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Abstract

We introduce PRISMAI, an environment for001
the automatic detection of AI-generated text.002
Our contributions are threefold: Firstly, we re-003
lease the largest AI-detection dataset to date,004
comprising 537.588 human-written and AI-005
generated documents in both English and Ger-006
man across seven domains, including scientific007
writing, weblogs, parliamentary speeches, legal008
court cases, classic literature, news articles, and009
student essays, synthesized using state-of-the-010
art models. Secondly, we introduce LUMINAR,011
a CNN-based model for the automatic detec-012
tion of AI-generated texts. Our experiments013
show that by leveraging the hidden states of014
an LLM to derive intermediate likelihoods, our015
model, despite having a small footprint, can016
outperform other likelihood-backed baselines017
significantly while demonstrating strong gen-018
eralization capabilities in out-of-domain and019
out-of-language scenarios. Thirdly, we unify020
existing datasets into a common corpus called021
AIGT-WORLD and make it accessible through022
a publicly available web-based corpus explorer,023
which facilitates searching, reading, visualiz-024
ing, and interacting with the underlying data.025
By doing so, we aim to elevate research in this026
area, expand the field to include non-English027
texts, propose new models, and unify existing028
efforts to build toward a common dataset and029
objective.030

1 Introduction031

With the advent of the Transformer architecture032

(Vaswani et al., 2017), Large Language Models033

(LLMs) have been widely adopted in various as-034

pects of daily life (Veselovsky et al., 2023; Mu-035

rakami et al., 2023; Jiang et al., 2024), owing to036

their ability to generate high-quality text (OpenAI037

et al., 2024; Team et al., 2024a), in some cases even038

surpassing human writing (Gómez-Rodríguez and039

Williams, 2023). This has led to a massive influx040

of AI-generated text on the internet, with recent041

studies indicating a 57.3% increase on mainstream 042

websites and an 474% increase on misinformation 043

sites (Hanley and Durumeric, 2023), alongside a 044

rise in plagiarism cases (Bisi et al., 2023; Elali and 045

Rachid, 2023; Pudasaini et al., 2024). This issue 046

was further exacerbated by Lu et al. (2024), who 047

introduced the first fully automated AI Scientist — 048

a system composed of AI agents capable of gener- 049

ating entire scientific papers, from idea generation 050

to experimentation and final manuscript writing. 051

Consequently, concerns have emerged regarding 052

the long-term implications of AI-generated text, 053

not only for information reliability and content 054

originality but also for the broader digital ecosys- 055

tem (Shen and Zhang, 2024; Wang and Lu, 2025). 056

For instance, Shumailov et al. (2024) have shown 057

that recursively training language models on AI- 058

generated text (AIGT) leads to irreversible degra- 059

dation in model quality, a phenomenon known as 060

model collapse, where later-generation models ex- 061

perience catastrophic forgetting and a decline in 062

linguistic coherence. 063

To address these issues, research on the auto- 064

matic detection of AI-generated text has emerged 065

as a crucial field of study. Herein, the collection 066

of datasets (Yu et al., 2023; Su et al., 2023b; Li 067

et al., 2024) and the development of AI-detection 068

models (Wang et al., 2023; Verma et al., 2024) 069

have become the two primary objectives. With 070

PRISMAI, we contribute to this research by, first, 071

releasing the largest AI-detection dataset to date 072

(see Table 1), and second, introducing LUMINAR 073

a novel AI-written text detection model that uses 074

Convolutional Neural Networks on a likelihood- 075

based feature space to detect AI-generated snippets 076

within documents. Thirdly, as part of the PRISMAI 077

framework, we release everything as open-source1, 078

unify existing datasets into a single corpus called 079

1https://anonymous.4open.science/r/
PrismAI-ACL-824C/

1

https://anonymous.4open.science/r/PrismAI-ACL-824C/
https://anonymous.4open.science/r/PrismAI-ACL-824C/


AIGT-WORLD, and provide an interactive corpus080

explorer via a publicly accessible web portal2 that081

enables users to explore both human-written and082

AI-generated content through semantic searches083

and intuitive visualizations (screenshots of the por-084

tal are provided by Figure 5 in the appendix).085

2 Related Work086

We consider two parts of related work. First, we087

discuss models that have been developed for the au-088

tomatic detection of various forms of AI-generated089

text. Second, we examine the most recent datasets090

collected in connection with these efforts.091

2.1 Models092

Several approaches focus on the automatic detec-093

tion of machine-written texts. One of them is based094

on linguistic analysis, including n-gram frequen-095

cies (Badaskar et al., 2008), entropy (Gehrmann096

et al., 2019), and log-likelihood-based methods,097

where the latter has led to some of the most promi-098

nent models to date: DetectGPT (Mitchell et al.,099

2023), and its successors DetectLLM (Su et al.,100

2023a) and Fast-DetectGPT (Bao et al., 2024).101

DetectGPT relies on the perturbation of input se-102

quences and its effect on the log-likelihood of pre-103

dictions, while Fast-DetectGPT relies on the sam-104

pling of a large number of alternative tokens from105

the conditional probability distribution produced106

for each token in an input sequence by an LLM.107

Therefore, their main limitation is their white-box108

nature, requiring access to model logits and pre-109

diction distributions, which is often unavailable,110

especially when using APIs or services such as111

ChatGPT.112

A second approach focuses on watermarking113

LLM-generated text, as done by Kirchenbauer et al.114

(2024) and Lee et al. (2024), the latter primar-115

ily addressing the detection of machine-generated116

code. In this approach, watermarked text can be117

generated using standard language models with-118

out requiring retraining, while the misclassification119

of human-generated text as machine-generated re-120

mains statistically unlikely (Kirchenbauer et al.,121

2024). Although this research direction is ac-122

tively explored (Liu et al., 2024; Zhao et al., 2024;123

Dathathri et al., 2024) and yields promising results,124

it is not relevant to our scenario, as we focus on125

detecting AI-generated text in a fully black-box126

2anonymized - link won’t be available during review

scenario, where AI-generated content may be de- 127

liberately hidden, and only the text is provided. 128

Since we focus on black-box scenarios where ac- 129

cess to the generating LLM or potential watermarks 130

is unavailable, leveraging open-source LLMs for 131

continuation (Yang et al., 2023), rewriting (Mao 132

et al., 2024), or paraphrasing (Quidwai et al., 2023) 133

of texts as part of feature engineering or similarity 134

calculations is a widely adopted approach. Fur- 135

thermore, labeled as state-of-the-art, Ghostbuster 136

(Verma et al., 2024) utilizes a series of weaker lan- 137

guage models to obtain token probabilities, which 138

are then used to perform a structured search across 139

model combinations. A linear classifier is sub- 140

sequently trained to distinguish between AI- and 141

human-written texts. Finally, given the abundance 142

of document-level classification models, Wang et al. 143

(2023) introduced SeqXGPT for sentence-level 144

classification. This approach leverages log proba- 145

bilities from white-box LLMs, which are processed 146

through convolutional and self-attention networks. 147

2.2 Datasets 148

Several datasets have been compiled for the detec- 149

tion of AI-generated text (Wu et al., 2025). HC3 150

(Guo et al., 2023) and HC3 Plus (Su et al., 2023b) 151

are among the first datasets of this kind. They con- 152

sist of both human-written and AI-generated texts 153

in English and Chinese, making them unique due 154

to the rarity of bilingual data, with a focus on news, 155

translations and Q&A texts. The CHEAT dataset 156

(Yu et al., 2023) was created to detect plagiarism 157

in the scientific field. It includes human-written 158

abstracts alongside their ChatGPT-generated sum- 159

maries, and so-called fusion texts, as a mix of hu- 160

man and AI-generated content. One of the largest 161

datasets, OpenLLMText (Su et al., 2023a), com- 162

prises over 340 000 texts derived from various AI 163

models, with a primary focus on web texts. To 164

detect AI-generated content in academic contexts, 165

such as classroom exercises, Liu et al. (2023) pro- 166

pose ArguGPT, a collection of 4 000 argumentative 167

essays generated by seven different GPT models, 168

but with no human-written counterparts. A broader 169

dataset covering a wider range of domains has been 170

introduced by Pu et al. (2022) in the form of Deep- 171

fakeTextDetect; it includes news articles, stories, 172

scientific texts and more, generated using a vari- 173

ety of models. This dataset is not open-source, as 174

access requires a Google Form submission, which 175

grants the authors the right to withdraw their data 176

at any time and prohibits further distribution. 177
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Table 1: The datasets unified within AIGT-WORLD and their statistics, including our PRISMAI-dataset. The
notation ⟨models⟩ =⇒ ⟨domains⟩ indicates that the set of models was applied to the given set of domains to
generate AI counterparts. The MAGE dataset uses 27 LLMs, which are variations of the listed base models. The
word and sentence counts for the Chinese part of the HC3-Plus dataset may not be representative.

