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Abstract001

Recent advances in large language models002
have amplified concerns about detecting AI-003
generated text in real-world settings. Most ex-004
isting zero-shot detectors, however, implicitly005
assume a single known generator and a fixed006
decoding distribution, which often fails under007
unseen models, mixed sources, and decoding-008
induced shifts. We present MSDOS (Multi-009
Style Distillation Observers), a robust zero-010
shot detector that constructs an AI-side refer-011
ence distribution from multiple distilled style012
observers, enabling reliable detection under un-013
known and mixed generators. MSDOS distills014
diverse generation behaviors into a set of style015
observers implemented as lightweight adapters016
on a shared backbone language model, and017
aggregates them via likelihood-based fusion018
by adaptively weighting observers according019
to their probabilistic consistency with the in-020
put. To further handle decoding variations, we021
introduce a repetition-penalty compensation022
mechanism that mitigates distribution shifts023
caused by repetition-penalized generation. Ex-024
tensive experiments show that MSDOS con-025
sistently outperforms prior zero-shot detectors026
across unseen generators, domains, and decod-027
ing settings. Code and data are available at028
https://github.com/anonymacl/MSDOS.029

1 Introduction030

With the rapid advancement of large language mod-031

els (LLMs) (OpenAI et al., 2024; Touvron et al.,032

2023; Bai et al., 2023), AI-generated text has be-033

come pervasive in applications such as news writ-034

ing, academic assistance, and social media (Sun035

et al., 2025). While LLMs greatly improve the effi-036

ciency of content creation, their low barrier to use037

also introduces risks including misinformation dis-038

semination (Gehrmann et al., 2019) and academic039

misconduct (Holmes et al., 2023), making reliable040

detection of AI-generated text in real-world set-041

tings increasingly important (Yang et al., 2024b).042
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Figure 1: A single observer calibrated to one model-
style can fail on other styles: aligned styles produce cor-
rect decisions, but cross-style mismatch induces errors,
raising trustworthiness concerns under unknown/mixed
sources.

Recent zero-shot and unsupervised detection 043

methods typically rely on probability-based analy- 044

sis using external language models, such as likeli- 045

hood or perturbation-consistency criteria (Ghosal 046

et al., 2023). While effective under the assumption 047

of a single known generator with fixed decoding 048

strategies, these methods often degrade in realistic 049

settings, where AI-generated text originates from 050

unknown and mixed generators and is produced 051

under diverse decoding configurations (Wu et al., 052

2024a). In particular, many probability-based de- 053

tectors rely on a single external language model as 054

an AI-side reference to score text. When the test- 055

time generator differs in style or decoding configu- 056

ration, such single-reference designs can become 057

miscalibrated and lead to unstable detection under 058

unknown or mixed sources (Figure 1). 059

Beyond generator heterogeneity, decoding strate- 060

gies introduce another major source of distribution 061

shift. Common decoding configurations, includ- 062

ing temperature, top-k/top-p sampling, and repe- 063

tition penalty, can systematically reshape token- 064

level probability structures and repetition pat- 065

terns (Dugan et al., 2024). As a result, detectors 066

that rely on a fixed AI-side reference or static sta- 067

tistical cues often become brittle: cross-generator 068

style mismatch can cause systematic errors, and 069
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even when the generator is unchanged, altering de-070

