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Abstract001

As LLM-generated content becomes more so-002
phisticated, detection systems for distinguish-003
ing those texts from human-written must op-004
erate at scale while handling diverse writing005
styles and domains. Relying only on standard006
binary classification formulations can neglect007
diversity in writing style and domain within008
each class. We propose MD-ProTector, an009
encoder-based detector that models internal di-010
versity in both classes using multiple proto-011
types, which are representative vectors sum-012
marizing groups of instances. MD-ProTector013
represents each class with multiple learnable014
prototypes that are updated during training.015
A prototype-to-instance contrastive loss, com-016
bined with instance-level contrastive loss, data-017
driven initialization and dynamic prototype up-018
dates, effectively leverages class-internal di-019
versity. Experiments show that MD-ProTector020
improves detection performance while avoid-021
ing bias toward either human-written or LLM-022
generated texts, and exhibits robustness under023
distribution shifts from unseen domains and024
generator models.025

1 Introduction026

As large language models have become increas-027

ingly sophisticated and widely accessible, detecting028

whether text is human-written or LLM-generated029

has become essential for ensuring credibility in dig-030

ital communication (Kwon and Jang, 2025). This031

is particularly important for blocking automated032

fake news and phishing attacks, as well as main-033

taining academic integrity (Najjar et al., 2025). In034

large-scale deployment scenarios, detection sys-035

tems must be applied to massive volumes of con-036

tent that span diverse writing styles and domains037

(Li et al., 2024). Treating such diversity is impor-038

tant for practical detection systems operating in039

real-world platform services such as social media040

and news portals (Wu et al., 2024).041

Figure 1: Unbiased High-Performance Detection.
Standard Binary Classifiers exhibit a biased judgment
tendency (wide gap). Conversely, MD-ProTector
achieves the highest Average Recall with a minimal
gap. This demonstrates consistent, high detection ac-
curacy for both text classes, mitigating the bias of the
standard Binary Classifiers.

In these practical deployment settings, pre- 042

embedded signals like watermarks or model in- 043

ternals such as log-likelihoods are not guaranteed 044

to utilize (Kandula et al., 2025; Christ et al., 2024; 045

Mitchell et al., 2023). Under these conditions, de- 046

tectors based on lightweight text encoders provide 047

a practical solution. They operate directly on the 048

input text without requiring access to the genera- 049

tion pipeline or model internals (Kuznetsov et al., 050

2024). This allows the same detection pipeline to 051

be applied uniformly across diverse writing styles 052

and domains, which is feasible for large-scale de- 053

ployment (Rodriguez et al., 2022). 054

One of the simplest designs for encoder-based 055

detectors is to attach a binary classification head 056

and train it using a cross-entropy loss (Ippolito 057

et al., 2020). Despite such intra-class diversity in 058

writing style and domain, all texts are reduced to 059

two categories during training under this design. 060
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The standard binary classification objective is a061

