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Abstract: The proliferation of Large Language Models (LLMs) such as ChatGPT and Gemini has resulted in a
surge of Al-generated text across various domains. However, the widespread use of this technology raises concerns
regarding the generation of misinformation and malicious content. To address this challenge, we propose a novel
Al-generated Text Detection model combining Probabilistic and Semantic features (ATDPS). Our model extracts
semantic features using a pre-trained language model and combines them with probabilistic features generated by
multiple LLMs. A temporal convolutional network is employed to process sequence probabilistic features,
effectively capturing temporal characteristics within the text. To ensure data coherence and diversity, our dataset
includes text generated by a variety of LLMs, including the latest models like GPT-4. Experimental results
demonstrate ATDPS's superior performance over existing baselines in terms of accuracy, precision, recall and F1
score, highlighting its potential and effectivenessin detecting Al-generated text.
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1 Introduction

The rapid advancement of Large Language Models (LLMS)
such as PaLM, ChatGPT, and Gemini has significantly
contributed to the proliferation of Al-Generated Text (AIGT) in
various domains, as highlighted by recent studies [1], [2], [3],
[4]. These models demonstrate remarkable capabilities,
illustrating their transformative potential across a multitude of
applications, such as information extraction and sentiment
analysis [5], [6], [7]. However, the rise of AIGT has aso
sparked significant concerns regarding its potential misuse [8].
The ability of these models to generate text that is both realistic
and human-like poses serious challenges, particularly in
relation to misinformation, disinformation, and the generation
of malicious content [9], [10]. Asillustrated in Table 1, the task
of distinguishing between text produced by various LLMs and
that written by humans is often not straightforward, even for
trained experts.

Table 1 Illustrative examples of Al-generated and
human-written text samples.

Model Text
The addition of sodium chloride (1
mmol/l) did not influence their
GPT-2 growth and (b) LPS treated with salt

(40 mm) significantly (p<0.01)
induced an IC50 value of 11 nmol
TNFo/mL.

Model Text

The production of nitric oxide (NO),
prostaglandin-E (PGE2) and
prostaglandin-D-synthetase (PG-D
synthase) were measured by nitrate
reductase assay.

Theresults from ELISA
demonstrated that the highest levels
of IL-8 and ICAM-1 and the lowest
level of CXCL 10 production by LPS.

The addition of extraNaCl resulted in
significant increase of LPS-induced
nitric oxide productionin a
concentration-dependent manner as
well as of LPS-induced INF-B
production in a dose-dependent way .

GPT-J

GPT-Neo

LLaMA

NaCl had no influence on the
apoptosis and proliferation of
ARPE-19. Addition of 40 mm NaCl
significantly induced IL-6 and
MCP-1 production but had no effect
on |L-8 secretion.

Human

The 2024 U.S. presidential election serves as a pertinent
example of the potential dangers associated with AlGTH,
Reports indicate that political campaigns are increasingly
employing Al-generated content for fundraising emails and
promotional materials. Notably, the Republican National
Committee has purportedly released a video featuring
Al-generated imagery that depicts a dystopian scenario
following President Biden's re-election. Such manipulative
content not only risks exacerbating societal biases but aso

Yang Yu, IJSRM Volume 14 | ssue 09 September 2026

3053



threatens the integrity of fair competition and deepens voter
entrenchment in polarized information silos. These instances
underscore the wurgent need for developing robust
methodologies for the detection and regulation of AIGT, aimed
at mitigating its potential role in spreading misinformation and
facilitating cybercrime.

Current AIGT detection methods can be broadly classified
into black-box and white-box approaches [11]. Black-box
detection involves training classification models, such as
GPTZero [12], using a dataset comprising samples from both
human and machine-generated texts. This method identifies
generated content by analyzing various metrics, including
perplexity and burstiness [13], [14]. In contrast, white-box
detection methods have comprehensive access to the LLMs,
enabling them to track and detect generated text by
manipulating the model's output behavior or embedding
watermarks within the text. Typically developed by LLM
creators, these detectors tend to provide more accurate
identification of AIGT.

One prominent white-box detection technique leverages the
probabilistic features of language models. For instance, Wang
et al. utilize white-box models to compute the log probability of
each word within a text sequence [15]. These log probabilities
are subsequently transformed into temporal features resembling
waveforms, which are processed using Convolutional Neural
Networks (CNN) and self-attention mechanisms. The models
are then trained via a sequence labeling approach, assigning the
most frequently occurring word category to the corresponding
sentence.

