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Abstract001

Large language models (LLMs) can be abused002
at scale to create non-factual content and spread003
disinformation. Detecting LLM-generated con-004
tent is essential to mitigate these risks, but cur-005
rent classifiers often fail to generalize in open-006
world contexts. Prior work shows that LLMs007
tend to rewrite LLM-generated content less fre-008
quently, which can be used for detection and009
naturally generalizes to unforeseen data. How-010
ever, we find that the rewriting edit distance011
between human and LLM content can be in-012
distinguishable across domains, leading to de-013
tection failures. We propose training an LLM014
to rewrite input text, producing minimal ed-015
its for LLM-generated content and more edits016
for human-written text, deriving a distinguish-017
able and generalizable edit distance difference018
across different domains. Experiments on text019
from 21 independent domains and three popu-020
lar LLMs (e.g., GPT-4o, Gemini, and Llama-3)021
show that our classifier outperforms the state-022
of-the-art zero-shot classifier by up to 28% on023
AUROC score and the rewriting classifier by024
5.4% on F1 score. Our work suggests that LLM025
can effectively detect machine-generated text026
if they are trained properly.027

1 Introduction028

Large Language Models (LLMs) demonstrate ex-029

ceptional capabilities across various tasks (Radford030

et al., 2019; Brown et al., 2020; Achiam et al.,031

2023; Touvron et al., 2023; Team et al., 2023;032

OpenAI, 2020). However, they can be misused033

for illegal or unethical activities, such as spread-034

ing misinformation (Chen and Shu, 2023), scaling035

spear phishing campaigns (Hazell, 2023), facilitat-036

ing social engineering and manipulation of social037

media (Zhang et al., 2024), and generating pro-038

paganda (Pan et al., 2023). LLMs also facilitate039

academic dishonesty (Zellers et al., 2019; Mvondo040

et al., 2023), and training foundation models with041

generated content can lead to irreversible defects in042
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(a) Product Review Domain
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(b) Environmental Domain

Figure 1: Rewriting for LLM text detection. We show
histograms showing rewriting similarity, for human and
AI text before and after fine-tuning of the rewrite model
on two different domains. Blue and orange represents
human and AI distributions of Environmental text, and
purple and yellow represent human and AI of Product
Review text. The simple rewrites of these domains are
inseparable (left) by a single threshold which is marked
by the red line. By learning to rewrite, we can separate
them via a single threshold (right).

resulting models (Shumailov et al., 2023). These 043

issues highlight the urgent need for reliable algo- 044

rithms to detect LLM-generated text. 045

Various methods for detecting generated text 046

have been proposed (Solaiman et al., 2019; Fagni 047

et al., 2021; Mitrovi’c et al., 2023; Mitchell et al., 048

2023; Bao et al., 2023; Su et al., 2023; Mao et al., 049

2024). Most of these classifiers employ pre-trained 050

models, extracting hand-crafted features and heuris- 051

tics, such as loss curvature (Bao et al., 2023) 052

and rewriting distance (Mao et al., 2024), and ap- 053

ply thresholds to distinguish LLM from human 054

data. However, these thresholds are highly domain- 055

dependent, obfuscating the establishment of a uni- 056

versal detection standard. 057
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INPUT HUMAN
Poverty is now lower than at any time in human history, and 
all trends demonstrate that we will have consistent 
successes in the fight against poverty in the foreseeable 
future.

INPUT GPT-4o
While poverty is currently at its lowest levels in human 
history, ongoing efforts and trends suggest that we will 
continue to make significant strides in the battle against 
poverty in the foreseeable future.

REWRITTEN HUMAN
While poverty rates have decreased globally, there is still 
much work to be done to address this issue. However, with 
consistent efforts, we can expect continued progress in the 
fight against poverty in the foreseeable future.

REWRITTEN GPT-4o
While poverty is currently at its lowest levels in human 
history, ongoing efforts and trends suggest that we will 
continue to make significant strides in the battle against 
poverty in the foreseeable future.
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INPUT HUMAN
Poverty is now lower than at any time in human history, and 
all trends demonstrate that we will have consistent 
successes in the fight against poverty in the foreseeable 
future.