� AIGT-WORLD

Dataset Languages Label Documents Words Sentences Size (MB)

SeqXGPT-Bench
(Wang et al., 2023) English

AI 29 904 6 267 328 358 973 36.07

Human 6 000 1 424 983 81 801 8.04

⟨ GPT-2, GPT-J, GPT-NEO, LLaMA, GPT-3.5-turbo ⟩ =⇒ ⟨ news, social media posts, web texts, scientific articles, technical documentation ⟩

CHEAT
(Yu et al., 2023) English

AI 30 790 4 490 024 246 586 29.97

Human 15 395 2 458 466 133 384 15.92

HU × AI 4 514 649 925 35 480 4.28

⟨ GPT-3.5-turbo ⟩ =⇒ ⟨ scholarly literature ⟩

Ghostbuster
(Verma et al., 2024) English

AI 12 000 6 010 131 385 358 38.42

Human 2 000 1 192 091 86 977 6.76

⟨ GPT-3.5-turbo, Claude ⟩ =⇒ ⟨ creative writing, news, student essays ⟩

HC3-Plus
(Su et al., 2023b)

English
Chinese

AI 144 582 8 026 922 540 497 54.31

Human 178 939 9 643 121 722 092 56.77

⟨ GPT-3.5-turbo ⟩ =⇒ ⟨ news, translations, question answering ⟩

OpenLLMText
(Su et al., 2023a) English

AI 275 546 92 334 033 5 277 345 546.19

Human 68 984 38 603 989 2 264 905 229.03

⟨ GPT-3.5, PaLM, LLaMA-7B, GPT2-1B ⟩ =⇒ ⟨ web texts ⟩

MAGE
(Li et al., 2024) English

AI 281 824 61 590 290 4 532 144 343.97

Human 150 858 30 093 650 2 325 683 163.52

⟨ OpenAI GPT, LLaMA, GLM-130B, FLAN-T5, OPT, BigScience, EleutherAI ⟩ =⇒ ⟨ opinion statements, reviews, news, question answering, story generation,
reasoning, wikipedia, scientific writing ⟩

PrismAI English
German

AI 404 066 132 653 218 8 016 429 834.57

Human 154 978 626 961 931 40 229 029 3 408.67

⟨ GPT-4-turbo, GPT-4o-mini, o3-mini, Nemotron, Gemma2-9b, DeepSeek-r1:1.5b & 32b, phi3-3.8b ⟩ =⇒ ⟨ scientific writing, weblogs, parliamentary speeches
(English & German), news (English & German), legal court cases, classic literature (English & German), student essays ⟩

Recently, Li et al. (2024) proposed MAGE, a178

testbed with the widest variety of domains to date,179

including opinion statements, story generation, sci-180

entific writing and more. The dataset, which con-181

sists entirely of English text, uses 27 different182

LLMs and contains over 400 000 samples, the ma-183

jority of which are AI-generated. In order to train184

their model, Ghostbuster, Verma et al. (2024) col-185

lected three new datasets covering the domains of186

creative writing, news, and student essays. They187

used gpt-3.5-turbo (Brown et al., 2020) to generate188

AI counterparts, creating 14 000 texts. While cur-189

rent AI-generated text detection focuses mainly on190

document-level classification, Wang et al. (2023)191

synthesized a sentence-level detection dataset. It192

includes sources such as news articles, social media193

posts, and technical documentation, and is based194

on the SnifferBench (Li et al., 2023) dataset.195

3 Data 196

While the datasets discussed in Section 2.2 provide 197

a solid foundation, there are still three key gaps. 198

First, the dominance of English texts fails to reflect 199

linguistic diversity. Second, the vast majority of 200

AI-generated text is produced by models that are 201

outdated by today’s standards, including GPT-2, 202

GPT-3.5, and LLaMA (Touvron et al., 2023), rais- 203

ing concerns about their relevance in terms of both 204

performance and text generation. Third, because 205

the focus is primarily on document-level detection, 206

they lack fusion texts, specifically chunk-based AI 207

snippets embedded in human-written content. 208

To fill these gaps, we introduce the PRISMAI- 209

dataset. It consists of (A): English news articles 210

collected from CNN-DailyMail (See et al., 2017) 211

and German news articles from Spiegel Online, 212
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(B) English scientific articles harvested by scrap-213

