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Abstract

This study addresses the problem of insufficient context capture in text classification and proposes a
large language model method enhanced with contextual mechanisms. At the input layer, raw text is
transformed into vector sequences that incorporate both semantic and sequential features through
the combination of embedding representation and positional encoding. A context encoder based on
self-attention is then introduced to capture global dependencies within the sequence. At the same
time, a context gating unit is designed to achieve dynamic fusion of local and global information,
which preserves fine-grained features while strengthening overall contextual consistency.
Furthermore, a global context aggregation module integrates semantic information across sentences
or paragraphs, enhancing the model’s ability to represent long texts and implicit semantics. In the
output stage, sentence-level pooling is used to generate a unified representation, followed by a
classification head to complete label prediction. To validate the effectiveness of the method,
comparative experiments were conducted on a public news text classification dataset. The results
show that the proposed method outperforms traditional deep learning models and mainstream large-
model baselines in terms of accuracy, precision, recall, and F1l-score. It maintains a more stable
classification performance when dealing with semantic ambiguity and topic shifts. In addition,
sensitivity experiments on hidden dimension settings demonstrate that moderate model capacity
significantly improves performance, while excessive complexity may introduce redundant
representations and slight overfitting. This study demonstrates the practical value of context
enhancement mechanisms in large language models and provides a more robust and effective
solution for text classification tasks.
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1. Introduction

In the era of information explosion and accelerated digitalization, text data has become the core
carrier of social operation and knowledge dissemination [1]. From news reports and social media to
academic publishing and business documents, massive amounts of text are generated every second.
How to quickly and accurately extract valuable knowledge from such complex and redundant text
has long been an important issue in artificial intelligence and natural language processing. Text
classification, as a fundamental task, plays the key role of transforming unstructured language into
structured semantics. It supports applications such as opinion analysis, content recommendation,
and sentiment computation, and also plays a vital role in sensitive fields such as healthcare, finance,
and education. With the rise of large-scale language models, text classification methods have made
unprecedented progress. However, despite the continuous increase in model scale and parameters,
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how to fully utilize contextual information and enhance the ability to capture semantic details
remains a pressing challenge[2].

The core characteristic of language lies in its contextual dependence. Words and sentences do
not exist in isolation but are embedded in multilayered contexts. Traditional statistical or shallow
semantic models often fail to effectively capture this complexity, leading to fragmented semantics or
ambiguous contexts. Even current large language models, while demonstrating strong semantic
understanding and generation capabilities, may still face classification bias when dealing with long
texts, cross-paragraph information, or implicit semantic reasoning[3]. In practice, this insufficiency
may appear as misclassification of ironic expressions in sentiment analysis, blurred categorization of
cross-domain topics in news classification, or semantic deviations in legal and medical texts due to
missing context. These problems not only reduce accuracy but also pose risks in real-world decision-
making. Therefore, integrating context enhancement mechanisms into large language models to
build classification methods with stronger global understanding and local sensitivity holds
significant research value[4].

From the perspective of technological evolution, the development of text classification reflects
continuous shifts in natural language processing methodologies[5]. From early rule-based methods
relying on manual features, to sequence modeling driven by deep learning, and now to end-to-end
semantic learning based on large language models, the central focus has always been on “how to
better capture context.” The introduction of context enhancement mechanisms is not only a renewed
recognition of the essence of language but also an extension of the capability boundaries of large
models. By introducing explicit or implicit contextual constraints, models can establish closer
associations between words, sentences, and paragraphs, thereby improving sensitivity to semantic
shifts and contextual transitions[6]. The value of this mechanism goes beyond improving
classification accuracy. More importantly, it strengthens model robustness and adaptability in open
environments, ensuring consistent performance in diverse and dynamic text scenarios[7].

Meanwhile, the application scenarios of text classification are continuously expanding, and the
demands on model capabilities are rising. In social media, texts often carry strong emotions and
informal expressions, requiring models to perform fine-grained understanding under complex
contexts. In cross-lingual and cross-domain applications, contextual differences become more
significant, demanding models with cross-cultural and cross-context transfer capabilities. In high-
risk industries such as medical diagnosis, financial risk control, and legal judgment, classification
results may directly affect human safety and economic decisions [8-10]. In these scenarios, simply
scaling up model parameters is not sufficient. Context enhancement mechanisms must be employed
to provide more refined semantic modeling and stronger robustness. This not only improves model
capability but also represents a critical step toward trustworthy, explainable, and controllable
artificial intelligence.

In conclusion, the integration of contextual mechanisms into large language model text
classification methods is not only a natural progression in technological development but also a
crucial response to practical demands. These advancements address the fundamental challenge of
contextual complexity in language, enabling large models to achieve deeper semantic understanding.
Moreover, they provide reliable support for high-value application domains, making this research
direction not only academically important but also highly practical in advancing the application of
artificial intelligence across various societal sectors.

