preprocessing, feature extraction, and classification. Lai et al. [41]
investigated multilingual stance detection in political discourse using social media data,
while Kawintiranon and Singh [42] proposed knowledge-enhanced model fine-tuning.
A summary of key stance detection methods and their datasets is provided in Table 1.

Table 1. Summary of prominent stance detection methods and their associated datasets.

Best F1 Score Dataset Model Features

59.21 SE16-T6 SVM [6] N-gram, SE, Sentiment words

61.04 SE16-T6 Maximum entropy [5] N-gram, Sentiment, Subject

67.33 SE16-T6 Voting CNN [43] SE

77.11 SE16-T6 LibSVM [4] N-gram, POS, Vocabulary, Feelings

70.30 SE16-T6 SVM [44] N-gram, POS, Vocabulary, Feelings, SE

74.44 SE16-T6 SVM [45] N-gram, Text, Words, Emotions, Syntactic structure

67.40 SE16-T6 BiGRU-CNN [46] SE, Modeling objective

61 SE16-T6 LSTM Attention [47] SE, Vocabulary, Feelings, Dependency parser

71.04 SE16-T6 BiGRU Attention Network [48] SE, Modeling goal

76.45 SE16-T6 Weighted KNN [40] TF-IDF, Sentiment words

70.46 SE16-T6 Random Forest, MLP, CNN [49] SE, POS, Structural, Statistical

73.77 SE16-T6 Roberta, BiLSTM [50] CE, N-gram

71.24 SE16-T6 DNRFAF, DSRFE, DECCV [50] N-gram, Vocabulary, Feelings, Structural, SE

68.79 SE16-T6 RNN for LSTM Attention [51] SE, Modeling objective

64.51 IberEval2017 SVM, LR, CNN for LSTM, BiLSTM [41] N-gram, BOW, Structural, Vocabulary of feelings

The Transformer architecture [52] has been foundational in deep learning, particularly
in natural language processing. By removing recurrence and convolution, Transformers
rely on attention mechanisms to process sequences in parallel, improving both efficiency
and performance. The architecture consists of encoders and decoders built from repeated
blocks that include self-attention and feedforward layers.

BERT [53] introduced bidirectional pre-training of Transformer models, enabling
more effective contextual representations. RoBERTa [54] further refined this approach by
adjusting training strategies, such as using larger batch sizes and omitting Next Sentence
Prediction (NSP). Transformer variants have been applied across a range of tasks, from fake-
news detection to genomic data analysis [55–57].

Granular computing contributes to textual understanding by organizing informa-
tion at multiple levels of abstraction. Liang et al. [58] and Yang et al. [59] applied this
approach to question-answering systems and sentiment classification, respectively. Be-
hzadidoost et al. [9,60] extended granular methods to deep learning tasks, including
cyberbullying detection and argument analysis.

Despite these developments, multilingual stance detection remains a challenging
area. The current study introduces a model that combines quantum-probability-inspired
complex-valued representation learning with granular computing to improve
stance discrimination.

3. Proposed Model
The proposed model is a multilingual classification framework that combines con-

textualized embeddings, graph-based relational reasoning, and quantum-inspired feature
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interaction. The quantum-inspired feature interaction module is applied during training to
capture complex, non-linear, and higher-order feature relationships that traditional linear
or shallow layers may overlook. By simulating quantum amplitudes, QFIM represents
overlapping patterns in the feature space, improving the modeling of subtle semantic
distinctions across multiple languages and supporting reasoning over multiple sentences.
This mechanism enhances the network’s representational capacity while remaining fully
compatible with standard deep learning architectures. Although it does not require quan-
tum hardware, QFIM uses mathematical constructs inspired by quantum probability and
complex-valued representations to improve training efficiency and generalization, particu-
larly for natural language tasks with detailed, language-specific dependencies. Another
component of the model is a granulation algorithm based on granular computing. This
algorithm generates coarse-grained textual granules from individual samples, providing
structured sub-units that can enrich feature representations.

Let S be a textual instance consisting of n words, represented as:

S = (W1, W2, . . . , Wn)

From each instance S, a corresponding text granule G is derived as:

G = (g1, g2, . . . , gm)

where typically m ≤ n, and each gi is a granulated representation of the corresponding Wi.
Formally, the mapping satisfies:

|G| ≤ |S|

The union of all such granules, denoted by G =
⋃N

i=1 G(i), where N is the num-
ber of samples, is integrated into the feature space alongside the original dataset sam-
ples. This enriched feature space enhances the model’s capacity to capture structural and
semantic relationships.

3.1. Granule Extraction via Contextual Embedding Similarity for Feature Augmentation

Granule extraction is performed using contextual embedding similarity to identify
meaningful semantic substructures within the text. These granules are used to aug-
ment the feature space with additional semantic information, supporting more effective
multilingual classification.

LetX be the space of multilingual input texts, and let M denote a pretrained contextual
language model. For any input sequence x ∈ X , let the tokenizer τ produce a token
sequence τ(x) = {w1, . . . , wn} with associated token indices X ∈ Nn and attention mask
A ∈ {0, 1}n. The contextual embeddings H = M(X, A) ∈ Rn×d encode token-level
semantic representations, where d is the embedding dimension.

To derive a compact representation for x, we apply mean pooling over valid tokens as
determined by the attention mask:

ex =
∑n

i=1 Ai · Hi

∑n
i=1 Ai

,

Given an input instance x = (q, c), where q is a question and c is a comment, we
define a granular segmentation function that decomposes c into a sequence of semanti-
cally coherent subunits, referred to as granules. Let m denote the number of extracted
granules. Then,

c 7→ (g1, g2, . . . , gm), where gj ∈ X , 1 ≤ j ≤ m.
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Each granule gj captures a distinct semantic unit within the original comment c,
facilitating localized alignment with the task context.

Each granule gj represents a partial knowledge structure embedded in the comment c.
For each granule gj, we compute the corresponding mean-pooled embedding egj . To quan-
tify the alignment between the question and each granule, we compute their semantic
proximity using cosine similarity:

sj = cos(eq, egj) =
eq · egj

∥eq∥ · ∥egj∥
.