INPUT GPT-4o
While poverty is currently at its lowest levels in human 
history, ongoing efforts and trends suggest that we will 
continue to make significant strides in the battle against 
poverty in the foreseeable future.

REWRITTEN HUMAN
While poverty rates have decreased globally, it is crucial to 
recognize that the fight against poverty is ongoing. By 
implementing effective solutions and addressing the root 
causes of overpopulation, we can work towards a more 
sustainable and equitable future.

REWRITTEN GPT-4o
Despite reaching historic lows, poverty remains a pressing 
issue. However, the progress made to date and ongoing 
initiatives suggest that we will continue to make substantial 
strides in the fight against poverty in the near future, 
ultimately paving the way for a more equitable and 
prosperous world.
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Prompt: Refine this for me please:Input: Educational Material Domain Output Rewrite

Figure 2: Overview. Our method shows the distinct amount of edits our model gives when rewriting human and
AI data. Deleted words are marked in red, added words are marked in blue, and unmodified words are in black.
Specifically, the Levenshtein edit ratio for the above human rewrite is 0.71 and for the AI rewrite is 0 using L2R.

In this paper, we present L2R (Learning to058

Rewrite), which trains an LLM to perform more059

edits when being asked to rewrite human-generated060

data and fewer edits when rewriting on LLM-061

generated data across a diverse set of domains. Un-062

like traditional classifiers, which often struggle to063

generalize among different domains, our algorithm064

leverages the inherent tendency of LLMs to modify065

their own output less frequently, and maximizing066

its potential by focusing on learning from the hard067

samples that are not easily separated by simple068

rewriting. Figure 1 illustrates an example of how069

L2R learns to make LLM and human generated text070

more separable across domains, comparing with071

rewriting using a pre-trained model (Mao et al.,072

2024).073

The primary contribution of this paper is demon-074

strating that LLMs can capture the rich structure of075

LLM content, which can be further strengthened076

through targeted training. To show this, we built077

the world’s most diverse AI text dataset, encom-078

passing 21 distinct domains (e.g., finance, enter-079

tainment, and cuisine), representing diversely dis-080

tributed LLM-generated text. Our single classifier081

outperforms the state-of-the-art rewriting-based ap-082

proach (Mao et al., 2024) by 5.4% on F1 score, 083

averaged among the 21 domains. We plan to open- 084

source our code base and pre-trained models after 085

publication. 086

2 Related Works 087

This section introduces previous works on LLM- 088

generated text detection and we mainly focus on 089

two classes, Zero-shot and rewriting classifiers, 090

who show the state-of-the-art detection accuracies. 091

Supervised Classifiers. This set of classifiers 092

directly train a model on the input text (Solaiman 093

et al., 2019; Fagni et al., 2021; Mitrovi’c et al., 094

2023). These classifiers excel in their training do- 095

mains but struggle with text from different domains 096

or unfamiliar models. 097

Zero-shot Classifiers. This set of classifiers uti- 098

lize the raw outputs, i.e., logits, from pre-trained 099

LLMs to assign probability score for detection. 100

Ghostbuster (Verma et al., 2023) utilizes the log 101

probability of the input text with classical features 102

like unigram and bigram probability to assign score. 103

DetectGPT (Mitchell et al., 2023) employs the 104

delta in log probability of the input text after to- 105

ken perturbation to estimate AI likehood, and Fast- 106
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DetectGPT (Bao et al., 2023) simplifies the process107