coding hyperparameters can noticeably shift detec-071

tion scores and lead to inconsistent decisions. How072

can we make zero-shot AI-text detection reliable073

under open-world distribution shifts?074

To address this challenge, we propose MSDOS075

(Multi-Style Distillation Observers), a unified zero-076

shot detection framework for realistic deployment077

under open-world generator and decoding shifts.078

We view a model-style as a systematic preference079

over possible continuations, which manifests as080

characteristic token-level probability patterns and081

likelihood profiles. Instead of assuming a single082

fixed generator or a single reference view of “AI-083

like” text, MSDOS distills multiple complementary084

styles into lightweight observers on a shared back-085

bone language model. These observers are then086

aggregated into a unified AI-side reference distribu-087

tion via sentence-level likelihood-based weighting.088

This design improves robustness under unknown089

and mixed generators by emphasizing observers090

that best explain the input text.091

Our contributions. We present MSDOS, a092

multi-style distillation framework that scales to093

heterogeneous generators using only unlabeled AI-094

generated text. We propose an adaptive fusion strat-095

egy that aggregates multiple style observers into096

a more representative AI-side reference distribu-097

tion, improving stability under unknown and mixed098

sources. We further introduce a repetition-penalty099

compensation mechanism to counter decoding-100

induced distribution shifts, enhancing robustness101

across diverse generation settings.102

2 Related Work103

AI-generated text detection It is typically for-104

mulated as binary classification, distinguishing105

human-written from model-generated text (Rich-106

burg et al., 2024). While some methods assume ac-107

cess to the generator (or a closely related LM), real108

deployments often involve black-box and evolv-109

ing generators, providing only output texts (Zhang110

et al., 2024). This has shifted the focus from single-111

known-generator assumptions toward robustness112

under unknown and mixed sources (Wu et al.,113

2024a; Wang et al., 2024), where generator hetero-114

geneity and decoding-/attack-induced distribution115

shifts are central challenges.116

Supervised Detection Methods. Supervised de-117

tectors train discriminative classifiers on labeled118

human–AI text pairs generated by specific mod- 119

els (Liu et al., 2023; Chen et al., 2023; Sarvazyan 120

et al., 2023). Although they perform well when 121

train–test distributions match (Wang et al., 2023; 122

Li et al., 2024), their accuracy often drops under 123

generator, domain, or language shifts (Kuznetsov 124

et al., 2024). Moreover, decoding variations 125

and lightweight post-processing can substantially 126

change surface statistics, further hurting robustness. 127

These limitations motivate zero-shot and unsuper- 128

vised paradigms that avoid labeled data and do not 129

assume knowledge of target generators. 130

Zero-Shot and Perturbation-Based Methods. 131

Zero-shot detection methods generally rely on ex- 132

ternal language models and exploit probability- 133

derived statistics to distinguish human and AI gen- 134

erated text (Crothers et al., 2023; Su et al., 2023; 135

Tulchinskii et al., 2023; Xu et al., 2024). Detect- 136

GPT (Mitchell et al., 2023) and its accelerated 137

variants (e.g., Fast-DetectGPT (Bao et al., 2024)) 138

construct detection signals based on perturbation 139

consistency and the geometric properties of log- 140

probability landscapes (Yang et al., 2024a). Binoc- 141

ulars (Hans et al., 2024) further compares probabil- 142

ity behaviors between two similar models, achiev- 143

ing strong performance without training an explicit 144

detector. Despite their effectiveness under single- 145

generator assumptions, many of these approaches 146

implicitly adopt a single external language model 147

as a fixed scoring reference. This shared design 148

choice has been observed to limit robustness when 149

generators are heterogeneous or unknown, lead- 150

ing to miscalibration and performance instability 151

across sources. 152

Multi-Observers and Ensemble-Based Detec- 153

tion. To address cross-generator generalization, 154

several works explore multi-model ensembles (Ab- 155

buri et al., 2023) or multi-observers frameworks 156

that combine detection signals via averaging (Wu 157

et al., 2025), voting (Kiss and Berend, 2025), or 158

learned weighting schemes (Wu et al., 2024c). MO- 159

SAIC (Dubois et al., 2025) adopts an information- 160

theoretic perspective to infer aggregation weights, 161

improving robustness in multi-generator settings. 162

However, most ensemble-based approaches require 163

loading multiple full-scale language models in par- 164

allel, causing inference and deployment costs to 165

grow linearly with the number of observers. Fur- 166

thermore, scaling such systems to cover a large and 167

evolving set of potential generators—especially un- 168

known ones—remains a significant challenge. 169
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Figure 2: Overview of MSDOS. The framework consists of three stages: (i) Model-Style Collecting from multiple
candidate generators, (ii) Model-Style Learning via LoRA-based distillation on a shared backbone, and (iii) Multi-
Style Observing by aggregating an AI-side reference and comparing it against a human-side reference for detection.

3 MSDOS Method170

Figure 2 provides an overview of MSDOS. We next171

introduce preliminaries and then detail each stage172

of the framework.173

3.1 Preliminaries174

Probabilistic Observation. We represent an in-175

put text as a token sequence y = (y1, . . . , yT ) over176

a finite vocabulary V . Given a generation process177

(language model) M, its conditional distribution178

at position t is denoted as pM(yt | y<t), where179

y<t = (y1, . . . , yt−1). The probability of the entire180

sequence follows the chain rule:181

pM(y) =
T∏
t=1

pM(yt | y<t). (1)182

In subsequent derivations, we primarily work with183

log-probabilities.184

Information-Theoretic Quantities. The nega-185

tive log-likelihood (NLL) (Cover, 1999) of an ob-186

served token yt under a generation process M is187

defined as188

NLLM(yt | y<t) = − log pM(yt | y<t), (2)189

which measures the surprisal of the token. Intu-190

itively, smaller NLL indicates that yt is more pre-191

dictable under M, while larger NLL suggests a192

stronger mismatch between the observed token and193

next-token preference.194

Given two conditional distributions pM1(· | y<t)195

and pM2(· | y<t), we define the conditional cross-196

entropy as 197

Ht(pM1 , pM2) ≜ Ex∼pM1
[− log pM2(x | y<t)] ,

(3) 198

where the expectation is taken over pM1(· | y<t), 199

with the conditioning context y<t shared by both 200

distributions. The conditional cross-entropy mea- 201

sures the expected surprisal assigned by M2 to 202

tokens sampled from M1 under the same context. 203

3.2 Revisiting Binoculars 204

We revisit the core idea behind perturbation-based 205

zero-shot detection. Binoculars (Hans et al., 2024) 206

typically uses a pair of language models that share 207

the same tokenizer: a observer model (e.g., a base 208

model) and a performer model (e.g., an instruction 209

model). For an input y, the Binoculars score can be 210

written as the ratio between the observed surprisal 211

of text under performer pM2 and the expected sur- 212

prisal under the observer pM1 : 213

Bin(y) ≜

∑T
t=1− log pM2(yt | y<t)∑N

t=1 Ex∼pM1
[− log pM2(x | y<t)]

,

(4) 214

where the numerator is the empirical surprisal of 215

the observed tokens under pM2 , and the denomina- 216

tor is the expected surprisal of tokens drawn from 217

pM1 when evaluated by pM2 . Thus, Binoculars 218

measures how well the text matches the AI-side 219

observer distribution pM2 , using pM1 as a human- 220

side baseline: well-explained texts yield smaller 221

ratios, while mismatched texts produce larger val- 222

ues. 223

From our perspective, this formulation compares 224

the observed text against an AI-side observer dis- 225
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tribution pM2 , which serves as the reference in226

scoring, with pM1 acting as the human-side expec-227

tation baseline. In practice, Binoculars instanti-228

ates this pair using a base language model and its229

instruction-tuned variant: the base model, trained230

with the standard next-token language-modeling231

objective on large-scale human-written corpora,232

serves as a proxy for the natural-text (pretrain-233

ing) distribution, while instruction tuning shifts the234

model toward instruction-following behaviors (Wu235

et al., 2024b). However, this two-model design236

implicitly assumes a fixed and representative AI-237

side reference, which becomes fragile under het-238

erogeneous generators, mixed sources, and diverse239

decoding strategies. To address this limitation, we240

construct the AI-side reference distribution by ag-241

gregating multiple distilled AI-side observers, each242

capturing a distinct generation style.243

3.3 Multi-Style Distillation Observers244

Existing zero-shot detectors often rely on a fixed245

AI-side observer process (e.g., an instruction model246

as a proxy), which is fragile under unknown and247

mixed sources. To better approximate real-world248

AI generation behaviors, we propose Multi-Style249

Distillation Observers, which distill each candidate250

model’s generation style—defined as its systematic251

preferences over next-token probability distribu-252

tions—into a shared backbone, rather than training253

a discriminative detector. Accordingly, rather than254

assuming a single AI-side process, we explicitly255

model a set of candidate AI-generation processes256

{M1, . . . ,MM}, where M denotes the number257

of candidate generators/styles considered and each258

Mm corresponds to one distilled observer.259

We adopt a shared backbone language model260

as a unified probability space (without changing261

the tokenizer), and distill the generation prefer-262

ences of multiple potential generators into a collec-263

tion of lightweight style observers, implemented as264

parameter-efficient adapters (LoRA).265

For the m-th target generator, we collect an unla-266

beled text set Dm = {y(i)}|Dm|
i=1 generated under a267

shared prompt distribution and standard decoding268

settings. To capture such style-level distributional269

preferences, we freeze the backbone parameters270

and train only the adapter parameters θm using a271

standard autoregressive NLL objective:272

L(θm) = Ey∼Dm

[
−

T∑
t=1

log pθ0+θm(yt | y<t)

