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With the rapid development of large language models, the text generated by
artificial intelligence (Al) is increasingly approaching the human level in terms of fluency,
coherence and factuality. It brings unprecedented challenges to many fields such as
information security and academic integrity. Therefore, the research on Al-generated text
detection technology has become crucial. In recent years, detection methods based on pre-
trained language models have shown significant advantages and become a research hotspot
in this field. This paper reviews the representative research progress on the performance
optimization of Bidirectional Encoder Representations from Transformers (BERT) model in
the field of Al-generated text detection in recent years. It also discusses the limitations of the
current BERT detection model, and looks forward to future research directions. Research
analysis shows that the detection performance and robustness of BERT model in cross-
domain and Al generation model can be significantly improved by using optimization
strategies such as feature fusion and adversarial training. These results provide a valuable
reference for the further development of Al-generated text detection technology.
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The breakthrough of Al-generated content technology, especially the wide application of large
language models represented by GPT series, ChatGPT, Gemini, etc., has greatly improved the
quality and diversity of machine-generated text [1]. These models can generate news, comments,
academic abstracts and even programming codes that are almost fake. Although this has brought
improvement in production efficiency, it has also caused a series of serious social problems such as
the spread of false information, academic misconduct, and online fraud [2]. Therefore, the
development of mature Al-generated text detection technology is of great practical significance for
maintaining a clear cyberspace, ensuring academic integrity, and building a credible Al ecosystem.
To cope with this challenge, researchers have turned their attention to the pre-trained Transformer
model represented by Bidirectional Encoder Representations from Transformers (BERT) [3].
Through self-supervised pre-training on large-scale corpus, BERT provides new possibilities for
human-computer text discrimination due to its powerful contextual semantic understanding ability
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[4]. Current research progress shows that detection models based on BERT and its variants have
achieved leading performance in multiple benchmarks.

This paper adopts the research method of literature review to systematically sort out and deeply
analyze the technical route and optimization strategy of BERT-based detection models. By
summarizing the advantages and disadvantages of the existing optimization schemes, this paper puts
forward predictions and prospects for the development of general and robust next generation Al text
detection technology in the future. It provides technical reference and framework for subsequent
researchers to develop more powerful detector models, and

The fundamental reason for detecting Al-generated text lies in the fact that there are subtle yet
identifiable differences in statistical features and language patterns between machine-generated text
and human-written text. Human writing is usually more creative, emotionally volatile, and logically
occasionally inconsistent, while machine-generated text may exhibit abnormal smoothness, specific
word distribution bias, and excessive regularity in certain grammatical structures [4]. It is based on
these assumptions that traditional detection methods capture differences by hand-engineered
features, such as perplexity, word frequency distribution (e.g., Boers' law), grammatical error rate,
etc. However, when these features are faced with large and carefully tuned language models, the
discrimination becomes very fuzzy.

Compared with traditional methods, end-to-end methods based on deep learning, especially
BERT-based models, are able to automatically learn high-level, abstract feature representations from
raw text without relying on tedious feature engineering. Through its multi-layer Transformer
encoder structure, BERT is able to understand the meaning of each word in both directions in the
context. To capture the text more effectively long-range dependence and complex semantic model
[3]. This ability allows it to identify "deep fingerprints" of subtle deficits in semantic consistency,
anaphora resolution, and commonsense reasoning in machine text.

Following BERT, a number of enhanced pre-trained models were put out and used for detecting
tasks, establishing the current standard research techniques. For example, RoBERTa further
improves the semantic understanding ability of the model by removing the next sentence prediction
task and using larger batches and more data for training [5]. DeBERTa, on the other hand, introduces
a decoupled attention mechanism and an enhanced mask decoder, which outperforms BERT on
multiple natural language understanding tasks [6]. These models obtain strong language priors by
pre-training on general corpus, and then adapt them into efficient binary classification detectors by
supervised fine-tuning on a specific human-machine text pair dataset.

In long text processing, the piecewise fine-tuning strategy can be used to cope with BERT's 512-
word input limit, and the DocBERT model is derived from it. In the specific implementation, the
long text is divided into multiple sub-segments according to an natural paragraph or a fixed length
(such as 512 words), and each sub-segment is independently input into the BERT model to obtain
the hidden state vector of [CLS] token [7]. Then, the features of each sub-segment are aggregated
through the attention pooling mechanism. This aggregation layer dynamically assigns the
importance of different sub-segments based on learnable weight parameters, and finally fuses global
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semantic information to generate the document-level representation. This design is verified to be
effective in the Reuters-21578 multi-label classification task. Compared with the traditional sliding
window method, it reduces the amount of calculation by about 40% while maintaining the
classification accuracy. Figure 1 shows the comparative performance curve of the knowledge
distillation compression model KD-LSTMreg and BERTbase/BERTlarge.
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Figure 1. Effectiveness of KD-LSTMreg vs. BERTbase and BERTlarge [7]

Second, the most commonly used fine-tuning objective is the cross-entropy loss function. In
order to improve the robustness and generalization ability of the model, researchers have introduced
a variety of advanced training strategies. For example, adversarial training methods can significantly
improve the resistance of the model to slight rewriting and adversarial attacks. This is achieved by
introducing small perturbations to the input embedding layer and allowing the model train on both
adversarial samples and original samples [8]. A contrastive learning method constructs positive and
negative sample pairs. This allows the model to learn that the similarity between human texts and Al
texts is greater than that between human-computer texts, thereby enhancing the discrimination of the
feature space [9]. Moreover, the detection task can be jointly trained with auxiliary tasks, such as
text genre classification and sentiment analysis. This forces the model to learn more generalized
feature representations and prevents it from overfitting to the specific biases of the training data.

