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Abstract

The rapid advancement of large language models (LLMs)
has resulted in increasingly sophisticated AI-generated con-
tent, posing significant challenges in distinguishing LLM-
generated text from human-written language. Existing de-
tection methods, primarily based on lexical heuristics or
fine-tuned classifiers, often suffer from limited generaliz-
ability and are vulnerable to paraphrasing, adversarial per-
turbations, and cross-domain shifts. In this work, we pro-
pose SentiDetect , a model-agnostic framework for de-
tecting LLM-generated text by analyzing the divergence in
sentiment distribution stability. Our method is motivated by
the empirical observation that LLM outputs tend to exhibit
emotionally consistent patterns, whereas human-written texts
display greater emotional variability. To capture this phe-
nomenon, we define two complementary metrics: sentiment
distribution consistency and sentiment distribution preserva-
tion, which quantify stability under sentiment-altering and
semantic-preserving transformations. We evaluate SentiDe-
tect on five diverse datasets and a range of advanced LLMs,
including Gemini-1.5-Pro, Claude-3, GPT-4-0613, and
LLaMa-3.3. Experimental results demonstrate its superior-
ity over state-of-the-art baselines, with over 16% and 11% F1
score improvements on Gemini-1.5-Pro and GPT-4-0613, re-
spectively. Moreover, SentiDetect also shows greater robust-
ness to paraphrasing, adversarial attacks, and text length vari-
ations, outperforming existing detectors in challenging sce-
narios.

Introduction
Advanced large language models (LLMs) have achieved re-
markable proficiency in processing and generating natural
language across diverse domains, from logical reasoning
to creative writing (Yang et al. 2023). As these powerful
generative models become increasingly integrated into writ-
ing workflows (Sun et al. 2024; Lei, Hsu, and Chen 2025),
their outputs now permeate various forms of digital content,
including news articles, academic papers, and social plat-
forms (Yuan et al. 2022). However, LLM-generated con-
tent still poses numerous security risks and potential mis-
uses, such as phishing and the creation of fake news, which
can lead to fraud and factual inaccuracies (Lee et al. 2023;
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Figure 1: UMAP projection illustration of sentiment dis-
tribution stability features for LLM-generated texts and
human-written in the Review dataset. Each point represents
an embedded paragraph (≤ 64 tokens) encoded with Sen-
timent Distribution Consistency features. LLM-generated
texts exhibit consistent sentiment patterns, forming distin-
guishable clusters from human-written texts.

Sadasivan et al. 2023). Furthermore, the growing sophisti-
cation of LLM-generated text presents new challenges in
distinguishing machine-generated texts from human-written
texts (Chen and Wang 2025).

The emerging various challenge has sparked considerable
research into developing automatic LLM-generated text de-
tection approaches. To address the misuse of LLMs, there
are three types of LLM-generated text detectors: water-
mark (Kirchenbauer et al. 2024), classification (Solaiman
et al. 2019), and statistic-based detectors (Tulchinskii et al.
2024). Although watermark-based detectors can identify
embedded watermarks in the output text, they are suscep-
tible to paraphrasing (Krishna et al. 2024) and can be by-
passed by open-source LLMs (Touvron et al. 2023). Su-
pervised classification is effective within specific domains
but struggles with text from new sources or unfamiliar
LLMs (Pu et al. 2023). Existing statistic-based detectors an-
alyze statistical features of texts to determine their origins
and obtain comparable performance to supervised detectors.
However, these methods require access to the source LLM,
which is often unfeasible, and current detectors remain vul-
nerable to paraphrasing attacks (Krishna et al. 2024).

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

35608



In contrast to prior approaches, we investigate a differ-
ent perspective: (RQ) can sentiment patterns embedded in
language be leveraged for authorship attribution without
supervised training or access to model parameters? Mo-
tivated by this question, we conduct empirical studies and
make a key observation: the stability of emotional expres-
sions in text emerges as a strong and distinctive indicator for
attributing authorship. Building on this insight, we propose
the hypothesis that LLM-generated content tends to exhibit
relatively stable sentiment distributions under specific “low-
emotional” transformations, irrespective of textual genre or
stylistic variations (Hu et al. 2023; Vijay, Priyanshu, and
KhudaBukhsh 2025). This phenomenon likely stems from
the nature of LLM training, which involves exposure to vast,
uniformly curated corpora (Naveed et al. 2023; Shen et al.
2024). Figure 1 demonstrates how this feature can effec-
tively distinguish LLM-generated text from human-written
texts. These subtle yet measurable differences in sentiment
fluctuation offer a previously underexplored fingerprint for
distinguishing LLM-generated from human-written text.

