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SUMMARY: In order to solve the problems of the separation of topic identification and stance
discrimination and the insufficient utilization of semantics in the analysis of ideological and
political education texts, a collaborative modeling method under the framework of multi-task
learning was constructed. The model is based on shared semantic coding, introduces topic
prototype matching and feature fusion mechanism in the topic identification branch, and adds
topic-guided attention and cross-task consistency constraint in the stance discrimination
branch, so that the topic information and attitude information can be jointly optimized in a
unified representation space. The experiment is carried out based on 58,000 ideological and
political education texts, covering various scenarios such as course discussions, thematic
learning experiences, policy interpretation texts and campus online comments. The results show
that the perplexity of the topic recognition model is 638, the topic consistency is 0.731, and the
silhouette coefficient is 0.517. The accuracy of stance discrimination model reaches 86.7%, and
Macro-F1 is 85.3%, which is better than the comparison models. The research shows that this
method can improve the ability of topic boundary identification and implicit stance capture of
ideological and political education texts, and provide computational technical support for
curriculum feedback analysis, network public opinion research and education governance
intelligence.

KEYWORDS: multi-task learning; Ideological and political education text; Topic
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1 Introduction

With the deepening of the digitalization process of ideological and political education in
colleges and universities, the course discussion texts, online comment data, learning reflection
materials and policy communication corpus continue to converge, and the research of
ideological and political education is shifting from empirical judgment to data-driven
computational analysis. How to accurately identify the topic focus from large-scale texts and
further judge its stance orientation has become a key issue in intelligent education governance,
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public opinion guidance and teaching feedback. Topic identification can answer "what is the
text mainly talking about?" and stance discrimination can answer "what is the attitude of the
text towards the topic?" they seem to be different tasks, but in fact, they have a close semantic
dependency in the context of ideological and political education. If we only extract the theme
and ignore the position difference, it is easy to classify the texts with different value attitudes
into the same analysis result. If stance classification is directly carried out without the topic
background, it is easy to confuse the meaning of the same expression in different issues, which
weakens the explanatory power and application effectiveness of the model.

The existing natural language processing research has formed a rich accumulation of
technologies in topic modeling, stance detection, and multi-task learning. The text
representation method based on pre-trained language model significantly improves the
semantic encoding ability, so that the model can obtain more fine-grained information from the
context. Neural topic models and embedded clustering methods show strong advantages in topic
discovery, semantic organization and emerging topic tracking. However, when these methods
are directly transplanted to the scene of ideological and political education text analysis, there
are still several limitations that cannot be ignored. First, the ideological and political education
texts have distinct characteristics of value orientation, object orientation and context
dependence. The same word may carry different attitude meanings in different issues, and the
general text classification model is often difficult to identify such "topic-stance” linkage
changes. Second, some studies separate topic identification and stance discrimination into two
independent processes, which is simple for engineering implementation, but cuts off the
semantic clues that should be shared between the two tasks, so that topic information cannot
effectively constrain stance inference, and stance features are difficult to reverse modify topic
boundaries. Third, policy terms, theoretical concepts, value expression and implicit evaluation
coexist in ideological and political education texts. If the model only relies on surface word
frequency or single sentence vector representation, it is prone to problems such as coarse topic
extraction, stance recognition deviation, and fuzzy category boundaries.

Based on this realistic background, this paper focuses on the task of topic identification and
stance discrimination in ideological and political education text analysis, and constructs a
collaborative modeling method under the framework of multi-task learning. This study no
longer treats the two tasks as serial modules separated from each other, but takes the shared
semantic coding as a unified entry, and introduces the topic feature fusion mechanism and
stance discrimination constraint mechanism in the deep representation space, so that the model
can complete the dual-task collaborative optimization on the basis of common semantics.
Specifically, in the topic identification step, we use the shared encoder to extract the contextual
semantic representation of the text, and combine the topic-related features to complete the
aggregated representation, so as to enhance the model's ability to capture the topic boundaries
and core concepts. In the stage of stance discrimination, the topic representation is used to guide
the attitude judgment, so that when the model analyzes the stances such as support, opposition
and neutral, it is no longer independent of the specific issue, but performs a more robust
classification under the constraint of the target semantics.

This paper not only focuses on the improvement of classification indicators, but also pays
more attention to the structural association between topic semantics and stance semantics in
ideological and political education texts. By introducing a multi-task collaboration mechanism,
the model can extract general semantics in parameter sharing and retain respective
characteristics in task branches, thereby alleviating the problems of separation of topic and
stance and insufficient information transmission in traditional methods. This paper attempts to
demonstrate that using topic identification results as a priori support for stance understanding
and acting stance signals in reverse on topic representation optimization can obtain more
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explanatory analysis results in complex educational contexts. This research has certain
theoretical value and practical significance for the automatic understanding of ideological and
political education texts, course feedback mining, network public opinion identification and
education governance intelligence.

2 Related work

At present, the research on text topic identification and stance discrimination has formed two
relatively clear technical lines in the field of natural language processing. One is centered on
stance detection and emphasizes the ability of the model to identify the attitude orientations of
support, opposition and neutral. The other focuses on topic modeling and focuses on topic
discovery, topic aggregation and evolution analysis in semantic space. For ideological and
political education texts, these two types of tasks are not separated from each other. The value
judgment in the text is often attached to the specific issue, leaving the theme background, and
the position label is easy to be inaccurate. However, if we only do topic clustering without
dealing with attitude differences, it is difficult to reveal the structural distribution of different
opinions on the same topic. Therefore, how to realize the collaborative modeling of topic
identification and stance discrimination under the unified computing framework has become a
problem worthy of in-depth discussion.

