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Abstract

Evaluating large language models (LLMs) is
increasingly confounded by variant contami-
nation: the training corpus contains semanti-
cally equivalent yet lexically or syntactically
altered versions of test items. Unlike ver-
batim leakage, these paraphrased or struc-
turally transformed variants evade existing de-
tectors based on sampling consistency or per-
plexity, thereby inflating benchmark scores
via memorization rather than genuine reason-
ing. We formalize this problem and intro-
duce DVD (Detection via Variance of gener-
ation Distribution), a single-sample detector
that models the local output distribution in-
duced by temperature sampling. Our key in-
sight is that contaminated items trigger alter-
nation between a memory-adherence state and
a perturbation-drift state, yielding abnormally
high variance in the synthetic difficulty of
low-probability tokens; uncontaminated items
remain in drift with comparatively smooth
variance. We construct the first benchmark
for variant contamination across two domains
Omni-MATH and SuperGPQA by generating
and filtering semantically equivalent variants,
and simulate contamination via fine-tuning
models of different scales and architectures
(Qwen2.5 and Llama3.1). Across datasets
and models, DVD consistently outperforms
perplexity-based, Min-k%++, edit-distance
(CDD), and embedding-similarity baselines,
while exhibiting strong robustness to hyper-
parameters. Our results establish variance
of the generation distribution as a principled
and practical fingerprint for detecting vari-
ant contamination in LLM evaluation. Code
is available at https://anonymous.4open.
science/r/DVD2-7D97.

1 Introduction

In recent years, large language models (LLMs)
have exhibited explosive growth in capability,
demonstrating transformative potential across a
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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
et al., 2024; Touvron et al., 2023; Chowdhery et al.,
2023; Achiam et al., 2023). However, their im-
pressive performance relies heavily on massive
web-scale corpora, which has brought a long-
standing challenge into sharper focus: data con-
tamination (Balloccu et al., 2024; Li et al., 2023;
Chang et al., 2024; Cheng et al., 2025; Deng
et al., 2023; Xu et al., 2024). Data contamina-
tion refers to unintended overlap between training
data and evaluation benchmarks, which severely
undermines the validity of empirical evaluation
(Cheng et al., 2025). Such overlap can create an
illusion of strong generalization and mislead re-
search progress. When contaminated models are
deployed in scientific investigations or real-world
applications, their latent biases and hidden flaws
may lead to incorrect scientific conclusions or
catastrophic decisions, ultimately hindering tech-
nological advancement (Sainz et al., 2023).

With the widespread adoption of large-scale
data augmentation and synthetic data generation
(e.g., GPT-40), a more subtle and potentially more
dangerous form of contamination has gradually
emerged, namely variant contamination. Vari-
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ant contamination occurs when training data con-
tains instances that are semantically equivalent to
benchmark questions but have been rewritten at
the lexical or structural level. Unlike exact du-
plicates, such variants can evade existing detec-
tion methods while still enabling models to effec-
tively “memorize” the answers. To systematically
study this phenomenon, we construct a new eval-
uation benchmark based on Omni-MATH (mathe-
matical reasoning) (Gao et al., 2024) and SuperG-
PQA (general reasoning) (Du et al., 2025) by gen-
erating semantically equivalent variants through
controlled transformations. Fine-tuning models of
different scales and architectures on these contam-
inated datasets yields striking results: even when
the training data contains only variants (with no
exact duplicates), models can still achieve signif-
icantly inflated accuracy on the evaluation bench-
marks. More importantly, widely used contami-
nation detection methods fail in this setting and
exhibit unstable performance (Figure 1). Exist-
ing approaches, such as perplexity-based metrics,
Min-K%, and CDD, primarily rely on shallow
surface-level features, including token probability
distributions, embedding similarity, or surface per-
plexity patterns. However, prior work has shown
that LLMs can be highly sensitive to minor phras-
ing changes, often leading to substantially differ-
ent response behaviors (Lunardi et al., 2025; Sclar
et al., 2023; Zhao et al., 2024). Consequently, in
the variant contamination scenario, although the
questions are semantically equivalent to the bench-
marks, their carefully restructured surface forms
weaken these shallow cues, making it difficult for
existing methods to capture the true behavioral dif-
ferences exhibited by models. This observation is
consistent with our empirical findings.

To address these limitations, we propose DVD
(Detection via Variance of generation Distribu-
tion), a variant contamination detection method
based on the variance of generation distributions.
DVD directly characterizes the core behavioral
signatures induced by variant contamination by
modeling fluctuations in the model’s generation
distribution across multiple stochastic decoding
runs. Unlike existing methods that rely on static
surface-level features, DVD focuses on dynamic
response patterns in the model’s uncertainty space.
For uncontaminated questions, genuine reasoning
processes typically produce relatively stable and
smooth variance in the output distribution. In
contrast, for contaminated questions, models fre-

quently alternate between a high-confidence mem-
orization regime and a low-confidence exploratory
reasoning regime, resulting in pronounced dis-
tributional differences in the generation variance
(Figure 2). By exploiting these dynamic be-
havioral differences, DVD is able to penetrate
surface-level reformulations and directly identify
contamination-induced anomalies, enabling ro-
bust and effective detection in the highly challeng-
ing variant contamination setting.