]
,

(5)273

where pθ0+θm(· | y<t) denotes the next-token dis- 274

tribution of the shared backbone (θ0) augmented 275

with the m-th adapter (θm). 276

We denote the conditional distribution induced 277

by the m-th observer as 278

pMm(· | y<t) ≜ pθ0+θm(· | y<t), (6) 279

which represents a distinct generation process Mm 280

within the shared backbone. We denote the back- 281

bone (without adapters) as M0 with distribution 282

pM0(· | y<t), which serves as a proxy for the natu- 283

ral (human-written) text distribution in our frame- 284

work. Since all observers share the same tokenizer 285

and backbone, their distributions are directly com- 286

parable and composable in a unified probability 287

space. As a result, MSDOS avoids the memory 288

and inference overhead of ensembling multiple full 289

language models, and can be efficiently extended 290

to emerging generators by distilling an additional 291

style adapter, without retraining existing observers 292

or modifying the detection objective. 293

3.4 Decoding-Aware Repetition-Penalty 294

Compensation 295

In deployment, AI-generated text is commonly pro- 296

duced using decoding strategies such as tempera- 297

ture scaling, greedy or top-k/top-p sampling, and 298

repetition penalty (rp). These decoding strategies 299

induce systematic shifts in token-level probability 300

distributions, violating the assumption that test- 301

time text is sampled from the same distribution 302

used by the detector. 303

To improve robustness against such decoding- 304

induced distribution shifts, we propose Repetition- 305

Penalty Compensation (RPC). Rather than mod- 306

ifying the detection score itself, RPC directly ad- 307

justs the AI-side observer distributions to remain 308

consistent with the actual generation mechanism. 309

Formally, given an AI-side observer distribution 310

pMm(· | y<t), we apply an rp-consistent transfor- 311

mation operator Trp, implemented identically to 312

the repetition penalty used in decoding (see Ap- 313

pendix A for the exact formulation), and obtain. 314

prpMm
(· | y<t) ≜ Trp(pMm(· | y<t); rp) . (7) 315

When rp = 1, Trp reduces to the identity mapping. 316

For rp > 1, RPC explicitly models the suppression 317

of repeated tokens, thereby aligning probability 318

evaluation at detection time with the decoding-time 319

behavior that produced the text. 320
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3.5 Mixture Inference and Scoring321

