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Abstract

Large Language Models (LLMs) are trained
on web-scale corpora, increasing the risk that
benchmark test data appears in training sets
and inflates reported performance. We present
a systematic literature review of 55 studies on
LLM benchmark contamination through late
2025. Our contributions are: (1) a four-tier
contamination taxonomy (Exact, Syntactic, Se-
mantic, Task-Level; T1–T4); (2) a compara-
tive analysis of five detection families (string-
matching, likelihood-based, membership in-
ference, LLM-prompted detection, and bench-
mark auditing), including access assumptions
and failure modes; (3) a synthesis of contam-
ination evidence on MMLU, GSM8K, HU-
MANEVAL, and HELLASWAG by measurement
construct; (4) a comparative evaluation of mit-
igation strategies across lifecycle points, ac-
cess assumptions, and evidence maturity; and
(5) a Contamination Transparency Card (CTC)
framework for future releases. Across stud-
ies, no detection method is consistently reli-
able across contamination tiers, model-access
settings, and training stages. We identify in-
struction tuning as a persistent blind spot, note
that RL/post-training contamination auditing
is only beginning to mature, and report infla-
tion estimates spanning roughly 6%–40% un-
der benchmark- and setting-dependent assump-
tions.

1 Introduction

1.1 Motivation and Context

The evaluation of Large Language Models (LLMs)
has become one of the most consequential,
and contested, activities in modern AI research.
Performance on canonical benchmarks such as
MMLU (Hendrycks et al., 2021), GSM8K (Cobbe
et al., 2021), HumanEval (Chen et al., 2021), and
HellaSwag (Zellers et al., 2019) directly shapes
model rankings, influences procurement decisions,
guides research directions, and carries substantial

commercial weight. As Ravaut et al. (2025) ob-
serves, a few percentage points on popular bench-
marks can translate into tens of millions of dollars
in investment and valuation, placing extraordinary
pressure on model integrity.

Yet these benchmarks rest on a critical assump-
tion that is increasingly untenable: that models
have not encountered test data during training. Con-
temporary LLMs are trained on datasets of extraor-
dinary breadth, Common Crawl, GitHub, arXiv,
Books3, Wikipedia, and dozens of domain-specific
corpora, that collectively subsume virtually every
publicly accessible text on the internet. Because the
overwhelming majority of evaluation benchmarks
are themselves hosted publicly, overlap between
benchmark test sets and pretraining corpora is of-
ten difficult to exclude in practice. White et al.
(2025) identify this contamination risk as a central
motivation for dynamic, post-cutoff benchmarking.
Balloccu et al. (2024) conducted the first system-
atic analysis of data contamination in closed-source
LLMs, examining 255 papers that used GPT-3.5
and GPT-4. Their analysis found that these mod-
els had been globally exposed to approximately
4.7 million samples across 263 benchmarks during
the first year after release, alongside widespread
evaluation malpractices, including missing baseline
comparisons and reproducibility failures.

1.2 Contamination in Practice: Quantitative
Signposts

Contamination is not merely theoretical. Deng
et al. (2024) show that GPT-4 guesses masked an-
swer options in MMLU at 57%, more than dou-
ble the 25% chance baseline. Dong et al. (2024)
demonstrate through Inference-Time Decontami-
nation (ITD) that contamination inflates GSM8K
accuracy by up to 22.9% and MMLU by up to
19.0%. Dekoninck et al. (2024) apply ConStat to
the Open LLM Leaderboard and find that all three
top-ranked 7B models are significantly contami-
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nated, with estimated effects exceeding 10% on
multiple benchmarks. For InternLM-2-Math-7B
on GSM8K, ConStat reports a large contamination
effect; the primary reported estimate is 27.15%,
with a 40% sensitivity estimate under alternate re-
porting settings. Because these values arise from
different estimation settings and reporting granular-
ity, they should be interpreted as a range of plausi-
ble magnitudes rather than as directly interchange-
able point estimates. Zhang et al. (2024a) observe
accuracy drops of up to 8% on GSM1K, a style-
matched GSM8K equivalent with novel problems,
with Spearman ρ = 0.60 (ρ2 = 0.36) between
generation probability on GSM8K examples and
the performance gap. Several of these high-impact
estimates come from recent preprints and should
be interpreted as strong but still evolving evidence.

By 2024, leading models reported high-80s per-
formance on MMLU, approaching the estimated
human expert ceiling of 89.8%, indicating strong
saturation pressure on this benchmark (Hendrycks
et al., 2021; Gema et al., 2025).

1.3 Research Gap and Contributions
Despite growing recognition and several recent sur-
veys (Ravaut et al., 2025; Cheng et al., 2025; Chen
et al., 2025), the field still lacks: a mechanism-
grounded taxonomy that maps contamination type
to detection strategy; a reproducible evidence-
grading instrument; and a practical disclosure stan-
dard for benchmark and model releases. This
paper addresses all three. Samuel et al. (2025)
evaluate five detection approaches on four state-of-
the-art LLMs and find “limited consistencies be-
tween SOTA contamination detection techniques”,
a damning verdict on the current state of contami-
nation science.

This paper makes the following contributions:

• Four-tier taxonomy (T1–T4): A severity-
graded taxonomy spanning exact lexical over-
lap to task-format exposure, unifying frag-
mented prior terminology.

• Detection method survey: A structured re-
view of five detection families across 55 stud-
ies, analyzing access requirements, theoretical
foundations, empirical performance, and fail-
ure modes, including the statistical method
ConStat (Dekoninck et al., 2024).

• Quantitative evidence synthesis: A syn-
thesis of benchmark-specific contamination

evidence, with explicit separation of non-
comparable effect families (e.g., hit-rate
probes, likelihood discrimination scores, and
benchmark-level deltas).

• Mitigation landscape: An evaluation of
static, inference-time, and dynamic mitigation
strategies.

• Contamination Transparency Card (CTC):
A five-dimension disclosure framework for
benchmark releases and model technical re-
ports (Section 7; Table 3).

• Six open challenges: Including detection
inconsistency, instruction fine-tuning blind
spots, generalization–memorization boundary,
closed-source opacity, Multilingual contam-
ination dynamics, RLHF contamination vec-
tors (Section F).

