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Abstract
With the explosive growth of text generated by
large language models (LLMs) on the internet,
technologies for detecting LLM-generated text are
increasingly important. However, existing tech-
nologies often require frequent access to LLMs
during detection, significantly restricting their ap-
plication in scenarios where only the text is acces-
sible. To tackle this challenge, we identify that
human-written texts exhibit higher entropy than
LLM-generated texts. Motivated by this, we pro-
pose a novel method named IED, which lever-
ages the Information Entropy for generative text
Detection. Specifically, IED first transforms the
given text into a vector of which each dimension
represents the information entropy of each word,
and then adopts a classifier to conduct the detec-
tion. Further, we propose IEGD which adopts the
information gain to construct the vector by en-
hancing the differentiation between human-written
and LLM-generated texts. To evaluate the effec-
tive of the proposed method, we construct a new
large-scale dataset comprised of generated texts us-
ing various LLMs (LLaMA-7B, GPT-NeoX, etc.).
Extensive experiments show that the proposed
methods achieve improvement over state-of-the-art
methods by up to 10.81%.

1 Introduction
Large language models (LLMs) recently exhibited the pow-
erful ability to generate textual data [Liu et al., 2023b;
Li et al., 2024a; Li et al., 2025b], achieving great attention.
However, LLMs may also be abused by malicious actors to
generate large volumes of spam text, e.g., generating mis-
leading public opinion content and fraudulent academic ma-
terial [Wang et al., 2025b; Li et al., 2024b]. Considering this,
there is an imperative for the development of efficient detec-
tion technologies capable of accurately discerning whether
the text is generated by humans or LLMs.

Many approaches [Quidwai et al., 2023; Bhattacharjee et
al., 2024; Mitchell et al., 2023; Bao et al., 2023] have been
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proposed to detect generated text, which can be generally di-
vided into two classes depending on the type of internal in-
formation utilized by LLMs, i.e., weights and intermediate
layer output. The methods utilizing weight information ex-
plore the magnitude of weight fluctuations to discern if the
text has been generated by LLMs, i.e., substantial weight al-
terations pointing towards LLM-generated text, while slight
modifications in weights are human-written [Bakhtin et al.,
2019]. Other methods use intermediate layer output, such
as log probability for each word, to perturb the text and ob-
serve the changes in log probability [Taguchi et al., 2024;
Wang et al., 2023b; Mitchell et al., 2023; Wang et al., 2023a].
A decrease in log probability indicates text generated by
LLMs, while an increase or a small change in log probability
suggests text written by humans. While these techniques are
highly effective for detecting text when internal model infor-
mation (e.g., gradients, hidden states) from LLMs is acces-
sible, their utility is limited in black-box settings where only
the generated text is available.

In this work, we seek to develop a technique that relies not
on internal mechanisms of LLMs but entirely on the informa-
tional content of the text itself to determine whether text is
authored by humans or generated by LLMs. Particularly, we
identify that human-written text exhibits higher information
entropy (IE) than LLM-generated text. Inspired by this obser-
vation, we introduce an innovative methodology named IED,
which leverages the information entropy for generative text
detection. IED first calculates the information entropy value
of each word and then transforms each given input text into an
IE vector by using the calculated IE. Finally, IED inputs the
transformed IE vector into a binary classifier. Furthermore,
we propose a novel method named IEGD, which leverages
the information gain to construct a text vector, thereby en-
hancing the differentiation between human-written and LLM-
generated texts. Experimental results on various datasets and
models demonstrate that our method can significantly en-
hance detection accuracy. Our contributions are:

• We identify that human-written texts usually exhibit
higher information entropy than LLM-generated text.
As we know, this research is the first to explore the de-
tection of LLM-generated text using information entropy
gain from an information-theoretic standpoint.

• We propose the novel information entropy-based meth-
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ods for distinguishing between human and LLM-
generated texts. Our information entropy detection
method is a technique that functions independently of the
internal specifics (e.g., architecture, weights) of LLMs,
making it broadly applicable.

• We construct a new large-scale dataset comprised of
generated texts using various LLMs and prompts from
real datasets. Extensive experiments on 9 advanced
and commercial LLMs (GPT-4, Qwen-2, GPT-3.5-turbo,
LLAMA-13B, etc.) show that our method outperforms
state-of-the-art detection methods by up to 10.81%.