Extensive experiments demonstrate that DVD
consistently outperforms baseline methods across
datasets, domains, and model scales. For exam-
ple, on SuperGPQA, DVD improves AUC by up
to 0.22 over the strongest baseline (embedding
similarity), while maintaining stable performance
across model sizes from 1.5B to 32B parameters,
as well as across both Qwen and Llama architec-
tures. These results collectively establish DVD as
a robust and efficient solution to the overlooked
yet critical problem of variant contamination.

Our contributions are summarized as follows:

A Benchmark for Systematic Evaluation. We
construct the first benchmark specifically designed
for variant contamination detection, covering two
representative domains: mathematical reasoning
and general reasoning. Through controlled vari-
ant generation and filtering, this benchmark en-
ables rigorous, reproducible evaluation of contam-
ination detection methods across different models,
scales, and target domains.

A Novel Detection Framework. We propose
DVD, a training-free variant contamination detec-
tion method that relies solely on model genera-
tion behavior. By analyzing the variance of out-
put distributions across multiple stochastic decod-
ing runs, DVD captures anomalous fluctuations ex-
hibited by models on contaminated queries, effec-
tively penetrating surface-level paraphrasing to de-
tect variant contamination. Experiments show that
DVD significantly outperforms existing methods
across models, scales, and domains, while remain-
ing highly robust to decoding hyperparameters.

2 Related Work

Existing approaches for data contamination detec-
tion can be broadly divided into two categories.

Sampling and Output-Matching-Based Meth-
ods This line of research primarily relies on



the similarity between model generations and ref-
erence answers, or on detecting anomalous pat-
terns within the output distribution. Represen-
tative works include reference-instance matching
based on overlap measures (Golchin and Surdeanu,
2023); the CDD method, which conducts multi-
ple random samplings alongside one greedy de-
coding under the same prompt, and uses the edit
distance between greedy and stochastic outputs
to approximate the output distribution and detect
sharp modes caused by memorization (Khandel-
wal et al., 2019); and the DCQ method, which
compares model preferences between original in-
puts and their perturbed variants to identify con-
tamination (Golchin and Surdeanu, 2025). More-
over, membership inference has also been applied
in this context, where the loss difference between a
target sample and synthetic neighbors serves as an
indicator of contamination (Mattern et al., 2023).
Overall, these methods are effective for detect-
ing verbatim memorization, yet remain limited by
their reliance on shallow surface-level measures.

Perplexity-Based Methods In contrast to
sampling- and matching-based approaches, an-
other class of methods focuses on detecting
contamination through the abnormally high con-
fidence that models assign to seen samples. For
example, the MIN-K% PROB method examines
the average log-likelihood of low-probability
tokens to determine whether a sample appears in
the training set (Shi et al., 2023). Similarly, (Oren
et al., 2023) demonstrates that a models ability to
recall the order of training samples itself consti-
tutes strong evidence of data leakage. Compared
to the former category, perplexity-based methods
provide a more direct quantification of model bias
toward training data. However, their effectiveness
is likewise constrained to verbatim memorization;
once samples undergo semantic rewriting or struc-
tural perturbation, perplexity-level differences are
often largely obscured, leading to a significant
drop in detection performance.

Our Approach Motivated by the limitations
of the above methods, we propose the DVD
approach, which overcomes the dependence on
shallow similarity measures or overall perplex-
ity levels. Although CDD also relies on mul-
tiple samplings to construct an output distribu-
tion, its core remains restricted to edit-distance-
based comparisons, failing to capture the true
probabilistic dynamics underlying text genera-

tion. In contrast, DVD employs temperature sam-
pling to generate multiple responses and system-
atically analyzes the variance of low-probability
tokens, defined as synthetic difficulty. The key
insight is that contaminated samples alternate be-
tween a “memorization-dependent state” and a
“perturbation-drift state,” resulting in substantially
higher variance across generations. Uncontami-
nated samples, by contrast, remain consistently in
the drift state, with variance reflecting only natural
noise. By incorporating variance decomposition
into a mixture-distribution framework, DVD fun-
damentally captures these deep probabilistic dy-
namics, thereby achieving superior performance
in detecting semantic-variant contamination com-
pared to existing methods.

3 Variant Contamination

This section introduces the formal definition of the
Variant Contamination Detection (VCD) task
(3.1) and describes in detail the construction of a
benchmark dataset tailored for reliable variant con-
tamination detection (3.2).

3.1 Task Definition

We define variant contamination as the scenario
in which, during training, a model is exposed to
samples that are logically equivalent to those in
the test set but differ in surface form. Such vari-
ants may diverge in semantics, syntax, or narrative
style, yet preserve the same underlying solution
space, thereby allowing the model to perform as
if it had previously observed the test instance.

Formally, let = denote a test instance and let f
be a semantic abstraction function that extracts the
core informational content of x. A variant of x is
then rigorously defined as follows:

such that f(v) = f(z), (1)

v = T(.’B),

where 7 is a transformation preserving the core se-
mantics of z. If such a variant v appears in the
training corpus of model M, we say that M is
contaminated on test instance x. Importantly, un-
like exact duplicates, variants may differ substan-
tially from z in vocabulary, phrasing, or narrative
structure, while remaining equivalent in required
knowledge, logical dependencies, and trajectory.