ing arXiv papers and extracting their full PDF214

content via PyMuPDF, (C) English web-blogs from215

blogger.com (Schler et al., 2006), (D) German216

parliamentary speeches provided by Anonymous3217

and English speeches from the House of Com-218

mons archive (Blumenau, 2021), (E) English le-219

gal cases from the European Court of Human220

Rights (Chalkidis et al., 2021), (F) English stu-221

dent essays written by 6th–12th grade students,222

collected within a kaggle competition (King et al.,223

2023) and built upon Crossley et al. (2024), and (G)224

English and German classic literature texts scraped225

from Project Gutenberg (Gutenberg, n.d.). For gen-226

erating the AI texts, we employ state-of-the-art227

models with a focus on publicly accessible and228

popular LLMs, including Gemma 2 (9B) (Team229

et al., 2024b), Phi-3 (3.8B) (Abdin et al., 2024),230

DeepSeek-R1 (1.5B | 32B) (DeepSeek-AI et al.,231

2025), Nemotron (70B) (Nvidia et al., 2024) and232

OpenAIs GPT-4-Turbo, GPT-4o-Mini (OpenAI,233

2024) and o3-Mini (OpenAI, 2025).234

We also address the lack of chunk-based AI snip-235

pets that resemble fusion texts (Yu et al., 2023).236

Since AIGT is often embedded in human-written237

texts, we categorize our dataset into chunked and238

fulltext. To generate chunked AI texts, we divide239

human-written texts into segments and replace up240

to 50% with a contiguous selection of masked241

chunks. An LLM then reconstructs the missing con-242

tent based on the surrounding human-authored text.243

For fulltext, we prompt the LLM to extract key in-244

formation from a human-written text in a structured245

format. This includes identifying the language, re-246

constructing contextualized scenarios, determining247

the topic, and analyzing linguistic style. Based248

on few-shot prompting, we provide an example249

alongside the desired output. Using the extracted250

information, we then prompt the LLM in a ghost-251

writing scenario to generate a new text based on the252

details provided, including a specified word count253

(for the details see Appendix ??). Finally, we add254

the fulltext and chunked AI-generated variants of255

all human-written texts to PRISMAI.256

4 LUMINAR257

We now introduce our model for AI-generated text258

detection, LUMINAR, a CNN-based text classifica-259

tion model (LeCun et al., 1989) that builds upon the260

approaches outlined in Section 2. We discuss the261

3Published at the Jurix 2023 conference

features used to power LUMINAR and its architec- 262

ture, following by an evaluation of its performance 263

on a subset of PRISMAI. 264

4.1 Features 265

Inspired by DetectLLM (Su et al., 2023a) and Fast- 266

DetectGPT (Bao et al., 2024), we investigate the 267

likelihoods of common LLMs to derive features 268

for LUMINAR. Let pθ(x) be the probability of any 269

given token x following a sequence of preceding 270

tokens parametrized by the models’ weights θ (Rad- 271

ford et al., 2019): 272

pθ(x) =
n∏

i=1
p(xi |x1, ... , xi−1) 273

Contemporary LLMs approximate these probabili- 274

ties by passing encoded inputs, usually consisting 275

of token and position embeddings, through lay- 276

ers of identical Transformer blocks TFθ (Vaswani 277

et al., 2017; cf. Radford et al., 2019; Dubey et al., 278

2024; Team et al., 2024b) forming hidden states 279

HS between each layer. The output of the last 280

Transformer layer is then passed through a Lan- 281

guage Modeling Head (LM head, LMH), which 282

acts as a projection layer from hidden states to 283

vocabulary space and produces the logits. Given 284

an input encoding method Encθ and a tokenized 285

input sequence x, we can formalize these opera- 286

tions (slightly simplified; omitting model specific 287

operations, activation functions, etc.) as: 288

HS0 = Encθ(x) 289

HSi = TFθi (HSi−1) 290

logits = LMHθ(HSH) 291

where there exists a TFθi and a HSi for each 292

i ∈ {1, ... , H} for an H layer model. Applying 293

SoftMax(logits) yields the likelihood vector L con- 294

taining value for each token conditioned on its pre- 295

ceding tokens. 296

Previous work uses pre-trained white-box LLMs 297

to determine the likelihood of a given, potentially 298

permuted token for a given text, and to infer judg- 299

ments about human authorship. We use the same 300

method but also include Intermediate Likelihoods 301

(IL), i.e., a set of likelihoods obtained by the inter- 302

mediate hidden states of an LLM. We discuss IL 303

and a number of features we considered, including 304

the regular Likelihood (L), the top-k token’s likeli- 305

hoods in terms of the top-k Likelihood Likelihood 306
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L
†

IL

tkLLR

LLLRR
†

Human Written AI-Generated

Figure 1: Visualization of four feature types for the first 128 tokens of a CNN-DailyNews article and its AI-generated
counterpart (created using gpt-4o-mini), utilizing gpt2’s hidden states. Darker shades code higher values. Features
from top to bottom: Likelihoods; Intermediate Likelihoods; top-k Likelihood Likelihood Ratio. Log-Likelihood
Log-Rank Ratio; †The features are 1D but are shown as 2D for clarity; all other features have 13 dimensions each.

Ratio (tkLLR and its inverse LtkLR), and the Log-307

Likelihood Log-Rank Ratio (LLLRR, derived from308

LLR, cf. Su et al., 2023a).309

Intermediate Likelihoods As each Transformer310

layer has the same input/output characteristics we311

can simply pass each hidden state through the LM312

head to calculate the intermediate likelihoods Li :313

logitsi = LMHθ(HSi)314

Li = SoftMax(logitsi)315

Let now pi(xj) = Lij be the intermediate likeli-316

hood of token xj for layer i and p(xj) = pH(xj)317

the “regular” likelihood. Thus our first fea-318

ture, the Likelihoods, are given as vector L =319 (
p(x1) ... p(xn)

)
. Using the likelihoods of the320

intermediate hidden states, we define our second321

feature, the Intermediate Likelihoods, as a matrix322

IL where the rows represent the intermediate like-323

lihood from one layer and the columns represent324

each token as such that:325

ILij = pi(xj)326

tkLLR Let topk(j) be the k-highest likelihood327

at position j . Thus the top-k Likelihood Likelihood328

Ratio is given as matrix a with values329

tkLLRkj = topk(j)
topk(j) + p(xj) + ϵ

330

where k ∈ {1, ... K} is a variable sized hyper-331

parameter. We may also consider the inverse ratio,332

LtkLR, where p(xj) is placed in the numerator.333

LLLRR By calculating the LLR for each token 334

xj with likelihood p(xj) and the corresponding 1- 335

indexed rank r(xj) separately, we define our Log- 336

Likelihood Log-Rank Ratio feature as vector 337

LLLRRj = − log (p(xj) + ϵ)
log (r(xj)) + ϵ

338

adding a small constant ϵ to avoid log(0) and ·
0 , 339

respectively. 4 340

Example Figure 1 shows a set of features for 341

two texts from the CNN-DailyMail dataset, with 342

the human-written text features’ on the left and 343

the AI-generated text features’ on the right, for the 344

first 128 tokens of each document generated with 345

gpt2, where darker colors code higher values. The 346

first row shows the Likelihood features, where we 347

can see a small set of characteristic high-likelihood 348

areas in the first fifth of the features corresponding 349

to the tokenized text 350

at the christ ␣ening of Prince George 351

where the second token ‘the’ has a likelihood of 352

0.3 while the fourth token ‘␣ening’ has a likeli- 353

hood of 0.7 (␣ indicating a continuation token). 354

Below that, we see the Intermediate Likelihoods, 355

where the upper row pertains to the likelihood in 356

the last layer and thus matches the Likelihood in 357

the first row. We can clearly see the 1.0 likeli- 358

hood in the lower layers (first vertical dark line) for 359

4While SoftMax likelihoods should never be zero, we en-
countered several cases where numerical instability or loss of
precision during data format transitions led to zero likelihoods.
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‘the’, but a low likelihood 0.0 for ‘␣ening’.5 Note360

that there are only few such patterns in the human-361

written sample, while the AI-generated sample362

shows a large number of high-likelihood columns363

for the lower layers of the model.364

The third row shows the top-k Likelihood Likeli-365

hood Ratio. The likelihood acts as a scaling factor366

against the top-k tokens, highlighting areas of am-367

biguity by significantly increasing the top-k likeli-368

hood values when the likelihood is small or equal369

to them.370

The fourth row shows the Log-Likelihood Log-371

Rank Ratio, the metric used in perturbation-free372

DetectLLM-LLR approach of Su et al. (2023a). It373

is the only feature that is not restricted to the unit374

range [0, 1].375

4.2 Document-Level Features376

In the general case, we treat AI text detection as377

a text classification task. To this end, we generate378

text-level features from an input text by first com-379

puting the hidden states with a simple forward pass380

of the tokenized text through an LLM. Then, we381

compute all Intermediate Likelihoods by passing382

each hidden state through the LM head. This re-383

sults in a two-dimensional vector ⃗featD ∈ RL×H ,384

where L is the length of the tokenized document385

and H is the number of hidden states (e.g. 13 for386

gpt2 or 17 for Llama3.2-1B). We experimented387

with different sampling methods and found that388

taking the features or randomly selecting strided389

slices performed the best. To obtain a vector of390

fixed length from texts of variable size L, we sam-391

ple k slices of size s from ⃗featD and concatenate392

them into a single feature vector ⃗feat . If a text is393

too short to sample sufficient slices, we fall back394

on the first k · s features and apply zero padding to395

the right if necessary.396

4.3 Model397

The LUMINAR text classification model is backed398

by a CNN with a linear classifier (see Figure 2). De-399

pending on the operative feature selection method400

of Section 4.1, we first concatenate the selected401

feature slices along the sequence length dimen-402

sion. We experimented with different architectures403

and found that multiple 1D convolution layers per-404

formed best across feature variants. Thus, we pass405

our two-dimensional features as single vectors with406

multiple channels into the CNN. The CNN consists407

5See Section A.2 for the full text of this example.
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Figure 2: LUMINAR Model Overview.