2 Related work
In this section, we discuss representative approaches to de-
termine whether humans or LLMs produce the text. These
approaches mostly consist of leveraging internal mechanisms
of LLMs, statistical analyses of feature information, and wa-
termarking techniques.
Leveraging internal mechanisms of LLMs. Many ap-
proaches capitalize on the intricate workings of LLMs, in-
cluding intermediate layer outputs and weight parameters,
to discriminate between human-written and LLM-generated
texts [Taguchi et al., 2024; Wang et al., 2023b; Wang et al.,
2023a; Bakhtin et al., 2019]. These methods introduce sub-
tle text modifications to track changes in log probabilities.
A conspicuous decline in log probability typically points to
text generated by large language models. Conversely, an el-
evation in log probability or insignificant variations tends to
imply human authorship [Mitchell et al., 2023; Bao et al.,
2023]. Other methods utilize weight information to explore
the magnitude of weight fluctuations [Bakhtin et al., 2019;
Wang et al., 2026]. While these methodologies demon-
strate considerable efficacy in identifying text origins when
afforded access to the internal workings of LLMs, their util-
ity is constrained in scenarios where solely the text itself is
accessible. Our approach differs fundamentally from theirs
in both methodology and underlying assumptions. It is inde-
pendent of the complex internal mechanics of LLMs and har-
nesses the metric of IE gain to distinguish human-written and
LLM-generated text. Also, our approach’s model-agnostic
property confers notable universality, seamlessly detecting
across a wide array of LLMs without necessitating bespoke
optimization for each model [Wang et al., 2025a].
Statistical analyses of feature information. Aiming at de-
tecting text generated by small models, multiple methods em-
ploy statistical analysis to examine various features of the
text, such as word choice, sentence structure, and stylistic
elements, comparing them against known human or gener-
ation patterns to detect discrepancies that might indicate non-
human authorship [Wang et al., 2023b; Shi et al., 2024;
Gao et al., 2018; Li et al., 2025a]. Nevertheless, statistical
approaches are inherently limited in detecting the text gen-
erated by LLMs. Particularly, they rely solely on patterns
within vocabulary and structure, which can lead to overfitting
in high-dimensional [Wu et al., 2023]. As LLMs continue
to advance, their capabilities have reached near parity with
human performance, thereby progressively undermining the
effectiveness of conventional statistical methods.

Figure 1: The chart displays the information entropy distribution of
samples from the TOEFL dataset. The human-written text exhibits
significantly higher information entropy compared to the text gener-
ated by LLMs.

Watermarking techniques. Watermarking constitutes an
intricate, embedded detection technique that entails the so-
phisticated embedding of cryptic identification information
within the very substrate of the generated text [Gehrmann
et al., 2019; Fröhling and Zubiaga, 2021; Antoun et al.,
2023]. It allows for identifying the source and validity of
the content during subsequent detection [Lancaster, 2023;
Sadasivan et al., 2023]. Although the watermarking method-
ologies assure robustness [Kirchenbauer et al., 2023], they
are employed at the creation stage as opposed to being uti-
lized for subsequent detection efforts.

3 Methodology
In this section, we introduce a framework named IED, which
leverages Information Entropy to discern whether the text is
human-written or LLM-generated. Specifically, IED first cal-
culates the entropy value of each word and transforms the in-
put text into an explicit information entropy vector. Then, it
adopts a classifier to conduct the detection based on this vec-
tor. As shown in Figure 5, this architecture guides the model’s
semantic capacity with a discriminative, theory-driven sig-
nal, enhancing the differentiation between human-written and
LLM-generated texts.

3.1 Motivation
By comparing the texts written by humans and generated
by LLMs, we find that the information entropy of human-
written text is higher than LLM-generated text. Specifically,
we compiled a corpus of broader sample essays written for
the TOEFL exam from online sources. We employed three
advanced language models – GPT-2 [Radford et al., 2019]
and LLaMA-7B [Touvron et al., 2023] for the essay genera-
tion task, intending to conduct a thorough comparison against
essays authored by humans. Let q(xj

i ) be the frequency of
word xj

i occurring in the document xi, and W be the num-
ber of different words. We then can compute the information
entropy H(xi) of each input document xi as:

H(xi) = −
W∑
j

q(xj
i ) log2 q(x

j
i ) (1)
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As shown in Figure 1, the IE of human-written texts is
higher than LLM-generated texts overall. For instance, the
IE of most human-written documents is higher than 3050 (in-
dicated by the horizontal dashed line), while that of most
LLM-generated documents is smaller than 3050. The main
reason is higher IE generally indicates more variability, un-
predictability, and randomness in the text, which corresponds
to the characteristics of human writings, which are replete
with a broad spectrum of lexical choices and syntactical con-
figurations. Conversely, LLMs tend to generate texts that of-
ten conform to structured patterns, which are inherently lim-
ited by the scope of the training corpus and algorithmic logic,
lacking intrinsic human creativity.