The goal of the VCD task is thus to reliably
identify, within a models test set, which instances
x have been subject to contamination by semanti-
cally equivalent variants present in training.
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Figure 2: Our Method Pipeline

3.2 Benchmark Construction

Variant contamination commonly arises in the
context of data augmentation. To systemati-
cally evaluate the extent of variant contamina-
tion in large language models (LLMs), we con-
struct a dedicated benchmark dataset. The con-
struction leverages mainstream data augmenta-
tion techniques (Shorten and Khoshgoftaar, 2019;
Shorten et al., 2021; Maharana et al., 2022) and
incorporates two widely used benchmarks: Omni-
Math (Gao et al., 2024) and SuperGPQA (Du et al.,
2025). As illustrated in Figure 2, we employ GPT-
40 (Hurst et al., 2024) to produce semantically
equivalent variants from the original problem.

Initial Question and Solution Verification In
the initial stage, we first verify the original prob-
lemsolution pair (x,y). If the problem already
comes with a standardized solution, it directly pro-
ceeds to the next step; Otherwise (e.g., in the Su-
perGPQA dataset), GPT-40 (Hurst et al., 2024) is
employed to generate gold-standard answers. This
ensures each problem is paired with a reference so-
lution, forming the foundation for subsequent vari-
ant generation. Formally, given the training set:

D = {(xivyi)}i]ih 2)

we take (z;, y;) as input in preparation for generat-
ing corresponding variants.

Variant
adopt

we
tech-

Generation In this stage,
mainstream data augmentation

niques (Shorten and Khoshgoftaar, 2019; Shorten
et al., 2021; Maharana et al., 2022) to generate a
set of semantically equivalent variants (z,, y, ) for
each original problem (see Table 1 and Figure 11).
Specifically, we define a transformation set:

T = {Tenu Tscn, Tnum7 Tnar}7 (3)

covering four categories: entity substitution, sce-
nario conversion, numerical rewriting, and nar-
rative restructuring. Through these surface-level
transformations, we construct the variant set:

Viz) = oM, o™,

where f(vi(J)) = f(;cl)

To guarantee semantic equivalence and correct-
ness, rejection sampling is applied during genera-
tion (see Figure 10), with GPT-40 providing high-
quality candidate variant answers.

“

Variant Filter Finally, GPT-40 is employed as a
filter to conduct quality control over the generated
variants (Liu et al., 2025). The filtering procedure
consists of two steps: first, checking whether the
information remains unchanged; second, perform-
ing a quality evaluation of the solution. Only when
both conditions are satisfied is the variant pair
(24, Yy) accepted. Ultimately, these high-quality
variant samples are injected into the training set to
simulate test contamination, enabling systematic
evaluation of whether existing detection methods
can identify variant-contaminated test instances.



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 Method

This paper proposes a method named DVD
(Detection  via  Variance of  generation
Distribution) grounded in modeling the dis-
tribution of model outputs. The core idea is to
generate multiple responses under a fixed prompt
using temperature sampling, thereby capturing
fluctuations in low-probability regions of the mod-
els output distribution. These fluctuations serve
as key signals for detecting contamination. More
specifically, when a test sample appears in the
training set, the model may operate in two distinct
generative states. The first is memory adherence,
where generation is guided by memorized tem-
plates internalized during training. The second is
perturbation drift, where generation is primarily
driven by stochastic perturbations introduced
by temperature sampling, leading to free-form
exploratory outputs. Memory adherence reflects
the models reliance on training-based recall, while
perturbation drift captures the natural randomness
of unconstrained generation. If a test sample
is contaminated, the model alternates between
these two states, producing substantial variability
in the conditional likelihoods of low-probability
tokens. In contrast, for uncontaminated sam-
ples, the absence of reliable memory templates
constrains the model to remain in a perturbation
drift state, where tail-token probabilities mainly
reflect inherent noise and thus exhibit only minor
fluctuations. Based on this observation, we
design the variance of synthetic difficulty as the
contamination detection criterion.

4.1 Temperature Sampling

For each test sample x;, we apply temper-

ature sampling at test time under a fixed

prompt p to generate N candidate responses

{a(-l), a(2), .
(2

7

N .
,ag )}. Each response is concate-

nated with the prompt to form the complete input:
k k
st = (pal). 5)

Temperature sampling introduces stochastic per-
turbations, enabling the collection of diverse out-
puts for the same test sample. In uncontami-
nated cases, generation consistently remains in a
perturbation drift state, and temperature perturba-
tions do not alter the statistics of low-probability
tokens. In contaminated cases, however, gener-
ation alternates between memory adherence and
perturbation drift. Temperature perturbations am-
plify the disparity between template-based and
non-template-based responses, causing tail tokens
to exhibit more pronounced fluctuations.

4.2 Synthetic Difficulty Modeling

To quantify such fluctuations, we define the no-
tion of synthetic difficulty. For each sequence
(k)

s;, we select the k least probable tokens in the re-

sponse, compute the sum of their log-likelihoods,

and normalize by sequence length Ti(k)

k
k _ 1 G) | (F)
DY = —=>"log Py (tY) | ;7). (6)
7® pt ( )

This statistic captures local uncertainty in the
tail region of the distribution. Unlike global per-
plexity, tail-token probabilities are more sensitive
to the presence of training-set memorization. If a
test sample is contaminated, ng) varies markedly
across generations due to the alternation between
memory adherence and perturbation drift. If un-
contaminated, tail probabilities primarily reflect
noise, yielding relatively stable values of ng)
across multiple generations.

