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Abstract

Large language model (LLM) evaluation is
increasingly confounded by variant contam-
ination: training corpora contain semantically
equivalent but lexically or syntactically altered
test items. These variants can evade detectors
based on sampling consistency or perplexity,
inflating benchmark scores through memoriza-
tion rather than reasoning. We formalize this
problem and introduce DVD (Detection via
Variance of generation Distribution), a detector
requiring only the test item, without external
reference corpora or paired contaminated/clean
sets. DVD models the local output distribution
through repeated temperature sampling. Our
key insight is that contaminated items alternate
between memory-adherence and perturbation-
drift states, producing unusually high variance
in the synthetic difficulty of low-probability to-
kens, whereas uncontaminated items remain in
drift with comparatively stable difficulty val-
ues. We construct the first dedicated variant-
contamination benchmark across Omni-MATH
and SuperGPQA by generating and filtering
semantically equivalent variants, and simu-
late contamination by fine-tuning Qwen2.5
and Llama3.1 models of different scales. In
most evaluated settings across datasets, model
scales, architectures, and training configura-
tions, DVD outperforms perplexity-based, Min-
k%++, edit-distance (CDD), and embedding-
similarity baselines, while showing strong ro-
bustness to hyperparameters. These results sup-
port generation-distribution variance as a prin-
cipled and practical signal for detecting variant
contamination, helping improve the reliability
of LLM evaluation.

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 identi-
fication task. In the figure, an AUC value below 0.5
indicates that the model’s predictions are inversely cor-
related 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 impres-
sive performance relies heavily on massive web-
scale corpora, which has brought a long-standing
challenge into sharper focus: data contamination
(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 contamination refers to unin-
tended overlap between training data and evalua-
tion benchmarks, which severely undermines the
validity of empirical evaluation (Cheng et al., 2025).
Such overlap can create an illusion of strong gen-
eralization and mislead research progress. When
contaminated models are deployed in scientific in-
vestigations or real-world applications, their la-
tent biases and hidden flaws may lead to incor-
rect scientific conclusions or catastrophic decisions,
ultimately hindering technological advancement
(Sainz et al., 2023).

With the widespread adoption of large-scale
data augmentation and synthetic data generation
(e.g., GPT-4o), a more subtle and potentially more
dangerous form of contamination has gradually
emerged, namely variant contamination. Variant
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contamination occurs when training data contains
instances that are semantically equivalent to bench-
mark questions but have been rewritten at the lexi-
cal or structural level. This general phenomenon of
test-set variations bypassing string-matching-based
decontamination has previously been noted in the
context of rephrased or translated benchmark sam-
ples (Yang et al., 2023); our work formalizes vari-
ant contamination as a distinct detection task and
focuses specifically on identifying such contami-
nation after it has occurred, through the model’s
generation behavior, rather than on decontaminat-
ing training corpora beforehand. 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 contami-
nated datasets yields striking results: even when the
training data contains only variants (with no exact
duplicates), models can still achieve significantly
inflated accuracy on the evaluation benchmarks.
More importantly, widely used contamination de-
tection methods fail in this setting and exhibit unsta-
ble performance (Figure 1). Existing approaches,
such as perplexity-based metrics, Min-K%, and
CDD, primarily rely on shallow surface-level fea-
tures, including token probability distributions, em-
bedding similarity, or surface perplexity patterns.
However, prior work has shown that LLMs can be
highly sensitive to minor phrasing changes, often
leading to substantially different response behav-
iors (Lunardi et al., 2025; Sclar et al., 2023; Zhao
et al., 2024). Consequently, in the variant contami-
nation scenario, although the questions are seman-
tically equivalent to the benchmarks, their carefully
restructured surface forms weaken these shallow
cues, making it difficult for existing methods to
capture the true behavioral differences exhibited
by models. This observation is consistent with our
empirical findings.

To address these limitations, we propose DVD
(Detection via Variance of generation Distribution),
a variant contamination detection method based on
the variance of generation distributions. DVD di-
rectly 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 pat-
terns in the model’s uncertainty space. For uncon-
taminated questions, genuine reasoning processes
typically produce relatively stable and smooth vari-
ance in the output distribution. In contrast, for con-
taminated questions, models frequently alternate
between a high-confidence memorization regime
and a low-confidence exploratory reasoning regime,
resulting in pronounced distributional differences
in the generation variance (Figure 2). By exploit-
ing these dynamic behavioral differences, DVD is
able to penetrate surface-level reformulations and
directly identify contamination-induced anomalies,
enabling robust and effective detection in the highly
challenging variant contamination setting.

