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Abstract 

To address the limited controllability, unstable output consistency, and weakly constrained decision 
processes of large language models in text classification tasks, this work proposes a controllable 
prompt-driven text classification method that establishes an end-to-end unified modeling framework 
from instruction alignment to constrained decoding. Text classification is reformulated as an 
instruction-conditioned generative discriminative problem. Input texts and task instructions are 
jointly encoded to form a unified internal representation that integrates textual semantics with 
classification constraints. On this basis, a category semantic alignment mechanism is introduced to 
ensure that the model explicitly follows category boundaries and decision criteria defined by the 
instructions, thereby reducing classification inconsistency caused by prompt variation or implicit bias. 
To further improve output reliability, a structured constrained decoding strategy is designed to 
restrict the generation space to a predefined set of valid categories, preventing redundant text or 
invalid outputs from interfering with classification results. Comparative analysis under unified data 
and evaluation settings demonstrates that the proposed method achieves more consistent advantages 
in classification accuracy, discriminative stability, and overall separability. These findings indicate 
that deeply integrating instruction understanding and output control into the decision process of 
large language models effectively transforms their generative capacity into stable, interpretable, and 
controllable text classification capability, providing a systematic solution for building reliable 
intelligent text analysis systems. 

Keywords: controllable text classification; instruction alignment; constraint decoding; generative 
discrimination 
 

I. Introduction 

In recent years, with the rapid advancement of large language models in the field of natural 
language processing, text classification, as a fundamental and critical task, has entered a new 
modeling paradigm. Compared with traditional methods that rely on handcrafted features or task-
specific architectures, large language models acquire strong language understanding and 
generalization capabilities through large-scale pretraining [1]. This enables them to demonstrate the 
potential for unified modeling across diverse text understanding tasks. However, in practical 
applications, text classification is often associated with complex label semantics, strict business 
constraints, and diverse usage scenarios. Relying solely on the implicit capabilities of models is 
insufficient to consistently satisfy requirements for controllability and consistency. How to preserve 
the general capabilities of large language models while guiding them to follow explicit decision logic 
in classification tasks has become an important research problem [2]. 
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Prompt learning provides a low-cost and flexible interface for large language models to 
participate in downstream tasks. It allows models to perform classification through natural language 
instructions. With carefully designed prompts, models can explicitly perceive task objectives, label 
meanings, and decision criteria. This enables task transfer without large-scale parameter updates. 
Such an approach partially alleviates data dependency and domain adaptation issues, making text 
classification easier to deploy in complex or rapidly changing environments. However, existing 
prompt-driven methods mainly focus on static prompt design or empirical tuning. They lack 
systematic modeling of instruction, semantic consistency, and execution stability. As a result, model 
outputs are often sensitive to wording variations, contextual perturbations, or implicit biases. This 
weakens the reliability and reproducibility of classification results [3]. 

In text classification scenarios, instructions are not only tools for task description but also 
important sources of constraints on model decision behavior. Subtle differences in instruction 
formulations can significantly change the model’s understanding of category boundaries and 
decision criteria. This, in turn, affects classification consistency [4]. This phenomenon is particularly 
evident in multi-label settings, hierarchical label systems, or high-risk decision scenarios [5], where 
higher requirements are imposed on practical controllability [6,7]. Therefore, it is necessary to revisit 
prompt-driven text classification from the perspective of instruction alignment. The relationship 
between instruction understanding and internal model representations should be treated as a core 
research focus. This allows models to form stable and predictable classification behavior at the 
semantic level, rather than relying on incidental pattern matching. 

On the other hand, even when clear constraints are provided at the instruction level, models 
may still generate outputs that deviate from expectations during the generation stage [8]. This issue 
is especially pronounced under free decoding strategies. The generation mechanism of large 
language models is essentially a probability-driven language modeling process. Without explicit 
output constraints, models may produce redundant, ambiguous, or category-inconsistent text. This 
introduces uncertainty into subsequent decision-making. For text classification tasks, the output 
space is typically limited and structured. How to incorporate this prior knowledge into the generation 
process, so that models adhere to predefined category constraints and format specifications during 
decoding, is a key step toward end-to-end controllable classification. This directly affects both 
interpretability and practical usability in real systems [9]. 

II. Related Work 

Recent advances in large language model (LLM) controllability and robust text classification 
have drawn on a wide range of methodologies, from uncertainty quantification and prompt-based 
generation to semantic alignment and privacy-aware adaptation. 

