
DVD: A Robust Method for Detecting Variant Contamination in Large
Language Model Evaluation

Anonymous ACL submission

Abstract001

Evaluating large language models (LLMs) is002
increasingly confounded by variant contami-003
nation: the training corpus contains semanti-004
cally equivalent yet lexically or syntactically005
altered versions of test items. Unlike ver-006
batim leakage, these paraphrased or struc-007
turally transformed variants evade existing de-008
tectors based on sampling consistency or per-009
plexity, thereby inflating benchmark scores010
via memorization rather than genuine reason-011
ing. We formalize this problem and intro-012
duce DVD (Detection via Variance of gener-013
ation Distribution), a single-sample detector014
that models the local output distribution in-015
duced by temperature sampling. Our key in-016
sight is that contaminated items trigger alter-017
nation between a memory-adherence state and018
a perturbation-drift state, yielding abnormally019
high variance in the synthetic difficulty of020
low-probability tokens; uncontaminated items021
remain in drift with comparatively smooth022
variance. We construct the first benchmark023
for variant contamination across two domains024
Omni-MATH and SuperGPQA by generating025
and filtering semantically equivalent variants,026
and simulate contamination via fine-tuning027
models of different scales and architectures028
(Qwen2.5 and Llama3.1). Across datasets029
and models, DVD consistently outperforms030
perplexity-based, Min-k%++, edit-distance031
(CDD), and embedding-similarity baselines,032
while exhibiting strong robustness to hyper-033
parameters. Our results establish variance034
of the generation distribution as a principled035
and practical fingerprint for detecting vari-036
ant contamination in LLM evaluation. Code037
is available at https://anonymous.4open.038
science/r/DVD2-7D97.039

1 Introduction040

In recent years, large language models (LLMs)041

have exhibited explosive growth in capability,042

demonstrating transformative potential across a043
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Figure 1: Performance of traditional contamination de-
tection methods on the variant contamination identifi-
cation task. In the figure, an AUC value below 0.5 in-
dicates that the models predictions are inversely corre-
lated with the true labels, while an AUC close to 0.5
suggests performance equivalent to random guessing.

wide range of domains (Brown et al., 2020; Team 044

et al., 2024; Touvron et al., 2023; Chowdhery et al., 045

2023; Achiam et al., 2023). However, their im- 046

pressive performance relies heavily on massive 047

web-scale corpora, which has brought a long- 048

standing challenge into sharper focus: data con- 049

tamination (Balloccu et al., 2024; Li et al., 2023; 050

Chang et al., 2024; Cheng et al., 2025; Deng 051

et al., 2023; Xu et al., 2024). Data contamina- 052

tion refers to unintended overlap between training 053

data and evaluation benchmarks, which severely 054

undermines the validity of empirical evaluation 055

(Cheng et al., 2025). Such overlap can create an 056

illusion of strong generalization and mislead re- 057

search progress. When contaminated models are 058

deployed in scientific investigations or real-world 059

applications, their latent biases and hidden flaws 060

may lead to incorrect scientific conclusions or 061

catastrophic decisions, ultimately hindering tech- 062

nological advancement (Sainz et al., 2023). 063

With the widespread adoption of large-scale 064

data augmentation and synthetic data generation 065

(e.g., GPT-4o), a more subtle and potentially more 066

dangerous form of contamination has gradually 067

emerged, namely variant contamination. Vari- 068
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ant contamination occurs when training data con-069