Given the AI-side observer set {pMm}Mm=1 con-322

structed in Section 3.3, we aim to build a unified323

AI-side reference distribution that remains effec-324

tive under unknown and mixed generators. Fol-325

lowing Section 3.4, all observer distributions are326

first converted into their rp-compensated forms327

{prpMm
}Mm=1.328

To aggregate these observers, we adopt a329

sentence-level Soft-NLL scheme that assigns mix-330

ture weights based on how well each compensated331

observer explains the input text. Specifically, we332

define the fused AI-side reference distribution as333

p∗M(· | y<t) ≜
M∑

m=1

µ∗
m(y) prpMm

(· | y<t), (8)334

where M = {M1, . . . ,MM} denotes the set of335

candidate AI generation processes. The mixture336

weights µ∗(y) are obtained via a sentence-level337

Soft-NLL scheme, which assigns higher weights338

to observers that yield lower sentence-level nega-339

tive log-likelihood on y. The exact formulation is340

provided in Appendix B.341

Using the fused AI-side reference distribution342

p∗M, we define the final detection score as343

S(y) ≜

∑T
t=1− log p∗M(yt | y<t)∑T

t=1Ht

(
pM0 , p

∗
M
) , (9)344

where Ht(M0,M) denotes the conditional cross-345

entropy defined in Section 3.1. Equation (9) con-346

trasts the observed surprisal of the input under the347

unified AI-side observer with a baseline expecta-348

tion induced by the backbone process M0. Texts349

exhibiting stronger AI-generation preferences are350

better explained by p∗M than this baseline, leading351

to a more separable detection signal. In practice,352

AI-generated texts tend to yield smaller values.353

4 Experiments354

4.1 Experimental Setup355

Dataset. We conduct experiments on the RAID356

benchmark (Dugan et al., 2024), which is designed357

for realistic AI-generated text detection with di-358

verse generators, decoding configurations, and ad-359

versarial perturbations. In our main setting, we360

focus on four high-risk domains: Abstracts, News,361

Reddit, and Reviews. For each domain, we con-362

struct a balanced split by randomly sampling 3,000363

AI-generated texts for distillation and 1,000 hu-364

man/AI texts for testing.365

Distillation Details. To cover heterogeneous gen- 366

eration behaviors, we distill style observers from 367

GPT-2 (Radford et al., 2019), MPT (Team, 2023), 368

and GPT-4 (OpenAI et al., 2024), representing 369

early autoregressive models, modern open-source 370

instruction-tuned models, and highly aligned pro- 371

prietary models, respectively. We use Falcon-rw- 372

1B (Penedo et al., 2023) as the default backbone, 373

and replicate key results with Qwen3-0.6B (Team, 374

2025) and Falcon-7B to validate that our gains are 375

not specific to a particular backbone choice. Unless 376

otherwise specified, we perform one-epoch autore- 377

gressive distillation using a base learning rate of 378

5× 10−4, LoRA rank r=8, and α=16. For larger 379

backbones, we reduce the learning rate for train- 380

ing stability (see Appendix C). Each observer is 381

distilled once and reused across all experiments. 382

Baselines. We compare MSDOS with RoBERTa 383

(ChatGPT) (Guo et al., 2023), Likelihood, Lo- 384

gRank (Solaiman et al., 2019), LRR (Su et al., 385

2023), DetectGPT (Mitchell et al., 2023), Fast- 386

DetectGPT (Bao et al., 2024), Binoculars (Hans 387

et al., 2024), and MOSAIC (Dubois et al., 2025). 388

We follow the official code or widely used re- 389

implementations, and adopt the best-reported set- 390

tings whenever applicable; otherwise we tune on 391

the validation split. Complete configurations are in 392

Appendix D. 393

Metrics. Following prior work, we report AU- 394

ROC as the primary metric. To quantify detection 395

reliability at low false-positive rates, we addition- 396

ally report TPR5%, the true positive rate at a false 397

positive rate of 5%. All metrics are computed with 398

SCIKIT-LEARN (Pedregosa et al., 2011). 399

4.2 Main Results 400

Table 1 presents the main results on the RAID 401

benchmark, where Mix denotes a mixed-generator 402

test set combining MPT, GPT-2, and GPT-4. Over- 403

all, MSDOS consistently outperforms existing zero- 404

shot detectors across all evaluation settings. 405

Compared with supervised classifiers, MSDOS 406

achieves comparable or superior performance with- 407

out relying on labeled training data. More im- 408

portantly, MSDOS shows clear and stable gains 409

over prior zero-shot methods in both AUROC and 410

TPR5%. While existing approaches typically de- 411

pend on a single observer model or fixed perturba- 412

tion assumptions and are sensitive to generator and 413

decoding variations, MSDOS explicitly models di- 414

verse generation styles and aggregates them into 415
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Method MPT GPT-2 GPT-4 Mix
AUROC TPR5% AUROC TPR5% AUROC TPR5% AUROC TPR5%

RoBERTa-ChatGPT 43.41 17.00 76.88 42.40 71.87 28.00 65.66 31.00
Likelihood(Neo-2.7B) 46.89 30.70 71.24 49.70 83.32 52.70 67.99 45.60
LogRank(Neo-2.7B) 51.24 31.60 74.16 52.30 82.86 55.00 70.41 46.90
LRR(Neo-2.7B) 69.82 48.20 83.18 59.20 79.77 54.00 79.19 55.50
DetectGPT(T5-small/Neo-2.7B)⋄ 46.31 15.30 66.15 27.50 74.10 31.10 64.31 29.00
Fast-Detect(GPT-J-6B/Neo-2.7B) 50.04 46.30 84.21 75.10 92.75 76.50 75.98 65.80
Binoculars(Falcon/Falcon-Instruct-7B) 52.73 44.80 78.77 68.75 97.67 91.15 77.20 69.10
MOSAIC(Llama2+, TowerBase+) 68.38 49.70 70.87 44.30 96.62 83.00 79.04 57.40

MSDOS(Falcon-7B) 82.18 69.80 87.83 72.10 99.41 97.50 90.55 81.60
MSDOS(Qwen3-0.6B) 90.39 73.20 97.53 88.60 91.25 68.10 93.50 77.10
MSDOS w/o Style(Falcon-rw-1B) 83.63 66.70 96.65 84.20 95.32 80.60 92.75 79.30
MSDOS w/o RPC(Falcon-rw-1B) 78.71 65.00 89.28 76.50 99.05 96.40 89.54 80.60
MSDOS(Falcon-rw-1B) 95.45 90.50 98.87 95.41 99.41 97.90 97.80 93.10

Table 1: Main results on the RAID benchmark. We report AUROC and TPR5% across different generators. In
MOSAIC, “Llama2+” and “TowerBase+” denote ensembles over Llama-2-7B/-Chat and TowerBase-7B/-13B,
respectively. MSDOS w/o Style and MSDOS w/o RPC denote ablated variants without multi-style distillation and
repetition-penalty compensation, respectively. ⋄ indicates perturbation-based inference is prohibitively slow and is
therefore omitted from subsequent experiments. Best results are in bold and second-best are underlined.

a unified AI-side observer distribution, resulting416

in improved robustness under mixed and unseen417

generators. We also find that the gains are not tied418

to a specific backbone: MSDOS delivers strong419

results when instantiated on base models of dif-420

ferent scales (e.g., Falcon-rw-1B, Falcon-7B and421

Qwen3-0.6B in Table 1).422

4.3 Analysis and Ablation423

Unless otherwise specified, experiments are con-424

ducted on RAID samples labeled as Sampling with425

no repetition penalty (RP=1.0), as this setting rep-426

resents a common and representative generation427

scenario while avoiding trivial ceiling effects. The428

effects of different decoding strategies and repeti-429

tion penalties are analyzed in Section 4.4.430

Ablating Style Modeling. We examine the ef-431

fectiveness of style modeling by comparing three432

configurations: (i) No-Style, which uses only the433

base model without any style observers; (ii) Single-434

Style, which distills a single observer from one435

generator; and (iii) Multi-Style (MSDOS), which436

distills and aggregates observers from multiple gen-437

erators. As shown in Table 2, No-Style consis-438

tently yields the weakest performance, indicating439

that relying solely on the base model’s human-440

side reference is insufficient for detecting diverse441

AI-generated texts. Introducing a Single-Style442

observer brings clear gains, but exhibits a pro-443

nounced style-alignment effect: performance im-444

proves when the test generator is close to the distil-445

lation source yet degrades substantially on out-of- 446

family generators, suggesting miscalibration under 447

cross-style mismatch. 448

In contrast, Multi-Style (MSDOS) achieves the 449

strongest and most stable performance across gen- 450

erators. By aggregating heterogeneous style ob- 451

servers, MSDOS mitigates cross-style mismatch 452

and provides a more representative AI-side refer- 453

ence distribution, thereby improving robustness 454

and generalization. 455

Fusion Strategy Ablation. We analyze the im- 456

pact of different style fusion strategies by compar- 457

ing the adaptive likelihood-based fusion in MS- 458

DOS with a simple uniform-weighting baseline. 459

As shown in Table 2, uniform weighting improves 460

over single-style modeling by partially alleviating 461

style bias, but it consistently underperforms adap- 462

tive fusion. This indicates that style observers differ 463

substantially in how well they explain a given input; 464

by adjusting mixture weights based on likelihood 465

statistics, MSDOS emphasizes the observers most 466

compatible with the input, which is especially im- 467

portant under mixed-generator and cross-domain 468

settings. 469

4.4 Robustness and Generalization 470

We further evaluate the robustness and generaliza- 471

tion ability of MSDOS under diverse decoding and 472

penalty configurations provided by RAID, includ- 473

ing different decoding labels (greedy vs. sampling) 474

and generation settings with or without repetition 475
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Method MPT GPT-2 GPT-4 Mix
AUROC TPR5% AUROC TPR5% AUROC TPR5% AUROC TPR5%

Non-Style 93.59 72.12 98.18 88.75 89.62 58.75 93.96 73.50
MPT-Style 96.77 85.25 98.76 92.25 91.42 60.25 95.59 78.25
GPT2-Style 96.57 85.50 99.76 99.75 94.70 77.75 97.07 88.25
GPT4-Style 92.26 63.00 98.26 92.75 99.68 98.75 97.30 83.67

Multi-Style(Uniform) 95.73 76.60 99.27 98.50 98.06 91.75 98.03 89.75
Multi-Style(Soft-NLL) 95.78 76.75 99.30 98.50 98.54 93.50 98.23 91.00

Table 2: Ablation study on style modeling strategies. We report AUROC and TPR5% on RAID.