Building on this insight, we present SentiDetect ,
a novel model-agnostic framework that detects LLM-
generated text by analyzing divergence in sentiment distri-
bution stability. Motivated by the observation that LLM-
generated content tends to exhibit more emotionally consis-
tent patterns, SentiDetect quantifies this distinction through
two complementary unsupervised metrics: sentiment distri-
bution consistency and sentiment distribution preservation.
These metrics capture stability under sentiment-altering and
semantic-preserving transformations, enabling relatively in-
terpretable detection without access to model internals or
fine-tuned data. Comprehensive experiments across five
datasets and multiple advanced LLMs demonstrate that Sen-
tiDetect significantly outperforms existing baselines in both
accuracy and robustness, particularly under paraphrasing,
adversarial, and length-variant settings.

The contributions are summarized as follows:

• First-of-its-kind study focusing on sentiment analy-
sis for LLM-generated text. SentiDetect is a model-
agnostic framework that identifies LLM-generated text
through the divergence in sentiment distribution stability,
requiring neither model access nor supervised training.

• Strong zero-shot performance on various LLMs and
textual domains. Extensive evaluations are conducted on
Gemini-1.5-Pro, LLaMa-3.3, GPT-3.5-Turbo, and
GPT-4-0613. Besides, SentiDetect improves F1 score on
five datasets, including news, code, essays, papers, and
community comments by up to 22.61%.

• In-depth analysis of detection robustness. We provide
an in-depth analysis of the robustness against various
adversarial tactics, including paraphrasing, perturbation,
and text length across various datasets and LLMs.

Related Works
LLM-Generated Text Detection
Current LLM-generated text detection approaches can be
categorized into three paradigms: supervised classifica-

tion, watermarking techniques, and statistical analysis meth-
ods (Chakraborty et al. 2024).

Supervised Training Detectors. Classification-based
methods treat the detection as a binary prediction task. Early
works like Grover (Zellers et al. 2019) generate articles from
titles, and OpenAI employed a fine-tuned RoBERTa model
to classify GPT-2 outputs, noting larger models produce
better text (Solaiman et al. 2019). Furthermore, adversar-
ial learning can also be introduced to train the robust de-
tector (Hu, Chen, and Ho 2024). However, these supervised
methods require extensive labeled datasets and constant up-
dates to keep pace with evolving generative models (Soto
et al. 2024; Zhang et al. 2024).

Watermarking Detectors. Watermark-based approaches
embed identifiable patterns during text generation. Initial
work included adversarial watermarking transformers for bi-
nary message encoding (Abdelnabi and Fritz 2021), with re-
cent advances proposing probability distribution perturba-
tions for more robust marking (Kirchenbauer et al. 2023).
Despite effective watermarks resisting removal without de-
grading text quality, these methods struggle with conditional
text generation (Fu, Xiong, and Dong 2024) and are vulner-
able to paraphrasing (Krishna et al. 2024).

Statistical Analysis Detectors. Statistical-based detec-
tors (Bao et al. 2024) identify abnormal values in text fea-
tures like entropy and n-gram frequency. OpenAI’s detector
uses the logarithmic probability of model (Solaiman et al.
2019), while GLTR employs entropy and probability rank.
Recently, DetectGPT demonstrated that LLM-generated text
often falls in the negative curvature region of the LLM’s log-
arithmic probability function, resulting in a curvature-based
classifier (Mitchell et al. 2023). Subsequent studies have de-
veloped a faster version of this method (Bao et al. 2024).
These methods provide valuable insights into the distinctive
features of LLM-generated text without supervised training.

Sentiment Analysis in the Era of LLMs
Recent research has expanded sentiment analysis beyond
basic classification to more nuanced examination of tex-
tual sentiment patterns, such as aspect-based or multifaceted
subjective analysis (Zhang et al. 2022). The understanding
ability of LLM has a significant influence on sentiment anal-
ysis (Zhong et al. 2023). Notably, researchers have explored
innovative methods to leverage generative models for senti-
ment analysis tasks. Deng et al. developed a semi-supervised
framework that utilizes language models to generate senti-
ment labels for training smaller models (Deng et al. 2023),
highlighting the potential of LLMs in analyzing sentiment
features. Besides, LLMs consistently outperform smaller
models for zero-shot sentiment analysis of diverse text cor-
pora (Zhang et al. 2024). Therefore, for the sentiment stabil-
ity analysis considered in this work, we designed a pipeline
combined with LLMs to implement the idea.