3.2 IED: Information Entropy based Detection
In this section, we introduce IED to discern whether text x
originates from LLMs or humans based on the IE. IED mainly
consists of two steps, i.e., calculating the information entropy
to construct an entropy-word mapping table and then training
the text classifier based on this table.
LLM-generated Text Dataset Construction. Due to the
lack of readily available LLM-generated text databases, we
collect sufficient and representative samples of generated text
for each model to be evaluated. To achieve this, we first con-
struct a diversified prompt set C = {c1, c2, · · · , cn} from
datasets such as X-sum [Narayan et al., 2018] and RoFT
[Dugan et al., 2023] by extracting the questions existed in
their samples. Then, we randomly sample a prompt ci from
the prompt set C and input it to each LLM j ∈ [S] to generate
the text x(i−1)∗j+i = LLMj(ci), where S denotes the num-
ber of LLMs. Next, the generated text x(i−1)∗j+i is added to
the generation dataset T by T = T ∪{x(i−1)∗j+i}. This pro-
cess performs MT iterations, i.e., constructing MT samples
for the dataset T . This approach guarantees uniformity and
equity in the sampling process, cementing a robust ground-
work for LLMs’ subsequent evaluation and analysis.
Calculating Information Entropy. The dataset D is
composed of LLM-generated dataset T and human-written
dataset U . we decompose all the texts in the dataset D into a
1-gram set G= {g1,. . . ,gW}. Then, by counting the number
r(gi, T ) of occurrences of the word gi in the entire dataset T ,
we can calculate the frequency q(gi, D) of each word gi in
dataset D:

q(gi, D) =
r(gi, D)∑

gj∈G r(gj , D)
(2)

we calculate the H(gi, D) with equation (3).

H(gi, D) = −q(gi, D) log2 q(gi, D) (3)

Finally, the IE of the word gi is added to the dictionary D by
D = D ∪ {(gi, H(gi, D)}.
Text Classification. For ease of classification, we transform
the input text into a vector composed of information entropy
gain values by retrieving the mapping table. Then, this vec-
tor is adopted as the input for the classification network. This
approach enhances the model’s ability to discern subtle pat-
terns and anomalies within the text, potentially improving the
accuracy and reliability of the detection process.

Specifically, we refer to the mapping table M to
get the corresponding information entropy vector ei for

the input text xi remaining to be detected, i.e., ei =
[M(x1

i ),M(x2
i ), . . . ,M(xW

i )]. Then, we transform the in-
formation entropy vector ei to the backbone θb of the neural
network, obtaining the hidden feature vector zi = fb(ei, θb).
Let θh be the classifier parameter. The detection label is ob-
tained by ŷi = fh(zi, θh). Let l(·) be the loss function. Then,
our objective is to train the classifier θh by minimizing the
average of all sample loss L(ŷi, yi; θh):

min
θh

L(θh)=:
1

M

M∑
i=1

l(yi, ŷi; θh)=
1

M

M∑
i=1

l(yi, fh(zi, θh))

(4)

Note that we keep the parameter θb unchanged during train-
ing and only train the classification layer with θh = θh −
η∇L(ŷi, yi, θh) to improve the efficiency of fine-tuning the
model parameter, where η is the learning rate.

3.3 IEGD: Information Entropy Gain based
Detection

Drawing upon our insightful observations, we endeavored to
leverage information entropy gain as a pivotal element in our
experimental design. Particularly, built upon the IE, infor-
mation entropy gain quantifies the decrease in uncertainty
pertinent to data categorization, further enriching the ana-
lytical depth of IE. While IED has demonstrated robust ef-
ficacy in characterizing textual patterns, the concept of IEG
extends this theoretical foundation by providing a quanti-
tative measure of distributional differences between human
and machine-generated text features. Specifically, informa-
tion entropy gain enhances discrimination capability when
employed with information entropy metrics, offering a sys-
tematic approach to identifying distinctive linguistic patterns
between the two text categories. Therefore, we further ex-
tends the IED to IEAD that uses the information entropy gain
to vectorize the input texts.
Calculating Information Entropy Gain. Let D be the same
dataset composed of LLM-generated dataset T and human-
written dataset U . We first calculate the information entropy
H(D) of the whole dataset D:

H(D) =
∑
gi∈G

H(gi, D) (5)

We divide the dataset D into two subsets: Dgi contains the
text with gi, and D¬gi doesn’t contain g. Then, we calculate
the conditional entropy H(D|gi):

H(D|gi) =
|Dgi |
|D|

H(Dgi) +
|D¬gi |
|D|

H(D¬gi) (6)

Next, we calculate the information gain ∆H(D|gi) by

∆H(D, gi) = H(D)−H(D|gi) (7)

Based on the information entropy gain of all words, we trans-
form the texts into the vectors of information entropy gain.
Finally, we train the classifier θh using the same equation (4).
The algorithm and illustration of IEGD can be found in Ap-
pendix A.
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Figure 2: The detailed processes of IED. It operates through two primary stages: mapping table construction and text classification. In the
first stage, we calculate per-word information entropy. In the second stage, texts are encoded into vectorial form by harnessing the entropy
gain values indexed within the table, and the procedure equips the classifier with the requisite data.

4 Experiments
In this section, we first introduce the experimental setup for
the datasets, implementation details of the IEGD, and the
baselines. We evaluated the accuracy of our approach on four
datasets and compared it with state-of-the-art algorithms. Fi-
nally, we assessed the impact of hyperparameters on our pro-
posed method.