1.4 Review Protocol and Synthesis Scope

To make the “systematic” component explicit, we
used a PRISMA-aligned workflow adapted to fast-
moving LLM literature.
Search strategy. We searched January 2020–
December 2025 in ACL Anthology, arXiv, Open-
Review, and Google Scholar using combinations of
keywords including “LLM contamination”, “bench-
mark leakage”, “data pollution”, “membership
inference”, “decontamination”, and benchmark
names (MMLU, GSM8K, HUMANEVAL, HEL-
LASWAG).
Inclusion criteria. We included studies that (i) pro-
pose a detection or mitigation method, (ii) provide
empirical contamination evidence on established
benchmarks, or (iii) analyze contamination mecha-
nisms with reproducible methodological detail.
Exclusion criteria. We excluded duplicated ver-
sions, purely opinion/editorial pieces, non-LLM
benchmark settings, and papers without method-
ological detail sufficient for categorization (Table
5).
Screening protocol. Screening followed ti-
tle/abstract filtering, then full-text eligibility review,
with backward/forward snowballing from retained
papers. The final synthesis corpus contains more
than 50 studies. To strengthen reproducibility, this
version now includes PRISMA-style reporting arti-
facts: a full flow diagram summary, a study-level
exclusion log, and a frozen protocol/annotation reg-
istry snapshot (Appendix A).
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Synthesis protocol and limitations. Be-
cause reported outcomes are heterogeneous (TS-
Guessing hit rates, likelihood-AUC scores, and
ConStat/TED-style benchmark deltas), we do not
pool them into a single meta-analytic effect size.
Instead, we report stratified evidence by metric
family and benchmark, and mark settings where
uncertainty intervals or harmonized effect defini-
tions are unavailable. Accordingly, the quantitative
synthesis is a structured evidence map rather than
a formal cross-study meta-analysis. To improve
interpretability, we pair narrative confidence tags
with a lightweight formal risk-of-bias instrument
(RoB-LLM-Contam) applied at study level. The
instrument scores six domains (dataset provenance,
contamination operationalization, comparator va-
lidity, statistical calibration, reproducibility assets,
and reporting completeness) on low/some/high risk,
then maps aggregate profiles to evidence labels
(higher, medium, exploratory). The full rubric and
mapping rules are listed in Appendix A.

2 Background and Problem Definition

2.1 The Classical Benchmark Lifecycle and
Its Collapse

Traditional NLP evaluation rested on a conceptu-
ally clean workflow: datasets were collected, an-
notated, and split into training, validation, and
test partitions; models were trained on the train-
ing split only; and the held-out test split guaran-
teed genuine generalisation measurement. Foun-
dational benchmarks such as SQuAD (Rajpurkar
et al., 2016), MultiNLI (Williams et al., 2018), and
SuperGLUE (Wang et al., 2019) were designed
under this paradigm.

The foundation model era has structurally dis-
rupted this lifecycle. Modern LLMs are pretrained
on web-scraped corpora that (i) are orders of magni-
tude larger than any individual benchmark, (ii) are
not curated to exclude evaluation data, and (iii) for
closed-source models, are entirely opaque to ex-
ternal auditors. Dodge et al. (2021) show that the
widely used C4 corpus already contains portions of
standard benchmarks.

A further structural complication is cascade con-
tamination: LLM outputs increasingly populate the
internet, meaning post-release training crawls con-
tain both original benchmarks and model responses
to them, potentially amplifying memorisation sig-
nals for successor models (Balloccu et al., 2024).

2.2 Training Stage Contamination Vectors
Contamination can enter a model’s knowledge
through three distinct training stages, each with
different detection implications:

Pretraining contamination:
Test examples present in the pretraining cor-
pus. Most commonly studied; tractable to
detect when corpus is public.

SFT / instruction fine-tuning (IFT) contamina-
tion:
Benchmark examples formatted as instruction-
response pairs in the fine-tuning mix. Samuel
et al. (2025) identify this as the hardest stage
to detect; no current method reliably addresses
it.

RLHF contamination:
Reward model training data or policy opti-
misation objectives may encode benchmark-
specific patterns. This vector is less ma-
ture than pretraining/SFT analysis, but early
targeted detectors and benchmarks are now
emerging (Tao et al., 2026).

2.3 Formal Problem Definition
We adopt the framework of Ravaut et al. (2025)
and extend it to accommodate multi-stage training
and performance-based definitions.
Training corpus: D = Dpre ∪ Dsft ∪ Drlhf .
Benchmark: B = {(xi, yi)}Ni=1, where xi is the
input and yi is the ground-truth output.

Input-only contamination: xi ∈ D and yi /∈ D.
The model has seen the question but not
the answer, which may improve performance
through pattern recognition.

Input–label contamination: (xi, yi) ∈ D. Both
the question and the answer are observed dur-
ing training, enabling direct answer memo-
rization and representing a more severe form
of contamination.

Performance-based contamination: Following
Dekoninck et al. (2024), this outcome-
oriented definition considers a model M
contaminated on benchmark B if its perfor-
mance significantly exceeds performance on a
semantically equivalent reference benchmark
Bref not contained in D. This definition is
access-agnostic and enables detection without
direct inspection of the training corpus.
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We additionally distinguish unintentional con-
tamination, arising from broad web crawls, from
possible intentional contamination, where bench-
mark inclusion is plausibly strategic. Because in-
tent is rarely observable, we separate strong indi-
cators (e.g., reproducible answer-key reconstruc-
tion patterns) from weak indicators (single-setting
anomalies). Zhao et al. (2025) report behavior con-
sistent with strong indicators in selected settings.

2.4 Why Contamination Matters
The consequences of contamination extend across
the full research-to-deployment pipeline:

1. Inflated capability claims. Benchmark-
specific studies report inflation effects spanning
roughly 6–40% in selected settings (Dong et al.,
2024; Dekoninck et al., 2024), but these val-
ues are not directly comparable across methods
or task families and should be interpreted as
medium-confidence, setting-specific estimates.

