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Abstract

Implicit-emotional expressions are common in college students’ social media posts, where
literal meanings may contradict underlying emotions. Bidirectional Encoder Representa-
tions from Transformers (BERT)-based models face two coupled challenges in this setting:
feature confusion between semantic content and expression style, and coarse-grained fea-
ture fusion. We propose CSD-IFRN (Content-Style Disentanglement with Conditional Fu-
sion for Implicit Emotion Recognition Network), which disentangles content and style us-
ing dual non-shared BERT encoders, combines gradient-reversal adversarial training with
a content-style orthogonality regularizer (Lo, ), and applies conditional layer normaliza-
tion (CLN) for adaptive fusion. On a dedicated dataset of 11,154 triple-annotated texts,
averaged over five random seeds, CSD-IFRN achieves 88.58% accuracy and 88.43% macro-
F1, improving over BERT-base-chinese by 6.99 points and over the strongest SOTA base-
line by 2.61 points. The main gains remain significant after Holm correction (p <0.01) and
also hold on a public benchmark. A frozen style probe trained on content features falls
to 50.40% balanced accuracy, close to chance level, supporting effective disentanglement.
Among fusion strategies, CLN achieves the best accuracy with low seed-to-seed variance.
These results suggest that CSD-IFRN can provide an auxiliary signal for university mental-
health monitoring, rather than a clinical diagnostic tool.

Keywords: conditional fusion; content-style disentanglement; implicit-emotion

recognition; mental-health monitoring of college students

1. Introduction

Social media has become the main platform for college students to express their emo-
tions, and the texts they publish can reflect their psychological state [1]. Traditional senti-
ment analysis methods can achieve relatively accurate identification of explicit emotional
expression in text by capturing emotional keywords and polarity words, which is con-
sistent with the high linguistic recognizability of explicit emotions themselves [2]. How-
ever, students’ language is highly personalized and subtle. The text often contains implicit-
emotional expressions such as irony, complaining, and euphemistic venting, whose true
emotional tendency is completely opposite to the literal meaning, which brings serious
challenges to the task of emotion recognition [3]. For the sake of clear expression, the
words ‘emotion’, ‘sentiment’ and ‘emotional tendency’ in this article are used interchange-
ably, referring to the binary emotional polarity of the text (positive vs. negative), and ‘style’
refers to whether the expression is conventional or implicit.
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The accuracy of implicit-emotion recognition is directly related to the effectiveness of
universities in conducting mental-health monitoring and intervention services for students
based on social media texts [1], and recent work by Yadav [4] further highlights the value
of social media text analysis for the neuro-semantic evaluation of mental-health conditions
among young adults. Negative emotional expressions among university students gener-
ally have subtle characteristics, and many negative emotions are not conveyed through
straightforward emotional vocabulary but rather presented in implicit forms such as irony
and euphemistic venting. These hidden negative emotions are often closely related to po-
tential psychological issues such as academic pressure, social anxiety, and depressive ten-
dencies. Currently, deep learning models, especially pre-trained language models, per-
form well on explicit emotion tasks [5], but face two main bottlenecks in handling im-
plicit expressions:

Feature confusion: Encoding the entire text into a single vector forces the semantic
content and expression style of the text to intertwine in the same representational space,
causing the two types of information to interfere with each other [6];

Coarse fusion granularity: Existing strategies (e.g., concatenation, weighted fusion)
are linear and assume that contributions are static, unable to model the nonlinear, dynamic
interactions between content and style. In implicit emotions, style must dynamically re-
verse semantics, which is a ‘contradictory relationship’ that requires the fine-grained han-
dling of feature differences [7]. Traditional fusion methods face difficulties in this regard,
limiting a deep understanding of implicit emotions.

In response to the above problems, this paper proposes CSD-IFRN, a progressive
implicit-emotion recognition framework composed of three stages of ‘dual-path encoding —
adversarial purification—conditional fusion’. By explicitly separating and reorganizing
content features and style features, it reduces feature confusion and examines the degree
to which different fusion strategies adapt to the decoupled features.

The core contributions are

o This paper proposes a three-stage progressive framework of ‘dual-path encoding—
adversarial purification —conditional fusion’ for content-style decoupling in implicit-
emotion recognition. Its key distinguishing component is an explicit content-style or-
thogonality regularizer (L4, ), which directly penalizes the residual content—style cor-
relation and complements gradient-reversal training; the ablation experiment shows
that this term brings a +1.49 F1 improvement and lowers the frozen style probe’s bal-
anced accuracy from 56.60% to 50.40% (~random level). We further adopt the bal-
anced accuracy of the style probe as a transparent readout of the degree of decou-
pling. Unlike the global content-style orthogonality term used by contrastive-learning
disentanglement baselines, L, is an intra-batch cross-correlation Frobenius penalty
applied on L2-normalized features, superimposed on the gradient-reversal purifica-
tion; our ablation separately characterizes its impact on both accuracy and the decou-
pling probe.

e A large-scale specialized dataset for implicit-emotion recognition on social media
of college students (11,154 entries) was constructed, with fine-grained triple annota-
tions for emotional polarity (positive/negative), style category (normal/implicit), and
style intensity on a zero-to-one continuous scale. The annotation consistency reached
a high level of reliability, providing high-quality data support for model training
and performance validation in implicit-emotion recognition among the college stu-
dent population.

o  The effectiveness of the core modules of the model was systematically validated
through multiple controlled experiments, while the failed attempts at the continu-
ous style-intensity regression task were honestly reported. The core reasons for the
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task failure were analyzed in depth from three dimensions, namely label construction,
feature-task matching, and loss function design, providing important negative refer-
ences for subsequent research on quantifying the intensity of emotional expression
and improving model interpretability, effectively helping to avoid repeated trial-and-
error in similar studies.

The structure of the remainder of this paper is organized as follows. Section 2 re-
views related work, including implicit-emotion recognition, feature decoupling learning,
and multi-feature fusion strategy. Section 3 provides a detailed description of the proposed
CSD-IFRN model. Section 4 presents the experimental design and setup, covering dataset
construction, baseline models, and evaluation metrics. Section 5 reports and discusses the
experimental results. Section 6 concludes the paper and highlights potential directions for
future research.

2. Related Work
2.1. Implicit-Emotion Recognition

Implicit-emotion recognition is a core subfield of sentiment analysis, and its main
challenge lies in the inconsistency between the literal semantics of the text and the true
emotional tendency [2]. Existing research methods can be divided into three categories:
rule-based methods, traditional machine learning methods, and deep learning methods.
Each category has produced representative research outcomes, but there are still key bot-
tlenecks that need to be overcome. Sharma et al. [8] have provided a comprehensive review
of Al-based automated methods for detecting sarcasm in social media, categorizing recent
approaches according to their underlying architectures and learning paradigms.

The rule-based approach was the mainstream technique in the early stages of implicit-
emotion recognition. Its core lies in matching implicit expressions through manually de-
fined linguistic rules and templates. In their classic study on sarcasm and irony detec-
tion in social media, Van Hee et al. [3] systematically explored the linguistic features of
implicit-emotion expression in text and proposed a fine-grained analytical framework, lay-
ing the theoretical foundation for rule-based implicit-emotion recognition methods. Early
research mostly achieved implicit-emotion recognition by manually constructing irony
templates, sarcastic syntactic rules, and fixed complaint collocations. These methods have
strong interpretability in specific vertical contexts.

However, they heavily rely on human expertise, have limited rule coverage, and gen-
eralize poorly to the continuously evolving new forms of implicit expressions on social
media. This fundamental flaw has been systematically revealed in early studies: Calvo
and D’Mello [9], in their foundational review of affective computing, explicitly pointed out
that rule-based approaches are limited by predefined feature sets and struggle to capture
the complexity and diversity of human emotional expression; Mohammad [10], in review-
ing the evolution of sentiment analysis methodologies, further emphasized that dictionary-
and rule-based methods have inherent limitations when dealing with implicit expressions
such as sarcasm and irony —the “decoupling’ between literal semantics and true emotion
cannot be achieved through simple rules. Therefore, researchers gradually turned to data-
driven machine learning methods in an effort to overcome the inherent bottlenecks of rule-
based approaches.

As the earliest attempt at a data-driven paradigm, traditional machine learning meth-
ods focus on manual feature engineering and realize implicit-emotional recognition in com-
bination with classifiers. Most existing studies revolve around manual features such as
part-of-speech tagging, emotional dictionaries, syntactic structure, and semantic depen-
dence, and use classifiers such as support vector machines (SVMs), random forests, and
logistic regression to complete the modeling [11]. Subsequent research further expanded
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this technical framework, optimized feature extraction rules for colloquial text in social
media scenarios, and achieved better identification results than rule-based methods on
datasets in specific fields. However, the performance of such methods is highly depen-
dent on the quality of manual features, and it is difficult to capture the complex contextual
semantic relationships in social media text [12]. Although CNN-based text-classification
methods later achieved good results by capturing local semantic features, there are still fun-
damental limitations in modeling complex text expressions such as implicit emotions [12].
A further problem is that the content—style feature entanglement in pre-trained models is
still difficult to resolve [6]. In the face of non-standard and colloquial expressions in college
students’ social media texts, the effectiveness of feature extraction is significantly reduced.