4.1 Experiment setting

Dataset&LLMs.Our experiment employs a meticulously cu-
rated collection of four datasets to rigorously appraise the
capabilities of generated text detection across a spectrum
of domains. For instance, news articles from the XSum
dataset [Narayan et al., 2018] are used for news detec-
tion. Wikipedia paragraphs from SQuAD contexts [Ra-
jpurkar et al., 2016] represent machine-written academic es-
says and prompted stories from the Reddit WritingPrompts
dataset [Fan et al., 2018] gauge the models’ ability to gener-
ate creative writing similar to human submissions. To further
test the model’s robustness against shifts in data distribution.
We include various topics from the RoFT dataset [Dugan et
al., 2023]. We use various LLMs to generate text, i.e., GPT-
2 [Radford et al., 2019], OPT-2.7B [Zhang et al., 2022],
Neo-2.7B [Gao et al., 2020], LLaMA-7B [Touvron et al.,
2023], LLaMA-13B, GPT-NeoX [Black et al., 2022], GPT-
3.5-turbo, GPT-4, Qwen-2 [Wang et al., 2024].
Metrics. To evaluate the detector’s ability to distinguish be-
tween texts generated by LLMs or humans, we employ Ac-
curacy (A), AUROC,F1 scores (F1) and Recall (R) as perfor-
mance metrics.

Baselines. We compared our method with various ap-
proaches for detecting LLM-generated text. FastDetect-
GPT [Bao et al., 2023] is a method for detecting text gener-
ated by large language models (LLMs), which works by eval-
uating the conditional probability curvature associated with
sampled alternative tokens. The Log-Rank is employed to
assess whether text generated by a model is based on the
value of the log perplexity. GLTR [Gehrmann et al., 2019]
integrates a suite of statistical techniques, employing visual
analytics to assist users in discerning text generated by mod-
els. DetectGPT [Mitchell et al., 2023] exploits the curvature
characteristics of language model probability functions to dis-
cern synthesized text. LLMDet [Wu et al., 2023] assesses the
provenance of generated text by calculating the surrogate per-
plexity for each LLM. SeqXGPT [Wang et al., 2023a] trans-
lates sentences into waveforms akin to those in speech pro-
cessing, leveraging convolutional networks and self-attention
mechanisms for sentence-level detection of generated text.
GECScore [Wu et al., 2024] determines whether text orig-
inates from LLMs by feeding it into a grammar error cor-
rection model, quantifying the similarity between the origi-
nal and corrected texts. COCO [Liu et al., 2023a] uses con-
trastive learning to detect text.

Implementation Details. To ensure the reproducibility and
efficiency of our experiments, all computations were meticu-
lously conducted on a high-performance computing platform
running the Ubuntu operating system. The system is pow-
ered by an Intel Xeon Platinum 8176 CPU@2.10GHz, deliv-
ering robust computational capabilities for data processing.
To handle the memory-intensive tasks associated with large
language models, the platform is equipped with a substantial
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Dataset ACC(%) FastDetectGPT DetectGPT LLMDet SeqXGPT GECScore COCO IED IEGD

X
-s

um
GPT-2 72.87± 3.51 80.25± 1.58 71.07± 3.93 87.16± 1.33 82.37± 2.37 89.22± 5.11 80.81± 5.64 92.60± 3.87

OPT-2.7 81.57± 2.37 75.47± 0.21 74.36± 4.94 84.32± 2.40 79.51± 1.03 85.25± 5.22 86.82± 2.32 91.68± 2.21
Neo-2.7B 82.23± 1.67 68.80± 1.28 70.16± 2.46 79.04± 1.37 70.71± 1.57 81.86± 2.28 92.94± 3.98 93.50± 3.77

LLaMA-7B 84.16± 2.61 75.30± 1.68 75.80± 1.35 85.41± 5.80 76.28± 0.58 83.93± 4.68 85.47± 1.05 90.40± 0.23
LLAMA-13B 77.21± 3.62 68.80± 1.58 69.86± 3.79 74.95± 4.70 69.85± 3.12 79.28± 3.54 81.98± 1.44 83.91± 3.18

GPT-NeoX 79.24± 1.07 67.71± 1.58 67.52± 4.90 76.76± 3.65 69.77± 1.82 82.38± 4.09 84.02± 5.08 86.98± 1.39
GPT-3.5-turbo 81.58± 1.76 75.68± 2.03 65.57± 2.82 82.88± 1.40 69.99± 1.98 84.84± 8.03 87.51± 6.80 92.15± 1.44

GPT-4 76.17± 1.81 81.89± 2.84 68.95± 4.57 84.77± 1.61 71.65± 1.34 89.62± 1.63 90.68± 2.61 93.46± 1.52
Qwen-2 81.42± 2.35 70.55± 2.72 66.51± 3.73 83.87± 2.91 73.96± 1.77 87.50± 1.58 92.65± 1.68 93.31± 1.24

SQ
uA

D

GPT-2 80.82± 1.95 73.78± 4.71 70.21± 1.89 89.10± 3.62 84.25± 1.68 91.47± 2.06 90.05± 3.45 96.97± 1.92
OPT-2.7 78.58± 1.82 71.12± 1.50 72.96± 1.03 81.56± 2.37 75.67± 3.59 83.06± 2.98 86.69± 1.33 87.89± 5.34