Probability-based methods capitalize on a language model's
inherent capability to represent text generation [16]. By
analyzing the probability distributions of words within a text
sequence, these methods can identify discrepancies between
Al-generated and human-written texts. Specifically, perplexity
serves as a key metric in this anaysis and is mathematically
defined as the negative average of the sum of the log
probabilities of all words in the text. An inverse relationship
exists between perplexity and log probability; a model that
assigns high probability estimates to a given text will yield low
perplexity, indicating strong predictive capability.

However, as LLMs continue to evolve, the perplexity of
AIGT increasingly mirrors that of human-written texts,
complicating reliance on probability features alone for effective
text identification. Moreover, the performance of
probability-based methods can vary significantly across
different text types and styles, as specialized domains often
exhibit distinct linguistic patterns that influence the accuracy of
probability assessments [17]. Consequently, these methods
frequently struggle to achieve high accuracy when used in

isolation, necessitating their integration with additional metrics,
such as grammar error rates and contextual consistency, to
enhance detection effectiveness. These limitations suggest that
while probability-based approaches show promise, they are
insufficient to fully address the complexities and diversities
inherent in contemporary Al-generated content.

To address these challenges, we propose a novel model
caled the Al-generated Text Detection model combining
Probabilistic and Semantic features (ATDPS). This model
integrates semantic features into the detection framework and
utilizes a pre-trained language model to extract these features.
By analyzing the semantic content of the text, our model gainsa
deeper understanding of the underlying meanings, thereby
enhancing its ability to differentiate AIGT from human-written
text. Unlike traditional methods, which primarily rely on
surface features such as word frequency and sentence structure,
our approach focuses on capturing the subtle nuances and
deeper meanings inherent in the text. This capability is crucial
for identifying AIGT that closely mimics human language. By
leveraging the pre-trained language model for semantic feature
extraction, our model is better equipped to detect misleading
and deceptive content, ultimately curbing its dissemination on
social media and news platforms. This proactive measure
contributes to mitigating the negative impacts on public
perception and decision-making.

Furthermore, we employ Tempora Convolutional Networks
(TCN) [18], which excel in processing sequential data and
effectively capturing temporal features within text. Traditional
CNNs often overlook the temporal dynamics present in textual
data. In contrast, TCNs, with their specialized architecture,
adeptly model temporal dependencies and contextual
relationships. This improvement allows our model to maintain
efficient detection capabilities even when facing complex texts,
such as long articles, dialogues, and technical documents,
effectively curbing the spread of mideading Al-generated
content in these fields and protecting the authenticity and
reliability of information.

Finally, we expand the size and diversity of the training
dataset from SnifferBench [19]. The original dataset comprised
texts generated by models such as GPT-3 and LLaMA-2.
Building upon this foundation, we incorporated texts produced
by GPT-4, thereby enhancing the modd's generaization
capabilities. This expansion enables the ATDPS model to
achieve high stability and accuracy when addressing the latest
forms of AIGT. As Al technology continues to evolve rapidly,
new generations of language models are emerging, making their
outputs increasingly indistinguishable from human-written
content. By integrating texts generated by GPT-4, our model is
positioned to swiftly adapt to and identify the latest
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Al-generated content, preventing these new variants of
misinformation from causing significant harm to public
opinion, market decisions, and personal privacy.

Our contributions in this paper are as follows:

We propose the ATDPS model, which integrates both
probabilistic and semantic features. By analyzing the semantic
content, our model achieves a deeper comprehension of text
meanings, significantly improving its ability to detect AIGT.
The incorporation of semantic features enables ATDPS to
capture subtle text differences more accurately than traditional
methods, improving performance particularly in cases where
AIGT closely mimics human writing.

We introduce TCNs into the ATDPS model for encoding
temporal probabilistic features. TCNs are particularly effective
in handling sequential data, enabling the model to capture
temporal dependencies and contextual relationships within the
text. To our knowledge, we are the first to employ TCNs for
processing tempora features while simultaneously integrating
probabilistic and semantic features for AIGT detection.

The experimental results indicate that our proposed ATDPS
model outperforms existing state-of-the-art models in terms of
accuracy, precision, recall and F1 score. This advancement
underscores the effectiveness of our approach and its potential
applicability in real-world scenarios.

2 Related work

The proliferation of LLMs has dramatically enhanced their
performance across various language-related benchmarks,
culminating in their ability to generate highly convincing
textual content [20], [21], [22], [2]. A pioneer in this field, the
GROVER model, was specifically designed to generate realistic
news articles [23]. Human evaluators determined that
GROVER's output was indistinguishable from human-written
content in terms of trustworthiness when generating
propaganda text, even surpassing human-created content in
certain aspects. The trajectory of NLP suggeststhat these LLMs
will continue to evolve, posing significant challenges in terms
of authenticity and regulation [24], [25]. The prevalence of
Al-rewritten news articles has highlighted fundamental issues,
prompting a surge in research dedicated to detecting AIGT
[26].

