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ABSTRACT: With the continuous improvement of the performance of large language models, how to further enhance
their ability in complex tasks has become a key issue. The task of abnormal text detection poses a challenge to the model
in identifying non-standard semantics due to its semantic complexity and high-risk features. However, existing fine-
tuning methods rely heavily on static data selection strategies, making it difficult to adapt to the dynamic evolution
of model capabilities, resulting in low training efficiency. This article proposes ADS (Adaptive Dataset Selection), an
adaptive framework for selecting data in anomaly text detection. ADS performs model-aware data selection prior to
fine-tuning, adapting the initial state of pre-trained language models by selecting samples that are most informative
for the target anomaly detection task. Empirical results on mainstream large language model architectures show that
ADS significantly compresses data size while still outperforming existing static strategies and mainstream compression
methods. When using only 1000 fine-tuning samples, ADS achieves a 92% F1 score, with an accuracy improvement of
over 22% compared to the baseline, demonstrating excellent performance. This study proposes an efficient data selection
mechanism from the perspective of model capability and dynamic adaptation of data, providing theoretical support
and a practical path for fine-tuning large models in low-resource scenarios.

KEYWORDS: Adaptive dataset selection; anomalous text detection; fine-tuning; large language models; dynamic
sample optimization; data diversity

1 Introduction

In the context of ongoing advancements in large language model (LLM) research in recent years,
fine-tuning has gradually become one of the key technical pathways for enhancing a model’s adaptability
to downstream tasks. This method guides models to comprehend human instructions, thereby achieving
stronger generalization across diverse tasks. Particularly in the complex domain of anomalous text detection,
models must contend with multiple types of semantic anomalies such as fraudulent information, counterfeit
content, and adversarial perturbations. How to enable models to accurately identify such texts while
maintaining robustness and transferability has become a critical indicator of their practical application value.
Therefore, constructing a fine-tuning dataset that can dynamically adapt to model capabilities while ensuring
structural coherence and task relevance has emerged as a core issue for improving performance in such tasks.

Although recent research in LLM fine-tuning has focused on optimizing data selection strategies,
mainstream approaches primarily emphasize enhancing data quality [1,2] or expanding dataset scale to
improve coverage. These strategies typically rely on manually curated high-quality samples [3] or a large-scale
collection of task-relevant corpora, aiming to boost model learning effectiveness and stability. However, such
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static data configurations overlook a critical fact: LLMs exhibit dynamic perceptual capabilities and learning
needs throughout the training process. The model’s response to input data and the resulting information gain
evolve non-linearly over time. This leads to a “phase mismatch” problem, where samples that are effective in
early stages may become redundant or even harmful due to negative transfer after the model’s capabilities
improve, thus constraining overall fine-tuning efficiency and final performance.

This paper proposes Adaptive Data Selection (ADS), a model-aware data selection framework for
efficient fine-tuning of large language models (LLMs) in anomalous text detection. Unlike static strategies,
ADS evaluates training samples with respect to three complementary criteria—data diversity, semantic
coverage, and model uncertainty—prioritizing samples that are both representative and informative for the
current model state. By aligning data selection with model capability, ADS improves training efficiency
and detection performance under limited data budgets. Experiments across multiple datasets and LLM
backbones (e.g., LLaMA and Qwen) demonstrate that ADS consistently outperforms traditional methods
using substantially fewer training samples, challenging the conventional “more data is better” assumption.

At the methodological level, ADS differs from existing adaptive or multi-factor selection approaches
by introducing mechanism-level co-optimization rather than metric-level aggregation. Previous methods
typically rely on static heuristics independent of training dynamics or a single adaptive signal, such as
uncertainty or difficulty. In contrast, ADS decouples structural constraints and model-dependent refinement:
diversity and coverage preserve the global semantic structure of the candidate pool, while model uncertainty
determines sample utility relative to the model state. This design enables adaptive rebalancing between
exploration and exploitation during fine-tuning, a capability not supported by prior approaches such as IFD,
MoDS, or self-guided filtering.