Chat Models Non-Chat Models Avg.

Dec. Strategy Greedy Sampling Greedy Sampling

Rep. Penalty ✓ × ✓ × ✓ × ✓ ×

Method AUROC AUROC AUROC AUROC AUROC AUROC AUROC AUROC AUROC TPR5%

Likelihood 92.96 97.98 72.58 96.08 65.58 99.97 9.48 74.02 76.08 59.16
log-rank 93.91 98.60 74.36 96.83 71.42 99.99 12.08 78.01 78.15 60.22
LLR 94.98 98.77 77.76 96.54 92.17 99.88 30.43 83.81 84.29 64.94
Fast-Detect 93.90 99.85 71.12 99.21 62.27 99.98 11.50 96.60 79.30 71.81
Binoculars 97.84 100.00 81.32 99.94 70.03 100.00 8.90 94.98 81.63 74.72
MOSAIC 99.15 99.92 87.41 99.14 86.89 95.81 9.95 89.18 83.43 71.84
MSDOS 99.82 100.00 99.07 99.70 99.97 99.99 93.68 93.41 98.21 93.58

Table 3: Detection performance under different decoding strategies and repetition penalty (RP) settings. We report
AUROC for each setting, and the averaged AUROC and TPR5% in the last two columns. Chat models include
llama-chat, mistral-chat, and mpt-chat, while non-chat models include mistral, mpt, and gpt2.

penalty. Such decoding variations substantially al-476

ter the generation distribution and pose well-known477

challenges to existing zero-shot detectors.478

Impact of Generation Decoding Strategies.479

Prior work has shown that many zero-shot detection480

methods are highly sensitive to decoding strategies,481

as their underlying assumptions often fail to hold482

under practical generation settings. We therefore483

evaluate MSDOS under different decoding strate-484

gies (greedy vs. sampling) on the RAID bench-485

mark. As reported in Table 3, MSDOS maintains486

relatively stable performance across decoding con-487

figurations, exhibiting substantially smaller perfor-488

mance fluctuations than baseline methods. This in-489

dicates that distilling style observers directly from490

real generated texts improves tolerance to decoding-491

induced distribution variations, leading to more ro-492

bust detection across diverse generation behaviors.493

Effect of Repetition Penalty in Generation.494

Repetition penalty is widely adopted in practice495

but can significantly alter repetition patterns and496

token-level probability profiles, introducing a pro-497

nounced form of decoding-induced distribution498

shift. As shown in Table 3, most baseline detec-499

tors degrade noticeably under repetition-penalized500

generation, highlighting their sensitivity to such501

shifts. In contrast, MSDOS remains stable across502

decoding strategies and repetition-penalty settings. 503

Moreover, the ablation results in Table 1 show that 504

removing RPC leads to a clear performance drop 505

on RP-enabled samples, confirming the importance 506

of RPC for improving robustness to repetition- 507

penalty-induced distribution shifts. 508

Ablation on RPC Strength. We analyze the 509

sensitivity of MSDOS to the RPC strength rp, 510

a detection-time hyperparameter used to offset 511

repetition-penalty-induced shifts in the AI-side ob- 512

servers. Varying rp∈ [1.0, 1.3] shows that perfor- 513

mance remains stable within a reasonable range but 514

exhibits a clear operating region (Figure 4): small 515

rp under-compensates, while large rp introduces 516

noise and degrades stability. Moderate rp values 517

strike a balance between the uncompensated and 518

over-compensated regimes, leading to more robust 519

detection performance. We choose rp = 1.1 as 520

the default, which achieves the best or near-best 521

performance across settings. 522

5 Reliability in the Wild 523

5.1 Generalization to Unseen Generators and 524

Domains 525

We evaluate the generalization of MSDOS under 526

two realistic distribution shifts: unseen genera- 527

tors and unseen domains. For unseen generators 528
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Figure 3: Radar chart illustrating the impact of 11 types
of attack on detection performance (AUROC) on RAID.

(Table 7), the test-time generators are excluded529

from style distillation; MSDOS remains consis-530

tently strong, whereas most baselines rely heavily531

on specific generator families and degrade substan-532

tially when transferred to unseen models. For un-533

seen domains (Table 8), we train the detector on a534

subset of text domains and evaluate it on entirely535

held-out ones; MSDOS shows smaller performance536

variance across domains and remains effective even537

when the target domains differ markedly in style.538

Overall, these results indicate that multi-style distil-539

lation with distribution-level aggregation improves540

robustness to both generator and domain shifts,541

reducing reliance on any single model family or542

domain-specific cues.543

5.2 Robustness to Attacks544

We further assess the robustness of MSDOS un-545

der various adversarial attack settings provided by546

the RAID benchmark. As shown in Figure 3, MS-547

DOS achieves the best performance on most attack548

types, indicating strong robustness to text pertur-549

bations and noise injection. Notably, the largest550

performance drops are observed for character-level551

attacks such as Zero_Width_Space and Homoglyph,552

where MSDOS remains competitive but is less553

dominant than in other settings. Overall, these554

results suggest that the information fusion across555

multiple style observers helps mitigate the impact556

of diverse adversarial manipulations by evaluating557

input texts from complementary distributional per-558

spectives.559

Method Time (s)↓ GPU Memory (MB)↓
LLR 153 6,560
Fast-Detect 216 18,460
Binoculars 282 29,130
MOSAIC 1583 37,640

MSDOS 192 4,560

Table 4: Detection computational cost on RAID.