These similarity scores induce a granularity-based ranking over the comment:

S = {(gj, sj)}m
j=1.

The top-k granules with the highest relevance to the question are selected as follows:

Topk(q, c) = {gj | sj ranks among the top k}.

These granules serve as semantically enriched units of information and are used
to augment the feature space for downstream classification. Each data instance is then
represented as a tuple:

(q, c, Topk(q, c), y),

where y is the binary label. Algorithm 1 shows the proposed granulation algorithm.
This algorithm describes the construction of coarse-grained granules by selecting the most
query-relevant context fragments. Lines 1–3 define the input multilingual dataset, tokenizer,
encoder, and top-k parameter; initialize the output augmented dataset; and prepare the
algorithm state. Lines 4–5 iterate over each instance and partition the context c into
syntactically or discourse-motivated fragments. Lines 6–8 tokenize and encode the query q,
then compute a pooled query embedding via attention-weighted averaging. Lines 9–15
process each context fragment, where the fragment is tokenized and encoded, and a pooled
fragment embedding is computed. Cosine similarity between the query and fragment
embeddings is then calculated, and the resulting similarity score is stored. Lines 16–17
rank all fragments by similarity and select the top-k most relevant fragments to form the
coarse-grained granule Ftop, which is then paired with the original label and added to
the augmented dataset. Finally, Line 18 returns the constructed dataset E, containing
query-aligned, relevance-filtered context representations.

Multilingual stance detection involves variability due to morphological differences,
syntactic ordering, and language-specific lexical expressions. Directly modeling full raw se-
quences can amplify this variability and obscure signals relevant to stance. The granulation
algorithm addresses this challenge by extracting semantically coherent fragments, enrich-
ing the feature space with additional informative patterns. During training, the model uses
these patterns to better understand the relationships between textual elements, improv-
ing its ability to distinguish subtle differences between stances in the feature space. This
granulation process operates across languages and is designed to support any language,
enabling the model to consistently extract semantically coherent fragments regardless of
linguistic structure.
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Algorithm 1 Constructing coarse-grained granules

1: Input: Multilingual datasetD = {(qi, ci, yi)}N
i=1, tokenizer T , encoderM, top-k parameter k ∈ N

2: Output: Augmented dataset E = {(Ftop, y)}
3: Initialize E ← ∅
4: for each instance (q, c, y) ∈ D do
5: Partition c into fragments Fc = { f1, . . . , fM} using syntactic/discourse cues
6: Tokenize q→ (Xq, Aq) = T (q)
7: Encode Xq → Hq =M(Xq, Aq)
8: Compute pooled query embedding:

vq =
∑
|Xq |
j=1 A(j)

q · H
(j)
q

∑
|Xq |
j=1 A(j)

q

9: Initialize similarity list S← ∅
10: for each f ∈ Fc do
11: Tokenize f → (X f , A f ) = T ( f )
12: Encode X f → H f =M(X f , A f )
13: Compute pooled fragment embedding:

v f =
∑
|X f |
j=1 A(j)

f · H
(j)
f

∑
|X f |
j=1 A(j)

f

14: Compute cosine similarity:

s f =
⟨vq, v f ⟩
∥vq∥ · ∥v f ∥

15: Add ( f , s f ) to S
16: end for
17: Sort S by descending s f and select top-k fragments to form Ftop
18: Append (Ftop, y) to E
19: end for
20: return E

3.2. Graph Convolutional Network

Conventional stance detection approaches primarily rely on sequential modeling,
which may overlook certain token-level interactions beyond standard positional encoding.
To model local structural relationships more explicitly, a graph is constructed for each input
sentence, and a graph convolutional network is applied over this structure.

The adjacency matrix follows a shifted identity pattern, creating connections be-
tween each token and its immediate neighboring token. This design encodes short-range
contextual dependencies within the sentence, allowing adjacent tokens to directly ex-
change information through graph convolution operations. Rather than modeling full
syntactic structures, the GCN focuses on enhancing local token interactions, reinforcing
short-distance linguistic patterns that may be important for stance representation. By
integrating these locally structured representations, the model refines contextual features
before passing them to the quantum-inspired feature interaction module.

3.3. Quantum-Inspired Feature Extraction

Stance detection involves more than identifying isolated lexical cues; it requires cap-
turing how expressions position themselves with respect to a target in context. Support and
opposition are often conveyed through subtle semantic shifts, implicit evaluations, or the
interaction between different components of an instance, such as the relationship between
a question and its associated comment. A quantum-probability-inspired complex-valued
representation encodes textual features in a form where amplitude reflects the strength
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of a semantic signal, while phase represents how that signal relates to other features in
the same context. This makes it possible to account for interaction patterns such as re-
inforcement or contrast. Such modeling is especially relevant in sentences containing
negation, contrast, or indirect expressions of support. Rather than treating features as
independent numerical values, this formulation captures their interdependence, producing
representations that more accurately reflect argumentative orientation than conventional
real-valued embeddings.

To capture high-order dependencies and complex-valued interactions among token
representations, a component of the proposed model presents a quantum-probability-
inspired complex-valued mechanism that operates over the output of a graph convolutional
layer. By using principles from quantum computation, such as complex vector representa-
tions and phase-based modulation, the model constructs a richer, more expressive feature
space that enhances its ability to distinguish subtle semantic patterns. The notation and
conceptual framework are inspired by the quantum-inspired approaches introduced by
Shi et al. [61] and Lai et al. [62]. Unlike purely real-valued transformations, complex-valued
representations allow information to be encoded jointly in amplitude and phase. This
double encoding mechanism brings useful patterns to the feature space. The latter feature
is conceptually related to the idea of superposition and interference. It is worth noting that
quantum-inspired does not signify the utilization of the hardware of quantum mechanics.
Instead, it signifies the mathematical structure of complex Hilbert space. The goal is to
embed quantum probabilistic geometry into a classical deep learning framework.