In this work, the term adaptive refers to adapting a pre-trained language model to a downstream
anomalous text detection task through model-aware data selection, rather than real-time or streaming data
selection during training. Specifically, ADS evaluates candidate samples with respect to the current pre-
trained model state and constructs a high-value subset prior to fine-tuning. While the selection criteria
incorporate signals related to model uncertainty and semantic structure, the fine-tuning itself is conducted
in an offline manner. We leave fully online or iterative re-selection across training epochs as future work.

2 Related Work

Anomaly Detection aims to identify items, events, or observations that deviate from expected patterns,
representing risks such as financial fraud, industrial failures, medical anomalies, or content violations in
texts [4]. Textual anomaly detection is particularly challenging due to semantic complexity and ambiguous
boundaries. Traditional methods based on rules or static features struggle with semantic variation and
adversarial obfuscation, while deep learning approaches, such as toxic comment detection [5] and hate
speech detection [6], show improved performance but rely heavily on large annotated datasets and may lack
domain generalization. Self-supervised learning methods like PANDA [7] and COCA [8] attempt to alleviate
labeling scarcity but face limitations in capturing long-range semantic contradictions. Conventional anomaly
detection follows a “static filtering + global optimization” paradigm [9], which is vulnerable to concept drift
and adversarial tactics, leading to three main challenges: (1) lack of fine-grained semantic representation, (2)
lag in dynamic adaptation, and (3) fragility of external dependencies. Large Language Models (LLMs) have
shown promise in anomaly detection due to strong semantic understanding and generality, demonstrated
by works like LogGPT [10], LLMAD [11], and AD-LLM [12]. However, domain-specific fine-tuning remains
essential, with data selection critically influencing performance. Early approaches emphasized high-quality
data, such as LIMA [3], but manual annotation is costly and risks reducing data diversity. Automated metrics
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like InstructMining [13] fail to adapt dynamically to evolving training needs, while clustering methods [14]
and small external models [15] have their own limitations.

Adaptive data selection methods based on model confidence, such as IFD [16], exist but often focus
on single dimensions and neglect the diverse demands of anomaly detection. Comprehensive analyses [17]
highlight the importance of jointly optimizing quality, diversity, and task specificity, yet most prior work
treats these factors independently. An ideal data selection strategy should fulfill three criteria: (1) task
adaptability to evolving long-tail anomalies; (2) endogenous motivation enabling closed-loop feedback
without external reliance; and (3) multidimensional synergy optimizing diversity, coverage, and uncertainty.
Prior multidimensional methods [18,19] apply these indicators statically or independently, whereas the
proposed ADS models selection coupled with model evolution, using coverage and diversity as semantic
scaffolds and uncertainty as dynamic control. This approach addresses LLMs’ phased learning in anomaly
detection and offers a new paradigm for efficient fine-tuning in low-resource settings.

3 Research Method

The research method proposed in our study consists of three phases: data preprocessing, anomaly
detection, and anomaly analysis and optimization. Fig. 1 shows the overview framework of this work.
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Figure 1: Overall framework of the ADS.

3.1 Definition of Anomalous Text

In the domain of textual content safety, anomalous text typically refers to content that significantly
deviates from mainstream corpora in terms of language style, semantic structure, or emotional tone, and
may pose threats to platform security, user psychology, or social ethics. Such text is not merely semantically
deviant; it often embodies complex characteristics such as informational attacks, value conflicts, or deliberate
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evasion of detection mechanisms [20]. To systematically define “anomalous text,” this paper draws on
Google’s content safety policies [21] and existing content classification frameworks, focusing on scenarios
related to online information security. We propose six representative categories of anomalous text, as outlined

in Table I:

Table 1: Categories of anomalous text.

Type

Description

Hate Speech

Text that targets specific individuals or groups with
insulting, discriminatory, or inciteful language based on
characteristics such as race, religion, gender, or sexual
orientation. These messages are highly inflammatory and
socially harmful, potentially inciting public conflict.