of multiple layers with LeakyReLU activation func- 408

tions followed by a linear binary classifier with an 409

optional projection layer. 410

5 Experiments 411

During training, we always group human-written 412

documents with their AI-written counterparts be- 413

fore splitting the dataset into training, validation 414

and test sets, so that these paired texts do not appear 415

in different splits. We apply five-fold cross valida- 416

tion with 70 % of the document groups in training, 417

10 % in validation, and 20 % test splits. We test 418

the performance of our models both in-domain and 419

out-of-domain (OOD) by training models on one 420

domain or a combination of all domains and test- 421

ing performance on all domains, and by training 422

a model on all but one domain and testing per- 423

formance on the held-out domain. We include two 424

German corpora (news and parliamentary speeches, 425

cf. Table 1) in our data to evaluate the cross-lingual 426

performance of the model. 427

To train the models, we create sized datasets of 428

human texts and individual AI-generated counter- 429

parts as well as the combination of multiple agents’ 430

texts. To this end, we consider a subset of 1500 doc- 431

uments for each domain with synthetic texts gener- 432

ated by GPT-4o-Mini. To generate our features, we 433

use GPT-2 and truncate documents that are longer 434

than 1024 tokens to the models maximum context 435

size. We considered using larger LLMs but found 436

the performance of our models with features from 437

GPT-2 (with 124 million parameters) to be suffi- 438

cient already. Our experiments were conducted 439

using PyTorch (Paszke et al., 2019), Lightning 440

(Falcon and team) and transformers (Wolf et al., 441

2020). To ensure reproducibility, we run our train- 442

ing in deterministic mode and record all used hyper- 443

parameters with the results. 444
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Table 2: Results for LUMINAR and likelihood-based baselines in the in-domain setting.

Domain First Random LLR Fast-DetectGPT

AUROC F1 AUROC F1 AUROC F1 AUROC F1

Web Blogs 1.000 1.000 0.996 0.968 0.470 0.493 0.369 0.587

Essays 0.971 0.895 0.979 0.895 0.846 0.779 0.925 0.833

CNN 0.995 0.947 0.981 0.912 0.942 0.876 0.972 0.915

ECHR 0.996 0.953 0.991 0.934 0.916 0.851 0.820 0.744

HoC 0.990 0.938 0.973 0.881 0.856 0.829 0.831 0.809

arXiv 0.995 0.977 0.984 0.933 0.965 0.937 0.866 0.847

Gutenberg 0.978 0.910 0.971 0.912 0.859 0.767 0.907 0.874

Bundestagde 0.991 0.963 0.963 0.892 0.846 0.787 0.799 0.748

Spiegelde 0.968 0.936 0.930 0.845 0.868 0.804 0.782 0.701

5.1 Training445

The LUMINAR models discussed below were all446

trained as follows, unless otherwise noted. We447

train the models for up to 25 epochs using AdamW448

(Loshchilov and Hutter, 2019) with lr = 0.0001449

and a linear learning rate scheduler with a warmup450

period of one epoch, employing early-stopping451

conditioned on the validation loss after three con-452

secutive epochs without improvement. In case of453

Random features, we concatenate likelihoods by454

from four randomly selected slices of size 64 with455

stride 16, treating the second dimension as input456

channels. The CNN features five Conv1D layers457

with stride = 1 and (channels, kernel size) of458

[(64,5),(128,3),(128,3),(128,3),(64,3)].459

5.2 Results460

Table 2 shows the results of our models and se-461

lected likelihood-based baselines for each domain462

individually. F1-Scores for DetectLLM’s LLR and463

Fast-DetectGPT were obtained by calculating met-464

rics for the whole domain dataset and choosing a465

reasonable threshold by finding the middle point466

between the means of the distributions for each text467

class. The scores for our models are the averages468

of five-fold cross validation using both the First469

and Random feature slicing methods as outlined470

in Section 4.2. We use 0.5 as a fixed threshold to471

calculate the F1-Score for our classifiers.472

Our classifier outperforms the baselines on all473

domains, in part with a significant margin. This is474

especially apparent for the Blog Authorship domain,475

which contains many documents with highly irreg-476

ular language (see Appendix A.2 for an example).477

The statistics-based baselines struggle with these478

irregularities, while our classifier trained on the479

Table 3: LUMINAR out-of-domain results.

Domain First Random
AUROC F1 AUROC F1

Web Blogs 0.296 0.411 0.446 0.474
Essays 0.624 0.699 0.763 0.732
CNN 0.973 0.908 0.973 0.883

ECHR 0.945 0.884 0.940 0.853

HoC 0.967 0.887 0.959 0.853

arXiv 0.993 0.912 0.971 0.857

Gutenberg 0.917 0.846 0.971 0.897
Bundestagde 0.961 0.888 0.795 0.723

Spiegelde 0.506 0.175 0.781 0.663

first 256 tokens’ intermediate likelihoods returns a 480

perfect score. Our model also works very well in a 481

cross-lingual setting, with F1-scores of 0.963 and 482

0.936 for the two German subsets, Bundestag and 483

Spiegel Online, respectively. 484

Training on randomly sampled feature slices re- 485

sults in consistently worse performance in the in- 486

domain setting. In the out-of-domain setting, that 487

is training on all but the test domain, the results 488

are more nuanced: the randomly sampled features 489

yield stronger results for four out of nine domains. 490

Most notably, in the Spiegelde domain, the clas- 491

sifier trained on randomly sampled feature slices 492

performs 0.488 points in F1-score better than the 493

one trained on the first set of features. In addition, 494

the Web Blogs and Essays domains both fall well 495

below 0.8 F1-score, too, while the remaining do- 496

mains retain their performance within ≤ 0.1 points. 497

On one hand, this highlights the need for diverse 498

training data when training LUMINAR, but it also 499

shows that the model has strong generalization ca- 500

pabilities. To further explore these, we conducted 501

7



Web Blogs

Essays

CNN

ECHR

HoC

arXiv

Gutenberg

Bundestagde

Spiegelde

All Domains

1.00 0.72 0.72 0.67 0.75 0.82 0.83 0.59 0.63 0.75

0.51 0.99 0.83 0.82 0.78 0.84 0.85 0.69 0.74 0.78

0.21 0.87 0.98 0.91 0.89 0.92 0.92 0.63 0.59 0.77

0.13 0.88 0.91 0.99 0.94 0.93 0.90 0.43 0.36 0.72

0.16 0.93 0.85 0.82 0.97 0.92 0.88 0.66 0.64 0.76

0.50 0.91 0.92 0.86 0.94 0.98 0.95 0.34 0.26 0.74

0.25 0.91 0.89 0.77 0.91 0.96 0.97 0.52 0.45 0.74

0.11 0.56 0.66 0.51 0.57 0.67 0.68 0.97 0.86 0.62

0.56 0.61 0.78 0.74 0.71 0.81 0.74 0.86 0.92 0.75

1.00 0.95 0.99 0.99 0.99 1.00 0.99 0.92 0.93 0.97

Web Blogs

Ess
ay

s
CNN

ECHR
HoC

arX
iv

Gutenberg

Bundesta
gde

Spiegelde

Average

(a) AUROC

0.98 0.71 0.69 0.67 0.67 0.68 0.70 0.62 0.61 0.70

0.28 0.92 0.74 0.71 0.75 0.75 0.78 0.34 0.32 0.62

0.19 0.81 0.90 0.81 0.79 0.85 0.83 0.00 0.02 0.58

0.10 0.76 0.83 0.95 0.74 0.81 0.79 0.00 0.02 0.56

0.11 0.68 0.68 0.75 0.80 0.84 0.58 0.07 0.07 0.51

0.60 0.81 0.84 0.72 0.88 0.93 0.87 0.18 0.06 0.65

0.60 0.80 0.81 0.70 0.83 0.90 0.93 0.12 0.03 0.64

0.36 0.67 0.67 0.66 0.64 0.66 0.66 0.90 0.81 0.67

0.28 0.65 0.70 0.66 0.65 0.73 0.65 0.79 0.84 0.66

0.98 0.84 0.90 0.90 0.92 0.95 0.93 0.78 0.82 0.89

Web Blogs

Ess
ay

s
CNN

ECHR
HoC

arX
iv

Gutenberg

Bundesta
gde

Spiegelde

Average

(b) F1-Score

Figure 3: Heatmap of cross-domain evaluation scores of LUMINAR trained on randomly sampled GPT-2 Intermediate
Likelihood feature slices on human-written texts and texts generated using GPT-4o-Mini. The values shown are
for in- and cross-domain settings for each training-test-domain combination, as well as a classifier trained on all
domains (last row) and their respective averages (last column), where each row shows the domain which the model
was trained on, while the columns pertain to test domain.