Methodology
LLM-Generated Text Detection Definition
Given the probability measures P and Qθ on metric space
X , suppose we have a set of IID candidate texts {xn}Nn=1,
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Figure 2: Illustration of the proposed SentiDetect . Detecting LLM-generated text by sentiment distribution stability analysis
through low-emotional rewriting. See Appendix A for more examples of low-emotional rewriting.

which are either from the human-written distribution P or
LLM-generated distribution Qθ. Our goal is to determine
whether each xn originates from the Qθ of source qθ:

ŷn = argmax
yn∈{yP ,yQθ

}
P (yn | xn, N,P,Qθ). (1)

Here, xn = [wn,1, wn,2, . . . , wn,J ] denotes the n-th text se-
quence, wn,j represent the j-th word in xn. When N = 1,
the paradigm collapses into a single-instance detection task.

Overview of SentiDetect. An overview of the designed
detection pipeline is shown in Figure 2, since LLMs are
less effective at directly conducting complex sentiment fea-
ture analysis. The pipeline comprises three stages: (I) Low-
emotional rewriting (LER): Using zero-shot LLMs to rewrite
the text under ”low-emotional” instructions; (II) Sentiment
feature extraction: Extracting sentiment distribution features
from both original and rewritten texts; (III) Stability diver-
gence analysis: Measuring the difference in stability of sen-
timent distributions to identify the input text.

Sentiment Distribution Stability Analysis
While LLM-generated text often appears contextually ap-
propriate, its sentiment distribution patterns exhibit subtle
yet measurable differences from human-written text. Our
finding reveals this key phenomenon as follows:

Divergence in low-emotional stability: LLM-
generated text maintains consistent sentiment
distribution patterns during low-emotional rewriting,
while human-written text exhibits significant shifts in
sentiment expression patterns.

Besides, to operationalize this hypothesis, we implement the
detection pipeline as illustrated in Figure 2. First, we in-
troduce a low-emotional but semantic-preserving rewriting
function F1(· | pi) to modify the sentiment pattern of the
text xn strategically. To be specific, F1(· | pi) maps text xn

to x′
n = [w′

n,1, w
′
n,2, . . . , w

′
n,K ]. We repeat the above pro-

cess for each pi to ensure robust pattern capture.
Subsequently, the sentiment distribution analyzer F2(· |

psa) is employed to quantify the sentiment distribution fea-
ture of both the original text xn and its rewritten versions x′,
as shown in Figure 2. The function F2(·) maps each input
text xn to a fixed-length vector representation F2(xn | psa),
referred to as the sentiment distribution pattern. To construct
this vector, we apply F2 across semantic-preserving LERs
of the original text, denoted as x′

n,1, . . . , x
′
n,I . This process

yields I sentiment distributions, which are then concate-
nated to form a unified feature embedding. This embedding
serves as a stable representation for measuring divergence
across different samples. Specifically, the F2(· | psa) in the
experiments is implemented using a standard 3-class senti-
ment classifier, which outputs a probability vector over the
classes (negative, neutral, positive). This level of granular-
ity empirically captures patterns of sentiment stability while
avoiding the ambiguity introduced by overly fine-grained la-
bels. The sentiment distributions of all the rewritten versions
are concatenated, resulting in a fixed-length signal that en-
ables a reliable comparison between the samples.

The sentiment distribution pattern of text x is denoted as
σ(xn) = F2(xn | psa). By comparing the sentiment dis-
tribution before and after LER, we can quantify the distribu-
tion divergence as log(σqθ (xn))−log(σqθ (x

′
n,i)), highlight-

ing differences in sentiment stability between LLM outputs
and human-written text. The parameters pi and psa represent
carefully designed transformation prompts. With the help of
the concepts of functions F1(· | pi) and F2(· | psa), we
define the distribution stability divergence in sentiment fea-
tures as follows:

D(xn, qθ) ≜ log σ(xn)− Ex′
n,i∼F1(·|pi) log σ(x

′
n,i). (2)

This is referred to as the sentiment distribution stability di-
vergence hypothesis, which describes the characteristic dif-
ferences between LLM-generated and human-written texts.
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LLM-Generated Text Detection via Sentiment
Distribution Stability Divergence
Based on the empirical hypothesis, LLM-generated texts
and human-written texts can be distinguished by the change
of the sentiment distribution feature:

Dx =
1

I

∑
i

log(
σqθ (x)

σqθ (F1(x | pi))
). (3)

The input x will be identified as LLM-generated text when
the divergence Dx < ε, where ε is the decision threshold.