Existing detection efforts primarily classify AIGT as a
binary classification problem, employing neural network-based
detectors [14], [27], [28], [29], [30]. OpenAl's fine-tuning of a
RoBERTa-based model [31] for GPT-2 detection exemplifies
this approach. However, this method necessitates fine-tuning
for each new LLM, hindering its scalability. Zero-shot AIGT
detection, as introduced by DetectGPT, offers a potential
solution [14], [32], [13]. Nevertheless, the reliance on neural
networks makes these methods susceptible to adversarial and

poisoning attacks [33], [34]. To address these limitations,

watermarking techniques have been proposed, embedding
specific patternsinto Al-generated text for easier detection [35],
[36]. While these watermarks are generally imperceptible to
humans, they can be exploited for detection purposes. Krishna
et al. proposed an information retrieval-based detector, which
stores LLM outputs in a database, raising serious privacy
concerns[37].

Compared to existing work such as SegXGPT, which
leverages CNNs over log-probabilities, our main innovation lies
in the integration of semantic features with probabilistic signals.
By combining token-level probability vectors with contextual
semantic embeddings, and modeling their interactions using a
Transformer, our approach enables a more comprehensive
representation of both lexical likelihood and contextual
coherence. Thisfusion strategy significantly improves detection
of Al-generated text, particularly in challenging cases where
either signal aloneisinsufficient.

3 Methodology

In this section, we first define the task of detecting AIGT. Next,
we introduce the structure of the ATDPS model. Finaly, we
provide a detailed description of the model's main modules.

3.1 Problem Definition

Given a piece of text (such as international news articles,
tweets, etc.) along with its corresponding label (indicating
whether the text was generated by a language model or written
by ahuman), the AIGT detection task aimsto predict the source
of the text. Formally, we define the problem as follows:

Input: A sequence of text sampled from various domains,
which may be either human-written or generated by a language
model.

Output: A binary classification indicating whether the input
text is human-written or Al-generated.

3.2 Modd Architecture

The architecture of the ATDPS model isillustrated in Figure
1. Within this framework, for a given text a containing B
words, first extract probability features
S=[wl,w2,...,wn] from the basic features using TCNs.
Next, we employ the pre-trained language model BERT [38] to
extract semantic features n from the text Fp=[x1,x2,...,xn].
Subsequently, the extracted probability features Fs and
semantic features S are concatenated to form a unified feature
set. These concatenated features are then processed through a
Transformer to capture additional contextual information.
Finally, the output is passed through alinear classification layer
to determine the source of the text, indicating whether it was
generated by alanguage model or written by a human.

we
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Figure 1 The architecture of the ATDPS model.

The ATDPS model comprises three key stages: (1) feature
extraction and alignment; (2) feature encoding and fusion; and
(3) linear classification. The following sections will detail each
of these stages.

3.3 Feature Extraction and Alignment

Mitchell et a. highlight that contrastive features derived
from token-wise probabilities, as well as the average per-token
log probability, are beneficia for identifying AIGT [14].
Building upon this insight, the ATDPS model selects a list of
token-level log probabilities extracted from a series of language
models as the basic features for the input text.

Specifically, let Fp represent the input text containing Fs
tokens. Given a series of language models S=[t1,t2,...,tm],
the log probability m of the 6=[01,02,...,6M]-th token
16i(ti) calculated based on the i-th language model ti can be
expressed by the following equation:

Ig,(t)) = logpe.(tiltiy),

where i denotes the probability function under the language
model 0i, and pOi(-) represents the sequence of tokens
preceding 0i. By applying these ti) language models, we can
generate a list of token-level log probabilities for each token in
the input text ti. This results in M log probability values for
each token, corresponding to the respective language models.

To mitigate the challenges posed by varying tokenization
methods and granularities across different LLMs, we devise a
token-to-word alignment strategy. This approach addresses
potential discrepancies arising from the tokenization process,
ensuring a more consistent representation of the input text. For

the input text S comprising M words, ATDPS aligns
token-level probabilistic features to their corresponding general
words. In instances where a word S is aligned to multiple
tokens within n, ATDPS averages the log probabilities of these
tokens to provide a comprehensive representation. Conversely,
if atoken aigns to multiple words, the same value is assigned
to each of these words. This alignment process enables the
extraction of word-level log probabilities w from the original
token-level log probabilities S. By concatenating these
word-level log probability lists, we construct the basic feature
set 10i(w). The basic feature vector 10i(t) of the
L=[I1,12,...,In]-th word li is represented as:

li= g, (w;), lg,(w)), ... ., I, (wi)].