Let H ∈ RB×T×d denote the batch-wise token-level output of the transformer-based
model, where B is the batch size, T is the sequence length, and d is the embedding dimension.

We define a batch-wise adjacency matrix A ∈ RB×T×T , where each A(b) is a shifted
identity matrix that captures local connectivity:

A(b) = Roll(IT , 1), for b = 1, . . . , B

where IT ∈ RT×T is the identity matrix and Roll shifts each row downward by one.
The graph convolution operation is defined as:

H′ = ReLU(AHW + b)

where W ∈ Rd×d′ is a learnable projection matrix, b ∈ Rd′ is a learnable bias vector (broad-
casted across batches and time steps), and H′ ∈ RB×T×d′ is the updated representation.

The graph structure is incorporated prior to the quantum-inspired mapping in the
graph-based transformation. This allows local dependencies and phase-aware feature
representations to be captured simultaneously within a single framework.

To model richer feature interactions, the GCN output H′ ∈ RB×T×d′ is projected
into a quantum-inspired complex-valued space using a learnable projection matrix
Wmag ∈ Rd′×d′ :

M = H′Wmag ∈ RB×T×d′ .

Here, M signifies the magnitude component of the complex representation.
A learnable tensor of phase angles θ ∈ R1×T×d′ is introduced to simulate quantum-

phase encoding. The real and imaginary parts of the complex-valued representation are
computed as:

ℜ(M) = cos(θ)⊙M, ℑ(M) = sin(θ)⊙M,

where ⊙ denotes element-wise multiplication. The above formulation is equivalent to
the formula for representing each characteristic in polar form, which directly maps into a
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complex vector space. The resulting quantum-inspired activation is computed by summing
the squared magnitudes of the real and imaginary components:

Q = ℜ(M)2 +ℑ(M)2 ∈ RB×T×d′ .

This computation corresponds to the squared magnitude of a complex vector, analo-
gous to measuring probability amplitudes in quantum mechanics. Although the operation
is performed on classical hardware, the magnitude-based aggregation maintains the relative
phase angles in the complex-valued representations. In this context, the phases correspond
to the learnable parameters that modulate the real and imaginary components of each
feature, effectively encoding contextual relationships between token representations.

To aggregate this feature matrix, an attention-based pooling mechanism is applied.
A learnable context vector u ∈ Rd′ is used to compute attention weights over the
token dimension:

αi =
exp(u⊤Qi)

∑T
j=1 exp(u⊤Qj)

for i = 1, . . . , T,

where Qi ∈ Rd′ denotes the representation of the i-th token. The aggregated vector
z ∈ RB×d′ is then obtained via a weighted sum:

z =
T

∑
i=1

αiQi.

The step is equivalent to an operator that extracts the most important quantum-
inspired information based on the learned weights. This pooled representation is passed
through a two-layer feedforward network for classification:

h1 = ReLU(z), h2 = Dropout(h1),

ŷ = softmax().

The output ŷ denotes the predicted class probabilities. The model is trained using
sparse categorical cross-entropy loss and optimized via the Adam optimizer.

In this paper, quantum theory is used as a mathematical inspiration rather than as
a physical computational model. In the proposed QFIM, semantic interactions are repre-
sented through amplitude-based feature transformations, where the magnitude of each
component reflects the strength of a semantic signal. This formulation allows multiple con-
textual cues to be represented jointly, enabling the model to capture overlapping semantic
influences within a text segment instead of forcing them into a single linear representa-
tion. In addition, relationships between contextual elements are modeled through the
phase (alignment) parameters within the QFIM layer, which regulate how features in-
teract with one another and provide a mechanism for capturing complex dependencies
across components.

A key distinction between classical attention mechanisms and the QFIM-based ap-
proach lies in the way information is aggregated. Classical attention combines features
through weighted linear summation, which primarily reflects relative importance. In con-
trast, QFIM models interactions through amplitude-driven feature composition, where
relationships between concepts are encoded through their interaction strength rather than
only through additive weighting. This interaction-based formulation facilitates the repre-
sentation of hierarchical and interdependent semantic structures, supporting more effective
modeling of complex linguistic dependencies.
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3.4. Model Variants

To enhance the model’s performance, several variants of the proposed model were
constructed and combined using an ensemble strategy based on the maximum voting
method. The considered variants are as follows:

• Quantum-based deep learning model, GCN, and granulation with Global Max Pooling.
• Only the Quantum-based deep learning model, excluding GCN and granulation.
• Quantum-based deep learning model and GCN, without granulation.
• Full architecture with quantum-based deep learning model, GCN, and granulation.
• Quantum-based deep learning model and granulation, without GCN.

The architecture of our proposed quantum-probability-inspired complex-valued deep
learning model for multilingual stance detection is illustrated in Figure 1. The model
processes multilingual input data through a series of stages, integrating granulation, graph
convolution, and QFIM to produce a stance prediction.

The process begins with the Multilingual Input (X = (q, c)) (Node 1), where q rep-
resents the question and c denotes the comment. This input is processed by a Pretrained
Contextual Language Model (M) (Node 2), such as XLM-RoBERTa, to generate contextual
embeddings, denoted as H. These embeddings serve as the foundation for subsequent
processing, splitting into two parallel paths.

The first path, labeled “Granulation,” focuses on extracting fine-grained features from
the comments and questions. This branch comprises four steps:

• Partition Comment (c 7→ { f1, . . . , fM}) (Node 3): The context c is divided into a set of
feature segments { f1, . . . , fM}.

• Pooled Embeddings (vq, v f ) (Node 4): Embeddings are pooled to produce vectors vq

for the query and v f for each feature segment.
• Cosine Similarity (s f = cos(vq, v f )) (Node 5): The similarity between vq and v f is

computed using cosine similarity, yielding a score s f .
• Top-k Granules (Topk(q, c)) (Node 6): The top-k most relevant granules are selected

based on the similarity scores.