2. Invalid comparative rankings. ConStat finds
that all top-ranked 7B models on the Open LLM
Leaderboard are contaminated, potentially ren-
dering leaderboard rankings unreliable (Dekon-
inck et al., 2024).

3. Scientific irreproducibility. Studies that build
on contaminated evaluations may draw erro-
neous conclusions (Sainz et al., 2023).

4. Premature benchmark retirement pressure.
The retirement pressure on MMLU during 2024–
2025 illustrates how contamination-driven sat-
uration can discard scientifically useful bench-
marks before their evaluation potential is ex-
hausted.

5. High-stakes deployment risk. Overestimated
capabilities in medical, legal, and financial ap-
plications can lead to severe real-world conse-
quences (Ravaut et al., 2025).

6. Capital misallocation. Because benchmark per-
formance influences valuations and investment
decisions, inflated scores can systematically dis-
tort capital allocation in AI.

3 A Four-Tier Taxonomy of
Contamination

3.1 Motivation
The contamination literature employs inconsistent
terminology: “contamination”, “leakage”, “data

pollution”, “test set overlap”, “benchmark infla-
tion”, and “memorisation” are used interchange-
ably or with conflicting definitions. Palavalli et al.
(2024) note the need for a unifying typology;
Cheng et al. (2025) organise by access level; Chen
et al. (2025) classify by detection mechanism. Our
taxonomy organises contamination by mechanism,
the nature of the overlap between training data and
benchmark content, which most directly informs
detection strategy selection. This framing is inten-
tionally incremental to prior taxonomies: the pri-
mary addition is a mechanism-first mapping from
contamination mode to expected detectability and
mitigation leverage.

Operationalization. We define severity as ex-
pected benchmark distortion plus downstream deci-
sion risk, and detectability as detection power under
realistic access constraints (white-box, gray-box,
black-box). Both dimensions are task-dependent;
examples in this review span multiple-choice rea-
soning, code generation, and structured generation
settings (e.g., text-to-SQL).

Tier-assignment decision procedure. For each
evidence item, we assign the highest-severity tier
supported by the data: (1) T1 if verbatim/near-
verbatim overlap is demonstrated; (2) T2 if trans-
formed overlap is recoverable through lexical or
structural normalization; (3) T3 if semantic equiva-
lence is supported without lexical overlap; and (4)
T4 if no item-level overlap is shown but benchmark-
level performance asymmetries are consistent with
task leakage.

T2/T3 boundary rule. We classify paraphrase-
like transformations as T2 when benchmark iden-
tity is recoverable via mostly deterministic sur-
face operations (e.g., synonym swaps, slot/choice
reordering, retokenization, templatic paraphrase).
We classify cases as T3 when equivalence depends
on meaning-preserving interpretation that cannot
be reduced to deterministic lexical/structural nor-
malization (e.g., cross-lingual translation with id-
iomatic shift, discourse-level reformulation, or
mixed lexical-semantic transfer). For blended
cases, we annotate T2/T3-hybrid and report sen-
sitivity analyses under both assignments. Table 2
presents the full taxonomy.

Mapping qualitative tiers to formal definitions.
Table 1 makes the correspondence between the
qualitative T1–T4 tiers and the formal Input-only /
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Input-label / Performance-based definitions (Sec-
tion 2) explicit. As a concrete illustrative example:
a paraphrased GSM8K question whose gold solu-
tion chain is not included in the training data is T2
/ Input-only contamination, the surface form of xi
has been transformed, but only xi (not yi) was ob-
served during training. Conversely, if both the para-
phrased question and the worked solution appear
in training, the case is T2 / Input-label. T4 is the
only tier that maps exclusively to the Performance-
based definition, because no item-level training–
benchmark overlap need be demonstrated; a sta-
tistically significant benchmark-level performance
asymmetry is sufficient.

Tier Formal type yi in D? Illustrative example

T1 Input-label Yes Verbatim GSM8K Q+A in pretraining
corpus

T1 Input-only No Verbatim question; solution excluded
from training

T2 Input-label Yes Paraphrased Q + worked solution both in
corpus

T2 Input-only No Paraphrased question only; answer
absent from corpus

T3 Input-only No Cross-lingual translation of question; no
label in corpus

T3 Input-label Yes Translated Q+A pair present in
multilingual corpus

T4 Performance N/A
Task-format exposure without

recoverable item-level overlap; detected
via benchmark-level delta (e.g., ConStat)

Table 1: Correspondence between the formal definitions
of Section 2 and the four qualitative tiers. “yi in D?”
indicates whether the ground-truth output was also ob-
served during training. T4 is the only tier that does
not require item-level evidence and maps solely to the
Performance-based definition.

3.2 Tier 1 – Exact Contamination

Exact contamination (T1) occurs when test exam-
ples appear verbatim or near-verbatim in the pre-
training corpus. It is the most severe and most
studied form.

Evidence is extensive. Ravaut et al. (2025) com-
pile a cross-study table showing that PIQA, Wino-
grad, HumanEval, and HellaSwag are flagged by at
least two independent detection techniques across
separate LLM studies. Hui et al. (2024) report
10-gram collisions between HumanEval, MBPP,
GSM8K, and MATH and their pretraining datasets,
removing all affected examples. Zhao et al. (2025)
document that some models spontaneously repro-
duce exact MMLU answer choices when given only
the question text, a clear T1 marker.

A complicating factor is MMLU’s annotation
quality: a 2024 manual audit found 6.5% of ques-

tions contain ground-truth errors (Gema et al.,
2025), meaning models that memorise incorrect
labels may score higher on the benchmark than
models that reason correctly.

3.3 Tier 2 – Syntactic Contamination
Syntactic contamination (T2) arises when test data
appears in training after surface transformation,
such as paraphrasing, answer-choice shuffling, or
synonym substitution, that preserves benchmark-
specific information while defeating n-gram filters.
In this review, paraphrase remains T2 only when
benchmark identity is primarily recoverable from
surface form transformations; once semantic rein-
terpretation is required for recovery, we escalate
classification to T3.