Neo-2.7B 81.69± 1.56 72.97± 2.16 78.17± 1.68 84.16± 53.5 70.45± 2.10 83.48± 1.17 76.90± 1.30 86.40± 1.53
LLaMA-7B 80.99± 3.47 76.65± 0.69 78.51± 0.90 59.54± 1.91 75.06± 2.45 91.33± 4.17 89.17± 4.75 95.17± 4.45

LLAMA-13B 86.91± 1.68 75.90± 4.42 73.59± 2.27 82.02± 0.19 73.73± 1.12 78.04± 0.18 82.62± 6.49 87.10± 1.06
GPT-NeoX 82.11± 0.45 69.22± 2.51 67.73± 1.68 79.28± 1.84 68.87± 2.53 83.79± 1.55 80.39± 5.57 85.75± 3.14

GPT-3.5-turbo 82.11± 0.45 78.28± 1.76 60.51± 1.96 87.08± 1.56 80.03± 2.34 87.65± 4.56 88.27± 3.17 91.97± 2.93
GPT-4 80.17± 0.72 82.66± 1.88 60.13± 2.85 86.78± 6.87 71.21± 1.65 82.42± 3.83 88.27± 3.74 98.57± 1.64

Qwen-2 81.61± 2.23 75.54± 2.39 71.46± 1.61 85.08± 1.51 65.98± 1.22 84.74± 1.49 93.11± 2.98 95.32± 1.55

W
ri

tin
gP

ro
m

pt
s

GPT-2 78.93± 1.64 76.70± 1.93 73.62± 1.97 85.28± 4.20 83.77± 1.08 83.22± 3.08 87.27± 1.71 94.32± 1.21
OPT-2.7 83.26± 2.97 71.33± 1.80 75.26± 1.80 78.15± 1.74 75.76± 3.90 80.81± 6.98 77.24± 3.75 82.08± 7.00

Neo-2.7B 81.95± 2.00 74.07± 0.56 76.02± 3.00 80.71± 1.15 74.98± 2.22 85.10± 2.28 82.27± 1.94 85.88± 0.23
LLaMA-7B 82.30± 2.55 62.97± 2.55 72.88± 3.51 73.77± 1.63 66.64± 2.65 84.48± 1.21 76.93± 1.56 87.79± 1.36

LLAMA-13B 81.38± 0.26 74.88± 0.97 78.53± 3.21 86.69± 1.05 78.82± 2.20 89.33± 2.42 85.83± 1.06 91.23± 5.06
GPT-NeoX 81.85± 1.45 71.04± 3.70 66.30± 2.22 80.58± 2.00 65.17± 3.48 84.19± 1.24 87.59± 4.14 90.55± 1.34

GPT-3.5-turbo 81.85± 1.45 72.29± 3.64 67.99± 1.76 80.09± 1.52 78.92± 1.55 88.05± 3.94 89.62± 1.36 89.71± 1.05
GPT-4 79.14± 1.24 75.26± 2.87 67.57± 1.94 86.91± 3.32 67.57± 1.94 84.52± 2.97 89.45± 1.86 90.86± 1.52

Qwen-2 76.29± 3.30 65.60± 2.69 61.73± 1.73 82.33± 1.08 69.66± 1.45 85.10± 2.76 88.82± 1.26 92.29± 2.13

R
oF

T

GPT-2 78.87± 2.66 73.73± 2.59 68.12± 8.35 80.97± 7.99 72.92± 7.34 77.42± 5.41 80.72± 1.26 82.63± 4.33
OPT-2.7 51.11± 5.20 76.57± 6.76 69.27± 6.53 80.58± 3.73 67.64± 2.21 69.81± 1.46 85.11± 2.60 91.36± 2.70

Neo-2.7B 81.75± 2.03 70.46± 1.71 68.84± 1.78 79.42± 3.88 71.84± 5.14 66.04± 3.08 76.40± 7.76 83.64± 1.21
LLaMA-7B 82.01± 1.44 57.88± 2.10 67.73± 7.47 79.81± 6.40 63.27± 1.27 72.88± 3.16 81.83± 4.98 84.04± 1.60

LLAMA-13B 76.22± 1.12 78.00± 1.67 72.06± 2.04 80.97± 1.83 78.63± 2.06 83.74± 1.14 90.37± 1.93 90.89± 0.88
GPT-NeoX 78.14± 1.34 72.26± 6.16 66.17± 2.22 71.46± 0.76 65.79± 0.50 70.93± 2.64 73.61± 2.91 74.15± 4.70

GPT-3.5-turbo 81.84± 0.67 74.36± 1.81 71.48± 8.87 85.06± 1.85 66.24± 3.49 82.22± 2.49 93.16± 2.98 90.19± 3.64
GPT-4 84.41± 1.62 75.21± 4.74 74.83± 2.68 73.51± 1.11 73.04± 1.07 82.71± 2.73 85.76± 3.05 90.23± 1.21

Qwen-2 78.15± 2.46 72.77± 1.91 59.87± 3.57 88.71± 3.84 74.76± 2.24 88.54± 2.72 90.93± 4.07 91.57± 1.62

Table 1: This table compares different methods’ performance on four datasets: X-sum, SQuAD, WritingPrompts, and RoFT. Our method
achieves higher average accuracy across all datasets than the other methods.