Extensive experiments demonstrate that DVD
outperforms baseline methods in most evaluated
settings across datasets, domains, and model scales.
For example, on SuperGPQA, DVD improves
AUC by up to 0.239 over the strongest baseline
in the corresponding setting (embedding similarity
for Qwen2.5-1.5B-Instruct with full fine-tuning),
while maintaining stable performance across model
sizes from 1.5B to 32B parameters, as well as
across both Qwen and Llama architectures. These
results collectively establish DVD as a robust and
efficient solution to the overlooked yet critical prob-
lem 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 variant
generation and filtering, this benchmark enables
rigorous, reproducible evaluation of contamination
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 generation
behavior. By analyzing the variance of output dis-
tributions across multiple stochastic decoding runs,
DVD captures anomalous fluctuations exhibited by
models on contaminated queries, effectively pen-
etrating surface-level paraphrasing to detect vari-
ant contamination. Experiments show that DVD
outperforms existing methods in most evaluated
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settings across models, scales, and domains, while
remaining highly robust to decoding hyperparame-
ters.

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 reference
answers, or on detecting anomalous patterns within
the output distribution. Representative works in-
clude reference-instance matching based on over-
lap measures (Golchin and Surdeanu, 2023); LLM-
based decontamination that flags rephrased or trans-
lated benchmark samples missed by n-gram over-
lap (Yang et al., 2023); the CDD method, which
conducts multiple random samplings alongside one
greedy decoding 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 (Khan-
delwal et al., 2019); and the DCQ method, which
compares model preferences between original in-
puts and their perturbed variants to identify contam-
ination (Golchin and Surdeanu, 2025). Moreover,
membership inference has also been applied in this
context, where the loss difference between a target
sample and synthetic neighbors serves as an indica-
tor of contamination (Mattern et al., 2023). Overall,
these methods are effective for detecting verbatim
memorization, yet remain limited by their reliance
on shallow surface-level measures.

Perplexity-Based Methods In contrast to
sampling-and-matching-based approaches, another
class of methods focuses on detecting contami-
nation through the abnormally high confidence
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 model’s ability to recall the
order of training samples itself constitutes 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 structural

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 sim-
ilarity measures or overall perplexity levels. Al-
though CDD also relies on multiple samplings to
construct an output distribution, its core remains re-
stricted to edit-distance-based comparisons, failing
to capture the true probabilistic dynamics underly-
ing text generation. In contrast, DVD employs tem-
perature sampling to generate multiple responses
and systematically analyzes the variance of low-
probability tokens, defined as synthetic difficulty.
The key insight is that contaminated samples al-
ternate between a "memorization-dependent state"
and a "perturbation-drift state“ resulting in substan-
tially higher variance across generations. Uncon-
taminated samples, by contrast, remain consistently
in the drift state, with variance reflecting only nat-
ural noise. By incorporating variance decomposi-
tion into a mixture-distribution framework, DVD
fundamentally 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
contamination 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 variants
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 x 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:

v = τ(x), such that f(v) = f(x), (1)
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Figure 2: Our Method Pipeline

where τ is a transformation preserving the core
semantics of x. If such a variant v appears in the
training corpus of model M , we say that M is con-
taminated on test instance x. Importantly, unlike
exact duplicates, variants may differ substantially
from x in vocabulary, phrasing, or narrative struc-
ture, while remaining equivalent in required knowl-
edge, logical dependencies, and trajectory.

The goal of the VCD task is thus to reliably iden-
tify, within a model’s test set, which instances x
have been subject to contamination by semantically
equivalent variants present in training.

3.2 Benchmark Construction

Variant contamination commonly arises in the con-
text of data augmentation. To systematically eval-
uate the extent of variant contamination in large
language models (LLMs), we construct a dedicated
benchmark dataset. The construction leverages
mainstream data augmentation techniques (Shorten
and Khoshgoftaar, 2019; Shorten et al., 2021; Ma-
harana 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-4o (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-
lem–solution 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-4o (Hurst et al., 2024) is
employed to generate gold-standard answers. This
ensures each problem is paired with a reference
solution, forming the foundation for subsequent
variant generation. Formally, given the training set:

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

we take (xi, yi) as input in preparation for generat-
ing corresponding variants.

Variant Generation In this stage, we adopt main-
stream data augmentation techniques (Shorten and
Khoshgoftaar, 2019; Shorten et al., 2021; Maha-
rana et al., 2022) to generate a set of semantically
equivalent variants (xv, yv) for each original prob-
lem (see Table 1 and Figure 12). Specifically, we
define a transformation set:

T = {Tent, Tscn, Tnum, Tnar}, (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:

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

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

(4)

To guarantee semantic equivalence and correctness,
rejection sampling is applied during generation (see
Figure 11), with GPT-4o providing high-quality
candidate variant answers.

29369



Variant Filter Finally, GPT-4o is employed as
a filter to conduct quality control over the gener-
ated variants (Liu et al., 2025). The filtering proce-
dure consists of two steps: first, checking whether
the information remains unchanged; second, per-
forming a quality evaluation of the solution. Only
when both conditions are satisfied is the variant pair
(xv, yv) 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.