5.3 Additional Benchmark Validation 560

We additionally evaluate MSDOS on the public 561

HART (Bao et al., 2025) benchmark to verify 562

that its effectiveness does not hinge on a particular 563

dataset construction or distributional assumption. 564

HART consists of 3-level tasks with increasing dif- 565

ficulty, including human rewriting and AI polishing. 566

As shown in Table 9, MSDOS achieves the best per- 567

formance on most tasks and levels, while ranking 568

near second on Writing in level 1. This behavior 569

may be attributed to the fact that machine edits on 570

human-written content can preserve much of the 571

original distribution, reducing the separability. 572

5.4 Computational Cost and Memory 573

As shown in Table 4, MSDOS achieves the small- 574

est GPU memory footprint during detection, since 575

it avoids loading and running multiple full-scale 576

language models as in multi-model or ensemble- 577

based baselines. It is also faster than most com- 578

pared methods in our end-to-end detection setting, 579

which reduces deployment-time overhead in prac- 580

tice. During distillation, MSDOS supports both se- 581

rial and parallel execution, allowing flexible trade- 582

offs between time and hardware resources, with 583

details reported in Appendix C. 584

6 Conclusion 585

We addressed the challenge of AI-generated text 586

detection in open-world settings with unknown and 587

mixed generators. We proposed MSDOS, a multi- 588

style distillation framework that aggregates hetero- 589

geneous generation styles into a unified AI-side ob- 590

server distribution without requiring labeled data. 591

Extensive experiments show that MSDOS consis- 592

tently outperforms prior zero-shot detectors under 593

generator heterogeneity and decoding-induced dis- 594

tribution shifts. Our ablation studies further val- 595

idate the robustness of MSDOS across backbone 596

choices and decoding configurations. This work 597

highlights the importance of distribution-level style 598

modeling for reliable detection in realistic scenar- 599

ios. 600
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Limitations601

MSDOS does not require labeled human–AI pairs602

or access to target generators, but it still relies on603

a non-trivial amount of unlabeled AI-generated604

text to distill style observers, and the coverage605

of generators/decoding settings in the distillation606

corpus can affect robustness in the wild. Our ob-607

servers are trained via autoregressive NLL distil-608

lation, which captures distributional tendencies in609

next-token preferences rather than recovering exact610

generator probabilities, and may miss fine-grained611

probabilistic structures. Finally, style fidelity is612

bounded by the shared backbone’s capacity and613

tokenizer/vocabulary; distilling from substantially614

larger generators into a compact backbone can in-615

troduce an information bottleneck, leaving the ef-616

fect of backbone scale and tokenizer design an open617

direction for future study.618
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A Repetition-Penalty-Consistent907

Transformation908

Repetition penalty. Repetition penalty (RP) is909

a commonly used decoding heuristic to discour-910

age the model from repeatedly generating tokens911

that have already appeared in the prefix. In this912

appendix, we provide the exact formulation of the913

rp-consistent transformation operator Trp used in914

our method.915

Let z(· | y<t) ∈ R|V| denote the pre-softmax916

logits of an AI-side observer model given the pre-917

fix y<t, where V is the vocabulary. Given a repeti-918

tion penalty parameter rp ≥ 1, we first adjust the919

logits for tokens that have appeared in the prefix.920

Specifically, for any token v ∈ V , we define the921

transformed logit z̃(v | y<t) as922

z̃(v | y<t) =

{
grp

(
z(v | y<t)

)
, v ∈ V(y<t),

z(v | y<t), v /∈ V(y<t),
(10)923

grp(x) =

{
x/rp, x > 0,

x · rp, x ≤ 0.
(11)924

where V(y<t) denotes the set of tokens that oc-925

cur at least once in the prefix y<t. This piecewise926

scaling follows the standard repetition penalty im-927

plementation used during decoding, ensuring that928

repeated tokens are suppressed regardless of the929

sign of their logits.930

After applying the logit-level transformation, we931

obtain the rp-consistent probability distribution by932

normalizing with the softmax operator:933

prp(v | y<t) =
exp(z̃(v | y<t))∑
u∈V exp(z̃(u | y<t))

. (12)934

Accordingly, the rp-consistent transformation op-935

erator Trp maps the original observer distribution936

p(· | y<t) (equivalently, its logits) to the adjusted937

distribution prp(· | y<t).938

When rp = 1, Eq. (10) reduces to the identity939

transformation, and Trp leaves the original distri-940

bution unchanged. For rp > 1, the transformation941

explicitly down-weights tokens that have already942

appeared in the prefix, thereby aligning probability943

evaluation at detection time with the decoding-time944

behavior that generated the text.945

B Soft-NLL Mixture Aggregation946

Soft-NLL Aggregation. Given a set of rp-947

consistent AI-side observer distributions {prpMm
(· |948

y<t)}Mm=1, we aim to construct a single aggregated 949

AI observer distribution that remains effective un- 950

der unknown or mixed generators. To this end, 951

we adopt a sentence-level Soft-NLL aggregation 952

scheme, which assigns mixture weights based on 953

how well each observer explains the input text. 954

Let y = (y1, . . . , yT ) denote the input se- 955

quence. For each observer Mm, we define its (rp- 956

consistent) sentence-level negative log-likelihood 957

(NLL) as 958

NLLm(y) = − 1

T

T∑
t=1

log prpMm
(yt | y<t), (13) 959

where length normalization is applied to avoid bias 960

toward shorter sequences. 961

We then convert the NLL scores into soft mixture 962

weights via a temperature-controlled softmax: 963

µm =
exp(−NLLm(y)/τ)∑M
j=1 exp(−NLLj(y)/τ)