coarse supervision signal that does not explicitly062

consider such intra-class diversity (Cui et al., 2016).063

Several prior works have attempted to move be-064

yond standard binary classification formulations065

by adding structural constraints, but still overlook066

intra-class diversity within at least one of the two067

classes, which can limit detection performance068

(Guo et al., 2024; Zeng et al., 2025). This obser-069

vation motivates the need for detectors that model070

intra-class diversity in both classes, equipped with071

better reflection on the diversity observed in real-072

world texts.073

For this end, we propose MD-ProTector, a novel074

LLM-generated text detector with multiple data-075

driven prototypes. Our approach trains the en-076

coder with multiple learnable prototypes, which077

are representative embedding vectors that summa-078

rize groups of instances within each class (Snell079

et al., 2017). By modeling multiple prototypes080

for both classes, MD-ProTector is able to cap-081

ture intra-class diversity on both the human-written082

and LLM-generated classes in more balanced way.083

MD-ProTector is mainly trained with prototype-084

to-instance contrastive loss that aligns each text085

instance with nearby prototypes. To support stable086

and effective alignment, the method designs data-087

driven prototype initialization, dynamic prototype088

updates, and complementary instance-level consis-089

tency during training. Instead of collapsing each090

class into a single global cluster, MD-ProTector091

represents both human-written and LLM-generated092

texts using multiple prototypes.093

We assess detection performance of MD-094

ProTector on a large-scale benchmark containing095

diverse writing styles and generation patterns. We096

show that the proposed approach improves detec-097

tion performance while reducing performance gap098

between human-written and LLM-generated texts.099

We further show that MD-ProTector is effective100

under distribution shifts arising from unseen do-101

mains and unseen generator models. In addition,102

we perform extensive ablation studies to analyze103

the contribution of each component, validating the104

effectiveness of multi-prototype modeling, data-105

driven initialization and training objectives.106

Our contributions can be summarized as follows:107

• We propose MD-ProTector, a novel detection108

framework that explicitly models intra-class109

diversity within human-written and LLM-110

generated texts by representing each class111

with multiple data-driven prototypes rather 112

than a single global cluster. 113

• We develop a prototype-aware training strat- 114

egy centered on a prototype-to-instance con- 115

trastive objective, supported by data-driven 116

prototype initialization and dynamic updates 117

to improve LLM-generated text detection per- 118

formance. 119

• We demonstrate the superior detection perfor- 120

mance of our method on a large-scale bench- 121

mark, validating its generalization capability 122

under distribution shifts and verifying the ef- 123

fectiveness of our design choices through ex- 124

tensive ablation studies. 125

2 Related Works 126

2.1 LLM-Generated Text Detection 127

Prior work on LLM-generated text detection in- 128

cludes watermarking, zero-shot statistical methods, 129

and supervised classifiers, among others, depend- 130

ing on model access and the types of detection sig- 131

nals used (Wu et al., 2025). Watermarking injects 132

identifiable patterns during generation, enabling 133

content source verification by model providers 134

(Kirchenbauer et al., 2023). Zero-shot statistical 135

detectors, such as DetectGPT and GLTR, exploit 136

differences in probability distributions using met- 137

rics like perplexity or curvature without requiring 138

labeled data (Mitchell et al., 2023; Gehrmann et al., 139

2019). However, watermarking assumes prior co- 140

operation from generators, and statistical methods 141

often require repeated model inference, incurring 142

high computational cost (Christ et al., 2024; Bao 143

et al., 2024). As a practical alternative in large- 144

scale deployment scenarios, supervised detectors 145

based on lightweight text encoders operate solely 146

on input text and are suitable for in-the-wild de- 147

ployment (Bakhtin et al., 2019; Uchendu et al., 148

2020; Wang et al., 2023). These detectors typically 149

rely on encoder architectures such as BERT (De- 150

vlin et al., 2019) or RoBERTa (Liu et al., 2021), 151

whose parameter counts are on the order of hun- 152

dreds of millions—substantially smaller than the 153

multi-billion-parameter scale of modern LLMs. 154

Despite their efficiency, these classifiers exhibit 155

significant performance degradation on unseen do- 156

mains or emerging model families (Bakhtin et al., 157

2019). Recent work attempts to improve robust- 158

ness by imposing stronger structural constraints 159
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on the representation space. For example, DeTeC-160