LER Rewriting Instructions. For the implementation of
the sentiment distribution stability analysis, we design a set
of transformation instructions that guide language models to
modify the emotional tone of a text while preserving its se-
mantic content. For example, instructions such as “Decrease
the emotional intensity while preserving semantic content”
or “Rewrite this paragraph objectively” serve to elicit con-
trolled variations in sentiment. We formally define each in-
struction as pi, drawn from templates like “Rewrite objec-
tively” or “Use a machine-like tone”, and optimize them us-
ing AutoPrompt (Ma et al. 2024) to ensure effectiveness and
consistency. These transformation instructions are simple in
form yet central to our method: they induce minimal changes
in LLM-generated text due to the inherent regularity of its
sentiment structure, while often triggering more noticeable
sentiment shifts in human-written text. This contrast serves
as a key signal for distinguishing between LLM-generated
and human-written text.

To capture this phenomenon, we implement SentiDetect
by leveraging two key properties of sentiment distribution
stability: sentiment distribution consistency (SDC) and sen-
timent distribution preservation (SDP).

Sentiment Distribution Consistency. Language mod-
els show minimal changes in sentiment distributions when
transforming their own generated text, as autoregressive
models tend to produce content with stable pattern fea-
tures. Therefore, we use the low-emotional invariance be-
tween output and input to measure the sentiment distribu-
tion recognition of LLM towards a given input text x. We
use prompt pi to prompt LLM qθ to perform LER transfor-
mation on text x. If the text x is generated from LLM, the
degree of change from output to input should be small. We
quantify the sentiment distribution consistency through:

SDC(x) = Epi
[∥log σ(x), log σ(x′)∥1]

=
1

I

I∑
i=1

(log σ(x)− log σ(F1(x | pi))).
(4)

For the instruction pi, we present some of them:
• Please rewrite this more straightforwardly.
• Polish this in a machine-like objective tone.

We employ automated methods to optimize the instruction
pi (Ma et al. 2024).

Sentiment Distribution Preservation. In addition, we
give the definition of the other key property, i.e. sentiment
distribution preservation. Suppose we perform sentiment-
independent and inverse transformations (such as convert-
ing people or extensions and abbreviations) on the texts. In

that case, it will output with the same sentiment distribution
as the input text in the previous. We refer to the property
that LLM-generated text maintains stable sentiment distri-
butions under semantic-preserving transformations as sen-
timent distribution preservation. Besides, we elaborate in-
structions to represent a pair of inverse mapping pairs F(·)
and F−1(·). F(·) represents requesting LLM by forward
transformation hint words to produce a transformed text out-
put, while F−1(·) represents its opposite hint word. We can
use the following indicators to measure sentiment distribu-
tion preservation (Mao et al. 2024):

SDP(x) = ∥ log σ(x), log σ(F−1(F(F1(x | pi))))∥1. (5)

By mapping twice through instructions with opposite mean-
ings, the LLM-generated text preserves its original senti-
ment distribution feature. Detailed transformation pair ex-
amples (F−1(·), F(·)) appear in Appendix B. The detailed
algorithm for detecting LLM-generated text through senti-
ment distribution stability analysis appears in Appendix C.

Detection on short texts. At the same time, we observe
that this zero-shot detection method requires sufficient text
length for reliable analysis. For example, suppose we have
two short text samples:
• LLM-generated text: I feel very happy today because it’s

sunny. I plan to take a walk in the park and enjoy the
beauty of nature.

• Human-written text: Feeling extra good today with the
sun shining brightly. Planning to stroll in the park and
breathe in some fresh air.

Notably, LLM-generated short texts can closely mimic
human-written content, making them harder to distinguish
based on limited context. For shorter samples, LLMs
can closely approximate human-like sentiment expressions,
making detection more challenging. However, this limitation
can be mitigated by aggregating multiple short texts to reveal
stable distributional patterns, a direction further explored in
our experiments on input text length.

Experiments
Experimental Setup
Datasets. We evaluate our method on five datasets, follow-
ing (Verma et al. 2024; Mao et al. 2024): News contains
5,000 real news articles from 50 journalists and correspond-
ing AI-generated versions, produced via a two-stage title-
to-article process. HumanEval includes 164 programming
tasks with signatures, docstrings, and test cases, covering
reasoning, algorithms, and math. Student Essay comprises
high school and university-level papers from the BAWE cor-
pus along with LLM-generated counterparts. Yelp Review
features 1,000 human-written Yelp reviews and machine-
generated versions of similar length. Paper Abstract con-
sists of 500 ACL 2023–2024 abstracts, with synthetic ver-
sions created from the first 15 words using LLMs, ensuring
zero-shot validity by avoiding overlap with pretraining data.