tains instances that are semantically equivalent to070

benchmark questions but have been rewritten at071

the lexical or structural level. Unlike exact du-072

plicates, such variants can evade existing detec-073

tion methods while still enabling models to effec-074

tively “memorize” the answers. To systematically075

study this phenomenon, we construct a new eval-076

uation benchmark based on Omni-MATH (mathe-077

matical reasoning) (Gao et al., 2024) and SuperG-078

PQA (general reasoning) (Du et al., 2025) by gen-079

erating semantically equivalent variants through080

controlled transformations. Fine-tuning models of081

different scales and architectures on these contam-082

inated datasets yields striking results: even when083

the training data contains only variants (with no084

exact duplicates), models can still achieve signif-085

icantly inflated accuracy on the evaluation bench-086

marks. More importantly, widely used contami-087

nation detection methods fail in this setting and088

exhibit unstable performance (Figure 1). Exist-089

ing approaches, such as perplexity-based metrics,090

Min-K%, and CDD, primarily rely on shallow091

surface-level features, including token probability092

distributions, embedding similarity, or surface per-093

plexity patterns. However, prior work has shown094

that LLMs can be highly sensitive to minor phras-095

ing changes, often leading to substantially differ-096

ent response behaviors (Lunardi et al., 2025; Sclar097

et al., 2023; Zhao et al., 2024). Consequently, in098

the variant contamination scenario, although the099

questions are semantically equivalent to the bench-100

marks, their carefully restructured surface forms101

weaken these shallow cues, making it difficult for102

existing methods to capture the true behavioral dif-103

ferences exhibited by models. This observation is104

consistent with our empirical findings.105

To address these limitations, we propose DVD106

(Detection via Variance of generation Distribu-107

tion), a variant contamination detection method108

based on the variance of generation distributions.109

DVD directly characterizes the core behavioral110

signatures induced by variant contamination by111

modeling fluctuations in the model’s generation112

distribution across multiple stochastic decoding113

runs. Unlike existing methods that rely on static114

surface-level features, DVD focuses on dynamic115

response patterns in the model’s uncertainty space.116

For uncontaminated questions, genuine reasoning117

processes typically produce relatively stable and118

smooth variance in the output distribution. In119

contrast, for contaminated questions, models fre-120

quently alternate between a high-confidence mem- 121

orization regime and a low-confidence exploratory 122

reasoning regime, resulting in pronounced dis- 123

tributional differences in the generation variance 124

(Figure 2). By exploiting these dynamic be- 125

havioral differences, DVD is able to penetrate 126

surface-level reformulations and directly identify 127

contamination-induced anomalies, enabling ro- 128

bust and effective detection in the highly challeng- 129

ing variant contamination setting. 130

Extensive experiments demonstrate that DVD 131

consistently outperforms baseline methods across 132

datasets, domains, and model scales. For exam- 133

ple, on SuperGPQA, DVD improves AUC by up 134

to 0.22 over the strongest baseline (embedding 135

similarity), while maintaining stable performance 136

across model sizes from 1.5B to 32B parameters, 137

as well as across both Qwen and Llama architec- 138

tures. These results collectively establish DVD as 139

a robust and efficient solution to the overlooked 140

yet critical problem of variant contamination. 141

Our contributions are summarized as follows: 142

A Benchmark for Systematic Evaluation. We 143

construct the first benchmark specifically designed 144

for variant contamination detection, covering two 145

representative domains: mathematical reasoning 146

and general reasoning. Through controlled vari- 147

ant generation and filtering, this benchmark en- 148

ables rigorous, reproducible evaluation of contam- 149

ination detection methods across different models, 150

scales, and target domains. 151

A Novel Detection Framework. We propose 152

DVD, a training-free variant contamination detec- 153

tion method that relies solely on model genera- 154

tion behavior. By analyzing the variance of out- 155

put distributions across multiple stochastic decod- 156

ing runs, DVD captures anomalous fluctuations ex- 157

hibited by models on contaminated queries, effec- 158

tively penetrating surface-level paraphrasing to de- 159

tect variant contamination. Experiments show that 160

DVD significantly outperforms existing methods 161

across models, scales, and domains, while remain- 162

ing highly robust to decoding hyperparameters. 163

2 Related Work 164

Existing approaches for data contamination detec- 165

tion can be broadly divided into two categories. 166

Sampling and Output-Matching-Based Meth- 167

ods This line of research primarily relies on 168
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the similarity between model generations and ref-169

erence answers, or on detecting anomalous pat-170

terns within the output distribution. Represen-171

tative works include reference-instance matching172

based on overlap measures (Golchin and Surdeanu,173

2023); the CDD method, which conducts multi-174

ple random samplings alongside one greedy de-175

coding under the same prompt, and uses the edit176

distance between greedy and stochastic outputs177

to approximate the output distribution and detect178

sharp modes caused by memorization (Khandel-179

wal et al., 2019); and the DCQ method, which180

compares model preferences between original in-181

puts and their perturbed variants to identify con-182

tamination (Golchin and Surdeanu, 2025). More-183

over, membership inference has also been applied184

in this context, where the loss difference between a185

target sample and synthetic neighbors serves as an186

indicator of contamination (Mattern et al., 2023).187

Overall, these methods are effective for detect-188

ing verbatim memorization, yet remain limited by189

their reliance on shallow surface-level measures.190

Perplexity-Based Methods In contrast to191

sampling- and matching-based approaches, an-192

other class of methods focuses on detecting193

contamination through the abnormally high con-194

fidence that models assign to seen samples. For195

example, the MIN-K% PROB method examines196

the average log-likelihood of low-probability197

tokens to determine whether a sample appears in198

the training set (Shi et al., 2023). Similarly, (Oren199

et al., 2023) demonstrates that a models ability to200

recall the order of training samples itself consti-201

tutes strong evidence of data leakage. Compared202

to the former category, perplexity-based methods203

provide a more direct quantification of model bias204

toward training data. However, their effectiveness205

is likewise constrained to verbatim memorization;206

once samples undergo semantic rewriting or struc-207

tural perturbation, perplexity-level differences are208

often largely obscured, leading to a significant209

drop in detection performance.210

Our Approach Motivated by the limitations211

of the above methods, we propose the DVD212

approach, which overcomes the dependence on213

shallow similarity measures or overall perplex-214

ity levels. Although CDD also relies on mul-215

tiple samplings to construct an output distribu-216

tion, its core remains restricted to edit-distance-217

based comparisons, failing to capture the true218

probabilistic dynamics underlying text genera-219

tion. In contrast, DVD employs temperature sam- 220

pling to generate multiple responses and system- 221

atically analyzes the variance of low-probability 222

tokens, defined as synthetic difficulty. The key 223

insight is that contaminated samples alternate be- 224

tween a “memorization-dependent state” and a 225

“perturbation-drift state,” resulting in substantially 226

higher variance across generations. Uncontami- 227

nated samples, by contrast, remain consistently in 228

the drift state, with variance reflecting only natural 229

noise. By incorporating variance decomposition 230

into a mixture-distribution framework, DVD fun- 231

damentally captures these deep probabilistic dy- 232

namics, thereby achieving superior performance 233

in detecting semantic-variant contamination com- 234

pared to existing methods. 235

3 Variant Contamination 236

This section introduces the formal definition of the 237

Variant Contamination Detection (VCD) task 238

(3.1) and describes in detail the construction of a 239

benchmark dataset tailored for reliable variant con- 240

tamination detection (3.2). 241

3.1 Task Definition 242

We define variant contamination as the scenario 243

in which, during training, a model is exposed to 244

samples that are logically equivalent to those in 245

the test set but differ in surface form. Such vari- 246

ants may diverge in semantics, syntax, or narrative 247

style, yet preserve the same underlying solution 248

space, thereby allowing the model to perform as 249

if it had previously observed the test instance. 250

Formally, let x denote a test instance and let f 251

be a semantic abstraction function that extracts the 252

core informational content of x. A variant of x is 253

then rigorously defined as follows: 254

v = τ(x), such that f(v) = f(x), (1) 255

where τ is a transformation preserving the core se- 256

mantics of x. If such a variant v appears in the 257

training corpus of model M , we say that M is 258

contaminated on test instance x. Importantly, un- 259

like exact duplicates, variants may differ substan- 260

tially from x in vocabulary, phrasing, or narrative 261

structure, while remaining equivalent in required 262

knowledge, logical dependencies, and trajectory. 263

The goal of the VCD task is thus to reliably 264

identify, within a models test set, which instances 265

x have been subject to contamination by semanti- 266

cally equivalent variants present in training. 267
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Figure 2: Our Method Pipeline