2. Proposed Approach

In the overall method design, the first step is to convert the input raw text into a vectorized
representation suitable for processing by a large language model. Let the input text sequence be
T ={w,,W,,...,w, }, where n is the length of the text. The word is mapped to a continuous space

through the embedding layer, resulting in a representation matrix:

X =[e(m),e(w,)ue(w,) € R™ (1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.1668.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 September 2025 d0i:10.20944/preprints202509.1668.v1

3of 7

Where d represents the embedding dimension. To capture the position information, the position
encoding P is introduced to obtain the initial input representation:
H,=X+P 2)
This process provides a basis for modeling subsequent context enhancement mechanisms and
ensures that semantic and sequential features can be preserved simultaneously. The overall model
architecture is shown in Figure 1.
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Figure 1. Overall model architecture.

Input Text

In the context enhancement mechanism, the self-attention mechanism is first used to model the

dependencies within the sequence [11,12]. Let the inputbe H € R, and the query, key, and value
are obtained through linear mapping:

O=HW,,K=HW,,V =HW, 3)
where W,,W,,W, € R is the parameter matrix. The attention weight is calculated by scaling

the dot product:
oK'

A VN C)

This mechanism can dynamically allocate the dependency strength between different positions,
thereby achieving weighted modeling of contextual information.

To further strengthen global semantic consistency, this method introduces a contextual gating
unit after self-attention [13]. Specifically, the local semantic representation /; interacts with the

Attention(Q, K, V') = softmax (

contextual representation ¢,, and an enhanced representation is obtained through the gating

mechanism:
&i :U(Wg[hi;ci]+bg) (5)
hi=gi®hi+(l—gi)®cl. (6)

where [/;c;] represents vector concatenation, &(-) is the Sigmoid function, and ® represents
element-by-element multiplication. This mechanism dynamically balances local and contextual
information, improving the model’s ability to uniformly model both semantic details and global
themes.

Finally, after obtaining the text representation sequence H = {}71 , }le yeees }Nln} after fusion context
enhancement, classification prediction is required. To obtain sentence-level representation, this study
uses a pooling operation:

z=Pool(H) (7)
where Pool(-) can be mean pooling or maximum pooling. It is then mapped to the category space

through a fully connected layer:
y =softmax (W z+b,) ®)
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where W, € R and C are the number of categories. The final output vector y & R®

represents the model’s predicted probability distribution for each category, thus completing the
target task of text classification.

3. Performance Evaluation

3.1. Dataset

This study adopts the AG News dataset as the benchmark corpus for text classification. The
dataset is composed of English news titles and short descriptions. It covers four thematic categories:
World, Sports, Business, and Sci/Tech. The sources are diverse, the time span is long, and the domains
differ significantly. These characteristics make it representative of general news scenarios for topic
classification. Most samples consist of one to several short sentences, containing many entities and
keywords. The structure is compact and the information density is high, which makes it suitable for
testing semantic discrimination within a limited context.

AG News provides a standard train and test split. The training set contains 120,000 samples, and
the test set contains 7,600 samples. The four classes are approximately balanced, which reduces bias
caused by class imbalance. For model tuning and early stopping, 10% of the training set can be used
as a validation set. Texts can be normalized to a consistent case while retaining important punctuation.
This reduces irrelevant noise while preserving semantic cues. Each data entry includes two fields
(title and description). They can be concatenated into a single sequence for unified encoding. To fit
the inference length of large language models, the maximum sequence length can be set to a moderate
range, with tail truncation applied to the few very long samples.

The choice of this dataset is based on several reasons. The topics are clearly defined, and the
label system is simple. It allows evaluation of global topic recognition and also exposes challenges
such as cross-domain vocabulary overlap and semantic ambiguity. At the same time, the title and
description form a lightweight contextual link. This aligns naturally with the idea of context
enhancement and enables validation of how explicit context modeling in short texts can improve
semantic aggregation and class alignment. Due to its wide use and clear task definition, AG News
provides a stable and reproducible task setting and a reliable baseline for the methodology.

3.2. Experimental Results

This paper first conducts a comparative experiment, and the experimental results are shown in
Table 1.

Table 1. Comparative experimental results.