To obtain these basic features, we employ a suite of
white-box language models, including GPT-2, GPT-3,
GPT-Neo, GPT-J, and LLaMA-2. These models provide
diverse perspectives and enhance the robustness of the
probability feature extraction process.

To address the limitations of probability-based features in
capturing the nuances of contextual meaning, we incorporate
semantic features derived from the BERT model. By leveraging
left and right contextual information, BERT is adept at
understanding the meaning of words and their relationships
within a given text. For the input text i, the BERT encoder
computes attention weights for each token wi using the
following eguation:

Attention(t;) = softmax(%) Vv,

where S represents the query vector for the ti-th token Qi, i
is the key matrix for al tokens, ti is the value matrix for al
tokens, and K is the dimension of the key used for scaling. The
BERT encoder subsequently generates a contextual
representation for each word in the input text V. Typicaly, the
hidden state of the final layer is employed as the semantic
feature dk:

Fs = BERT(S)

In our implementation, the BERT embeddings used for
extracting semantic features are finetuned during the
supervised training process. This allows the model to adapt the
semantic representations to the AIGT detection task, rather than
relying solely on static, pre-trained representations.

3.4 Feature Encoding and Fusion

The unique nature of our basic features, consisting of lists of
word-level probability features, precludes the direct application

of existing pre-trained models. To effectively address AIGT
detection, it is necessary to design a novel model architecture
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that is capable of performing sequence labeling based on these
specialized features. The word-level probability lists extracted
from different LLMs for the same sentence may exhibit
variations due to disparities in parameter scales, training data,
and other factors. We propose interpreting these lists as features
that reflect a model's understanding of semantic and syntactic
structures. More complex models, capable of learning intricate
language patterns and syntactic structures, are likely to generate
higher probability scores. Additionally, the actual probability
lists may be subject to uncertainty arising from sampling
randomness and other factors.

Considering these properties, we draw an analogy between
the temporal nature of probability lists and the wave-like nature
of speech signals. Inspired by the successes of TCNs in speech
processing, we have chosen to employ a TCN architecture for
encoding the sequential patterns in basic features. TCNs are
well-suited for handling sequential data with temporal
dependencies, making them a natural choice for processing the
word-level probability lists derived from the input text. Let S
represent the convolutional kernel for a given layer of the TCN,
and the convolution operation for the Fs-th word
F=[f1,12,...,fk] can be expressed as:

F(w;) = }:j"(: 1fjlet-(k-,]d(wf"

where i represents the convolved output for word wi, F(wi)
is the dilation factor of the current layer, determining the
spacing between filters, and wi represents the size of the
convolution kernel. Dilation introduces a fixed stride between
adjacent filters, enabling the convolution operation to cover a
wider range of input probabilities. By increasing the dilation
factor, the receptive field of the network is expanded, allowing
the TCN to capture local dependencies within the word-level
probability sequences.

To further enhance the ATDPS model's ability to capture
complex patterns and prevent gradient vanishing or exploding,
we incorporate residual connections into the TCN architecture,
following the approach proposed by [39]. These connections
allow for the preservation of information across layers and can
be expressed as:

H(w) = ReLu(F(w) + W,w),

where d denotes the output after applying the residual
connection, k is the rectified linear unit activation function,
H(w) is a learnable weight matrix that ensures the input and
output dimensions are consistent. By stacking multiple layers of
these TCN blocks, a TCN-based encoder, denoted as RelLu,
can be constructed.

Each word in the input text Ww isinitially represented by its
corresponding basic features. These basic features, derived
from the word-level log probability lists, are fed into the
TCN-based encoder to produce latent representations for each
word. The encoder, through its hierarchical structure, captures
local dependencies, transforming the basic features into
contextualized latent representations. Mathematically, the
output of the TCN-based encoder for the TCN (-)-thword S is
given by:

x;=TCN(l}),

where i denotes the latent representation of wi from basic
feature xi. This transformation enables ATDPS to effectively
capture local dependencies of the input basic features,
providing a more informative representation for subsequent
processing.

After obtaining the probabilistic features wi and semantic
features li, ATDPS concatenates these features into a single
integrated representation. This concatenation process can be
formalized as:

Z=[x1®F;, X2®Fs, ..., Xn®F:],

where  Fp=[x1,x2,...,.xn] denotes concatenation
operation, and F's represents the integrated feature set for each
word, resulting from concatenating the TCN-extracted
probabilistic representation & with the corresponding semantic
features Z.