In the research of stance detection, Hardalov et al. [1] systematically reviewed the
application of stance detection in false information identification, and pointed out that the target
object, context dependence and argument structure jointly determine the difficulty of stance
judgment. Alturayeif et al. [2] reviewed machine learning and deep learning technology, and
argued that pre-trained language models have improved feature expression ability, but there are
still shortcomings in implicit stance, cross-domain transfer and target dependence modeling.
Focusing on multi-task learning, Chai et al. [3] improved the information flow between
different tasks through the task interaction network, indicating that shared representation and
task collaboration can effectively improve the stance detection performance. He et al. [4] tried
to introduce Wikipedia background knowledge to enhance the semantic understanding of the
target object. Cheng et al. [5] constructed a large-scale comprehensive argument mining dataset,
which provided a data basis for the joint research of stance and argument related tasks. Li et al.
[6] promoted the research to goal-stance extraction in open scenes, breaking through the
traditional setting under the condition of fixed goals. Hanley et al. [ 7] proposed the combination
of topic-independent and topic-aware embedding, emphasizing the important regulatory effect
of target semantics on stance recognition. Liang et al. [8] further proved that background
knowledge injection has obvious gain for stance modeling in social media scenarios.

In terms of model interpretability and complex scene adaptation, Saha et al. [9] incorporate
explanation generation into the stance detection process, so that the model output no longer
remains at the label level, but can reflect the judgment basis. Garg et al. [10] proposed a goal-
oriented Transformer structure to strengthen the model's capture of the correspondence between
target semantics and text content. Wang et al. [11] used consistency to enhance cue learning to
improve the generalization ability of multi-domain stance detection. Niu et al. [12] constructed
a challenging dataset and designed an effective model for stance recognition in the context of
dialogue, showing that contextual round information cannot be ignored for stance judgment.
Luusi et al. [13] applied stance detection to news media scenarios, reflecting the extended value
of the task in public communication analysis. Farzam et al. [14] pointed out that multi-task
learning has a stable gain for deep argument mining models. These studies provide direct
inspiration for this paper, that stance discrimination should not be regarded as an isolated

3



Linetal.

classification task, but should be modeled in conjunction with target, topic, context, and related
subtasks.

In the research of topic modeling, Wu et al. [15] conducted a systematic review of neural
topic models and pointed out that although traditional probabilistic topic models have strong
interpretability, they are limited in deep semantic representation and context adaptability.
Eklund et al. [16] used language model embedding clustering for topic modeling and showed
that clustering strategy based on pre-trained representation can improve topic consistency. Wu
et al. [17] further introduced the embedded clustering regularization term to improve the
stability of the neural topic model. Chen et al. [18] started from the hierarchical topic structure
to enhance the ability of multi-level semantic organization in complex corpora. As the large
model method entered the field of topic analysis, Pham et al. [19] proposed the prompt-based
TopicGPT framework, and Angelov et al. [20] showed that contextualized lexical embedding
itself had strong topic modeling ability. Akiba et al. [21] research on the masking of explicit
positive and negative expressions reminds us that surface attitude words do not always
accurately represent the true stance. The topic modeling tool system developed by Wu et al.
[22] provides convenience for model comparison and engineering implementation. Gericke et
al. [23] and Boutaleb et al. [24] started from online topic modeling and trend detection,
respectively, and promoted the development of dynamic topic identification.

As shown in Table 1, the existing research has achieved rich results in stance detection and
topic modeling respectively, but the collaborative research for ideological and political
education texts is still insufficient. On the one hand, many methods focus on single-task
optimization, and topic features and stance signals are isolated from each other in the modeling
process. On the other hand, ideological and political education texts have policy semantics,
value orientation and educational context, and it is difficult to fully reveal the "issue-attitude"
coupling relationship by simply relying on the general semantic representation. Based on this,
this paper integrates topic identification and stance discrimination into the same multi-task
learning framework on the basis of shared semantic coding, trying to improve the accuracy and
interpretation ability of ideological and political education text analysis through feature sharing,
task collaboration and semantic complementarity.
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Table 1: Comparison of existing related studies

Methodological

Main Limitations or

References Research Focus Features Differences from This Study
Summarize task Focus mainly on domain
[11-[2] Stance detection reviews types, feature overvievv_s and do Qot provide a
sources, and coordinated topic—stance
model evolution mechanism
Introduce task
. . interaction Pay more attention to the
[3]-[4] Multi-task stance detection networks and | stance task itself, with limited
and knowledge enhancement i
external use of topic structure
knowledge
Argument mining and open- | Expand datasets |Target complex corpora, but do
[5]-[6] domain target stance and task not build a unified dual-task
extraction boundaries modeling framework
Strengthen the
Topic-aware embeddings and connection Incorporate topic information,

analysis, and trend discovery

engineering
implementation

[7]-[8] background-knowledge- between target |but still focus mainly on single-
based stance modeling semantics and task stance optimization
context
Emphasize
. . explanation Pay insufficient attention to the
[0]-[14] EXE!Z'IEZ?JI::gzﬂgfigstgtéon’ generation,_ Cross- valug-semar]tic characte_r?stics
multi-task argument ’mining dc_)ma_ln of |deolog|ca_1l and political
generalization, and education texts
contextual turns
Neural topic modeling and é?r?err%\aiéofr:a Strong in topic discovery, but
[15]-[18] | embedding clustering for hierarchical cannot directly perform stance
topic modeling representation classification
Emphasize : :
Prompt-based topic dynamic topic disclz\(/la\(i;?;l;lrfgtztlreeri?jrtlrzscﬁng
[19]-[24] modeling, online topic recognition and ’

but lack stance-oriented
collaborative constraints

3 Methods and materials

3.1

The topic identification model of ideological and political Education
texts based on the fusion of shared semantic Coding and topic features