Uncertainty-aware generation and risk control have been shown to enhance output stability and 
interpretability, providing a foundation for trustworthy classification systems [10]. Multi-agent 
modeling and intelligent code generation frameworks [11], as well as contrastive learning and 
sensitivity analysis in backend anomaly detection [12], demonstrate how alignment and 
representation consistency can improve robustness in diverse AI scenarios. Structured temporal 
alignment and attention mechanisms, such as those used in clinical risk prediction [13], contribute 
techniques for modeling sequential dependencies and improving output reliability. Federated fine-
tuning and cross-domain semantic alignment provide privacy-preserving solutions for large 
language model adaptation, directly supporting consistent text classification across scenarios [14]. 

Recent work on retrieval-augmented generation, multi-granular indexing, and confidence-
constrained LLMs has inspired more interpretable and constraint-aware architectures, which are 
highly relevant to prompt-driven, instruction-conditioned classification [15]. Meanwhile, causal 
reasoning over knowledge graphs [16], and machine learning methods for non-stationary forecasting 
[17], offer insights into data-driven constraint handling and adaptive decision-making under 
uncertainty. Advances in generative modeling with diffusion processes and conditional control [18], 
and knowledge-augmented agents for explainable decision-making [19], further expand the set of 
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tools for building controllable and interpretable text analysis frameworks. Relational modeling for 
credit risk [20], and causal modeling to mitigate correlation bias [21], highlight the importance of 
robust constraint learning and semantic separation, core challenges for reliable text 
classification.Trust evaluation and robust multi-agent coordination in LLM-based systems [22], as 
well as knowledge-augmented and neural attention mechanisms for classification [23,24], 
demonstrate the impact of contextual control and deep semantic alignment for stable category 
prediction. 

Finally, explainable representation learning in large language models has enabled fine-grained 
opinion and sentiment analysis with strong interpretability and task consistency [25]. Together, these 
advances provide a methodological foundation for controllable prompt-driven text classification, 
supporting robust instruction alignment, semantic consistency, and structured constraint decoding 
in large language model systems. 

III. Proposed Framework 

This paper’s approach revolves around the goal of “controllable cue-driven text classification,” 
constructing an end-to-end unified modeling framework from instruction alignment to constraint 
decoding. Given input text, the model no longer directly performs implicit category prediction, but 
first conditionally models the classification task through explicit natural language instructions. 
Instructions are treated as high-level semantic constraints, used to clarify the category space, 
discrimination criteria, and output format, thus transforming the text classification problem into a 
controlled condition generation problem. Within this framework, the model jointly encodes the input 
text and instructions, ensuring that its internal representation simultaneously contains both textual 
semantic information and task constraint information. Formally, let the input text be 𝑥,  and the 
instruction be 𝑝, their joint representation can be written as: ℎ = 𝑓ఏ(𝑥,𝑝)  (1)

Here, 𝑓ఏ(∙) represents the parameterized large language model encoding function, and ℎis the 
latent space representation that integrates task semantics and text content. In this way, the model is 
constrained to a semantic space consistent with the instructions during the initial inference stage, 
laying the foundation for subsequent stable decisions. This paper also presents the overall model 
architecture, as shown in Figure 1. 

 

Figure 1. Overall model architecture. 

At the instruction alignment level, the method explicitly models the consistency between 
category semantics and model output distribution, enabling the model to robustly understand 
different instruction representations. Specifically, each category is mapped to a standardized 
category description, which constrains the model’s internal characterization of category meaning. 
When generating decisions, the model is guided to maximize the degree of matching between its 
output and the category semantics defined by the instruction. This process can be abstracted into a 
conditional probability modeling form: 
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𝑃(𝑦|𝑥,𝑝) = 𝑆𝑜𝑓𝑡𝑎𝑚𝑎𝑥(𝑊ℎ)  (2)

Here, 𝑦  represents the category label, and 𝑊  is the learnable mapping matrix. By explicitly 
injecting instruction information into the conditional probability modeling process, the model can 
maintain consistent category discrimination logic under different instructions or context settings, 
thereby reducing the uncertainty introduced by changes in language expression. 

To further enhance the controllability of the classification process, the method introduces a 
structured constraint decoding mechanism in the generation stage, restricting the originally open 
language generation process to a finite and valid category space. Unlike free text generation, this 
mechanism prunes the decoding path through a predefined set of categories, allowing the model to 
generate only candidate outputs that conform to the task constraints. Let the category set be 𝑦, then 
the model’s predictions during the decoding process are constrained as follows: 𝑦ො = 𝑎𝑟𝑔𝑚𝑎𝑥𝑃(𝑦|𝑥,𝑝)  (3)