3.5 Linear Classification Layer

The integrated feature set xi is processed through a
self-attention-based context network designed to capture
long-range dependencies by leveraging self-attention layers.
This network enhances the ATDPS model's ability to encode
contextualized representations across the word sequence,
effectively incorporating global dependencies and refining
interactions within the input. Specifically, the context network
processes the integrated features to produce a sequence of
contextualized representations, Fs, formally defined as:

C =Transformer(Z),

where Z represents the contextualized feature sequence
obtained from two Transformer layers with fixed positional
embeddings. Following the extraction of contextualized
features, a linear classifier is trained to map each word's
contextualized representation to a corresponding label. The
prediction for each word C=[c1,c2,...,cn] isgenerated by:

yi=softmax(Wc; + b),
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where C represents the predicted label for word wi, and yi
and wi are learnable parameters of the classifier. To determine
the sentence-level category, we count the predicted labels for
each word and select the label with the highest frequency as the
final label for the sentence. To optimize the model parameters,
we use cross-entropy loss as the loss function, which is
formally defined as:

M=

—_1
| =—=
i

Lyilogly;) + (1 — yillog(1 - yi)l,

1

where W denates the ground truth label for word b.

4 Experiments
4.1 Datasets

To construct a comprehensive and diverse dataset for
Al-generated text detection, we followed a methodology
aligned with Wang et a. [15]. Our dataset consists of both
human-written and Al-generated texts, derived from multiple
domains. For we selected
documents from publicly available sources in the SnifferBench
benchmark [19], including news articles (XSum [40Q]), web
content [41], and social media posts [42]. To ensure content
diversity and semantic richness, we randomly selected the first
three sentences from each document to serve as prompts for
LLM-based text generation. To produce Al-generated content,
we employed a range of representative LLMs, including
GPT-2, GPT-J, GPT-Neo, LLaMA-2, GPT-3.5-turbo, and
GPT-4. Each model was provided with a consistent input
template to promote coherence and comparability across
outputs. Specificaly, the prompt used was. Please provide a
continuation for the following content to make it coherent:
{prompt}. This template guided the LLMs to generate fluent
and semantically relevant continuations, simulating realistic
Al-generated responses to human-like writing.

the human-written portion,

To maintain the naturalness and authenticity of the generated
text, we did not perform additional data preprocessing steps.
This decison was made deliberately to better simulate
real-world usage, where Al-generated and human-written texts
appear in unprocessed form across applications. All samples
were automatically labeled according to their source:
LLM-generated texts were labeled as Al-generated, while texts
from SnifferBench were labeled as human-written. This
labeling process was deterministic and required no manual
annotation.

The resulting dataset consists of 1,400 documents, with 200
documents per model category, totaling 28,802 sentences. Each
category (human and Al-generated) is evenly represented.
Following the same practice as in [15], we applied a stratified
random split, alocating 90% of the data for training and 10%
for testing, ensuring balanced distribution across all categories.

To account for variance introduced by random sampling, we
repeated the train-test split and model training five times using
different random seeds and reported the average performance
metrics across all runs.

To validate the linguistic coherence and appropriateness of
the generated texts, we calculated the average perplexity of
texts from each source using GPT-2 as the scoring model.
Perplexity measures how well a language model predicts a
given sequence; lower values suggest higher fluency and
coherence. As shown in Table 2, GPT-3 and GPT-2 produce the
lowest perplexity values, indicating smoother and more
predictable outputs. GPT-4 and LLaMA-2 show moderate
perplexity, while human-written texts exhibit the highest
values--consistent with prior findings that human texts are more
diverse and harder for language models to predict [14].

Table 2 Average perplexity of texts from different sources.

Text Source Average Perplexity
GPT-2 8.73

GPT-Neo 11.39

GPT-J 11.86

LLaMA-2 16.14

GPT-3 8.45

GPT-4 13.31

Human 24.42

To demonstrate the generalization of ATDPS, we aso
employed a Multiclass AIGT Detection (MAD) benchmark
dataset, introduced by Shi et al. [43]. This publicly available
multiclass dataset comprises 10,608 text samples from human
sources and seven prominent LLMs. It spans two domains
reflecting real-world applications such as academic integrity
and misinformation detection. We adopted the same data
splitting strategy asin the origina work.