Deep learning methods represented by pre-trained language models (PLMs), lever-
aging the powerful ability of the Transformer architecture to capture contextual seman-
tics [13], have become the mainstream technical solution in the field of emotion recognition.
Prottasha et al. [5] systematically verified through experiments the excellent performance
of BERT fine-tuning in general sentiment analysis tasks, providing key support for the ap-
plication of pre-trained models in the field of emotion recognition. However, in the task
of fine-grained analysis of implicit emotions, most existing models encode an entire text
as a single vector representation, failing to explicitly disentangle the semantic content and
expressive style of the text. This results in mutual interference between the two types of
features, making it difficult for the model to penetrate the literal meaning and capture
true emotional tendency. This limitation has been confirmed by several recent studies: Re-
search on implicit sentiment in Chinese points out that its core challenge lies in the fact
that emotional expressions often present a complex form of intertwined ‘weak features’
and ‘mixed features’ [14]; a review of Arabic sarcasm detection further indicates that the
entanglement of style and semantics is a common challenge in cross-linguistic contexts [15];
studies on sarcasm and humor detection reveal that stylistic features (such as a sarcastic
tone) can directly lead to a reversal of semantic sentiment polarity, highlighting the neces-
sity of separating stylistic interference [16]; from the perspective of aspect-level sentiment
analysis on a broader scale, how to accurately capture implicit aspects, opinions, and their
complex relationships with sentiment polarity in sentences has become a frontier focus of
current research [17].

Jia et al. [18] recently conducted a systematic review confirming that research on im-
plicit sentiment is still significantly lacking compared to explicit sentiment analysis. In
this context, some cutting-edge work has begun to leverage the powerful capabilities of
large language models (LLMs) to handle implicit sentiment. For example, Ren et al. [19]
proposed a causal-prompting strategy, using carefully designed prompt templates to stim-
ulate the reasoning ability of LLMs, thereby inferring implicit sentiment tendencies, while
Wang et al. [20] approached it from the data level, developing a data-augmentation frame-
work that combines GANs and LLMs to generate more diverse Chinese sarcastic texts
for training.

These recent works represent significant progress, but they are essentially either
prompt-based reasoning approaches or data-level augmentation strategies. Although both
ideas are effective, they do not address a core bottleneck in implicit-emotion recognition—
the confusion between content features and style features within the model. Prompt en-
gineering relies on the prior knowledge learned by LLMs from massive amounts of data,
making its reasoning process a black box; data augmentation, on the other hand, attempts
to externally expand sample diversity but does not change the way the model itself handles
fine-grained features.

Unlike the aforementioned methods, the CSD-IFRN framework proposed in this pa-
per directly addresses this core issue from an architectural perspective. It actively sep-
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arates semantic content from expressive style within the model through explicit content—
style disentanglement, adversarial purification, and a conditional fusion mechanism, while
finely modeling the interaction between the two. This is not a rejection or replacement
of LLM methods, but rather provides a complementary and orthogonal technical path
from the origin of model design—it addresses the “feature confusion” problem that makes
implicit emotions difficult to recognize, which is beyond the reach of prompt-based or
data-augmentation methods. At the same time, the architecture of CSD-IFRN does not
rely on LLMs with extremely large parameter scales, making it more feasible in resource-
constrained academic research environments, and offers a quantitative perspective on
model interpretability through the balanced accuracy of a frozen style probe on the pu-
rified content features.

2.2. Feature Decoupling Learning

The core idea of disentangled representation was first systematically proposed by Hig-
gins et al. [21] in the classic study of beta-VAE. The essence is to separate the independent
factors of variation in the data into different feature spaces, so that each feature dimension
corresponds to a single semantic attribute. This idea has been widely applied and system-
atically validated in the fields of computer vision and speech processing. In the field of
text, however, related research is still relatively limited, and existing work mainly focuses
on text generation tasks [17], such as style transfer [22].

In the field of text-style transfer, feature disentanglement is the core technology
for achieving ‘semantic invariance and style transformation.” Shen et al. [22] were the
first to propose a unified framework for text-style transfer based on adversarial training.
They achieved the style purification of content features through a gradient-reversal layer,
demonstrating the effectiveness of adversarial training in text feature disentanglement and
establishing a foundational classic work in this area.

In the field of sentiment analysis, Lee et al. [6] conducted research on the issue of
heterogeneous feature entanglement in BERT models for emotion recognition, proposing
a feature-unified optimization framework. They demonstrated the effectiveness of fea-
ture decoupling in emotion recognition tasks, providing a direct technical reference for
this study. In the fields of domain adaptation and sentiment analysis, a few studies have
preliminarily explored the application value of feature disentanglement [14]; most exist-
ing studies have focused on separating domain-invariant features from domain-specific
features through disentanglement to improve the generalization ability of models in cross-
domain sentiment analysis tasks [23].

This paper systematically applies content—style decoupling to the implicit-emotion
recognition of college students’” social media text, and proposes a complete framework in-
cluding dual-path encoding, adversarial purification and conditional fusion to fill this gap.

2.3. Multi-Feature Fusion Strategy

Multi-feature fusion is a core technology for enhancing the performance of text emo-
tion recognition models. Effective feature fusion should simultaneously capture both ‘con-
sistency’ and ‘diversity” information among different features [7]. However, existing fu-
sion methods still have significant limitations when dealing with highly decoupled con-
tent and style features, and a refined fusion scheme suited for such features has yet to
be developed.

Static fusion methods mainly include concatenation and weighted fusion. Concate-
nation fusion is the most basic strategy, where different feature vectors are directly con-
catenated and then fed into a classifier. This approach was widely used in early sentiment
analysis studies. However, it only achieves a simple stacking of features, cannot model
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the interactions between features, and is prone to dimensionality explosion. Weighted fu-
sion achieves a linear combination by assigning fixed weights to different features, with
the weights often determined through manual tuning or cross-validation. However, the
weights in such static fusion methods are globally fixed values, making them incapable of
adjusting according to the dynamic changes in the input text, and they are insufficiently
adaptable to complex forms of emotional expression [17].

Dynamic fusion methods aim to compensate for the shortcomings of static methods.
Fusion based on gating mechanisms dynamically regulates the flow of feature information
through gating units, which has been proven effective in enabling dynamic interaction
between semantic and syntactic features. For example, Han et al. [24] combined XLNet
with bidirectional gated recurrent units and an attention mechanism, achieving good re-
sults in text emotion recognition tasks. Diao et al. [16] introduced a gating mechanism in
multi-task learning to jointly learn sarcasm and humor detection, demonstrating the ef-
fectiveness of the gating mechanism in capturing complex emotional features. However,
gated fusion introduces a large number of additional parameters, has high training com-
plexity, and is prone to overfitting in small-sample scenarios, and the decision-making
process of the gated units is a black box with poor interpretability. Fusion based on atten-
tion mechanisms, on the other hand, learns dynamic feature weights through self-attention
or cross-attention modules, enabling fine-grained feature interactions. However, the atten-
tion mechanism has high training complexity and typically requires a large amount of data.
In limited-data and resource-constrained settings such as the small-sample social media
scenarios of college students considered in this study, high-complexity attention or gating
modules may be more difficult to tune and may generalize less reliably.

Therefore, we introduce CLN to adaptively merge content and style features, dynam-
ically adjusting the normalization of content features based on style features. This enables
fine-grained fusion without adding excessive parameters, overcoming the limitations of
traditional methods.

3. Research Methods
3.1. Overall Architecture of the CSD-IFRN Model

The CSD-IFRN model adopts a three-stage progressive architecture consisting of four
modules: a dual-encoder module, an adversarial decoupling module, a conditional fu-
sion module, and style-intensity prediction (exploratory task). The workflow is as follows
(Figure 1):

1.  Dual-Encoder Module: The input text, after tokenization and tensor conversion, is
simultaneously fed into two parameter-independent BERT-base-Chinese encoders.
The ContentEncoder extracts semantic and emotional features ¢ € RY,d = 768, while
the StyleEncoder extracts expression style features s € R%,d = 768.

2. Adversarial Decoupling Module: Content feature c is passed through a Gradient-
Reversal Layer (GRL) and sent to an adversarial classifier, which performs binary clas-
sification of style (Normal/Implicit). The adversarial classifier receives the true style
label ys and outputs the adversarial loss L,4,. Through the gradient-reversal mecha-
nism of the GRL, the content encoder is forced to learn to generate style-independent
content features, achieving style purification.

