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Abstract

Stance detection on social media is increasingly vital for understanding public opinion,
mitigating misinformation, and enhancing digital trust. This study proposes a modular
Multi-Task Learning (MTL) framework that jointly models stance detection and sentiment
analysis to address the emotional complexity of user-generated content. The architecture
integrates a RoBERTa-based shared encoder with BiCARU layers to capture both contextual
semantics and sequential dependencies. Stance classification is reformulated into three
parallel binary subtasks, while sentiment analysis serves as an auxiliary signal to enrich
stance representations. Attention mechanisms and contrastive learning are incorporated
to improve interpretability and robustness. Evaluated on the NLPCC2016 Weibo dataset,
the proposed model achieves an average F1-score of 0.7886, confirming its competitive
performance in emotionally nuanced classification tasks. This approach highlights the
value of emotional cues in stance inference and offers a scalable, interpretable solution for
secure opinion mining in dynamic online environments.

Keywords: stance detection; sentiment analysis; BiCARU; multi-task learning

MSC: 68T50; 68T05; 91F20

1. Introduction
Emotion-aware stance inference has emerged as a central research theme in Natural

Language Processing (NLP), as it seeks to capture not only an author’s explicit position to-
ward a target but also the emotional signals that shape such positions [1]. Unlike sentiment
analysis, which primarily identifies polarity, stance detection reveals whether an author is
supportive, opposing, or neutral with respect to a specific issue or entity. This dual per-
spective is particularly relevant in online discourse, where opinions are rarely expressed in
a purely rational form but are instead intertwined with affective cues, rhetorical strategies,
and context-dependent markers [2,3]. By integrating stance and sentiment, researchers
can better capture the layered complexity of human expression, which is essential for
understanding public opinion in dynamic and high-stakes environments.

The importance and timeliness of this research are underscored by the rapid evolution
of social media platforms. These platforms have transformed into open forums for self-
expression and repositories of vast amounts of user-generated content. While this provides
unprecedented opportunities for analysing patterns in public discourse, it also introduces
significant risks. Social media ecosystems are increasingly susceptible to misinformation,
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coordinated manipulation, and adversarial attacks, all of which threaten digital trust and
the integrity of online communication [4–6]. Emotion-aware stance inference can therefore
play a crucial role in addressing these challenges by identifying deceptive narratives,
supporting crisis response, and enabling more resilient online environments. Beyond
security, commercial and societal applications also benefit: analysing stance in consumer or
political discourse provides valuable insights into preferences, trends, and emerging issues,
thereby informing both business strategies and policy decisions [7,8].

Despite the close relationship between stance detection and sentiment analysis, con-
ventional approaches have historically treated them as separate tasks, thereby missing
opportunities to exploit their interdependence [9]. Advances in Transformer-based architec-
tures such as BERT, RoBERTa, and GPT have significantly improved contextual language
understanding [10], yet these models often lack task-specific mechanisms for robust stance
inference. Recent studies have demonstrated that Multi-Task Learning (MTL) can address
this gap by jointly optimising stance and sentiment objectives, enabling shared represen-
tation learning and improved generalisation [11,12]. Nevertheless, effectively integrating
emotional indicators into stance detection remains a technical challenge, involving ar-
chitectural design, feature fusion strategies, and robustness against noisy or adversarial
input [12–14].

In response to these challenges, the present study proposes a modular MTL framework
that incorporates sentiment-aware shared representations to enhance stance classification.
The framework leverages a RoBERTa encoder with BiCARU layers to capture both con-
textual semantics and sequential dependencies while reformulating stance detection into
parallel binary subtasks to reduce class interference. This design not only improves accuracy
but also enhances interpretability and resilience in dynamic online environments.

The contributions of this work are threefold:

• A data augmentation strategy based on back-translation is introduced to expand the
NLPCC2016-task4 Weibo dataset from 3K to 12K samples, thereby enhancing linguistic
diversity and contextual coverage.

• A dual-layered neural architecture is designed that integrates RoBERTa-based con-
textual embeddings with BiCARU layers to capture temporal and directional flow
in text.

• Sentiment analysis is incorporated as an auxiliary task within the MTL framework,
enabling emotional cues to act as complementary signals for stance inference across
varied topics.

2. Related Work
Stance detection systems must contend with the ambiguity, brevity, and evolving

semantics of social media discourse. To address these challenges, researchers have explored
increasingly sophisticated modelling strategies that go beyond surface-level features. By
combining statistical indicators with learned representations, and by leveraging both en-
semble methods and neural architectures, recent approaches have demonstrated improved
adaptability and precision across diverse platforms and topics [15,16].

2.1. Neural and Ensemble Advances

Early research on stance detection relied heavily on traditional machine learning
pipelines, in which the feature engineering stage was crucial. Lexical cues, syntactic
structures, and sentiment-related indicators were meticulously crafted and incorporated
into models such as Support Vector Machines (SVMs), Logistic Regression (LR), and
Random Forests (RFs) [17–19]. They often lacked robustness when handling the complexity
and ambiguity of social media discourse, while these methods were computationally
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lightweight and effective in low-resource scenarios. Subsequent studies have sought to
improve classification accuracy by fusing heterogeneous feature types and leveraging
ensemble strategies. For example, refs. [20,21] integrated statistical indicators with deep
text representations, applying SVMs, RFs, and GBDTs. By combining classifiers that had
been trained using different feature sets, the researchers demonstrated that statistical
features and learned deep representations could reinforce each other in the detection of
stances across diverse Weibo topics. Similarly, ref. [22] employed an ensemble of RF, GBDT,
and SVM models, revealing performance asymmetries. RFs were particularly effective at
identifying minority-class stances, while GBDTs were better at recognising majority-class
stances. This complementarity highlights the usefulness of multi-classifier systems for
optimising both precision and recall. The interplay between stance and sentiment has also
attracted attention. Refs. [23,24] introduced a Twitter dataset enabling simultaneous stance
and sentiment annotation towards predefined targets. Their methodology involved word-
and character-level N-grams, emotional features, and word embeddings within a linear
SVM framework, and they confirmed that affective signals can be pivotal for accurate stance
classification. However, conventional feature-engineering approaches have limitations
when it comes to generalising to unstructured, noisy text and adapting to new domains in
the absence of large labelled corpora. The transition to deep learning marked a turning point
by enabling automated feature extraction from raw text. In practice, conventional feature-
engineering approaches have limitations when it comes to generalising to unstructured,
noisy text and adapting to new domains in the absence of large labelled corpora [25,26].
The transition to deep learning marked a turning point by enabling automated feature
extraction from raw text. This transition reflects a broader evolution within machine
learning itself [27]. Traditional machine learning methods, such as SVMs and decision trees,
rely heavily on manually engineered features and predefined statistical assumptions. In
contrast, neural networks—particularly deep architectures—are capable of automatically
learning hierarchical representations from raw data [28,29]. Neural networks can be viewed
as a subset of machine learning models that use layered structures to extract increasingly
abstract features, enabling them to capture complex patterns in unstructured inputs such as
text, images, or speech. This shift from manual feature design to end-to-end representation
learning has significantly expanded the applicability and effectiveness of stance detection
systems [30,31].