by exploiting conditional probability curvature. De-108

tectLLM (Su et al., 2023) employs the similar prin-109

ciple but scoring with log rank information. These110

family of classifiers all require raw output of an111

LLM in some way or the other, but the main target112

of detection, namely commercial LLMs, are not113

open-sourced, which potentially impose a barrier114

on their probability estimation. RAIDAR (Mao115

et al., 2024) is a detection method based on the ob-116

servation that LLMs, when prompted to rewrite117

a given text, tend to produce a greater number118

of rewrites for human-written text compared to119

AI-generated text. However, this method was not120

trained to incorporate additional information about121

LLM-generated content, which limits its accuracy.122

3 Method123

This section introduces the rewriting pipeline and124

the fine-tuning process of L2R, which is applied125

before rewriting.126

3.1 Rewriting for LLM Detection127

Rewriting input via LLM and then measuring the128

change proves to be a successful way to detect129

LLM-generated content. Given an held-out in-130

put text set Xtrain with LLM and human gener-131

ated text, and its corresponding label set Ytrain,132

an LLM F (·) is prompted to rewrite the input133

x ∈ Xtrain using a prompt p. The rewriting output134

is F (p,x). Particularly, the prompt p can be set to:135

Refine this for me please:136

The edit distance between the input text and the137

rewritten output, D(x, F (p,x)), is then computed138

for all x ∈ Xtrain. Mao et al. (2024) adopts the139

Levenshtein distance (Levenshtein et al., 1966),140

which is defined as the minimum number of inser-141

tions, deletions, or substitutions required to trans-142

form one text into the other. A similarity score is143

calculated based on:144

Dk(x, F (p,x)) = 1− Levenshtein(F (p,x),x)

max(len(F (p,x)), len(x)
.145

Mao et al. (2024) trained a classifier, such as146

logistic regression or decision tree, to threshold the147

similarity scores and predict if it is written by an148

LLM. However, as shown in Figure 1, the threshold149

of rewriting with a vanilla LLM often varies from150

one domain to another, causing RAIDAR to fail to151

generalize to new domains.152

3.2 Fine-Tuning the Rewrite Model 153

L2R works on the premise that human-written and 154

AI generated text would cause a different amount of 155

rewrites and a boundary can be drawn to separate 156

both distributions. Thus we can finetune such a 157

rewrite model F ′(·), that gives as much rewrite as 158

possible for human texts, while leaving the AI texts 159

unmodified, demonstrated in Figure 2. Given some 160

human text Xh ∈ Xtrain and AI text Xa ∈ Xtrain, 161

our objective becomes: 162

max{D(Xh, F
′(p,Xh))−D(Xa, F

′(p,Xa))}
(1) 163

Since the edit distance is not differentiable, we 164

use the cross-entropy loss L(·) assigned to the input 165

x by F ′(·) as a proxy to the edit distance. As a 166

result, for each of input x with label y = 1 (AI) or 167

0 (human), we optimize model output based on the 168

following loss function: 169

min{L(Xtrain) · (21(y = 1)− 1)} (2) 170

In this way, we flip the sign of the loss of the human 171

texts. Since the overall loss would be minimized, 172

this effectively encourages the rewrites to be dif- 173

ferent from human input and identical to the AI 174

input. 175

3.3 Calibration Loss during Fine-Tuning 176

When fine-tuning the rewrite model on Equation 2, 177

the rewrite model aims to make more edits on 178

human-generated text and less edits on LLM- 179

generated texts. However, without posting regu- 180

larization and constraint on the unbounded loss, 181

the rewrite model takes the risk of being corrupted 182

(e.g., verbose output for all rewrite and over-fitting 183

with more edits on human-generated text rewrite) 184

where we evaluated in §5.6. 185

Therefore, we propose a calibration loss, which 186

prevents the over-fitting problem by imposing a 187

threshold value t on the absolute value of the loss 188

on each given input. For human text Xh, we apply 189

gradient backpropagation only if the absolute loss 190

L(Xh) < t. For AI text Xa, we apply backpropa- 191

gation only if L(Xa) > t. Otherwise, the gradient 192

is set to 0. 193

min

{
(L(Xtrain) · (2 · 1(y = 1)− 1))

· 1 ((y = 1 ∧ L(X) ≤ t)∨

(y = 0 ∧ L(X) > t))

} (3) 194
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Human

AI

Human

AI

Figure 3: Graphical illustration of the calibration
method. First we finds the threshold t that is approx-
imately in between the distributions of human and AI
rewrite distances, as depicted by the red line. Then, we
fine-tune the rewrite model to shift the two distributions
to opposite ends of the threshold so that classification
would be facilitated.