This constraint decoding method effectively eliminates redundant text, ambiguous expressions, 
or illegal outputs, ensuring that the model’s output naturally exhibits structural consistency and 
parsability, meeting the stability requirements of practical text classification systems. At the end-to-
end optimization level, instruction alignment and constraint decoding are not independent entities 
but are jointly modeled through a unified objective function. The model training objective is defined 
as minimizing the difference between the classification prediction and the target label while adhering 
to the semantic constraints of the instructions. These constraints can be expressed as: 𝐿 = −𝐸(௫,௬)𝑙𝑜𝑔𝑃(𝑦|𝑥,𝑝)  (4)

Meanwhile, to prevent the model from deviating from the instruction constraint space, a 
regularization term for instruction consistency is introduced to constrain the model’s implicit 
representation. 𝑅 = ||ℎ − 𝑔(𝑝)||ଶଶ   (5)

Where 𝑔(𝑝) represents the semantic anchor representation obtained from instruction mapping. 
The final optimization objective is: 𝐿௧௢௧௔௟ = 𝐿 + 𝜆𝑅  (6)

This unified modeling approach maintains the model’s expressive power while tightly coupling 
instruction understanding, category discrimination, and output control, forming a logically clear and 
behaviorally controllable text classification method. It provides a systematic solution for the 
application of large language models in constrained decision-making tasks. 

IV. Experimental Analysis 

A. Dataset 

This paper uses AG News (AG’s News Topic Classification) as a unified open-source dataset to 
support research on controllable cue-driven text classification. This dataset is constructed from four 
major categories selected from a larger-scale news corpus, targeting the typical text classification 
scenario of “topic classification.” It effectively matches the method setting of “instruction alignment 
+ constrained output”: the category semantics are clear, the label space is limited, and the text content 
exhibits diversity and noise in real-world language distributions. Its public implementation and 
widespread community use provide a solid foundation for research reproducibility and comparative 
fairness. 

Regarding data scale and partitioning, AG News provides a standardized training/test split: the 
training set contains 120,000 entries, and the test set contains 7,600 entries. The four categories 
correspond to World, Sports, Business, and Sci/Tech, respectively. The relatively balanced sample 
size in each category allows the research focus to be placed on “cue controllability, instruction 
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consistency, and output constraints” themselves, rather than being dominated by extreme class 
imbalances. The samples typically consist of news headlines and brief descriptions, with moderate 
text length. This ensures the text covers the key information needed for topic identification while also 
facilitating the introduction of category descriptions and format constraints into the prompt template, 
thus naturally following the methodological flow of “category semantic alignment—structured 
output control—constraint decoding.”In terms of task definition, this paper treats each sample as 
input text A and categorical labels as discrete elements in the output space B. Standardized category 
descriptions are provided for each category to support instruction-driven semantic constraints. 
Datasets can be obtained and loaded from various public channels (e.g., Hugging Face or TensorFlow 
Datasets), ensuring reproducibility and consistency across different implementations. Additionally, 
it ensures that the same underlying data distribution exists across different prompt styles, 
underscoring the method’s contribution to “end-to-end controllable optimization from instruction to 
decoding.” 

B. Experimental Results 

This article first presents the results of the comparative experiments, as shown in Table 1. 

Table 1. Comparative experimental results. 

Method Acc Precision Recall AUC 

VGCN [26] 0.81 0.79 0.77 0.84 

Teleclass [27] 0.83 0.82 0.80 0.86 

Qsim [28] 0.85 0.84 0.82 0.88 

DyLas [29] 0.87 0.86 0.85 0.90 

Quest [30] 0.88 0.87 0.86 0.91 

Ours 0.92 0.91 0.90 0.95 

Overall, the proposed method consistently outperforms all baselines across all evaluation 
metrics, demonstrating improved classification accuracy, sample separability, and decision stability. 
The simultaneous gains in precision, recall, and AUC indicate better balance between false alarms 
and missed detections, stronger discrimination under varying thresholds, and more reliable 
confidence estimates. These improvements align with the goals of controllable prompt-driven text 
classification, showing that instruction alignment and constrained decoding stabilize internal 
representations, sharpen semantic boundaries, and reduce sensitivity to contextual perturbations. As 
a result, the generative capabilities of large language models are effectively transformed into robust 
and controllable discriminative performance; the impact of learning rate on AUC stability is further 
analyzed in Figure 2. 

 
Figure 2. Learning rate sensitivity experiment for AUC. 
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The learning-rate sensitivity analysis shows a smooth but nonlinear performance trend, 
indicating that the proposed method is tolerant to step-size variations and maintains stable 
discriminative representations under controllable prompts and constrained decoding. Optimal 
performance is achieved within a moderate learning-rate range, while overly small rates limit 
effective absorption of instruction semantics and overly large rates weaken stability and increase 
noise sensitivity. These results demonstrate that instruction alignment dominates decision behavior 
over optimization perturbations, ensuring consistent ranking and reliable classification across 
different training settings; Figure 3 further analyzes the impact of batch size on accuracy. 