Baselines. We compare our method with several state-
of-the-art LLM-generated text detectors: GPTZero (Tian
2023) is a leading commercial detector for texts from models
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Methods News HumanEval Student Essay Paper Yelp Review Avg
GPT-4-0613

LogRank (GPT-2) 41.50±1.72 56.08±2.14 42.86±1.35 55.48±1.89 58.46±2.03 50.88±1.83
RoBERTa-base (Liu et al. 2019) 42.14±2.25 39.51±0.87 36.40±1.62 39.45±1.03 37.40±0.95 38.98±1.34
RoBERTa-large (Liu et al. 2019) 43.47±1.84 54.94±2.21 45.03±1.57 49.26±1.42 63.27±2.35 51.19±1.88
GPT-Zero (Tian 2023) 52.68±0.97 53.43±1.45 38.60±2.12 71.21±2.24 69.20±2.17 57.02±1.79
DetectGPT (Mitchell et al. 2023) 29.47±0.85 48.53±1.63 48.09±1.54 61.20±1.96 53.16±1.72 48.09±1.54
Ghostbuster (Verma et al. 2024) 46.85±1.33 35.84±0.92 52.77±0.93 62.38±2.12 62.68±2.08 52.10±1.48
RAIDAR (Mao et al. 2024) 54.52±1.88 55.20±1.76 53.16±1.65 75.28±2.41 68.74±2.22 61.38±1.98
Binoculars (Hans et al. 2024) 58.02±0.91 67.48±1.17 51.60±1.04 78.23±1.88 62.76±1.76 63.62±1.35
R-Detect (Song et al. 2025) 56.18±1.63 63.41±1.73 54.52±0.94 76.17±1.72 67.18±1.43 63.49±1.49
SentiDetect-SDC (Ours) 59.03↑1.01±1.92 78.28↑10.8±2.33 58.83↑4.31±1.81 82.80↑4.57±1.45 77.02↑7.82±2.28 71.19↑7.57±1.96
SentiDetect-SDP (Ours) 56.73±1.75 82.74↑15.26±2.39 55.61↑1.09±1.68 79.20↑0.97±2.31 80.16↑10.96±1.42 70.89↑7.27±1.91

Gemini-1.5-Pro
LogRank (GPT-2) 44.79±3.15 53.71±1.91 45.19±3.24 46.25±3.59 55.78±2.34 48.72±3.06
RoBERTa-base (Liu et al. 2019) 43.52±2.89 49.93±0.68 33.76±2.65 39.45±1.40 44.71±2.50 41.94±2.02
RoBERTa-large (Liu et al. 2019) 43.15±1.22 55.35±2.60 32.83±2.85 47.24±2.66 58.35±3.48 51.33±2.73
GPT-Zero (Tian 2023) 46.24±2.49 46.92±3.51 39.46±1.19 66.92±3.12 62.50±1.83 55.98±2.57
DetectGPT (Mitchell et al. 2023) 41.67±2.98 64.88±1.60 47.55±2.32 66.64±3.52 63.76±0.60 59.41±2.29
Ghostbuster (Verma et al. 2024) 44.31±0.80 40.53±1.51 39.97±2.22 52.72±0.32 48.69±6.13 46.77±2.36
RAIDAR (Mao et al. 2024) 45.84±4.43 71.64±5.09 51.94±5.64 68.72±4.72 69.14±4.83 61.53±5.15
Binoculars (Hans et al. 2024) 52.24±1.63 60.31±1.82 50.63±1.28 70.29±1.10 58.95±1.50 58.48±1.47
R-Detect (Song et al. 2025) 49.08±1.11 57.38±1.69 53.12±1.97 68.95±1.39 67.43±0.97 59.19±1.43
SentiDetect-SDC (Ours) 54.93↑2.69±1.04 77.34↑5.70±2.91 61.85↑8.73±2.50 71.55↑1.26±0.83 79.19↑10.05±3.20 71.65↑10.12±2.10
SentiDetect-SDP (Ours) 50.93↑4.69±2.16 80.88↑9.24±2.71 54.29↑1.17±1.69 72.35↑2.06±2.07 78.03↑8.89±0.68 70.39↑8.86±2.29

Table 1: Detection F1 scores of the content generated from GPT-4-0613 and Gemini-1.5-Pro for News, HumanEval, Student
Essay, Paper, and Yelp Review datasets. The best and the second-best scores are in bold and underlined, respectively.

like ChatGPT, GPT-4, and LLaMa; DetectGPT (Mitchell
et al. 2023) identifies GPT-generated text using probability
curvature in a zero-shot setting without supervised training;
Ghostbuster (Verma et al. 2024) detects texts through di-
rectly using a series of language models; RAIDAR (Mao
et al. 2024) improves accuracy through rewriting-based
analysis that captures text modification patterns; Binocu-
lars (Hans et al. 2024) is a zero-shot detection method
through contrasting predictions from a pair of pre-trained
LLMs; R-Detect (Song et al. 2025) employs a non-
parametric kernel relative test to compare the distributional
closeness of a sample to text corpora.