4.2 Baseline M ethods

Seven state-of-the-art baseline methods are employed for
comparison:

BERT [38]: The BERT model is used as a feature extractor
to extract semantic and syntactic features from the input text.
The pre-trained BERT model is fine-tuned through supervised
training on datasets of Al-generated and human-written texts.

ROBERTa [31]: RoBERTa is a pre-trained language model
proposed by Facebook Al Research, based on the BERT
architecture with several optimizations. It utilizes a larger
training dataset and dynamic masking techniques to enhance
the model's performance and robustness. ROBERTa is widely
used in tasks such as text classification, question-answering
systems, and text generation, and it has demonstrated excellent
performance in multiple benchmark tests, making it an
important tool in the NLP field.
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SegXGPT [15]: This method differentiates AIGT by
leveraging probability features. Specifically, it uses language
models such as GPT-2 to caculate the perplexity of each
sentence and applies a manually selected threshold as the
discriminative boundary, determining if each sentence is
human-written or Al-generated.

DetectGPT [14]: DetectGPT uses their proposed z-score to
differentiate AIGT. Multiple perturbations are added for each
sentence (40 perturbations are tried for each sentence). Then,
the z-score for each sentence is calculated based on a specific
model. Again, a threshold is manually chosen to differentiate
Al-generated sentences.

Sniffer [19]: The tool iswidely used in fields such as public
opinion monitoring, market research, and content
recommendation, helping users gain deeper insights into text
data and obtain valuable information. Through automated
analysis, the text sniffer enhances the efficiency and accuracy
of information processing, providing strong support for
academic research and commercial applications.

Al-Catcher [44]: Al-Catcher is a multimodal deep learning
model that integrates multilayer perceptron for linguistic and
statistical feature representation with CNN for extracting
sequential  patterns from textual content. It fuses these
representations to detect ChatGPT-generated scientific text,
demonstrating  high  accuracy across  human-written,
Al-generated, and mixed content in diverse domains.

LECMID [45]: This model combines RoBERTabase
embeddings with linguistically motivated features, such as
lexical diversity and stylometry. It employs an autoencoder for
classification and focuses on capturing fundamental differences
between Al-generated and human-written texts, demonstrating
strong generalization across domains and models.

4.3 Settings

For  semantic  features, ATDPS  utilizes the
BERT-base-uncased model'?. For TCN, the input channel
count is set to 1, and the network comprises five layers with
channel dimensions of 64, 128, 128, 128, and 64, respectively.
The hidden layer dimension is configured to 1024, and the
number of heads in the multi-head attention mechanism is 12.
We use the ReLU activation function and the AdamwW
optimizer, with hyperparameters set to yi of (0.9, 0.98). The
learning rate is set to wi, weight decay is set to 0.1, and the
batch size is set to 32. The hyperparameters for the baseline
methods are kept consistent with the original papers.

For dataset configuration, we randomly partition the dataset
by selecting 10% as the test set, leaving 90% for training. This
sampling strategy is performed independently for each category
to ensure balanced representation. Due to the randomness in

selection and partitioning, we report the average results from
fiveruns.

4.4 Experimental Results

In this section, we present a comprehensive analysis of the
experimental results obtained from our study. Our primary
objective isto validate the effectiveness of the ATDPS model in
identifying AIGT by comparing it against seven state-of-the-art
baseline models.

Table 3 Performance comparison of the ATDPS model and
baseline models for AIGT detection on our dataset. Bold values
indicate the best results, while underlined values represent the
second-best results.

Model Accuracy F1 Recall Precision
BERT 54.7 55.3 57.7 56.7
RoBERTa 54.5 56.7 55.1 575
SegXGPT 83.6 83.5 82.6 83.6
DetectGPT | 80.9 64.3 61.3 80.9
Sniffer 86.0 83.2 817 86.0
Al-Catcher 68.8 69.3 70.4 68.9
LECMID 735 72.9 71.3 74.4
ATDPS 97.9 97.8 96.5 97.7

Overall Model Comparison. Table 3 summarizes the
performance  metrics--accuracy, recall, and
macro-average F1 score--of the ATDPS model in comparison
with the selected baseline models on our dataset. The results
indicate that the ATDPS model significantly outperforms all
baseline models across al evaluated metrics. Specifically,
ATDPS achieved an accuracy of 97.9%, a macro-average F1
score of 97.8%, a recall rate of 96.5%, and a precision of
97.7%. These results demonstrate the model's capability in
effectively distinguishing AIGT texts, highlighting its advanced
feature extraction and semantic understanding capabilities. To
further verify the reliability of these improvements, we
performed statistical significance testing based on five
independent experimental runs. A two-tailed t-test comparing
ATDPS and the best-performing basdline, Sniffer, confirmed
that the differences in both accuracy and F1 score are
statistically significant, with p-values below 0.01. This
confirms that the observed performance gain is not attributable
to random variation but reflects a consistent and robust
advantage of the proposed approach.