tive organizes text instances from multiple gen-161

erators into a predefined hierarchical contrastive162

learning while implicitly treating human-written163

text as a single homogeneous class (Guo et al.,164

2024). In contrast, DeepSVDD-based one-class165

detectors enforce compactness by minimizing the166

variance of machine-generated samples and mod-167

eling human-written text as outliers (Zeng et al.,168

2025). These formulations collapse one of the169

classes into a single cluster, which is a restrictive170

assumption considering that both human-written171

and machine-generated text exhibit substantial het-172

erogeneity across domains, prompts, and model173

families. To address this, we propose learning174

multiple data-driven prototypes for both classes,175

enabling explicit modeling of intra-class diversity176

on both sides rather than enforcing asymmetric or177

single-cluster assumptions.178

2.2 Prototype-Based Representation Learning179

Prototype-based methods represent each class by180

one or more representative points in an embedding181

space and classify inputs based on their similarity182

to these prototypes. A canonical example is Proto-183

typical Networks, which learn an encoder and com-184

pute class prototypes as the mean embeddings of185

support examples, classifying queries via distances186

to these prototypes in a metric-learning framework187

(Snell et al., 2017). This view treats prototypes as188

data-driven summaries of class structure: training189

encourages instances of the same class to concen-190

trate around their prototype while separating pro-191

totypes of different classes. Subsequent work has192

extended this idea beyond the original few-shot set-193

ting, exploring multiple prototypes per class, part-194

or attribute-level prototypes, and more flexible sim-195

ilarity functions in settings ranging from metric and196

meta-learning to interpretable models in vision and197

NLP (Chen et al., 2019; Hong et al., 2023).198

Prototype-based representations have also been199

applied to detection problems, where prototypes200

are used to characterize an in-distribution manifold201

for out-of-distribution or anomaly detection, and to202

self-supervised or contrastive learning (Chen et al.,203

2024; Li et al., 2021). In many of these settings,204

prototypes either model a single normal distribu-205

tion, or are primarily used to improve structure206

within a single class or task (Xie et al., 2023). Our207

problem requires modeling heterogeneous distribu-208

tions on both sides of the detection problem, where209

neither human-written nor LLM-generated text can210

be adequately represented by a single global cluster. 211

We therefore adopt a multi-prototype formulation 212

and incorporate data-driven initialization and proto- 213

type update strategies to improve LLM-generated 214

text detection. 215

3 Proposed Method 216

We propose MD-ProTector, a Multiple Data- 217

driven Prototype-based deTector designed to cap- 218

ture the intra-class diversity of human-written and 219

LLM-generated texts. This section describes how 220

prototypes are initialized and updated (3.2), and 221

how they are integrated into a unified training ob- 222

jective for lightweight LLM-generated text detec- 223

tion (3.3). 224

3.1 Problem Formulation and Encoder 225

Given an input space X of text sequences, each 226

instance is associated with a label y ∈ {0, 1} indi- 227

cating whether the text is LLM-generated (y = 0) 228

or human-written (y = 1). A lightweight trans- 229

former encoder fθ is employed to map an input 230

text x to a fixed-dimensional vector. To ensure di- 231

rectional alignment, the output is projected onto 232

the unit hypersphere via L2 normalization: 233

z =
fθ(x)

∥fθ(x)∥2
∈ Sd−1. (1) 234

All subsequent operations are performed in this 235

normalized embedding space. 236

3.2 Prototype Modeling and Dynamics 237

This subsection describes how class-specific pro- 238

totypes are initialized and dynamically updated to 239

track evolving representation within each class. A 240

set of learnable prototypes Pc = {pc,1, . . . ,pc,R} 241

is maintained for each class c. Here, c = 0 and 242

c = 1 correspond to LLM-generated and human- 243

written text respectively, and R denotes the number 244

of prototype vectors assigned to each class. 245

Data-Driven Initialization. Prototypes are ini- 246

tialized using a data-driven approach to avoid poor 247

local optima. Before training, we extract embed- 248

dings for the training set and perform K-Means 249

algorithm per class (McQueen, 1967). The re- 250

sulting centroids serve as the initial prototypes 251

P(0)
c = {p(0)

c,r}Rr=1. 252

EMA-based Prototype Updates. Each proto- 253

type pc,r is updated using an Exponential Moving 254
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Figure 2: Overview of MD-ProTector. Our detector encodes input text into a normalized embedding space.
MD-ProTector learns multiple prototypes (colored markers) for each class (Human/Machine) to capture diversity.
The model is trained via a dual objective: aligning instances with class prototypes (Lproto) while densifying local
clusters (Lins).

Average (EMA) scheme to stably track the evolv-255

ing embedding space during training (Zhan et al.,256

2020).257

At each training step t, the update relies on z̄
(t)
c,r,258

which is the weighted average of embeddings of the259

current mini-batch with respect to their assignment260

to current prototype pc,r. Its exact computation is261

described in the following paragraph.262

The prototype update is performed as263

v(t+1)
c,r = γp(t)

c,r + (1− γ)z̄(t)c,r, (2)264

where γ controls the momentum of the update. The265

resulting vector is projected back onto the unit hy-266

persphere:267

p(t+1)
c,r =

v
(t+1)
c,r

∥v(t+1)
c,r ∥2

. (3)268

Soft Assignment. To determine how instances269

are associated with each prototype, we employ a270

soft assignment mechanism. Given an embedding z271

and the set of prototypes for class c, the assignment272

weight to prototype pc,r is defined as273

ac,r(z) =
exp(z⊤pc,r/κ)∑R
k=1 exp(z

⊤pc,k/κ)
, (4)274

where κ is a parameter that controls the sharp-275

ness of the assignment. Using these weights, the276

prototype-specific embedding used in the EMA up-277

date is computed as278

z̄(t)c,r =

∑
i∈Bc

ac,r(zi) zi∑
i∈Bc

ac,r(zi) + ϵ
, (5)279

where Bc denotes the subset of the mini-batch with 280

label c and ϵ is a small constant for numerical stabil- 281

ity. The same assignment weights are also used in 282

the prototype-based contrastive objective described 283

in the next subsection. 284

3.3 Training Objectives 285

This subsection introduces the training objectives 286

designed to effectively utilize multiple prototypes, 287

combining global alignment to class prototypes 288

(Lproto) with local consistency among peer in- 289

stances (Lins). 290

Prototype-to-instance Contrastive Loss (Lproto). 291

This objective compares how strongly an instance 292

embedding zi aligns with prototypes of its ground- 293

truth class ci, relative to the full set of prototypes 294

across both classes. Positives are defined as a 295

soft mixture of class-conditional prototypes using 296

the assignment weights aci,r(zi) introduced in the 297

previous subsection, leading to the following con- 298

trastive formulation: 299

Lproto = − log

∑R
r=1 aci,r(zi)ϕ(zi,pci,r)∑

p∈P ϕ(zi,p)
, (6) 300

where ϕ(u,v) = exp(u⊤v/τ) and P denotes the 301

set of all prototypes across classes. 302

Instance-to-instance Contrastive Loss (Lins). 303

To further encourage local compactness within 304

each class, we incorporate an instance-to-instance 305

InfoNCE objective. Given a mini-batch B, let 306

P(i) = {j ∈ B | cj = ci} denote the set of 307
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indices sharing the same class label as instance i.308

The loss is defined as309

Lins = −
∑
i∈B

1

|P(i)|
∑

j∈P(i)

log
ϕ(zi, zj)∑

k∈B\{i} ϕ(zi, zk)
.