4 Method

This paper proposes a method named DVD
(Detection via Variance of generation Distribution)
grounded in modeling the distribution of model
outputs. The core idea is to generate multiple re-
sponses under a fixed prompt using temperature
sampling, thereby capturing fluctuations in low-
probability regions of the model’s output distribu-
tion. 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 templates internalized during
training. The second is perturbation drift, where
generation is primarily driven by stochastic pertur-
bations introduced by temperature sampling, lead-
ing to free-form exploratory outputs. Memory ad-
herence reflects the model’s 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
samples, 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 contami-
nation detection criterion.

4.1 Temperature Sampling

For each test sample xi, we apply temperature sam-
pling at test time under a fixed prompt p to generate
N candidate responses {a(1)i , a

(2)
i , . . . , a

(N)
i }, in-

dexed by generation index n ∈ {1, . . . , N}. Each

response is concatenated with the prompt to form
the complete input:

s
(n)
i = (p, a

(n)
i ). (5)

Temperature sampling introduces stochastic per-
turbations, enabling the collection of diverse out-
puts for the same test sample. In uncontaminated
cases, generation consistently remains in a pertur-
bation drift state, and temperature perturbations do
not alter the statistics of low-probability tokens. In
contaminated cases, however, generation alternates
between memory adherence and perturbation drift.
Temperature perturbations amplify the disparity
between template-based and non-template-based
responses, causing tail tokens to exhibit more pro-
nounced fluctuations.

4.2 Synthetic Difficulty Modeling
To quantify such fluctuations, we define the notion
of synthetic difficulty. For each sequence s

(n)
i ,

we select the K least probable tokens in the re-
sponse (with K a fixed hyperparameter, distinct
from the generation index n), and average their
log-likelihoods:

D
(n)
i =

1

K

K∑︂

j=1

logPθ

(︂
t(j) | s(n)i

)︂
. (6)

Note that the normalization is by K, the number
of least-probable tokens actually summed, rather
than by the full response length T

(n)
i ; this keeps

D
(n)
i a proper per-token average over exactly the

tail tokens used in the summation.
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, D(n)

i varies markedly
across generations due to the alternation between
memory adherence and perturbation drift. If uncon-
taminated, tail probabilities primarily reflect noise,
yielding relatively stable values of D(n)

i across mul-
tiple generations.

Given the synthetic difficulty set
{D(1)

i , D
(2)
i , . . . , D

(N)
i }, we define the DVD

indicator as their sample variance over the N
generations:

DVDi =
1
N

∑︁N
n=1

(︂
D

(n)
i −Di

)︂2
,

Di =
1
N

∑︁N
n=1D

(n)
i .

(7)
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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 inter-
mediate values for consistency.

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

This indicator characterizes the fluctuation of syn-
thetic difficulty. According to the variance decom-
position principle for mixture distributions, if a
test sample is contaminated, the distribution of syn-
thetic difficulty can be regarded as a mixture of
memory states and drift states, which differ in ex-
pectation, 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
πM = Pr(Z = M), πU = Pr(Z = U), with
πM + πU = 1. Then,

µ = πMµM + πUµU , (8)

Var(X) = πM
(︁
σ2
M + (µM − µ)2

)︁
+

πU
(︁
σ2
U + (µU − µ)2

)︁
.

(9)

Here, µM and µU 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., µM > µU

empirically. By the decomposition of within-group
and between-group variance, if the two states differ
substantially in expectation, the overall variance
of the mixture will exceed that of a single distri-
bution. This theoretical grounding demonstrates
the effectiveness of our method in distinguishing
contaminated from uncontaminated samples.

4.3 Empirical Evidence for the Two-State
Model

The mixture-distribution argument above rests on
an empirical premise: that contaminated and un-
contaminated samples actually induce different
generation-state structures. We verify this directly.
For 100 randomly selected samples (contaminated

and clean in equal proportion), we repeatedly sam-
ple at a fixed temperature (τ = 0.8) and exam-
ine the resulting distribution of synthetic difficulty
D

(n)
i at the population level (full protocol in Ap-

pendix A.5). As shown in Figure 3, contaminated
samples exhibit a pronounced, repeatable bi-
modal distribution—a high-confidence peak cor-
responding to the memory-adherence state Z = M
and a low-confidence peak corresponding to the
perturbation-drift state Z = U—while uncontam-
inated samples exhibit a single, smooth, approxi-
mately unimodal distribution. This bimodal-versus-
unimodal contrast is precisely the empirical signa-
ture predicted by the variance-decomposition argu-
ment in Eqs. 8–9: when µM ̸= µU and both states
occur with non-trivial probability (πM , πU > 0),
the between-state term inflates Var(X) for contam-
inated samples, whereas a single dominant state
keeps variance low for uncontaminated ones. We
also verify in Appendix A.2 that this signal is
robust to the choice of the tail-token count K,
with AUC remaining stable across a broad interval
K ∈ [18, 26].