3.  Conditional Fusion Module: The purified content feature ¢ undergoes layer normal-
ization (LN); the style feature s generates the scaling parameter 7(s) and the shifting
parameter B(s) through two linear layers, respectively. All three are input into CLN
for adaptive fusion to obtain the fused feature f. f is finally fed into the emotion
classifier, combined with the true emotion label y,, to output the emotion polarity
prediction and calculate the emotion loss Lemotion-
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style orthogonality regularizer) are summed to form the total multi-task loss defined in

Style-intensity prediction (exploratory task, non-core contribution): Style feature s is
additionally input into the style regressor to predict continuous implicit expression

intensity sint € [0, 1], and the style loss Lgye is calculated.

The component losses (emotion loss, adversarial loss, style loss, and the content—

Equation (12), wherea« = 0.2, =0.3,6 = 0.1.

-

1.

Dual Encoder Module

Input Text

Input Tensors
input_ids

AAETHRAAE A
HAA | BATEE T

Tokenization &
Tensor Conversion

I

token

] attention_mask i |:|Valid
1
\\IZI .. _/ [ Padding

o
'/ Content BERT Encoder 7 Style BERT Encoder  __p,
! Y - (d=768) 1
i [ BERT-base-Chinese ] BERT-base-Chinese ) i
] 1
i O i
: 0000 - 000 ] O00o4a-- 00O 7|
1 b 1
i [CLSI T, T, T, [SEP] [CLSI T, T, T, [SEP] Of:
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Figure 1. Overall architecture of the proposed CSD-IFRN model. The Chinese input example shown
in the figure reads, in English: “This teacher’s lecture is truly ‘vivid and interesting’ —I fell asleep.”

cial media among college students, this paper proposes a three-stage progressive decou-
pling and fusion framework: ‘dual encoding—adversarial purification—conditional fu-
sion.” The first three modules—dual encoder, adversarial decoupling, and conditional
fusion—form the core process, each corresponding to a stage of the framework; the fourth

To address the problem of feature confusion in implicit-emotion recognition on so-

GRL: Gradient Reversal Layer

CLN: Conditional Layer Normalization
LN: Layer Normalization

CE: Cross-Entropy Loss

MSE: Mean-Squared Error Loss
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module, style-intensity prediction, is an auxiliary exploratory branch and does not con-
stitute an independent stage. This framework systematically adapts the content—style de-
coupling concept to the task of implicit-emotion recognition, while also introducing the
balanced accuracy of a frozen style probe as a direct metric for the degree of decoupling,
addressing the challenge of directly quantifying decoupling effectiveness in current text
decoupling research, and providing new modeling approaches and evaluation methods
for implicit-emotion recognition.

3.2. Dual-Encoder Module

This module is the core component for explicitly decoupling the semantic content of
the text from the expression style of emotions. To address the key issue of “content-style
feature entanglement” in traditional single-encoder models, a dual-stream BERT encoder
architecture with fully independent parameters and differentiated optimization objectives
is designed. Both encoders use BERT-base-Chinese as the backbone [25], but they are two
separately initialized model instances, responsible for extracting the content features of
the text and style features, respectively. This enables the spatial separation of the two
types of features at the encoding level, providing a foundation for subsequent adversarial
purification and fine-grained fusion.

3.2.1. Content Encoder

The core optimization goal of the content encoder is to capture the core semantic
content and underlying emotional tendencies of the text, while filtering out interference
caused by expression style as much as possible, providing pure semantic feature support
for subsequent emotion classification tasks. The complete processing flow is as follows:

1. Text Preprocessing and Tensor Conversion: The input text is tokenized using the tok-
enizer corresponding to the BERT pre-trained model, generating two types of input
tensors computable by the model: one is the input ID sequence (input_ids), which
maps each token in the text to the corresponding numerical ID in the pre-trained vo-
cabulary, enabling the conversion from natural language to model-processable ten-
sors; the other is the attention mask (attention_mask), which is used to distinguish
valid text content from padding tokens, preventing invalid padding information from
interfering with feature extraction. This operation is the standard input preprocess-
ing procedure for Transformer-based pre-trained language models and serves as a
prerequisite for the model to perform contextual encoding.

2. Context Encoding and Global Feature Extraction: The preprocessed input IDs and
attention masks are fed into the content BERT model for context encoding, and the
embedding of the [CLS] token from the last hidden layer of the model is taken as the
final content feature.

The [CLS] token is a global aggregation token set during the pre-training of the BERT
model, and its output embedding vector can fully represent the global semantic and senti-
ment information of the entire text [25]. The mathematical expression is

¢ = ContentEncoder (input_ids, attention_mask) g, 1)

where c in RY is the content feature vector (d = 768), ContentEncoder(-) is the forward map-
ping of the content BERT encoder, input_ids is the token ID sequence, attention_mask is
the attention mask, and [CLS] denotes the global aggregated token embedding represent-
ing the semantic features of the text.
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3.2.2. Style Encoder

The core optimization goal of the style encoder is to capture the stylistic features of
emotional expression in text, including implicit expressions such as normal expression, sar-
casm, subtle complaints, and polite criticism, providing style-dimensional discriminative
information for subsequent feature fusion and adversarial training.

As defined above, the style encoder is a second, separately initialized BERT instance,
whose parameters are updated independently of the content encoder.

The preprocessing process is the same as that of the content encoder, and the [CLS]
token embedding of the last hidden layer is used as the style feature. The mathematical
expression is

s = StyleEncoder(input_ids, attention_mask ) g) )

where s is in RY is the style feature vector (d = 768), StyleEncoder(-) is the forward mapping
of the style BERT encoder, and the remaining variables are as defined in Equation (1).

3.2.3. Decoupling Principle and Independence Proof of Dual Encoders

Regarding the core question of ‘whether using the [CLS] token in both encoders to
extract features constitutes independent encoding’ —a question that arises from the com-
mon content-style feature entanglement in the BERT model [6]—this study supports the
independence and decoupling of the dual encoders from three dimensions: parameter in-
dependence, objective difference, and output verification.

1.  Parameterindependence: The content encoder and the style encoder are two indepen-
dently initialized BERT model instances, each with its own independent (non-shared)
set of parameter matrices in memory. During training, the parameter updates of the
two are driven by the gradients of different loss functions.

2. Difference in optimization objectives: The optimization objectives of the two encoders
are different: the content encoder minimizes the sentiment classification loss, forcing
the model to focus on core semantic information [25]; the style encoder provides style-
discriminative information for feature fusion, and together with the adversarial train-
ing module learns to express style features [23]. The differentiated optimization ob-
jectives prompt the two encoders to converge to basically independent feature spaces.

3. Output distinction: After training, the average cosine similarity between content fea-
tures and style features was below 0.3, supporting their relative independence.

3.3. Adversarial Decoupling Module

The adversarial decoupling module is used to further eliminate style information in-
terference from content features, ensuring that content features contain only semantic and
emotional information. It consists of a Gradient-Reversal Layer (GRL) and an adversarial
classifier, and is the core component for achieving deep decoupling of content and style.

3.3.1. The Core Principle of the Gradient-Reversal Layer (GRL)

GRL is a core component for implementing adversarial training. Its key feature was
first proposed by Ganin et al. [23] in the classic study on unsupervised domain adaptation.
During forward propagation, the input features remain completely unchanged, while dur-
ing backward propagation, the gradient sign is reversed, thereby enabling an adversarial
game between the content encoder and the adversarial classifier.

Let A be the gradient-reversal coefficient (used to control the intensity of adversarial
training; the larger the value, the stronger the constraint of adversarial training), and x be
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the input feature of the GRL layer (i.e., the content feature vector ¢ output by the content
encoder). The forward propagation formula of the GRL layer is

GRL(x) = x 3)
oL oL
SCRL()) ~ ox @

where x is the content feature vector input to GRL, A is the gradient-reversal coefficient
(fixed at 1.0), and L is the total loss function.

3.3.2. Adversarial Classifier and Loss Function

The adversarial classifier is a binary classification network that takes content features
processed through a GRL layer as input and predicts the style label of the text (zero repre-
sents normal expression, one represents implicit expression). Through the ongoing adver-
sarial game between the content encoder and the adversarial classifier, the content encoder
will gradually learn to generate ‘style-independent’ content features that the adversarial
classifier cannot recognize, ultimately achieving style purification of the content features.

This study uses cross-entropy loss as the loss function L,4, for the adversarial loss,
and the calculation formula is

L,qy = CE(Adversary(GRL(c)), ys) 5)

where Adversary(-) is the adversarial classifier mapping, c is the content feature vec-
tor, ys is the true style label (zero for normal, one for implicit), and CE(-) denotes cross-
entropy loss.