The granulation branch finishes up at the Augmented Feature Space (Ftop) (Node 7),
where it gathers the top-k granules and turns them into a beefed-up feature set for the
next steps. This output is then fed into the main processing pipeline via a black arrow,
connecting to the Graph Convolutional Layer.

The contextual embeddings H are directly processed by the Graph Convolutional
Layer (H′ = ReLU(AHW + b)) (Node 8). This layer applies a graph convolution operation.
The ReLU activation function produces the updated feature matrix H′, which is passed to
the next stage, labeled H′.

The subsequent stage involves quantum-inspired feature processing:

• Project to Complex Space (M = H′Wmag) (Node 9): The features H′ are projected into
a complex space using a magnitude weight matrix Wmag, yielding M.

• Phase Modulation (ℜ(M) = cos(θ)⊙M) (Node 10): The real part of M is modulated
by element-wise multiplication with cos(θ), where θ is a phase angle.

• Quantum Activation (Q = ℜ(M)2 +ℑ(M)2) (Node 11): A quantum-inspired activa-
tion function computes Q as the sum of the squares of the real (ℜ(M)) and imaginary
(ℑ(M)) parts of M.

• Attention Pooling (z = ∑ αiQi) (Node 12): An attention mechanism pools the features
into a vector z, using attention weights αi to combine elements Qi.

The output z from the QFIM stage is fed into a Feedforward Network + Softmax
(ŷ = softmax(·)) (Node 13), which performs classification to produce the predicted prob-
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abilities ŷ. Finally, the Stance Prediction (ŷ) (Node 14) represents the model’s output,
indicating the predicted stance (favor or against).

Figure 1. Architecture of the proposed quantum-probability-inspired complex-valued deep learning
model for multilingual stance detection.

4. Experimental Results
In this section, the results and data obtained from the experimental evaluation of the

proposed model are presented and analyzed.

• Experimental Setup

The model was trained for 10 epochs with a batch size of 64, using the Adam optimizer
and a learning rate of 2× 10−5. Input sequences were either padded or truncated to a fixed
length of 128 tokens. Contextual token embeddings were generated using the pre-trained
XLM-RoBERTa-large-XNLI model. These embeddings were processed through a GCN
layer with a hidden dimension of 256 to capture local structural information. A QFIM with
a hidden dimension of 128 was subsequently applied to enrich feature representations.
Token-level features were aggregated using an attention pooling mechanism, and the
resulting vector was passed through a dense layer with 64 units and ReLU activation,
followed by a dropout layer with a rate of 0.3. The final predictions were obtained from
a softmax classification layer. All experiments were executed in TensorFlow within the
Google Colab environment, with GPU acceleration to optimize training efficiency.

The dataset used in this study [8] was divided into three subsets: 8000 instances for
training, 3926 for validation, and 15,000 for testing. The dataset contains data in German,
French, and Italian.

4.1. Evaluation Metrics

Model performance was evaluated using standard classification metrics to enable
comparisons with baseline approaches, as defined in Equations (1)–(6). These metrics
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rely on four possible classification outcomes. True Positives (TP) are instances correctly
predicted as positive, True Negatives (TN) are instances correctly predicted as negative,
False Positives (FP) are negative instances incorrectly predicted as positive, and False
Negatives (FN) are positive instances incorrectly predicted as negative. Based on these
outcomes, the following metrics were computed:

• Precision (Positive Class): the proportion of predicted positives that are correct.
• Recall (Positive Class): the proportion of actual positives correctly identified.
• Precision (Negative Class): the proportion of predicted negatives that are correct.
• Recall (Negative Class): the proportion of actual negatives correctly identified.
• F1 Score: the harmonic mean of precision and recall.
• Accuracy: the proportion of all instances correctly classified.

Precision (Positive Class) =
TP

TP + FP
(1)

Recall (Positive Class) =
TP

TP + FN
(2)

Precision (Negative Class) =
TN

TN + FP
(3)

Recall (Negative Class) =
TN

TN + FN
(4)

F1 Score = 2× Precision× Recall
Precision + Recall

(5)

Accuracy =
TP + TN

TP + TN + FP + FN
(6)

All evaluations were conducted using both validation and test datasets to ensure
robust and generalizable results.

• Ablation study

The ablation study is used as a systematic approach to evaluate the individual con-
tribution of key components within the proposed model by incrementally removing or
altering them and observing the resulting changes in performance. The following model
configurations were examined:

1. The pretrained large language model XLM-RoBERTa-large-XNLI was solely utilized
without any architectural modifications.

2. A configuration was used in which the quantum model, GCN layer, and granulation
mechanism were integrated, with the attention pooling layer replaced by a Global
Max Pooling operation.

3. A configuration was evaluated where only the quantum model was used, and both
the GCN layer and the granulation mechanism were excluded.

4. A setup was tested in which the quantum model and GCN layer were combined,
while the granulation mechanism was omitted.

5. The complete proposed architecture was implemented by integrating the quantum
model, GCN layer, and granulation mechanism.

6. A configuration was applied in which the quantum model and granulation mechanism
were included, but the GCN layer was removed.

7. An ensemble approach was employed, aggregating predictions from the five afore-
mentioned configurations (steps 2 to 5) to evaluate the effect of model diversity.

Table 2 illustrates the contribution of different architectural components to overall
model performance. Using only the pretrained language model (PLM) produced a reason-
ably strong baseline. Adding the quantum model, GCN layer, and Global Max Pooling
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provided modest improvements, particularly in the validation F1 scores for class 0. When
granulation was excluded while retaining the quantum model and GCN, test performance
decreased slightly, highlighting the usefulness of the granulation mechanism. Removing
both the GCN and granulation layers still yielded competitive results, indicating that the
quantum model alone provides substantial representational capacity. The complete model,
integrating the quantum model, GCN, and granulation, achieved the best overall perfor-
mance with balanced F1 scores across classes. An ensemble of quantum-based models
further improved results on both validation and test sets, achieving the highest observed
accuracy (79.57% on validation, 79.25% on test) and balanced F1 scores (79.64% and 79.50%
on validation; 78.48% and 79.96% on test), confirming the additive value of each component
and the benefits of ensemble integration.