Due to the powerful capabilities of neural networks, particularly Recurrent Neu-
ral Networks (RNNs) like Long Short-Term Memory (LSTM) [32], Gated Recurrent Unit
(GRU) [33], and Content-Adaptive Recurrent Unit (CARU) [34], they have become promi-
nent. These networks have become prominent due to their ability to capture both local and
sequential linguistic patterns. Hybrid designs have further extended this paradigm. For
instance, ref. [35] combined Convolutional Neural Networks (CNNs) with LSTM and em-
ployed dimensionality reduction via Principal Component Analysis (PCA) and chi-square
tests, finding that PCA was superior in maintaining stance detection accuracy. Addressing
the limitations of target-exclusive modelling, ref. [36] proposed a commonsense-based
adversarial learning framework incorporating a commonsense graph encoder to model
unseen targets and feature-separation adversarial networks. Their method extracts both
target-specific and target-agnostic features, enhancing reasoning capabilities beyond seen
contexts. The maturation of deep architectures was paralleled by the rise of pre-trained
language models such as BERT, GPT, and RoBERTa [37]. These models are trained on
vast amounts of data and can capture subtle linguistic and contextual nuances. They can
also be fine-tuned for stance detection with minimal task-specific data. Augmentations to
pre-trained models have also proved fruitful. Ref. [38] integrated structured triples from a
knowledge graph into BERT for Weibo stance detection, achieving significantly better re-
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sults than the baselines and demonstrating the benefits of incorporating external knowledge.
Similarly, refs. [39,40] introduced a knowledge distillation approach—BERTtoCNN—in
which a compact CNN ‘student’ network inherited relational and activation-space prop-
erties from a larger BERT ‘teacher’. This strategy balanced computational efficiency with
predictive power. In practice, deep neural and pre-trained architectures outperform tradi-
tional pipelines when it comes to managing long-form, context-rich social media content
while offering greater adaptability. Building on this, the present study proposes a secure,
multi-task stance detection framework integrating a RoBERTa backbone with bidirectional
sequential modelling as part of a BiCARU-based architecture. This hybrid design captures
semantic depth and temporal dependencies, and the multi-task setup aligns stance pre-
diction with auxiliary objectives, enhancing robustness, interpretability, and resilience in
dynamic, security-sensitive online environments.

2.2. Multi-Task Learning for Sentiment and Stance

In contemporary machine learning research, the MTL model has emerged as a method-
ological strategy that optimises multiple related objectives concurrently. This enables
models to transfer and cross-leverage information between tasks. This approach capi-
talises on structural similarities and overlapping feature spaces rather than treating each
prediction problem in isolation [41]. The MTL approach improves the accuracy of each con-
stituent task. This is the case when it is implemented correctly. It also enhances the overall
robustness, scalability, and adaptability of the learned representations. This is according
to [42]. The potential benefits of MTL have been demonstrated in various domains. For
example, it has been used in risk management for large-scale construction contracts, where
high stakes and continual exposure to uncertainty are commonplace. Ref. [43] developed a
unified architecture that addresses three interlinked operations—risk identification, allo-
cation, and response—within a single learning process. Empirical comparisons revealed
that this integrated system consistently outperformed single-task baselines in terms of
predictive and decision-support capabilities. Similarly, ref. [44] investigated integrating
sentiment analysis and sarcasm detection as auxiliary inputs for stance detection [45,46].
Their proposed multi-objective sequence framework adopted a hierarchical weighting
mechanism that effectively prioritised task contributions during training. The resulting
models set new performance benchmarks, demonstrating that the interdependence of
sentiment and stance—particularly in the presence of sarcasm—can be modelled effectively
through deliberate multi-task architectures. These findings contribute to our conceptual un-
derstanding of affective signals in argumentative text, extending beyond mere performance
metrics [47,48].

Recent research has explored the joint modelling of sentiment and stance as a prin-
cipled extension of MTL, building on the premise that they are often co-expressed in
natural language. It is reframed as an auxiliary signal that provides structural infor-
mation and enhances stance classification rather than treating sentiment as a peripheral
annotation [49]. This dual-task formulation is realised through a hybrid architecture that
combines transformer-based encoders such as RoBERTa [50] with sequential modelling
layers such as BiLSTM [51] or BiCARU [52]. The transformer component is adept at extract-
ing context-sensitive embeddings and resolving semantic ambiguities, while the recurrent
layer captures temporal dependencies and discourse flow. One compelling example is
provided by [53], who examined climate discourse on social media using an MTL frame-
work integrating shared attention mechanisms with task-specific processing streams. Their
model demonstrated that sentiment supervision can sharpen the focus of stance classifiers,
guiding attention towards linguistically salient features. Performance improvements were
consistent across multiple benchmarks, highlighting the value of cross-task inductive bias
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in domains where affective and argumentative signals are closely linked. In practice, MTL-
based models can be particularly effective in text classification tasks where lexical, syntactic,
and pragmatic cues are interdependent. By embedding these interrelations into the training
objective, models become more resilient to noise and better equipped to generalise across
heterogeneous data sources [54,55]. Theoretical implications suggest that such architectures
do more than optimise metrics; they include a philosophy of learning. According to this
view, such approach integrates sentiment and stance detection, understanding that human
expression is rarely one-dimensional and effective modelling must embrace its layered
complexity [56,57].

3. Methodology
In order to address the multifaceted nature of stance detection in social media texts,

this study adopts a modular methodology based on MTL. The proposed framework in-
tegrates several interrelated components, each of which is tailored to capture distinct yet
complementary linguistic signals. By jointly modelling stance and sentiment, the system
uses shared representations to improve generalisation and robustness across tasks. This
section outlines the architectural design, training strategy and task-specific modules that
constitute the overall approach.

3.1. Multi-Task Learning Framework

Multi-Task Learning (MTL) involves training on several related objectives simultane-
ously, enabling the model to recognise commonalities and task-specific distinctions. By
sharing a representation space, related tasks can reinforce one another, such as nuanced
linguistic cues, subtle shifts in emotional tone, and latent semantic structures learned for
one task, which can improve performance in another. This type of knowledge sharing is
particularly beneficial for tasks with overlapping informational needs. In practice, stance
detection can benefit from sentiment cues embedded in text, while sentiment classification
can be informed by stance-related emphasis. Formally, an MTL setup manages a set of N
tasks {T1, T2, . . . , TN}, each with a dataset Di, optimising a joint loss function:

L =
N

∑
i=1

aiLi (1)

where Li is the loss for the i-th task, and ai is a task weight tuned according to its rel-
ative contribution to the shared learning goal. The model architecture comprises two
fundamental layers of processing:

Stance Detection captures general syntactic and semantic patterns that are applicable to
all tasks, enabling cross-task transfer. These layers usually comprise pre-trained
transformer encoders (e.g., BERT and RoBERTa), which offer contextualised token
embeddings that act as a shared basis. As illustrated in Figure 1, the shared encoder
processes inputs from multiple datasets and outputs a unified representation space.