Sexually Explicit
Information

Text that directly or implicitly depicts sexual behavior,

anatomy, or sexually suggestive content. Such content is

particularly sensitive, poses challenges for moderation,

and may negatively affect underage users or violate the
platform policies.

Bias and
Discrimination

Text based on stereotypes or social prejudice, offering
one-sided evaluations of specific groups—e.g., gender
bias, ageism, or occupational stigma. These messages are
often subtle but pose real threats to social fairness and
equity.

Illegal and Harmful
Content

Text that involves incitement to crime, rumor spreading,
privacy breaches, terrorist propaganda, drug promotion,
or other illegal content. Such texts are directly harmful
and pose high risks.

Violence and
Harassment

Text that uses threatening language, describes violence,
or engages in personal attacks, aiming to instill fear,
cause harm, or apply sustained psychological pressure.
Common on social media or malicious comments.

Adversarial or
Obfuscated Content

Text that deliberately evades content filters through
tactics such as homophones, word splitting, or semantic
misdirection. These texts are adversarial in nature and
challenge the robustness of detection models.

Unlike traditional anomaly detection, identifying anomalous text must account for contextual depen-

dency, semantic diversity, and long-tail distributions, placing higher demands on large language models
(LLMs) in terms of semantic comprehension, implicit intent recognition, and moral judgment. This com-
plexity underscores the crucial role of high-quality, well-structured fine-tuning datasets in unleashing the
full potential of LLMs.
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3.2 Fine-Tuning Data Indicators

Fine-tuning is essential for improving large language models’ (LLMs) generalization in specialized tasks
like anomalous text detection, where adaptive dataset design is critical. This paper proposes a data selection
framework based on three key dimensions: (1) Diversity—ensuring varied anomaly types and linguistic styles
to prevent overfitting; (2) Coverage—representing the corpus space, especially long-tail, high-risk samples
to boost robustness; and (3) Model Uncertainty—quantifying ambiguous or difficult inputs via confidence
measures to refine decision boundaries. Unlike existing static methods, the proposed Adaptive Data Selection
(ADS) method dynamically couples sample selection with the evolving model state, enhancing training
efficiency and performance under limited data conditions.

3.3 Data Collection and Filtering

To fully unleash the potential of large language models (LLMs) in anomalous text detection tasks, the
rational design and filtering of fine-tuning datasets is a key step toward enhancing model performance. Given
LLMs’ sensitivity to input data and the inherent diversity and complexity of anomalous texts, this paper
proposes the ADS (Adaptive Data Selection) method. ADS integrates two core dimensions—data diversity
and coverage—and model prediction uncertainty to adaptively filter and optimize fine-tuning samples,
thereby improving model generalization and robustness.

3.3.1 Diversity

Diversity refers to the heterogeneity of samples across dimensions such as semantics, structure, and task
intent. It is crucial for constructing robust fine-tuning datasets, enabling large language models to thoroughly
explore the boundaries of the input space, thereby enhancing their generalization ability to variable input
patterns [22,23]. In the ADS method, to ensure broad coverage of the corpus space during sample selection,
we apply the K-means clustering algorithm on the original dataset, dividing the samples into y; semantic
clusters C = C;, C;, Ck. The clustering centers are optimized by minimizing the sum of squared intra-cluster
distances:

K 2
min 37 >0 v - pel; M

sk k=1 VjGCk

This process ensures high semantic coherence within each cluster and sufficient semantic divergence
across clusters, thus enabling structured partitioning and representation of the corpus space. This mechanism
effectively avoids the phenomenon of training samples being overly concentrated on “templated” anomaly
types, thereby enhancing the model’s ability to handle complex and compositional anomaly structures.