precision,

In contrast, the performances of the baseline models,
specificaly BERT and RoBERTa, are markedly lower. For
instance, BERT achieved an accuracy of only 54.7%, while
RoBERTa fared dlightly better at 54.5%. Such results
underscore the inherent challenges that traditional models
encounter when addressing the complexities of contemporary
AIGT tasks. The relatively low performance of these models
indicates limitations in their ability to adapt to the nuances and
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intricacies of text generated by Al [27]. Furthermore, models
such as SegX GPT and Sniffer exhibited improved performance,
with accuracy rates of 83.6% and 86.0%, respectively.
However, even these models lag behind the performance of the
ATDPS model. This performance gap illustrates the
effectiveness of ATDPS in integrating probabilistic and
semantic features through its use of a TCN architecture. By
effectively encoding the probabilistic features, the ATDPS
model captures both local and long-range dependencies, which
are critical for accurate AIGT detection. Similarly, Al-Catcher
and LECMID achieved accuracies of 68.8% and 73.5%,
respectively, which are superior to BERT and RoBERTa but
still fall short of the probabilistic methods like SegX GPT and
Sniffer.

Table 4 Detection accuracy of the ATDPS model and
baseline models across different generative models on our
dataset. Bold values indicate the best results, while underlined
values represent the second-best results.

Method [GPT-2 | CPTN Igpry [EM I Gprs |GPT-a | Human
€0 A-2

BERT |441 |390 |423 [500 |e54 |507 |77.7
$§BER 401 |412 |s12 |e53 |738 [543 |88l
iﬁqxe 955 |941 |915 |ss6 |927 |s90 |85
Detect

opr |85 771|820 [es3 [ss1 |790 |832
Sniffer (851 844 |838 |843 |862 [855 869
ﬁ;r'catc 725 |683 |704 |es5 |698 |643 |732
'E)ECM' 8L2 |797 |774 |732 |720 |646 |871
ATDPS[100 [100 [100 |920 |947 |89 [100

Table 4 illustrates the detection accuracy of the ATDPS
model and baseline models across various generative models on
our dataset, demonstrating its superiority with a detection
accuracy of 100% for both GPT-2 and GPT-Neo. This
performance showcases the model's outstanding generalization
ability and adaptability in recognizing AIGT. SegXGPT also
performs well across multiple models, achieving accuracy rates
of 95.5% and 94.1% for GPT-2 and GPT-Neo, respectively.
However, its accuracy on GPT-4, reported at 89.0%, indicates a
slight decline, which may suggest limitations when handling
next-generation generative models. Al-Catcher and LECMID
exhibit moderate performance across al categories, achieving
accuracy between 64.3% and 81.2%. Their results suggest that
linguistic or multimodal features alone do not sufficiently
capture the subtle statistical patterns required for highly reliable
AIGT detection.

By comparison, the performance of BERT and RoBERTa is
generaly low, particularly failing to compete effectively with

newer models like GPT-2 and GPT-Neo. This suggests that the
lack of probability features inherent in these traditional models
can significantly hinder their performance in identifying the
sources of Al-generated texts. Overal, the data presented
reinforces the necessity for more sophisticated approaches in
AIGT detection to overcome the limitations exhibited by
conventional models.

The high accuracy on our dataset likely arises from its
relative simplicity and high separability of features, where
probabilistic and semantic cues exhibit clear distinctions
between Al-generated and human-written texts--potentially due
to domain-specific biases, limited variability in Al samples, or
artifacts from the synthesis process. This aligns with findings
by Wang et a. [15], who attribute high baseline performance to
shortages in human-generated learning samples and context
length limitations that restrict samples to only two distinct
sources. Similarly, Huang et al. observe that high accuracy in
in-domain settings often stems from training-test similarity,
leading to brittleness under perturbations [46]. These high
scores imply that the dataset may not fully capture the
complexities of evolving LLMs, risking inflated metrics and
reduced generalizability.

Table 5 Performance comparison of the ATDPS model and
baseline models for AIGT detection on the MAD dataset. Bold
values indicate the best results, while underlined values
represent the second-best results.