Dekoninck et al. (2025) provide a seminal
demonstration: fine-tuning a 13B model on para-
phrased (rather than exact) versions of MMLU,
GSM8K, and HumanEval yields GPT-4-level per-
formance on those benchmarks while evading all
standard n-gram detection methods. This result
shows both that T2 contamination is relatively easy
to induce and that evading n-gram-based detection
is equally straightforward for a motivated adver-
sary.

MMLU-CF (Zhao et al., 2025) addresses T2 con-
tamination through a five-step pipeline: (1) MCQ
collection; (2) MCQ cleaning; (3) difficulty sam-
pling; (4) LLM checking; and (5) contamination-
free processing. Comparison reveals “obvious
data leakage” in the original MMLU that is absent
from MMLU-CF. Dekoninck et al. (2024) further
document syntax-specific contamination statisti-
cally using ConStat: InternLM-2-7B and InternLM-
2-Math-7B show strong GSM8K contamination
effects, with reported InternLM-2-Math-7B esti-
mates reported as 27.15% (primary) and 40% (sen-
sitivity/alternate setting).

3.4 Tier 3 – Semantic Contamination
Semantic contamination (T3) involves no lexical
overlap between training data and test instances,
yet the model has encountered semantically equiv-
alent content. The most studied mechanism is
translation contamination: LLMs trained on non-
English translations of benchmark test sets achieve
inflated performance on the original English bench-
mark without direct exposure (Yao et al., 2024).

Yao et al. (2024) introduce DeepContam and
show that translations of MMLU and HumanEval
circulating in multilingual corpora inflate English
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Tier Type Mechanism Representative Evidence Severity Detectability

T1 Exact Verbatim or near-verbatim test instances in the
training corpus

MMLU 57% option guessing (Deng et al., 2024);
HumanEval 10-gram collisions (Hui et al., 2024)

Critical High

T2 Syntactic Test data present after surface transformation (e.g.,
paraphrasing, shuffling, or retokenization)

GPT-4-level performance from paraphrased
fine-tuning (Dekoninck et al., 2025); MMLU-CF

reveals lexical leakage (Zhao et al., 2025)

High Medium

T3 Semantic Semantically equivalent content without lexical
overlap (e.g., translations, reformulations, or

domain transfers)

Cross-lingual inflation (Yao et al., 2024) Moderate Low

T4 Task-level Exposure to task format, reasoning pattern, or
domain knowledge without specific test instances

GSM1K accuracy drops (ρ = 0.60) (Zhang et al.,
2024a); task contamination on zero-shot

benchmarks (Li and Flanigan, 2024)

Variable Very Low

Table 2: Taxonomy of benchmark contamination in LLM evaluation.

benchmark performance while evading all lexical
detection methods. Recent evidence also suggests
mixed lexical-semantic pathways where translated
or reformulated benchmark items partially retain
lexical anchors. We report such cases as T2/T3-
hybrid when both mechanisms are plausible.

3.5 Tier 4 – Task-Level Contamination

Task-level contamination (T4) is the most contested
tier. Models have not seen specific test instances
but may have trained extensively on similar task
formats, problem types, or domain content. The
fundamental difficulty is that T4 contamination is
theoretically indistinguishable from legitimate gen-
eralization.

Li and Flanigan (2024) demonstrate that for clas-
sification benchmarks where T1/T2 contamination
is ruled out, LLMs rarely show statistically signifi-
cant improvements over simple majority baselines,
suggesting that task-level exposure may be a neces-
sary condition for observed few-shot performance.

Zhang et al. (2024a) provide the most rigorous
evidence for T4 contamination through GSM1K: a
set of human-authored problems matching GSM8K
in style and difficulty but guaranteed to be novel.
Accuracy drops of up to 8% and a Spearman ρ =
0.60 (ρ2 = 0.36) between generation probability
on GSM8K examples and the performance gap pro-
vide the first causal evidence linking memorization
to T4 inflation. Importantly, frontier models show
minimal T4 effects, suggesting that the strongest
models may genuinely generalize rather than rely
on memorized templates. The key distinction from
T3 is operational: T3 requires demonstrable item-
level semantic equivalence verifiable through trans-
lation back-mapping or similarity scoring, whereas
T4 applies when no such item-level equivalence can
be recovered by any alignment procedure but a sta-
tistically significant benchmark-level performance

asymmetry (e.g., an accuracy drop on GSM1K) re-
mains consistent with format-level exposure, T4
thus does not conflate generalizable learning with
leakage, but rather requires a performance-based
signal that rules out pure generalization as the sole
explanation.

4 Contamination Detection Methods

We survey five detection method families along
a spectrum from white-box to black-box access
(Figure 1). To keep the core narrative concise,
this section reports family-level synthesis, while
method-level detail and the full comparative matrix
are moved to Appendix C and Table 6.

4.1 String-Matching Methods (White-Box)

String matching remains the default first-line au-
dit for T1 contamination because it is scalable
and interpretable, and is now standard in major
model disclosures (OpenAI, 2023; Touvron et al.,
2023; Hui et al., 2024). However, lexical matching
alone gives weak guarantees under paraphrase or
structural rewrites, and cannot cover T3–T4 mech-
anisms. Appendix C details n-gram, embedding-
based, and retrieval-style extensions.

4.2 Likelihood-Based Methods (Gray-Box)

Likelihood methods exploit lower perplexity /
higher confidence on memorized content and re-
main one of the strongest gray-box families for
open-weight systems (Carlini et al., 2021; Li et al.,
2024b; Shi et al., 2024; Zhang et al., 2025). Recent
variants (e.g., CDD/TED, PaCoST, sharded tests,
and divergence-calibrated PDD) improve calibra-
tion and effect-size reporting (Zhang et al., 2024c),
but reliability is still sensitive to benchmark format
and probability-access assumptions (Appendix C).
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Figure 1: Taxonomy of contamination detection methods organized along the white-box to black-box access
spectrum. Probing-based methods (left) require corpus or log-probability access; prompting-based methods (right)
operate on model outputs alone.

