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Abstract: This study introduces LMAT-ND (Llama-7B Enhanced Meta-Attention Transformer for
News Detection) to distinguish AI-generated from human-authored news by integrating a Meta-
Attention Mechanism and Dynamic Multi-Head Attention to capture linguistic distinctions, alongside
a Dual-Classification Layer for optimized classification. LMAT-ND leverages Meta-Attention to dy-
namically adjust attention distribution, enhancing context-aware feature extraction, while the Dynamic
Multi-Head Attention refines classification by emphasizing context-sensitive features. Additionally,
the Dual-Classification Layer employs a two-stage strategy, integrating semantic and linguistic details
to improve predictions. Experiments demonstrate that LMAT-ND outperforms GPT-3 and Llama-7B
in accuracy, recall, and F1-score, with ablation studies confirming the Meta-Attention Mechanism
and Dual-Classification Layer’s impact. Performance remains strong across COCO and FakeImage
datasets, validating its effectiveness in AI-generated content detection. Future work will focus on refin-
ing borderline case handling and extending applicability to broader AI-generated content detection
tasks, further enhancing adaptability and robustness.

Keywords: AI-generated content; news detection; Meta-Attention; Dynamic Multi-Head Attention;
Llama-7B

1. Introduction
With the rapid advancement of large language models (LLMs), AI-generated news has become

increasingly sophisticated, closely mimicking human writing. While this progress offers numerous
applications, it also raises concerns regarding misinformation, authenticity, and trust in digital content.
Existing detection methods struggle to distinguish AI-generated news from human-written articles
due to their inability to capture subtle linguistic and contextual variations introduced by advanced AI
models. This challenge underscores the need for more effective and robust detection approaches.

To address this issue, we propose LMAT-ND (Llama-7B Enhanced Meta-Attention Transformer
for News Detection), a novel architecture designed to enhance AI-generated news identification.
LMAT-ND incorporates a Meta-Attention Mechanism, dynamically adjusting attention distribution to
improve sensitivity to AI-generated content. Additionally, a Dynamic Multi-Head Attention module
focuses on context-sensitive features, refining classification accuracy. To further optimize performance,
a Dual-Classification Layer employs a two-stage classification strategy, capturing both semantic
nuances and structural differences in text.

Experimental results demonstrate that LMAT-ND significantly outperforms baseline models,
including GPT-3 and standard Llama-7B, in terms of accuracy, recall, and F1 score. Ablation studies
confirm the critical role of the meta-attention mechanism and the dual-classification layer in enhanc-
ing detection performance. Furthermore, LMAT-ND achieves state-of-the-art results on benchmark
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datasets such as COCO and FakeImage, showcasing its robustness and effectiveness in AI-generated
content detection.

Future work will focus on enhancing detection of edge cases and extending the model’s applicabil-
ity to broader AI-generated content detection tasks, aiming to improve generalization and real-world
resilience.

2. Related Work
AI-generated content detection has gained attention in recent years, with various approaches

explored to distinguish between human and machine-generated text. A major challenge is the language
generation ability of AI models like GPT-3 and Llama-7B, which can produce realistic and contextually
relevant text. Traditional detection methods, which rely on linguistic features such as sentence structure,
syntax, and word frequency, have limitations when dealing with the advanced capabilities of modern
AI models [1].

Some studies have used multi-stage classification systems, where the first stage extracts key
features using simple models, and the second stage refines the classification with more complex
characteristics of the text [2]. These methods have shown promising results in improving detection
accuracy by combining both semantic and syntactic analyses. Other approaches combine AI content
analysis with external tools like image and media verification models [3], showing the multidisciplinary
approach to media integrity. Sun et al.[4] propose a relation classification method using coarse- and fine-
grained networks with SDP-supervised key word selection and opposite loss, achieving state-of-the-art
performance on SemEval-2010 Task 8.

Recent studies, such as the work by Jin [5], have introduced integrated machine learning ap-
proaches to predict risks and anomalies in complex environments, directly influencing detection
systems for content authenticity verification.Li, S.[6] This study enhances LLMs’ mathematical rea-
soning by integrating Tool-Integrated Reasoning and Python execution, improving accuracy through
a two-stage fine-tuning of DeepSeekMath-Base 7B. Similarly, attention-based models have been pro-
posed for optimizing supply chains and inventory management, highlighting the potential for using
similar techniques in AI-generated content detection [7]. The work of Abdulrahman and Baykara [8]
has laid the foundation for applying machine learning and deep learning algorithms to detect fake
news, relevant to distinguishing AI-generated content from human-written articles.