Ideological and political education texts have strong issue-oriented and value-laden
characteristics, and their topics are not always directly presented by high-frequency words or
explicit labels. The same word may bear different theoretical meanings in different educational
contexts, and different expressions may jointly point to the same ideological theme. If only the
traditional bag of words model, shallow topic model or a single text classifier are used, only
coarse topic boundaries can be obtained, and it is difficult to deal with the problems such as
concept alias, implicit reference and context transfer. Based on this characteristic, this paper
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constructs a topic recognition model based on the fusion of shared semantic coding and topic
feature under the overall framework of multi-task learning. The model integrates local context
semantics, global topic distribution and domain concept prior into the same computing link to
improve the stability and interpretability of topic identification.

Before running the model, the original corpus needs to be normalized. This paper selects
discussion texts of ideological and political education courses, thematic learning experiences,
online reviews and policy interpretation materials to form the basic corpus set. Considering that
such texts often contain abbreviations, policy terms, colloquial transliterations and non-
standard symbols, the preprocessing stage not only includes the general denoising, but also
needs to add the domain semantic alignment operation. Specifically, the system completed the
cleaning of special symbols, the folding of repeated characters, the filtering of stop words and
the segmentation of sentences, and then combined with the custom ideological and political
education term list, the high-frequency domain phrases such as "ideal and belief education”,
"value leading", "political identity" and "family and country feelings" were retained as a whole
to avoid excessive semantic fragmentation after word segmentation. Then, the word form
normalization and term mapping module are used to unify the synonymous or near-synonymous
expressions into a relatively stable concept space, which lays the foundation for subsequent
shared coding and topic aggregation. The preprocessing flow is shown in Figure 1.
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Figure 1: Flowchart of topic identification preprocessing and shared coding of ideological and
political education texts

After the corpus preprocessing, this paper uses the shared semantic encoder to deep
represent the text. Let the input text be:



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

X = {Xq,Xg, -, Xp} (D

where x; denotes the ith lemma and n is the text length. The initial representation matrix is
obtained after the text is passed through the embedding layer:

E=[e; e, ...,ep], e €RA (2)

where, d represents the embedding dimension. Then, the word vector, position vector and
domain type tag are fed into the shared semantic encoder to obtain the context representation
matrix:

H = Encoder(E) = {h;, h,, ..., h,} 3)

Among them, h; is no longer an isolated lemma representation, but a semantic state after
integrating context dependencies. Different from ordinary text classification, this paper does
not directly pool H to output categories, but further introduces a topic prior feature extraction
mechanism, so that the model retains the perception of global topic structure in addition to deep
semantic representation. Considering the strong conceptual aggregation property of ideological
and political education texts, this paper introduces the topic prototype matrix:

T = {t;,ty ..., tx}, tx € RY (4)

Here, K represents the preset number of topics and t represents the KTH topic prototype
vector. The prototype matrix is not a manually specified static label, but is formed by the initial
clustering results of the domain corpus and the parameter update during the training process.
For any text representation H, the model first computes the matching strength between the
lemma state and each topic prototype:

__exp(hi'ty)
2 exp(hty)

(5)

Uik

where, a;, represents the attribution weight of the ith lemma to the KTH topic. Based on this
weight, an aggregated representation of the text along each topic dimension is obtained as
follows.

n

7 = Z o hy (6)

i=1

Thus, the topic perception vector group Z = {z,,z,, ..., Zx}. The core significance of this
process is that it does not compress the whole text into a single vector, but lets the text generate
responses in multiple candidate topic Spaces respectively, so as to better adapt to the actual
characteristics of "one text with multiple issues and primary and secondary hierarchies™ in
ideological and political education texts.

However, topic aggregation alone is not enough to solve the problem of confusable category
boundaries. The reason is that many ideological and political education texts share similar
words on the surface, such as "youth responsibility", "social participation™, "value choice" and
other expressions will appear in multiple themes. If the classification is directly based on the
topic response strength, the model may still be interfered by high-frequency common words.
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To this end, we add a topic feature fusion module between shared encoding and topic
prototyping to map the global semantic vector and topic aggregation representation into a
unified feature space. Let the global representation of text be:

n
1 h 7
=1 )M @
i=1

Then the fused topic discriminant vector can be expressed as:

K
u = ReLU(Wyg + W, Z Bk Zx + b) (8)
k=1

Here, Wy and W, are the learnable parameter matrices, b is the bias term, and {y is the
topic importance coefficient. This structure enables the model to make use of global semantics
and local topic responses at the same time, reducing the information loss caused by single path
modeling. Furthermore, the model outputs the topic probability distribution through the
Softmax layer:

§ = Softmax(W,u + b,) 9

where § represents the predicted probability of the text on each topic category.