3.2 Benchmark Construction268

Variant contamination commonly arises in the269

context of data augmentation. To systemati-270

cally evaluate the extent of variant contamina-271

tion in large language models (LLMs), we con-272

struct a dedicated benchmark dataset. The con-273

struction leverages mainstream data augmenta-274

tion techniques (Shorten and Khoshgoftaar, 2019;275

Shorten et al., 2021; Maharana et al., 2022) and276

incorporates two widely used benchmarks: Omni-277

Math (Gao et al., 2024) and SuperGPQA (Du et al.,278

2025). As illustrated in Figure 2, we employ GPT-279

4o (Hurst et al., 2024) to produce semantically280

equivalent variants from the original problem.281

Initial Question and Solution Verification In282

the initial stage, we first verify the original prob-283

lemsolution pair (x, y). If the problem already284

comes with a standardized solution, it directly pro-285

ceeds to the next step; Otherwise (e.g., in the Su-286

perGPQA dataset), GPT-4o (Hurst et al., 2024) is287

employed to generate gold-standard answers. This288

ensures each problem is paired with a reference so-289

lution, forming the foundation for subsequent vari-290

ant generation. Formally, given the training set:291

D = {(xi, yi)}Ni=1, (2)292

we take (xi, yi) as input in preparation for generat-293

ing corresponding variants.294

Variant Generation In this stage, we295

adopt mainstream data augmentation tech-296

niques (Shorten and Khoshgoftaar, 2019; Shorten 297

et al., 2021; Maharana et al., 2022) to generate a 298

set of semantically equivalent variants (xv, yv) for 299

each original problem (see Table 1 and Figure 11). 300

Specifically, we define a transformation set: 301

T = {Tent, Tscn, Tnum, Tnar}, (3) 302

covering four categories: entity substitution, sce- 303

nario conversion, numerical rewriting, and nar- 304

rative restructuring. Through these surface-level 305

transformations, we construct the variant set: 306

V (xi) = {v(1)i , . . . , v
(m)
i },

where f(v
(j)
i ) = f(xi).

(4) 307

To guarantee semantic equivalence and correct- 308

ness, rejection sampling is applied during genera- 309

tion (see Figure 10), with GPT-4o providing high- 310

quality candidate variant answers. 311

Variant Filter Finally, GPT-4o is employed as a 312

filter to conduct quality control over the generated 313

variants (Liu et al., 2025). The filtering procedure 314

consists of two steps: first, checking whether the 315

information remains unchanged; second, perform- 316

ing a quality evaluation of the solution. Only when 317

both conditions are satisfied is the variant pair 318

(xv, yv) accepted. Ultimately, these high-quality 319

variant samples are injected into the training set to 320

simulate test contamination, enabling systematic 321

evaluation of whether existing detection methods 322

can identify variant-contaminated test instances. 323
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Table 1: Variant generation strategies used to simulate contamination.

Method Description

Entity substitution Replace referents, variable names, and object categories while maintaining consis-
tency in type and context.

Scenario transformation Alter the background setting and narrative context, while preserving logical depen-
dencies and constraint structures.

Numerical rewriting Resample parameters under solvability constraints and update derivations and in-
termediate values for consistency.

Narrative structure transformation Rearrange syntax or rewrite step-by-step analysis into a paragraph-style narrative
while preserving semantic meaning.

4 Method324

This paper proposes a method named DVD325

(Detection via Variance of generation326

Distribution) grounded in modeling the dis-327

tribution of model outputs. The core idea is to328

generate multiple responses under a fixed prompt329

using temperature sampling, thereby capturing330

fluctuations in low-probability regions of the mod-331

els output distribution. These fluctuations serve332

as key signals for detecting contamination. More333

specifically, when a test sample appears in the334

training set, the model may operate in two distinct335

generative states. The first is memory adherence,336

where generation is guided by memorized tem-337

plates internalized during training. The second is338

perturbation drift, where generation is primarily339

driven by stochastic perturbations introduced340

by temperature sampling, leading to free-form341

exploratory outputs. Memory adherence reflects342

the models reliance on training-based recall, while343

perturbation drift captures the natural randomness344

of unconstrained generation. If a test sample345

is contaminated, the model alternates between346

these two states, producing substantial variability347

in the conditional likelihoods of low-probability348

tokens. In contrast, for uncontaminated sam-349

ples, the absence of reliable memory templates350

constrains the model to remain in a perturbation351

drift state, where tail-token probabilities mainly352

reflect inherent noise and thus exhibit only minor353

fluctuations. Based on this observation, we354

design the variance of synthetic difficulty as the355

contamination detection criterion.356

4.1 Temperature Sampling357

For each test sample xi, we apply temper-358

ature sampling at test time under a fixed359

prompt p to generate N candidate responses360

{a(1)i , a
(2)
i , . . . , a

(N)
i }. Each response is concate-361

nated with the prompt to form the complete input: 362

s
(k)
i = (p, a

(k)
i ). (5) 363

Temperature sampling introduces stochastic per- 364

turbations, enabling the collection of diverse out- 365

puts for the same test sample. In uncontami- 366

nated cases, generation consistently remains in a 367

perturbation drift state, and temperature perturba- 368

tions do not alter the statistics of low-probability 369

tokens. In contaminated cases, however, gener- 370

ation alternates between memory adherence and 371

perturbation drift. Temperature perturbations am- 372

plify the disparity between template-based and 373

non-template-based responses, causing tail tokens 374

to exhibit more pronounced fluctuations. 375

4.2 Synthetic Difficulty Modeling 376

To quantify such fluctuations, we define the no- 377

tion of synthetic difficulty. For each sequence 378

s
(k)
i , we select the k least probable tokens in the re- 379

sponse, compute the sum of their log-likelihoods, 380

and normalize by sequence length T
(k)
i : 381

D
(k)
i =

1

T
(k)
i

k∑
j=1

logPθ

(
t(j) | s(k)i

)
. (6) 382

This statistic captures local uncertainty in the 383

tail region of the distribution. Unlike global per- 384

plexity, tail-token probabilities are more sensitive 385

to the presence of training-set memorization. If a 386

test sample is contaminated, D(k)
i varies markedly 387

across generations due to the alternation between 388

memory adherence and perturbation drift. If un- 389

contaminated, tail probabilities primarily reflect 390

noise, yielding relatively stable values of D
(k)
i 391

across multiple generations. 392

Given the synthetic difficulty set 393

{D(1)
i , D

(2)
i , . . . , D

(N)
i }, we define the DVD 394
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indicator as their sample variance:395

DVDi =
1
N

∑N
k=1

(
D

(k)
i −Di

)2
,

Di =
1
N

∑N
j=1D

(j)
i .