4.3 Membership Inference Attacks
(Gray-Box)

MIAs are conceptually aligned with contamina-
tion detection, but instance-level performance in
LLM settings is often near-random on carefully
controlled datasets (Duan et al., 2024; Maini et al.,
2024). Newer attacks such as CAMIA improve
token-level context sensitivity under gray-box as-
sumptions (Chang et al., 2025). Evidence is
stronger at document and collection scales, where
multi-scale aggregation and dataset-inference style
methods make practical detection more reliable
than per-example adjudication (Meeus et al., 2024;
Puerto et al., 2025); full discussion appears in Ap-
pendix C.

4.4 LLM-Prompted Detection Methods
(Black-Box)

Prompted black-box probes (TS-Guessing, DCQ,
interactive protocols, order-sensitive analysis) are
attractive for proprietary APIs because they require
no training-data or log-probability access (Deng
et al., 2024; Golchin and Surdeanu, 2025; Yu et al.,
2024). Their empirical signal can be strong, but
they remain heuristic, gameable, and less calibrated
than statistical auditing frameworks (Appendix C).

4.5 Benchmark-Level Auditing and Statistical
Methods

Benchmark-level auditing reframes contamina-
tion as a performance-validity problem instead of
pure overlap detection. ConStat-style methods
provide calibrated tests and effect-size estimates
across model families, while temporal auditing and

dataset-level divergence estimators add orthogo-
nal evidence channels (Dekoninck et al., 2024;
Jain et al., 2025; Li et al., 2024a). This family
is currently the most actionable route for closed-
source and leaderboard settings; method deriva-
tions and benchmark-by-benchmark examples are
in Appendix C.

5 Empirical Evidence of Contamination

Evidence in this section is stratified by benchmark
and by measurement family. We intentionally avoid
collapsing TS-Guessing hit rates, likelihood-based
scores (e.g., AUC), and benchmark-level deltas
(e.g., ConStat/TED) into a single aggregate metric,
because they quantify different constructs.

MMLU: The Archetypal Case Study
MMLU (Hendrycks et al., 2021) remains
the clearest multi-method contamination case:
prompted memorization probes, decontamination-
based performance drops, benchmark-level
statistical auditing, and dataset-quality analyses
all indicate that part of measured performance is
likely contamination-sensitive rather than pure
generalization (Deng et al., 2024; Dong et al.,
2024; Dekoninck et al., 2024; Gema et al., 2025;
Zhao et al., 2025). (See Appendix B.1 for the full
quantitative breakdown of MMLU.)

GPT-4 achieves 57% option-guessing accuracy
under TS-Guessing (baseline 25%; ChatGPT:
52%) (Deng et al., 2024); ITD reduces performance
by up to 19.0% on MMLU (Phi-3 −6.7%, Mis-
tral −3.6%) (Dong et al., 2024); all top-ranked
7B models on the Open LLM Leaderboard show
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ConStat contamination signals exceeding δ̂ >
10% (Dekoninck et al., 2024); 6.5% of questions
contain ground-truth errors (Gema et al., 2025);
and models that reproduce exact MMLU answer
choices show substantially weaker matching on the
contamination-free MMLU-CF variant (Zhao et al.,
2025).

GSM8K, HumanEval, and HellaSwag/PIQA
For GSM8K, accuracy drops up to 8% on GSM1K
(ρ = 0.60) and ConStat estimates δ̂ = 27.15%–
40% for InternLM-2-Math-7B (Zhang et al., 2024a;
Dekoninck et al., 2024). HUMANEVAL shows con-
firmed 10-gram collisions and post-cutoff perfor-
mance drops on LiveCodeBench (Hui et al., 2024;
Jain et al., 2025). HELLASWAG and PIQA are
flagged by at least two independent techniques,
with ConStat effects of 6–11% across all top-
ranked 7B models (Ravaut et al., 2025; Dekoninck
et al., 2024). Effect sizes across all benchmarks
are not directly comparable; full per-benchmark
breakdowns appear in Appendix B.

6 Mitigation Strategies

6.1 Static Decontamination

Static decontamination methods span lexical filter-
ing, semantic filtering, and benchmark redesign.
In practice, n-gram filtering remains the dominant
baseline because of scalability, while semantic and
rewrite-based methods (e.g., MMLU-CF/Clean-
Eval style pipelines) improve coverage of non-
exact overlap at higher implementation cost (Ope-
nAI, 2023; Touvron et al., 2023; Hui et al., 2024;
Dekoninck et al., 2025; Zhao et al., 2025; Zhu et al.,
2024c; Jacovi et al., 2023). Detailed method pro-
files and trade-offs are provided in Appendix D.

6.2 Inference-Time Decontamination (ITD)

Dong et al. (2024) propose a retrospective mitiga-
tion approach: detect contaminated test examples
at evaluation time using Min-K% Prob, rewrite
them via an LLM prompt (preserving difficulty
while altering surface content), and re-evaluate
the model on the rewritten examples. A key ad-
vantage is that the method can be applied to any
deployed model without retraining. In their ex-
periments, the approach reduces inflated accu-
racy by 22.9% on GSM8K and 19.0% on MMLU.
A limitation is the risk of inadvertently altering
question difficulty during rewriting, which is par-
tially mitigated by a re-evaluation assurance step;

more broadly, because rewritten exams are model-
specific, ITD undermines the apples-to-apples com-
parability required for standardized leaderboards,
LLM rewrites may vary in difficulty, false-positive
detections introduce unnecessary rewrites, and
scores from customized tests cannot be validly
compared across models. ITD outputs are there-
fore best treated as decontaminated estimates rather
than drop-in benchmark replacements; for settings
where all models must take an identical exam,
static contamination-free variants such as MMLU-
CF (Zhao et al., 2025) or GSM1K (Zhang et al.,
2024a) remain preferable because standardization
is preserved by construction.

6.3 Dynamic Benchmark Construction

Dynamic construction and rolling-refresh bench-
marks are currently the strongest preventive strat-
egy for T3/T4 risks because they enforce post-
cutoff novelty and reduce static exposure win-
dows. LiveBench/LiveCodeBench/LatestEval-
style pipelines and newer agentic or long-context
redesign methods all point in the same direction:
evaluation should be continuously generated or
refreshed rather than periodically frozen (White
et al., 2025; Jain et al., 2025; Zhu et al., 2024a,b;
Wang et al., 2025; Li et al., 2025, 2024a). Extended
benchmark-by-benchmark mitigation profiles are
moved to Appendix D.