(7)310

This objective complements the global alignment311

enforced by Lproto by explicitly densifying local312

neighborhoods within each class. While Lproto an-313

chors embeddings to class-level prototypes, Lins314

promotes fine-grained compactness among peer in-315

stances.316

Total Training Objective. The final objective317

function is a weighted sum of the global prototype318

alignment and local instance consistency:319

Ltotal = αLproto + βLins, (8)320

where α and β are hyperparameters controlling the321

relative contribution of each term. The encoder pa-322

rameters θ are optimized to minimize Ltotal, while323

the prototypes are updated separately via the EMA324

mechanism described in Section 3.2.325

3.4 Inference326

At inference time, classification is performed by327

comparing the proximity of an input embedding to328

the class-specific prototype sets. For a given em-329

bedding z, we compute a soft-assignment-weighted330

average of squared distances to the prototypes of331

each class c:332

D(z, c) =
R∑

r=1

ac,r(z) ∥z− pc,r∥22. (9)333

This quantity summarizes how closely the instance334

aligns with the collection of prototypes represent-335

ing class c, while accounting for multiple class-336

internal sub-modes via the assignment weights.337

The final score is obtained by taking the differ-338

ence between the two class-specific distances:339

S(z) = D(z, 0)−D(z, 1), (10)340

where a larger value indicates that the input is341

closer, on average, to human-written prototypes342

than to LLM-generated ones. A binary prediction343

is produced by thresholding this score using a value344

δ selected on a validation set:345

ŷ = I(S(z) > δ). (11)346

Algorithm 1 Training MD-ProTector

Require: Training set D, encoder fθ, number of
prototypes R

Ensure: Trained encoder fθ and prototype sets
{Pc}c∈{0,1}

1: Initialize class-wise prototype sets P(0)
c using

K-Means on encoder embeddings.
2: for each training step do
3: Encode minibatch: zi ← fθ(xi) and nor-

malize.
4: Compute Lproto and Lins.
5: Update encoder parameters θ by minimizing

Ltotal.
6: Update prototypes via EMA using soft as-

signments.
7: end for

Algorithm 2 Inference
Require: Input text x, encoder fθ, prototype sets
{Pc}c∈{0,1}, threshold δ

1: z← fθ(x) and normalize.
2: Compute class-wise distances D(z, 0) and

D(z, 1).
3: Predict ŷ = I(D(z, 0)−D(z, 1) > δ).
4: return ŷ

4 Experiments 347

We first detail the experimental setup and MD- 348

ProTector’s main detection performance. We then 349

analyze its robustness against distribution shifts 350

and validate component contributions via ablation 351

studies. 352

4.1 Experimental Setup 353

Dataset. We use the MAGE dataset (Li et al., 354

2024), a large-scale benchmark designed for real- 355

istic, open-domain LLM-generated text detection. 356

The dataset consists of approximately 95k human- 357

written texts drawn from diverse domains, includ- 358

ing scientific writing and informal texts, along- 359

side 236k LLM-generated samples produced by 360

27 large language models from seven model fami- 361

lies, including GPT, LLaMA, OPT, and FLAN-T5. 362

The LLM-generated texts are created under mul- 363

tiple prompting strategies—continuation, topical, 364

and specified—resulting in substantial diversity in 365

both content and generation patterns. This hetero- 366

geneous composition reflects real-world detection 367

scenarios that involve substantial diversity in both 368

domains and generator models. 369
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Table 1: Main Detection Performance. Comparison with various baseline categories. HumanRec and Ma-
chineRec denote recall measured separately on human-written and LLM-generated texts, respectively. AvgRec
denotes the average of Human and Machine Recall. MD-ProTector achieves the best AvgRec while minimizing the
gap between HumanRec and MachineRec, suggesting that our method is unbiased and equally effective across both
classes.

Method AvgRec HumanRec MachineRec Acc F1
FastText† 78.80 86.34 71.26 78.89 80.53
GLTR† 55.42 12.42 98.42 54.92 21.79
DetectGPT† 60.48 86.92 34.05 60.79 69.16
Binary-Classifier‡ 92.91 88.54 97.29 92.86 92.62
DeTeCtive‡ 94.59 92.91 96.28 94.57 94.54
DeepSVDD‡ 94.45 95.86 93.05 94.46 94.58
MD-ProTector (Ours) 95.30 95.96 94.63 95.30 95.39

Table 2: Robustness Evaluation under Distribution Shifts. Aggregated performance on (A) Unseen Domains
and (B) Unseen Generator Models. DeepSVDD performs well on unseen models but shows lower Human Recall on
unseen domains. MD-ProTector shows the highest Overall Average across the combined scenarios.