Task-Specific refine shared features to meet the unique decision-making needs of each task
without diluting shared knowledge. Each task head may include additional attention
mechanisms, classification layers, or gating modules to isolate task-relevant signals.
In Figure 1, each task-specific branch receives the shared features and computes its
own loss, which is then aggregated via a weighted loss function.

This work focuses on two tasks: stance detection and sentiment analysis. Although these
tasks draw from similar textual signals, stance detection prioritises argumentative intent
and contextual relationships, whereas sentiment analysis concentrates on subjective polarity.
This distinction is reflected in the dedicated parameters assigned to each task, enabling the
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model to balance shared representation learning with task-specific precision. To further
mitigate task interference, the following strategies are employed:

Gradient Normalisation Task gradients are rescaled to prevent dominant tasks from over-
whelming others during backpropagation.

Dynamic task weighting The coefficients ai are periodically adjusted based on validation
performance to ensure that underperforming tasks receive more attention.

This modular design improves generalisation across tasks, facilitates interpretability, and
enables easier integration. Each task can be audited, fine-tuned, or replaced independently
without the need to retrain the entire model.

Embedding Layer

Dataset D1 Dataset D2

Shared Encoder
(e.g., BERT/RoBERTa)

Shared Feature Extractor

Stance Detection Task-Specific

a1L1 a2L2

Weighted Loss Aggregator

L

Figure 1. MTL architecture with shared encoder and task-specific heads for stance detection and
sentiment analysis.

3.2. Application to Social Media Stance Detection

Detecting stance on platforms such as Weibo is challenging due to the use of informal
language and domain-specific vocabulary, as well as the presence of intertwined emotional
and argumentative markers. To address this complexity, the proposed system uses a
hybrid neural model combining the contextual capabilities of RoBERTa with the sequence
modelling capacity of BiCARU. Sentiment analysis is introduced as a parallel auxiliary task,
serving not only predictive purposes but also enriching the emotional features injected into
stance representation learning. The resulting architecture is illustrated below, showing the
data journey from preprocessing to final classification.

Figure 2 illustrates the proposed multitask architecture, which is organised into three
functional tiers: input preprocessing (beige), shared representation learning (blue), and
task-specific reasoning (peach). At the input level, raw textual data undergoes standardised
preprocessing procedures, such as cleaning, tokenisation, and the insertion of structural
markers like [CLS] and [SEP], to prepare it for contextual encoding. These inputs are
then processed by a RoBERTa encoder to capture deep semantic representations. An
attention mechanism is applied within the shared layer to enhance token-level focus and
facilitate cross-task feature alignment. The resulting representations are then routed into
two parallel branches.
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Stance Detection The shared embeddings are passed through a BiCARU module, which
models bidirectional contextual dependencies. This is followed by three binary
classifiers, each of which is responsible for identifying a specific stance polarity
(e.g., favourable, unfavourable, neutral).

Sentiment Analysis The same BiCARU module is used to extract emotionally salient
features, which are then processed by a Sigmoid activation layer to generate senti-
ment predictions.

The directional arrows in the diagram illustrate the sequential and branching flow of
data, emphasising the incorporation of emotional features into the learning of stance
representations. The shared RoBERTa—Attention backbone promotes parameter efficiency
and enhances generalisation across tasks, particularly in domains such as Weibo, where
informal language and emotional nuance are prevalent.

Preprocessing

Textual Input

RoBERTaShared 

Representation 

Learning Attention

Stance Detection Sentiment Analysis

BiCARU BiCARU

Classifiers Softmax

Figure 2. The proposed RoBERTa–BiCARU architecture is used for stance detection and sentiment
analysis. The diagram illustrates the flow from input preprocessing to task-specific reasoning,
emphasising shared representation learning and emotional feature integration.

4. Shared Representation Learning
The shared representation layer acts as the semantic backbone of the multi-task archi-

tecture, allowing features to be reused efficiently across stance detection and sentiment
analysis. It integrates a RoBERTa-based encoder with a multi-head attention mechanism to
produce context-sensitive embeddings which capture local and global dependencies alike.
This modular design makes the architecture more interpretable, scalable, and aligned to
downstream tasks.

4.1. RoBERTa Encoding and Representation Sharing

RoBERTa is based on the Transformer self-attention architecture of BERT, but it in-
troduces several targeted optimisations to improve representational fidelity. Specifically,
RoBERTa is pre-trained on a substantially larger and more diverse corpus, which broad-
ens its linguistic coverage and contextual robustness. The pre-training process employs
dynamic masking, in which different tokens are masked across training epochs rather than
using a fixed masking pattern. This strategy forces the model to learn bidirectional depen-
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dencies more effectively, since it cannot rely on memorising static positions of masked to-
kens. In addition, extended training schedules with larger batch sizes and longer sequences
enable the model to capture both local and global dependencies with greater precision.
Collectively, these refinements enhance the expressiveness of token- and sequence-level
embeddings, thereby improving generalisation across downstream tasks without altering
the overall Transformer architecture.

Figure 3 illustrates a multi-task NLP model comprising distinct modular compo-
nents. Input sequences undergo preprocessing involving BPE tokenisation and the inser-
tion of special tokens, followed by dynamic masking from a pre-training corpus. Core
encoding is performed using token embeddings and a Transformer stack comprising
self-attention and feed-forward layers. Shared embedding layers interface with three
task-specific heads—stance detection, sentiment analysis, and policy interpretation—while
auxiliary modules (attention visualiser, masking controller, and embedding logger) sup-
port interpretability and training control. Each module group is colour-coded to enhance
semantic clarity and auditability as follows:

Input and Preprocessing: The model begins by applying BPE to segment the input se-
quences into consistent subword units, thereby facilitating multilingual compatibility.
Special tokens, such as [CLS] and [SEP], are then inserted to indicate task boundaries and
segment transitions. These tokens are then embedded in a high-dimensional vector space
for subsequent processing.
Core Encoding Pipeline: The embedded tokens are then processed through a stack of
Transformer layers comprising self-attention and feed-forward submodules. This iterative
encoding mechanism captures syntactic proximity and semantic depth, enabling the model
to perform complex tasks such as stance detection, sentiment classification, and policy
interpretation.
Shared Embedding Layer: A unified embedding space serves as the central representa-
tional hub, interfacing with both task-specific and auxiliary modules. This shared layer
minimises redundancy and promotes efficient reuse of features across heterogeneous tasks.
Multi-Tasks Heads: Task-specific modules for stance detection, sentiment analysis, and
policy interpretation operate in parallel, drawing from the shared contextual embeddings.
This parallelism supports contrastive reasoning and facilitates the alignment of latent
semantic cues across tasks.
Auxiliary Modules: Complementary components such as the attention visualiser, masking
controller, and embedding logger are integrated via modular interfaces. These operate
concurrently with the encoding pipeline, enhancing interpretability and control without
disrupting representational integrity.
Modularity and Extensibility: The architecture’s modular design supports the seamless
integration of new tasks and diagnostic tools. This ensures scalability in multitask and
multilingual environments while preserving auditability and operational transparency.