(7)396

This indicator characterizes the fluctuation of syn-397

thetic difficulty. According to the variance de-398

composition principle for mixture distributions, if399

a test sample is contaminated, the distribution of400

synthetic difficulty can be regarded as a mixture401

of memory states and drift states, which differ in402

expectation, thereby inflating the overall variance.403

If uncontaminated, synthetic difficulty arises from404

a single state, and variance remains low.405

More specifically, contaminated samples can be406

modeled as a mixture of two latent generation407

states: the memory-adhering state (Z = M ) dom-408

inated by training memorization, and the uncon-409

strained perturbation-drift state (Z = U ). Let410

πM = Pr(Z = M), πU = Pr(Z = U), with411

πM + πU = 1. Then,412

µ = πMµM + πUµU , (8)413
414

Var(X) = πM
(
σ2
M + (µM − µ)2

)
+

πU
(
σ2
U + (µU − µ)2

)
.

(9)415

Here, µM and µU denote the expectations under416

the memory and drift states, respectively. Since417

the memory state relies on templates encountered418

during training, its synthetic difficulty is generally419

lower than that of the drift state, i.e., µM > µU em-420

pirically. By the decomposition of within-group421

and between-group variance, if the two states dif-422

fer substantially in expectation, the overall vari-423

ance of the mixture will exceed that of a single dis-424

tribution. This theoretical grounding demonstrates425

the effectiveness of our method in distinguishing426

contaminated from uncontaminated samples.427

5 Experiments428

In this section, we simulate a variant-429

contamination scenario based on the constructed430

variant dataset (see Section 3.2) and perform431

a comprehensive evaluation of our method432

against a range of baseline approaches under433

this setting.We exclude closed-source models434

from our study because they are not practically435

trainable/fine-tunable, making it difficult to sim-436

ulate the variant-contamination setting. Detailed437

experimental configurations are provided in Sec-438

tion 5.1, large language model fine-tuning details439

are described in Section A.1, and the experimental440

results are reported in Section 5.2.441

5.1 Experimental Setup 442

Model selection: To comprehensively assess the 443

robustness of our variant-contamination detec- 444

tion method, we compare models along mul- 445

tiple dimensions: parameter scale (Qwen2.5- 446

1.5B-Instruct (Team, 2024), Qwen2.5-3B-Instruct 447

(Team, 2024), Qwen2.5-7B-Instruct (Team, 2024), 448

Qwen2.5-32B-Instruct (Team, 2024)), architec- 449

ture (Qwen2.5 vs. Llama3.1 (Dubey et al., 450

2024)), and fine-tuning strategy (full-parameter 451

fine-tuning vs. LoRA fine-tuning). 452

Baselines: To validate the effectiveness of our 453

method, we compare it with the following base- 454

lines: 1)Embedding Similarity (Dong et al., 2024): 455

computes the similarity between answers using 456

embeddings produced by the base model; 2)Per- 457

plexity (Li et al., 2023): computes the perplexity 458

of the original answer given the prompt; 3)Min- 459

k% Probability (Shi et al., 2023): computes the av- 460

erage probability over the lowest k% token prob- 461

abilities of the original answer given the prompt; 462

4)Min-k%++ Probability (Zhang et al., 2025): an 463

enhanced variant of Min-k%, which normalizes 464

and calibrates token log-probabilities using statis- 465

tics (mean and standard deviation) of the class dis- 466

tribution over the model vocabulary, and takes the 467

average over the lowest k% calibrated scores as 468

the detection score; 5)CDD (Dong et al., 2024): 469

measures the sharpness of the output distribution 470

via edit distance; 6)Zlib (Zhang et al., 2025): com- 471

putes the Zlib compression entropy of the origi- 472

nal answer given the prompt; 7)Loss (Zhang et al., 473

2025): computes the loss of the original answer 474

given the prompt. The hyperparameters specific 475

to our method were set as follows: the number of 476

minimum-probability tokens k was fixed at 20, and 477

the number of samples N was set to 50. 478

5.2 Experimental Results 479

We evaluate the performance of our proposed 480

method, DVD, against several baselines on two 481

distinct datasets: Omni-MATH and SuperGPQA. 482

The results, measured by AUC, are summarized 483

in Tables 2 and 3. Across all settings, DVD con- 484

sistently and significantly outperforms all baseline 485

approaches, demonstrating superior detection ac- 486

curacy and cross-domain robustness. 487

Superiority Over Log-Probability and Loss- 488

Based Baselines: Traditional detection methods 489

such as Loss, Perplexity, and Zlib exhibit highly 490
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Method Omni-MATH SuperGPQA

Qwen1.5B Qwen3B Qwen7B Qwen32B Qwen1.5B Qwen3B Qwen7B Qwen32B

Min-K%++ 0.694 0.693 0.680 0.681 0.422 0.463 0.435 0.436
CDD 0.494 0.495 0.512 0.507 0.496 0.504 0.518 0.503
Min-K 0.538 0.560 0.572 0.578 0.501 0.492 0.511 0.539
Perplexity 0.544 0.549 0.557 0.556 0.517 0.520 0.513 0.517
Loss 0.626 0.637 0.650 0.635 0.404 0.406 0.408 0.409
Zlib 0.573 0.576 0.583 0.581 0.425 0.430 0.428 0.427
EM 0.521 0.506 0.533 0.505 0.531 0.529 0.524 0.521
DVD (Ours) 0.744 0.747 0.734 0.667 0.770 0.708 0.740 0.743