Method AvgRec HumanRec MachineRec Acc F1
(A) Unseen Domains (Topic Shift)

Binary-Classifier 67.03 35.06 99.01 66.49 47.93
DeTeCtive 76.73 55.95 97.50 76.33 67.49
DeepSVDD 86.56 87.59 85.52 86.46 85.52
MD-ProTector (Ours) 87.59 91.32 83.87 87.67 88.34

(B) Unseen Models (Generator Shift)
Binary-Classifier 89.19 86.56 91.83 89.19 89.00
DeTeCtive 87.83 83.06 92.60 91.11 91.25
DeepSVDD 91.08 91.34 90.82 90.92 91.29
MD-ProTector (Ours) 90.51 92.40 88.62 90.52 90.77

Overall (Average of (A) & (B))
Binary-Classifier 78.11 60.81 95.42 77.84 68.46
DeTeCtive 82.28 69.50 95.05 83.72 79.37
DeepSVDD 88.82 89.47 88.17 88.69 88.41
MD-ProTector (Ours) 89.05 91.86 86.24 89.10 89.55

Baselines. We compare MD-ProTector with a370

range of representative LLM-generated text detec-371

tors. These include FastText (Joulin et al., 2017) as372

a lightweight lexical baseline, statistical methods373

such as GLTR (Gehrmann et al., 2019) and Detect-374

GPT (Mitchell et al., 2023), and several encoder-375

based detectors built on pretrained language mod-376

els. For encoder-based methods, we include a stan-377

dard Binary Classifier trained with a cross-entropy378

loss, as well as DeTeCtive (Guo et al., 2024) and379

DeepSVDD (Zeng et al., 2025).380

Implementation Details. We adopt 125M Un-381

supervised SimCSE-RoBERTa (Gao et al., 2021)382

as the backbone encoder fθ for MD-ProTector, the383

Binary Classifier, and all other encoder-based base-384

lines, following the implementation choices used385

in DeTeCtive and DeepSVDD to ensure a fair com- 386

parison. The number of prototypes per class is set 387

to R = 16 and initialized via K-Means clustering 388

to facilitate warm-start optimization. Models are 389

trained for 30 epochs with a batch size of 32 using 390

AdamW with a learning rate of 2× 10−5 and 2000 391

warmup steps. The temperature parameter is set 392

to τ = 0.1, and the loss weights are α = 1.0 and 393

β = 1.0. The EMA momentum is set to γ = 0.9. 394

κ = 0.07 for soft assignments. All experiments are 395

conducted using two NVIDIA RTX 3090 GPUs. 396

4.2 Main Detection Performance 397

0†Results for FastText, GLTR, and DetectGPT are re-
trieved from the MAGE benchmark (Li et al., 2024).

0‡Binary-Classifier, DeTeCtive and DeepSVDD are
trained under the same experimental environment as MD-
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Table 1 reports the main detection performance398