The overall structure of the topic identification model is shown in Figure 2. It does not
simply connect the encoder output to the classification layer, but constructs a complete path of
"shared semantic encoder-topic prototype matching-topic feature fusing - topic probability
output”. There are two practical considerations in this design. First, the topics in ideological
and political education texts often have theoretical frameworks, and deep semantic
representation can improve the recognition ability of the model for abstract concepts. Second,
the topic recognition results will directly serve the subsequent stance discrimination tasks, so
the model in this section needs to generate topic vectors with clear structure and transferability
in the training phase, rather than only pursuing single-pass classification accuracy.

Topic Prototype Memory

Input Text Eti EQ E”‘
v

[ Topic Matching Attention]

Shared Semantic

Preprocessing

Topic Prediction

Encoder ﬁ
/ \ Feature Fusion Layer I I
Global

Token-level
Y
Context States H

Semantic Vector g

Topic-aware

Representations Z

Figure 2: Structure diagram of the topic identification model based on the fusion of shared
semantic encoding and topic features

In terms of the training objective, this paper uses cross-entropy loss as the main loss function
for topic identification:

8
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C
Ltopic = Z yclogy. (10)
c=1

where C is the number of topic categories, y. is the true label, and §. is the predicted
probability. Since this study belongs to the multi-task learning framework, the shared
representation and topic fusion vector generated by the topic identification branch will also
participate in the parameter update together with the stance discrimination branch. Therefore,
the actual optimization in the training process is not a single topic loss, but the topic
representation is constantly modified under the joint objective constraint. In this way, the topic
model will not stay in the narrow task perspective of "only responsible for the topic label”, but
will perform a more refined representation of those key expressions that are both topic and
attitude under the backpropagation effect of stance signals.

From the perspective of method logic, the improvement of the proposed model compared
with the traditional LDA or simple BERT classifier is mainly reflected in two levels. First, the
topic is no longer regarded as a static group of words out of context, but dynamically generated
through prototype matching based on shared semantic coding, so it can better adapt to implicit
topics and compound topics in ideological and political education texts. Second, the topic
representation does not exist in isolation, but is integrated with the global semantics to form a
stable feature structure that can be reused for subsequent tasks, which makes the topic
identification link not only serve the task, but also provide a more binding semantic basis for
stance discrimination. Through this modeling process, the model can accurately capture the
distribution characteristics of texts in different theme directions such as theoretical identity,
value shaping, policy understanding, social responsibility, and national consciousness, which
lays a structured representation foundation for subsequent multi-task collaborative learning.

3.2 The Stance discrimination model of Ideological and political Education
texts based on multi-task collaborative learning

Standpoint discrimination in ideological and political education texts is not a simple substitute
for emotional polarity. Different from the general positive and negative sentiment classification,
stance judgment emphasizes more on the value attitude, recognition degree and response
direction of the text on a specific issue, and its discrimination results are often dependent on the
topic context. In other words, judging "support” or "doubt” without the context of the issue is
easy to confuse value evaluation, fact statement and strategy advice. Especially in the scene of
ideological and political education, the text often contains policy explanation, theoretical
paraphrasing, personal experience and realistic issue response at the same time. The surface
words may not directly expose the position, and it is often the semantic coupling relationship
between the text and the theme that really plays a decisive role. Therefore, this paper does not
design stance discrimination as a parallel classifier independent of topic identification. Instead,
under the framework of multi-task learning, a collaborative stance discrimination model for
ideological and political education texts is constructed based on shared semantic coding and
topic fusion representation, so that stance judgment is based on explicit issue constraints.

In the previous section, the model has been given a shared semantic representation H =
{hy, h,, ..., h,} and the topic fusion vector u. H preserves the word-level context information,
and u combines the global semantic and topic prototype response results, which can more stably
represent the topic center pointed by the text. Taking this as input, the stance discrimination
branch no longer reconstructs a set of semantic paths separated from the topic, but treats the
topic vector as a conditional constraint in stance analysis. Let the topic guide vector be:
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q = tanh(Wqu + bg) (11)

where, Wy is the mapping matrix, by is the bias term, and g represents the stance query
vector obtained from the projection of topic fusion results. This vector does not assume the final
classification function, but serves as a "topic reference" in subsequent calculations, guiding the
model to determine which contextual expressions are truly relevant to the current topic, and
which are just general statements or background information.

Considering that there are many long-distance dependence phenomena in ideological and
political education texts, such as the topic is proposed before the text, the evaluation is given
after the text, or the attitude is expressed after the fact explanation is inserted in the middle, this
paper adds a bidirectional gated recurrent unit layer after the shared coding output to further
integrate the topic-related semantics. For the ith lemma, the original context state and the topic
guide vector are concatenated to obtain:

m; = [h;; q] (12)
It is then fed into a bidirectional gated recurrent unit network to form a new context state:
s; = BiGRU(m;), i=12,..,n (13)

Here, s; represents the updated lemma representation under the constraint of the topic
condition. Compared with directly using the shared encoder output, the significance of this step
is that BIGRU can retain intra-sentence long-distance dependency information in the round-
return propagation of the previous and subsequent texts, and continuously receive topic signals
during the state update process, so that "stance expression" is no longer triggered by local words,
but is discriminated under the semantic framework of the topic.