,
M∑

m=1

µm = 1,

(14) 964

where τ > 0 is a temperature parameter controlling 965

the sharpness of the weighting. Smaller τ empha- 966

sizes the best-matching observer, while larger τ 967

yields a more uniform mixture. In all experiments, 968

we set τ = 0.5 unless otherwise stated. Soft- 969

NLL can be viewed as a lightweight, likelihood- 970

based alternative to information-theoretic aggre- 971

gation schemes, trading theoretical optimality for 972

simplicity and computational efficiency. 973

Sentence-Level vs. Token-Level Aggregation. 974

We perform aggregation at the sentence level rather 975

than the token level. While token-level weighting 976

allows fine-grained adaptation, it is also more sensi- 977

tive to local fluctuations caused by a small number 978

of tokens, which may be affected by noise, rare 979

events, or decoding artifacts. In contrast, sentence- 980

level aggregation integrates evidence across the 981

entire sequence, providing a more stable estimate 982

of how well each observer explains the input text. 983

This design reduces the risk of spurious dominance 984

from a few high- or low-probability tokens and 985

leads to more robust mixture weights under un- 986

known or mixed generators. 987

C Experimental Setup Details 988

All experiments are conducted on a server equipped 989

with a single NVIDIA Tesla A6000 GPU. We re- 990

port detailed training configurations here to facili- 991

tate reproducibility and future extensions. 992
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Model Parameters Learning Rate Trainable

Qwen3 0.6B 5e-4 0.4%
Falcon-rw 1.0B 5e-4 0.47%
Falcon 7B 5e-5 0.23%

Table 5: Training hyperparameters for different base
models used in our experiments.

Setting Time (s) GPU Memory (MB)

MSDOS (Serial) 1,155 16,780
MSDOS (Parallel) 372 16,780 × 3

Table 6: Distillation-stage efficiency of MSDOS. Par-
allel distillation distributes style observers across GPUs
to reduce wall-clock time, while serial distillation pro-
vides a memory-efficient alternative using a single GPU.
“×3” denotes per-GPU memory usage when three GPUs
are used.

Distillation Configuration. Unless otherwise993

specified, models are trained with a batch size of 5994

for a single epoch. We use the AdamW optimizer995

(adamw_torch) with a learning rate shown in Ta-996

ble 5, weight decay of 0.01, and a warmup ratio of997

0.03. For Falcon-7B, we use a smaller learning rate998

5e-5 to avoid training instability at larger model999

scale. A cosine learning rate scheduler is adopted1000

throughout training.1001

LoRA Settings. We employ Low-Rank Adap-1002

tation (LoRA) for parameter-efficient fine-tuning.1003

Specifically, we set the LoRA rank to r = 8, the1004

scaling factor to α = 16, and the dropout rate to1005

0.05. LoRA adapters are applied only to the atten-1006

tion and MLP layers, while all other parameters of1007

the base model are kept frozen.1008

Distillation Cost and Memory. We report the1009

wall-clock time and peak GPU memory usage of1010

the distillation stage under both serial and paral-1011

lel execution settings, as summarized in Table 6.1012

The distillation process is performed offline as a1013

one-time cost prior to deployment. Serial distilla-1014

tion trains style observers sequentially on a single1015

GPU, providing a memory-efficient option when1016

hardware resources are limited. Parallel distillation1017

distributes observers across multiple GPUs to re-1018

duce overall training time, at the cost of increased1019

aggregate GPU memory usage.1020

D Baseline Details1021

Below is a detailed introduction to the setup of the1022

comparative experiment.1023

• RoBERTa-ChatGPT (Guo et al., 2023): A 1024

supervised detector refers to a RoBERTa-base 1025

model (Zhuang et al., 2021) that has been fine- 1026

tuned on the HC3 (Guo et al., 2023) dataset. 1027

We choose this model as a representative base- 1028

line for supervised detectors. 1029

• Likelihood and Logrank: Two simple estab- 1030

lished zero-shot techniques using per-token 1031

negative log-likelihood (equivalent to NLL), 1032

and the average logarithmic ranking of tokens 1033

in a probability distribution. We uses GPT- 1034

neo-2.7B (Gao et al., 2020) as observer model 1035

following Bao et al. (2024) experiments. 1036

• LRR (Su et al., 2023): A classic detector 1037

based on NLL, calculated by dividing the NLL 1038

by the log-rank of a scoring model. We uses 1039

GPT-neo-2.7B as observer model following 1040

Bao et al. (2024) experiments. 1041

• DetectGPT (Mitchell et al., 2023): A zero- 1042

shot likelihood-ratio detector that measures 1043

the discrepancy between an input and its T5- 1044

based perturbations under a scoring LM. Fol- 1045

lowing the experimental setup in Bao et al. 1046

(2024), we adopt T5-small (Raffel et al., 2020) 1047

to generate perturbations and GPT-Neo-2.7B 1048

as the scoring model. 1049

• Fast-DetectGPT (Bao et al., 2024): A fast 1050

and improved version of DetectGPT that uti- 1051

lizes computational dual models to calculate 1052

probability distributions and quickly compute 1053

perturbed scores. Following the experimen- 1054

tal setup in Bao et al. (2024), we adopt GPT- 1055

J-6B (Wang and Komatsuzaki, 2021) as the 1056

reference model and GPT-Neo-2.7B as the 1057

scoring model. 1058

• Binoculars (Hans et al., 2024): Another NLL- 1059

based detection method operates by dividing 1060

the NLL of the performer model by the cross 1061

entropy between the observed model and the 1062

performer model. In our experiment, we ad- 1063

hered to the original setup, where Falcon-7B- 1064

instruction (Penedo et al., 2023) served as the 1065

performer model and Falcon-7B served as the 1066

observer model. 1067

• MOSAIC (Dubois et al., 2025): A multi- 1068

observer zero-shot detector that aggregates 1069

signals from multiple reference models using 1070

an information-theoretic weighting scheme, 1071
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aiming to improve robustness across di-1072