In addition to the gradient-reversal objective, we also add an explicit content-style
orthogonality regularizer that penalizes the residual cross-correlation between the (L2-
normalized) content features and style features: L, = | |%Zi €1§IT| \%, where B is the batch
size. The full objective is given in Equation (12). This drives the two feature spaces toward
statistical independence, and as shown in Section 5.2, it improves both the macro-F1 and
brings the style probe closer to the random level.

3.4. Conditional Fusion Module

The conditional fusion module is the core component linking the ‘dual-path decoup-
ling —adversarial purification” process with the final emotion classification. Its primary
function is to perform a fine-grained, adaptive fusion of content features and style features
after decoupling and purification. This ‘separate and purify first, then finely reorganize’
approach addresses the core challenge of mismatches between the literal semantics of the
text and the true emotional tendency through stepwise optimization.

After processing by the preceding modules, the content features have been freed of
style interference and retain only the core semantics and emotional information of the text,
while the style features completely encode the expressive style attributes of the text. Tradi-
tional fusion methods (such as concatenation or fixed weighting) cannot meet the dynamic
interaction needs of decoupled features. For this reason, this module uses CLN for fusion,
which effectively solves the problem of overly coarse fusion granularity in traditional meth-
ods. Its core advantage is that it can dynamically adjust the normalization parameters of
the content features according to the style characteristics of the input text, achieving ‘style-
adaptive fusion, i.e., each input is fused conditioned on its style’. This characterizes the
tension between ‘semantic content and expression style’ in implicit emotion, and gener-
ates more discriminative features for emotional classification.
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CLN dynamically adjusts the normalization of content features based on style fea-
tures. Standard layer normalization (LN) normalizes features as follows [26]:

C— M
LN(c) = —— 6
where p, and ¢? are the mean and variance of the ¢, and € = 107° is a small constant for
numerical stability.
LN uses a fixed scale y and shifts § to process all inputs. CLN replaces these param-
eters with parameter s dynamically generated by the style function [27,28]:

CLN(¢, s) = v(s) @LN(C) + B(s) (7)
v(s) =Linear (s) (8)
B(s) = Linearﬁ(s) 9)

Here, Lineary (-) and Linearg (-) are linear layers. This allows the fusion to adapt to
different styles, capturing the conflict between content and style, which is reflected in the
underlying emotions.

The core advantage of CLN fusion lies in the fact that, for the implicit-emotion recog-
nition task, the expression style of the text strongly shapes the emotional tendency of its
semantics (for example, in ironic text, the style features are the key clue for judging the real
emotion). By dynamically adjusting the normalization parameters of the content features
through the style features, the model can adaptively learn "how the content feature weights
should be distributed under different styles’. Compared with static fusion methods, this
method can better capture the contradictory relationship between literal meaning and real
emotion in implicit expression, providing a more expressive feature representation.

3.5. Style-Intensity Prediction (Exploratory Task)

To improve interpretability and achieve risk classification, we explore quantifying
the intensity of implicit expression. The regressor consisting of a linear layer and S-shaped
activation is based on a style encoder that predicts continuous intensity sin in [0, 1]:

Sint = Slgmold (Linearreg (S) ) (10)

where s is the style feature vector, Linearreg is a linear regression layer, Sigmoid (-) maps
the output to [0, 1], and s is the predicted style intensity.

Lgtyle= MSE(StyleRegressor(s) ,ys_int> (11)

where StyleRegressor is the regressor defined in (10), y, ;. is the ground-truth intensity
(average of five annotators), and MSE is mean squared error.
The total loss is a multi-task combination:

Liotal = Lemotion + ®Lady + ,BLstyle +0Lorth (12)

where a=0.2 and 3 =0.3 are the weights of the adversarial loss and the style loss, and 6 =0.1
is the weight of the content-style orthogonality regularizer L.y, (defined in Section 3.3).

Lemotion= CE(EmotionClassifier( f),y.) (13)

where f is the fused feature from CLN, y, is the true sentiment polarity (zero negative, one
positive), and CE is cross-entropy loss.
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Task failure analysis: Regression failed (PCC = 0.052) for three reasons: label noise
(average subjective scores), feature—task mismatch (categorical features with ordinal tar-
gets), and loss sensitivity (mean squared error converging to the mean). This indicates
that direct regression is not feasible; ordinal classification or contrastive learning should
be considered. This module is not part of our core contribution.

4. Experimental Design
4.1. Dataset Construction

To meet the core requirements of research on content—style decoupling and explain-
able implicit-emotion recognition, a specialized dataset focusing on implicit-emotion ex-
pression in social media posts by college students was constructed. The data, throughout
the process of crawling, annotation, and splitting, fully supports the needs of the model for
dual-task learning (sentiment classification and style-intensity regression) and decoupling
mechanism training. The specifics are as follows.

4.1.1. Data Sources and Collection

The dataset comes from Baidu Tieba, a platform frequently used by university stu-
dents, focusing on campus-specific communities (Shandong University of Science and
Technology Bar, Qingdao University of Science and Technology Bar) and interest-based
communities (Study Bar, Life Bar, Sports Bar, Work Bar), ensuring that the data closely
aligns with the campus life and interests of the target group. The open-source web scrap-
ing tool Octopus Collector (v8.4.6) was configured with user-defined rules to simulate nor-
mal browsing behavior and crawl publicly accessible comments. The data collection spans
from January 2023 to June 2024, covering key periods such as the beginning and end of
semesters, exam seasons, and winter and summer vacations to ensure data diversity.

Data collection strictly follows the Personal Information Protection Law, with user
IDs, nicknames, and other identifying information being anonymized (replaced with ran-
dom codes), retaining only non-identifiable fields such as text content and publication time.
The data acquisition and processing pipeline was designed in accordance with established
guidelines and best practices for social media research [29,30].

The collection gathered both ordinary (literal) posts and potentially implicit posts,
and deliberately expanded the content of irony, complaints and implicit dissatisfaction
in the original corpus to ensure that implicit expression is fully presented, finally obtain-
ing 12,000 raw data items. After data cleaning and filtering—removing advertisements,
garbled codes, meaningless symbols, duplicates and near-duplicate posts (filtered with a
Jaccard similarity of 0.9 on character 3-grams as the threshold), and invalid texts with fewer
than two Chinese characters—we finally obtained 11,154 valid texts, ensuring that the data
can fully support the implicit-emotion recognition and content-style decoupling tasks.

4.1.2. Annotation Standards

The annotation was completed by two linguists and three students, covering three
labels:

1. Sentiment: Zero (negative, e.g., anxiety, complaint) or one (positive, e.g., recognition,
joy). Throughout the full text, ‘emotion’, ‘sentiment” and ‘emotional tendency’ are
used interchangeably, referring to this binary emotional polarity.

2. Style: Zero (normal, literal meaning matches the emotion) or one (implicit, e.g., sar-
casm, subtle complaint).

3.  Style intensity: A continuous value in the interval [0, 1] with a step of 0.1, averaged
over five annotators; zero means no implicit feature, one means very strong; the grad-
ing is as follows: 0-0.2 (none/extremely weak), 0.3-0.5 (weak), 0.6-0.8 (medium),
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0.9-1.0 (strong). The Fleiss’ kappa among the five annotators reached 0.87 for sen-
timent and 0.85 for style, indicating a high degree of consistency.

Develop detailed annotation guidelines: Clearly define the criteria for implicit ex-
pression (for example, define irony as ‘expressing an emotion opposite to the literal one
through sarcasm or exaggeration’, and define complaint as ‘conveying dissatisfaction
through implicit criticism’), and unify the annotation scale. Since each sample is annotated
by five annotators, we use Fleiss’ kappa to verify the category consistency: the consistency
of the sentiment labels is 0.87 and that of the style labels is 0.85, both at a high level; samples
with annotation disagreement are adjudicated by annotators with a linguistic background.
The continuous style-intensity label takes the average of the five annotators’ scores, and its
consistency is evaluated by the two-way random-effects intra-class correlation coefficient
(ICC =0.79) to ensure the reliability of the annotation.

4.1.3. Dataset Statistics

To ensure the stability and generalization ability of model training, stratified sampling
is used to divide the dataset by 8:1:1, keeping the joint distribution of sentiment and style
labels consistent. It was finally divided into a training set of 8923 (79.9%), a validation
set of 1115 (10.0%), and a test set of 1116 (10.1%), totaling 11,154. We further verified that
there are no near-duplicate samples shared among the training, validation and test sets
(Jaccard similarity > 0.9 on character 3-grams), confirming that there is no training-test
data leakage.

The label distribution and text length statistics of the dataset are shown in Table 1:

Table 1. Distribution statistics of emotion polarity labels.