Therefore, rather than minimizing the loss proxy,195

our objective becomes separating the distribution of196

human and AI rewrites to two ends of the threshold197

t. To achieve this objective, it is not necessary to198

modify model weights when its rewrite falls in its199

corresponding distribution already, and we only200

need to apply gradient update when a rewrite is201

undesirable. This process is depicted by Figure 3.202

To determine the threshold t, we perform a for-203

ward pass using the rewrite model before fine-204

tuning on Xtrain and train a logistic regression205

model on all loss values. The threshold t can be206

derived from the weight and the intercept of the207

logistic regression model.208

4 Dataset209

Existing classifiers are evaluated on a common set210

of data including XSum (Narayan et al., 2018),211

SQuAD (Rajpurkar et al., 2016), Writing Prompts212

(Fan et al., 2018), and others(Bao et al., 2023; Mao213

et al., 2024), but it is arguable that these datasets214

only represent a tiny subset (e.g., dated data or215

restricted number of domains) of all human and216

AI data available in the wild, which suggests the217

problem of over-fitting and it is unclear how these218

classifer would perform when deployed in the real219

world.220

To ensure our detection model is generalizable221

in the real world, it is crucial to capture the dis-222

tribution of a diverse set of real-world data orig-223

inating from distinct domains that are generated224

by different source models and prompts. Thus,225

we build the first multi-domain diversely-prompted226

dataset for LLM-generated text detection. We col-227

lected human-written data from 21 domains (e.g., fi-228

nance, entertainment, and cuisine) that are dis-229

tinct to each other, with details provided in Ap- 230

pendix A.1. When collecting these data, we made 231

sure to filter out those appeared after November 30 232

2022, the release date of ChatGPT (OpenAI, 2020). 233

With the human data, we then generate AI coun- 234

terparts for each of the entries. Conventionally, 235

AI data is generated by prompting an LLM to ei- 236

ther rewrite the given text, or continue writing af- 237

ter a given prefix. Either way, one single prompt 238

would be used throughout the generation process, 239

as employed by previous works (Mitchell et al., 240

2023; Bao et al., 2023; Verma et al., 2023; Mao 241

et al., 2024). Nevertheless, this approach fails to 242

capture the diversity of prompts that might appear 243

in the real world scenario. Previous work (Mao 244

et al., 2024) has shown that one straightforward 245

way to bypass the RAIDAR detector is by using 246

the prompt: 247

Help me rephrase it, so that another GPT 248

rewriting will cause a lot of modifications: 249

which suggests that data generated by different 250

prompts are different in distribution. Therefore, in 251

generating machine text, we first make a dataset of 252

200 rewrite prompts, each with slightly different 253

instructions that could be asked by an user, as spec- 254

ified in Appendix A.2. Then, we randomly sample 255

from the prompt dataset for each generation, so that 256

each of the rewrite would be slightly different in dis- 257

tribution. We also employed three state-of-the-art 258

LLMs for text generation, which are GPT-4o (Ope- 259

nAI, 2024), Gemini 1.5 Pro (Reid et al., 2024), and 260

Llama-3-70B-Instruct (Meta, 2024). The dataset 261

collection yields 600 paragraphs per domain and 262

we show some examples in Figure 4. 263

5 Evaluation 264

This section answers the following questions: 265

Q1: How is L2R compared with other classifiers? 266

(§5.3) 267

Q2: How is L2R compared with simple rewrite? 268

(§5.4) 269

Q3: Does the diversified generation prompt dataset 270

improves detection quality? (§5.5) 271

Q4: What are the effects of the calibration loss 272

during fine-tuning? (§5.6) 273

5.1 Experiment Setup 274

We perform all experiments on one NVIDIA 275

A100 GPU with 40GB VRAM. We use ’meta- 276

Llama/Meta-Llama-3-8B-Instruct’ (AI@Meta, 277
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Academic
Research

INPUT HUMAN
In recent years, several techniques have been proposed 
for increasing robustness to adversarial examples --- 
and yet most of these have been quickly shown to be 
vulnerable to future attacks. For example, over half of 
the defenses proposed by papers accepted at ICLR 
2018 have already been broken.

REWRITTEN HUMAN
Despite recent efforts to increase robustness, most 
proposed techniques have been quickly shown to be 
vulnerable to future attacks. For instance, over half of 
the defenses presented at ICLR 2018 have already 
been breached.

INPUT LLAMA-3-70B
Despite numerous attempts to develop robustness 
against these threats, most proposed defenses have 
been rapidly compromised by subsequent attacks. In 
fact, a staggering 50% of defenses presented at ICLR 
2018 have already been breached.