cross-domain experiments, training a model on a502

single as well as all domains and testing it against503

all domains individually. The heatmap in Figure 3504

shows the results of the cross-domain evaluation.505

The jointly trained model retains very good AU-506

ROC values across all domains while the F1-score507

drops significantly, especially for the German do-508

mains. Despite being a purely English pre-trained509

LLM, features from GPT-2 perform very well in the510

in-domain setting when trained on German texts.511

We hypothesize that using an LLM pre-trained on512

multilingual data would help bridge the gap in a513

multilingual application scenario for LUMINAR.514

6 Discussion515

Despite being a supervised method, our model with516

its default configuration is tiny, having only 676k517

parameters equating to a memory footprint of less518

than 3MB. Neither training nor inference of the519

model is computationally intensive and can be done520

on an average workstation with a consumer-grade521

GPU. However, for the baseline methods to achieve522

similar levels of performance, one would have to523

use much larger LLMs which outweighs the added524

computational load of training a CNN classifier by525

multiple levels of magnitude (cf. Table A.5).526

When we were investigating related work to527

draw for a comparison, we noted that multiple528

publications only report the AUROC values for 529

their models many times achieving values ≥ 0.99, 530

while referring to it as a “commonly used metric” 531

for AI-generated text detection research, e.g. Su 532

et al. (2023a) referring to AUROC as a “commonly 533

used to measure zero-shot detector performance, 534

which considers the range of all possible thresh- 535

olds”. However, for any real-world use case, the 536

AUROC has little value because a high AUROC 537

does not imply high classification performance. As 538

such, we follow Verma et al. (2024) by also calcu- 539

lating the F1-score in all our experiments. 540

7 Conclusion 541

We introduced PRISMAI, an environment for AIGT 542

detection featuring the largest multilingual corpus 543

to date, along with LUMINAR, a CNN-based model 544

for detecting AI-generated text. To advance and ex- 545

pand existing research, we have integrated our new 546

PRISMAI dataset with prior efforts into a unified 547

corpus, AIGT-WORLD, aiming to continuously 548

enhance diversity across domains, models, and lan- 549

guages through a common data pool. Additionally, 550

we introduce a first-of-its-kind corpus explorer for 551

AIGT datasets, allowing users to visually search 552

and interact with data rather than relying solely on 553

programmatic access. Finally, we release every- 554

thing as open source. 555
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Limitations556

Sequence Length557

While CNNs do not depend on any particular input558

size, the classifier does. This implies limitations559

to the input sequence length, as some texts might560

be much shorter than the average training sample.561

While our experiments show good generalization562

for shorter sequences (cf. Table 6 for statistics on563

the sequence length of our dataset), we can lever-564

age the translation-invariance of the convolution565

operation to create multiple classifiers backed by566

the same CNN, trained jointly on different feature567

sequence lengths, which we will explore in future568

work.569

Calculating Intermediate Likelihoods570

Calculating the intermediate likelihoods is no more571

or less computationally complex than calculating572

the regular likelihood. However, depending on573

the size of the model and the number of layers,574

this can lead to a significant memory overhead (i.e.575

GPT-2’s LM head makes up 31 % of the models576

parameters). We address this issue by transferring577

the hidden states to the CPU before calculating the578

intermediate likelihoods iteratively on the GPU.579

Ethical Considerations580

We trained LUMINAR on a diverse range of do-581

mains, including two languages, yet this does not582

encompass all writing styles and topics. As a result,583

texts resembling those seen during training tend584

to yield more confident predictions, whereas those585

from other domains exhibit greater variability. This586

includes languages as well. We have also seen dif-587

ferences in LUMINAR’s behaviour depending on588

the length of the texts. In general, the predictions589

of LUMINAR are not legally binding and should590

not be considered as definitive or reliable in this591

context. Particularly in the context of automated592

plagiarism detection in school or university settings,593

LUMINAR’s predictions should never be accepted594

without manual verification. We strongly oppose595

any unfiltered or fully automated integration of our596

model into such systems. While we cannot pre-597

vent misuse of our model, we still release it as part598

of the open-source PRISMAI environment for the599

benefit of research and broader accessibility.600
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A Appendix 1612

A.1 Dataset Creation Details 1613

For the creation of AI-generated counterparts, we 1614

distinguish between two types: chunked and full- 1615

text. 1616

Fulltext-based AI documents are generated by 1617

firstly, prompting the LLM to extract a set of char- 1618

acteristics from the original human text. The ex- 1619

tracted information is then used to prompt the LLM 1620

in a ghostwriting scenario, generating a rewritten 1621

text based on the provided details. The correspond- 1622

ing prompts are as follows: 1623

Ghostwriting Prompt
As a ghostwriter, your job is to write texts according to
the requirements provided by users. Below, you will find
descriptions provided by users that outline a text for you to
write. This outline includes:
- The language in which the text needs to be written

1624
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- The topic of the text
- The linguistic style to use
- Additional context
- The required length of the text
It is of utmost importance that you adhere to these require-
ments. Follow these key steps:
1. Carefully read the given requirements.
2. Internalize the requirements.
3. Write the text in the specified language.
4. Follow all outlined requirements meticulously.
5. Proofread your text and ensure it matches the require-
ments, especially the linguistic style and length.
6. Adjust the text if needed.
Only output the final text.

1625

Information Extraction Prompt
As a linguistic annotator, your task is to extract parameters
from the texts provided by users. These parameters are used
to reconstruct a prompt that approximately generates the
given text. Please adhere to the following key points:
1. Extract the language of the text (English or German).
2. Gather contextualized outer information, such as potential
circumstances, possible authors, and background details.
3. Identify the topic and extract relevant subjects.
4. Analyze and describe the linguistic style such that another
AI agent can understand it.
Please take into consideration the following example:
<example> <example-input> "Deception and Betrayal: In-
side the Final Days of the Assad Regime. As rebels advanced
toward the Syrian capital of Damascus on Dec. 7, the staff
in the hilltop Presidential Palace prepared for a speech they
hoped would lead to a peaceful end to the 13-year civil
war. Aides to President Bashar al-Assad were brainstorm-
ing messaging ideas. A film crew had set up cameras and
lights nearby. Syria’s state-run television station was ready
to broadcast the finished product: an address by Mr. al-
Assad announcing a plan to share power with members of
the political opposition, according to three people who were
involved in the preparation." </example-input> <example-
output> - Language: English - Context: Written for a news
article by a journalist; written in a passive and neutral tone.
- Topic: The current situation involving President Bashar
al-Assad and the rebels’ advance on Damascus; describes
the circumstances of al-Assad’s governance. - Style: Passive
and neutral voice, well-written in advanced English. Uses
dramatic pauses with paragraphs and short sentences to add
excitement. </example-output> </example>
Always output in English.