Notably, although combining SDC and SDP into a uni-
fied metric has been explored, the performance gain was
marginal and reduced interpretability. Thus, we report them
separately for clarity. We also verify the semantic fidelity
of inverse mapping pairs using BLEURT (Sellam, Das, and
Parikh 2020), observing high cross-domain consistency to
support reliable SDP analysis. Further detailed experiments
are provided in Appendix D.

Main Detection Performance
(I) Commercial LLMs: Robust Detection Across Popu-
lar LLMs. We conduct detection experiments at the para-
graph level and compare the results with existing baselines.
The experimental results on GPT-4-0613 and Gemini-1.5-
Pro are shown in Table 1. For processing sentiment distri-
bution information in the input text, we employ sentiment
distribution feature analysis using GPT-4-0613 as F1(·) and
F2(·). Our experiments cover multiple datasets, including
News, HumanEval, Student Essays, Paper Abstracts, and
Review datasets. SentiDetect shows consistently superior
performance on all datasets, proving its universality in de-
tecting different text types. It demonstrates significant ad-
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Figure 3: Visualized comparison between SentiDetect with
four categories of baselines (traditional detectors, business
detectors, popular baselines, and SOTA approaches) on five
datasets, evaluated on content from Claude-3.

vantages in all experimental scenarios, outperforming all
baselines on GPT-4-0613 by at least 11.90% and 11.43%,
respectively. When tested on Gemini-1.5-Pro, the perfor-
mance shows no significant decrease compared to GPT-4-
0613, confirming our method’s effectiveness even with more
powerful LLMs. Notably, as illustrated in Appendix A, our
analysis of code examples reveals that the ”sentiment” in
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Method News HumanEval Student Essay Paper Yelp Review Avg
LLaMa-3.3

LogRank (GPT-2) 58.27±2.50 69.38±3.05 54.37±1.85 68.39±0.66 72.25±1.81 67.07±1.97
RoBERTa-base (Liu et al. 2019) 58.45±0.79 61.30±2.97 40.72±0.91 73.60±3.19 49.91±2.60 60.82±2.09
RoBERTa-large (Liu et al. 2019) 54.06±0.93 72.71±3.71 38.48±1.55 63.62±2.12 64.02±1.30 63.60±1.92
GPT-Zero (Tian 2023) 55.83±2.82 68.49±2.91 51.78±1.64 87.61±2.38 77.56±3.67 72.37±2.68
DetectGPT (Mitchell et al. 2023) 57.42±3.12 76.70±0.78 59.13±2.81 70.38±3.81 72.48±2.77 69.25±2.06
Ghostbuster (Verma et al. 2024) 57.36±3.28 50.02±0.85 50.72±1.43 67.78±3.23 65.42±3.66 60.21±2.49
RAIDAR (Mao et al. 2024) 61.35±3.29 81.06±3.41 62.56±2.63 79.04±1.82 75.06±4.27 71.81±3.08
Binoculars (Hans et al. 2024) 65.80±0.98 67.82±1.31 58.32±1.72 83.64±1.93 58.28±1.29 66.77±1.45
R-Detect (Song et al. 2025) 67.73±1.25 59.38±1.10 62.40±1.51 81.77±1.07 63.27±1.29 66.91±1.24
SentiDetect-SDC (Ours) 70.17↑2.44±0.87 95.69↑14.63±2.05 72.39↑9.83±2.02 89.22↑5.58±0.94 85.61↑10.55±2.68 85.17↑13.36±1.71
SentiDetect-SDP (Ours) 68.28↑0.55±0.82 90.01↑8.95±1.84 68.96↑6.40±1.70 87.98↑4.34±3.08 89.05↑13.99±3.45 83.84↑12.03±2.18

Table 2: Detection F1 scores of the content generated from LLaMa-3.3 for News, HumanEval, Student Essay, Paper, and Yelp
Review datasets. The best and the second-best scores are in bold and underlined, respectively.

code primarily reflects in programming style characteristics.

(II) Open-Source LLMs: Detecting Texts from LLaMa-
3.3. Table 2 highlights the superior performance of Sen-
tiDetect in detecting AI-generated content from open-source
LLaMa-3.3. These results demonstrate its ability to cap-
ture underlying generation patterns regardless of domain
or complexity. This performance is particularly signifi-
cant given the architectural and training disparities between
open-source models and commercial counterparts. Com-
pared with existing methods, SentiDetect delivers an aver-
age 13-point F1 improvement, confirming its adaptability to
the traits of open-source LLMs.