4.2. Attention Dynamics and Cross-Task Feature Propagation

Embedded within RoBERTa’s shared representation layer, the attention mechanism
plays a central role in dynamically prioritising semantically salient tokens. Inspired by
cognitive attention in human processing, it assigns context-sensitive weights to each token,
enabling the model to concentrate on informative parts of the input sequence whilst dis-
regarding irrelevant information. This selective weighting enhances both interpretability
and performance, particularly in tasks requiring fine-grained semantic inference. For-
mally, attention is computed via matrix operations involving Query (Q), Key (K), and
Value (V) vectors derived from the input embeddings. The alignment score between the
decoder’s previous hidden state st−1 and each encoder hidden state hi is calculated using
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a scoring function a(st−1, hi), which may be a dot product, a scaled dot product, or an
additive function. These scores are normalised using a Softmax function to yield attention
weights at,i:

ati =
exp(et,i)

∑k exp(et,k)
(2)

Here, et,i = a(st−1, hi). The resulting context vector ct is computed as a weighted sum
of encoder hidden states:

ct =
n

∑
i=1

at,ihi (3)

This vector is then integrated with the decoder’s prior state and previous output to
update the current hidden representation:

st = f (st−1, yt−1, ct) (4)

In multi-head attention, the input is projected into distinct subspaces by multiple
parallel heads, enabling the model to capture diverse relational patterns, such as syntactic
dependencies, shifts in sentiment polarity, and transitions in stance. This multiplicity
enriches the shared representation and supports robust propagation of features across tasks.
Optional masking operations can further refine the scope of attention, enforcing causal
or segment-specific constraints. For example, in stance detection, masking can prevent
the model from considering future tokens or irrelevant segments, thereby preserving the
integrity of directional inference. In practice, the attention module is closely linked to
both the RoBERTa encoder and the downstream task branches. Its outputs inform not
only the stance and sentiment modules but also auxiliary components, such as contrastive
reasoning units and multilingual alignment layers. To support auditability and modular
reuse, attention weights can be extracted and visualised after the fact, offering transparency
in the model’s decision pathways. This interpretability is particularly valuable in domains
requiring traceable inference, such as policy analysis, multilingual opinion mining, and
compliance auditing.
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Insertion

Pre-training &  Masking

Pre-training 
Corpus

Dynamic Masking

Transformer Stack

Se
lf

-A
tte

nt
io

n 
L

ay
er

s

Fe
ed

-F
or

w
ar

d 
L

ay
er

s

Modular Interface

Figure 3. Multi-task NLP pipeline with modular architecture.
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5. Modular Stance Inference Architecture
To overcome the challenges associated with stance detection across diverse datasets

and implicit language structures, this module incorporates multiple subcomponents that
function in a modular and interpretable manner. The architecture is designed to support
flexible input formats, multi-label classification, and conditional routing based on dataset
provenance. Each subcomponent contributes to a unified representation that balances
semantic richness with task-specific precision.

5.1. CARU-Based Bidirectional Representation Learning

To support the inference of a modular stance across heterogeneous inputs, the architec-
ture incorporates a recurrent mechanism that is tailored to content-sensitive representation
learning. Positioned prior to the contextual encoding pipeline, CARU captures sequential
dependencies in a structurally interpretable manner and serves as a foundational com-
ponent. The CARU replaces the traditional fully connected operations in recurrent units
with linear or convolutional transformations, thereby preserving semantic coherence whilst
enhancing parameter efficiency and convergence stability. At each time step t, CARU
processes the current input embedding e(t) and the previous hidden state e(t−1) through a
gated update mechanism defined as follows:

x(t) = We(t) + B (5a)

n(t) = tanh
(

We(t−1) + B + x(t)
)

(5b)

z(t) = σ
(

We(t−1) + B + We(t) + B
)

(5c)

l(t) = σ
(

x(t)
)
⊗ z(t) (5d)

e(t) =
(

1− l(t)
)
⊗ e(t−1) + l(t) ⊗ n(t) (5e)

In this formulation, W and B denote trainable parameters, σ(·) and tanh(·) are the sigmoid
and hyperbolic tangent activation functions, respectively, and ⊗ represents element-wise
multiplication. The update gate l(t) adaptively balances the retention of prior information
with the integration of new content, enabling CARU to model both short-term transitions
and long-term dependencies. Such mechanism is particularly well-suited to stance de-
tection tasks, where it is necessary to track subtle shifts in semantic tone or contextual
emphasis across token sequences. Subsequent sections extend CARU into a bidirectional
configuration (BiCARU) and fuse it with transformer-based embeddings to enhance con-
textual encoding and target-comment segmentation.

5.2. Contextual Encoding and Target Segmentation

Effective stance detection requires capturing both local and global dependencies across
textual inputs. The input token sequence is denoted as X = [x1, x2, . . . , xT ], where each
xt represents a token embedding derived from a pre-trained transformer encoder, such
as RoBERTa. The BiCARU module comprises forward CARU f and a backward CARUb,

producing hidden states
−→
h t and

←−
h t at time step t:
−→
h t = CARU f (xt)
←−
h t = CARUb(xt)

(6)
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The bidirectional encoded state at time step t is represented by ht =
[−→

h t|
←−
h t

]
. Given

the contextual embedding et of token xt from the transformer encoder, the fused represen-
tation zt is defined as follows:

zt = [ht|et] (7)

To capture stance-specific asymmetry, the input is segmented into target and comment
components: Xtarget and Xcomment. Each segment is independently encoded using the same
BiCARU-transformer fusion pipeline:ztarget = Encoder(Xtarget)

zcomment = Encoder(Xcomment)
(8)

where Encoder(·) denotes the composite encoding function described above. The gated
fusion mechanism balances the semantic contributions of both segments. The parameters
Wg and bg are trainable weights, and the function σ(·) denotes the sigmoid activation
function. The fusion gate α and final representation z are computed as follows:α = σ

(
Wg

[
ztarget|zcomment

]
+ bg

)
z = α · ztarget + (1− α) · zcomment

(9)

5.3. Reformulated Stance Classification with Conditional Routing

Traditional stance classification often encounters class confusion, particularly between
neutral and weakly polarised instances. To overcome this limitation, the task is refor-
mulated as a multi-label classification problem comprising three parallel heads: support,
oppose, and neutral. Each head independently predicts a binary stance label yi ∈ {0, 1}
with an associated probability pi ∈ (0, 1). These are derived from a shared latent represen-
tation z ∈ Rd produced by a Transformer-based encoder:

pi = σ(Wi · z + bi) (10)

Here, i ∈ {support, oppose, neutral}. This formulation allows the model to express un-
certainty about its stance across different dimensions, enabling more nuanced downstream
analysis. Each classification head is trained using an independent binary cross-entropy loss:

Li = −[yi log pi + (1− yi) log(1− pi)] (11)

The total stance loss is calculated using a weighted sum:

Lstance = ∑
i

λi · Li (12)

where λi ∈ R≥0 are tunable hyperparameters that control the relative contribution of each
stance category. This modular architecture enables selective fine-tuning, targeted ablation,
and interpretable error analysis across stance dimensions.