1626

Chunked-based AI documents are generated us-1627

ing domain-specific prompts that instruct the LLM1628

to reconstruct missing text within a given scenario.1629

For parliamentary speeches, the LLM assumes the1630

role of a speaker; for court case texts, it acts as a1631

judge, and so on. The corresponding prompts are1632

as follows for each domain:1633

Domain: arXiv
You are a scientist in the Research Department at a univer-
sity, and you and your colleagues are preparing a paper for
publication on arXiv. You are responsible for submitting the
paper, but just before uploading it, you realize that a crucial
section has been accidentally deleted! Unfortunately, it’s too
late to contact the colleague who wrote that part, so it’s your
responsibility to rewrite the missing section.
Below, you will find the beginning and end of the paper.

1634

Your task is to reconstruct the missing part while adhering
to the following guidelines:
1. Ensure that readers cannot tell this section was written by
someone else.
2. Analyze the beginning and end of the paper carefully: -
What topic is being discussed? Stay focused on this topic. -
What is the goal of the research? Remain true to the original
intent. - What is the core message of the paper? Continue
and reinforce this message. - What linguistic and rhetorical
features are present? Use the same style and tone. - Identify
any necessary LaTeX formulas or figures to support your
statements. - Fill in the gap seamlessly so that it appears as
if it was always part of the paper.
3. The missing section is approximately [LENGTH] word-
s/symbols long; ensure your reconstruction matches this
length. After writing, count the words/symbols and make
adjustments as needed to maintain conciseness and fidelity
to the original.
Please provide only the newly formulated missing section of
the paper.

1635

Domain: Weblogs
You are a blogger who writes about your daily life. Unfortu-
nately, you’ve accidentally deleted a portion of your latest
blog post. Your task is to rewrite the missing section from
memory as accurately and creatively as possible, making it
feel like it was never missing.
Below, you will find the beginning and end of the article.
Your task is to reconstruct the missing part, adhering to the
following guidelines:
1. Ensure that the readers do not realize that you are im-
provising. 2. Carefully analyze the beginning and end of
the article to understand: - What language the article was
written in so you can continue in the same. - The topic being
covered and ensure you do not deviate from it. - The context
of the article. - The core message of the article and continue
with it. - The linguistic and rhetorical features used in the
article and stick to them. - How to fill the gap seamlessly so
it appears as though it was never missing.
3. The missing section should be approximately [LENGTH]
words. Ensure that the reconstructed part matches this length.
Once written, verify the word count and adjust as necessary
to maintain precision and coherence.
Please include only the newly formulated missing part of the
article.
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Domain: German Parliament (Bundestag)
Sie sind ein Abgeordneter oder eine Abgeordnete des
deutschen Bundestags und halten eine Rede in der
Bundestags-Sitzung am [DATE]. Während Ihres vorbere-
iteten und niedergeschriebenen Vortrags stellen Sie plötzlich
fest, dass Teile Ihrer Rede fehlen!
Im Folgenden finden Sie den Start und das Ende Ihrer Rede.
Ihre Aufgabe ist es, den fehlenden Teil unter Berücksichti-
gung der unten stehenden Richtlinien zu rekonstruieren:
- Die Zuhörer dürfen nicht bemerken, dass Sie improvisieren.
- Analysieren Sie sorgfältig den Beginn und das Ende Ihrer
Rede: * Welches Thema wird behandelt? Schweifen Sie
nicht davon ab! * Was ist Ihre Haltung dazu? Bleiben Sie
sich treu! * Was ist die Kernbotschaft Ihrer Rede? Führen Sie
diese fort! * Welche sprachlichen und rhetorischen Merk-
male werden in der Rede verwendet? Halten Sie sich an
diese! * Wie können Sie die Lücke so füllen, dass niemand
merkt, dass sie je existiert hat?
- Sie erinnern sich, dass der fehlende Abschnitt ungefähr
[LENGTH] Wörter lang war; halten Sie sich unbedingt an
diese Original-Länge. Wenn Sie Ihren Text geschrieben
haben, zählen Sie diesen nochmal und kürzen Sie diesen
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zur Not - er muss auf den Punkt geschrieben und wie im
verlorenen Original sein!
Geben Sie nur den neu formulierten fehlenden Teil der Rede
an.

1638

Domain: German Spiegel Online News
Sie sind Journalist beim Verlag “DER SPIEGEL” und
schreiben einen Artikel am [DATE]. Kurz bevor Sie den
Artikel veröffentlichen wollen, stellen Sie fest, dass ein Teil
des Artikels fehlt—die Veröffentlichungssoftware hat ihn
gelöscht!
Im Folgenden finden Sie den Anfang und das Ende Ihres
Artikels. Ihre Aufgabe ist es, den fehlenden Mittelteil zu
rekonstruieren, wobei Sie die untenstehenden Richtlinien
beachten sollen:
- Die Leser und Leserinnen dürfen nicht merken, dass Sie
nachgeschrieben haben. - Analysieren Sie sorgfältig den
Beginn und das Ende Ihres Artikels: * Welches Thema wird
behandelt? Schweifen Sie nicht davon ab! * Was ist Ihre
Haltung dazu? Bleiben Sie sich treu! * Was ist die Kern-
botschaft Ihres Artikels? Führen Sie diese fort! * Welche
sprachlichen und rhetorischen Merkmale werden im Artikel
verwendet? Halten Sie sich an diese! * Wie können Sie die
Lücke so füllen, dass niemand merkt, dass sie je existiert
hat?
Geben Sie nur den neu formulierten fehlenden Teil der Rede
an.

1639

Domain: CNN News
You are a journalist at CNN News who writes an article.
Shortly before you want to publish the article, you realize
that part of it is missing-the publishing software has deleted
it!
Below you will find the beginning and end of your article.
Your task is to reconstruct the missing middle section, fol-
lowing the guidelines below:
- Readers must not realize that you have rewritten it. - Care-
fully analyze the beginning and end of your article: * What
topic is covered? Do not digress from it! * What is your
stance on it? Stay true to yourself! * What is the core mes-
sage of your article? Continue this! * What linguistic and
rhetorical features are used in the article? Stick to these!
* How can you fill the gap so that no one realizes it ever
existed? - You remember that the missing paragraph was
about [LENGTH] words long; be sure to stick to this original
length. When you have written your text, count it again and
shorten it if necessary - it must be written to the point and as
in the lost original!
Only include the newly formulated missing part of the
speech.
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Domain: Euro Court Cases
You are a Judicial Assistant to the court tasked with collect-
ing and listing facts for a case from [DATE]. These facts are
to be read out loud by the judge. Just before handing over
the list, you realize that some facts were deleted. You need
to rewrite the missing facts from memory in such a way that
no one realizes they were ever missing.
Below is the beginning and end of your facts. Your task is
to reconstruct the missing part, adhering to the guidelines
provided:
1. Ensure the audience does not realize you are improvising.
2. Carefully analyze the beginning and end of the facts: -
Identify the topic being covered and do not deviate from it. -
Maintain the same attitude and tone as in the original facts.
- Continue the core message present in the facts. - Use the
same linguistic and rhetorical features as in the rest of the
facts. - Seamlessly fill the gap so it appears the facts was