Given the  synthetic  difficulty  set

(V. D? ... D™}, we define the DVD



indicator as their sample variance:

—\2
pvD; = 4 2, (D - i)

_ , (7
Di= % Zjvzl Dz@-

This indicator characterizes the fluctuation of syn-
thetic difficulty. According to the variance de-
composition principle for mixture distributions, if
a test sample is contaminated, the distribution of
synthetic difficulty can be regarded as a mixture
of memory states and drift states, which differ in
expectation, thereby inflating the overall variance.
If uncontaminated, synthetic difficulty arises from
a single state, and variance remains low.

More specifically, contaminated samples can be
modeled as a mixture of two latent generation
states: the memory-adhering state (Z = M) dom-
inated by training memorization, and the uncon-
strained perturbation-drift state (Z = U). Let
v = Pr(Z = M), ny = Pr(Z = U), with
v + 7y = 1. Then,

= TppM + TURY, (8)

Var(X) = ma (03, + (uar — p)?) +
v (o + (hw — 1)?) -

Here, 1137 and py denote the expectations under
the memory and drift states, respectively. Since
the memory state relies on templates encountered
during training, its synthetic difficulty is generally
lower than that of the drift state, i.e., pps > py em-
pirically. By the decomposition of within-group
and between-group variance, if the two states dif-
fer substantially in expectation, the overall vari-
ance of the mixture will exceed that of a single dis-
tribution. This theoretical grounding demonstrates
the effectiveness of our method in distinguishing
contaminated from uncontaminated samples.

€))

5 Experiments

In this section, we simulate a variant-
contamination scenario based on the constructed
variant dataset (see Section 3.2) and perform
a comprehensive evaluation of our method
against a range of baseline approaches under
this setting.We exclude closed-source models
from our study because they are not practically
trainable/fine-tunable, making it difficult to sim-
ulate the variant-contamination setting. Detailed
experimental configurations are provided in Sec-
tion 5.1, large language model fine-tuning details
are described in Section A.1, and the experimental
results are reported in Section 5.2.

5.1 Experimental Setup

Model selection: To comprehensively assess the
robustness of our variant-contamination detec-
tion method, we compare models along mul-
tiple dimensions: parameter scale (Qwen2.5-
1.5B-Instruct (Team, 2024), Qwen2.5-3B-Instruct
(Team, 2024), Qwen2.5-7B-Instruct (Team, 2024),
Qwen2.5-32B-Instruct (Team, 2024)), architec-
ture (Qwen2.5 vs. Llama3.1 (Dubey et al.,
2024)), and fine-tuning strategy (full-parameter
fine-tuning vs. LoORA fine-tuning).

Baselines: To validate the effectiveness of our
method, we compare it with the following base-
lines: 1)Embedding Similarity (Dong et al., 2024):
computes the similarity between answers using
embeddings produced by the base model; 2)Per-
plexity (Li et al., 2023): computes the perplexity
of the original answer given the prompt; 3)Min-
k% Probability (Shi et al., 2023): computes the av-
erage probability over the lowest k% token prob-
abilities of the original answer given the prompt;
4 Min-k%++ Probability (Zhang et al., 2025): an
enhanced variant of Min-k%, which normalizes
and calibrates token log-probabilities using statis-
tics (mean and standard deviation) of the class dis-
tribution over the model vocabulary, and takes the
average over the lowest k% calibrated scores as
the detection score; 5)CDD (Dong et al., 2024):
measures the sharpness of the output distribution
via edit distance; 6)ZIib (Zhang et al., 2025): com-
putes the Zlib compression entropy of the origi-
nal answer given the prompt; 7)Loss (Zhang et al.,
2025): computes the loss of the original answer
given the prompt. The hyperparameters specific
to our method were set as follows: the number of
minimum-probability tokens k was fixed at 20, and
the number of samples N was set to 50.

5.2 Experimental Results

We evaluate the performance of our proposed
method, DVD, against several baselines on two
distinct datasets: Omni-MATH and SuperGPQA.
The results, measured by AUC, are summarized
in Tables 2 and 3. Across all settings, DVD con-
sistently and significantly outperforms all baseline
approaches, demonstrating superior detection ac-
curacy and cross-domain robustness.