REWRITTEN LLAMA-3-70B
Despite numerous attempts to develop robustness 
against these threats, most proposed defenses have 
been rapidly compromised by subsequent attacks. In 
fact, a staggering 50% of defenses presented at ICLR 
2018 have already been breached.

Code

Indentation
hidden

INPUT HUMAN
def solve(s): flg = 0 idx = 0 new_str = list(s) for i in s: if 
i.isalpha(): new_str[idx] = i.swapcase() flg = 1 idx += 1 s 
= "" for i in new_str: s += i if flg == 0: return s[len(s)::-1] 
return s

REWRITTEN HUMAN
def solve(s): result = [] for char in s: if char.isalpha(): 
result.append(char.swapcase()) else: 
result.append(char) return "".join(result) if not 
any(char.isalpha() for char in s) else "".join(result)[::-1]

INPUT GPT-4o
def solve(s): has_letter = any(char.isalpha() for char in 
s) if has_letter: return ''.join(char.swapcase() if 
char.isalpha() else char for char in s) else: return s[::-1]

REWRITTEN GPT-4o
def solve(s): has_letter = any(char.isalpha() for char in 
s) if has_letter: return ''.join(char.swapcase() if 
char.isalpha() else char for char in s) else: return s[::-1]

Legal
Document

INPUT HUMAN
This type of information may constitute trade secrets. 
See G.L.c. 266, §30 (defining “trade secret” as used in 
G.L.c. 93, §42

REWRITTEN HUMAN
This type of information may constitute trade secrets. 
Massachusetts General Laws, chapter 266, section 30

INPUT GEMINI 1.5 PRO
This type of information, such as customer data and 
proposals, can be legally protected as trade secrets 
under Massachusetts law (G.L.c. 266, §30).

REWRITTEN GEMINI 1.5 PRO
This type of information, such as customer data and 
proposals, can be legally protected as trade secrets 
under Massachusetts law (G.L. c. 266, § 30).

Creative
Writing

INPUT HUMAN
A voice in the sky will tell you when you've left a place 
for the last time. You tell your SO goodbye and head out 
to [ location of your choice ]. Halfway there you hear 
"You have visited a location for the last time." John 
wrinkled his nose and cleared his throat. Pausing, he 
put down his briefcase and adjusted his tie. It was a red 
tie with white stripes. This was one of his favorite ties.

REWRITTEN HUMAN
As John bid his SO farewell, he headed out to [location 
of his choice]. Halfway there, a voice in his mind 
whispered, "You have visited this place for the last 
time." John's expression faltered, and he paused to 
adjust his tie, a favorite red tie with white stripes.

INPUT LLAMA-3-70B
As John bid farewell to his partner and headed out to 
the city, a mysterious voice in the sky announced, "You 
have visited a location for the last time." He paused, 
adjusting his favorite red tie with white stripes, and 
cleared his throat.

REWRITTEN LLAMA-3-70B
As John bid farewell to his partner and stepped out into 
the city, a mysterious voice in the sky announced, "You 
have visited a location for the last time." He paused, 
adjusting his favorite red tie with white stripes, and 
cleared his throat.

Figure 4: Examples of texts in our universal dataset along with the amount of edits L2R model gives for human and
LLM data. Deleted characters are marked in red, inserted characters are in blue, and unmodified characters are in
black. The examples demonstrate the diverse domains and source LLMs available in the dataset, as well as L2R’s
ability in separating human and LLM texts via rewriting.