7 Towards a Contamination
Transparency Card

Contamination cannot always be fully detected or
prevented after the fact. We propose the Contam-
ination Transparency Card (CTC), a minimal
five-dimension disclosure framework modelled on
Model Cards (Mitchell et al., 2019) and Datasheets
for Datasets (Gebru et al., 2021) (Table 3).

The CTC is technology-neutral, does not man-
date specific detection methods, and acknowledges
that contamination cannot always be fully pre-
vented. The performance-based analysis field in
Table 3, for instance, may be satisfied by any cali-
brated method, ConStat (Dekoninck et al., 2024),
TED (Dong et al., 2024), PaCoST (Zhang et al.,
2024b), or any equivalent appropriate to the re-
searcher’s access level; the examples listed reflect
current method maturity, not mandatory require-
ments. The key principle: absence of contam-
ination evidence is not evidence of absence. A
CTC stating “no decontamination was applied” is
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Dimension Required Disclosures

Training Data Pretraining corpus names and ver-
sions; training cutoff dates; dedupli-
cation procedures; total token count

Decontamination Methods applied (n-gram thresh-
olds used, LLM-based semantic
checks yes/no, document-level re-
trieval yes/no); datasets checked
against; known failure modes

Evidence Provided Results of post-hoc n-gram overlap
analysis; likelihood-based test results;
performance-based statistical analy-
sis (e.g., ConStat (Dekoninck et al.,
2024), TED (Dong et al., 2024), or any
calibrated equivalent); benchmarks
known to be contaminated

IFT Stage Fine-tuning dataset composition;
whether benchmark examples were in-
cluded (intentionally or accidentally);
answer augmentation strategy

Reproducibility Exact prompt templates; few-shot ex-
ample ordering and count; scoring pro-
cedure; multi-run variance; generation
parameters

Table 3: Proposed Contamination Transparency Card
(CTC). All dimensions are required for benchmark re-
leases; Training Data, Decontamination, and IFT Stage
are additionally recommended for model technical re-
ports.

still more informative than silence, just as “no
performance-based audit was conducted” satisfies
the disclosure requirement even without results.
The CTC can also be interpreted as an operational
bridge to broader AI assurance practice: model re-
porting, internal audit trails, and post-deployment
monitoring can all encode contamination-relevant
disclosures.

Adoption incentives differ from those facing
Model Cards and Datasheets, where uptake has
been voluntary and uneven (Mitchell et al., 2019;
Gebru et al., 2021). Three structural pressures
make CTC adoption more tractable: (1) leader-
board operators (e.g., Open LLM Leaderboard,
HELM) can require CTC submission as a condi-
tion of listing, creating direct competitive incen-
tive; (2) emerging AI governance frameworks in
the EU and US increasingly mandate training-data
transparency, making contamination disclosure a
compliance artifact rather than a voluntary gesture;
and (3) venues including workshops like GEM can
adopt CTC as a recommended reporting standard
for benchmark papers, normalising disclosure at
the point of publication. None of these require con-
sensus across the entire field, each creates adoption

pressure independently.

8 Open Research Challenges

Several fundamental challenges remain unresolved:
detection methods lack consistency and a stan-
dardized evaluation framework (C1); instruction
fine-tuning contamination eludes all current de-
tection techniques (C2); no operational definition
separates generalization from task-level memoriza-
tion (C3); closed-source models restrict detection
to indirect methods (C4); contamination dynamics
remain poorly understood across languages (C5);
and RLHF post-training constitutes an understud-
ied contamination vector (C6). We discuss each
challenge and open problem in Appendix F.

9 Conclusion

This review finds substantial and repeatedly ob-
served contamination signals in large language
model (LLM) benchmarking, alongside material
uncertainty from heterogeneous metrics and study
designs. Across major benchmarks (MMLU,
GSM8K, HumanEval, HellaSwag, and PIQA), re-
ported contamination effects span roughly 6% to
40%, but these estimates are benchmark-specific
and not directly comparable across methods.

Our four-tier taxonomy (T1–T4) and synthesis of
five detection-method families show that no current
approach is reliable across all contamination tiers,
access settings, and training stages. The most crit-
ical gap, instruction fine-tuning (IFT) contamina-
tion, remains undetectable by all evaluated methods
(Samuel et al., 2025), although ConStat (Dekon-
inck et al., 2024) is a strong advance in calibrated
benchmark-level inference.

Recent progress (dynamic benchmarks,
contamination-free benchmark variants, calibrated
MIAs, and early RL-post-training detectors) is im-
portant, but closed-source opacity, methodological
inconsistency, and unresolved generalization–
memorization boundaries suggest contamination
will remain a central challenge. We therefore urge
the broader research community to adopt the CTC
framework, strengthen evaluation-of-evaluation
infrastructure, and prioritize IFT- and RL-stage
targeted detection research.

Limitations

This review covers literature available through
late 2025 and may omit concurrent work. Our
taxonomy represents one principled organisation;
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alternative framings may be equally valid. We
rely on results as reported in surveyed papers and
have not conducted original experiments to vali-
date claims. Although this version adds PRISMA-
style flow accounting, study-level exclusion log-
ging, and a formal RoB-LLM-Contam instru-
ment, the synthesis remains structured rather than
fully meta-analytic because evidence families still
use non-commensurate effect definitions and of-
ten omit harmonizable uncertainty intervals. We
therefore report setting-specific effect families
(rather than pooled point estimates) and preserve
primary-versus-sensitivity distinctions (e.g., Con-
Stat 27.15% vs. 40% in alternate settings) to
avoid false comparability. Weighted cross-study
re-analysis on a unified metric scale remains im-
portant future work for stronger quantitative com-
parability. Several surveyed papers, especially in
rapidly evolving benchmark and mitigation threads,
are preprints not yet peer-reviewed; conclusions
drawing on those sources should be treated as pro-
visional.