Table 2. Performance comparison of model configurations on validation and test datasets.

Method Split Accuracy Prec 0 Pre 1 Rec 0 Rec 1 F1_0 F1_1

PLM 1 only Val 78.58 79.76 77.48 76.72 80.45 78.21 78.94
Test 76.19 76.18 76.19 73.37 78.79 74.75 77.47

QFIM + GCN + MaxPool Val 78.71 76.71 81.04 82.56 74.83 79.53 77.81
Test 77.07 74.04 80.39 80.50 73.91 77.13 77.01

Quantum 2 Val 77.25 77.29 77.22 77.33 77.18 77.31 77.20
Test 77.21 76.45 77.90 75.95 78.37 76.20 78.14

QFIM + GCN 3 Val 78.25 78.91 77.61 77.22 79.28 78.06 78.43
Test 76.13 75.04 77.15 75.38 76.83 75.21 76.99

Full model 4 Val 78.37 78.96 77.81 77.48 79.28 78.21 78.53
Test 77.64 77.47 77.79 75.36 79.74 76.40 78.75

QFIM + Gran − noGCN 5 Val 76.85 77.18 76.52 76.36 77.34 76.77 76.92
Test 76.43 75.19 77.59 76 76.82 75.59 77.20

QFIM Ensemble 6 Val 79.57 79.52 79.62 79.77 79.38 79.64 79.50
Test 79.25 78.18 80.25 78.78 79.68 78.48 79.96

1 Xlm-roberta-large-xnli; 2 (no GCN, Granulation); 3 without Granulation; 4 (QFIM + GCN + Granulation);
5 QFIM + Granulation without GCN; 6 Ensemble of all QFIM variations.

The radar chart in Figure 2 compares validation and test accuracy along with class-
wise F1 scores, providing a clear visual representation across models. The ensemble of
QFIM variations achieved the highest scores, reflecting both strong overall accuracy and
balanced performance across classes on unseen test data. The full model (QFIM + GCN +
Granulation) followed closely behind, significantly improving F1 for Class 1 on the test set,
indicating enhanced sensitivity to class-specific patterns. Models that excluded either GCN
or granulation exhibited noticeable reductions in test accuracy and class-wise F1 scores.

• Analysis of Validation Results

Table 3 shows how different models performed on the validation dataset. The Pro-
posed Model stood out by achieving the highest overall accuracy at 79.57%. More im-
portantly, it maintained a well-balanced performance across both classes, with F1-scores
of 79.64 for class 0 and 79.50 for class 1. This suggests it generalizes well and handles
both classes equally, without favoring one over the other. Among the baseline models,
XLM-RoBERTa and Multilingual-e5-large came closest, reaching an accuracy of 78.58% and
75.34% showing similarly balanced F1-scores. This highlights its strength as a multilingual
pretrained model and confirms its reliability for tasks involving multiple languages. Other
pretrained language models, such as LaBSE and mBART, exhibited relatively modest perfor-
mance. Traditional models like Logistic Regression and SGD Classifier also performed well,
with accuracies between 69% and 71%. Although they do not match the transformer-based
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models in terms of accuracy, they still provide consistent results and are much easier to
interpret, making them good options for simpler or resource-limited settings. Tree-based
models performed moderately well too. Random Forest achieved an accuracy of 70.78%,
showing that it could still compete thanks to its ensemble structure. Gradient Boosting,
on the other hand, had a stronger recall for class 0 (72.69) but struggled with class 1 (recall
of 57.50). This imbalance might be due to its sensitivity to noise or overfitting to certain
patterns in the training data. Other traditional models such as Naive Bayes, Decision
Tree, and K-Nearest Neighbors (KNN) showed moderate performance, with accuracies
ranging from 62% to 66%. These models generally found it more difficult to capture the
complexity of class 1, which affected their overall effectiveness. Neural models like CNN,
CNN-BiLSTM, and Transformer did not perform as well, with accuracies falling below 60%.
Their weaker results may be due to a lack of deep contextual understanding or insufficient
training on multilingual data. The Hierarchical Attention Network (HAN) showed a pro-
nounced class imbalance, achieving perfect recall for class 0 but failing entirely on class 1,
leading to an overall accuracy of 49.90%. This indicates difficulty in capturing features
distinguishing class 1.

Figure 2. Radar chart comparing validation and test performance across model configurations.

In conclusion, these results clearly highlight the strength of pretrained transformer
models, particularly multilingual ones. The proposed model goes a step further by not
only achieving the highest accuracy but also maintaining strong balance across both classes.
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This demonstrates a clear improvement over all baselines and confirms its effectiveness on
the validation set.

Table 3. Comparison of performance of deep Learning and machine learning models against the
proposed model in multilingual stance detection under validation data.

Model Prec 0 Rec 0 F1 0 Prec 1 Rec 1 F1 1 Accuracy

Logistic Regression 71.39 71.82 71.60 71.76 71.33 71.55 71.57

Naive Bayes 65.85 68.81 67.30 67.48 64.46 65.94 66.63

Decision Tree 61.69 63.04 62.36 62.37 61.01 61.68 62.02

KNN 66.29 62.94 64.57 64.86 68.12 66.45 65.54

Random Forest 69.80 73.05 71.39 71.86 68.53 70.15 70.78

Gradient Boosting 63.01 72.69 67.50 67.89 57.50 62.26 65.08

SGD 70.24 68.81 69.52 69.56 70.97 70.26 69.89

Multilingual BERT [63] 68.45 59.47 63.64 64.30 72.70 68.24 66.10

XLM-RoBERTa [64] 79.76 76.72 78.21 77.48 80.45 78.94 78.58

CNN-BiLSTM [65] 59.37 49.31 53.88 56.81 66.40 61.23 57.87

Transformer [52] 56.79 70.24 62.80 61.21 46.77 53.03 58.48

CNN [66] 57.22 73.20 64.23 63.03 45.50 52.85 59.32

HAN [67] 49.90 100 66.58 0 0 0 49.90

Multilingual-e5 [68] 74.76 76.37 75.56 75.95 74.33 75.13 75.34

MBART [69] 67.07 61.56 64.20 64.61 69.90 67.16 65.74

LaBSE [70] 73.11 66.77 69.80 69.54 75.55 72.42 71.17

Proposed Model 79.52 79.77 79.64 79.62 79.38 79.50 79.57

• Analysis of Test Results

Table 4 shows the evaluation of all models on the unseen test dataset, providing
an assessment of their ability to generalize to new data. The proposed model achieved
the highest accuracy at 79.25%, while maintaining a balanced performance across classes,
with F1-scores of 78.48 for class 0 and 79.96 for class 1. This balance indicates that the model
performs consistently across categories. This is an important consideration for real-world
applications, where misclassification in either class could have significant consequences.