. Average Length
0,
Label Category Number of Texts Proportion (%) (Tokenization)
Positive 4921 441 28.6
Negative 6233 55.9 31.2
Total 11,154 100 29.8

As shown in Table 1, the dataset exhibits a slight class imbalance, with negative emo-
tions accounting for 55.9% of the total samples. This is consistent with the characteristic
that users on social media platforms are more inclined to express complaints and nega-

tive emotions.
Table 2 presents the joint distribution of sentiment polarity and expression style.

Table 2. Joint distribution of sentiment polarity and expression style (counts).

Style/Sentiment Positive Negative Total
Normal 4637 2959 7596
Implicit 284 3274 3558

Total 4921 6233 11,154

Implicit expressions account for 31.9% of the dataset, which indicates that a consid-
erable portion of college students’ social media posts conveys emotions in an indirect, im-
plicit way, highlighting the practical significance of implicit-emotion recognition for this
population. As shown in Table 2, positive samples are very rare in the implicit subset (only
284 out of the overall 3558, and only 28 out of 356 in the test set); when interpreting the
results on the subsets, we have taken this imbalance into account.
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4.1.4. Data Samples

To qualitatively demonstrate the characteristics of the constructed dataset, Table 3 lists
representative samples covering the main combinations of sentiment polarity and style
categories.

Table 3. Examples of annotated data samples.

Text Content Sentiment Style
VB TR TR L, Tkif125, A g Positive(1) Normal(0)
CR—VEVE SRR A, AR ) ) A B TR Negative(0) Normal(0)

R ERHE RS, AL, BOARSAE. . SRR, R, Negative(0) Implicit(1)
BIogERat, BEEASREEEABEARR, 1571 T REAK, RTORZ” cgative plc
XA TR A RAIN B, WRE VNI L L Negative(0) Implicit(1)

Note (English translations of the Chinese examples): (1) “[2023 cohort] Chemical Engineering: passed the post-
graduate exam (Principles of Chemical Engineering, subject code 801); major-course score 125; happy to answer
questions.” (Positive, Normal) (2) “Muddled aimlessly through half of my freshman semester; wondering when
the summer break starts.” (Negative, Normal) (3) “I won't attend the University of Science and Technology of
China—my score isn’t high enough. I'll attend Qingdao University of Science and Technology —because I'm kind-
hearted: it is already looked down upon, so I couldn’t bear to snub it too.” (Negative, Implicit/ironic) (4) “This
is the confidence Qingdao UST gives us—crushing all the ‘211" elite universities.” (Negative, Implicit/ironic).

As shown in Table 3, this dataset captures a broad spectrum of emotional expres-
sions, ranging from direct emotional statements to subtle implicit forms (such as irony
and self-mockery). Notably, implicit expressions almost exclusively convey negative emo-
tions, which aligns with the pragmatic function of irony and indirect complaints in social
media discourse.

4.2. Comparative Model

To evaluate CSD-IFRN, we compared it against three groups of models: classical pre-
training baselines, recent SOTA models on the same task, and few-shot large language
model (LLM) baselines. All fine-tuned, encoder-based models adopt a completely unified
training protocol (learning rate 2 x 1073, batch size 16, three training epochs), and each is
trained with five random seeds {42, 87, 123, 2024, 3407}, adjusting only the model structure
to ensure fair comparison; for these models, each reported metric is the mean =+ standard
deviation over the five seeds. The LLM baselines are not fine-tuned: each model is eval-
uated under the eight-shot in-context setting, and the mean =+ standard deviation over
five independent demonstration samplings is reported, rather than statistics over training
seeds.

We compare CSD-IFRN with two groups of models:

1.  Classicbaseline models: BERT-base-chinese [25], RoBERTa-base-chinese [31], MacBE-
RT-base [32], DeBERTa-v3-base [33], and ERNIE-3.0-base [34].

2. The representative related comparison models adapted to this task are as follows:
SemStyle-adapted [35], a text-only adaptation inspired by the original SemStyle
framework for semantic—style separation, adapted here to the binary implicit-emotion
classification setting under the same BERT-base-chinese backbone and unified train-
ing protocol; Dual-CL [36], a supervised contrastive text-classification baseline that
uses label-aware data augmentation to learn discriminative sentence representations
(adapted here to the same dual-encoder backbone to ensure fair comparison); and
Disen-Sarc [37], which achieves adversarial decoupling through bidirectional gradi-
ent reversal. Since there is currently no public official implementation for Chinese
implicit-emotion recognition, these three models were reproduced by ourselves and
trained under the unified protocol described below (the same BERT-base-chinese
backbone, optimizer, batch size, number of training epochs, and five random seeds),
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with each model’s specific module hyperparameters tuned on the validation set to
ensure fair comparison; the reproduction code has been made public for verifica-
tion. These baseline scores (SemStyle-adapted 85.35, Dual-CL 84.78, Disen-Sarc 85.82)
were obtained on our self-built implicit-emotion test set under the above unified and
controlled settings. We additionally compared three recent large language model
baselines (few-shot in-context settings) — GPT-3.5-turbo [38], Qwen-7B-Chat [39] and
ChatGLM3-6B [40] —each prompted with eight labeled examples (the prompt tem-
plate is available on request) and evaluated over five prompt samplings.

4.3. Ablation Experiment Design

To systematically verify the effectiveness of each core module in the CSD-IFRN model,
the rationality of key designs, and the impact of multi-task learning settings on the main
task, this study designs ablation experiments from three dimensions, forming a complete
chain of module effectiveness validation.

The first set of experiments was to validate the effectiveness of the core modules, us-
ing an incremental module addition approach to verify the contribution of each module to
model the performance and the necessity of a progressive design in the three-level archi-
tecture of “dual-path encoding —adversarial purification—conditional fusion.”

Four model variants were set up: a baseline model that uses only a single-BERT en-
coder to directly predict sentiment labels; on top of the baseline, a dual-path BERT encoder
with unshared parameters is used to explicitly decouple the content and style features,
yielding a dual-path encoding model; on top of the dual-path encoding model, a gradient-
reversal adversarial module is added to purify the content features from style, yielding the
Dual + Adversarial model; finally, the complete CSD-IFRN model proposed in this paper
introduces the CLN conditional fusion module on top of adversarial training to achieve
fine-grained reorganization of the decoupled features.

The second set of experiments compares the performance of different fusion strategies.
Keeping the dual-path encoding and adversarial training backbone unchanged, we only
replace the feature fusion module, in order to compare how well different fusion strategies
adapt to highly decoupled features and to verify the rationality of the CLN fusion strategy
proposed in this paper. Four comparison groups are set up: direct concatenation of content
and style features; weighted fusion, whose mixing weight is selected by grid search over
{0.1,0.2,..., 0.9} targeting macro-F1 on the validation set (the selected optimal fixed weight
is 0.6), with a trainable-weight variant analyzed in Section 5.2.2; dynamic gated fusion
based on a gated recurrent unit (GRU) gating mechanism; and the CLN conditional fusion
adopted in this paper.

The third set of experiments analyzes the impact of multi-task output formats. The
core architecture of the model remains unchanged, with only the output tasks and the com-
position of the loss functions adjusted. This is done to verify the effect of different auxiliary
task settings on the main task of sentiment classification, and to analyze the feasibility of
the continuous style-intensity regression task.

The experiment set consists of three comparative setups: a single-task model that only
outputs sentiment polarity predictions; a multi-task model that predicts both sentiment
polarity and discrete style labels; and the full multi-task model proposed in this paper,
which predicts both sentiment polarity and continuous style intensity.

4.4. Evaluation Metrics

Considering the slight imbalance in the dataset (negative emotions account for 55.9%),
the following metrics are selected:
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1.  Emotion Classification:
Accuracy (Acc): Overall classification correctness. F1: macro-averaged F1 (balanc-
ing positive and negative performance). Precision (Prec): macro-averaged precision
over the positive and negative classes. Recall (Rec): macro-averaged recall over the
positive and negative classes.

2. Style-Intensity Prediction (Exploratory):
Pearson Correlation Coefficient (PCC): The correlation between predicted values and
actual values.
Mean Squared Error (MSE): The sum of squared prediction errors (additional infor-
mation).

4.5. Experimental Setup
4.5.1. Software and Hardware Environment

The hardware and software environment of the experiment is summarized in Table 4.
All experiments were run on a Huawei KLVG-XX laptop (Huawei Technologies Co., Ltd.,
Shenzhen, China) with a 13th-generation Intel Core i5-1340P processor (Intel Corporation,
Santa Clara, CA, USA) and 32 GB of RAM.

Table 4. Experimental environment configuration.

Name Configuration Information
Operating System Windows 11 (24H2)
Programming Language Python 3.9.23
Framework PyTorch 2.3.1; Hugging Face Transformers 4.41.0
CPU 13th Gen Intel® Core™ i5-1340P
Memory 32.0G DDR5

All experiments were conducted on a consumer-grade laptop without dedicated
GPU acceleration, which demonstrates that the proposed model remains feasible under
resource-constrained conditions in university research environments.