However, sequence modeling alone is still not enough to deal with the implicit position
problem commonly existing in ideological and political education texts. Many texts do not use
explicit markers such as "for" and "against" directly, but indirectly express attitudes through
evaluative phrases, adverbs of degree, transition structures, or quotes. In order to highlight such
key positions, this paper designs a topically guided attention mechanism to select the hidden
states output by BiGRU. The attention median at the ith position is denoted by:

e; = v' tanh(W,s; + W,q + by) (14)

Here, W, and W, are the weight matrices, v is the learnable parameter vector, and b, is
the bias term. After normalization, the attention weights of each position can be obtained as
follows.

exp(e;)

%= S exp(ep) (15)

Thus, the stance semantic aggregation vector is obtained as follows.

n

¢= Z o 5 (16)

i=1

where, ¢ represents the sentence-level stance representation after topic-guided and contextual
screening. Different from ordinary self-attention, the weight assignment here is not only based
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on the relationship between words, but explicitly controlled by the topic vector g. Therefore,
the model will give priority to focusing on those evaluation components that have strong
coupling with the current topic, such as “should be strengthened™, "exists deviation", "needs to
be deepened”, "has more realistic significance™ and so on. This design can effectively weaken
the interference of public cliche and background narrative on stance labels.

Figure 3 shows the main structure of the stance discrimination branch. The model takes
values from the shared encoding output and the topic fusion vector at the same time, and
generates a high-level representation for stance classification after topic mapping, sequence
modeling and attention aggregation. Compared with the single-task stance classification model,
the key of this structure is not to add an extra layer of network, but to maintain linkage between
each step of the stance path and the topic representation, so that the model always focuses on

the core problem of "which attitude to express on which issue".
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[ Context States H ] [ Topic Fusion Vector u }
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E Topic-Guided Attention J
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! ! I
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Figure 3: Structure diagram of stance discrimination model of ideological and political
education text based on multi-task collaborative learning

In the classification output stage, the stance aggregation vector ¢ and the topic fusion vector
u are concatenated again to retain the direct constraint of the topic branch on the final
discrimination and construct the joint discrimination representation:

r=¢(W[c;u] +by) (17)

where ¢(-) is a nonlinear activation function. Then, the stance probability distribution is output
by the Softmax layer:

11
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p = Softmax(W,r + b,) (18)
In this paper, the stance labels are divided into three categories: "agree”, "neutral” and
"question™. The reason why this division is adopted, rather than simply copy the positive and
negative polarity in general sentiment analysis, is that the evaluation in ideological and political
education texts is often normative and discussionable. Many texts are not explicitly opposed to
it, but express different opinions in the way of discussing, supplementing or limiting conditions.
The three-category setting is more in line with the actual expression state of the corpus in this
study.
In order to make topic identification and stance discrimination truly form a synergistic
relationship, this paper introduces a joint loss function on the training objective. The supervised
loss of the stance branch is defined as:

M
Lstance = — z yl((S) log Py (19)
k=1

where M is the number of stance categories and Y1(<S) is the true stance label. Considering that

there should be a certain consistency between the topic probability distribution output by the
topic branch and the attention weight of the stance branch, we further introduce a cross-task
consistency constraint. Let the topic importance vector normalized by the topic branch be v,
and the auxiliary distribution vy is obtained by mapping the stance branch on the topic dimension,
then the consistency loss can be written as:

K
Y1
Leons = Z Y1log— (20)
= Y1

This item is essentially a cross-task distribution constraint, which aims to make the stance
branch focus on the core issue given by the topic branch when making judgments, and reduce
the deviation caused by local high-weight words. Integrating the topic identification loss Lqp;c
in the previous section, the total model objective function is expressed as:

L= 7\11;topic + A2 Lstance + A3Lcons (21)

Here,A;, A5, A5 are the loss weight coefficients. Through joint optimization, the topic branch
will provide more boundary sense of topic representation to the stance branch, and the stance
branch will inversely push the shared encoder to capture the attitude expression more sensitively,
thus forming a bidirectional gain.

From the perspective of the algorithm process, stance discrimination does not mechanically
receive a topic label after the topic identification, but continuously uses the topic vector to
participate in reasoning and screening. The specific process is shown in Figure 4. The model
first reads the preprocessed ideological and political education text, and calls the shared
semantic encoder to generate the word-level context state. Then, the topic fusion vector is
extracted from the topic identification branch and mapped to the query vector. Then, the topic
condition is injected into BIGRU to reconstruct the stance oriented context of the text sequence.
Then, the topic is used to guide attention to select the lexical states closely related to stance
expression. Finally, the stance category is output by the joint discrimination layer, and the error
is fed back to the shared layer and the topic layer at the same time. This process avoids the

12
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separation problem of "no update after the completion of topic identification” in the traditional
serial framework, so that the two tasks are always in a linkage state in the training phase.

1 Preprocessed Text '

!

[ Shared Semantic Encoder ’

|
v v

‘ Topic Branch Dutput

‘ Topic Query Projection
Topic Fusion Vector 11 «—

A

Topic Ouery Projection

BiGRU Context Refmement

Aggregation

Support | Neutrol. \ Questioning

Topic-Guided Attention ]

H Joint Stance Classification

,—»[ Joint Loss Backpropagation }d—l

[ Upclate Shared Encoder J [ Update Topir /Stance Branches]

Figure 4: Flowchart of collaborative computation for stance discrimination under subject
constraints

Based on the above structure, the model constructed in this paper can well deal with the
three common difficulties in ideological and political education texts. First, for texts with a
clear topic but scattered attitude expression, the topic vector can provide stable anchors for
stance attention and reduce the interference of irrelevant sentence segments. Second, for texts
with implicit positions but continuous discussion chains, BiGRU's bidirectional state
propagation helps to restore the forward and backward dependence in the process of attitude
formation. Thirdly, for the complex situation of explanation, citation and evaluation in the same
text, the multi-task consistency constraint can inhibit the model from overfocusing on local
salient words, thereby improving the robustness of stance judgment. Therefore, the stance
discrimination branch not only completes the automatic identification of the identification
tendency, but also provides a stronger semantic closed-loop ability for the whole collaborative
modeling framework.