XLM-RoBERTa and Multilingual-e5-large performed well, achieving test accuracies
of 76.19% and 74.39%, respectively, with relatively balanced F1-scores. Their consistent
performance across validation and test sets demonstrates the effectiveness of multilingual
pretrained transformers for general-purpose classification tasks. Not all pretrained models
performed equally well; for example, mBART and LaBSE achieved only modest results
on the test data. The proposed model outperformed these baselines, attaining higher
overall accuracy and maintaining a more balanced performance across both classes. This
suggests that it can overcome some limitations of existing pretrained models, particularly
in challenging classification scenarios.

Traditional machine learning models, such as Logistic Regression and SGD, showed
relatively low performance, with accuracies between 63% and 65%. These models remain
valuable due to their simplicity and low computational requirements, making them useful
as baseline comparisons. However, their performance varied across classes, suggesting
difficulty in capturing patterns for certain categories.
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Table 4. Comparison of performance of deep learning and machine learning models against the
proposed model in multilingual stance detection under test data.

Model Prec 0 Rec 0 F1 0 Prec 1 Rec 1 F1 1 Accuracy

Logistic Regression 66.87 62.40 64.56 62.37 66.83 64.52 64.54

Naive Bayes 62.24 60.20 61.20 58.75 60.82 59.77 60.50

Decision Tree 57.23 54.87 56.03 53.64 56.02 54.80 55.43

KNN 58.73 60.19 59.45 56.12 54.62 55.36 57.50

Random Forest 62.48 69.02 65.59 62.57 55.55 58.85 62.52

Gradient Boosting 59.42 71.55 64.92 60.93 47.59 53.44 59.99

SGD 66.51 58.90 62.48 60.73 68.19 64.25 63.38

Multilingual BERT [63] 67.60 58.43 62.68 60.78 69.70 64.94 63.85

XLM-RoBERTa [64] 76.18 73.37 74.75 76.19 78.79 77.47 76.19

CNN-BiLSTM [65] 57.24 48.61 52.57 52.20 60.71 56.13 54.42

Transformer [52] 54.42 67.25 60.16 52.44 39.07 44.78 53.71

CNN [66] 57.09 72.78 63.99 58.09 40.82 47.95 57.43

HAN [67] 51.75 100 68.21 0 0 0 51.75

Multilingual-e5 [68] 74.24 77.67 75.91 74.57 70.84 72.65 74.39

MBART [69] 66.63 59.94 63.11 60.90 67.52 64.04 63.58

LaBSE [70] 72.25 68.80 70.48 67.90 71.41 69.61 70.05

Proposed Model 78.18 78.78 78.48 80.25 79.68 79.96 79.25

Ensemble-based models such as Random Forest and Gradient Boosting produced
mixed results. Random Forest achieved a test accuracy of 62.52% and demonstrated strong
recall for class 0 at 69.02%, but performance on class 1 was lower. Gradient Boosting
similarly showed high recall for class 0 at 71.55%, while recall for class 1 dropped to 47.59,
reducing its overall accuracy to 59.99%.

Multilingual BERT experienced a slight drop compared to its validation performance,
reaching 63.85% on the test set. This decrease may reflect mild overfitting or subtle domain
differences between training and test data. The relatively weak performance emphasizes
the need for careful fine-tuning or regularization strategies.

In contrast, models such as CNN, CNN-BiLSTM, and Transformer performed notably
worse than their pretrained counterparts, with test accuracies between 53% and 57%. This
suggests that, without pretrained knowledge, these models struggled to extract meaningful
features from the available training data. The results underscore the importance of leverag-
ing pretrained models, which provide a strong foundation for handling complex language
patterns in text classification tasks.

The HAN model encountered significant difficulties on the test data. Although it
achieved perfect recall for class 0, it failed to identify any instances of class 1, resulting in
a class 1 recall of 0% and an overall accuracy of 51.75%. This behavior indicates that the
model defaulted to predicting a single class, likely due to extreme class imbalance, limited
training capacity, or insufficient regularization. Without major adjustments, its applicability
remains limited.

Overall, these test results confirm the robustness of the proposed model. It achieves
the highest overall accuracy while maintaining balanced performance across both classes,
a level of fairness that other models did not achieve. Traditional and tree-based models pro-
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vide reasonable performance, and pretrained transformers such as XLM-RoBERTa remain
strong models; however, the proposed model clearly outperforms all of these approaches.

The strong performance of the proposed model can be attributed to the integra-
tion of the quantum-inspired feature interaction module and the granulation mechanism.
These components jointly enhance the model’s ability to capture subtle and structured
patterns in multilingual text, supporting accurate stance classification. The QFIM models
complex, non-linear, and high-order semantic relationships through amplitude-based inter-
actions, enabling the representation of dependencies that conventional architectures may
not fully capture.

The granulation algorithm further refines the feature space by constructing seman-
tically coherent textual units based on contextual embedding similarity. This process
strengthens alignment between related text segments and provides a richer representa-
tion of nuanced linguistic structures. The combination of these mechanisms supports
stable generalization and balanced performance across classes, leading to consistent im-
provements over baseline approaches and demonstrating the effectiveness of integrating
quantum-probability-inspired complex-valued modeling with granular computing in mul-
tilingual stance detection.