2024) as the open-sourced rewrite model in278

all experiments. To fine-tune Llama with 8B279

parameters, we employ 4-bit QLORA (Dettmers280

et al., 2024), with r set to 8, lora_alpha set281

to 8, and lora_dropout set to 0.1. We use282

an initial learning rate of 5e-6 and train until283

convergence. We use 70% of the dataset for284

training (if applicable) and the rest for test in all285

experiments if not specified. Rewriting on a single286

domain costs around 3 hours on a single GPU. 287

5.2 Baselines 288

Our baseline classifiers consist of GPT-2 Detec- 289

tor (Solaiman et al., 2019), Fast-DetectGPT (Bao 290

et al., 2023), and RAIDAR (Mao et al., 2024). For 291

RAIDAR, we also experiment on using a close- 292

sourced model, Gemini 1.5 Pro (Reid et al., 2024), 293

as the rewrite model. 294

5



Ac
ad

em
icR

ese
arc

h

ArtC
ult

ure

Busi
ne

ss
Cod

e

Ed
uca

tio
na

lMate
ria

l

En
ter

tai
nm

en
t

En
vir

on
men

tal

Fin
an

ce

Foo
dC

uis
ine

Gov
ern

men
tPu

blic

Leg
alD

ocu
men

t

Crea
tiv

eW
riti

ng

Med
ica

lTe
xt

New
sA

rtic
le

Onlin
eC

on
ten

t

Per
son

alC
om

mun
ica

tio
n

Pro
du

ctR
ev

iew

Re
ligi

ou
s
Sp

ort
s

Tec
hn

ica
l

Tou
ris

m

AV
ER

AG
E

ST
D

0.0

0.2

0.4

0.6

0.8

1.0
AU

RO
C

GPT-2 Detector
Fast-DetectGPT
L2R

Figure 5: Comparison of detection performance between L2R, Fast-DetectGPT, and GPT-2 Detector on the universal
dataset, measured in AUROC. L2R achieves superior performance on 20 of 21 domains, outperforming Fast-
DetectGPT by an average of 28% while maintaining the lowest standard deviation. This shows the generalization
capability of Learning to Rewrite.

5.3 Compare L2R with Other Classifiers295

We compare the performance of L2R with Fast-296

DetectGPT and GPT-2 Detector, measured by the297

Area Under the Receiver Operating Characteristic298

Curve (AUROC) scores which is the metric used in299

Fast-DetectGPT. The result for each domain along300

their average and standard deviation can be found301

in figure 5. L2R and Fast-DetectGPT constantly302

outperforms GPT-2 Detector among all domains.303

L2R outperforms Fast-DetectGPT in 20 of 21 do-304

mains, by an average of 28% in AUROC among305

all domains. L2R has a lower AUROC score than306

Fast-DetectGPT, by 8.5%, on the LegalDocument307

domain, which might be because legal document308

requires more rigorous writing style than the other309

domains and thus leaves fewer room for rewrite310

even for human writers.311

In general, the fluctuating AUROC scores indi-312

cates the challenging nature of our dataset and the313

independent distribution of the domains. However,314

these results also show that L2R has better knowl-315

edge of the intricate differences between human316

and AI texts in various domains and is more capa-317

ble in the real-world setting.318

5.4 Compare L2R with Simple Rewrite319

We compare L2R with RAIDAR, whose rewrite320

model is not finetuned, using accuracy and F1 score321

which are the metrics used by RAIDAR. The result322

for each domain along their average and standard 323

deviation can be found in Table 1. Since RAIDAR 324

does not fine-tune its rewrite model, it has the ad- 325

vantage of using closed-sourced models, i.e., Gem- 326

ini, who are more capable on different tasks. How- 327

ever, both average accuracy and F1 score are higher 328

when using Llama-3 for rewrite which indicates 329

that the capability in generation does not correlates 330

the capability in LLM-generated text detection. On 331

the other hand, L2R outperforms RAIDAR on aver- 332

age accuracy by 5.0% and F1 score by 5.4% while 333

maintaining the lowest standard deviation, which 334

demonstrates the benefit of fine-tuning. 335

5.5 Effectiveness of the Diverse Prompt in 336

Data Preparation 337

As mentioned before, our diverse dataset that 338

involves 21 independent domains, 200 different 339

prompts for generation, and three source LLMs re- 340

sembles real-world use cases for generated text 341

detectors better than the traditional evaluation 342

datasets which are usually constrained to one sin- 343

gle domain and generation prompt. To prove the 344

superiority of our dataset in training more capable 345

detection models, we create a parallel nondiverse 346

dataset which is created on the same 21 domains 347

and three source LLMs, but generate the AI data 348

with one prompt only: 349

Rewrite this for me please: 350
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Domain Gemini Rewrite Llama Rewrite Finetune Llama Rewrite