3.3.2 Coverage

In ADS, semantic coverage measures how well a selected subset preserves the global semantic
distribution of the original corpus in the embedding space. Unlike diversity, which focuses on pairwise
dissimilarity, coverage emphasizes distributional representativeness, aiming to prevent fine-tuning from
overfitting to high-frequency patterns while neglecting rare but informative semantic structures [24]. Let
D = {x;}¥, denote the full corpus and S c D the selected subset. Each sample is mapped to a semantic
embedding v;. Semantic coverage is approximated by jointly considering global centrality and local density
within semantic clusters:

C(S) = Z}g (a Centrality(x) + (1 — ) Density(x)) (2)
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where a € [0, 1] balances the two components.

To operationalize this objective, the corpus is partitioned into K clusters {Cy }+_,. Within each cluster,
the top-n representative samples are selected to form the coverage-driven subset. For a sample x; € Cy, the
centrality score is defined as:

Centrality(x;) = —[|v; — g2 ®)

where p, is the centroid of cluster Cy, favoring samples close to the dominant semantic region.

Local density captures neighborhood concentration within the cluster:

_||vj—vz||%)

202

Density(x;) = Y, exp( (4)

v;€Cy
where o controls the neighborhood scale. Samples are ranked by a weighted combination of centrality and
density, and the top-n samples per cluster are selected.

By explicitly modeling semantic coverage in this manner, ADS ensures that the fine-tuning data remain
distributionally aligned with the original corpus, mitigating bias caused by skewed or redundant samples. The
resulting coverage-driven subset further serves as a high-quality candidate pool for subsequent uncertainty-
based filtering, following a “coverage first, refinement later” selection paradigm.

3.3.3 Uncertainty

After obtaining a candidate sample set with sufficient structural diversity and semantic coverage, ADS
further incorporates a model-aware selection mechanism to maximize training utility under the current
model parameters. Unlike traditional static sampling, ADS dynamically evaluates each sample’s potential to
provide information gain for the model by prioritizing samples that induce a significant increase in model
prediction uncertainty [25]. The uncertainty metric used here is the entropy H(x), which quantifies the
width of the model’s prediction confidence interval for a given sample. It is defined as:

c
H(x) = - Z}pi(x)bgpi(x) )

where — (p;(x)) is the model’s predicted probability for class i, and C is the total number of classes. To ensure
comparability across different samples, we introduce the concept of normalized entropy:
H(x)
logC

(6)

Hnormalized (X) =

Furthermore, we combine model uncertainty with actual prediction outcomes to define the final
training set Daps as:

Daps = {x; | Incorrect (x;) v H (x;) > B} (7)

The indicator incorrect(x) is computed on the labeled training pool during data selection, and is used
solely to identify samples that the current model fails to classify correctly. While this setting is offline, it
simulates a realistic fine-tuning scenario where labeled data is available. Extending ADS to a fully online or
streaming selection is left for future work.

The dominant computational cost of ADS (Algorithm 1) arises from embedding computation O(|D| - d)
and K-means clustering O(K - |D| - d), both executed once before fine-tuning. The entropy-based filtering
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stage scales linearly with the size of the candidate pool. In practice, ADS introduces negligible overhead
compared with LLM fine-tuning. The number of clusters K controls semantic granularity, and per-cluster
sampling ensures balanced coverage. The density bandwidth is set proportional to the average intra-cluster
distance, enabling adaptation to the corpus scale, while the entropy selection ratio 3 determines the
proportion of uncertainty-driven samples and is decayed during training to balance exploration and con-
vergence. These design choices ensure reproducibility and robustness without excessive tuning complexity
(see Appendix A for detailed hyperparameter settings and dataset statistics).