Figure 3 presents the generalization performance of the evaluated models, high-
lighting the differences in accuracy between validation and test phases. The proposed
quantum-probability-inspired complex-valued deep learning model records the highest
accuracy in both settings, indicating stable performance across varying data distributions.
The following observations can be drawn from Figure 3:

1. Generalization in the proposed model: Traditional models such as Logistic Regression
and SGD achieve reasonable validation accuracy but experience noticeable declines
on the test set (e.g., approximately 7% for Logistic Regression). This pattern indicates
sensitivity to validation-specific characteristics and limited adaptability to unseen
data. Random Forest and Gradient Boosting show similar trends, with performance
decreasing from validation to test (for example, Gradient Boosting declines from
65.08% to 59.99%). In comparison, the proposed model maintains stable performance
across both distributions.

2. Challenges for non-pretrained transformer models: Models such as Transformer
and CNN-BiLSTM, which lack extensive pretraining, exhibit weak performance and
noticeable variation between validation and test phases. This pattern indicates the
importance of large-scale pretraining and careful fine-tuning for multilingual stance
detection tasks.

3. HAN performance under class imbalance: The HAN achieves perfect recall for class 0
but fails to correctly identify instances of class 1, resulting in a test accuracy of 51.75%.
This outcome suggests strong bias toward a single class and limited robustness under
imbalanced conditions.

4. XLM-RoBERTa performance: XLM-RoBERTa maintains stable accuracy across val-
idation (78.58%) and test (76.19%) sets, outperforming all baseline models ex-
cept the proposed approach. This consistency reflects the benefits of large-scale
multilingual pretraining.

5. Limitations of CNN-based models: CNN, CNN-BiLSTM, and non-pretrained Trans-
former architectures consistently show lower performance. These results suggest
that convolutional features and standard attention mechanisms may not sufficiently
capture complex cross-sentence dependencies in multilingual stance detection.
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Figure 3. Comparison of validation and test accuracy for various machine learning and deep learning
models on the multilingual stance detection task.

Figure 4 presents the F1 scores for classes 0 and 1 across both validation and test sets,
providing a detailed view of model behavior in the multilingual stance detection task.
The following observations provide insight into class-specific performance patterns:

1. Class-balanced stability of the proposed model: The proposed model achieves nearly
identical F1 scores for both classes on the validation set (79.64 for class 0, 79.50 for
class 1) and the test set (78.48 for class 0, 79.96 for class 1). The small maximum
deviation of approximately 1.5 points indicates that the combination of the quantum-
inspired feature interaction module and the granulation mechanism effectively cap-
tures detailed semantic patterns for both classes, maintaining consistent performance
across linguistic and distributional variations.

2. Class-specific performance disparities: F1 scores indicate that most models, with the
exception of the proposed model and XLM-RoBERTa, show significant differences
in performance between classes 0 and 1, especially on the test set. For example,
Gradient Boosting achieves a test F1 score of 64.92 for class 0 but only 53.44 for class 1,
a gap of approximately 11.5 points. This pattern suggests that class 1, which may
represent more complex linguistic structures, is more challenging, potentially due to
the diversity present in the multilingual dataset.

3. Model complexity versus performance: Figure 4 indicates that simpler models, such
as Logistic Regression and Naive Bayes, sometimes outperform more complex non-
pretrained neural models, including CNN and Transformer, in terms of F1 scores,
particularly for class 1. For instance, Logistic Regression achieves a test F1 of 64.52
for class 1, compared with 47.95 for CNN. This observation suggests that increased
architectural complexity alone does not ensure improved performance in multilin-
gual stance detection, especially in the absence of extensive pretraining or effective
feature representation.

In response to Research Question 1, the results indicate that the proposed quantum-
inspired model with the feature interaction module outperforms traditional transformer-
based models, such as XLM-RoBERTa, in multilingual stance detection. For Research
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Question 2, the context-aware granulation mechanism enhances the model’s capacity to
identify complex stance structures across languages by generating semantically coherent
textual granules.

Figure 4. Comparison of F1 scores for deep learning and machine learning models versus the
proposed model in multilingual stance detection.

Although the primary focus of this study is not on optimizing computational time,
and despite the general consensus that deep learning models tend to have higher time
complexity, the combined training and prediction times for all models were measured and
compared with their accuracy in Table 5. Models such as Multilingual BERT exhibit lower
computational cost but also achieve lower accuracy. In contrast, the proposed model attains
the highest accuracy among all models while maintaining a moderate computational cost.
For instance, compared with the Multilingual-e5-large model, the proposed model shows
higher accuracy with reduced computational time.

Table 5. Training and Prediction Time and Accuracy of Different Models.

Model Training + Prediction Time Accuracy (%)

Multilingual-e5-large 94 min 55.94 s 74.39
Multilingual BERT 20 min 01.46 s 63.85
XLM-RoBERTa 64 min 20.86 s 76.19
LaBSE 56 min 16.09 s 70.05
Proposed Model 82 min 45.06 s 77.64

The key findings of this paper can be summarized as follows:

1. The proposed quantum-probability-inspired complex-valued deep learning model
improves multilingual stance detection by capturing complex semantic relationships
using the proposed granulation algorithm and quantum-inspired feature extraction.

2. A new context-aware granulation mechanism, based on contextual embedding, aug-
ments the feature space with semantically coherent textual granules, improving
question–comment alignment and enhancing the model’s robustness in handling
detailed stance detection across languages.

3. Extensive experiments on benchmark datasets demonstrate that the proposed model
outperforms state-of-the-art methods, achieving the highest accuracy and balanced F1
scores, emphasizing the additive value of combining quantum-inspired and granular
computing techniques to address semantic ambiguity and cross-lingual variability.