 

Figure 3. Batch size sensitivity experiment. 

The bar chart distribution indicates that the proposed method exhibits a clear interval-
dependent pattern with respect to batch size variation. Overall, more favorable discriminative 
performance is achieved around moderate batch sizes, while some degradation is observed for 
smaller or larger batch sizes. This behavior is consistent with the training mechanism of controllable 
prompt-driven text classification. Batch size affects the noise level of gradient estimation and the 
smoothness of parameter updates. These factors, in turn, influence how effectively the model absorbs 
instruction semantic constraints and category boundary information. A moderate batch size provides 
a better balance between stable updates and sufficient exploration, allowing instruction-aligned 
unified representations to converge more easily to consistent decision patterns. By further analyzing 
the error bars, we observe that the magnitude of variation across different batch size settings remains 
generally controlled. This suggests that the framework can maintain relatively stable output behavior 
under various training configurations. This property is particularly crucial for the constrained 
decoding and structured output control that we emphasize in this work. Even when gradient noise 
fluctuates during training, the output space is still confined to a valid set of categories. This reduces 
the additional drift caused by unstable generation. In essence, the constraint mechanism continues to 
function as a stabilizer during training perturbations, ensuring that classification decisions remain 
closer to the semantic boundaries defined by the instructions. 

From a methodological perspective, these sensitivity patterns indicate that the proposed 
framework does not rely on a single specific training configuration to function effectively. Instead, it 
exhibits a certain degree of transferability and deployability. Very small batch sizes typically 
introduce stronger randomness, which can reduce instruction execution consistency. Very large batch 
sizes may lead to overly smooth updates, weakening the modeling of fine-grained category 
differences. The proposed method maintains good stability within a reasonable range of batch sizes. 
This demonstrates that end-to-end instruction alignment and constrained output can effectively 
mitigate decision drift caused by changes in training hyperparameters. It provides more robust 
technical support for text classification tasks that require controllability and consistency in real-world 
scenarios. 
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V. Conclusion 

This study focuses on controllable prompt-driven text classification and systematically examines 
how instruction understanding, semantic alignment, and output constraints can be jointly integrated 
into the decision process of large language models. By modeling text classification as an instruction-
conditioned generative discriminative task, the study highlights the importance of explicitly 
incorporating task semantics and category boundaries during inference. This design avoids the 
instability caused by excessive reliance on implicit representations in conventional approaches. The 
findings show that, when classification decisions are constrained within an interpretable and 
structured output space, large language models can exhibit more consistent and reliable 
discriminative behavior in complex textual scenarios. This provides a new modeling perspective for 
building controllable intelligent systems. 

From a methodological standpoint, the proposed end-to-end framework tightly couples 
instruction alignment with constrained decoding. This enables the model to go beyond surface-level 
semantic matching of the input text and to continuously follow the decision logic defined by task 
instructions. This modeling strategy moves beyond treating prompts as external heuristics. Instead, 
prompts become a core component that shapes internal representations and output mechanisms. 
Under this formulation, text classification is no longer a simple label prediction problem. It becomes 
a structured decision process governed by semantic constraints. This is crucial for improving 
controllability in complex tasks and high-reliability scenarios. 

At the application level, this research provides a technically practical foundation for many real-
world scenarios that rely on text classification. Examples include information filtering, content 
moderation, risk identification, and decision support. In such domains, systems must ensure 
classification accuracy while strictly complying with predefined rules and business constraints. The 
controllable prompting and constrained output mechanisms proposed in this study allow models to 
better satisfy these requirements. They reduce the risk of unpredictable behavior and enhance overall 
system trustworthiness and interpretability. These properties have positive implications for 
deploying large language models in real production environments. 

Looking ahead, the research perspective presented in this work lays the groundwork for 
extending large language models to a broader range of controlled decision tasks. On the one hand, 
the framework can be generalized to more complex classification structures and multi-level decision 
scenarios. Finer instruction design and constraint mechanisms may enable higher-level controllable 
reasoning. On the other hand, integrating controllable prompting with domain knowledge, rule-
based systems, or human-in-the-loop mechanisms offers a promising direction for building safer, 
more robust, and sustainably evolving intelligent text analysis systems. Overall, this study deepens 
the understanding of prompt-driven text classification mechanisms. It also provides a valuable 
reference path for the standardized and trustworthy development of large language model 
applications. 
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