Algorithm 1: Adaptive Dataset Selection (ADS)
Require: Dataset D, model M, number of clusters K, samples per cluster n
Ensure: Selected training set S
1: Encode all samples in D using a pretrained encoder
2: Perform K-means clustering to obtain clusters {Cy }X_,
3: for each cluster C;. do
4:  Select n representative samples based on centrality and density
5: end for
6: Construct candidate pool P = Uf_, Cy
7: for each sample x € P do
8: Compute prediction entropy H(x) using the current model M
9: end for
10: Select the top % samples with the highest normalized entropy
11: Fine-tune model M on the selected set S

By integrating diversity, coverage, and uncertainty, ADS constructs a compact yet informative fine-
tuning dataset Daps characterized by semantic breadth, category coverage, and informational density. This
dataset is presented to LLMs (e.g., LLaMA-3-8B-Instruct and Qwen2.5-7B) using standardized prompt
templates for binary anomaly classification. From a unified perspective, diversity and coverage define a
structural feasible region preserving global semantic properties, while uncertainty acts asa model-dependent
utility function for ranking samples within this region. Experimental results show that fine-tuning with only
1000 ADS-selected samples achieves an F1 score of 92% on the test set, significantly outperforming traditional
static data selection methods under low-resource conditions.

3.4 Fine-Tuning Architecture and Training Process

The ADS framework operates as a data selection mechanism for supervised fine-tuning rather than
an inference-time prompting strategy. After ADS identifies a high-value subset of training samples, these
samples are used to fine-tune large language models via parameter-efficient adaptation.

As illustrated in Fig. 2, the backbone LLM parameters are kept frozen during training, while Low-Rank
Adaptation (LoRA) modules are inserted into the attention projection layers. Specifically, LoRA adapters
are applied to the query and value projection matrices of each transformer layer, enabling task-specific
adaptation with a small number of trainable parameters. ADS-selected samples are formatted using a unified
prompt template and fed into the model during supervised fine-tuning. Model parameters are updated by
minimizing the cross-entropy loss between predicted labels and ground-truth anomaly annotations. This
design decouples data selection from model architecture while ensuring that performance gains arise from
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parameter-level optimization rather than prompt engineering. By integrating ADS with LoRA-based fine-
tuning, the framework achieves efficient adaptation under low-resource settings, balancing training cost and
detection performance.
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Figure 2: Fine-tuning architecture with ADS.

4 Experiments
4.1 Dataset and Baseline Models

Although several publicly available benchmark datasets exist for content safety, they often fall short
of meeting the needs of anomalous text detection in terms of semantic complexity, multimodality, and
linguistic diversity. To address this, we construct a new multi-source hybrid anomalous text dataset as
the foundational corpus for instruction fine-tuning. The dataset is a hybrid of publicly available sources
and curated subsets. All sources comply with their original licenses and are used for research purposes
only. Potential biases toward commonly reported anomaly types remain, and results should be interpreted
accordingly. This dataset integrates anomalous texts from both Chinese and English sources, covering a wide
range of categories, including but not limited to: Sexually Explicit Information, Bias and Discrimination,
Illegal and Harmful Content, Violence and Harassment, Adversarial or Obfuscated Content. Each data
instance is organized as a structured triplet consisting of: Text (the original input), Label (binary classification
€ {0,1}), Type (the specific anomaly category).

Table 2 reports the distribution of anomalous text categories in the constructed dataset. Each instance
is annotated with a binary anomaly label as well as a fine-grained anomaly type. The dataset integrates
samples from multiple public sources and covers both Chinese and English texts, enabling evaluation under
multilingual and semantically diverse settings. As shown in Table 2, the dataset exhibits a balanced yet
realistic distribution across different anomaly categories, including both high-frequency and long-tail types.
Approximately 34.1% of the samples are in English and 65.9% in Chinese, with an average text length 0f109.39
tokens. This diversity reflects real-world content safety scenarios, where anomalous texts vary significantly
in form, intent, and linguistic structure. The dataset is split into training, validation, and test sets with a
ratio of 8:1:1. All splits are stratified by anomaly category and language to preserve distributional balance.
Near-duplicate samples across splits are removed using embedding-based similarity filtering to prevent
data leakage.
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Table 2: Statistical overview of the multi-source hybrid anomalous text dataset.