Accuracy F1 Accuracy F1 Accuracy F1

Academic Research 0.8125 0.7945 0.8065 0.8182 0.7742 0.8000
Art Culture 0.6625 0.6400 0.7211 0.6870 0.6667 0.6316
Business 0.7125 0.7229 0.7120 0.7143 0.7120 0.7049
Code 0.8194 0.8354 0.4907 0.6099 0.7870 0.7850
Educational Material 0.8228 0.8158 0.9106 0.8991 0.9187 0.9057
Entertainment 0.6957 0.7529 0.8727 0.8654 0.8636 0.8421
Environmental 0.8125 0.8193 0.8349 0.8125 0.8440 0.8132
Finance 0.7342 0.7200 0.7910 0.7846 0.8209 0.8154
Food Cuisine 0.7821 0.7901 0.7451 0.7045 0.7843 0.7442
Government Public 0.7125 0.6933 0.7339 0.7478 0.7706 0.7788
Legal Document 0.6625 0.6747 0.5702 0.6423 0.6140 0.6812
Literature Creative Writing 0.6438 0.6905 0.8244 0.8000 0.8473 0.8214
Medical Text 0.7125 0.7013 0.7054 0.6857 0.7946 0.7928
News Article 0.6883 0.7000 0.8190 0.8346 0.8103 0.8226
Online Content 0.7500 0.7595 0.7863 0.7423 0.8462 0.8333
Personal Communication 0.5641 0.5854 0.6563 0.6271 0.7266 0.7445
Product Review 0.6667 0.6176 0.7019 0.6737 0.7885 0.7708
Religious 0.8056 0.8205 0.7583 0.7129 0.8333 0.8077
Sports 0.6625 0.6400 0.6325 0.6261 0.6581 0.6774
Technical Writing 0.7500 0.7500 0.8136 0.7898 0.8140 0.8182
Travel Tourism 0.6923 0.7143 0.8136 0.7898 0.8140 0.8182

AVERAGE 0.7221 0.7256 0.7476 0.7413 0.7852 0.7814
STD 0.0693 0.0713 0.1004 0.0827 0.0740 0.0645

Table 1: Comparison of detection performance measured in accuracy and F1 score for Gemini rewrite, Llama
rewrite, and Learning to Rewrite. We train a separate classifier to show each rewrite model’s performance for each
independent domain, then train a single classifier on all domains to see each rewrite model’s overall performance
on all data. AVERAGE measures the average performance for all independent domains, and STD measures the
standard deviation across domains.

Dataset Rewrite Model Accuracy F1

Single-Prompt Gemini 0.6013 0.6027
Multi-Domain Dataset Llama 0.7246 0.7274

Multi-Prompt Gemini 0.7221 0.7256
Multi-Domain Dataset Llama 0.7476 0.7413

Table 2: Comparison of Accuracy and F1 scores for different rewrite models on Nondiverse and Diverse Datasets.

which resembles the way AI data was gener-351

ated in previous papers. Then, we train a detection352

classifier without fine-tuning, on the non-diverse353

dataset, and evaluate it on the diverse dataset. As354

shown in Table 2, the diverse prompts yields to355

20.1% increase in accuracy if the rewrite model356

is Gemini 1.5 Pro, and 3.2% increase in accuracy357

if the rewrite model is Llama-3 8B. This validates358

the effectiveness of the diverse prompts we were359

using, and suggests that such diversity could help 360

the detector to capture more information about real 361

world data distributions. When combining with 362

fine-tuning, the average detection accuracy is in- 363

creased by 8.4%. 364

5.6 Effectiveness of the Calibration Loss 365

Another important contribution that improves the 366

fine-tuning performance is the calibration loss, as 367
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Fine-Tune Method Accuracy F1

w/o Calibration 0.7687 0.7562
w/ Calibration 0.7852 0.7814

Table 3: Comparison of Accuracy and F1 scores for fine-tuning Llama with and without the calibration method.
Using the calibration loss when learning the model allows our algorithm to focus on learning the hard samples,
which significantly improves the detection.