Superiority Over Log-Probability and Loss-
Based Baselines: Traditional detection methods
such as Loss, Perplexity, and Zlib exhibit highly



Method

Omni-MATH

Qwenl.5B Qwen3B Qwen7B Qwen32B Qwenl.5B Qwen3B Qwen7B Qwen32B

Min-K%++ 0.694 0.693 0.680
CDD 0.494 0.495 0.512
Min-K 0.538 0.560 0.572
Perplexity 0.544 0.549 0.557
Loss 0.626 0.637 0.650
Zlib 0.573 0.576 0.583
EM 0.521 0.506 0.533
DVD (Ours)  0.744 0.747 0.734

SuperGPQA
0.681 0.422 0.463 0.435 0.436
0.507 0.496 0.504 0.518 0.503
0.578 0.501 0.492 0.511 0.539
0.556 0.517 0.520 0.513 0.517
0.635 0.404 0.406 0.408 0.409
0.581 0.425 0.430 0.428 0.427
0.505 0.531 0.529 0.524 0.521
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

Qwenl.5B Qwen3B Qwen7B Qwen32B Qwenl.5B Qwen3B Qwen7B Qwen32B

SuperGPQA
0.608 0.415 0.456 0.364 0.369
0.507 0.520 0.517 0.584 0.600
0.536 0.497 0.519 0.414 0.341
0.557 0.478 0.495 0.404 0.370
0.563 0.379 0.372 0.334 0.333
0.550 0.409 0.400 0.378 0.376
0.563 0.580 0.594 0.599 0.712
0.715 0.674 0.737 0.700 0.751

Min-K%++ 0646 0621  0.648
CDD 0.501 0.503 0513
Min-K 0.549 0505  0.531
Perplexity 0572 0543 0.567
Loss 0572 0556  0.567
Zlib 0549 0542 0.550
EM 0.590  0.608  0.544
DVD (Ours)  0.771 0745  0.731

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.
For instance, while the Loss method achieves mod-
erate results on Omni-MATH (e.g., AUC of 0.626
to 0.664 in Table 2), its performance deteriorates
sharply on the SuperGPQA dataset, with AUC val-
ues significantly below the random-chance thresh-
old of 0.5 (e.g., 0.333 to 0.409 in Table 3). Impor-
tantly, an AUC below 0.5 indicates that the models
predictions are systematically inverted relative to
the true labels. Specifically, samples with higher
loss are more likely to be incorrectly classified as
clean, while those with lower loss are misidenti-
fied as contaminated. Similarly, Perplexity and
Zlib yield AUCs consistently in the range of 0.4 to
0.5 on SuperGPQA, reflecting a similar tendency
to produce judgments that contradict the actual
contamination status. This clearly demonstrates
that simple likelihood- or compression-based met-
rics are highly sensitive to data distribution and
training configurations, lacking not only robust-
ness but also the basic reliability required for ef-
fective detection of variant contamination.

Analysis of Min-K and Min-K%++: The Min-
K and Min-K%++ methods, which focus on the
likelihood of the least probable tokens, show a

specialized but fragile advantage. Min-K%++ is
the strongest baseline on the Omni-MATH dataset,
achieving AUCs between 0.608 and 0.694. How-
ever, its effectiveness diminishes on SuperGPQA,
where it drops as low as 0.278 (Table 3). This in-
dicates that while focusing on outlier token proba-
bilities helps in structured mathematical domains,
it fails to generalize to complex, semantic-heavy
reasoning tasks where the "variant" nature of the
data is not captured by local token statistics.

Comparison with Distributional and Similar-
ity Measures: We also compared our method
against CDD (based on edit distance) and
Embedding-similarity. ~ CDD consistently per-
forms near the level of random guessing (AUC
~ 0.50) on Omni-MATH, suggesting that surface-
level text fluctuations are insufficient for detec-
tion in diverse mathematical contexts. On Su-
perGPQA, CDD improves slightly (up to 0.600)
but remains uncompetitive. Embedding-similarity
proves to be a more robust baseline, particularly
on SuperGPQA where it achieves AUCs between
0.521 and 0.712. Nevertheless, it still lags behind
DVD by a significant margin. This confirms that
while semantic similarity captures some distribu-



tional shifts, it cannot match the discriminative
power of DVDs difficulty-fluctuation modeling.

Effectiveness Under Different Fine-tuning
Regimes: The experimental results across Full
Fine-tuning (1 epoch) and LoRA (10 epochs)
highlight DVD’s versatility. In the challenging
10-epoch LoRA setting on Omni-MATH (Table 3),
DVD achieves an AUC of 0.771 on Qwen-1.5B,
while the next best baseline (Min-K%++) only
reaches 0.646. Even when the model is heav-
ily fine-tuned, DVD effectively captures the
"synthetic difficulty” signatures that distinguish
contaminated variants from clean data.

5.3 Ablation Study
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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-
tures: Our method exhibits remarkable stability
across different model sizes (from Qwen-1.5B to
32B) and architectures (Qwen and Llama). As
shown in Table 2, DVD maintains high AUCs
(0.667-0.747) regardless of the parameter count.
Notably, on the Llama-8B model, DVD consis-
tently provides a substantial gain over the best
baselines (shown in Figure 4). While other meth-
ods like Min-K%++ or Embedding-similarity fluc-
tuate wildly depending on the model scale, DVDs
performance remains consistently high, validating
its architecture-agnostic nature.

Robustness of DVD Across Training Epochs
and Model Scales: As shown in Figure 4, each
data point represents the average result over ten
independent runs to mitigate the influence of ran-
domness. DVD demonstrates consistently high ro-
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Figure 4: Average performance of the DVD method
across different epochs.

bustness across different training epochs. When
evaluated on various instruction tuned large lan-
guage models, including the Qwen2.5 series and
Llama3.1-8BInstruct, DVD achieves strong AUC
scores for detecting model variant contamination
as early as the initial training stages. Moreover,
detection performance generally improves with in-
creasing model scale; for instance, Qwen2.5 32B
Instruct attains a higher and more stable AUC. Col-
lectively, these results indicate that DVD exhibits
consistent and reliable detection capability across
models of varying sizes and architectures, as well
as across different training epochs.