To improve generalisation in scenarios with limited resources and enable transfer
learning across diverse corpora, a conditional routing mechanism has been introduced to
accommodate both stance-annotated and sentiment-only datasets. Each input is tagged
with a dataset origin marker d, where d = 1 denotes a stance-annotated sample and
d = 0 indicates a sentiment-only instance. All inputs are encoded into a shared hidden
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representation z ∈ Rh. In practice, stance-specific heads are bypassed for samples with
d = 0 via a masking or projection function:

z′ = DropStance(z), if d = 0 (13)

Such operation removes stance-specific gradients, enabling the sample to contribute
solely to auxiliary objectives, such as masked language modelling or sentiment prediction.
To unify the two sample types within a shared semantic space, a gating function is applied:

zshared = γ(d) · z + (1− γ(d)) · z′ (14)

where γ(d) ∈ {0, 1} activates stance supervision, which is only activated for samples with
a stance annotation. This conditional routing preserves the integrity of stance-specific
learning while leveraging sentiment-only data to enrich the representation. The shared
encoder is trained jointly across both tasks to promote cross-domain generalisation and
enhance stance classification performance under data sparsity.

6. Multi-Task Integration and Auxiliary Module Design
To enhance cross-domain generalisation and promote interpretability in stance infer-

ence, the proposed architecture incorporates a range of multi-task heads and additional
modules. These components operate in parallel with the primary stance classification
pipeline, enabling joint optimisation of complementary objectives such as sentiment analy-
sis, policy interpretation, and representational diagnostics. This design allows for modular
ablation, targeted supervision, and robust performance under domain shift.

6.1. Task-Specific Heads for Joint Optimisation

Beyond stance classification, the architecture includes auxiliary heads for Sentiment
Analysis and Policy Interpretation. Each head receives the unified representation
zshared and applies an independent projection to produce task-specific predictions. For each
auxiliary task t ∈ {sentiment, policy}, the prediction probability pt and binary label yt are
computed as follows:

pt = σ(Wt · zshared + bt), yt ∈ {0, 1} (15)

Each head is optimised using binary cross-entropy loss:

Lt = −[yt log pt + (1− yt) log(1− pt)] (16)

The total multi-task loss is defined as follows:

Ltotal = Lstance + λsentLsentiment + λpolicyLpolicy (17)

where λsent and λpolicy are tunable coefficients controlling the relative influence of auxiliary
tasks during training.

6.2. Auxiliary Modules for Interpretability and Diagnostics

In order to promote transparency, facilitate modular inspection, and enable error
attribution, the architecture incorporates several auxiliary modules that operate in con-
junction with the primary inference pipeline. These modules are designed to extract
intermediate signals, control dynamic masking, and record changes in representation
across training iterations.
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6.2.1. Attention Visualisation Module

Let A(l) ∈ RT×T denote the attention matrix from layer l of the transformer encoder,
where T is the sequence length. The attention score, a(l)ij , quantifies the influence of token
xj on token xi in layer l. For interpretability purposes, the cumulative attention map across
L layers is computed as follows:

Acum =
1
L

L

∑
l=1

A(l) (18)

This aggregated map is used to identify the dominant paths of attention and visualise
the token-level dependencies that are relevant to stance attribution.

6.2.2. Dynamic Masking Controller

To regulate supervision signals based on dataset provenance, a dynamic masking
function, denoted byM(xt, d), is applied to each token embedding, xt, conditioned on the
dataset marker d, which takes the values 0 or 1. The masking probability mt is computed
as follows:

mt =M(Wm · [xt|d] + bm) (19)

where Wm and bm are trainable parameters. The masked token embedding, denoted by
tilde xt, is then defined as follows:

x̃t = mt · xt + (1−mt) · 0 (20)

This mechanism allows irrelevant stance tokens to be dropped, thereby improving
generalisation and reducing overfitting in low-resource settings.

6.2.3. Embedding Trace Logger

In order to monitor representational drift and facilitate cross-domain alignment, the
architecture logs intermediate embeddings at key stages. Let z(k) denote the representation
at stage k ∈ {BiCARU, Fusion, Shared}. The cosine similarity between embeddings from
domains D1 and D2 is computed as follows:

Sim(k) =
z(k)D1
· z(k)D2

∥z(k)D1
∥ · ∥z(k)D2

∥
(21)

This metric is used to evaluate semantic alignment and inform domain adaptation strategies.
Together, these auxiliary modules form the diagnostic backbone of the stance inference
framework. This enables interpretability, modular debugging, and principled evaluation
across different types of data.

7. Experimental Results and Discussion
To evaluate the proposed modular multi-task learning (MTL) framework for stance

detection and sentiment analysis, a series of controlled experiments were conducted. These
experiments aim to assess the effectiveness of shared representation learning, the impact of
auxiliary sentiment signals, and the robustness of the model across varying data volumes
and architectures. In this experiment, the stance detection and sentiment analysis tasks
rely on distinct yet complementary datasets. Each dataset was selected to align with the
objective of a specific task, and their characteristics reflect the design requirements of the
proposed modular framework, as summarised in Table 1.
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Table 1. Overview of datasets used for stance detection and sentiment analysis.

Task Dataset Label
Types

Sample
Count Source

Stance
Detection

NLPCC2016-task4
support
oppose
neutral

4,000 NLPCC2016

PKU-2020
favor
against
neutral

6,500 PKU Weibo Corpus

SemEval-2016 (Twitter)
favor
against
neutral

4,870 SemEval-2016 Task 6

Sentiment
Analysis

weibo_senti_100k positive
negative 119,988 OpenWeibo

The stance detection dataset NLPCC2016-task4 contains 4,000 annotated samples
distributed across five controversial topics, with 1560 labelled as support, 1,440 as oppose,
and 1,000 as neutral. To focus on polarised classification and reduce ambiguity, only
the support and oppose labels were retained during the main evaluation. This decision is
consistent with prior work and supported by error analysis, which indicates that neutral-
labelled samples often contain implicit or rhetorical stances that introduce annotation
ambiguity. Nevertheless, to address the importance of neutral/ambiguous stances in real-
world applications, supplementary experiments including the neutral class were conducted
on PKU-2020, and the results are reported in the Results Analysis and Discussion section.

In addition to NLPCC2016, the PKU Stance Dataset (PKU-2020) was also incorporated,
consisting of approximately 6,500 annotated Weibo posts covering multiple public issues.
The distribution is relatively balanced, with 2,200 labeled as favor, 2,100 as against, and
2,200 as neutral. Compared with NLPCC2016, PKU-2020 provides a more balanced distribu-
tion across stance categories and includes richer contextual expressions. This dataset serves
to further validate the generalisability of the proposed framework across different Chinese
stance detection corpora. Detailed experimental results on PKU-2020 are presented in the
Results and Analysis section.