Table 2: Performance comparison of different detection methods on Omni-MATH and SuperGPQA datasets with
full Fine-tuning (1 epoch). EM denotes the Embedding-similarity method. The notation QwenXB in the table
refers to the Qwen2.5-XB-Instruct model, where X denotes the model’s parameter count

Method Omni-MATH SuperGPQA

Qwen1.5B Qwen3B Qwen7B Qwen32B Qwen1.5B Qwen3B Qwen7B Qwen32B

Min-K%++ 0.646 0.621 0.648 0.608 0.415 0.456 0.364 0.369
CDD 0.501 0.503 0.513 0.507 0.520 0.517 0.584 0.600
Min-K 0.549 0.505 0.531 0.536 0.497 0.519 0.414 0.341
Perplexity 0.572 0.543 0.567 0.557 0.478 0.495 0.404 0.370
Loss 0.572 0.556 0.567 0.563 0.379 0.372 0.334 0.333
Zlib 0.549 0.542 0.550 0.550 0.409 0.400 0.378 0.376
EM 0.590 0.608 0.544 0.563 0.580 0.594 0.599 0.712
DVD (Ours) 0.771 0.745 0.731 0.715 0.674 0.737 0.700 0.751

Table 3: Performance comparison of detection methods on Omni-MATH and SuperGPQA with Lora Fine-tuning
(10 epochs). EM denotes the Embedding-similarity method. The notation QwenXB in the table refers to the
Qwen2.5-XB-Instruct model, where X denotes the model’s parameter count

unstable performance across different scenarios.491

For instance, while the Loss method achieves mod-492

erate results on Omni-MATH (e.g., AUC of 0.626493

to 0.664 in Table 2), its performance deteriorates494

sharply on the SuperGPQA dataset, with AUC val-495

ues significantly below the random-chance thresh-496

old of 0.5 (e.g., 0.333 to 0.409 in Table 3). Impor-497

tantly, an AUC below 0.5 indicates that the models498

predictions are systematically inverted relative to499

the true labels. Specifically, samples with higher500

loss are more likely to be incorrectly classified as501

clean, while those with lower loss are misidenti-502

fied as contaminated. Similarly, Perplexity and503

Zlib yield AUCs consistently in the range of 0.4 to504

0.5 on SuperGPQA, reflecting a similar tendency505

to produce judgments that contradict the actual506

contamination status. This clearly demonstrates507

that simple likelihood- or compression-based met-508

rics are highly sensitive to data distribution and509

training configurations, lacking not only robust-510

ness but also the basic reliability required for ef-511

fective detection of variant contamination.512

Analysis of Min-K and Min-K%++: The Min-513

K and Min-K%++ methods, which focus on the514

likelihood of the least probable tokens, show a515

specialized but fragile advantage. Min-K%++ is 516

the strongest baseline on the Omni-MATH dataset, 517

achieving AUCs between 0.608 and 0.694. How- 518

ever, its effectiveness diminishes on SuperGPQA, 519

where it drops as low as 0.278 (Table 3). This in- 520

dicates that while focusing on outlier token proba- 521

bilities helps in structured mathematical domains, 522

it fails to generalize to complex, semantic-heavy 523

reasoning tasks where the "variant" nature of the 524

data is not captured by local token statistics. 525

Comparison with Distributional and Similar- 526

ity Measures: We also compared our method 527

against CDD (based on edit distance) and 528

Embedding-similarity. CDD consistently per- 529

forms near the level of random guessing (AUC 530

≈ 0.50) on Omni-MATH, suggesting that surface- 531

level text fluctuations are insufficient for detec- 532

tion in diverse mathematical contexts. On Su- 533

perGPQA, CDD improves slightly (up to 0.600) 534

but remains uncompetitive. Embedding-similarity 535

proves to be a more robust baseline, particularly 536

on SuperGPQA where it achieves AUCs between 537

0.521 and 0.712. Nevertheless, it still lags behind 538

DVD by a significant margin. This confirms that 539

while semantic similarity captures some distribu- 540
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tional shifts, it cannot match the discriminative541

power of DVDs difficulty-fluctuation modeling.542

Effectiveness Under Different Fine-tuning543

Regimes: The experimental results across Full544

Fine-tuning (1 epoch) and LoRA (10 epochs)545

highlight DVD’s versatility. In the challenging546

10-epoch LoRA setting on Omni-MATH (Table 3),547

DVD achieves an AUC of 0.771 on Qwen-1.5B,548

while the next best baseline (Min-K%++) only549

reaches 0.646. Even when the model is heav-550

ily fine-tuned, DVD effectively captures the551

"synthetic difficulty" signatures that distinguish552

contaminated variants from clean data.553

5.3 Ablation Study554

Min-K%++
Loss EM

DVD(ours)

0.3

0.4

0.5

0.6

0.7

AU
C

Omni-Math Result With Fine-tuning
SuperGPQA Result With Fine-tuning
Omni-Math Result With Lora Fine-tuning
SuperGPQA Result With Lora Fine-tuning

=+0.011 =+0.103
=+0.038

=+0.063

Figure 3: Performance comparison of the DVD method
and other baselines on the Llama architecture (using
the Llama3.1-8B-Instruct model). EM denotes the
Embedding-similarity method. A complete visualiza-
tion of the results is provided in Figure 9 of Ap-
pendix A.5.