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 base-
line approaches under this setting.We exclude
closed-source models from our study because they
are not practically trainable/fine-tunable, making
it difficult to simulate the variant-contamination
setting. Detailed experimental configurations are
provided in Section 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 detection
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Figure 3: Distribution of the synthetic-difficulty statistic (mean log-probability of the K least-probable tokens in
each response) over repeated temperature sampling. Contaminated samples (a) show a bimodal structure reflecting
alternation between the memory-adherence and perturbation-drift states; uncontaminated samples (b) show a single,
smooth mode. Full experimental protocol and additional discussion in Appendix A.5.

method, we compare models along multiple di-
mensions: 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)), architecture (Qwen2.5 vs.
Llama3.1 (Dubey et al., 2024)), and fine-tuning
strategy (full-parameter fine-tuning vs. LoRA 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 em-
beddings produced by the base model; 2)Perplexity
(Li et al., 2023): computes the perplexity of the
original answer given the prompt; 3)Min-k% Proba-
bility (Shi et al., 2023): computes the average prob-
ability over the lowest k% token probabilities of
the original answer given the prompt; 4)Min-k%++
Probability (Zhang et al., 2025): an enhanced vari-
ant of Min-k%, which normalizes and calibrates
token log-probabilities using statistics (mean and
standard deviation) of the class distribution 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 sharp-
ness of the output distribution via edit distance;
6)Zlib (Zhang et al., 2025): computes the Zlib com-
pression entropy of the original 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 to-
kens K (see Eq. 6) was fixed at 20, and the number
of generations 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. In most evaluated settings, DVD
outperforms all baseline approaches, demonstrat-
ing strong detection accuracy and cross-domain
robustness. An exception is full fine-tuning of
Qwen2.5-32B-Instruct on Omni-MATH, where
DVD achieves an AUC of 0.667 compared with
0.681 for Min-K%++ (Table 2).

Superiority Over Log-Probability and Loss-
Based Baselines: Traditional detection methods
such as Loss, Perplexity, and Zlib exhibit highly un-
stable performance across different scenarios. For
instance, while the Loss method achieves moder-
ate results on Omni-MATH (e.g., AUC of 0.626
to 0.650 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 0.379 in Table 3). Impor-
tantly, an AUC below 0.5 indicates that the model’s
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 ranging from 0.370 to 0.520 and
from 0.376 to 0.430, respectively, on SuperGPQA
across Tables 2 and 3. Perplexity performs near
chance or below chance depending on the setting,
whereas Zlib consistently performs below chance.
This clearly demonstrates that simple likelihood- or
compression-based metrics are highly sensitive to
data distribution and training configurations, lack-
ing not only robustness but also the basic reliability
required for effective detection of variant contami-
nation.

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
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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

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 0.364 (Table 3). This
indicates that while focusing on outlier token prob-
abilities 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 performs
near the level of random guessing (AUC ≈ 0.50)
on Omni-MATH, suggesting that surface-level text
fluctuations are insufficient for detection in diverse
mathematical contexts. On SuperGPQA, CDD
improves slightly (up to 0.600) but remains un-
competitive. Embedding-similarity proves to be
a more robust baseline, particularly on SuperG-
PQA where it achieves AUCs between 0.521 and
0.712. Nevertheless, it still lags behind DVD by a
significant margin. This confirms that while seman-
tic similarity captures some distributional shifts, it
cannot match the discriminative power of DVD’s

difficulty-fluctuation modeling.

Effectiveness Under Different Fine-tuning
Regimes: The experimental results across Full
Fine-tuning (1 epoch) and LoRA (10 epochs) high-
light 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 heavily
fine-tuned, DVD effectively captures the "synthetic
difficulty" signatures that distinguish contaminated
variants from clean data.

5.3 Ablation Study
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 base-
lines (shown in Figure 4). While other methods
like Min-K%++ or Embedding-similarity fluctuate
wildly depending on the model scale, DVD’s per-
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Figure 4: 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 10 of Ap-
pendix A.6.

formance remains consistently high, validating its
architecture-agnostic nature.
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Figure 5: Average performance of the DVD method
across different epochs.

Robustness of DVD Across Training Epochs and
Model Scales: As shown in Figure 5, each data
point represents the average result over ten indepen-
dent runs to mitigate the influence of randomness.
DVD demonstrates consistently high robustness
across different training epochs. When evaluated
on various instruction tuned large language mod-
els, 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 increasing
model scale; for instance, Qwen2.5 32B Instruct
attains a higher and more stable AUC. Collectively,
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.

Additional Validation. We further confirm
DVD’s generalization to multiple-choice QA
(MMLU-CF) and its robustness to sampling bud-
get, data dilution, and choice of variant-generation
model; full protocols are in Appendix A.3.

6 Conclusion

This work systematically uncovers the overlooked
problem of variant contamination in large language
models, establishes the first benchmark dedicated
to this issue, and proposes DVD as a principled
solution. DVD effectively identifies contaminated
samples by modeling fluctuations in synthesis dif-
ficulty across multiple generations, significantly
outperforming conventional approaches based on
log probability, distributional properties, and sim-
ilarity metrics. Evaluated on the proposed bench-
mark, which encompasses Omni-MATH and Su-
perGPQA, DVD demonstrates consistently high ac-
curacy and strong cross-domain robustness across
diverse training configurations and model scales,
offering a reliable tool to mitigate contamination
risks and enable fairer, more trustworthy evaluation
of large language models.