across all methods. Clear differences emerge not399

only in overall accuracy but also in class-wise be-400

havior, highlighting how different modeling as-401

sumptions affect detection outcomes.402

FastText achieves only moderate performance,403

reflecting its reliance on surface-level lexical cues.404

GLTR attains very high Machine Recall (98.42%)405

but fails to detect human-written text (Human Re-406

call 12.42%), while DetectGPT shows the opposite407

pattern with high Human Recall (86.92%) and low408

Machine Recall (34.05%). These results indicate409

that methods relying on generation statistics tend to410

over-specialize in a single class, leading to unstable411

detection behavior.412

The standard binary classifier also exhibits a413

clear bias toward machine class. Although it at-414

tains a high Machine Recall of 97.29%, its Human415

Recall drops to 88.54%, resulting in an AvgRec of416

92.91%. This pattern indicates a strong bias toward417

predicting LLM-generated text and suggests that418

binary supervision collapses the diverse human-419

written texts into an insufficiently expressive rep-420

resentation, ultimately limiting overall detection421

performance.422

Introducing additional structure into encoder-423

based detectors partially alleviates this issue. De-424

TeCtive and DeepSVDD both improve AvgRec425

compared to the Binary Classifier, reaching 94.59%426

and 94.45%, respectively. However, they exhibit427

different bias patterns. DeTeCtive favors LLM-428

generated text, achieving a Machine Recall of429

96.28% at the expense of Human Recall (92.91%),430

while DeepSVDD shows the opposite tendency,431

with strong Human Recall (95.86%) but reduced432

sensitivity to LLM-generated text (93.05%). While433

these approaches mitigate the collapse observed in434

the standard binary formulation, they still fall short435

of achieving the best overall performance.436

MD-ProTector achieves the strongest results437

among all evaluated methods. It records the high-438

est AvgRec of 95.30% and F1-score of 95.39%,439

while maintaining consistently high recall for both440

human-written (95.96%) and LLM-generated text441

(94.63%), resulting in the least class-wise gap442

(∆ = 1.36%). These results demonstrate that ex-443

plicitly modeling internal diversity for both classes444

enables MD-ProTector to overcome the limitations445

of standard binary supervision and prior structured446

baselines, leading to superior and more stable de-447

ProTector.

tection performance. 448

4.3 Robustness Evaluation 449

We evaluate the robustness of MD-ProTector un- 450

der distribution shifts induced by unseen domains 451

and unseen generator models. In the Unseen Do- 452

mains setting, the detector is trained by exclud- 453

ing all samples from one domain and evaluated 454

on that held-out domain, repeating this process 455

across 10 distinct domains. In the Unseen Mod- 456

els setting, texts generated by one generator model 457

are entirely excluded from training and used only 458

for evaluation, with this procedure repeated over 459

7 distinct generator models. For each held-out do- 460

main or model, a separate detector is trained to 461

ensure strictly unseen evaluation. Table 2 reports 462

the performance aggregated over all runs, provid- 463

ing a comprehensive assessment of robustness to 464

domain and generator shifts. 465

Under out-of-distribution conditions, the stan- 466

dard Binary Classifier exhibits severe performance 467

degradation, particularly in the Unseen Domain set- 468

ting. While Machine Recall remains high, Human 469

Recall drops sharply, indicating that the detector 470

has a strong bias to predict an instance as LLM- 471

generated. This collapse mirrors the limitations 472

observed in the main detection results and shows 473

that the weaknesses of binary classification are fur- 474

ther amplified under domain shifts. Succeeding 475

two encoder-based baselines alleviate this behavior 476

to some extent but remain sensitive to semantic 477

diversity across domains. 478

In contrast, MD-ProTector demonstrates clear 479

advantages under domain shifts, achieving the high- 480

est Average Recall and F1-score while maintaining 481

substantially higher Human Recall than competing 482

methods. Across the combined out-of-distribution 483

scenarios, MD-ProTector also attains the best over- 484

all performance. These results indicate that explic- 485

itly modeling internal diversity within both classes 486

enables more stable detection under distribution 487

shifts, supporting the effectiveness of the proposed 488

multi-prototype framework in realistic settings. 489

4.4 Ablation Studies 490

To validate the design choices of MD-ProTector, 491

we analyze the impact of training objectives, proto- 492

type counts, initialization strategies, and hyperpa- 493

rameter sensitivity. 494

Synergy of Dual Objectives. Table 3 presents 495

the performance across different combinations of 496
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loss functions. Using Lins alone yields 94.12%,497

while Lproto alone also achieves 94.09%. The best498

performance (95.30%) is obtained by combining499

both objectives. This suggests a complementary500

effect where Lproto establishes global separation501

between human and machine manifolds, while Lins502

improves local density within sub-clusters.503

Table 3: Impact of Training Objectives.

Lproto Lins AvgRec (%)
✓ – 94.12
– ✓ 94.09
✓ ✓ 95.30

Impact of Multi-Prototype Modeling. Table 4504

examines how the number of prototypes per class505

influences detection performance. Introducing mul-506

tiple prototypes consistently improves performance507

up to a moderate scale, with the best result obtained508

at R = 16. This trend suggests that explicitly mod-509

eling intra-class heterogeneity enables the detector510

to better capture diverse writing styles and gen-511

erator artifacts. When the number of prototypes512

is further increased to R = 32, performance de-513

grades, indicating that overly fine-grained parti-514

tioning can fragment the representation space and515

weaken class-level discrimination.516

Table 4: Effect of Prototype Count (R).

# Prototypes (R) AvgRec (%)
1 94.49
2 94.31
4 94.10
8 94.41
16 95.30
32 94.06

Effect of K-Means Initialization Strategy. Pro-517

totype initialization via K-Means outperforms ran-518

dom initialization by 1.10% (Table 5). K-Means519

provides a data-driven starting point by anchoring520

prototypes to the centroids of initial distributions,521

ensuring more stable convergence compared to ran-522

dom placement.523

Table 5: Effect of Initialization.

Initialization Method AvgRec (%)
Random Initialization 94.20
K-Means (Ours) 95.30

Table 6: Sensitivity to Temperature (τ ).

Temperature (τ ) AvgRec (%)
0.05 94.75
0.1 95.30
0.2 93.90
0.5 94.00

Table 7: Sensitivity to Momentum (γ).