503 GB of memory. To accelerate the inference and calcula-
tion of information entropy, we utilized four NVIDIA Corpo-
ration GA102GL RTX A6000 GPUs.

4.2 Performance Evaluation
Accuracy. As detailed in Table 1, our proposed method
consistently demonstrates superior precision across di-
verse benchmarks, outperforming state-of-the-art baselines.
Specifically, on the X-sum dataset for GPT-2 generated text,
IEGD achieves a remarkable accuracy of 92.60%, surpass-
ing competitive methods like DetectGPT (80.25%) and Fast-
DetectGPT (72.87%). Beyond individual datasets, extensive
experiments indicate that our method achieves an improve-
ment over existing methods by up to 10.81%. This perfor-
mance disparity validates our foundational premise: human-
authored texts exhibit higher information entropy due to the
complexity of human thought and rich background knowl-
edge. In contrast, LLMs optimize for probability maximiza-
tion, resulting in structured, predictable patterns with lower
entropy. By quantifying this uncertainty gap, IEGD effec-
tively transforms subtle statistical variations into discrimina-
tive signals for accurate detection.

F1-score. As illustrated in Table 2, the experimental results
demonstrate the superior performance of IED and IEGD in
distinguishing LLM-generated text, maintaining a robust bal-
ance between precision and recall. On the WritingPrompts
dataset, IEGD achieves an F1 score of 89.97% for GPT-2 gen-
erated content, significantly outperforming baselines such as
Log-Rank (47.12%) and DetectGPT (74.06%). Similarly, for
OPT-2.7, IEGD attains an F1 score of 90.10%, showing a sub-
stantial lead over Log-Rank’s 48.86%. This dominance ex-
tends to the RoFT dataset, where IEGD consistently surpasses
competitors (e.g., 88.40% on GPT-2). By analyzing infor-
mation entropy at the lexical level, our methods effectively
capture the intrinsic differences in statistical distributions and
underlying structures of texts. Beyond merely identifying
superficial discrepancies, these entropy-based measures am-
plify the underlying contrast by quantitatively reflecting the
varying degrees of uncertainty, randomness, and informa-
tional richness. The subtle yet crucial distinctions in textual
properties between human and LLM-generated content are
translated into more pronounced and empirically measurable
signals, significantly enhancing detection capabilities even in
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Figure 3: Performance comparison of various text generation detection methods across four detection tasks. Each bar chart displays the detec-
tion performance of different methods for a specific task, measured by AUROC. Our method performs the best across all tasks, significantly
surpassing other detection methods.

Dataset F1(%) Log-Rank DetectGPT LLMDet SeqXGPT GECScore COCO IED IEGD

W
ri

tin
gP

ro
m

pt
s

GPT-2 47.12± 2.43 74.06± 1.03 66.91± 2.27 88.13± 2.53 63.35± 7.28 88.72± 4.79 85.34± 2.48 89.97± 2.75
OPT-2.7 48.86± 3.31 67.43± 4.10 73.65± 3.96 85.08± 1.63 75.39± 4.68 86.30± 6.12 89.32± 2.45 90.10± 1.95

Neo-2.7B 54.98± 2.04 72.46± 5.21 74.48± 1.23 79.82± 1.26 73.91± 5.55 90.79± 6.38 92.45± 1.63 94.12± 2.11
LLaMA-7B 60.95± 4.18 65.89± 1.29 58.26± 3.52 76.21± 4.66 70.08± 2.43 81.93± 1.02 88.74± 3.25 91.12± 2.22

LLAMA-13B 51.94± 3.48 76.35± 6.79 63.89± 3.92 76.48± 1.99 74.57± 2.45 83.07± 3.90 84.47± 3.08 86.42± 2.93
GPT-NeoX 56.53± 1.10 76.62± 3.44 64.11± 10.73 80.24± 4.24 69.83± 1.48 82.16± 1.78 86.79± 2.59 88.54± 2.22

GPT-3.5-turbo 50.08± 2.20 59.93± 1.71 65.39± 2.40 77.93± 2.04 63.10± 1.49 72.36± 4.79 80.54± 3.23 89.05± 2.15
GPT-4 50.72± 4.66 71.92± 6.58 59.63± 1.19 85.59± 2.96 60.39± 3.15 72.91± 3.53 81.03± 2.16 89.41± 1.22

Qwen-2 46.68± 3.94 67.24± 1.51 59.38± 3.65 64.87± 3.57 71.60± 1.80 76.81± 4.21 86.44± 2.04 89.07± 2.70

R
oF

T

GPT-2 53.84± 1.77 62.72± 2.39 79.66± 08 69.31± 1.38 83.42± 2.18 81.27± 3.09 87.27± 3.09 88.40± 1.73
OPT-2.7 49.48± 3.04 84.28± 1.38 64.35± 1.02 79.05± 1.52 67.94± 1.35 83.41± 2.49 86.43± 1.67 89.24± 1.80