7 Limitations

For tasks with open-ended answers, underspeci-
fied problem statements, or multiple valid reason-
ing paths, temperature sampling naturally induces
greater output diversity, thereby elevating the base-
line level of variance in the generation distribu-
tion. As a result, when comparing DVD scores
across tasks or domains, it is generally necessary to
adopt unified prompt templates, length constraints,
and decoding configurations, and to apply task-
or category-specific calibration or relative scoring
schemes to ensure interpretability and comparabil-
ity. Moreover, because DVD derives its signal from
local uncertainty fluctuations in low-probability to-
kens, it is sensitive to generation length, stopping
criteria, and answer formats, all of which can al-
ter the composition and proportion of tail tokens
and thus affect the stability of synthetic difficulty
estimation. At a practical level, DVD constructs
a local generation distribution via repeated sam-
pling, which necessitates balancing the number of
samples against detection stability in environments
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with limited query budgets or restricted access. Fi-
nally, the benchmark construction and contamina-
tion simulation in this work rely primarily on LLM-
generated and LLM-filtered semantic variants in-
jected through fine-tuning; while this setup is repro-
ducible and well controlled, variant contamination
in real pretraining corpora may arise from more
diverse sources—such as cross-domain reuse, tem-
plated rewriting, heterogeneous annotation styles,
or retrieval-augmented pipelines—whose behav-
ioral signatures and decision boundaries warrant
further systematic characterization, dedicated de-
tection protocols, and broader empirical validation
in future work.

References
Josh Achiam, Steven Adler, Sandhini Agarwal, Lama

Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, and 1 others. 2023. Gpt-4 techni-
cal report. arXiv preprint arXiv:2303.08774.

Simone Balloccu, Patrícia Schmidtová, Mateusz Lango,
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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 1× 10−5; a
cosine 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 1 × 10−5; 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 K (i.e., the num-
ber of least-probable tokens considered when calcu-
lating the synthetic difficulty; see Section 5.1 and
Eq. 6, where we use the same symbol K for consis-
tency), we conducted extensive experiments on the
Qwen2.5-3B-Instruct model and the Omni-MATH
variant dataset. The experimental results (Figure 6)
reveal both the effectiveness and moderate sensitiv-
ity of the method to K.

Strong Performance with a Clear Optimal
Region The detection performance of the DVD
method, measured by ROC AUC, peaks at 0.751
when K = 22. Notably, even at nearby val-
ues—such as K = 20 (AUC = 0.747)—perfor-
mance remains high, indicating a well-defined
and broad performance peak rather than extreme
fragility. Across the full tested range (approxi-
mately K = 5 to K = 35), AUC scores stay
consistently above 0.58 and reach a maximum of
0.751, demonstrating that the method is effective
over a wide hyperparameter regime.

Presence of a High-Performance Interval Al-
though the curve is not completely flat, a robust
high-performance interval exists around K ∈
[18, 26], where AUC remains above 0.74. This sug-
gests that while fine-tuning K can yield marginal
gains, users can still achieve near-optimal detection
performance by selecting K within this practical

interval—avoiding the need for exhaustive search
while maintaining strong results.

Comparison with Baseline Methods Even the
lower end of the observed AUC range (e.g., ∼0.58
at extreme K values) remains well above the level
of a non-informative detector (AUC = 0.5) and is
on the same order as several baselines reported in
Table 2 on this setting, although it does not exceed
the strongest baseline, Min-K%++ Prob (0.693),
at that extreme end. Critically, the peak perfor-
mance (0.751), attained over the broad interval
K ∈ [18, 26], does substantially and consistently
outperform all baselines, confirming that the DVD
method’s superiority is both significant and realiz-
able with reasonable hyperparameter choices, with-
out requiring precise tuning of K.

Theoretical Interpretation The unimodal shape
of the AUC curve aligns with the underlying mech-
anism of DVD:

• When K is too small (e.g., K < 15), the
synthetic difficulty is estimated from too few
tokens, leading to high variance and unreliable
detection signals.

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

• Around K = 22, the method strikes
an optimal balance—capturing enough low-
probability tokens for stable variance estima-
tion while avoiding noise from less informa-
tive tokens.

This behavior reflects a principled trade-off inher-
ent in the design of DVD, rather than arbitrary sen-
sitivity. The existence of a clear, high-performing
region further supports the method’s practical util-
ity.

A.3 Additional Validation Experiments
(Post-Rebuttal)

Following the discussion phase, we conducted sev-
eral additional experiments requested by the re-
viewers and the area chair to further validate the
generality, robustness, and real-world relevance of
DVD. We summarize the key results here; full ex-
perimental details mirror the protocol described in
Section 5.1 and Appendix A.1 unless otherwise
noted.
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Figure 6: The DVD method demonstrates remarkable robustness across a wide range of hyperparameters.