Momentum (γ) AvgRec (%)
0.5 94.88
0.9 95.30
0.95 94.75
0.99 94.89

Hyperparameter Sensitivity. We further investi- 524

gate the sensitivity of temperature τ and momen- 525

tum γ for EMA updates. As shown in Table 6, the 526

optimal temperature is found at τ = 0.1. Higher 527

values like τ = 0.5 lead to performance degrada- 528

tion (94.00%), likely due to the over-smoothing of 529

the contrastive distribution. For prototype momen- 530

tum (Table 7), γ = 0.9 yields the highest AvgRec. 531

Lower momentum (γ = 0.5) results in unstable 532

prototype updates, while excessively high momen- 533

tum (γ = 0.99) slows down the adaptation of pro- 534

totypes to the evolving embedding space. 535

5 Conclusion 536

In this paper, we presented MD-ProTector, a 537

prototype-based detection framework that explic- 538

itly models intra-class diversity in both human- 539

written and LLM-generated text. By representing 540

each class with multiple data-driven prototypes, our 541

method avoids collapsing heterogeneous texts into 542

a single global cluster. MD-ProTector jointly de- 543

signs data-driven prototype initialization, dynamic 544

prototype updates, and prototype-aware training ob- 545

jectives. A prototype-to-instance contrastive loss 546

aligns text representations with the same class pro- 547

totypes, with complementary instance-to-instance 548

contrastive loss. Together, these components en- 549

able more balanced and discriminative represen- 550

tation learning for LLM-generated text detection. 551

Extensive experiments show that MD-ProTector 552

achieves strong detection performance and main- 553

tains robustness under distribution shifts from un- 554

seen domains and generator models, while preserv- 555

ing the efficiency of lightweight encoder-based de- 556

tectors. 557
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Limitations558

This work assumes a fixed-label binary detection559

setting in which each input is classified as either560

human-written or LLM-generated, and does not561

address more complex scenarios such as partial562

generation, human–machine co-editing, or estimat-563

ing degrees of machine involvement. In addition,564

the number of prototypes per class is treated as an565

empirically fixed design choice. Adaptive mech-566

anisms for adjusting prototype cardinality based567

on data characteristics are not explored. Finally,568

our analysis focuses on prototype-based model-569

ing and training strategies within a fixed encoder570

configuration, rather than on optimizing or compar-571

ing backbone architectures, as the proposed frame-572

work is intended to be generally applicable across573

lightweight text encoders.574

Ethics Statement575

The datasets utilized do not include private data576

or non-public personally identifiable information.577

The development of reliable text detection systems578

is crucial for maintaining trust in digital informa-579

tion. However, we acknowledge that detection580

technologies can potentially be used in a dual-use581

manner—adversaries might use our detector as a582

discriminator to train more sophisticated genera-583

tors that evade detection. Additionally, while we584

strove to use diverse datasets, the "Human" class585

in our training data is sourced from web texts (e.g.,586

Reddit, Wikipedia), which may contain inherent587

biases. Users should be cautious when deploying588

this model in sensitive contexts, as false positives589

could unfairly penalize human writers.590
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A Detailed OOD Performance788

In Section 4.3, we reported the aggregated met-789

rics for Out-of-Distribution (OOD) scenarios. To790

provide a granular view of the robustness charac-791

teristics of each method, we present the detailed792

breakdown of Average Recall (AvgRec), Human793

Recall, Machine Recall, Accuracy, and F1-Score794

for all 10 unseen domains and 7 unseen generator795

models.796

Table 8: Detailed Metrics: Binary-Classifier. Human
Recall degrades significantly on unseen domains.

Scenario AvgRec HumanRec MachineRec Acc F1
(A) Unseen Domains

CMV 83.78 68.91 98.65 84.12 80.92
ELI5 82.69 66.86 98.53 82.79 79.43
HellaSwag 62.29 27.10 97.48 60.97 41.87
ROC 53.06 6.47 99.65 52.43 12.12
Scigen 57.65 16.31 98.98 55.17 27.83
SQuAD 70.73 41.87 99.60 70.66 58.86
TLDR 61.68 24.14 99.22 60.98 38.66
WP 75.11 51.05 99.17 75.26 67.22
XSum 54.25 9.29 99.20 54.05 16.88
Yelp 69.07 38.57 99.57 68.46 55.50
Avg. 67.03 35.06 99.01 66.49 47.93

(B) Unseen Models
Bloom-7B 89.36 83.92 94.80 89.36 88.75
FLAN-T5-Small 84.54 86.57 82.51 84.54 84.85
GLM-130B 91.51 85.85 97.17 91.51 91.00
GPT-J 92.55 85.30 99.79 92.55 91.96
GPT-3.5-Turbo 85.63 93.48 77.78 85.63 86.68
LLaMA-2-7B 90.63 85.77 95.50 90.63 90.15
OPT-125M 90.13 85.01 95.24 90.13 89.59
Avg. 89.19 86.56 91.83 89.19 89.00
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Table 9: Detailed Metrics: DeTeCtive. Full breakdown of performance across 17 OOD scenarios.