To further examine cross-lingual generalisability, the SemEval-2016 Twitter Stance
Dataset was also included in a zero-shot evaluation setting. This dataset contains
4,870 English tweets annotated with favor, against, and neutral labels, distributed as
1,825, 1,650, and 1,395 samples, respectively. Unlike the Chinese corpora, it pro-
vides a cross-platform and cross-lingual benchmark, enabling assessment of the frame-
work’s transferability beyond Weibo discourse. Detailed results are reported in the
Results and Analysis section.

The sentiment analysis dataset weibo_senti_100k comprises 119,988 samples labelled
as positive or negative, with an approximately balanced distribution (59,988 positive vs.
60,000 negative). It was collected from Weibo and is widely used for sentiment classification
tasks in Chinese social media. In this study, it serves as an auxiliary signal source to enrich
stance representations. To simulate varying levels of cross-task supervision, subsets of
different sizes (0–5,000 samples) were randomly selected. While not directly evaluated,
sentiment outputs were monitored to assess emotional alignment and to diagnose sentiment–
stance mismatches, which emerged as a notable error type in downstream analysis.
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7.1. Training Environment, Configuration, and Strategy

The experimental setup is structured into two subsections to reflect the distinct aspects
of model development. The first subsection outlines the training strategy, which includes
optimisation and scheduling techniques designed to stabilise convergence and enhance
generalisation. The second subsection details the computational platform and modular
design components used during training. The training strategy was designed to strike
a balance between convergence stability and generalisation. It incorporated adaptive
optimisation, dynamic scheduling, and layer-wise regularisation. Cosine annealing with
warm-up was employed to refine the learning dynamics, and group normalisation was
used to ensure robustness against fluctuations in batch size. A selective weight decay
scheme was applied to the encoder to prevent overfitting. All hyperparameter values are
summarised in Table 2.

Table 2. Hyperparameter settings used in training strategy.

Parameter Value Description

Optimizer AdamW Adaptive weight decay optimiser

Learning Rate 0.001 Initial learning rate

β1 0.5 First moment coefficient

β2 0.999 Second moment coefficient

Scheduler Cosine Annealing + Warm-up Learning rate scheduling strategy

Batch Size 32 per GPU Number of samples per GPU

Epochs 100 Total training iterations

Normalisation Group Normalisation Applied to all layers

Weight Decay 5× 10−4 Applied to encoder only

The implementation environment was configured using PyTorch 2.1.0 [58] with CUDA
12.9 acceleration and Python 3.12.4. Training was conducted on four NVIDIA RTX A4000
GPUs under Ubuntu 24.04.3 LTS. Additional efficiency improvements were achieved
through half-precision floating-point operations (FP16) and Distributed Data Parallel (DDP),
reducing memory consumption and enhancing computational efficiency. The complete
training process took approximately 20 h across four GPUs in parallel. Moreover, the
architectural configuration consisted of pre-trained RoBERTa encoders as shared layers,
followed by task-specific heads comprising attention modules and classification layers. The
attention mechanism consisted of eight heads to enhance feature focus, and the feature
fusion component was structured with 512 channels to support multi-level information
integration. The total parameter count was approximately 2.8 million, enabling the model
to handle complex pattern recognition tasks effectively.

To enhance robustness, light-weight augmentation strategies were applied during
training. For stance detection datasets (NLPCC2016, PKU-2020), synonym replacement
and random word dropout (probability = 0.1) were used to increase lexical diversity. In
addition, for NLPCC2016-task4, a multilingual back-translation strategy was employed to
expand the training corpus. Each original Chinese sentence was translated into three pivot
languages (English, French, and Japanese), then translated back into Chinese, generating
three paraphrased variants per instance. This process resulted in a fourfold increase in
dataset size (from approximately 3,000 to 12,000 samples). The 1:3 ratio was deliberately
selected to maximise linguistic diversity while maintaining computational efficiency. The
paraphrased sentences preserved stance semantics while introducing lexical and syntactic
diversity, thereby reducing overfitting and improving generalisation. For sentiment analysis
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(weibo_senti_100k), back-translation (Chinese→ English→ Chinese) was applied to 10%
of the training samples to enrich semantic variation. Augmented samples were only used
in training, not in validation or testing. Each dataset was divided into 70% training, 10%
validation, and 20% test splits. All experiments were repeated with five random seeds, and
average results are reported. Early stopping was applied based on validation loss with a
patience of 5 epochs, ensuring stable convergence and preventing overfitting.

7.2. Evaluation Metrics

Performance was assessed using class-specific and averaged metrics commonly
adopted in stance detection literature, particularly in NLPCC2016-task4. The primary
evaluation metric was the average F1-score over the polarised stance classes—Favor and
Against—denoted as Favg. This metric provides a balanced view of model performance on
semantically meaningful categories and excludes the neutral class, which is typically am-
biguous and less informative for stance inference. In addition to Favg, individual F1-scores
for Favor (Ffavor) and Against (Fagainst) were reported to highlight class-specific behavior.
Precision and recall were also averaged across these two classes to yield Pavg and Ravg,
respectively. These metrics are formally defined as follows:

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 =
2× Precision× Recall

Precision + Recall

To maintain consistency with the modular framework, evaluation was performed
separately for each task-specific head. Sentiment classification was used only as an auxiliary
signal and not directly optimised for standalone performance. However, its output was
monitored to assess cross-task alignment and emotional signal propagation. To enhance
data diversity and reduce overfitting, the stance dataset was augmented using multilingual
back-translation. This technique involved pivoting through English, French, and Japanese
to generate paraphrased variants, thereby expanding the training set for each topic from
600 to 2,400 samples. The augmentation strategy was designed to improve generalisation
by introducing linguistic variability while preserving semantic consistency. The averaged
metrics used for reporting are defined as follows:

Favg =
Ffavor + Fagainst

2

Pavg =
Pfavor + Pagainst

2

Ravg =
Rfavor + Ragainst

2

All texts were tokenised using a RoBERTa-compatible tokeniser with a maximum
sequence length of 128. To maintain consistency with Favg scoring and focus on polarised
classification, neutral stance samples were excluded from evaluation. For the sentiment
data, random sampling was applied to create additional subsets of different sizes. No
augmentation was performed on the sentiment samples in order to preserve polarity
integrity and avoid introducing noise that could compromise cross-task supervision.

7.3. Results Analysis and Discussion

To evaluate the proposed BiCARU-based MTL framework, extensive experiments
were conducted on the NLPCC2016-task4 dataset. The results indicate that the model
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achieves competitive performance across stance detection and sentiment classification
tasks, with consistent gains in generalisation and robustness. Eight models were compared:
TextCNN [59], FastText [60], BERT [61], RoBERTa [50], RoBERTa-BiLSTM [62], and MTL-
RoBERTa-BiLSTM [63]. Notably, CARU-MTL is not an external benchmark but a controlled
variant of the proposed architecture, sharing the same modular multi-task structure, senti-
ment supervision strategy, and contrastive learning setup as BiCARU-MTL, with the only
difference being the use of unidirectional CARU layers in place of bidirectional ones. This
configuration enables a direct comparison of recurrence directionality while preserving all
other architectural components.