Precisio F1-
Method Acc Recall

n Score
BiLSTM[14] 9142 91.10 90.75 90.92
MLPI[15] 89.85 89.20 89.46 89.33
1DCNNI[16] 9230 92.05 91.67 91.86
Transformer

94.12 94.01 93.45 93.73

[17]
Ours 95.78  95.40 95.06 95.23

The results show a stepwise improvement that is positively correlated with the model’s ability
to capture context. From MLP to BiLSTM and 1D CNN, then to Transformer, and finally to the
method with context enhancement, all four metrics increase steadily. Compared with the baseline
Transformer, adding context enhancement improves accuracy by 1.66 percentage points (94.12 to
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95.78) and F1 by 1.50 percentage points (93.73 to 95.23). The error rate decreases from 5.88% to 4.22%,
which is about a 28% relative reduction. This indicates that adding explicit context modeling on top
of large language models not only increases overall accuracy but also significantly reduces errors in
boundary and ambiguous samples.

From the perspective of balance between precision and recall, the context-enhanced method
maintains better symmetry (Precision = 95.40, Recall = 95.06), while the Transformer shows a slight
lack of recall (94.01 vs 93.45). This means that in cases of overlapping classes, irony, or topic shift, the
improved global context representation reduces missed detections (recall rises by 1.61), without
paying the cost of many false positives (precision only increases by 1.39). For text classification, this
balanced state is especially important. When class boundaries are driven by context, gated fusion and
global aggregation suppress the noise amplification effect of local fragments, keeping decisions
consistent across categories.

A horizontal comparison with traditional structures shows that 1D CNN and BiLSTM can
capture local n-gram patterns and sequential dependencies, but they have limited sensitivity to cross-
sentence cues and paragraph-level shifts. This leads to F1 scores lower than Transformer by 1.87 and
2.81 percentage points, respectively. The weakness of MLP is most obvious, showing that without
temporal or attention-based modeling, text representations lack robustness to contextual changes.
The trend suggests that performance gains are highly related to the expansion of the “effective context
window.” As models evolve from local convolution and sequential memory to global attention and
then to explicit context enhancement, class separability and boundary stability improve together.

From a methodological standpoint, even on top of the Transformer, which already models
strong global dependencies, further context enhancement still yields significant improvements. This
indicates that the bottleneck of semantic understanding extends beyond the range of attention and
lies in how to effectively aggregate and route contexts at various levels in a structured and dynamic
manner. The results suggest that designing the interface between global aggregation, gated fusion,
and the classifier as an adjustable context channel can enhance calibration and robustness while
preserving discriminative power. In practical applications, this approach ensures stable performance
in texts with diverse topics, sparse expressions, or domain transfer, offering reliable semantic support
for downstream tasks that are sensitive to risk.

This paper also presents an experiment on the sensitivity of the hidden layer dimension to the
experimental results, and the experimental results are shown in Figure 2.

Hidden Dimension Sensitivity on Model Performance
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Figure 2. Sensitivity experiment of the hidden layer dimension to experimental results.

From the experimental results, it can be observed that as the hidden dimension increases, the
model shows an overall trend of rising performance followed by stabilization and even a slight
decline. When the hidden dimension grows from 64 to 512, accuracy, precision, recall, and F1-score
all improve significantly, with the best performance reached around 512. This indicates that a larger
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hidden capacity can capture richer contextual semantic features and demonstrate stronger expressive
power in combining global and local information, which leads to improved performance.

However, when the hidden dimension is further increased to 640 and 768, the model shows
fluctuations and decline, especially in recall and Fl-score. This suggests that overly large hidden
dimensions may introduce redundant representations and raise the risk of overfitting, which
weakens the advantage of context enhancement in generalization scenarios. Overall, the results
confirm the effectiveness of context enhancement under moderate model capacity. At the same time,
they highlight the need to balance model complexity and semantic modeling ability in practical
applications to achieve more stable classification performance.

4. Conclusion

This study focuses on a text classification method for large language models enhanced with
contextual mechanisms. It systematically analyzes the key role of context in semantic modeling and
proposes an improved framework that captures both local details and global dependencies.
Comparative and sensitivity experiments show that the method achieves comprehensive
improvements in accuracy, precision, recall, and Fl-score. It demonstrates clear advantages in
handling semantic ambiguity, topic shifts, and long-text reasoning. These findings confirm the
applicability and effectiveness of context enhancement in large language models and provide new
insights for text classification methods, making them closer to the real contextual characteristics of
natural language.

Future research may further explore the transferability of this method across domains and
languages, while extending it to meet practical application needs. For example, in industries such as
healthcare, finance, and law, where semantic precision is critical, the method has potential value for
risk prediction, information retrieval, and decision support. In applications such as opinion
monitoring, content recommendation, and intelligent customer service, it can also improve the
model’s sensitivity and stability to contextual changes. Overall, this study not only advances the
technical development of text classification methods but also provides more interpretable and
reliable support for the application of artificial intelligence in key industries.
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