Scenario AvgRec HumanRec MachineRec Acc F1
(A) Unseen Domains

CMV 92.66 89.01 96.30 92.74 92.30
ELI5 87.86 78.33 97.40 87.92 86.57
HellaSwag 69.87 45.17 94.57 68.95 60.14
ROC 58.24 17.01 99.47 57.68 28.94
Scigen 73.14 48.58 97.69 71.66 64.50
SQuAD 86.04 74.44 97.64 86.01 84.21
TLDR 69.18 40.24 98.12 68.64 56.65
WP 92.80 87.38 98.21 92.83 92.38
XSum 61.46 25.83 97.08 61.30 40.13
Yelp 76.01 53.47 98.55 75.55 69.05
Avg. 76.73 55.95 97.50 76.33 67.49

(B) Unseen Models
Bloom-7B 93.35 90.79 95.92 93.35 93.18
FLAN-T5-Small 83.80 91.52 76.07 83.80 84.96
GLM-130B 93.04 89.55 96.52 93.04 92.78
GPT-J 95.32 90.92 99.72 95.32 95.10
GPT-3.5-Turbo 87.28 92.83 81.72 87.28 87.95
LLaMA-2-7B 92.55 91.56 93.53 92.55 92.47
OPT-125M 92.40 90.94 93.86 92.40 92.29
Avg. 87.83 83.06 92.60 91.11 91.25

Table 10: Detailed Metrics: DeepSVDD. High Machine Recall is observed in Part (B), but Human Recall drops
significantly in Part (A).

Scenario AvgRec HumanRec MachineRec Acc F1
(A) Unseen Domains

CMV 90.91 93.05 88.78 90.43 88.25
ELI5 88.44 86.33 90.55 88.53 87.84
HellaSwag 84.54 89.51 79.57 84.57 85.37
ROC 79.61 81.03 78.19 79.56 79.23
Scigen 84.48 86.78 82.19 84.25 83.23
SQuAD 88.67 84.63 92.71 89.55 86.35
TLDR 84.62 89.18 80.06 83.74 81.58
WP 93.21 93.65 92.76 93.20 93.09
XSum 84.06 88.30 79.84 83.81 83.68
Yelp 87.01 83.48 90.54 86.99 86.58
Avg. 86.56 87.59 85.52 86.46 85.52

(B) Unseen Models
Bloom-7B 93.33 94.95 91.72 93.42 93.82
FLAN-T5-Small 85.47 85.97 84.96 85.47 85.68
GLM-130B 97.88 95.76 100.00 96.19 97.83
GPT-J 98.89 98.27 99.50 98.63 99.02
GPT-3.5-Turbo 85.35 91.40 79.30 85.84 87.47
LLaMA-2-7B 93.35 93.15 93.55 93.35 93.54
OPT-125M 91.92 91.51 92.32 91.90 92.18
Avg. 91.08 91.34 90.82 90.92 91.29
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Table 11: Detailed Metrics: MD-ProTector (Ours). Consistent and balanced performance across all OOD
scenarios.

Scenario AvgRec HumanRec MachineRec Acc F1
(A) Unseen Domains

CMV 94.67 94.76 94.59 94.67 94.56
ELI5 89.90 90.75 89.04 89.89 89.92
HellaSwag 83.06 94.78 71.34 83.49 85.62
ROC 82.79 89.56 76.02 82.88 84.14
Scigen 85.95 87.71 84.19 86.05 86.95
SQuAD 88.61 86.68 90.54 88.61 88.41
TLDR 88.11 89.98 86.24 88.15 88.55
WP 92.29 95.80 88.78 92.27 92.49
XSum 83.31 93.30 73.33 83.36 84.92
Yelp 87.25 89.90 84.62 87.31 87.84
Avg. 87.59 91.32 83.87 87.67 88.34

(B) Unseen Models
Bloom-7B 92.09 95.03 89.15 92.09 92.32
FLAN-T5-Small 82.79 84.16 81.42 82.79 83.02
GLM-130B 94.77 96.96 92.59 94.78 94.89
GPT-J 98.13 98.20 98.06 98.13 98.13
GPT-3.5-Turbo 84.90 86.72 83.08 84.90 85.17
LLaMA-2-7B 93.26 94.39 92.13 93.26 93.34
OPT-125M 93.78 94.93 92.63 93.78 93.85
Avg. 90.51 92.40 88.62 90.52 90.77
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