As reported in Table 3, the BiCARU-MTL framework demonstrates performance that is
competitive with state-of-the-art baselines, including RoBERTa-BiLSTM and MTL-RoBERTa-
BiLSTM. While not attaining the highest score across all metrics, it maintains a balanced
profile with particular strengths in favour-class precision and overall robustness. The Favg

score of 0.7886 places it within the upper tier of evaluated models, and its precision average
(Pavg = 0.7652) indicates effective control over false positives in polarised stance prediction.
A core component of the BiCARU-MTL architecture is the integration of sentiment analysis
as an auxiliary task. This design enables emotional signals to be propagated into stance
representations, thereby enhancing the model’s capacity to interpret subtle or implicit
opinions. Sentiment supervision contributes to improved robustness, particularly in noisy
or emotionally ambiguous posts, and it facilitates contrastive alignment between stance
and sentiment embeddings. To further verify that these improvements are statistically
reliable rather than due to random variation, significance tests were conducted.

Table 3. Stance detection performance comparison on NLPCC2016-task4.

Model Favg Ffavor Fagainst Pavg Ravg

Baseline
TextCNN [59] 0.6351 0.6309 0.6392 0.6264 0.6525

FastText [60] 0.6334 0.6152 0.6516 0.6385 0.6285
BERT [61] 0.7579 0.7547 0.7610 0.7727 0.7448

Advanced
RoBERTa [50] 0.7652 0.7616 0.7687 0.7819 0.7501

RoBERTa-BiLSTM [62] 0.7711 0.7538 0.7883 0.7801 0.7631
MTL-RoBERTa-BiLSTM

[63] 0.7872 0.7885 0.7860 0.7842 0.7818

Proposed CARU-MTL 0.7748 0.7662 0.8034 0.7594 0.7902
BiCARU-MTL 0.7886 0.7881 0.8091 0.7652 0.7920

As indicated in Table 4, a McNemar’s test comparing BiCARU-MTL with RoBERTa-
BiLSTM yielded a chi-square value of 12.47 with p < 0.001, indicating that the observed
differences are highly significant. Also, a paired t-test across five random initialisations
showed that BiCARU-MTL significantly outperformed TextCNN (t = 4.83, p = 0.003).
These results confirm that the performance gains of the proposed framework are robust
and statistically supported.

Table 4. Statistical significance tests comparing BiCARU-MTL with representative baselines.

Comparison Test Statistic p-Value

BiCARU-MTL vs. RoBERTa-BiLSTM McNemar’s test χ2 = 12.47 < 0.001

BiCARU-MTL vs. TextCNN Paired t-test t = 4.83 0.003

The inclusion of Fneutral in Table 5 highlights the model’s ability to handle ambiguous
stances. On the PKU-2020 dataset, BiCARU-MTL achieved an F1-score of 0.7632 on the
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neutral category and a macro-averaged F1-score of 0.7642 overall. These results surpass
both TextCNN and RoBERTa-BiLSTM baselines, confirming that the architecture generalises
effectively across different Chinese stance detection corpora. Unlike NLPCC2016, PKU-2020
includes a more balanced distribution of favor, against, and neutral labels, which introduces
additional challenges in modelling ambiguous or context-dependent stances. The ability of
BiCARU-MTL to maintain competitive performance under these conditions highlights the
benefits of integrating sentiment supervision and bidirectional recurrence. In particular,
the model demonstrates improved handling of the neutral class, which is often prone to
misclassification due to implicit or rhetorical expressions. These findings indicate that while
the main evaluation emphasises polarised stance detection for comparability, the proposed
framework remains effective when extended to scenarios where neutral or ambiguous
stances are present, thereby supporting its applicability in real-world contexts.

Table 5. Stance detection performance comparison on PKU-2020 (including neutral class).

Model Favg Ffavor Fagainst Fneutral Pavg

Baseline TextCNN [59] 0.7015 0.6942 0.7038 0.7065 0.6981

Advanced RoBERTa-BiLSTM [62] 0.7428 0.7391 0.7482 0.7410 0.7445

Proposed BiCARU-MTL 0.7642 0.7675 0.7619 0.7632 0.7651

As reported in Table 6, the proposed BiCARU-MTL framework also exhibits promis-
ing transferability in a cross-lingual, cross-platform setting. When directly applied in
a zero-shot manner to the SemEval-2016 Twitter dataset, the model achieved a macro-
averaged F1-score of 0.612, outperforming the RoBERTa-BiLSTM baseline. Although the
absolute performance is lower than in-domain Chinese datasets, the results demonstrate
that the shared representation learning and sentiment-aware supervision embedded in
BiCARU-MTL enable meaningful stance discrimination across languages and platforms.
This preliminary validation highlights the potential of the framework for multilingual
stance detection while also underscoring the need for future work to incorporate multilin-
gual pre-trained encoders (e.g., XLM-R) and additional corpora such as Reddit to further
enhance cross-lingual robustness.

Table 6. Zero-shot stance detection performance on SemEval-2016 Twitter dataset.

Model Favg Ffavor Fagainst Fneutral Pavg

Advanced RoBERTa-BiLSTM [62] 0.598 0.601 0.592 0.602 0.596

Proposed BiCARU-MTL (zero-shot) 0.612 0.617 0.609 0.610 0.613

In these experiments, cross-task interaction proves especially beneficial in instances
where explicit stance markers are absent but emotional polarity is pronounced. In compari-
son with CARU-MTL, the bidirectional recurrence in BiCARU-MTL yields modest gains
in favour-class detection and precision, suggesting that bidirectional context modelling
offers incremental advantages in capturing nuanced semantic dependencies. The modular
multi-task setup, combined with contrastive learning and sentiment supervision, supports
consistent performance across stance categories without introducing instability or overfit-
ting. These results position BiCARU-MTL as a reliable and interpretable alternative within
the current landscape of stance detection architectures. Its design prioritises modularity, se-
mantic alignment, and diagnostic transparency, rendering it well-suited for deployment in
dynamic, emotionally complex online environments where robustness and generalisation
are essential.
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7.4. Error Analysis

To better understand the limitations of the proposed BiCARU-MTL framework, a man-
ual error analysis was conducted on 100 randomly selected misclassified instances from the
test set. Errors were categorised based on linguistic and semantic characteristics, revealing
several recurring patterns that highlight the challenges inherent in stance detection on
social media. The most frequent error type involved confusion between Favor and None,
accounting for 37.0% of the misclassified samples. These cases typically featured implicit
support, sarcasm, or emotionally neutral expressions that lacked explicit stance markers.
For example, posts expressing mild approval or rhetorical questions often failed to trigger
sufficient activation in the favor-class head, resulting in misclassification as neutral. Table 7
summarises the distribution of error types:

Table 7. Error type distribution in misclassified samples.