Type Number of Samples
Adversarial or Obfuscated Content 25,574
Bias and Discrimination 10,703
Hate Speech 17,430
Illegal and Harmful Content 19,983

Sexually Explicit Information 7137

Violence and Harassment 25,726
Total 106,553

Compared to existing datasets with single-label or monolingual structures, our dataset provides higher
semantic complexity and broader language coverage, thereby offering a more challenging and realistic
environment for LLM training and evaluation. For the model setup, we selected the following three
pre-trained language models as experimental baselines:

o LLaMA-3-8B-Instruct: An open-source multilingual instruction-tuned model, representative of current
mainstream Instruct-tuning architectures.

«  Qwen2.5-7B: A bilingual (Chinese-English) model with strong capabilities in Chinese language under-
standing and instruction following.

o Qwen2ForSequenceClassification: A customized version of Qwen with its architecture adapted to a
sequence classification head.

All models were guided via standardized prompt templates and configured to output binary classifi-
cation results (anomalous/non-anomalous). Evaluation metrics include Precision (P), Recall (R), Macro-F1
score, and Accuracy.

4.2 Overall Binary Classification Results and Analysis

The overall binary classification results are presented in Table 2. All models trained on 1000 samples
selected via the ADS method achieved significantly better performance compared to both baseline models
and models trained on randomly selected data of the same size. This confirms that the ADS strategy enhances
model generalization while reducing data redundancy. We emphasize that ADS is designed for parameter-
level fine-tuning rather than prompt-only inference. All reported results (except prompt-only baselines)
are obtained by updating model parameters via supervised fine-tuning on ADS-selected datasets. Prompt
templates are used solely to standardize input-output formatting and do not constitute the primary source
of performance gains.

Table 3 clearly demonstrates the effectiveness of the ADS data selection method: Across all model
architectures, using only 1000 ADS-selected samples yields better results than training from scratch or using
1000 random samples. Among all combinations, the LLaMA-3-8B-Instruct model trained with ADS data
achieved the best overall performance. These results validate that ADS can dramatically reduce training
costs while improving performance by selecting high-value, diverse, and informative training samples. This
approach is especially valuable in low-resource or time-constrained deployment scenarios.
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Table 3: Overall binary classification performance.

Method Accuracy F1 Precision (P) Recall (R)
Llama-3-8B-Instruct + prompt 0.58 0.53 0.53 0.53
Llama-3-8B-Instruct + ADSdata 0.93 0.92 0.90 0.93
Llama-3-8B-Instruct + randomdata 0.83 0.80 0.79 0.81
Qwen2.5-7B + prompt 0.78 0.75 0.72 0.78
Qwen2.5-7B + ADSdata 0.92 0.88 0.89 0.91
Qwen2.5-7B + randomdata 0.76 0.71 0.70 0.73
Qwen2ForSequenceClassification + ADSdata 0.90 0.87 0.87 0.89
Qwen2ForSequenceClassification + randomdata 0.81 0.69 0.68 0.70

4.3 Ablation Study

To validate the individual contributions of each component in the ADS method, we conducted a series
of ablation experiments. These included: the full ADS method (diversity and coverage-based clustering +
model uncertainty-based filtering), using only diversity and coverage filtering, using only model uncertainty
filtering, and random sampling as a baseline. We also evaluated combinations of two criteria: diversity +
coverage, diversity + entropy, and coverage + entropy. The goal was to analyze how each selection strategy
and its combinations impact anomaly detection performance. In addition, we examined the influence of
different training data volumes (500, 1000, 5000, and the full dataset) on the effectiveness of ADS.