3. Methodology
With the rise of AI-generated content, distinguishing between human-written and AI-generated

news has become a critical task to prevent the spread of misinformation. In this paper, we introduce a
novel architecture called Llama-7B Enhanced Meta-Attention Transformer for News Detection (LMAT-
ND). Our model leverages the Llama-7B transformer-based architecture and introduces an innovative
Meta-Attention Mechanism to adaptively focus on distinctive linguistic features that differentiate
AI-generated content from human-written articles. The framework includes a Dual-Classification
Layer to further refine the distinction between the two types of content. Additionally, the model utilizes
Dynamic Multi-Head Attention to focus on context-sensitive features, thus improving classification
accuracy. Extensive experiments demonstrate that LMAT-ND outperforms existing state-of-the-art
models, achieving superior accuracy, precision, recall, and F1-score, thereby contributing to the field of
AI-generated content detection. The pipline of approach is shown in Figure 1.
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Figure 1. The Llama-7B Enhanced Meta-Attention Transformer for News Detection.

3.1. Llama-7B Model Architecture

The core of LMAT-ND is the Llama-7B model, a large-scale transformer that utilizes self-attention
layers to capture relationships between tokens in the input text. The model consists of L transformer
layers, each having a multi-head self-attention mechanism and a position-wise feed-forward network.
The input text is first tokenized and embedded into a continuous space, producing an initial embedding
matrix X ∈ RN×d, where N is the number of tokens and d is the embedding dimension.

The self-attention mechanism in the Llama model computes the attention matrix A using the
following equation:

A = Softmax
(

QKT
√

dk

)
(1)

where Q ∈ RN×dk is the query matrix, K ∈ RN×dk is the key matrix, and dk is the dimension of the keys.
The attention scores A are used to weight the value matrix V, yielding the output of the self-attention
mechanism O:

O = AV (2)

This output O serves as the input to the subsequent feed-forward network.

3.2. Meta-Attention Mechanism

A key innovation of LMAT-ND is the Meta-Attention Mechanism, which enhances the model’s
ability to dynamically adjust its attention weights based on the characteristics of AI-generated con-
tent. Unlike traditional self-attention, the meta-attention mechanism considers both local and global
contextual features to fine-tune attention distribution.

The meta-attention matrix Ameta is derived by applying a transformation to the original attention
matrix A using an additional contextual adjustment term C:

Ameta = Meta-Attn(A, C) (3)

where C represents a context-aware transformation that adjusts the attention weights dynamically
depending on whether the input is more likely to be AI-generated or human-written content. This
term is learned during training, allowing the model to adapt to the distinct linguistic features of both
types of content.

3.3. Dynamic Multi-Head Attention

The next layer in the LMAT-ND architecture is the Dynamic Multi-Head Attention mechanism. In
contrast to traditional multi-head attention, dynamic attention allows the model to adjust its focus on
different aspects of the input text, which is especially useful for distinguishing between AI-generated
and human-written text.
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The multi-head attention is computed by concatenating the outputs of multiple attention heads
Hi and passing them through a learned weight matrix WO:

H = Concat(H1, H2, . . . , Hh)W
O (4)

where h is the number of attention heads, and each Hi is calculated using the standard attention
mechanism. The final multi-head attention output H is passed through a position-wise feed-forward
network to capture higher-level abstractions of the input.

3.4. Dual-Classification Layer

The Dual-Classification Layer performs the critical task of distinguishing between AI-generated
and human-written news articles. The input to this layer is the output H from the previous attention
layers. The dual-class classification consists of two classifiers: one that classifies the input as either
AI-generated or human-written and another that refines the prediction based on subtle linguistic cues.
The pipline of approach is shown in Figure 2.

Figure 2. The Dual-Classification Layer piplime.

The first classifier outputs the probability of the input being AI-generated:

ŷ1 = Softmax(W1 · H + b1) (5)

where ŷ1 is the predicted probability, and W1 and b1 are the weight matrix and bias term of the first
classifier.

The second classifier provides a secondary prediction to refine the output using pretrain text bert
model, ensuring better accuracy in distinguishing between the two classes:

ŷ2 = Softmax(W2 · H + b2) (6)

where ŷ2 is the secondary classification output.

3.5. Loss Function

The loss function for training the LMAT-ND model combines the binary cross-entropy loss and a
regularization term. The binary cross-entropy loss is calculated as:

LBCE = − 1
N

N

∑
i=1

[yi log(ŷi) + (1 − yi) log(1 − ŷi)] (7)

where yi and ŷi are the true and predicted labels, respectively, and N is the number of samples.
Additionally, we include a regularization term to prevent overfitting:

Lreg = λ
M

∑
j=1

∥Wj∥2 (8)

where λ is the regularization coefficient, and Wj represents the weight matrices.
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Thus, the total loss function Ltotal is the sum of the binary cross-entropy loss and the regularization
term:

Ltotal = LBCE + Lreg (9)

3.6. Data Preprocessing

Before training the LMAT-ND model, we apply a comprehensive data preprocessing pipeline
to ensure the input data is clean, normalized, and in the correct format for effective model training.
This preprocessing stage is essential for eliminating noise and standardizing inputs, allowing the
model to focus on the relevant features that differentiate AI-generated and human-written content.
The preprocessing steps are divided into two main tasks:

3.6.1. Text Normalization and Tokenization

The first step in preprocessing is text normalization, which involves transforming the raw input
text into a standardized format. This includes lowercasing all text, removing special characters (such as
punctuation marks), and eliminating redundant spaces. Furthermore, we replace any non-alphabetic
characters with a placeholder token to preserve the integrity of the text’s structure while removing
noise. This normalization ensures that irrelevant variations in the text, such as capitalization or
punctuation, do not affect the model’s learning process.