Error Type Frequency (%) Description

Favor vs. None Confusion 37% Implicit support, sarcasm,
rhetorical ambiguity

Sentiment–Stance Mismatch 28% Emotional polarity conflicts
with stance label

Topic Drift 21% Multiple targets or
mid-sentence context shift

Tokenisation Artifacts 14% Informal language disrupts
semantic segmentation

Another prominent category was sentiment–stance mismatch (28.0%), where the emo-
tional polarity of the post conflicted with its stance label. Posts with positive sentiment
toward a negative stance target—or vice versa—were particularly challenging. This sug-
gests that while auxiliary sentiment supervision improves overall robustness, it may also
introduce ambiguity when sentiment and stance diverge semantically. Topic drift con-
tributed to 21% of errors. These instances involved posts referencing multiple targets or
shifting focus mid-sentence, making it difficult for the model to anchor stance prediction to
a specific topic. Such cases often exhibited high contextual entropy, which diluted the effec-
tiveness of attention mechanisms and contrastive alignment. The remaining 14% of errors
were attributed to tokenisation artifacts and informal language. Posts containing emojis,
elongated characters, or unconventional phrasing were occasionally segmented in ways
that disrupted semantic flow. Although the model demonstrated resilience to surface-level
noise, certain combinations of informal features still led to degraded representation quality.

These findings suggest that future improvements may benefit from enhanced sar-
casm detection, topic anchoring mechanisms, and domain-adaptive tokenisation strategies.
Incorporating stance-specific pretraining or multi-hop attention could further mitigate
ambiguity in complex posts. Overall, the error patterns observed are consistent with prior
studies on social media stance detection and reinforce the importance of interpretability
and linguistic nuance in model design.

7.5. Ablation Study

To evaluate the contribution of individual architectural components within the pro-
posed BiCARU-MTL framework, a series of controlled ablation experiments were con-
ducted. These experiments systematically removed or altered three key modules: the
auxiliary sentiment head, the gradient normalisation mechanism, and the dynamic task
weighting strategy. Each configuration was assessed using precision, recall, and F1-score,
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alongside qualitative analyses of attention behaviour, convergence dynamics, and error
typology. The following subsections present both quantitative and behavioural findings.

7.5.1. Quantitative Performance Comparison

Table 8 summarises the performance metrics across four configurations. The full
model consistently achieved the highest scores, indicating that each component contributes
meaningfully to overall performance.

Table 8. Performance comparison across ablated configurations.

Configuration Precision Recall F1-Score

Full Model 80.42 79.15 79.72

Sentiment Head Removed 77.21 76.48 76.84

Gradient Normalisation Disabled 78.03 77.12 77.57

Fixed Task Weights 78.42 77.65 78.03

The removal of the sentiment head resulted in the most pronounced degradation,
with a 2.88-point drop in F1-score. This confirms the importance of auxiliary sentiment
supervision in guiding stance prediction, particularly in emotionally ambiguous contexts.
Disabling gradient normalisation led to moderate performance decline and introduced
instability during training, as evidenced by oscillatory loss curves and delayed convergence.
Fixing task weights produced the least severe impact yet constrained the model’s ability to
adaptively balance representational emphasis across tasks.

7.5.2. Module-Level Behavioural Impact

Beyond numerical metrics, each module influences the model’s internal behaviour.
Attention distribution, convergence stability, and representational adaptability were exam-
ined to assess these effects. Table 9 provides a summary of observed behavioural shifts
across configurations.

Table 9. Module-level behavioural impact summary.

Module Removed Attention Shift Convergence
Stability Adaptability

Sentiment Head Towards syntax Stable Low

Gradient Normalisation Dispersed Volatile Moderate

Fixed Task Weights Balanced Stable Low

Removal of the sentiment head redirected attention towards syntactic anchors—such
as modal verbs and negations—while reducing sensitivity to affective cues. Disabling
gradient normalisation induced volatile training behaviour and unpredictable convergence
patterns. Fixing task weights preserved training stability but reduced the model’s flexibility
in allocating capacity across tasks.

7.5.3. Error Typology Across Configurations

To further understand the functional role of each module, a fine-grained error analysis
was conducted. Misclassified stance predictions were categorised into three types: emotion-
ally misleading errors, contextual ambiguity errors, and topic drift errors. Table 10 presents
the distribution of these error types across selected configurations.



Mathematics 2025, 13, 3287 21 of 24

Table 10. Error type distribution across ablated configurations.

Error Type Full Model No Sentiment
Head

No Gradient
Normalisation

Emotionally Misleading 12% 30% 14%

Contextual Ambiguity 18% 22% 30%

Topic Drift 10% 12% 16%

As indicated in Table 10, each module mitigates distinct failure modes. Removal of the
sentiment head substantially increased emotionally misleading errors (+18%), indicating
reduced anchoring in affective contexts. Disabling gradient normalisation elevated contex-
tual ambiguity errors (+12%), suggesting diminished robustness to idiomatic or noisy input.
Topic drift errors were moderately elevated in both ablated variants, reflecting weakened
attention anchoring. The full model maintained a balanced error profile, demonstrating
resilience across diverse linguistic conditions and validating the architectural integration of
sentiment supervision and dynamic optimisation.

7.6. Limitations and Future Work

Future research in emotion-aware stance inference can be advanced along several
concrete directions. First, more sophisticated approaches are needed to address sarcasm,
irony, and figurative language, which remain challenging for current models. Second,
adaptive mechanisms should be developed to mitigate topic drift in dynamic discourse,
ensuring that stance predictions remain stable across evolving contexts. Third, improved
strategies for processing informal textual features—such as emojis, slang, and elongated ex-
pressions—are essential for handling the realities of social media communication. Beyond
textual signals, multimodal integration that combines stance inference with visual, meta-
data, or conversational context offers a promising avenue for enhancing robustness. Finally,
cross-lingual transfer learning and domain adaptation represent important opportunities
to extend the generalisability of stance detection frameworks across languages, platforms,
and cultural settings. Together, these directions highlight the potential for building more
resilient and context-aware systems in future work.

8. Conclusions
This study presents a modular BiCARU-based MTL framework for stance detection,

jointly modelling sentiment to enhance emotional contextualization and robustness. By
reformulating stance classification into parallel binary subtasks and integrating contrastive
learning, the model improves interpretability and generalisation across emotionally com-
plex social media content. Experimental results show that the proposed model achieves
an average F1-score of 0.7886, with precision and recall scores of Pavg = 0.7902 and
Ravg = 0.7920, respectively. Ablation studies indicate that removing the sentiment head
leads to a 2.88-point drop in F1, underscoring its role in handling emotionally ambiguous
cases. Overall, the framework offers a competitive, scalable, and interpretable solution for
stance inference in dynamic, security-sensitive online environments.
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