Generalization to Multiple-Choice and Open-
Domain QA. To test whether DVD generalizes
beyond mathematical reasoning, we evaluate on
MMLU-CF (a decontaminated 2025 release of
MMLU), sampling 1,500 items and following the
same fine-tuning protocol as the main experiments
(K = 20, N = 50). Table 4 shows that DVD
remains stably above 0.70 AUC across all model
scales and both fine-tuning regimes, consistently
outperforming Embedding Similarity, Min-K%++,
Perplexity, and CDD by a wide margin, confirm-
ing that DVD’s detection capability transfers to
multiple-choice and open-domain QA settings and
is not specific to mathematical reasoning.

Model DVD EM Min-K%++ PPL CDD

Full Fine-Tuning
Qwen-1.5B 0.738 0.559 0.615 0.519 0.498
Qwen-3B 0.751 0.568 0.624 0.515 0.515
Qwen-7B 0.765 0.579 0.632 0.481 0.492
Qwen-32B 0.788 0.600 0.649 0.504 0.528
LoRA Fine-Tuning
Qwen-1.5B 0.723 0.548 0.604 0.491 0.510
Qwen-3B 0.736 0.557 0.613 0.537 0.501
Qwen-7B 0.750 0.568 0.621 0.523 0.493
Qwen-32B 0.773 0.589 0.638 0.520 0.490

Table 4: AUC on MMLU-CF (multiple-choice, open-
domain QA). EM denotes Embedding Similarity; PPL
denotes Perplexity.

Sensitivity to the Number of Generations N .
To characterize the cost–performance trade-off of
DVD, we vary the number of sampled generations
N ∈ {5, 10, 25, 50} on Qwen2.5-7B-Instruct and
Llama3.1-8B-Instruct across both benchmarks. Ta-
ble 5 shows that performance is weak at N = 5
(insufficient samples to estimate the generation-
distribution variance reliably), improves sharply at
N = 10 and N = 25, and approaches its plateau at
N = 50. This indicates that DVD requires only a

moderate sampling budget (N ≳ 25) rather than an
extremely large number of generations to achieve
effective detection.

Group N=5 N=10 N=25 N=50

Full Fine-Tuning
Qwen-7B + Omni-MATH 0.526 0.615 0.702 0.734
Qwen-7B + SuperGPQA 0.513 0.630 0.716 0.740
Llama-8B + Omni-MATH 0.541 0.622 0.698 0.728
Llama-8B + SuperGPQA 0.520 0.641 0.705 0.735
LoRA Fine-Tuning
Qwen-7B + Omni-MATH 0.540 0.638 0.710 0.731
Qwen-7B + SuperGPQA 0.536 0.657 0.688 0.734
Llama-8B + Omni-MATH 0.554 0.643 0.706 0.725
Llama-8B + SuperGPQA 0.532 0.660 0.692 0.710

Table 5: AUC as a function of the number of generations
N .

Real-World, Uncontaminated-by-
Construction Datasets. To probe DVD’s
behavior on real (rather than synthetically fine-
tuned) models without ground-truth contamination
labels, we apply DVD directly to HumanEval
(previously reported to suffer from severe con-
tamination in GPT-4/ChatGPT-family models)
and to SuperGPQA (released in 2025, essentially
guaranteed to be uncontaminated for GPT-4)
using GPT-4 as the test model. DVD assigns a
mean synthetic-difficulty-variance score of 25.872
to HumanEval versus 15.231 to SuperGPQA,
a clear separation consistent with the expected
contamination status of the two benchmarks,
suggesting DVD’s score can be used to flag
likely-contaminated samples for prioritized human
verification in dataset auditing.

Robustness to Pretraining-Scale Dilution. A
natural concern is that our fine-tuning-based simu-
lation of contamination produces stronger mem-
orization signatures than the incidental, corpus-
diluted contamination that arises during pretrain-
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ing. To approximate this more realistic setting,
we mix in 100× as much irrelevant data (sampled
from OpenOrca) into the Omni-MATH variant fine-
tuning data. As shown in Table 6, although AUC
decreases somewhat relative to the undiluted set-
ting, DVD retains stable, well-above-chance de-
tection performance (AUC ≈ 0.70–0.73) across
model scales and fine-tuning regimes, with no per-
formance collapse, indicating that the detection
signal survives substantial dilution by unrelated
pretraining-like data.

Model (FT) DVD Min-K%++ PPL EM

Qwen-1.5B (Full) 0.702 0.598 0.472 0.505
Qwen-1.5B (LoRA) 0.715 0.612 0.486 0.582
Qwen-3B (Full) 0.710 0.595 0.508 0.512
Qwen-3B (LoRA) 0.721 0.583 0.521 0.590
Qwen-7B (Full) 0.696 0.581 0.483 0.518
Qwen-7B (LoRA) 0.728 0.594 0.495 0.544
Qwen-32B (Full) 0.709 0.599 0.501 0.581
Qwen-32B (LoRA) 0.718 0.608 0.490 0.563

Table 6: AUC under 100× irrelevant-data dilution
(OpenOrca), simulating pretraining-scale contamina-
tion.