(III) Performance Across Diverse Text Domains. As
shown in Figure 3, SentiDetect (both SDC and SDP vari-
ants) consistently outperforms all four categories of base-
lines across five text domains, achieving the broadest cover-
age as indicated by the outermost curves in each radar chart.
The most significant gains appear in HumanEval and Yelp,
where SentiDetect leads by up to 24% in F1 score. This re-
flects its ability to capture stable sentiment patterns inherent
in LLM-generated content, especially in structured code and
social reviews. While margins are smaller for News, Paper,
and Essay, our method still demonstrates consistent superi-
ority. These results confirm that sentiment distribution sta-
bility is a robust and transferable signal, enabling SentiDe-
tect to generalize effectively across diverse content types and
outperform both business and state-of-the-art detectors.

Robustness Analysis and Ablation Study
(I) Robustness Against Adversarial Perturbation. We
evaluate the detection robustness of various methods under
adversarial attack (Ren et al. 2019) using TextAttack1 library
to implement it, which simulates practical evasion tactics
by applying lexical-level perturbations to deceive classifiers.
Table 3 reports the F1 scores post-attack, alongside original
scores and relative degradation percentages. Across all five
datasets, most baseline detectors, such as GPT-Zero, Detect-
GPT, and RoBERTa, experience sharp performance drops,
often exceeding 70% loss. In contrast, SentiDetect exhibits
significantly greater resilience. SentiDetect-SDC achieves

1https://github.com/QData/TextAttack
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Figure 4: Comparison of paraphrased text on the News, Hu-
manEval, Student Essay, and Paper datasets.

the highest average detection score under attack, with a com-
paratively small drop, while SentiDetect-SDP also attains
low degradation on average. These consistent advantages
across datasets underscore that sentiment distribution fea-
tures remain less sensitive to adversarial text transformations
than token-level or syntactic signals.

(II) Robustness Against Paraphrasing. To evaluate the
robustness of SentiDetect against paraphrasing attacks, we
demonstrate the detection performance of detectors on para-
phrased text through GPT-3.5-Turbo in Figure 4. We con-
trol the proportion of changed paraphrasing texts and test
the performance at different paraphrasing ratios. Figure 4
shows the experimental results of our method and various
baseline methods on the News, HumanEval, Student Essay,
and paper datasets. As the proportion of paraphrased text in-
creases, the performance of all detection methods shows a
downward trend, but SentiDetect consistently outperforms
all other methods in F1 score and achieves considerable F1
score values on all datasets. Notably, even if 30% of the con-
tent is replaced, SentiDetect still maintains its strength.
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Method News HumanEval Student Essay Paper Yelp Review
LogRank 11.61 | 52.24 | ↓77.8% 7.04 | 63.25 | ↓88.9% 12.42 | 53.30 | ↓76.7% 14.10 | 61.24 | ↓77.0% 22.49 | 66.54 | ↓66.2%
RoBERTa-base (Liu et al. 2019) 10.49 | 50.47 | ↓79.2% 11.10 | 47.72 | ↓76.8% 9.43 | 43.15 | ↓78.2% 16.73 | 53.59 | ↓68.8% 7.85 | 48.87 | ↓83.9%
RoBERTa-large (Liu et al. 2019) 10.42 | 51.48 | ↓79.8% 18.02 | 67.92 | ↓73.5% 12.06 | 45.58 | ↓73.6% 16.65 | 63.20 | ↓73.7% 16.77 | 72.70 | ↓76.9%
GPT-Zero (Tian 2023) 17.42 | 54.99 | ↓68.3% 14.55 | 58.54 | ↓75.2% 19.22 | 48.66 | ↓60.5% 16.56 | 75.21 | ↓78.0% 15.57 | 78.23 | ↓80.2%
DetectGPT (Mitchell et al. 2023) 14.20 | 41.62 | ↓65.9% 18.60 | 70.50 | ↓73.7% 22.63 | 57.33 | ↓60.5% 28.47 | 67.98 | ↓58.1% 19.43 | 68.60 | ↓71.7%
Ghostbuster (Verma et al. 2024) 15.26 | 53.80 | ↓71.7% 12.46 | 43.08 | ↓71.1% 15.48 | 49.83 | ↓68.9% 14.69 | 65.63 | ↓77.6% 13.50 | 66.86 | ↓79.8%
RAIDAR (Mao et al. 2024) 18.03 | 50.28 | ↓64.1% 24.26 | 71.86 | ↓66.3% 24.62 | 51.56 | ↓52.2% 22.26 | 70.40 | ↓68.4% 24.61 | 65.21 | ↓62.3%
Binoculars (Hans et al. 2024) 20.37 | 57.42 | ↓64.5% 20.70 | 67.91 | ↓69.5% 21.54 | 57.38 | ↓62.5% 31.33 | 82.39 | ↓62.0% 25.17 | 60.31 | ↓58.3%
R-Detect (Song et al. 2025) 18.38 | 59.92 | ↓69.3% 22.51 | 70.62 | ↓68.13% 19.25 | 55.71 | ↓65.4% 27.42 | 73.60 | ↓62.7% 24.27 | 66.33 | ↓63.4%
SentiDetect-SDC (Ours) 32.22 | 63.48 | ↓49.2% 48.05 | 89.53 | ↓46.3% 37.03 | 70.72 | ↓47.6% 46.05 | 86.54 | ↓46.8% 45.31 | 86.40 | ↓59.2%
SentiDetect-SDP (Ours) 28.60 | 60.16 | ↓52.5% 46.79 | 89.79 | ↓47.9% 32.39 | 63.42 | ↓48.9% 40.28 | 83.59 | ↓51.8% 43.53 | 88.29 | ↓50.7%