Figure 6: Training loss curves for the rewrite model.
The orange plots the loss trained without the calibration
method, and the blue line plots the loss trained with the
method. The later one exhibits faster convergence and
higher stability than the former one.

proposed in section 3.4. Without this loss, the368

model tends to over-fit during fine-tuning as shown369

in Figure 6, where the model loss drastically de-370

crease after 1500 steps, resulting in verbose rewrite371

even for LLM-generated text. We conduct an abla-372

tion study on five domains where the detection ac-373

curacy and F1 score are only 0.62 and 0.54, respec-374

tively, after the model over-fits. We hypothesized375

that this technique could benefit model learning376

because the threshold effectively prevents further377

modification to model weights once an input, la-378

beled either AI or human, falls in its respectively379

distribution already. Since our purpose is simply380

to draw a boundary rather than separate the dis-381

tributions as much as possible, this halt in further382

weight adjustments facilitates the model to only383

"care about" those inputs which are not yet cor-384

rectly classified, so that it could converge more385

efficiently and effectively. Table 3 shows that ap-386

plying the calibration loss improves detection per-387

formance among the 21 domains, even comparing388

with a model tuned without the loss before over-389

fitting.390

6 Limitations391

A limitation of ours is the relatively slow inference392

runtime. As most zero-shot detectors only requires393

a forward pass from the LLM being used, we need394

to call generate to create a rewrite. Nevertheless,395

this problem would be well alleviated considering 396

the rapid enhancement in LLM efficiency and com- 397

puting power. 398

7 Conclusion 399

We present L2R, a method designed to enhance 400

the detection of LLM-generated text by learning 401

to rewrite more on LLM-generated inputs and less 402

on human generated inputs. L2R excels in identify- 403

ing LLM-generated content across various models 404

and diverse domains. Our work demonstrates that 405

LLMs can be trained to detect content generated by 406

other LLMs, surpassing previous detection meth- 407

ods in accuracy. As the quality of LLM-generated 408

content continues to improve, we anticipate that 409

L2R will similarly advance in its detection accu- 410

racy. 411
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A Dataset Details 597

A.1 Domains 598

Our dataset encompasses 21 indepedent domains. 599

Below are the details for each domain in the format 600

of domain name - source. 601

• AcademicResearch - Arxiv abstracts from 602

Mao et al. (2024) 603

• ArtCulture - Wikipedia 604

• Business - Wikipedia 605

• Code - Code snippets (Mao et al., 2024) 606

• EducationalMaterial - Ghostbuster essays 607

from (Verma et al., 2023) 608

• Entertainment - IMDb dataset (IMDb, 2024) 609

and Stanford SST2 (Socher et al., 2013) 610

• Environmental - Climate-Ins (Spokoyny et al., 611

2023) 612

• Finance - Hugging Face FIQA (Thakur et al., 613

2021) 614

• FoodCuisine - Kaggle fine food reviews 615

(McAuley and Leskovec, 2013) 616

• GovernmentPublic - Wikipedia 617

• LegalDocument - CaseHOLD (Zheng et al., 618

2021) 619

• CreativeWriting - Writing Prompts (Fan et al., 620

2018) 621

• MedicalText - PubMedQA (Jin et al., 2019) 622

• NewsArticle - XSum (Narayan et al., 2018) 623

• OnlineContent - Hugging Face blog author- 624

ship (Schler et al., 2006) 625
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• PersonalCommunication - Hugging Face daily626

dialogue (Li et al., 2017)627

• ProductReview - Yelp reviews (Mao et al.,628

2024)629

• Religious - Bible, Buddha, Koran, Meditation,630

and Mormon631

• Sports - Olympics website (Olympics, 2024)632

• TechnicalWriting - Scientific articles (Mosca633

et al., 2023)634

• TravelTourism - Wikipedia635

A.2 Generation Prompts636

Our dataset encompasses 200 different promtps for637

generating AI data. Here is an incomplete list of638

the prompts we used:639

• Refine this for me please:640

• Please rewrite this content in your own words:641

• Make this text more formal and professional:642

• Make this text more casual and friendly:643

• Rephrase this text in a more elaborate way:644

• Reframe this content in a more creative way:645

• Can you make this text sound more enthusias-646

tic?647

• Rewrite this passage to emphasize the key648

points:649

• Help me rephrase it, so that another GPT650

rewriting will cause a lot of modifications:651
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