6 Conclusion

This work systematically uncovers the overlooked
problem of variant contamination in large lan-
guage models, establishes the first benchmark ded-
icated to this issue, and proposes DVD as a princi-
pled solution. DVD effectively identifies contam-
inated samples by modeling fluctuations in syn-
thesis difficulty across multiple generations, sig-
nificantly outperforming conventional approaches
based on log probability, distributional proper-
ties, and similarity metrics. Evaluated on the
proposed benchmark, which encompasses Omni-
MATH and SuperGPQA, DVD demonstrates con-
sistently high accuracy and strong cross-domain
robustness across diverse training configurations
and model scales, offering a reliable tool to mit-
igate contamination risks and enable fairer, more
trustworthy evaluation of large language models.



7 Limitation

For tasks with open-ended answers, underspec-
ified problem statements, or multiple valid rea-
soning paths, temperature sampling naturally in-
duces greater output diversity, thereby elevating
the baseline level of variance in the generation
distribution. As a result, when comparing DVD
scores across tasks or domains, it is generally nec-
essary to adopt unified prompt templates, length
constraints, and decoding configurations, and to
apply task- or category-specific calibration or rela-
tive scoring schemes to ensure interpretability and
comparability. Moreover, because DVD derives
its signal from local uncertainty fluctuations in
low-probability tokens, it is sensitive to genera-
tion length, stopping criteria, and answer formats,
all of which can alter the composition and pro-
portion of tail tokens and thus affect the stability
of synthetic difficulty estimation. At a practical
level, DVD constructs a local generation distribu-
tion via repeated sampling, which necessitates bal-
ancing the number of samples against detection
stability in environments with limited query bud-
gets or restricted access. Finally, the benchmark
construction and contamination simulation in this
work rely primarily on LLM-generated and LLM-
filtered semantic variants injected through fine-
tuning; while this setup is reproducible and well
controlled, variant contamination in real pretrain-
ing corpora may arise from more diverse sources-
such as cross-domain reuse, templated rewrit-
ing, heterogeneous annotation styles, or retrieval-
augmented pipelineswhose behavioral signatures
and decision boundaries warrant further system-
atic characterization in future work.
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A Appendix

A.1 Fine-tuning -details

To emulate variant contamination, we fine-tune
the above models on our constructed variant-
contamination dataset. To model resource-
constrained scenarios, we adopt LoRA for
parameter-efficient adaptation; this training is con-
ducted on a single NVIDIA A800 GPU with the
following settings: LoRA rank 8; Adam optimizer;
10 training epochs; initial learning rate 1ed; a co-
sine learning-rate scheduler with a warmup ratio
of 0.1; per-GPU batch size 2; gradient accumu-
lation steps 1; and bfloat16 precision. To model
quality-prioritized scenarios, we additionally per-
form full-parameter fine-tuning on two NVIDIA
A800 GPUs, using: Adam optimizer; 1 training
epoch; initial learning rate 1eb; a cosine learning-
rate scheduler with a warmup ratio of 0.1; per-
GPU batch size 2; gradient accumulation steps 1;
and bfloat16 precision

A.2 Hyperparameter Sensitivity Analysis

To evaluate the sensitivity of the proposed DVD
method to the key hyperparameter M (i.e.,
the minimum number of low-probability tokens
considered when calculating the synthetic diffi-
culty), we conducted extensive experiments on the
Qwen2.5-3B-Instruct model and the Omni-MATH
variant dataset. The experimental results (Fig-
ure 5) reveal both the effectiveness and moderate
sensitivity of the method to M.

Strong Performance with a Clear Optimal
Region The detection performance of the DVD
method, measured by ROC AUC, peaks at 0.751
when M = 22. Notably, even at nearby values-
such as M = 20 (AUC = 0.747)performance re-
mains high, indicating a well-defined and broad
performance peak rather than extreme fragility.
Across the full tested range (approximately M =
5to M = 35), AUC scores stay consistently above
0.58 and reach a maximum of 0.751, demonstrat-
ing that the method is effective over a wide hyper-
parameter regime.

Presence of a High-Performance Interval Al-
though the curve is not completely flat, a ro-
bust high-performance interval exists around
M € [18,26], where AUC remains above
0.74. This suggests that while fine-tuning M
can yield marginal gains, users can still achieve
near-optimal detection performance by selecting
M within this practical intervalavoiding the need
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for exhaustive search while maintaining strong re-
sults.

Clear Advantage Over Baseline Methods
Critically, even the lower end of the observed
AUC range (e.g., ~0.58 at extreme M values) is
comparable to or exceeds the performance of base-
line methods such as Min-K%-++ Prob (0.693),
Perplexity (0.549), and CDD (0.495). More im-
portantly, the peak performance (0.751) substan-
tially outperforms all baselines, confirming that
the DVD methods superiority is both significant
and realizable with reasonable hyperparameter
choices.