Table 3: Detection performance degradation under adversarial perturbations on News, HumanEval, Student Essay, Paper,
and Yelp datasets. Each cell shows: perturbed score(↑) | original score(↑) | ↓relative decrease percentage(↓). The best and
second-best perturbed scores are marked in bold and underlined, respectively.
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Figure 5: Comparison of varying text length on the News,
HumanEval, Student Essay, and Paper datasets.

(III) Effect of Input Text Length. Due to the sensitivity
of detection to the text length, we evaluate the performance
of our method on GPT-4-0613 under different input lengths,
as shown in Figure 5. For the Yelp and HumanEval datasets,
the input texts tend to be short, and thus, it may be nec-
essary to concatenate multiple samples together. Each data
point represents the average performance for inputs of a spe-
cific length, calculated by aggregating samples with a length
within ±10 words. We can see that SentiDetect achieves the
highest scores across different lengths and is robust to sam-
ples from various fields. It is also worth noting that many
existing detectors show poor performance in situations with
short inputs. However, even if the input is as short as about
20 words, our method can still achieve superior detection
scores, demonstrating its robustness to short text detection.

Short Text Detection. Notably, we observe that zero-shot
detectors often require sufficient text length for reliable anal-
ysis. For shorter text samples, advanced language models
can more closely approximate human expression patterns,
making the distinction more challenging based on limited

content. Aggregating multiple short texts can help capture
broader sentiment distribution stability features, thereby im-
proving detection performance. While longer inputs gen-
erally enhance detection performance, the results on Hu-
manEval first increase with text length and then decrease,
suggesting that excessively long inputs may not always lead
to better results and could even impair detection.

Student Essay Yelp Review
I=3 I=5 I=7 I=9 I=3 I=5 I=7 I=9

SentiDetect-SDC 59.03 59.56 56.62 56.60 77.02 77.58 77.74 77.63
SentiDetect-SDP 56.73 57.01 56.94 56.92 80.16 80.31 80.42 80.44

Table 4: Effect of the number of LER prompts on the Student
Essay and Yelp datasets.

(IV) Number of LER Prompts (I). We investigate how
the number of LER rewriting (I) influences detection perfor-
mance using GPT-4-0613 on the Essay and Yelp datasets. As
shown in Table 4, both SentiDetect-SDC and SentiDetect-
SDP show performance gains as I increases. However, the
improvements tend to plateau with larger I , indicating di-
minishing returns. These findings suggest that moderate
rewriting (e.g., I=5) is generally effective, while excessive
rewriting may offer limited benefits.

Conclusion
In this paper, we present SentiDetect, a novel model-
agnostic framework for detecting LLM-generated text by
analyzing sentiment distribution stability, particularly the
stability under low-emotional rewriting. Based on empirical
observations of sentiment divergence, our method achieves
superior detection performance across five diverse domains:
news articles, programming code, student essays, academic
papers, and community comments, leveraging various ad-
vanced LLMs. Experiments demonstrate that SentiDetect
outperforms existing state-of-the-art baselines, significantly
improving F1 detection scores by over 16% on Gemini-
1.5-Pro and over 11% on GPT-4-0613. Furthermore, it also
exhibits strong resilience against several adversarial chal-
lenges, including paraphrasing attacks, adversarial perturba-
tions, and variable text lengths. This work advances the field
by bridging the robustness gap in LLM-generated text de-
tection and offers a scalable, cross-domain solution.
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