3.2. Datasets

BERT models rely on reliable datasets to train and evaluate Al-generated text detection models.
Researchers can use commonly used datasets to train BERT models on Al text detection. The HC3
dataset is a large-scale bilingual Chinese and English dataset. It contains the answers of human
experts and ChatGPT to the same series of questions. This database is an important benchmark for
evaluating the ability of models to detect ChatGPT's generated text [10]. The GPT-2 Output dataset,
published by Radford et al., includes news articles generated by GPT-2 models of different scales
and written by humans. It is a widely used benchmark in early studies [1]. The TURINGBench
dataset is a comprehensive benchmark containing text generated from multiple models (e.g., GPT-2,
GPT-3, Grover) in different domains, which facilitates the system to evaluate the generalization
ability of detectors [11]. The M4 dataset is a large-scale multilingual detection dataset covering 10
languages. It is created by a variety of text generation models and is crucial for research on cross-
language detection [12]. Other notable datasets include the GLUE dataset [3].

3.3. Model limitations and improvements

The BERT model also has limitations. Relying solely on the semantic features of BERT is not
enough to capture all the differences. The reason is that the computational cost is high, and the fine-
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tuning and inference of large BERT models require a lot of computing resources, which makes it
difficult to deploy in edge devices or scenarios that require real-time detection. The performance
comparison between DistilBERT and BERT is shown in Table 1 [13]. Secondly, the upper limit of
BERT model ability is limited by pre-training, and its own semantic space is not optimal for
modeling human-computer text differences. BERT is also very vulnerable to adversarial attacks, and
many BERT-based detectors can be bypassed by slight perturbations such as simple word
substitution and sentence pattern reconstruction on Al-generated text [14]. Finally, the detectors
trained for one dataset or for a certain type of generative model have insufficient generalization
ability, and their performance deteriorates seriously when applied to other fields or new large
models.

Table 1. Comparison results of the development set in the GLUE benchmark test [13]

Model Score  CoLA  MNLI MRPC QNLI QQP RTE  SST-2 STS-B WNLI

ELMo 68.7 441 68.6 76.6 71.1 86.2 534 91.5 70.4 56.3
BERT-base 79.5 56.3 86.7 88.6 91.8 89.6 693 92.7 89.0 53.5
DistilBERT 77.0 51.3 82.2 87.5 89.2 88.5 599 91.3 86.9 56.3

Furthermore, optimizing model training paradigm is also a key way to improve generalization
ability. It is an effective strategy to learn text source features through multi-class pre-training. For
example, instead of adopting a simple human-machine binary classification, Zellers et al. trained
models to distinguish whether text came from a human or a specific multiple generative model (e.g.
GPT-2, Grover, etc.) [15]. This training method forces the model to learn more general and essential
machine text features instead of memorizing model-specific biases, which significantly improves the
zero-shot and few-shot detection ability of the model when facing unknown generative models.

Another important method, is improving the model architecture and training objective. For
example, in the M4 benchmark model, by using the contrastive learning framework, the model can
effectively learn the "source" features of the text by narrowing the representation of the same source
text and moving the representation of the different source text far away, thus significantly improving
its zero-shot and few-shot detection ability in the face of unknown generative models [12].

The GLTR tool developed by Gehrmann et al. is a classic detection case of fusing shallow statistical
features. Although it is not directly fine-tuning BERT, its idea has profoundly influenced the
subsequent optimization direction [4]. This tool analyzes the probability rank of each word in the
text in the prediction results of large language models (such as GPT-2), and visualizes it to assist
human judgment. The statistical features revealed by GLTR, such as the distribution of word units in
the Top-1, Top-10, and Top-100 intervals, provide strong discriminative clues for distinguishing
human-computer texts.

Inspired by this, subsequent studies have extensively explored the fusion strategy of concatenate
the statistical features provided by GLTR with the [CLS] semantic representation vector of BERT
and other models, and then input it into the classifier. The essence of this optimization strategy is the
complementarity and fusion of shallow statistical features and deep semantic features. BERT excels
at understanding contextual semantics and logical consistency, while GLTR features directly expose
the statistical bias of the generative model in word-level selection. Multiple studies have proved that
this kind of fusion model usually has significantly better F1 score and AUC value than a single
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model when detecting texts generated by GPT-2, Grover and other models. In particular, when
facing slightly rewritten adversarial texts, it can show stronger robustness.

5. Conclusion

This paper systematically reviews the research on the performance optimization of BERT model in
Al-generated text detection. In general, the pre-trained Transformer model represented by BERT
shows an overwhelming advantage over traditional methods on this task due to its deep context
understanding ability, and has become the current mainstream technology route. By adopting
advanced fine-tuning strategies, constructing large-scale and diverse datasets, and implementing
various feature and architecture optimization schemes, researchers continue to push the boundaries
of detection performance.

However, this article also has some limitations, such as the limited number of literatures covered,
not exhaustive research, and insufficient discussion depth for some emerging optimization
techniques (e.g., reinforcement learning-based optimization). These are also directions that can be
supplemented and improved by future research.

Looking ahead, Al-generated text detection is an ongoing technological game. Relying solely on
the passive upgrade of BERT model is difficult to achieve a decisive victory. Future development
will rely on cross-domain integration and innovation, including the design of more robust model
architectures, the construction of dynamic evolution of the evaluation system, and the in-depth
exploration of the essence of human-computer text differences. Only through the continuous joint
efforts of academia and industry can we jointly maintain the authenticity and security of digital
information.
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