Robustness Across Model Scales and Architec-555

tures: Our method exhibits remarkable stability556

across different model sizes (from Qwen-1.5B to557

32B) and architectures (Qwen and Llama). As558

shown in Table 2, DVD maintains high AUCs559

(0.667–0.747) regardless of the parameter count.560

Notably, on the Llama-8B model, DVD consis-561

tently provides a substantial gain over the best562

baselines (shown in Figure 4). While other meth-563

ods like Min-K%++ or Embedding-similarity fluc-564

tuate wildly depending on the model scale, DVDs565

performance remains consistently high, validating566

its architecture-agnostic nature.567

Robustness of DVD Across Training Epochs568

and Model Scales: As shown in Figure 4, each569

data point represents the average result over ten570

independent runs to mitigate the influence of ran-571

domness. DVD demonstrates consistently high ro-572

1 2 3 4 5 6 7 8 9 10
Epoch

0.600

0.625

0.650

0.675

0.700

0.725

0.750

0.775

0.800

D
VD

 A
U

C 
M

ea
n

Qwen2.5-1.5B-Instruct
Qwen2.5-3B-Instruct
Qwen2.5-7B-Instruct
Qwen2.5-32B-Instruct
Llama3.1-8B-Instruct

Figure 4: Average performance of the DVD method
across different epochs.

bustness across different training epochs. When 573

evaluated on various instruction tuned large lan- 574

guage models, including the Qwen2.5 series and 575

Llama3.1-8BInstruct, DVD achieves strong AUC 576

scores for detecting model variant contamination 577

as early as the initial training stages. Moreover, 578

detection performance generally improves with in- 579

creasing model scale; for instance, Qwen2.5 32B 580

Instruct attains a higher and more stable AUC. Col- 581

lectively, these results indicate that DVD exhibits 582

consistent and reliable detection capability across 583

models of varying sizes and architectures, as well 584

as across different training epochs. 585

6 Conclusion 586

This work systematically uncovers the overlooked 587

problem of variant contamination in large lan- 588

guage models, establishes the first benchmark ded- 589

icated to this issue, and proposes DVD as a princi- 590

pled solution. DVD effectively identifies contam- 591

inated samples by modeling fluctuations in syn- 592

thesis difficulty across multiple generations, sig- 593

nificantly outperforming conventional approaches 594

based on log probability, distributional proper- 595

ties, and similarity metrics. Evaluated on the 596

proposed benchmark, which encompasses Omni- 597

MATH and SuperGPQA, DVD demonstrates con- 598

sistently high accuracy and strong cross-domain 599

robustness across diverse training configurations 600

and model scales, offering a reliable tool to mit- 601

igate contamination risks and enable fairer, more 602

trustworthy evaluation of large language models. 603
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7 Limitation604

For tasks with open-ended answers, underspec-605

ified problem statements, or multiple valid rea-606

soning paths, temperature sampling naturally in-607

duces greater output diversity, thereby elevating608

the baseline level of variance in the generation609

distribution. As a result, when comparing DVD610

scores across tasks or domains, it is generally nec-611

essary to adopt unified prompt templates, length612

constraints, and decoding configurations, and to613

apply task- or category-specific calibration or rela-614

tive scoring schemes to ensure interpretability and615

comparability. Moreover, because DVD derives616

its signal from local uncertainty fluctuations in617

low-probability tokens, it is sensitive to genera-618

tion length, stopping criteria, and answer formats,619

all of which can alter the composition and pro-620

portion of tail tokens and thus affect the stability621

of synthetic difficulty estimation. At a practical622

level, DVD constructs a local generation distribu-623

tion via repeated sampling, which necessitates bal-624

ancing the number of samples against detection625

stability in environments with limited query bud-626

gets or restricted access. Finally, the benchmark627

construction and contamination simulation in this628

work rely primarily on LLM-generated and LLM-629

filtered semantic variants injected through fine-630

tuning; while this setup is reproducible and well631

controlled, variant contamination in real pretrain-632

ing corpora may arise from more diverse sources-633

such as cross-domain reuse, templated rewrit-634

ing, heterogeneous annotation styles, or retrieval-635

augmented pipelineswhose behavioral signatures636

and decision boundaries warrant further system-637

atic characterization in future work.638
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A Appendix791