Theoretical Interpretation The unimodal
shape of the AUC curve aligns with the underly-
ing mechanism of DVD:

* When M is too small (e.g., M < 15), the syn-
thetic difficulty is estimated from too few to-
kens, leading to high variance and unreliable
detection signals.

* When M is too large (e.g., M > 30), the
inclusion of medium-probability tokens di-
lutes the signal from truly “difficult” (low-
probability) tokens, slightly degrading dis-
criminative power.

* Around M = 22, the method strikes an opti-
mal balancecapturing enough low-probability
tokens for stable variance estimation while
avoiding noise from less informative tokens.

This behavior reflects a principled trade-off in-
herent in the design of DVD, rather than arbi-
trary sensitivity. The existence of a clear, high-
performing region further supports the methods
practical utility.

A.3 Case Study

The three representative cases examined above
provide a mechanistic explanation for the macro-
scopic performance trends observed in Figure 6.
They demonstrate that the effectiveness of a de-
tection method is not arbitrary but is determined
by the intrinsic alignment between its underly-
ing mechanism and the nature of the contami-
nation. The superior performance of our DVD
method stems from its unique capacity to probe
the model’s internal "cognitive state,” enabling it
to penetrate surface-level textual variations and
identify the essential signal of memorization.
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Figure 5: The DVD method demonstrates remarkable robustness across a wide range of hyperparameters.

A.3.1 Deeply Transformed Variants

Cases 1 and 2 represent deeply transformed vari-
ants where all four transformation methods (en-
tity substitution, scenario conversion, etc.) are ap-
plied. Although the surface forms are completely
different, such as changing "students" to "partici-
pants" and completely altering the narrative order,
the core semantics remain consistent.

Sampling and Output-Matching-Based
Methods , such as CDD, perform poorly is that
they rely on surface form matching and fail to
effectively capture deep logical equivalence. In
Case 1, there is a significant surface difference
between the original and variant problems, such
as from "16 students took part in a competition" to
"A group of sixteen participants joined a contest."
Although the core semantics of the two problems
remain consistent, the surface text changes signifi-
cantly. The CDD method detects based only on
surface symbol similarity, and when faced with
surface-level changes (such as replacing some
vocabulary or altering the narrative structure),
CDD fails to recognize the deep similarities
between these problems. CDD misjudges this
surface difference as "output inconsistency,"
resulting in detection failure.

Perplexity-Based Methods perform poorly
when faced with surface-level changes or struc-
tural perturbations, because they are highly sen-
sitive to changes in the surface form of the text.
These methods typically assess whether a model
has memorized certain samples by measuring
the perplexity of low-probability tokens. How-
ever, perplexity-based methods mainly rely on the
model’s confidence in generating known samples,
neglecting the deeper semantics of the text. In
Case 2, when the original problem is changed in
variant names and narrative order (e.g., replacing
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1,7 with m,n), this change does not fundamen-
tally alter the mathematical structure of the prob-
lem, but the perplexity method may mistakenly
classify it as non-memorized due to the model’s
lower confidence in generating these changes.

The DVD method is successful by probing the
internal cognitive state of the model during genera-
tion, rather than analyzing the output text. Despite
the surface differences, the model has memorized
the core logical template for solving these prob-
lem types. When generating answers, it exhibits
high confidence at the key reasoning steps and fi-
nal answer. This results in low and stable "con-
stitutive difficulty” values across samples, leading
to a high variance score. Thus, DVD effectively
detects contamination by identifying the model’s
familiarity with the underlying mathematical struc-
ture, bypassing surface-level noise.

A.3.2 Simply Transformed Variants

Case 3 is a simple variant that involves only entity
substitution and numerical rewriting. The math-
ematical problem (an application of the Cauchy-
Schwarz inequality) remains identical, with only
the variable names and the scenario changed.

Sampling and Output-Matching-Based
Methods, CDD, success was achieved in Case 3
because of the high text and semantic similarity
between the original and variant problems, with
only a few differences in specific phrases and
variant names.

Perplexity-Based Methods perform poorly
when facing surface-level changes or structural
perturbations. Among multiple methods, only Em-
bedding Similarity successfully identified the con-
tamination, highlighting their fragility. Changes
in specific tokens (variables, numbers) are suffi-
cient to alter the probability distribution. For ex-
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Variant Problem

A group of sixteen participants joined a
contest where all the questions were of
multiple-choice format. Each question had
four possible answers. It was stated that no
two participants had more than one answer in
common. What is the largest possible number

In a six by six grid, find, with proof, the
largest integer \\(k\\) such that you can color
six thousand \\(k\\) squares, ensuring that for
any selection of three distinct rows \\(R_1,
R_2, R_3\\) and three distinct columns \
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Figure 6: Compare the effectiveness of different detection methods on different variants

ample, changing a,b,c,d,e to z,y, 2, w,v, and
changing 8 and 16 to 10 and 20. These spe-
cific token changes are enough to significantly al-
ter the models computation of the probability dis-
tribution of the entire sequence. The model has
seen a + b+ ¢+ d + e = 8, but has not seen
r + 1y + 2+ w4+ v = 10, so it perceives the latter
sequence as having a slightly lower probability.

The DVD method performs excellently in
such a simple entity substitution scenario, further
demonstrating that by probing the models internal
cognitive state during generation, our method ef-
fectively identifies and captures deep logical struc-
tures and semantic consistency.