4.5.2. Hyperparameter Configuration

Following the unified protocol of Section 4.2, the remaining hyperparameters not
listed in this section are determined by five-fold cross-validation: maximum text length
128, adversarial (GRL) coefficient A = 1.0, adversarial loss weight & = 0.2, style loss weight
3 =0.3, content-style orthogonality weight 6 =0.1, dropout rate 0.1. If the validation macro-
F1 does not improve for three consecutive epochs, early stopping is triggered.

5. Results and Discussion
5.1. Comparison with Baseline Model Performance

Table 5 reports the performance of CSD-IFRN against classic baselines, recent same-
task SOTA models and few-shot LLM baselines, all obtained over five random seeds under
the unified protocol (mean =+ standard deviation). CSD-IFRN consistently outperforms all
comparison models: its macro-F1 reaches 88.43% =+ 0.34%, 6.99 percentage points higher
than the BERT-base-chinese baseline, and 2.61 percentage points higher than its strongest
rival Disen-Sarc (85.82% =+ 0.20%); it leads SemStyle-adapted and Dual-CL by 3.08 and
3.65 percentage points, respectively, and the strongest few-shot LLM baseline by 7.46 per-
centage points. As shown in Figure 2, the per-seed error bars of CSD-IFRN do not overlap
with any competitor.
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Table 5. Performance comparison of each model on the self-built test set. All values are re-
ported as mean =+ standard deviation over five random seeds {42, 87, 123, 2024, 3407}; for the few-
shot LLM baselines, values are the mean + standard deviation over five independent demonstra-

tion samplings.

Model Type Model Name Acc (%) Prec (%) Rec (%) F1 (%)
BERT-base-chinese 81.72 4+ 050 8126 +0.52 8217 +054  81.44 +0.52
RoBERTa-base-chinese ~ 82.44 +0.39 8232+ 039  83.414041 8227 4 0.39
Classic baseline model MacBERT-base 8297 4+030 8239+0.30 8312+031  82.6240.30
DeBERTa-v3-base 80.70 + 041 8025+ 0.42  81.15+044  80.41 + 042
ERNIE-3.0-base 8238+ 051 81.82+050 82.62+050  82.054+ 0.51
SemStyle-adapted 8557+ 035 8513+034 86.16+035 8535+ 0.35
SOTA mOdtel fkor the Disen-Sarc 8600 =020  85.65+018 8677 +017 8582+ 0.20
same tas Dual-CL 8498 £ 022  84.63+021 8572+021  84.78 4+ 0.22
GPT-3.5-turbo
LLM baseline (few-shot) 80.11+031  79.85+029  80.82+029  79.88 4 0.31
(few-shot) Qwen-7B-Chat 81204033  8090+032 81.90+033  80.97 4 0.33
(few-shot)
ChatGLM3-6B 80.34+0.17  80.02+0.17 8099 +0.17  80.10 + 0.17
(few-shot)
CSD-IFRN CSD-IFRN 8858 +0.34 8824+ 034 89.44+035 8843 +0.34
90 4
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Figure 2. Per-model macro-F1 (mean + SD over five random seeds {42, 87, 123, 2024, 3407}) on the
self-built test set. Error bars denote one standard deviation across the five random seeds (seed-to-
seed variability); the interval of CSD-IFRN does not overlap with that of any baseline or state-of-the-
art model.

5.2. Ablation Experiment Results
5.2.1. Analysis of the Effectiveness of Core Modules
The ablation results for the core modules are shown in Table 6; every module brings

obvious gains. Adding a dual encoder on top of a single-BERT baseline increases macro-F1
by 2.64 percentage points (from 81.44% to 84.08%) [6].
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Table 6. Results of ablation experiments on the effectiveness of core modules. All values are reported
as mean =+ standard deviation over five random seeds {42, 87, 123, 2024, 3407}. ‘Style-probe BalAcc’
is the balanced accuracy of a frozen style probe trained on the content features; a value near the
50% chance level indicates stronger content-style disentanglement. All scores and improvements
are computed at full precision and reported to two decimal places.

Model Variant Acc (%) F1 (%) Style-Probe BalAcc (%) Delta-F1 vs. Baseline
Baseline 81.72 £ 0.50 81.44 £ 0.52 — —
Dual encoder 84.34 +0.35 84.08 £+ 0.35 — up 2.64
Dual + Adversarial 85.90 £+ 0.46 85.69 £ 0.46 53.4 + 0.4 up 4.25
CSD-IFRN 88.58 £ 0.34 88.43 + 0.34 504 £0.2 up 6.99

On the basis of the dual-path encoder, the adversarial purification stage (gradient
reversal plus the orthogonality regularizer Ly.4,) adds 1.61 percentage points (to 85.69%).
The frozen style probe trained on the content features is pulled to the random level —its
balanced accuracy at this stage is 53.40%, and 50.40% in the complete model (Table 6); the
corresponding raw accuracy of 68.20% cannot be distinguished from the majority-class
baseline of 68.1%—while the specialized style encoder can still recover the style with an
accuracy of 94.89%.

Finally, the complete CSD-IFRN model reintegrates the purified content features with
the style features through CLN, increasing it by 2.74 percentage points to 88.43% (a cumula-
tive increase of 6.99 percentage points relative to the baseline). Removing the orthogonality
regularizer (—Lqy,) reduces the macro-F1 from 88.43% to 86.94% (a 1.49-percentage-point
drop attributable to L., alone, distinct from the +1.61-percentage-point gain of the com-
plete ‘gradient reversal + L.y, purification stage), and raises the balanced accuracy of the
style probe from 50.40% to 56.60%, so Lo, improves both accuracy and decoupling. The
gains accumulate monotonically across the three stages.

5.2.2. Performance Analysis of Different Fusion Strategies

The performance comparison of different fusion strategies is shown in Table 7. CLN
conditional fusion achieves the best macro-F1 (88.43% =+ 0.34%), higher than weighted
fusion (86.78%), concatenation (86.43%) and gated fusion (85.90%), with lower variance
between seeds (the between-seed standard deviation is 0.34, second only to gated fusion’s
0.27, and better than concatenation’s 0.35 and weighting’s 0.46). Compared with weighted
fusion, CLN raises macro-F1 by +1.65 percentage points, and this ranking holds on all five
seeds; a McNemar test on the per-sample test predictions confirms that the difference is
significant (exact two-sided p < 0.001, still significant after Holm correction).

Table 7. Performance comparison of different fusion strategies. Values are mean + standard devi-
ation over five random seeds; ‘Training Stability” denotes the macro-F1 standard deviation across
seeds, where a smaller value indicates higher stability.

Fusion Method Acc (%) F1 (%) Training Stability =~ Interpretability
Concatenation 86.65 +0.35  86.43 £ 0.35 0.35 middle
Weighted 86.99 £0.47  86.78 +0.46 0.46 low
Gated 86.15+0.27  85.90 &+ 0.27 0.27 high
CLN 8858 £0.34  88.43 +0.34 0.34 middle

Gated fusion performs worst (85.90% F1), possibly because the additional gating pa-
rameters increase model complexity relative to the data scale, thereby reducing generaliza-
tion ability. Static strategies such as concatenation and weighting combine the two feature
streams in a globally fixed way, so they cannot adaptively adjust the fusion according to
each input’s style; in contrast, CLN dynamically conditions the normalization of the con-
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tent features on the style features, so that the fusion is adapted to the style of each text.
It is precisely this adaptive mechanism that lets CLN achieve the highest macro-F1 while
maintaining low variance between seeds.

The advantage of CLN is highly consistent with the essence of implicit-emotion
recognition: the expression style of the text strongly affects the emotional polarity of its
semantics —for example, in ironic texts, style clues often play a decisive role in inferring
the true polarity. By generating the scaling and shifting parameters of layer normalization
from the style features, CLN learns how the content feature weights should be distributed
under different styles, and captures the contradictory relationship between literal mean-
ing and real emotion that the static fusion cannot model. This is exactly why conditional
fusion can provide the most accurate representation for the classifier.

While CLN achieves the highest accuracy among the compared fusion strategies, it
also adds a style-conditioned modulation branch. The main cost of this framework is the
second (style) encoder, which roughly doubles the encoder parameter count and infer-
ence time compared with the single-BERT classifier; the CLN modulation itself is very
lightweight, adding only two linear layers (about 0.6% of the parameters) on top of the
trained style encoder, so its own overhead is negligible. We consider the second encoder
worthwhile, because it brings decoupling (the frozen style probe is pulled to the random
level) and a stable +6.99-percentage-point macro-F1 gain. Therefore, CLN is most cost-
effective when implicit expression is frequent, while for simpler or resource-constrained
domains, weighted fusion remains a feasible lightweight alternative.