4 Experimental Results

4.1 Experimental results of topic identification model

In order to verify the effectiveness of the topic identification branch in the ideological and
political education text scene, a mixed corpus including course discussion texts, thematic
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learning experiences, ideological and political case analysis short articles, policy interpretation
texts and campus network comments is constructed, with a total of 58,000 samples. Among
them, 42,000 texts have human topic labels for supervised training and testing. Another 16,000
unlabeled texts are cleaned and used for topic prior learning and prototype initialization. The
whole corpus is divided into training set and test set according to 8:2, and 10% of the training
set is further extracted as the validation set. AdamW optimizer was used for the model with
initial learning rate set to 2x10—5, batch size set to 32, maximum training rounds set to 40, and
early stopping rounds set to 5. The shared encoding dimension is set to 768 and the topic
prototype dimension to 256. To avoid accidental errors, all comparative experiments were
repeated five times independently under the same conditions, and the results were averaged in
the paper. See Table Il for the configuration of the experimental platform.

Table 2: Configuration of the experimental platform for topic identification

Category Item Configuration
Ha_rdware CPU Intel Xeon Gold 6330
Environment
Hardware GPU NVIDIA AL00 40GB
Environment
Ha_rdware Memory 256 GB
Environment
Haraware Storage 2 TB NVMe SSD
Environment
Software Environment Operating System Ubuntu 22.04
Software Environment Deep Learning Framework PyTorch 2.1
Software Environment Data Processing Pandas 2.1.4

Chinese VF‘)’OVd Segmentationand | oo 0 42 1, pkuseg 0.0.25
reprocessing

Visualization and Dimensionality | matplotlib 3.8, umap-learn
Reduction 0.5.5

Software Environment

Software Environment

Perplexity, Topic Coherence and Silhouette Score were used to measure the effectiveness
of topic recognition. The lower the perplexity, the more stable the model fits the text generation
distribution. The higher the consistency, the more concentrated the internal semantics of the
topic. The higher the silhouette coefficient, the clearer the boundary between the topic clusters.
Considering that the proposed model introduces two key parameters, the number of topic
prototypes K and the fusion coefficient A, the sensitivity test of these two parameters is
performed in the experiment, and the results are shown in Figure 5.
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Figure 5: Influence of number of topic prototypes and fusion coefficient on model performance

As can be seen from Figure 5, when the number of topic prototypes increases from 8 to 14,
model perplexity decreases from 712 to 638, and topic consistency increases from 0.601 to
0.731, indicating that moderately increasing topic prototypes helps to enhance the
discrimination of topic boundaries in ideological and political education texts. When K
continues to increase to 16 and 18, the perplexity rises slightly, and the consistency also
decreases, indicating that too many topic prototypes will make some similar topics
oversegmented, which will weaken the degree of semantic concentration. The fusion coefficient
experiment shows a similar trend. When A=0.6, the model achieves the lowest perplexity 638
and the highest consistency 0.731. If the proportion of local semantic representation in the
fusion layer continues to increase, the model can retain rich context information, but the
structural constraints of topic distribution are partially diluted, resulting in a drop in the index.
It can be seen that the proposed model can better balance the relationship between shared
semantic encoding and topic prototype constraints under the condition of K=14 and A=0.6.

After determining the optimal parameters, this paper compares the proposed model with
four common methods: LDA, NMF, BERTopic and BERT-Cluster. LDA and NMF represent
traditional statistical topic modeling paths, while BERTopic and BERT-Cluster reflect the idea
of topic discovery based on pre-trained embedding. The comparison results are shown in Figure
6.

LDA

NMF

o -

BERT-Cluster

Proposed Model 638 0.731 0.517

Perplexity | Coherence T Silhouette 1

Figure 6: Performance of different models in the task of topic identification of ideological and
political education texts

From Figure 6, we can see that the traditional LDA model has the highest topic perplexity
in this task, which is 721, and the topic consistency is only 0.563, indicating its limited ability
to adapt to implicit concepts and context transfer in ideological and political education texts.
NMF has a slight improvement over LDA, but the overall improvement is not large. BERTopic
relies on contextual embedding, and the perplexity decreases to 664 and the consistency
increases to 0.674, indicating that the pre-trained semantic representation indeed helps to
improve the topic organization effect. BERT-Cluster further uses text embedding clustering for
topic identification, which is better than BERTopic in consistency and silhouette coefficient,
but it is still not stable enough in boundary control between topics. The model in this paper
achieves the lowest perplexity 638, the highest consistency 0.731 and the highest contour
coefficient 0.517. Compared with BERT-Cluster, the consistency is increased by 0.030 and the
contour coefficient is increased by 0.079. Compared with LDA, the perplexity is decreased by

15



Linetal.

83, indicating that the shared semantic coding and topic feature fusion strategy can more
accurately depict the issue distribution of ideological and political education texts.