Neo-2.7B 51.26± 1.88 71.96± 1.22 66.91± 1.53 81.11± 1.48 87.18± 1.80 85.16± 1.48 81.45± 1.42 90.22± 1.25
LLaMA-7B 50.98± 1.36 71.41± 2.73 63.16± 2.86 80.68± 3.82 68.22± 2.27 80.41± 2.47 87.49± 1.36 90.81± 2.49

LLAMA-13B 52.47± 3.48 72.47± 1.62 63.67± 1.565 78.86± 1.92 65.74± 3.15 80.79± 1.43 90.22± 1.57 91.80± 2.91
GPT-NeoX 53.85± 1.58 70.83± 2.80 62.05± 1.54 77.78± 1.42 67.59± 1.93 82.72± 1.06 85.00± 1.65 88.60± 3.36

GPT-3.5-turbo 50.99± 3.55 81.96± 1.02 64.71± 2.65 79.85± 1.57 68.22± 1.59 81.51± 2.10 85.16± 1.79 89.05± 1.88
GPT-4 52.10± 2.37 68.07± 1.95 53.20± 1.62 78.21± 2.34 65.96± 1.35 81.62± 2.97 87.44± 1.74 86.85± 1.31

Qwen-2 50.82± 2.71 71.97± 1.19 67.44± 2.11 78.98± 1.81 66.50± 1.60 80.43± 2.65 87.26± 1.54 90.03± 2.49

Table 2: This table compares different methods’ F1-score on the WritingPrompts and RoFT dataset. Our method achieves a higher F1 score
across all datasets than the other methods.

complex creative writing scenarios.

Recall. As illustrated in Table 3, the experimental results on
the X-sum dataset reveal the superiority of IED and IEGD
over other state-of-the-art detection methods when evaluat-
ing texts generated by various LLMs. Specifically, IEGD
achieves a recall rate of 93.9% for content generated by GPT-
2, significantly outperforming baselines such as Log-Rank
and COCO . This trend extends to the SQuAD dataset, where
both IED and IEGD consistently achieve high recall rates
across a variety of models. These findings underscore the
consistent advantage of IED and IEGD in identifying and

distinguishing between human-authored and LLM-generated
texts. The superior performance is attributed to their ability
to capture both statistical and structural differences.

Ablation Study. Table 4 presents an ablation study focusing
on the performance of the IED and IEGD methods when com-
bined with different transformer-based classifier backbones.
Across all datasets, the IEGD variant consistently outper-
forms its IED counterpart. IEGD-BERT achieves 85.99% on
X-sum compared to IED-BERT’s 79.56%. Similarly, IEGD-
RoBERTa scores 92.41% on SQuAD, while IED-RoBERTa
scores 86.91%. This suggests that using Information Entropy
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Dataset R(%) Log-Rank DetectGPT LLMDet SeqXGPT GECScore COCO IED IEGD

X
-s

um
GPT-2 50.58± 6.62 72.46± 1.10 69.36± 8.14 92.62± 3.03 70.42± 3.41 84.44± 4.37 90.73± 2.97 93.17± 4.05

OPT-2.7 60.69± 4.97 78.54± 3.52 73.89± 1.22 81.39± 2.72 79.27± 1.96 90.33± 1.44 89.64± 2.25 94.40± 1.44
Neo-2.7B 56.29± 2.48 70.05± 2.22 76.38± 1.59 85.59± 5.61 69.33± 1.14 86.84± 7.02 90.48± 3.17 93.95± 2.88

LLaMA-7B 54.64± 2.25 65.64± 5.93 74.92± 1.28 81.23± 1.33 75.08± 9.48 90.00± 5.05 92.09± 2.68 92.28± 1.23
LLAMA-13B 52.63± 1.07 66.12± 5.56 71.81± 3.33 75.21± 1.75 75.40± 4.52 85.96± 2.48 83.29± 1.81 86.48± 3.24

GPT-NeoX 45.04± 1.73 67.48± 1.56 65.67± 2.79 75.45± 5.65 71.38± 1.19 82.05± 5.38 85.49± 1.62 88.22± 0.44
GPT-3.5-turbo 47.10± 3.63 70.24± 2.25 62.54± 1.79 74.90± 2.46 65.44± 1.79 65.44± 1.71 78.70± 1.03 82.32± 2.75

GPT-4 45.96± 2.37 69.15± 4.75 53.86± 1.66 75.42± 2.43 58.93± 2.08 78.59± 3.34 85.91± 1.67 89.35± 2.42
Qwen-2 43.80± 2.89 66.96± 1.73 52.78± 4.42 65.48± 5.44 56.90± 2.28 70.99± 2.64 80.34± 8.59 85.84± 2.32