To further analyze the behavior of the fusion module, we replace the fixed weight in
the static baseline with a trainable parameter w, initialize it to 0.5, and constrain it to the
(0, 1) interval through a Sigmoid. After convergence under the same training configura-
tion, w stabilizes at 0.622, indicating that the model assigns a higher weight to the content
features and confirming the dominant role of content features in sentiment classification.
However, a single global weight cannot adapt to each input; CLN generalizes this idea
into input-conditioned modulation parameters generated from the style features, which
is why it continues to surpass the optimal static weighting (86.78% F1) and achieve the
highest overall macro-F1 (88.43%).

5.2.3. Analysis of the Impact of Multi-Task Output Forms

The performance comparison of different multi-task output forms is shown in Table 8.
Beyond the single-task model (macro-F1 87.20%), adding discrete style supervision raises
it to 87.74%, while the complete model with continuous style-intensity supervision reaches
88.43%, the highest of the three. Continuous intensity regression itself does not converge as
a standalone target (Pearson 0.052); therefore, its gain on the main task is best understood
as a regularization effect of the auxiliary target, rather than a reliable intensity prediction.

Table 8. Performance comparison results of different multi-task output forms. All values are reported
as mean =+ standard deviation over five random seeds {42, 87, 123, 2024, 3407}.

Output Form Acc (%) F1 (%) Style Prediction Explainability Sources

Emotion-only 87.42 + 0.46 87.20 == 0.46 - None

+Discrete style 87.92 + 0.19 87.74 £ 0.21 94.89% (ACC) Style Category
+Continuous style 88.58 £+ 0.34 88.43 £ 0.34 0.052 (PCC) (Failed)

In response to the failure of continuous style-intensity regression tasks, this paper
conducts an in-depth analysis from three dimensions: First, the labels inherently contain
ambiguity and noise. Style-intensity labels are the average scores given by five annota-
tors, while sarcasm level and implicit expression intensity are highly subjective concepts,
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with large individual scoring variance. Using the mean as the regression target introduces
significant label noise for model learning. Second, there is a mismatch between features
and the task. The style regressor only uses the CLS representation from the style encoder,
which is optimized for a binary classification objective, learning features that distinguish
categories rather than the ordinal features required for regression tasks, resulting in a mis-
match with the task goals. Third, the loss function has sensitivity issues. The MSE loss
over the [0, 1] label range can easily cause the model to quickly collapse to predicting the
mean label value (around 0.5), leading to gradient vanishing and training stagnation. The
negative results of this experiment also provide a reference for future research: For sub-
jective intensity quantification tasks, direct continuous value regression is not a feasible
approach, and alternative paradigms such as ordinal classification or contrastive ranking
need to be explored.

5.3. Explainability Analysis Based on Adversarial Training

Although the continuous style-intensity prediction task does not converge, the ad-
versarial purification module still provides an interpretable perspective on the model’s
decision logic. We use the balanced accuracy of a frozen style probe trained on the content
features as a transparent readout of the residual style information after purification —this
is a standard adversarial decoupling diagnostic, not a new metric. The probe is a logistic
regression classifier fit on the frozen content features with class-balanced weighting, and
evaluated on the test set.

The experimental results show that the frozen style probe attains only 50.40% bal-
anced accuracy on the test set—essentially the 50% random level —with a raw accuracy
of 68.20%, which cannot be distinguished from the majority-class baseline of 68.1%. Once
purified, the classifier’s ability to recover style labels from the content features is no better
than majority-class guessing, while the specialized style encoder can still predict style with
94.89% accuracy (Table 8): most of the recoverable style information has been removed
from the content stream, yet retained where it belongs. This comparison quantifies the de-
gree of content—style decoupling at the overall level, indicating that sentiment prediction
is mainly driven by semantic cues rather than surface style. For illustration, this section
examines three typical test samples.

Case 1: Sarcasm Recognition

Enter text: “IX/MEIHVFRFEZ LAY, FAMEE 17

emotion prediction: negative

This text is a typical example of ironic implicit-emotional expression, where the literal
complimentary phrase ‘vivid and interesting” becomes a key style distractor. The frozen
style probe’s near-random balanced accuracy (50.40%) shows, at the overall level, that style
information is hard to recover from the content features. For this example, the model’s
correct prediction is consistent with its relying on the negative semantic cue ‘fell asleep’
rather than the literal complimentary phrase, indicating that the decoupling framework
can reduce style interference.

Case 2: Complaint Recognition

Enter text: “f5 5 P HR1F AEEE_E2GHFAR 17

emotion prediction: negative

This text is an exaggerated complaint, where the literal praise ‘fast’ contradicts the
actual emotion. Given the frozen style probe’s near-random balanced accuracy, very little
recoverable style information is retained in the content features. The model does not rely
on the literal meaning of ‘fast’, but instead captures the complaint from the implicit contrast
with the 2G era’.

Case 3: Normal Expression
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Enter text: “% R KPR LLERBGRIR 2"

emotion prediction: positive

This text is a conventional emotional expression without any implicit features. The
frozen style probe’s near-random balanced accuracy indicates that the content encoder is
likewise consistent with a content-style separated state, retaining only the core positive
semantics, ensuring the consistency of the model’s decisions across different types of text.

The above analysis indicates that the near-chance balanced accuracy of the frozen
style probe (50.40%, compared with 94.89% for the specialized style encoder) can serve as
a quantitative measure of how thoroughly style has been purified from the content fea-
tures; at the same time, the case observations visually show how the purified model relies
on the core semantics to make correct judgments. The probe metric and the case obser-
vations together show that this method not only quantifies the degree of decoupling, but
also makes the model’s decisions interpretable. In the context of mental-health monitoring
in colleges and universities, this interpretability can be used to distinguish the real source
of students’ negative emotions—whether it comes from the psychological state reflected
in the core semantics of the text, or from a pseudo-signal caused only by the expression
style—thereby providing more reliable decision support for mental-health professionals.

5.4. Error Analysis

To further optimize model performance, this paper classifies and counts the samples
incorrectly predicted by the CSD-IFRN model, analyzes the types of errors, their propor-
tions, and the core reasons, and proposes targeted directions for model improvement. The
results are shown in Table 9.

Table 9. Statistical analysis of model prediction error types.

Error Type Proportion (%) Example Cause Analysis
Cultural metaphor 35 “X#{E666”  Insufficient understanding of internet slang/cultural metaphors.
Double negation 28 “ARRAEE The analysis of complex negation is limited.
Context loss 22 AT R Lack of contextual information.
Others 15 - Label noise/rare expression.

Note (English translations of the Chinese examples in the “Example” column): (1) “That was an awesome move”
(666" is Chinese internet slang for “skilful” or “impressive”); (2) a double negative that literally reads “it is not
that [I] do not want to go”; (3) “It's OK, I guess”, a noncommittal reply whose sentiment depends on context.

Based on the above reasons for the errors, this article proposes four specific direc-
tions for model improvement: (1) integrating domain knowledge (internet slang, cam-
pus metaphors) through a knowledge base; (2) adding syntactic analysis to handle com-
plex structures such as double negatives; (3) expanding context by collecting dialog texts;
(4) improving data quality through multi-round annotation and augmentation.

5.5. Parameter Sensitivity and Feature Visualization

To further explore the characteristics of the proposed CSD-IFRN framework, we con-
ducted a parameter sensitivity analysis on the gradient-reversal coefficient A and visual-
ized the feature distributions of the baseline model and the proposed model using t-SNE.

5.5.1. Sensitivity to Adversarial Training Intensity

Figure 3 shows the effect of the GRL coefficient A on model performance. The results
show that the model achieves the highest macro-F1 (0.8843) at A = 1.0, consistent with the
value used in the main experiments. As A deviates from this value in either direction, per-
formance gradually decreases, with an overall fluctuation of about 0.7% across the entire
tested range (A € [0, 5]). This shows that, although the adversarial training strength does
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affect model performance, the model’s overall sensitivity to A is relatively mild within a
reasonable tuning range.

Effect of Adversarial Training Intensity on Model Performance
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Figure 3. Effect of adversarial training intensity A on model performance.

In our main experiments (Table 6), we adopted A =1.0 following the default GRL con-
figuration established by Ganin et al. [23]. The parameter sensitivity analysis confirms that
this default value coincides with the empirically optimal setting for our model under the
current experimental setup. We note that across multiple independent runs, the optimal
A value was observed to fluctuate between one and two, with performance differences re-
maining within a narrow range. This further confirms the overall stability of the proposed
CSD-IFRN framework with respect to the adversarial training coefficient.

The loss weights « = 0.2 and 3 = 0.3 in Equation (12) were adopted from the default
multi-task weighting convention in the prior work [23]. The value of « =0.2 is the standard
adversarial loss weight widely used in the domain adaptation literature, and its effective-
ness was confirmed by the strong overall performance of our model.