verse generators. In our experiments, we1073

strictly follow the original MOSAIC setup:1074

TowerBase-13B (Alves et al., 2024) is used as1075

the reference model, while TowerBase-13B,1076

TowerBase-7B, Llama-2-7B-chat, and Llama-1077

2-7B (Touvron et al., 2023) are employed as1078

scoring models. Due to computational con-1079

straints, all models are evaluated using 8-bit1080

inference. We observe that the resulting per-1081

formance deviation is within 0.3%, which is1082

negligible and does not affect the comparative1083

conclusions.1084

E Detailed Experimental Results1085

Due to space limitations, we have compiled Ta-1086

ble 10 with more experimental details to verify the1087

completeness of the experiments.1088

F More Discussion1089

Base model choice for style distillation. In our1090

experiments, we found that the strongest or most re-1091

cent models are not necessarily the best backbones1092

for MSDOS. Instead, base language models that1093

better reflect the natural-text (human-written) pre-1094

training distribution, as well as smaller models with1095

lightweight adaptation, often work better in prac-1096

tice. One possible reason is that such backbones1097

can more easily absorb diverse generation styles1098

during distillation, whereas heavily optimized or1099

strongly specialized models may exhibit more pro-1100

nounced inherent preferences, making them harder1101

to adapt toward other styles. This observation is1102

also consistent with the common practice in dis-1103

tillation and student training, where the student is1104

typically trained from scratch or from a neutral1105

initialization rather than starting from a highly spe-1106

cialized model.1107

How many styles are needed? Prior work sug-1108

gests that models within the same family tend to1109

exhibit similar generation patterns, implying that a1110

small set of representative styles may cover a large1111

portion of commonly used generators. This moti-1112

vates our design choice to distill a limited number1113

of diverse style observers instead of enumerating1114

all possible generators. In future work, we will1115

evaluate a broader set of candidate styles, iden-1116

tify robust combinations for realistic mixed-source1117

settings, and explore alternative configurations for1118

constructing style observer sets.1119
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Figure 4: Effect of the repetition-penalty compensation strength rp on detection performance. Performance is stable
within a moderate range, with degradation observed for overly small or large rp.

Method ChatGPT Cohere-Chat Cohere Llama-2-Chat Mistral-Chat Mistral MPT-Chat
AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR.

Likelihood 89.85 43.50 81.61 32.75 76.50 20.75 88.89 50.50 85.11 37.50 63.33 28.25 70.56 20.50
Logrank 90.05 45.00 82.22 36.50 76.54 21.50 89.75 56.00 86.62 41.75 65.51 28.50 72.40 23.25
LLR 89.01 56.50 82.31 48.25 74.74 26.25 90.97 67.25 89.04 57.00 72.40 37.00 76.54 36.25
Fast-Detect 99.60 98.25 95.50 86.50 96.21 84.50 98.07 95.25 93.27 80.50 68.70 57.25 72.74 60.75
Binoculars 99.84 99.50 97.78 93.75 98.58 94.75 98.58 97.75 97.15 91.50 69.69 59.00 80.10 74.75
MOSAIC 97.54 84.25 98.54 95.75 97.91 93.00 99.14 96.25 96.62 85.00 70.86 56.25 86.39 76.25

MSDOS 99.73 99.00 97.80 91.50 99.91 99.75 99.63 98.75 99.63 98.7 96.00 82.75 99.48 98.00

Table 7: Detection performance in unseen generators on RAID. We report AUROC and TPR5% for 7 unseen
generators.

Method Books Poetry Recipes Wiki Avg.
AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR.

Likelihood 86.93 76.00 80.55 35.00 80.54 72.25 78.80 64.75 81.71 62.00
Logrank 87.67 77.50 82.03 39.25 80.58 72.50 80.32 66.00 82.65 63.81
LLR 90.45 75.25 84.87 49.50 80.07 65.00 84.64 64.50 85.01 63.56
Fast-Detect 87.77 80.75 84.94 72.50 84.65 78.75 85.65 81.75 85.75 78.44
Binoculars 89.24 87.00 90.17 85.00 85.42 82.75 86.20 80.00 87.76 83.69
MOSAIC 91.30 85.50 88.85 79.00 85.60 83.00 88.06 75.75 88.45 80.81

MSDOS 99.49 97.50 99.17 97.00 98.54 95.50 98.58 95.75 98.95 96.44

Table 8: Detection performance in unseen domains on RAID. We report AUROC and TPR5% for each domain, and
the averaged in the last two columns.

Method Level 3 Level 2 Level 1
Arxiv Essay News Writing Arxiv Essay News Writing Arxiv Essay News Writing

Likelihood 84.88 91.93 68.72 76.06 29.42 60.42 26.20 36.76 59.61 85.35 52.54 61.20
Logrank 86.03 90.76 70.67 74.73 28.62 54.33 26.38 33.92 56.99 82.53 50.54 58.79
LLR 87.32 82.19 78.33 68.33 28.15 36.56 32.90 27.57 47.29 67.31 46.46 50.32
Fast-Detect 88.79 87.13 84.34 79.19 51.47 55.76 46.12 43.36 70.87 79.76 65.32 64.59
Binoculars 91.13 97.06 89.91 87.74 59.85 77.21 56.82 58.80 75.36 90.51 67.08 73.31
MOSAIC 95.68 98.17 92.35 90.84 78.00 85.05 65.87 62.08 80.97 94.13 73.31 73.09

MSDOS 98.93 99.98 99.26 93.74 90.91 99.51 87.20 65.00 86.92 99.77 84.76 65.42

Table 9: We report the detection performance (AUROC) on three level tasks on HART. TPR5% results show
consistent trends and are omitted for brevity.
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Chat Models Non-Chat Models

Dec. Strategy Greedy Sampling Greedy Sampling

Rep. Penalty ✓ × ✓ × ✓ × ✓ ×

Method AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR. AUR. TPR.

Likelihood 92.96 80.00 97.98 94.50 72.58 39.50 96.08 88.25 65.58 56.25 99.97 100.00 9.48 0.25 74.02 14.50
log-rank 93.91 81.50 98.60 94.50 74.36 41.50 96.83 88.75 71.42 58.00 99.99 100.00 12.08 0.50 78.01 17.00
LLR 94.98 83.00 98.77 94.50 77.76 43.50 96.54 86.50 92.17 79.75 99.88 99.50 30.43 1.25 83.81 31.50
Fast-Detect 93.90 83.75 99.85 99.25 71.12 50.25 99.21 97.50 62.27 56.25 99.98 100.00 11.50 0.50 96.60 87.00
Binoculars 97.84 95.75 100.00 100.00 81.32 67.75 99.94 99.75 70.03 60.75 100.00 100.00 8.90 1.25 94.98 72.50
MOSAIC 99.15 98.00 99.92 100.00 87.41 67.25 99.14 96.50 86.89 81.25 95.81 72.50 9.95 1.50 89.18 57.75

MSDOS 99.82 99.75 100.00 100.00 99.07 98.50 99.70 99.50 99.97 99.75 99.99 100.00 93.68 84.50 93.41 66.62

Table 10: Detailed Detection performance under different decoding strategies and repetition penalty (RP) settings.
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