By further observing the typical topic clusters in the test set, it can be seen that the traditional
model is easy to mix the topics with similar semantics but different boundaries such as "ideal
belief education”, "youth responsibility awareness" and "social participation practice” into the
same cluster, while the proposed model can stably distinguish the core topics such as "political
identity"”, "value shaping", "national consciousness” and "public responsibility”. Taking the
high-frequency expression of "youth mission", "responsibility of The Times" and "spirit of
struggle™ as an example, LDA and NMF often combine them with general inspirational texts.
The model in this paper can more accurately classify such texts into the theme cluster of
"responsibility ethics and family and country responsibility” with the help of theme prototype
memory and fusion layer constraints. The standard deviation of the five repeated experiments
is controlled within 0.012, which indicates that the model results have good stability. On the
whole, the topic identification branch not only outperforms all kinds of baseline models in terms
of numerical indicators, but also shows clearer semantic boundaries in the actual issue division
of ideological and political education texts, which provides a more reliable basis for the topic

constraint of subsequent stance discrimination branches.

4.2  Experimental results of stance discrimination model

In order to test the recognition effect of the stance discrimination branch constructed in this
paper in the ideological and political education text scene, on the basis of the above 58,000
corpus, this paper further screens and manually labels 26,400 text samples with clear topic
direction and discriminative stance expression, and constructs a three-class stance dataset.
Among them, 10,820 were classified as "agree", 8,960 were classified as "neutral”, and 6,620
were classified as "doubt". The data is divided into training set, validation set and test set
according to 8:1:1, and the test set has 2,640 entries. The training phase keeps the shared
encoder parameters consistent with the topic identification branch, and the optimizer uses
AdamW with an initial learning rate of 2x10—5, a batch size of 32, and a maximum number of
training rounds of 35. Considering that stance discrimination is more dependent on the stability
of topic constraints, this paper sets the topic consistency loss weight A3 as an adjustable
parameter, and compares the performance of the model under different training scales. The
evaluation metrics Accuracy, Precision, Recall and Macro-F1 were selected, and all
experiments were repeated five times independently, and the results were averaged.

From the classification details, the performance of the model in this paper is not completely
consistent on the three types of positions, which is related to the expression characteristics of
the ideological and political education texts themselves. The "identification” text often has more
explicit value positive words and policy response semantics, so it is easier to be stably
recognized. The "neutral” category contains more explanatory, paraphrasing and paving
expressions, and its boundaries are most likely to cross with the other two categories. Although
turning points, restrictions and conditional expressions often appear in the "questioning” texts,
many of the samples do not directly use negative words, so they are more dependent on the
context. The classification results of the proposed model on the test set are shown in Table 3.

Table 3: Classification results of the proposed model on each stance category

Stance Category Number of Samples Precision / % Recall / % F1/%
Support 1082 87.6 88.9 88.2
Neutral 896 83.4 81.7 82.5

Questioning 662 86.8 83.8 85.3
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| Macro Average | 2640 \ 85.9 | 848 | 853 |

Table 3 shows that the F1 value of the model on the "identification™ class reaches 88.2%,
which is the most stable performance. The F1 value of the "neutral” category was 82.5%, which
was lower than the other two categories, indicating that in the context of ideological and
political education, the neutral expression was often not a real emotional blank, but a mixture
of interpretation, paraphras and prudent evaluation, and the model still needed to continue to
optimize on the fine-grained boundary. The Precision and Recall of the "questioning” class are
86.8% and 83.8%, respectively, indicating that the proposed model has a good ability to capture
the implicit stance cues, but some texts with mild suggestions are still misjudged as neutral.
Overall, Macro-F1 reaches 85.3%, indicating that the multi-task collaboration mechanism can
maintain a more balanced recognition performance between different categories.

To further investigate the influence of topic constraint strength and training sample size on
stance discrimination effect, this paper adjusted the consistency loss weight A3 and the number
of training samples respectively, and the results are shown in Figure 7.

90.04
(a) Effect of Consistency Loss Weight A3 (b) Effect of Training Sample Size

87.51

gs.9 Peak gs59 Peak
85.3 B5.3 g5 85.3

4.
85.0 4 .84.7 84.3 842 B4.4
82.51 . 821

80.0

Metric Value (%)

0.0 0.1 0.2 0.3 0.4 0.5 4k 8k 12k 16k 20k
Experimental Conditions

Figure 7: Changes of stance discrimination model indicators under different conditions

Figure 7(a) shows that as A3 increases from 0 to 0.3, Precision, Recall and F1 continue to
rise, indicating that the consistency constraint between the topic branch output and the stance
branch attention distribution can effectively suppress the phenomenon that the model is pulled
by local high-frequency words. When A3=0.3, Macro-F1 reaches the highest value of 85.3%.
The reason is that the strong consistency constraint will compress the learning space of stance
branch for fine-grained context differences, making the model overly dependent on the topic
principal vector, and reducing the discrimination of edge samples. The difference between
adjacent parameter points reached the significant level at A3=0.3 after two-sided t-test (p<0.05).
Figure 7(b) shows that when the training samples are extended from 4,000 to 20,000, the three
indicators show a continuous upward trend, but the increase is faster in the range of 4,000-
12,000, and the increase slows down after 12,000. This shows that the proposed model has a
good adaptability to the sample size, and also reflects that the multi-task collaborative structure
can form a relatively stable discrimination ability under the condition of medium scale data.