Robustness to Procedural Bias in Variant
Generation. Our main benchmark uses GPT-4o for
variant generation, gold-answer synthesis, and qual-
ity filtering, which raises the concern that detec-
tion performance could be inflated by stylistic uni-
formity specific to GPT-4o’s rewriting tendencies.
To address this, we regenerate the Omni-MATH
variant-contamination dataset end-to-end using two
additional, independent models, Gemini 3 Pro and
Claude 4.5 Sonnet, and re-evaluate DVD and the
strongest baselines on the resulting datasets. Ta-
ble 7 shows that DVD maintains a consistent, sub-
stantial advantage over Min-K%++, CDD, and Em-
bedding Similarity regardless of which model gen-
erated the variants, indicating that DVD’s superior-
ity is not an artifact of GPT-4o-specific rewriting
style.

Comparison on Verbalized (Verbatim) Mem-
orization. While DVD targets variant contamina-
tion, we additionally evaluate it on a verbalized-
memorization dataset in which test items appear
unchanged (verbatim) in the training set, to test
whether DVD remains competitive in this qualita-
tively different regime that existing methods (Min-
K%, CDD) were specifically designed for. Table 8
shows DVD achieves a strong average AUC of
≈ 0.80, on par with but slightly below Min-K%
and CDD, which is expected since those meth-

Model Method Gemini 3 Pro Claude 4.5

Qwen-3B

DVD (Ours) 0.698 0.695
Min-K%++ 0.589 0.585
CDD 0.532 0.518
EM 0.567 0.592

Qwen-32B

DVD (Ours) 0.705 0.702
Min-K%++ 0.611 0.606
CDD 0.503 0.514
EM 0.575 0.562

Llama-8B

DVD (Ours) 0.691 0.688
Min-K%++ 0.583 0.576
CDD 0.558 0.572
EM 0.567 0.592

Table 7: AUC (Full Fine-Tuning) when variant-
contamination datasets are independently regenerated
by Gemini 3 Pro or Claude 4.5 Sonnet instead of GPT-
4o, testing robustness to procedural bias in benchmark
construction.

ods are purpose-built for verbatim memorization,
whereas DVD is designed for the more challenging
setting of paraphrased/restructured variants where
such methods fail (cf. Table 2). This confirms that
DVD is complementary to, rather than a replace-
ment for, existing verbatim-memorization detec-
tors, and that combining both types of detectors
can provide comprehensive coverage of contamina-
tion types in practice.

Model (FT) DVD Min-K% CDD PPL

Qwen-3B (Full) 0.801 0.833 0.826 0.734
Qwen-7B (Full) 0.813 0.842 0.832 0.753
Qwen-32B (Full) 0.804 0.831 0.823 0.795
Qwen-3B (LoRA) 0.807 0.822 0.839 0.732
Qwen-7B (LoRA) 0.793 0.829 0.831 0.751
Qwen-32B (LoRA) 0.796 0.824 0.815 0.781

Table 8: AUC on a verbalized (verbatim) memoriza-
tion contamination dataset. DVD remains competitive
though it is not purpose-built for this regime.

Characterizing Tail Tokens. Reviewers asked
for a more concrete characterization of the low-
probability (tail) tokens that drive the DVD sig-
nal, and for support of the claim that tail-token
probabilities are especially sensitive to training-set
memorization. Qualitatively, in our case studies
(Section A.4 and Figure 7), tail tokens most often
correspond to key intermediate results, decisive
numerical values, or pivotal reasoning steps (e.g.,
a final simplified polynomial factorization such
as (u − 1)3 in the Cauchy–Schwarz example of
our case study) rather than generic function words;
these are exactly the tokens whose probability a
memorizing model can predict with unusually low
variance across resampled generations. This is con-
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sistent with prior findings that minimum-k% token
probabilities are disproportionately informative for
membership inference (Shi et al., 2023), which we
build on and extend to the variance-based, multi-
sample setting studied here.

A.4 Case Study

The three representative cases examined above pro-
vide a mechanistic explanation for the macroscopic
performance trends observed in Figure 7. They
demonstrate that the effectiveness of a detection
method is not arbitrary but is determined by the
intrinsic alignment between its underlying mecha-
nism and the nature of the contamination. The su-
perior 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.

A.4.1 Deeply Transformed Variants
Cases 1 and 2 represent deeply transformed vari-
ants where all four transformation methods (entity
substitution, scenario conversion, etc.) are applied.
Although the surface forms are completely differ-
ent, such as changing "students" to "participants"
and completely altering the narrative order, the core
semantics remain consistent.

Sampling and Output-Matching-Based Meth-
ods , 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 origi-
nal 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 significantly. The CDD
method detects based only on surface symbol simi-
larity, 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 incon-
sistency," resulting in detection failure.