A.4 Statistical Evidence for Generation
States: Memory Adherence and
Perturbation Drift

This section provides the detailed statistical and
experimental foundation for introducing the core
generation states: Memory Adherence and Per-
turbation Drift. These states are not theoreti-
cal assumptions but stable, objectively observed
modes of behavior resulting from a systematic sta-
tistical analysis of the model’s generation process
on contaminated and uncontaminated samples.
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Experimental Setup

To quantify the model’s generation mechanism,
we performed multiple repeated samplings for 100
randomly selected samples (including both con-
taminated and clean examples) at a fixed sampling
temperature 7 (e.g., T 0.8). The primary sta-
tistical quantity analyzed is the distribution of the
log-likelihood of the sum of K-min token at each
generation step. This distribution characterizes the
model’s propensity to generate tokens with vary-
ing degrees of confidence and quality.

Bimodal Structure in Contaminated Samples

As shown in 7, for samples subject to variant
contamination, the distribution of the sum of K-
min token log-likelihood consistently exhibits a
pronounced and repeatable bi-modal structure.
This characteristic structure is direct evidence that
the model’s generation process, when exposed to
contamination, is not governed by a single random
mechanism but dynamically switches between two
distinct modes.

The analysis of the bi-modal structure reveals
the following:

1. The First Peak (High-Confidence Region):
This peak is consistently located in the
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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.

2.

higher log-likelihood region. It corresponds
to generation where the model selects high-
probability, high-confidence tokens. This be-
havior indicates that the model is adhering to
answer fragments, linguistic patterns, or
templates encountered during training. We
define this as the Memory Adherence State.

The Second Peak (Low-Confidence Re-
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gion): This peak resides in the lower log-
likelihood region, corresponding to the selec-
tion of low-probability, high-randomness to-
kens. This mode suggests the model has de-
viated from the memory track and entered
a more explorative, lower-confidence genera-
tion space, which we term the Perturbation
Drift State.



The bi-modal distribution directly proves that the
model dynamically alternates between leveraging
specific, strong memory structures and engaging
in randomized, exploratory sampling on the same
contaminated inputs.

Unimodal Structure in Uncontaminated
Samples

In stark contrast, uncontaminated (clean) samples,
used as a control, consistently exhibit a single,
smooth, and approximately Gaussian distribu-
tion (Figures 8).

The unimodal nature confirms that the model
is following a consistent, intrinsic random gen-
eration mechanism without the disruptive influ-
ence of strong, pulling memory structures. The
absence of a secondary peak supports the hypoth-
esis that state-switching behavior is unique to con-
taminated data.

A.5 Performance of the DVD method on the
Llama architecture compared to other
baselines.

Figures 9 reports AUC on the Llama backbone
across two benchmarks (Omni-Math and SuperG-
PQA) under both full fine-tuning and LoRA. Over-
all, DVD achieves the best or near-best perfor-
mance in all settings and exhibits the most consis-
tent gains. In contrast, baselines such as perplex-
ity, Min-K%, CDD, and Zlib vary substantially
across datasets and fine-tuning regimes, indicat-
ing weaker robustness. These results suggest that
DVD provides a more reliable detector of variant
contamination and generalizes better across train-
ing setups.

A.6 Significance testing experiments of the
DVD method against other baselines

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-
tion detection performance of the proposed DVD
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method against various existing baselines on two
challenging benchmarks, Omni-MATH and Su-
perGPQA, using the Qwen2.5-7B-Instruct model.
The table also reports the confidence levels (col-
umn “Conf”) from paired significance tests be-
tween DVD and each baseline. The results show
that DVD significantly outperforms all competing
methods on this model: it achieves an AUC of
0.731+£0.013 on Omni-MATH and 0.700£0.0016
on SuperGPQA. The reported margins of error
(standard deviations) are computed over 10 inde-
pendent runs with different random seeds.

A.7 Prompt

Figures 11 and 10 show the prompts used in our
data construction pipeline: Figure 11 is the prompt
for generating semantic variations, and Figure 10
is the prompt for rejection sampling.

-~

Please determine whether the following variant statement is logically
correct and free of obvious errors:

Variant statement: [Variant statement content]
Next, please assess whether the variant statement is logically
equivalent to the original statement and whether it shares the same
core solution space:

Original statement: [Original statement content]

Variant statement: [Variant statement content]
Finally, respond with either "yes" or "no." If any part of the judgment
\Us "no," the final output should be "no." )

Figure 10: The prompt for rejection sampling



You will be provided with a problem in JSON format, with each item separated by a newline.
Please generate 4 different variants of the given problem using the following methods:
1.Entity substitution: Replace referents, variable names, and object categories while
maintaining consistency in type and context.
2.Scenario transformation: Alter the background setting and narrative context, preserving
logical dependencies and constraint structures.
3.Numerical rewriting: Resample parameters under solvability constraints and update
derivations and intermediate values for consistency.
4.Narrative structure transformation: Rearrange syntax or rewrite step-by-step analysis
into a paragraph-style narrative while preserving semantic meaning.
Your response should consist only of newline-delimited JSON format text.

Figure 11: The prompt used to generate variations
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