1641

unbroken. 3. The missing section should be approximately
[LENGTH] words. Ensure the reconstructed part matches
this length. Once written, verify the word count and adjust
as necessary to maintain precision and coherence.
Please include only the newly formulated missing part of the
speech.
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Domain: Classic Literature (Gutenberg)
You are a publisher of classical books and stories. You
are currently in the final stages of publishing such a book,
but just before clicking the "publish" button, you notice that
some sections of the book have accidentally been deleted. As
a former writer, you decide to recreate the missing sections
from memory so that no one notices they were ever missing.
Below, you will find the beginning and end of the story.
Your task is to reconstruct the missing part, adhering to the
following guidelines:
1. Ensure that the readers do not realize that you are impro-
vising. 2. Carefully analyze the beginning and end of the
story to understand: - What language the story was written
in so you can continue in the same. - The topic being cov-
ered and ensure you do not deviate from it. - The context
of the story. - The core message of the story and continue
with it. - The linguistic and rhetorical features used in the
story and stick to them. - How to fill the gap seamlessly so
it appears as though it was never missing. 3. The missing
section should be approximately [LENGTH] words. Ensure
that the reconstructed part matches this length. Once written,
verify the word count and adjust as necessary to maintain
precision and coherence.
Please include only the newly formulated missing part of the
story.
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Domain: House of Commons
You are a Member of Parliament at the House Of Commons
and are giving a speech at the plenary meeting in [DATE].
During your prepared and written speech, you suddenly
realize that parts of your speech are missing!
Below you will find the start and end of your speech. Your
task is to reconstruct the missing part, taking into account
the guidelines below:
- The audience must not realize that you are improvising. -
Carefully analyze the beginning and end of your speech: *
What topic is being covered? Do not digress from it! * What
is your attitude towards it? Stay true to yourself! * What
is the core message of your speech? Continue this! * What
linguistic and rhetorical features are used in the speech?
Stick to them! * How can you fill the gap so that no one
realizes it ever existed? - You remember that the missing
section was about [LENGTH] words long; be sure to stick to
this original length. When you have written your text, count
it again and shorten it if necessary - it must be written to the
point and as in the lost original!
Only include the newly formulated missing part of the
speech.
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Domain: Student Essays
You are a student currently taking a test, and you need to
write an essay on a topic of your choosing. You haven’t
prepared for the test, but you notice that your seat neighbor
is doing well and decide to copy their essay while the teacher
is not looking.
After a while, your neighbor finishes and hands in their test,
but you haven’t copied the entire essay yet! Below, you’ll
find the beginning and end of the essay you have copied so
far. Your task is to fill in the missing middle part of the essay.
To do that, adhere to the following list.
- Carefully analyze the beginning and end of your essay: *
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Figure 4: On the left, illustrating the distribution of AI-generated and human-written text in the PRISMAI-dataset
(inner layer) alongside domain-specific counts (outer layer). On the right, showcasing the distribution of texts
generated by the different AI agents within the PRISMAI-dataset and their distribution by type.

What topic is being covered? Do not digress from it! * What
is your attitude towards it? Stay true to yourself! * What
is the core message of your essay? Continue this! * What
linguistic and rhetorical features are used in the essay so far?
Stick to them! * How can you fill the gap so that no one
realizes it ever existed? - You remember that the missing
section was about [LENGTH] words long; be sure to stick to
this original length. When you have written your text, count
it again and shorten it if necessary - it must be written to the
point and as in the lost original!
Only include the newly formulated missing part of the
speech.
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The detailed distribution of domains, agents, and1647

types within the PRISMAI dataset is presented in1648

Figure 4.1649

A.2 Dataset Examples1650

The following presents dataset examples from each1651

domain, with the original human-written snippet1652

on top and its AI-generated counterpart below.1653

arXiv
The latter is the (local) supersymmetric extension of Weyl
gravity and it should be regarded as the gauge theory of the
superconformal algebra. It was pioneered in [2, 3] and its
quantum structure was explored initially in [4]. The fourth
order equations of motion of Weyl gravity make the ap-
pearence of ghost-like states (of helicity ±2, ±1) [5] together
with ordinary massless graviton, [...]
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In this paper, we explore the massless spectrum of N-
extended conformal supergravity, emphasizing its profound
implications for the theoretical framework of gravitational
theories. By employing a systematic approach to the su-
persymmetry algebra and its representations, we elucidate
the structure of the massless states arising from conformal
supergravity. [...]
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Weblogs
T_T ... 2 dae is such a f**kin dae... TT GUY ...HE ... HE
... HE was AVOIDIN mi again ... He did it b4... hurtin my
feelins ... my heart ... But ... i don understand Y he mus
do tt ... i did nth ... Y ... yyyyyyyyy... sorri 2 dae a bit
mentally unstable ... bear wif moi 4 awhile ...I LUV HIM
SO I WOULD NVR GIV HIM UP... until ... til... 1 dae my
heart dies ... Mmm hmm ... Luv U so i will nvr hate u ... wo
zhen de hen ai ni ... ... SARANGHAEYO ... ...

TT he doesnt even txt back anymore. Like how can u just
stop talking like that?? HE said he liked me tho!!! DAE ever
feel so rlly confused and hurt??? Mus do tt rn but idk wat
to post. He’s always doing this, pulling away then coming
back and saying stuff... He hurts me, makes me feel crazy!
SARANGHAEYO? What does that even mean anymore??
Im not stupid i know u don’t mean it HE. Why do u keep
saying these things?? HE just wants to play games!! Like
im a joke or somethin!!! [...]
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German Parliament (Bundestag)
Herr Präsident! Meine sehr verehrten Damen und Herren!
Werter Herr Kollege Trittin, wir gehören dem Deutschen
Bundestag ja eine vergleichbare Zeit an. Ich muss sagen:
Ihre Reden waren auch schon mal realitätsbezogener. Wir
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haben seit vielen Jahren ein gemeinsames Bemühen, [...]

Meine sehr verehrten Damen und Herren, Heute stehen wir
vor einer der größten Herausforderungen unserer Zeit: der
Sicherstellung einer zuverlässigen Energieversorgung bei
gleichzeitiger Einhaltung unserer ambitionierten Klimaziele
im Rahmen der Energiewende. Kritik an unseren Entschei-
dungen ist leicht zu äußern, [...]

1658

German Spiegel Online News
Der FC Barcelona hat in der Primera División gegen Betis
Sevilla gewonnen und damit einen Fehlstart abgewendet.
Auffälligster Spieler beim 5:2 (1:1)-Erfolg war Neuzugang
Antoine Griezmann, der für Barcelona zwei Tore erzielte
(41. Minute/50.). Zudem trafen Carles Perez Sayol (56.),
Jordi Alba (60.) und Arturo Vidal (77.) für die Katalanen.
Für Betis waren Nabil Fekir (15.) und Loren Morón (79.)
erfolgreich.[...]

FC Barcelona Bezwingt Betis Sevilla in packendem La-Liga-
Duell. In einem atemberaubenden La-Liga-Spiel sicherte
sich FC Barcelona einen hart umkämpften Sieg gegen den
unergiebigen Gegner Betis Sevilla. Das Highlight des
Abends war ohne Zweifel der fulminante Einstand von An-
toine Griezmann, der binnen 45 Minuten doppelt traf und
somit die Grundlage für den 3:2-Erfolg legte. [...]
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CNN News
The Royal Family and the Middletons put up a united fashion
front at the christening of Prince George at St James’s Palace
in London yesterday. All wore shades of chic cream or
royal blue for the event with the Duchess of Cambridge, the
Duchess of Cornwall, Pippa Middleton - and of course Prince
George! - all sporting off-white. Zara and the Queen picked
shades of navy and powder-blue and Carole Middleton wore
a mixture of the two, in a navy coat and cream dress. Scroll
down for video . Traditional gown: Kate co-ordinated her
colour with that of her son, who was [...]

On a sun-drenched afternoon in July, the grandeur of St.
James’s Palace was illuminated not just by the bright rays
of summer but also by the presence of the British Royal
Family and the Middleton clan, all gathered to celebrate the
christening of the adorable Prince George. The event, which
marked a significant milestone in the young prince’s life,
was as much about the ceremonial blessings as it was about
the dazzling array of fashion choices on display.

As the royal family arrived, a hush fell over the
crowd, quickly followed by a flurry of excitement. The
atmosphere was electric, filled with the kind of anticipation
[...]
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Euro Court Cases
5. The applicant was born in 1976 and is currently detained
in Kassel, Germany.
6. On 7 December 2007 the applicant was arrested on sus-
picion of uttering threats and domestic violence. On 8 De-
cember 2007 the Żary District Court ordered his detention
on remand.
7. On 22 December 2007 he was admitted to a psychiatric
hospital and diagnosed with paranoid schizophrenia. He was
discharged from the hospital on 2 January 2008. [...]