In the baseline comparison experiments, this paper selects TextCNN, BiGRU, BERT-base,
Topic-BERT, StanceFormer[10] and "multi-task model with removing Consistency constraints”
as references. The comparison results are shown in Table 4.
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Table 4: Performance comparison of different models on stance discrimination task

Model Accuracy | Precision Recall Macro-F1
| % | % | % | %
TextCNN 73.8 72.4 71.1 71.7
BiGRU 77.6 76.9 75.5 76.2
BERT-base 81.4 80.8 79.7 80.2
Topic-BERT 82.9 82.1 81.3 81.7
StanceFormer 84.1 83.7 82.4 83.0
Multl-Fask Model (W|t_hout 859 848 831 83.9

Consistency Constraint)

Proposed Model 86.7 85.9 84.8 85.3

Table 4 shows that the performance of traditional TextCNN and BiGRU in this task is
relatively limited, indicating that it is difficult to fully depict the "topic-stance™ coupling
relationship in ideological and political education texts by only relying on local convolutional
features or general sequence modeling. BERT-base significantly improves the performance
through contextual semantic representation, but its Macro-F1 is still stuck at 80.2%. Topic-bert
with Topic information is further improved to 81.7%, indicating that topic priors do help
mitigate stance drift. StanceFormer has an advantage in goal-aware modeling with Macro-F1
reaching 83.0%, but it is still lower than the collaborative model proposed in this paper. After
removing the consistency constraint, the Macro-F1 of the multi-task model is 83.9%, which is
1.4 percentage points lower than that of the model in this paper. This gap indicates that sharing
semantic encoding itself is not enough to ensure the true collaboration of cross-task information,
and an explicit consistency constraint mechanism between topic branch and stance branch is
still needed to stabilize information transmission. The model in this paper achieves the highest
values in Accuracy, Precision, Recall and Macro-F1, and the difference is significant compared
with the strongest baseline (p<0.01).

In general, the field discrimination model established in this paper shows good accuracy
and stability in the three-classification task of ideological and political education texts. Our
performance gains do not come from the stacking of a single deep network, but from the synergy
of shared encodings, topic guidance, sequence modeling, and cross-task consistency constraints.
The topic branch provides a clear topic boundary for stance identification, and the stance branch
promotes the sharing layer to capture the value judgment expression more sensitively through
backpropagation. This bidirectional coupling relationship is the key reason why the proposed
model outperforms the single-task method.

5 Discussion

The multi-task collaborative model constructed in this paper shows clear structural advantages
in the analysis of ideological and political education texts. This advantage is not simply
reflected in the rise of the index value, but also in the effective connection between the topic
semantics and the stance semantics. Experimental results show that the topic recognition branch
achieves the best performance when K=14 and A=0.6, the topic perplexity is reduced to 638,
the topic consistency is 0.731, and the silhouette coefficient is 0.517, which is better than the
control models such as LDA, NMF, BERTopic and BERT-Cluster. This result shows that shared
semantic encoding provides stable context representation, while topic prototype matching
further strengthens topic boundary constraints, and the combination of the two can reduce topic
drift caused by concept intersection. The improvement of stance discrimination part is also
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targeted in method. The Accuracy, Precision, Recall and Macro-F1 of the proposed model on
the test set reach 86.7%, 85.9%, 84.8% and 85.3%, respectively. It is 2.6, 2.2, 2.4 and 2.3
percentage points higher than StanceFormer, respectively, which is also significantly better than
the multi-task model after removing the consistency constraint. This suggests that topic
information is not an ancillary feature, but an indispensable condition variable in stance
discrimination. Especially in ideological and political education texts, many attitude
expressions are not directly presented through strong emotional words, but hidden in the
combination of explanation, qualification, response and evaluation. Through topic-guided
attention and cross-task consistency constraints, we enable the model to filter key semantic
positions around specific issues, thereby improving the ability to identify implicit positions.
The results shown in Figure 7 also show that the model performance reaches a peak when
A3=0.3, indicating that a moderate consistency constraint can enhance cross-task information
transfer, but if the constraint is too strong, it will also compress the learning space of the stance
branch for local details. There are still some limitations in this paper. On the one hand, the
current corpus mainly comes from course discussions, learning experiences and online reviews.
Although it covers a variety of expression scenarios, the cross-platform transfer ability still
needs to be further tested. On the other hand, the model still has some room for misjudgment
of metaphorical expression, ironic expression and attitude change in long compound discourse.
Subsequent research can be carried out along the directions of lightweight deployment, cross-
domain transfer learning, external knowledge injection, and multimodal expansion, so as to
improve the applicability and depth of interpretation of the model in real education governance
scenarios.

6 Conclusions

Aiming at the problems of the separation of topic identification and stance discrimination and
the lack of semantic correlation in ideological and political education texts, this paper constructs
a collaborative modeling framework based on multi-task learning. The model takes the shared
semantic coding as the core, integrates the topic prototype matching and feature fusion
mechanism into the topic identification branch, and introduces the topic-guided attention and
cross-task consistency constraint into the stance discrimination branch, so that the topic
information and attitude information of the text can be jointly optimized in a unified
representation space. Experimental results show that the proposed model achieves 638
perplexity, 0.731 topic consistency and 0.517 silhouette coefficient in topic recognition task,
and achieves 86.7% accuracy and 85.3% Macro-F1 in stance discrimination task, which are
better than the comparison models. This shows that the collaborative modeling method can
better improve the ability of topic boundary identification and implicit position capture of
ideological and political education texts. The method in this paper has certain application value
in course feedback analysis, network public opinion research and intelligent education
governance scenarios. However, there is still room for improvement in the adaptability of
existing models to cross-domain corpus, complex rhetoric and weak explicit attitude expression.
Subsequent research can be further carried out around knowledge enhancement, cross-domain
transfer and multi-modal fusion, so as to improve the generalization ability and interpretation
ability of the model in complex educational scenarios.
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