A.1 Fine-tuning -details792

To emulate variant contamination, we fine-tune793

the above models on our constructed variant-794

contamination dataset. To model resource-795

constrained scenarios, we adopt LoRA for796

parameter-efficient adaptation; this training is con-797

ducted on a single NVIDIA A800 GPU with the798

following settings: LoRA rank 8; Adam optimizer;799

10 training epochs; initial learning rate 1e5; a co-800

sine learning-rate scheduler with a warmup ratio801

of 0.1; per-GPU batch size 2; gradient accumu-802

lation steps 1; and bfloat16 precision. To model803

quality-prioritized scenarios, we additionally per-804

form full-parameter fine-tuning on two NVIDIA805

A800 GPUs, using: Adam optimizer; 1 training806

epoch; initial learning rate 1e5; a cosine learning-807

rate scheduler with a warmup ratio of 0.1; per-808

GPU batch size 2; gradient accumulation steps 1;809

and bfloat16 precision810

A.2 Hyperparameter Sensitivity Analysis811

To evaluate the sensitivity of the proposed DVD812

method to the key hyperparameter M (i.e.,813

the minimum number of low-probability tokens814

considered when calculating the synthetic diffi-815

culty), we conducted extensive experiments on the816

Qwen2.5-3B-Instruct model and the Omni-MATH817

variant dataset. The experimental results (Fig-818

ure 5) reveal both the effectiveness and moderate819

sensitivity of the method to M .820

Strong Performance with a Clear Optimal821

Region The detection performance of the DVD822

method, measured by ROC AUC, peaks at 0.751823

when M = 22. Notably, even at nearby values-824

such as M = 20 (AUC = 0.747)performance re-825

mains high, indicating a well-defined and broad826

performance peak rather than extreme fragility.827

Across the full tested range (approximately M =828

5 to M = 35), AUC scores stay consistently above829

0.58 and reach a maximum of 0.751, demonstrat-830

ing that the method is effective over a wide hyper-831

parameter regime.832

Presence of a High-Performance Interval Al-833

though the curve is not completely flat, a ro-834

bust high-performance interval exists around835

M ∈ [18, 26], where AUC remains above836

0.74. This suggests that while fine-tuning M837

can yield marginal gains, users can still achieve838

near-optimal detection performance by selecting839

M within this practical intervalavoiding the need840

for exhaustive search while maintaining strong re- 841

sults. 842

Clear Advantage Over Baseline Methods 843

Critically, even the lower end of the observed 844

AUC range (e.g., ∼0.58 at extreme M values) is 845

comparable to or exceeds the performance of base- 846

line methods such as Min-K%++ Prob (0.693), 847

Perplexity (0.549), and CDD (0.495). More im- 848

portantly, the peak performance (0.751) substan- 849

tially outperforms all baselines, confirming that 850

the DVD methods superiority is both significant 851

and realizable with reasonable hyperparameter 852

choices. 853

Theoretical Interpretation The unimodal 854

shape of the AUC curve aligns with the underly- 855

ing mechanism of DVD: 856

• When M is too small (e.g., M < 15), the syn- 857

thetic difficulty is estimated from too few to- 858

kens, leading to high variance and unreliable 859

detection signals. 860

• When M is too large (e.g., M > 30), the 861

inclusion of medium-probability tokens di- 862

lutes the signal from truly “difficult” (low- 863

probability) tokens, slightly degrading dis- 864

criminative power. 865

• Around M = 22, the method strikes an opti- 866

mal balancecapturing enough low-probability 867

tokens for stable variance estimation while 868

avoiding noise from less informative tokens. 869

This behavior reflects a principled trade-off in- 870

herent in the design of DVD, rather than arbi- 871

trary sensitivity. The existence of a clear, high- 872

performing region further supports the methods 873

practical utility. 874

A.3 Case Study 875

The three representative cases examined above 876

provide a mechanistic explanation for the macro- 877

scopic performance trends observed in Figure 6. 878

They demonstrate that the effectiveness of a de- 879

tection method is not arbitrary but is determined 880

by the intrinsic alignment between its underly- 881

ing mechanism and the nature of the contami- 882

nation. The superior performance of our DVD 883

method stems from its unique capacity to probe 884

the model’s internal "cognitive state," enabling it 885

to penetrate surface-level textual variations and 886

identify the essential signal of memorization. 887
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Figure 5: The DVD method demonstrates remarkable robustness across a wide range of hyperparameters.

A.3.1 Deeply Transformed Variants888

Cases 1 and 2 represent deeply transformed vari-889

ants where all four transformation methods (en-890

tity substitution, scenario conversion, etc.) are ap-891

plied. Although the surface forms are completely892

different, such as changing "students" to "partici-893

pants" and completely altering the narrative order,894

the core semantics remain consistent.895

Sampling and Output-Matching-Based896

Methods , such as CDD, perform poorly is that897

they rely on surface form matching and fail to898

effectively capture deep logical equivalence. In899

Case 1, there is a significant surface difference900

between the original and variant problems, such901

as from "16 students took part in a competition" to902

"A group of sixteen participants joined a contest."903

Although the core semantics of the two problems904

remain consistent, the surface text changes signifi-905

cantly. The CDD method detects based only on906

surface symbol similarity, and when faced with907

surface-level changes (such as replacing some908

vocabulary or altering the narrative structure),909

CDD fails to recognize the deep similarities910

between these problems. CDD misjudges this911

surface difference as "output inconsistency,"912

resulting in detection failure.913

Perplexity-Based Methods perform poorly914

when faced with surface-level changes or struc-915

tural perturbations, because they are highly sen-916

sitive to changes in the surface form of the text.917

These methods typically assess whether a model918

has memorized certain samples by measuring919

the perplexity of low-probability tokens. How-920

ever, perplexity-based methods mainly rely on the921

model’s confidence in generating known samples,922

neglecting the deeper semantics of the text. In923

Case 2, when the original problem is changed in924

variant names and narrative order (e.g., replacing925

i, j with m,n), this change does not fundamen- 926

tally alter the mathematical structure of the prob- 927

lem, but the perplexity method may mistakenly 928

classify it as non-memorized due to the model’s 929

lower confidence in generating these changes. 930

The DVD method is successful by probing the 931

internal cognitive state of the model during genera- 932

tion, rather than analyzing the output text. Despite 933

the surface differences, the model has memorized 934

the core logical template for solving these prob- 935

lem types. When generating answers, it exhibits 936

high confidence at the key reasoning steps and fi- 937

nal answer. This results in low and stable "con- 938

stitutive difficulty" values across samples, leading 939

to a high variance score. Thus, DVD effectively 940

detects contamination by identifying the model’s 941

familiarity with the underlying mathematical struc- 942

ture, bypassing surface-level noise. 943

A.3.2 Simply Transformed Variants 944

Case 3 is a simple variant that involves only entity 945

substitution and numerical rewriting. The math- 946

ematical problem (an application of the Cauchy- 947

Schwarz inequality) remains identical, with only 948

the variable names and the scenario changed. 949

Sampling and Output-Matching-Based 950

Methods, CDD, success was achieved in Case 3 951

because of the high text and semantic similarity 952

between the original and variant problems, with 953

only a few differences in specific phrases and 954

variant names. 955

Perplexity-Based Methods perform poorly 956

when facing surface-level changes or structural 957

perturbations. Among multiple methods, only Em- 958

bedding Similarity successfully identified the con- 959

tamination, highlighting their fragility. Changes 960

in specific tokens (variables, numbers) are suffi- 961

cient to alter the probability distribution. For ex- 962
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Figure 6: Compare the effectiveness of different detection methods on different variants