Following normalization, we apply tokenization to convert the cleaned text into a sequence of
tokens. This step is performed using a tokenizer specific to the Llama-7B model, which breaks the text
into subword units. Tokenization is essential because transformer models, such as Llama-7B, operate
on token sequences rather than raw text. After tokenization, we encode the tokens into embeddings,
ensuring that the text is in a format compatible with the Llama-7B architecture for efficient processing.

3.6.2. Content Filtering and Labeling

In addition to tokenization, we perform content filtering to remove any irrelevant or non-news-
related text. We filter out non-news articles such as promotional content, user comments, and unrelated
blogs, as they may introduce noise into the training process. This filtering ensures that the model is
only trained on relevant content, thereby improving the focus on distinguishing between AI-generated
and human-written news articles.

After filtering, the content is labeled according to its source: AI-generated or human-written. For
labeled data, AI-generated content is typically created using large-scale language models like GPT-3 or
GPT-4, while human-written content is gathered from reputable news sources. Labeling is crucial as it
directly influences the training process and allows the model to learn the distinctive features between
the two content types. The accuracy of this labeling is critical, as incorrect labels can degrade model
performance.

4. Evaluation Metrics
The performance of the LMAT-ND model is evaluated using standard classification metrics,

including Accuracy, Precision, Recall, and F1-Score. These metrics provide a comprehensive assessment
of the model’s ability to distinguish between AI-generated and human-written news articles.

4.1. Accuracy

Accuracy measures the overall correctness of the model’s predictions and is defined as the ratio
of correctly predicted samples to the total number of samples. It can be expressed as:

Accuracy =
Number of Correct Predictions

N
(10)

where N is the total number of samples.
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4.2. Recall

Recall (or Sensitivity) measures the ability to correctly identify all relevant instances. It is the ratio
of true positives to the sum of true positives and false negatives:

Recall =
TP

TP + FN
(11)

where FN is the number of false negatives.

4.3. F1-Score

The F1-Score is the harmonic mean of precision and recall, providing a balanced measure of
model performance. It is calculated as:

F1 = 2 · Precision · Recall
Precision + Recall

(12)

4.4. ROC-AUC and Precision-Recall AUC

To further evaluate model performance, the ROC-AUC and Precision-Recall AUC are used. The
ROC-AUC measures the area under the ROC curve, while the Precision-Recall AUC measures the area
under the Precision-Recall curve.

ROC-AUC is computed as:

AUC-ROC =
∫ 1

0
TPR(FPR) dFPR (13)

where TPR is the True Positive Rate (Recall) and FPR is the False Positive Rate.
Precision-Recall AUC is calculated as:

AUC-PR =
∫ 1

0
Precision(Recall) dRecall (14)

5. Experiment Results
In this section, we present the performance evaluation of the proposed model, We first evaluate

the performance of LMAT-ND in comparison to other existing models. Table 1 shows the accuracy,
precision, recall, and F1-score of various models on the test set and the changes in model training
indicators are shown in Figure 3.

Figure 3. Model indicator change chart.

Table 1. Performance comparison of LMAT-ND with baseline models.

Model Accuracy (%) AUC Recall F1-Score
Llama-7B (baseline) 88.5 0.85 0.87 0.86

GPT-3 (baseline) 90.2 0.89 0.88 0.88
LMAT-ND (full model) 92.1 0.91 0.90 0.90

To further analyze the contribution of different components of the LMAT-ND model, we conduct
an ablation study. The results of the ablation study are presented in Table 2.
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Table 2. Ablation study results of LMAT-ND.

Model Variant Accuracy (%) AUC Recall F1-Score
LMAT-ND (full model) 92.1 0.91 0.90 0.90

LMAT-ND without Meta-Attention 89.8 0.88 0.86 0.87
LMAT-ND without Dual-Classification Layer 90.3 0.89 0.87 0.88

LMAT-ND without both Components 87.9 0.84 0.83 0.83

6. Conclusion
In this study, we proposed LMAT-ND, a novel approach for distinguishing AI-generated news

from human-written news, based on the Llama-7B model. Our extensive experiments show that
LMAT-ND outperforms several baseline models, including Llama-7B and GPT-3, in terms of accuracy,
precision, recall, and F1-score. The ablation study further demonstrates the critical role of the Meta-
Attention Mechanism and Dual-Classification Layer in enhancing the model’s performance. Although
the model performs exceptionally well, there are still challenges in handling certain edge cases that
require further investigation. Future work will focus on addressing these challenges and improving
the robustness of the model.
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