4.3.1 Results and Analysis

As shown in Table 4, the complete ADS strategy outperforms all other ablation variants across every
evaluation metric. This confirms that simultaneously considering diversity, coverage, and model uncertainty
leads to the best performance. While individual selection strategies offer some improvement over baseline,
none match the effectiveness of the full ADS method. Interestingly, the random sampling group generally
outperforms the single-factor strategies, suggesting that relying solely on one selection dimension can result
in biased or incomplete data, whereas randomly sampled data, although more balanced, still lack the task
alignment and efficiency of targeted filtering. Among the combination strategies, the coverage + entropy
group performs best, achieving significant improvements in Precision, Recall, Macro Fl1, and Accuracy. This
highlights a strong synergy between data representativeness and uncertainty-driven learning. Specifically,
coverage ensures a balanced distribution across the data space, while entropy directs the model’s attention to
ambiguous decision boundaries, together enabling finer-grained anomaly detection. These findings indicate
that coverage and uncertainty are the primary drivers of performance gains in the ADS tri-strategy setup.

Further analysis shows that the three filtering dimensions contribute in distinct ways: diversity and
coverage improve generalization and breadth of anomaly types covered, whereas entropy strengthens
sensitivity to ambiguous or uncertain cases. Their combination supports both efficient data space exploration
and fine-grained boundary modeling, maximizing data utility.

>«

In conclusion, these experiments validate the necessity and effectiveness of ADS’s “three-dimensional
co-optimization” design. Compared to any two-factor combinations, integrating diversity, coverage, and
uncertainty offers better alignment with both model training objectives and task-specific challenges. This is
especially critical for anomaly detection, which often involves semantic ambiguity, sparse distributions, and
concept drift. Building a data selection mechanism that is both task-aware and model-guided is essential for
efficient LLM fine-tuning and robust performance enhancement.
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Table 4: Ablation study results.

Method Accuracy F1 Precision (P) Recall (R)

ADS (Full Strategy) 0.90 0.93 0.92 0.93
Diversity Only 0.77 0.82 0.78 0.82
Coverage Only 0.76 0.82 0.78 0.82
Entropy Only 0.77 0.82 0.79 0.82
Random Sampling 0.79 0.83 0.80 0.83
Diversity + Coverage 0.80 0.85 0.82 0.85
Diversity + Entropy 0.83 0.88 0.85 0.87
Coverage + Entropy 0.87 0.91 0.88 0.90

4.3.2 Impact of Training Data Volume on Performance

This section investigates how different training data volumes affect the performance of the ADS method.
Under consistent LLM conditions, we trained the model using 500, 1000, and 5000 samples, respectively, and
observed changes in performance.

From the results, we can see that increasing the training set size from 500 to 1000 leads to a significant
performance boost. However, further increasing the data size to 5000 results in only marginal improvements,
indicating that the ADS method is capable of achieving effective training even with relatively small, high-
quality datasets, without the need for large-scale data collections.

An interesting observation in Table 5 is that fine-tuning with the full dataset of approximately 80,000
samples yields worse performance than using a carefully selected subset of only 1000 samples. While this
phenomenon may appear counterintuitive, it is consistent with known challenges in anomaly detection
and instruction tuning. First, large-scale anomalous text datasets constructed from heterogeneous sources
inevitably contain semantic redundancy, where many samples convey near-duplicate patterns with a limited
incremental learning signal. Such redundancy can bias the optimization process toward dominant or
frequent anomaly patterns, reducing sensitivity to informative boundary cases. Second, label noise and
annotation inconsistency accumulate with dataset scale, particularly in content-safety scenarios involving
subjective categories. When used indiscriminately for fine-tuning, noisy labels can distort the decision
boundary and degrade generalization, especially under parameter-efficient adaptation such as LoRA. From
an optimization perspective, fine-tuning on a large but noisy and redundant dataset may amplify gradient
variance and induce overfitting to spurious correlations. In contrast, ADS explicitly prioritizes samples that
are diverse, semantically representative, and uncertain under the current model state, effectively filtering
out low-information or misleading instances. These results support the emerging “less-is-more” paradigm
in efficient LLM adaptation: for specialized detection tasks, a small set of high-quality, high-information
samples can yield better generalization than a much larger but uncurated corpus.