Model Accuracy F1 Recall Precision
BERT 72.6 724 72.6 72.3
RoBERTa 73.2 72.9 73.2 72.8
SeqXGPT 95.7 95.6 95.7 96.1
Sniffer 91.2 92.3 91.2 92.4
Al-Catcher 745 74.8 745 76.0
LECMID 794 79.7 79.4 804
ATDPS 98.4 97.6 98.4 97.7

Table 5 presents the performance metrics on the MAD
dataset. ATDPS achieves an accuracy of 98.4%, and a
macro-average F1 score of 97.6%, outperforming all baselines.
SegXGPT follows closely with 95.7% accuracy, while Sniffer
attains 91.2%. The linguistic and multimodal baselines,
LECMID and Al-Catcher, yield accuracies of 79.4% and
74.5%, respectively, surpassing BERT and RoBERTa but
lagging behind our models. These findings confirm that
integrating TCN-encoded probabilistic features with semantic
representations improves the model's robustness across diverse
text distributions.
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Figure 2 Ablation Study.

Ablation Study. The ablation experiment illustrated in
Figure 2 provides an analysis of how different feature
combinations affect the performance of the ATDPS model.
Specifically, “only probabilistic features' refers to the model's
performance when utilizing only probabilistic features encoded
through TCNs, while “only semantic features' pertains to the
model's performance using semantic features for sentence-level
classification. The results clearly demonstrate that the full
ATDPS modd, which integrates both feature types,
consistently outperforms al other configurations across al
evaluation metrics.

When using only probabilistic features, the model achieves
relatively strong performance, particularly in terms of accuracy
and recall--both exceeding 80%. This underscores the
substantial discriminative power of probabilistic features in
distinguishing between Al-generated and human-written text.
On the other hand, the semantic-only configuration performs
notably worse. This degradation is consistent with prior
findings by Li et al. [19], who show that semantic-only models
often exhibit low accuracy when the available training data is
limited. Semantic representations generally require large
datasets to learn class-distinguishing features, moreover,
high-quality LLM outputs exhibit strong semantic coherence,
reducing the separability of Al-generated and human text in
semantic embedding space.

Despite their limited standalone efficacy, semantic features
provide substantial improvements when fused with probabilistic
features. As reported in [47] and corroborated by our
experiments, semantic features capture the deep expressions of
text from the perspectives of overall content and writing style.
Probabilistic features are sensitive to local lexical anomalies,
whereas semantic features are attuned to overall stylistic
consistency; combining the two mitigates the limitations
inherent in a single-perspective approach. This fusion leverages
their complementary strengths: probabilistic features detect
local statistical irregularities, while semantic features capture
global stylistic coherence.

In summary, the ablation study in Figure 2 highlights the
importance of feature integration in Al-generated text detection.
By jointly leveraging probabilistic and semantic features, the
ATDPS model achieves superior and balanced performance,
demonstrating the necessity of a multifaceted approach in
addressing the nuanced challenges of this task.

5 Conclusions

In this study, we propose a novel Al-generated Text Detection
model combining Probabilistic and Semantic features (ATDPS)
to address the challenge of detecting AIGT. Our model
leverages the strengths of TCNs to process the probabilistic
features extracted from multiple LLMs. By integrating these
probabilistic features with the semantic features derived by
BERT, we construct a robust feature set that captures the
intricate nuances of both human-written and Al-generated texts.
The integration of these complementary features is facilitated
through a Transformer-based architecture, which enables our
model to discern long-range dependencies and contextual
relationships  within  the text. Extensive comparative
experiments demonstrate the superior performance of the
ATDPS model across various evaluation metrics. The results
indicate that our model significantly outperforms existing
state-of -the-art methods, underscoring its efficacy in identifying
AIGT amidst the rapidly evolving landscape of LLMs.

To promote broader applicability, we constructed a diverse
dataset comprising news articles, social media posts, and web
content, and included texts generated by a wide range of LLMs
from GPT-2 to GPT-4. This design strengthens the model's
generalization across domains and generative styles.
Nonetheless, the current implementation focuses solely on
English texts. Extending the model to multilingual or
low-resource settings remains an important direction for future
work.

Although ATDPS exhibits strong performance under
standard conditions, it has several limitations. Its reliance on
white-box access to an ensemble of LLMs for extracting
probabilistic features imposes notable practical constraints.
Furthermore, the computational overhead of querying multiple
large LLMs for each text sample is prohibitive, potentially
increasing inference time and resource demands by severa
factors compared to single-model or black-box aternatives. In
future work, we plan to explore hybrid approaches that reduce
white-box dependency, such as approximating probabilistic
features using surrogate models or employing zero-shot
black-box methods that leverage perplexity-based perturbations
or token-level entropy analysis without requiring full model
access.
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