ample, changing a, b, c, d, e to x, y, z, w, v, and963

changing 8 and 16 to 10 and 20. These spe-964

cific token changes are enough to significantly al-965

ter the models computation of the probability dis-966

tribution of the entire sequence. The model has967

seen a + b + c + d + e = 8, but has not seen968

x+ y + z + w + v = 10, so it perceives the latter969

sequence as having a slightly lower probability.970

The DVD method performs excellently in971

such a simple entity substitution scenario, further972

demonstrating that by probing the models internal973

cognitive state during generation, our method ef-974

fectively identifies and captures deep logical struc-975

tures and semantic consistency.976

A.4 Statistical Evidence for Generation977

States: Memory Adherence and978

Perturbation Drift979

This section provides the detailed statistical and980

experimental foundation for introducing the core981

generation states: Memory Adherence and Per-982

turbation Drift. These states are not theoreti-983

cal assumptions but stable, objectively observed984

modes of behavior resulting from a systematic sta-985

tistical analysis of the model’s generation process986

on contaminated and uncontaminated samples.987

Experimental Setup 988

To quantify the model’s generation mechanism, 989

we performed multiple repeated samplings for 100 990

randomly selected samples (including both con- 991

taminated and clean examples) at a fixed sampling 992

temperature τ (e.g., τ = 0.8). The primary sta- 993

tistical quantity analyzed is the distribution of the 994

log-likelihood of the sum of K-min token at each 995

generation step. This distribution characterizes the 996

model’s propensity to generate tokens with vary- 997

ing degrees of confidence and quality. 998

Bimodal Structure in Contaminated Samples 999

As shown in 7, for samples subject to variant 1000

contamination, the distribution of the sum of K- 1001

min token log-likelihood consistently exhibits a 1002

pronounced and repeatable bi-modal structure. 1003

This characteristic structure is direct evidence that 1004

the model’s generation process, when exposed to 1005

contamination, is not governed by a single random 1006

mechanism but dynamically switches between two 1007

distinct modes. 1008

The analysis of the bi-modal structure reveals 1009

the following: 1010

1. The First Peak (High-Confidence Region): 1011

This peak is consistently located in the 1012
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Figure 7: Probability distribution plot of the sum of log probabilities of the min-k tokens sampled from the distri-
bution of contaminated samples

Value Value Value Value Value Value Value Value Value Value

Pr
ob

ab
ilit

y 
De

ns
ity

Figure 8: Probability distribution plot of the sum of log probabilities of the min-k tokens sampled from the distri-
bution of uncontaminated samples
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Figure 9: Performance of the DVD method on the Llama architecture compared to other baselines. EM denotes
the Embedding-similarity method.

higher log-likelihood region. It corresponds1013

to generation where the model selects high-1014

probability, high-confidence tokens. This be-1015

havior indicates that the model is adhering to1016

answer fragments, linguistic patterns, or1017

templates encountered during training. We1018

define this as the Memory Adherence State.1019

2. The Second Peak (Low-Confidence Re-1020

gion): This peak resides in the lower log- 1021

likelihood region, corresponding to the selec- 1022

tion of low-probability, high-randomness to- 1023

kens. This mode suggests the model has de- 1024

viated from the memory track and entered 1025

a more explorative, lower-confidence genera- 1026

tion space, which we term the Perturbation 1027

Drift State. 1028
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The bi-modal distribution directly proves that the1029

model dynamically alternates between leveraging1030

specific, strong memory structures and engaging1031

in randomized, exploratory sampling on the same1032

contaminated inputs.1033

Unimodal Structure in Uncontaminated1034

Samples1035

In stark contrast, uncontaminated (clean) samples,1036

used as a control, consistently exhibit a single,1037

smooth, and approximately Gaussian distribu-1038

tion (Figures 8).1039

The unimodal nature confirms that the model1040

is following a consistent, intrinsic random gen-1041

eration mechanism without the disruptive influ-1042

ence of strong, pulling memory structures. The1043

absence of a secondary peak supports the hypoth-1044

esis that state-switching behavior is unique to con-1045

taminated data.1046

A.5 Performance of the DVD method on the1047

Llama architecture compared to other1048

baselines.1049

Figures 9 reports AUC on the Llama backbone1050

across two benchmarks (Omni-Math and SuperG-1051

PQA) under both full fine-tuning and LoRA. Over-1052

all, DVD achieves the best or near-best perfor-1053

mance in all settings and exhibits the most consis-1054

tent gains. In contrast, baselines such as perplex-1055

ity, Min-K%, CDD, and Zlib vary substantially1056

across datasets and fine-tuning regimes, indicat-1057

ing weaker robustness. These results suggest that1058

DVD provides a more reliable detector of variant1059

contamination and generalizes better across train-1060

ing setups.1061

A.6 Significance testing experiments of the1062

DVD method against other baselines1063

Method Omni-MATH SuperGPQA Conf

DVD (Ours) 0.731± 0.013 0.700± 0.016 –
Min-K%++ 0.648± 0.014 0.364± 0.018 99%
CDD 0.513± 0.012 0.584± 0.011 99%
Min-K 0.531± 0.015 0.414± 0.016 99%
Perplexity 0.567± 0.013 0.404± 0.017 99%
Loss 0.567± 0.012 0.334± 0.019 99%
Zlib 0.550± 0.014 0.378± 0.018 99%
EM 0.544± 0.011 0.599± 0.010 99%

Table 4: Significance testing experiments of the
DVD method against other baselines on Qwen2.5-7B-
Instruct.

Table 4 presents a comparison of the contamina-1064

tion detection performance of the proposed DVD1065

method against various existing baselines on two 1066

challenging benchmarks, Omni-MATH and Su- 1067

perGPQA, using the Qwen2.5-7B-Instruct model. 1068

The table also reports the confidence levels (col- 1069

umn “Conf”) from paired significance tests be- 1070

tween DVD and each baseline. The results show 1071

that DVD significantly outperforms all competing 1072

methods on this model: it achieves an AUC of 1073

0.731±0.013 on Omni-MATH and 0.700±0.0016 1074

on SuperGPQA. The reported margins of error 1075

(standard deviations) are computed over 10 inde- 1076

pendent runs with different random seeds. 1077

A.7 Prompt 1078

Figures 11 and 10 show the prompts used in our 1079

data construction pipeline: Figure 11 is the prompt 1080

for generating semantic variations, and Figure 10 1081

is the prompt for rejection sampling.

Figure 10: The prompt for rejection sampling

1082
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Figure 11: The prompt used to generate variations
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