4.2. Error Analysis

In this subsection, we present a detailed error analysis of the proposed model (due
to the computational intensity of the experiments, the model was run for four epochs).
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Figure 5 depicts the model’s performance from an error analysis perspective, examining
how it behaves across different stance categories, text lengths, and languages. Clear varia-
tion appears at the stance level, where the AGAINST class achieves higher accuracy. This
performance gap indicates that the model is more effective at capturing AGAINST stances.

In contrast, the performance across different text lengths is much more stable. Short
and medium texts obtain very similar Accuracy and Macro-F1 scores, suggesting that the
model can reliably handle moderate differences in input length. A similar trend is observed
across languages, where the results remain consistent for German, French, and Italian,
with French showing a slight advantage. The close alignment between Accuracy and
Macro-F1 across languages further indicates balanced predictions and strong cross-lingual
generalization. Therefore, these results suggest that the model’s main challenge lies in
distinguishing between stance categories rather than dealing with variations in text length
or language.

Figure 5. Error analysis of the proposed model showing performance variations across stance
categories, text length groups, and languages.

The granulation parameter k plays an important role in controlling the level of se-
mantic detail retained by the proposed context-aware filtering mechanism. Specifically,
k determines how many query-relevant fragments are selected from the original com-
ment. As such, lower k values enforce stricter selection of contextual information, pro-
ducing a more compact and focused representation of the original comment. Conversely,
higher k values preserve more contextual content, which may introduce noisy or weakly
discriminative granules.

The sensitivity of class-wise F1 scores to varying values of k is illustrated in Figure 6.
The plot shows that when k = 2, the model achieves the highest and most balanced class-
wise F1 scores, with F10 = 78.48% and F11 = 79.96%. Afterwards, as k is increased, F1
values for Class 0 continue to decrease, while F1 values for Class 1 remain nearly constant.
These results indicate that as larger granularity sizes are incorporated, semantically weaker
information is reintroduced. Therefore, the granulation algorithm directly affects overall
performance when the size of the granules is changed.
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Figure 6. Sensitivity analysis for granulation parameter k on class-wise F1 scores (Test set). The ob-
tained results confirm that smaller k values provide a more balanced and discriminative approach,
with optimal values achieved at k = 2.

To provide a comprehensive evaluation of the proposed approach, its key advantages
and potential limitations are summarized as follows.

Strengths:

• Quantum-probability-inspired complex-valued design: The model employs a quantum-
inspired feature interaction module to produce enriched representations, enabling
it to capture non-linear and high-order dependencies that are often missed by
traditional models.

• Multilingual robustness: Through the integration of context-aware granulation and
graph-based reasoning, the model effectively addresses cross-lingual variability and
semantic ambiguity in multilingual stance detection.

• Component cooperation: The combination of granular computing, quantum-inspired
modules, and graph convolutional networks contributes to improved performance,
as demonstrated by ablation studies.

• Empirical performance: Benchmark evaluations indicate that the proposed model
surpasses state-of-the-art baselines, including multilingual transformers such as XLM-
RoBERTa and Multilingual-e5-large.

Limitations:

• Computational complexity: The inclusion of textual granules increases training
overhead, which may require more computational resources than simpler archi-
tectures. However, this cost is fixed and does not substantially affect overall
training performance.

• Interpretability challenges: The proposed model does not include built-in interpretabil-
ity features. Understanding the reasoning behind model predictions is important for
building trust, diagnosing errors, and ensuring responsible use.

• Limited testing: Evaluation was conducted only on a benchmark dataset. Applying
the proposed model to large-scale multilingual data with noisy, informal, or highly
varied content could present additional challenges.

• Lack of experimentation on physical quantum hardware: Simulations were not per-
formed on actual quantum devices due to the current limitations of noisy intermediate-
scale quantum (NISQ) systems, which have restricted qubit counts and non-negligible
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error rates. These constraints can affect computational outcomes and hinder a thor-
ough empirical evaluation of the theoretical contributions. Moreover, the limited
availability of quantum hardware remains an additional practical constraint.

5. Conclusions
This study presented a novel quantum-probability-inspired complex-valued deep

learning model for multilingual stance detection, integrating principles from granular
computing and quantum theory to address semantic ambiguity and cross-lingual vari-
ability. The model incorporated a quantum-inspired feature interaction module that cap-
tured complex, high-order, and non-linear semantic dependencies through amplitude-
based interactions, emulating quantum phenomena such as superposition and interference.
A context-aware granulation mechanism, based on contextual embedding similarity, ex-
tracted semantically coherent text granules, enhancing question–comment alignment and
enriching the feature space with interpretable substructures. Combined with graph convo-
lutional networks, these components enabled effective modeling of nuanced stance cues
across diverse languages. Experiments on benchmark datasets demonstrated that the
model consistently outperformed state-of-the-art models, achieving the highest accuracy.
The ablation study confirmed the additive value of each component, with the ensemble of
quantum-inspired variants further enhancing performance. Compared to baseline models,
including pretrained transformers like XLM-RoBERTa and traditional machine learning
approaches, the model showed superior generalization and robustness, particularly in
maintaining class-balanced performance across multilingual data. From a theoretical per-
spective, the study integrates quantum-inspired principles and granular computing with
natural language processing, providing a novel approach to modeling complex semantic
relationships. From a practical perspective, the model demonstrates improved performance,
making it a useful tool for applications such as fake-news detection, sentiment analysis,
and policy recommendation systems, where accurate multilingual stance detection is es-
sential. While the proposed model achieved significant advancements in multilingual
stance detection, several directions for future research could further enhance its capabilities.
Future research could explore the performance of the model on larger and more diverse
multilingual datasets to assess its scalability and robustness across different languages
and domains. The quantum-inspired feature interaction module could be adapted for
other NLP tasks to evaluate its general applicability. Alternative granulation techniques,
such as those based on discourse analysis or syntactic structures, may further improve
the extraction of semantically coherent granules, enhancing alignment and interpretability.
Expanding the model to include additional languages would broaden its practical utility. Fi-
nally, developing methods to visualize and interpret quantum-inspired feature interactions
and granule contributions could offer deeper insights into the model’s decision-making
process, increasing transparency and trust for real-world applications.
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