4.4 Summary

This paper introduces a novel Adaptive Data Selection (ADS) method for instruction fine-tuning in
anomalous text detection. By jointly leveraging data diversity, semantic coverage, and model prediction
uncertainty, ADS dynamically identifies the most informative instruction samples from large-scale datasets.
This enables models to achieve superior detection performance while using significantly fewer training sam-
ples. Our experiments demonstrate the effectiveness of ADS: data selected by ADS consistently outperforms
random sampling in enhancing LLM performance on anomalous text detection tasks. Moreover, combining
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diversity, coverage, and uncertainty yields better results than relying on any single criterion alone. ADS also
reduces redundant data, achieving strong performance even with smaller datasets.

Table 5: Performance under different training data volumes.

Training Data Volume Precision (P) Recall (R) Macro F1 Accuracy
500 0.79 0.83 0.80 0.84
1000 0.90 0.93 0.92 0.93
5000 0.88 0.92 0.89 0.91
80,000 (full) 0.77 0.82 0.78 0.82

For future work, we plan to: Integrate self-supervised learning techniques to further improve selection
precision. Evaluate the scalability and adaptability of ADS across LLMs of varying sizes. Explore broader
applications such as scam message detection, misinformation identification, and other real-world anomaly
detection scenarios. In this work, adaptivity refers to model-aware data valuation rather than epoch-
level online re-sampling. ADS prioritizes samples with high uncertainty relative to the pretrained or
partially adapted model, aligning dataset selection with the model’s current capabilities. While the current
study focuses on a single-round instantiation for clarity and stability, the framework naturally extends to
multi-round or streaming settings, which we leave for future exploration.

In conclusion, ADS provides an efficient data selection framework for fine-tuning large language
models, significantly reducing training costs while maintaining strong performance. Future efforts will aim
to broaden ADS’s applicability through self-supervised methods, evaluate its generalization on larger LLMs,
and apply it across diverse anomalous text detection tasks.
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Appendix A Hyperparameters and Dataset Details

Table Al summarizes the key hyperparameters and design choices of ADS. All parameters are empiri-
cally fixed across experiments unless otherwise stated. ADS is instantiated in a single-round offline setting,
where data selection is performed once before fine-tuning to isolate the effect of adaptive data valuation.
Implementation Details of ADS. All samples are encoded using the Qwen2.5 model for semantic clustering
and coverage estimation. The embedding model is kept fixed to decouple representation learning from data
selection. The number of clusters K scales with \/@ , and a fixed top-n samples are selected per cluster to
ensure balanced semantic coverage. The candidate pool size is maintained at approximately 2-3x the final
training budget.

Table Al: Hyperparameter settings of ADS.

Parameter Meaning Value/Strategy
K Semantic clusters \/ﬁ (proportional)
n Samples per cluster Fixed ratio, yielding candidate pool ~ 2-3x budget
o Density bandwidth Mean intra-cluster distance
B Entropy ratio Linearly decayed from 30% to 10%
Update Re-selection Single oftline round

All experiments use identical fine-tuning configurations to ensure fair comparison. Reported results
are averaged over three random seeds unless otherwise specified. Table A2 shows the dataset details,
and Table A3 lists the fine-tuning settings.

Table A2: Dataset details.

Type Lang. Label Num.

. Zh 01 18,005/1995
Adversarial/Obfuscated En o/l 4827/747
Bias and Discrimination En 01 9507/1196

Hate Speech Zh 0/1 9946/7484
Illegal/Harmful En 0/1 19,277/706
Sexually Explicit Zh 0/1 4112/3025

Violence/Harassment Zh 0/1 13,003/12,723

Total 106,553
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Table A3: Fine-tuning configuration.
Item Setting
Optimizer AdamW
Learning rate 2x107°
Batch size 8
Epochs 3
Warmup 5%
Weight decay 0.01
Max length 512
PEFT LoRA (r =8, a = 16)
Seeds {42, 43,44}
Hardware RTX 5090 32 GB
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