Ethical Considerations

We survey evasion methods (Dekoninck et al.,
2025) that could potentially be misused to conceal
contamination. We believe transparency serves the
scientific community best: understanding evasion
is necessary for robust detection. We do not en-
dorse intentional benchmark contamination.
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bility, and inclusion. To support auditing, we also
provide a study-level exclusion log grouped by rea-
son (Table 5) in the supplementary reproducibility
package.
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Flow stage Count

Records identified across sources 812
Duplicate/near-duplicate records removed 167
Records screened (title/abstract) 645
Records excluded at screening 521
Full-text reports assessed for eligibility 124
Full-text reports excluded (with reason) 69
Studies included in qualitative synthesis 55

Table 4: PRISMA-style study flow for this review.

Exclusion reason at full-text stage Count

Non-LLM setting or out-of-scope task 18
No contamination-relevant method or evi-
dence

16

Insufficient methodological detail for coding 14
Duplicate or superseded version 12
Editorial/opinion without empirical protocol 9

Table 5: Study-level exclusion log summary.

A.2 Protocol Registry Snapshot
We freeze and release the search strings, source
list, date boundaries, inclusion/exclusion rules, and
annotation schema with this manuscript’s supple-
mentary package. The snapshot includes extraction
templates for tier assignment, method-family cod-
ing, effect-type coding, and risk-of-bias annotation,
enabling exact reproduction of the review pipeline.

A.3 RoB-LLM-Contam Instrument
Each included study is rated on six risk-of-bias
domains:

1. dataset provenance transparency;

2. contamination definition/operationalization clar-
ity;

3. comparator/reference validity;

4. statistical calibration and uncertainty reporting;

5. reproducibility assets
(code/data/prompts/checkpoints);

6. selective reporting risk.

Domain ratings (low/some/high risk) are mapped
to narrative confidence tags as follows: higher if
no high-risk domains and at least four low-risk
domains; medium if one high-risk domain or mixed
low/some-risk profile; exploratory if two or more
high-risk domains or severe reporting gaps. This
mapping is used consistently across all evidence-
family summaries.

B Extended Empirical Evidence by
Benchmark

B.1 MMLU: Full Quantitative Breakdown
MMLU (Hendrycks et al., 2021), consisting of
15,908 multiple-choice questions spanning 57 aca-
demic subjects, remains one of the most widely
cited LLM benchmarks. Contamination evidence
is both broad and quantitatively specific:

• Direct memorisation (TS-Guessing): GPT-
4 guesses masked options at 57%, more than
doubling the 25% chance baseline (Deng et al.,
2024). ChatGPT achieves 52%.

• Performance inflation (ITD): Up to 19.0%
inflation on ITD experiments; Phi-3 and Mis-
tral drop 6.7% and 3.6% under decontamina-
tion (Dong et al., 2024).

• ConStat: On the Open LLM Leaderboard,
all top-3 7B models show significant con-
tamination on benchmark pairs analyzed by
ConStat (notably GSM8K, HellaSwag, and
ARC), with benchmark-specific effect-size es-
timates (Dekoninck et al., 2024).

• Annotation errors: 6.5% of questions con-
tain ground-truth errors (Gema et al., 2025);
models memorising these may score higher
by recalling wrong labels.

• Rapid saturation: By 2024, leading mod-
els report high-80s MMLU scores, approach-
ing the human expert ceiling of 89.8% and
indicating strong benchmark saturation pres-
sure (Hendrycks et al., 2021; Gema et al.,
2025).

• MMLU-CF: Models that spontaneously re-
produce exact answer choices from ques-
tion text alone on MMLU show much
weaker exact-choice matching on MMLU-
CF, consistent with reduced leakage in the
contamination-free variant (Zhao et al., 2025).

B.2 GSM8K: Mathematical Reasoning or
Memorisation?

GSM8K (Cobbe et al., 2021)’s contamination evi-
dence is particularly striking because it implicates
models celebrated for mathematical reasoning:

• Perplexity anomalies: Anomalously low
test-set perplexity for Qwen, Aquila, and In-
ternLM (Xu et al., 2024).
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• GSM1K: Up to 8% accuracy drops; Spear-
man ρ = 0.60 between memorisation signal
and performance gap (Zhang et al., 2024a).

• ConStat: InternLM-2-Math-7B shows a large
GSM8K contamination effect, with a primary
estimate of 27.15% and a sensitivity esti-
mate of 40% under alternate reporting set-
tings (Dekoninck et al., 2024).

B.3 HumanEval: Code Memorisation at Scale

HUMANEVAL (Chen et al., 2021)’s 164 Python
completion problems are particularly susceptible
because code is heavily represented in pretraining
corpora (GitHub, Stack Overflow). Multiple string-
matching studies independently flag it as contami-
nated (Ravaut et al., 2025). Qwen-2.5-Coder con-
firms 10-gram collisions (Hui et al., 2024). Recent
contamination-aware code benchmarks such as Hu-
manEval_T and LBPP further reduce memoriza-
tion pathways through templating, controlled nov-
elty, or redesigned problem construction, and there-
fore serve as useful comparators when interpreting
gains on legacy static code benchmarks. LIVE-
CODEBENCH (Jain et al., 2025) was constructed
in direct response, with DeepSeek-Coder showing
consistent post-cutoff performance drops. Cao et al.
(2024) conduct a dedicated analysis confirming sys-
tematic code memorisation across code language
model families.

B.4 HellaSwag, PIQA, and Commonsense
Benchmarks

PIQA and HELLASWAG are among the most con-
sistently contaminated benchmarks, independently
flagged by at least two techniques across separate
LLM studies (Ravaut et al., 2025). Dekoninck et al.
(2024) find HellaSwag contamination across all
three top-ranked Leaderboard models with esti-
mated effects of 6–11%. Li and Flanigan (2024)
show that LLMs perform significantly better on
benchmarks released before their training data cut-
off than on post-cutoff datasets, and that zero-shot
performance gains largely track task contamina-
tion timing rather than genuine capability improve-
ments.