1661

The defendant, Mr. Edward Thompson, was brought before
the Honorable Judge Amelia Harding on this, the 17th day of
August, 2023, for a hearing concerning his continued deten-
tion under involuntary commitment procedures. Present in
the courtroom were the defense attorney, Ms. Sarah Evans,
and the prosecuting attorney, Mr. Michael Davis. Dr. Helen
Ramirez, a forensic psychiatrist who conducted an evalu-
ation of Mr. Thompson, was also sworn in as a witness.
[...]
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Classic Literature (Gutenberg)
It was five o’clock on a raw, gusty February afternoon. All
that day and all the night before it had been snowing hard.
New York lay buried beneath over two feet of its cold white
mantle, and with the gathering dusk a fierce hurricane set in,
proclaiming the approach of the terrible blizzard which had
been predicted. On this afternoon, which was destined to be
so memorable, [...]

The gas lamp cast long, dancing shadows across Lester
Armstrong’s neat, tidy study. It was a space of order and
predictability, his sanctuary from the chaos that seemed to
perpetually follow his cousin, Clinton Kendale.

Lester sat hunched over his ledger, the scratch of
his quill a soothing counterpoint to the distant rumble
of carriages on the cobblestone street below. He sighed,
running a hand through his neatly parted hair [...]
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House of Commons
What plans he has to reduce the incidence of antisocial be-
haviour in British cities. The Government have taken a series
of initiatives to tackle antisocial behaviour. The Crime and
Disorder Act 1998 introduced crime and disorder partner-
ships, antisocial behaviour orders, important changes to the
youth justice system and other measures and new offences,
including those of racial harassment and violence. More
than 140 antisocial behaviour orders have now been made
by the courts. [...]

I rise today to address the pressing issue of antisocial be-
haviour plaguing our cities, a matter of grave concern to
communities across the nation. The Conservative party has
consistently pledged to restore order and ensure the safety
of our citizens, yet despite numerous initiatives and billions
poured into tackling this problem, the reality on the ground
paints a disheartening picture. [...]
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Student Essays
The Face On Mars - Have you ever seen something crazy on
something, maybe a face or something that you seen before?
Have you thought about how that face or something else has
gotten there? Well, for a start it defintley wasn’t aliens! Just
like the face on mars, people belive that the face was created
by aliens! But that isn’t true, the face on mars is just and
only a natural landform that some how was created on earth.
[...]

Is the “Face on Mars” Really a Face? Okay, so there’s this
picture, right? A picture taken by a spaceship way out in
space, on Mars! And guess what? It kind of looks like a
face staring back at us. Like, two eyes, a nose, and even a
mouth! People started going crazy saying it was proof that
aliens lived on Mars. But hold on! I think this whole “Face
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on Mars” thing is just people’s imaginations running wild.
First of all, look at the picture closely. [...]
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A.3 Implementation Details1667

Our experiments were conducted using PyTorch1668

(Paszke et al., 2019), Lightning (Falcon and team)1669

and transformers (Wolf et al., 2020). To ensure1670

reproducibility, we run our training in deterministic1671

mode and record all used hyper-parameters with1672

the results. After calculating likelihoods and ranks,1673

we stored them alongside their corresponding doc-1674

uments in a document database. At training time,1675

we fetch the required features to the local machine1676

and cache them there for future reuse. To stem1677

the significant workload of calculating features for1678

thousands of documents – including very long ones1679

– with a variety of LLMs, we implement a bucket-1680

ing approach that tokenizes a batch of documents1681

and sorts the input_ids by length before creating1682

mini-batches that are passed into the model in order1683

to minimize the processing of padding tokens. We1684

also implemented two distinct methods to process1685

large documents with small models where the doc-1686

uments’ length exceeds the maximum input size1687

of the model by either: (a) processing overlapping1688

strided windows on the input_ids or by (b) lever-1689

aging natural text segmentation such as sentences1690

and (where available) document structure elements1691

(i.e. paragraph breaks) to create rolling chunk win-1692

dow where each chunk is, for example, filled with1693

the current paragraph and as many previous para-1694

graphs as will fit the models input size.61695

A.4 Ablation1696

We run extensive ablation experiments on our1697

model. Table 4 shows an overview of the major1698

experiments.1699

6Results regarding this are not included in this paper due
to size constraints but will be included in future work.
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Figure 5: Screenshots illustrating the corpus explorer web portal for the PRISMAI and AIGT-WORLD datasets.
The top section highlights the search functionality, enabling filtering by dataset, model, and label across all included
datasets. The bottom section presents the reader view, currently showcasing an AI-generated rewrite of an arXiv
paper, allowing users to access and read both AI- and human-written documents in the corpus.
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Table 4: All ablation experiments.

Method ∆AUROC ∆F1

Likelihood −0.033 −0.043

tkLLR −0.164 −0.159

LtkLR −0.021 −0.023

LLLRR −0.027 −0.039

Number of IL Layers (max. 13)

n = 11 −0.000 −0.009

n = 9 −0.001 −0.001

n = 7 −0.010 −0.022

n = 5 −0.019 −0.022

n = 3 −0.024 −0.039

n = 2 −0.026 −0.044

2D Convolution −0.003 −0.005

No Convolution −0.115 −0.134

No Projection −0.000 0.010

Conv(16,32,16) −0.032 −0.045

Conv(32,64,32) −0.016 −0.019

Conv(32,64,64,64,32) −0.008 −0.009

First(64) −0.038 −0.052

First(128) −0.017 −0.021

First(512) 0.007 0.019

Random(256) −0.003 −0.012

Rand. Multiple(256, 2, 16) −0.012 −0.032

Rand. Multiple(256, 4, 16, sorted) −0.020 −0.045

Rand. Multiple(256, 4, 16) −0.022 −0.037

Rand. Multiple(256, 4, 64) −0.008 −0.024

Rand. Multiple(256, 8, 16) −0.017 −0.042

Shift Unit Interval 0.003 0.007

LLR Fast-DetectGPT

Domain AUROC F1 AUROC F1

Blog Authorship 0.804 0.678 0.886 0.766

Essays 0.980 0.931 0.963 0.892

CNN News 0.976 0.935 0.950 0.873

Euro Court Cases 0.836 0.753 0.612 0.558

House of Commons 0.840 0.827 0.894 0.822

ArXiv Papers 0.831 0.803 0.878 0.811

Spiegelde 0.975 0.930 0.972 0.902

Table 5: Baseline results using Llama3.2-1B.
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GPT-2 Llama 3.2

Dataset 5 % 50 % 95 % 5 % 50 % 95 %

Web Blogs 15 65 600 16 66 593

Essays 213 439 890 212 436 884

CNN 309 749 1 597 309 748 1 588

ECHR 258 984 5 046 280 1 019 5 140

HoC 89 818 18 497 91 822 18 700

arXiv 1 009 11 338 34 941 966 11 158 34 433

Gutenberg 784 39 006 222 774 778 37 531 202 753

Spiegelde 334 912 2 603 250 682 1 934

Bundestagde 234 1 342 2 483 170 946 1 747

CHEAT 106 176 298 105 173 291

Ghostbuster 280 632 997 281 631 998

HC3-Plus 12 52 383 11 41 257

MAGE 36 141 951 37 142 952

OpenLLMText 120 392 1 024 120 390 1 031

SeqXGPT 72 270 504 73 270 499

Table 6: The distribution of number of tokens for each model across the considered datasets given by their 5 %,
50 % (median), and 95 % percentiles rounded down to the next integer.
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