Perplexity-Based Methods perform poorly
when faced with surface-level changes or structural
perturbations, because they are highly sensitive to
changes in the surface form of the text. These meth-
ods typically assess whether a model has memo-
rized certain samples by measuring the perplexity
of low-probability tokens. However, perplexity-

based methods mainly rely on the model’s con-
fidence 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 i, j with m,n),
this change does not fundamentally alter the math-
ematical structure of the problem, but the per-
plexity 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 problem
types. When generating answers, it exhibits high
confidence at the key reasoning steps and final an-
swer. This results in low and stable "constitutive
difficulty" values across samples, leading to a high
variance score. Thus, DVD effectively detects con-
tamination by identifying the model’s familiarity
with the underlying mathematical structure, bypass-
ing surface-level noise.

A.4.2 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 Meth-
ods, 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 per-
turbations. Among multiple methods, only Em-
bedding Similarity successfully identified the con-
tamination, highlighting their fragility. Changes in
specific tokens (variables, numbers) are sufficient
to alter the probability distribution. For example,
changing a, b, c, d, e to x, y, z, w, v, and changing
8 and 16 to 10 and 20. These specific token changes
are enough to significantly alter the model’s com-
putation of the probability distribution of the entire
sequence. The model has seen a+b+c+d+e = 8,
but has not seen x + y + z + w + 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
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Figure 7: Compare the effectiveness of different detection methods on different variants

demonstrating that by probing the model’s internal
cognitive state during generation, our method effec-
tively identifies and captures deep logical structures
and semantic consistency.

A.5 Statistical Evidence for Generation States:
Memory Adherence and Perturbation
Drift

A summary of this evidence (the bimodal-vs-
unimodal contrast) is presented in the main text
in Section 4.3 and Figure 3. This section provides
the detailed statistical and experimental foundation
for introducing the core generation states: Memory
Adherence and Perturbation Drift. These states
are not theoretical assumptions but stable, objec-
tively observed modes of behavior resulting from a
systematic statistical analysis of the model’s gener-
ation process on contaminated and uncontaminated
samples.

Experimental Setup
To quantify the model’s generation mechanism, we
performed repeated sampling for 100 randomly se-
lected samples (including both contaminated and
clean examples) at a fixed sampling temperature
τ (e.g., τ = 0.8). The primary statistical quantity
analyzed is the distribution, across repeated gener-

ations for each input, of the mean log-probability
of the K least-probable tokens in each response.
This distribution characterizes how tail-token con-
fidence varies across repeated generations.

Bimodal Structure in Contaminated Samples

As shown in Figure 8, for samples subject to vari-
ant contamination, the distribution of the mean log-
probability of the K least-probable tokens in each
response consistently exhibits a pronounced and
repeatable bimodal structure. This characteristic
structure is direct evidence that the model’s gener-
ation 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 higher
log-likelihood region. It corresponds to gener-
ation where the model selects high-probability,
high-confidence tokens. This behavior indi-
cates that the model is adhering to answer
fragments, linguistic patterns, or templates
encountered during training. We define this as
the Memory Adherence State.
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Figure 8: Distribution of the synthetic-difficulty statistic (mean log-probability of the K least-probable tokens in
each response) over repeated temperature sampling for contaminated samples.
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Figure 9: Distribution of the synthetic-difficulty statistic (mean log-probability of the K least-probable tokens in
each response) over repeated temperature sampling for uncontaminated samples.
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Figure 10: Performance of the DVD method on the Llama architecture compared to other baselines. EM denotes the
Embedding-similarity method.

2. The Second Peak (Low-Confidence Region):
This peak resides in the lower log-likelihood
region, corresponding to the selection of low-
probability, high-randomness tokens. This
mode suggests the model has deviated from
the memory track and entered a more ex-
plorative, lower-confidence generation 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.
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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 (Figure 9).

The unimodal nature confirms that the model is
following a consistent, intrinsic random genera-
tion mechanism without the disruptive influence
of strong, pulling memory structures. The absence
of a secondary peak supports the hypothesis that
state-switching behavior is unique to contaminated
data.

A.6 Performance of the DVD method on the
Llama architecture compared to other
baselines.

Figures 10 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 con-
sistent gains. In contrast, baselines such as per-
plexity, Min-K%, CDD, and Zlib vary substantially
across datasets and fine-tuning regimes, indicating
weaker robustness. These results suggest that DVD
provides a more reliable detector of variant con-
tamination and generalizes better across training
setups.

A.7 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 9: Significance testing experiments of the DVD
method against other baselines on Qwen2.5-7B-Instruct.

Table 9 presents a comparison of the contamina-
tion detection performance of the proposed DVD
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± 0.016
on SuperGPQA. The reported margins of error
(standard deviations) are computed over 10 inde-
pendent runs with different random seeds.

A.8 Prompt
Figures 12 and 11 show the prompts used in our
data construction pipeline: Figure 12 is the prompt
for generating semantic variations, and Figure 11
is the prompt for rejection sampling.

Figure 11: The prompt for rejection sampling
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Figure 12: The prompt used to generate variations
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