5.5.2. t-SNE Feature Visualization

Figure 4 shows the t-SNE visualization results of feature distributions for BERT Base-
line and CSD-IFRN on the test set. In BERT Baseline, positive and negative samples are
highly mixed, indicating that the standard single-encoder BERT representation struggles
to distinguish between literal semantics and implicit-emotional expressions that contradict
true sentiment. In contrast, CSD-IFRN achieves a significantly clearer separation between
positive and negative sentiment polarities, with both positive and negative samples ex-
hibiting identifiable clustering trends.

This visual evidence is consistent with the quantitative results in Table 5: CSD-IFRN
exceeds the BERT baseline by a substantial 6.99 percentage points on F1, and the improved
inter-class separability in the feature space provides an intuitive explanation for this per-
formance gain. The t-SNE plot shows that content—style decoupling and conditional fusion
enable the model to learn more clearly separable features for implicit emotions.
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(a) BERT Baseline (b) CSD-IFRN

t-SNE dim 2
>
t-SNE dim 2

t-SNE dim 1 t-SNE dim 1
@® Negative A Positive

Figure 4. t-SNE visualization of feature distributions for BERT Baseline and CSD-IFRN on the test set.

5.6. Performance on Sentiment Classes and Style Subgroups

To further characterize the behavior of the model, Table 10 reports CSD-IFRN by sen-
timent class and style subset (five-seed mean =+ standard deviation). By class, the macro-F1
is 88.43% (negative 89.76%, positive 87.11%). By style subset, the accuracy on conventional
text (96.24%) is much higher than on implicit text (72.25%). Crucially, the gain relative to
the BERT baseline is concentrated on the difficult samples: on implicit text, CSD-IFRN in-
creases accuracy from 63.37% to 72.25% (+8.88 percentage points), much larger than the
improvement on conventional text (90.32% — 96.24%), indicating that the decoupling de-
sign directly targets implicit emotions. However, we note that the macro-F1 on the implicit
subset (54.90%) is still low, because implicit-positive text is extremely scarce (only 28 in the
test set); improving the F1 on the implicit subset is the main remaining challenge.

Table 10. Performance of CSD-IFRN by sentiment class and by style subset (mean £ SD over five
random seeds).

Breakdown Class/Subset Prec (Class)/Acc (Subset) (%) Rec (%) F1 (%)
By sentiment class Positive 81.02 £ 0.38 94.18 £ 0.50 87.11 £ 0.38
By sentiment class Negative 95.45 4- 0.38 84.70 4 0.35 89.76 4= 0.30

By style subset Normal (n = 760) 96.24 £+ 0.22 — 96.18 &+ 0.22
By style subset Implicit (n = 356) 72.25 £ 0.67 — 54.90 £+ 0.85

5.7. Evaluation on a Public Benchmark

To address the concern that ‘results on a single self-built dataset are hard to verify’,
we additionally evaluated the public benchmark SMP2019-ECISA (public Chinese implicit
emotion) under the same protocol. CSD-IFRN achieves 77.05% macro-F1, 4.95 percentage
points higher than BERT-base-chinese (72.10%) and 2.15 percentage points higher than the
strongest competitor (74.90%), confirming that the improvement generalizes beyond this
dataset (Table 11).

Table 11. Macro-F1 (mean & SD over five seeds) on the public SMP2019-ECISA (public Chinese
implicit sentiment).

Model Macro-F1 (%)
BERT-base-chinese 72.10 £ 0.40
Disen-Sarc (strongest SOTA) 74.90 & 0.33
CSD-IFRN (ours) 77.05 + 0.29
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6. Conclusions and Outlook
6.1. Research Conclusions

This paper proposes the CSD-IFRN model, which achieves the separation and reor-
ganization of content and style through dual-path encoding, adversarial decoupling and
conditional fusion, and conducts a systematic study on the implicit-emotion recognition
of college students’ social media text. The experimental results and analysis confirm the
following key conclusions:

e  Feasibility of the decoupling framework: Averaged over five random seeds, CSD-
IFRN achieves 88.58% =+ 0.34% accuracy and 88.43% =+ 0.34% macro-F1, improving
by 6.86 and 6.99 percentage points, respectively, over the BERT baseline, and 2.61 F1
percentage points over the strongest SOTA (with an even larger lead over recent few-
shot LLM baselines); all improvements are significant after Holm correction (p <0.01),
and are confirmed on the public benchmark.

e  Choice of fusion strategy: Among the compared fusion methods, CLN conditional
fusion achieves the highest macro-F1 on the decoupled features, with consistently
low variance between seeds, indicating that input-conditioned modulation is more
suitable for implicit-emotion recognition than static concatenation, weighting or
gated fusion.

e  Failure of style-intensity regression: Direct MSE regression on subjective continuous
labels does not converge (PCC = 0.052); alternative paradigms such as ordinal classi-
fication or contrastive ranking are needed.

e  Dual value of adversarial purification: It removes style influence from the content
features, and the balanced accuracy of a frozen style probe on those features provides
a quantitative measure of decoupling, offering new insights for model interpretability.

6.2. Research Limitations

This paper proposes the CSD-IFRN model for the implicit-emotion recognition of col-
lege students on social media. Experiments have verified that it has good recognition per-
formance and practical value, but there are still two main areas for optimization and ex-
pansion in the research:

e The quantification of implicit expression intensity is still insufficient: The continu-
ous style-intensity regression task explored in this paper did not converge effectively,
so the current degree of decoupling is quantitatively verified by the balanced accu-
racy of the frozen style probe; accurately quantifying implicit expression intensity
and conducting more in-depth interpretability studies of the model’s decision logic
still require further work. Since the style encoder is optimized only by the classifica-
tion objective, its style representation does not yet fully encode intensity information;
enriching this representation is a feasible direction for further strengthening the con-
ditional fusion module. In addition, this architecture integrates existing mature com-
ponents (dual encoders, gradient-reversal adversarial training and conditional layer
normalization); its contribution lies in the specific integration of these components
for the Chinese campus implicit-emotion task, supplemented by the content-style or-
thogonality regularizer (Lo ), rather than in any single new module. Although CLN
achieves the highest accuracy and low variance between seeds among the compared
fusion strategies, this advantage is to some extent constrained by the quality of the
style representation. This dependence implies a realistic trade-off: CLN is most ef-
fective when the style representation is rich, while static fusion may be sufficient in
resource-constrained scenarios.

e The engineering implementation and scenario adaptability of the model still need
to be expanded: The current dual BERT encoder architecture brings certain com-
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putational overhead and parameter redundancy, so there is still room for model
lightweight optimization. The adaptability of the model to texts from specific scenar-
ios, such as campus course groups or club groups, as well as its generalization ability
to new internet terms and campus-specific metaphorical expressions, still needs fur-
ther improvement. In the future, it may be worthwhile to construct a dynamically up-
dated knowledge base of implicit expressions used by college students, and enhance
the adaptability of the model in real-world scenarios through domain adaptation and
lightweight knowledge injection techniques (such as adapter-based fine-tuning).

The dataset coverage still has limitations: The current dataset only covers publicly
available campus community texts from Baidu Tieba and does not include private
domain community content frequently used by college students on platforms like
WeChat and QQ. Expanding the data sources to include these private platforms is
an important direction for improving the practical applicability of the model.

The time range of experimental comparisons still needs to be broadened: although
the literature review has been updated to incorporate the latest work from 2025 to
2026 [18-20], the main experimental comparisons in Table 5 are still based on repre-
sentative methods from 2024 to 2025. The latest work, such as the causal-prompting
strategy of Ren et al. [19] and the GAN-LLM data-augmentation framework of Wang
et al. [20], is complementary to this paper in technical approach—they focus on
prompt engineering and data augmentation, respectively, rather than improving the
model architecture itself. Because of this fundamental difference in setting, directly
applying the existing evaluation framework cannot provide a fair and meaningful
comparison. A dedicated empirical study quantifying the relative advantages of these
complementary methods under a unified framework will be an important direction
for future work. Finally, the LLM baselines are evaluated under an eight-shot in-
context setting, so they represent a few-shot lower bound, not a fine-tuned or chain-
of-thought upper bound; comparison with fine-tuned LLMs is left for future work.

6.3. Future Work

In light of the above limitations, future work will include

Replacing direct regression with ordinal/contrastive learning to quantify intensity;
Enhancing style representation through multi-task learning to better utilize CLN;
Exploring lightweight architectures (e.g., adapters) for deployment;

Extending the dataset to private platforms (WeChat/QQ) and introducing domain
adaptation for new online language.

Designing a unified fairness evaluation framework to systematically empirically com-
pare the architecture-level decoupling method proposed in this paper with comple-
mentary methods based on prompting or data augmentation, in order to quantify the
relative advantages and applicable scenarios of different technical approaches in ad-
dressing the challenge of implicit-emotion recognition.
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