SQ
uA

D

GPT-2 49.41± 2.05 66.48± 1.03 60.62± 1.33 74.78± 1.45 68.19± 2.27 78.94± 1.46 85.91± 2.49 88.19± 1.89
OPT-2.7 56.80± 2.92 67.01± 1.02 63.62± 1.09 80.93± 2.47 63.55± 2.31 78.50± 1.95 85.40± 1.94 90.37± 2.62

Neo-2.7B 48.85± 1.76 58.89± 1.93 80.40± 1.49 57.88± 1.29 78.04± 2.97 89.78± 1.14 86.01± 1.02 90.04± 0.78
LLaMA-7B 48.32± 2.67 65.14± 2.16 53.60± 1.35 78.62± 1.12 64.56± 1.10 82.28± 1.33 90.62± 1.58 87.00± 1.49

LLAMA-13B 51.09± 2.10 64.78± 1.09 58.70± 2.41 75.85± 1.63 66.25± 1.08 71.43± 2.75 83.35± 1.03 83.29± 2.56

GPT-NeoX 46.42± 3.92 68.60± 1.88 59.51± 2.52 77.69± 1.70 65.15± 2.82 73.79± 1.23 81.87± 1.80 84.31± 2.9
GPT-3.5-turbo 43.56± 1.35 73.69± 2.13 68.34± 2.22 79.03± 4.01 60.00± 2.39 75.33± 1.72 80.75± 1.93 85.10± 1.71

GPT-4 50.92± 4.19 62.06± 2.45 73.29± 2.33 63.90± 2.94 77.90± 2.05 80.13± 2.93 79.13± 2.93 86.68± 2.74
Qwen-2 46.23± 1.76 70.32± 3.64 61.05± 1.84 76.59± 2.63 64.41± 3.09 79.43± 2.14 81.13± 1.68 82.07± 1.31

Table 3: This table compares different methods’ recall on the X-sum and SQuAD dataset. Our method achieves higher recall across all
datasets than the other methods.

Classifier X-sum SQuAD WritingPrompts RoFT
IED-BERT 79.56 ± 3.47 79.39 ± 3.16 84.01 ± 2.08 79.04 ± 4.08

IEDG-BERT 85.99 ± 1.08 87.57 ± 0.30 88.34 ± 3.64 86.12 ± 1.85
IED-RoBERTa 81.47 ± 3.08 86.91 ± 2.14 88.00 ± 0.81 87.51 ± 1.05

IEDG-RoBERTa 84.78 ± 3.00 92.41 ± 0.98 91.65 ± 4.19 88.04 ± 4.12
IED-DistilBERT 75.70 ± 0.11 80.53 ± 0.57 83.25 ± 2.05 81.85 ± 1.92

IEDG-DistilBERT 80.63 ± 0.33 83.24 ± 4.94 84.20 ± 2.68 85.32 ± 2.36
IED-ALBERT 79.88 ± 5.23 80.74 ± 2.25 81.05 ± 1.23 84.11 ± 1.03

IEDG-ALBERT 82.99 ± 2.93 81.46 ± 0.50 82.74 ± 0.25 85.16 ± 0.29

Table 4: Ablation Study of IED/IEGD with Different Classifier Backbones on Benchmark Datasets.

Gain provides more discriminative features for distinguish-
ing between human-written and LLM-generated text than us-
ing Information Entropy alone. The IEGD feature engineer-
ing approach is more effective than the IED. Using more
powerful classifier backbones like RoBERTa and BERT with
IEGD features yields the best performance. Furthermore,
even lighter models like DistilBERT can achieve competitive
results when combined with the potent IEGD features. This
demonstrates that the robustness of our feature engineering
can compensate for reduced model complexity, making them
viable options when computational resources are a concern.

5 Conclusion
We proposed a model-agnostic framework for detecting
LLM-generated text named IEGD. Our findings confirm that
human-written content exhibits inherently higher information
entropy than the structured, predictable patterns produced by
LLMs. IEGD leverages this distinction by quantifying un-
certainty reduction, transforming subtle statistical variations
into discriminative signals. Future work will incorporate con-
ditional entropy to capture fine-grained distributional dynam-
ics. By offering token-level resolution, this approach aims to
overcome the limitations of aggregate metrics like perplexity,
exposing the specific linguistic pacing essential for detecting
high-fluency generated content.

Limitations
The empirical validation of our methods predominantly re-
lies on datasets such as XSum, SQUAD, TOEFL, and Reddit
WritingPrompts, which are primarily English-based. Future
research needs to explore the information entropy character-
istics of different languages, potentially revealing unique pat-
terns in entropy distribution for certain languages (such as
Chinese) due to the characteristics of their writing systems.
Furthermore, the potential for adversarial attacks specifically
designed to circumvent entropy-based detection (e.g., by ma-
nipulating text to match expected human entropy profiles)
poses an ongoing challenge [Liu et al., 2026a]. While our
methods provide a strong baseline, their long-term robustness
against these evolving threats will require continuous evalu-
ation and potential adaptation, possibly by incorporating fea-
tures resilient to such manipulations or developing dynamic
thresholding mechanisms [Huo et al., 2025].
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