B.5 The Generalisation–Memorisation Debate

A nuanced counter-narrative coexists with con-
tamination evidence. Yu et al. (2024) find that
under interactive evaluation, contamination often
provides no improvement or a negative effect on

real-world applicability, models may memorise sur-
face forms without genuine understanding. Zhang
et al. (2024a) note that frontier models show mini-
mal T4 contamination on GSM1K, suggesting the
strongest models genuinely generalise. Controlled
contamination-injection studies on generative rea-
soning tasks (including MATH-style stress tests
with temperature/length probing) also suggest that
observed inflation is sensitive to decoding setup,
reinforcing the need to report generation settings
when interpreting contamination effects.

These findings suggest contamination’s relation-
ship with apparent capability is more complex than
simple memorisation-equals-inflation.

C Extended Detection Method Profiles

C.1 String-Matching Methods (White-Box)

N -gram Overlap N -gram overlap is the oldest
and most widely deployed detection method. It
computes the proportion of test-set n-grams present
in the training corpus, typically at 10- or 13-gram
thresholds, using hashed index structures for ef-
ficiency at trillion-token scale. This is standard
practice in major model releases: GPT-4 (OpenAI,
2023), Llama 2 (Touvron et al., 2023), and Qwen-
2.5-Coder (Hui et al., 2024) all report n-gram de-
contamination statistics.

The method is efficient and interpretable but pro-
vides only illusory safety. Dekoninck et al. (2025)
show that paraphrasing examples trivially defeats
all n-gram filters while preserving full memorisa-
tion. It is also inapplicable to closed-source models
and entirely blind to T2–T4 contamination by de-
sign.

LLM-Based Semantic Decontamination To
close the T2 gap, Dekoninck et al. (2025) pro-
pose embedding both training examples and test
instances in a shared semantic space and filtering
pairs whose cosine similarity exceeds a threshold.
Applied to the Pile, RedPajama, and Dolma, this
revealed “significant previously unknown test over-
lap” missed by n-gram methods. The tradeoff is
computational: the method requires O(|D| × |B|)
similarity computations, expensive at web scale.

Retrieval-Based Detection Deng et al. (2024)
build an indexed pretraining corpus representation
and query it with benchmark examples, identify-
ing overlapping documents that fixed-window n-
gram methods may miss. Operating at the docu-
ment level, this approach is suitable for detecting
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context-level contamination where benchmark ex-
amples appear embedded within longer training
documents.

C.2 Likelihood-Based Methods (Gray-Box)

Likelihood-based methods exploit the observation
that LMs assign higher probability to memorised
text. They require log-probability access, avail-
able for open-weight models and some commercial
APIs but not fully black-box systems.

Perplexity Thresholding Established by Carlini
et al. (2021) for general memorisation, the foun-
dational insight is that training data members ex-
hibit lower perplexity than non-members. Li et al.
(2024b) applies this to multiple LLMs, finding
memorisation signals in reading comprehension
and summarisation benchmarks, with weaker sig-
nals in multiple-choice benchmarks where the an-
swer format suppresses per-token probability esti-
mates. A key weakness is susceptibility to false
positives: simple, high-frequency text naturally
achieves low perplexity regardless of training mem-
bership.

Min-K% Probability and Min-K%++ Shi et al.
(2024) introduce Min-K% Prob, which averages
the probabilities of only the K% of tokens with
the lowest predicted probability in each sequence.
The motivation is that unseen text is more likely to
contain “outlier” low-probability tokens, whereas
training members, having been observed during
training, should contain fewer such outliers. Min-
K% Prob achieves a 7.4% improvement over per-
plexity thresholding on WikiMIA (Shi et al., 2024).

Zhang et al. (2025) introduce Min-K%++, which
normalizes token probabilities by a marginal refer-
ence distribution before applying the minimum-K
selection, improving AUC by up to 10 points on
WikiMIA. Zhang et al. (2024c) further propose
divergence-calibrated pretraining data detection
(DC-PDD), replacing raw token-probability cues
with a calibrated cross-entropy divergence score
that reduces false positives from high-frequency
common words and improves robustness on multi-
lingual settings.

CDD and TED Dong et al. (2024) propose two
complementary methods. Contamination Detec-
tion via Output Distribution (CDD) measures
anomalous deviations of the model’s output distri-
bution on benchmark items from a reference dis-
tribution estimated from confirmed non-members.

Trustworthy Evaluation via Output Distribution
(TED) applies a statistical correction to evaluation
metrics to account for the degree of contamination,
uniquely producing corrected accuracy estimates
rather than binary contamination flags. In proof-of-
concept experiments, TED reduces inflated accu-
racy by 22.9% on GSM8K and 19.0% on MMLU.

PaCoST: Paired Confidence Significance Testing
Zhang et al. (2024b) reframe contamination detec-
tion as a statistical hypothesis test. For each bench-
mark example xi, PaCoST constructs a semanti-
cally equivalent paraphrase x′i and tests whether
the model’s confidence on xi significantly exceeds
its confidence on x′i using a paired statistical test.
This statistical framing provides calibrated false-
positive rates, making PaCoST more robust than
threshold-based methods to differences in model-
specific probability calibration.

Sharded Likelihood Ratio Test Oren et al.
(2024) develop a sharded likelihood ratio test that
provides formal statistical guarantees at the dataset
level. By partitioning benchmark examples into
shards and comparing likelihood ratios across them,
the method controls false-positive rates through
permutation-based calibration, providing the theo-
retical foundation on which ConStat (Dekoninck
et al., 2024) builds.

C.3 Membership Inference Attacks
(Gray-Box)

Membership Inference Attacks (MIAs) ask whether
a specific data point was in a model’s training set,
directly relevant to contamination as it is precisely
a membership inference problem applied to bench-
marks.

Standardised MIA Benchmarks Shi et al.
(2024) construct WikiMIA and BookMIA, the first
benchmarks designed to evaluate pretraining data
detection in LLMs. Duan et al. (2024) construct
a comprehensive multi-corpus evaluation that ad-
dresses temporal confounders present in earlier
datasets. Chang et al. (2025) introduce CAMIA, a
context-aware token-level MIA that models subse-
quence perplexity dynamics and substantially im-
proves over global-loss baselines on pretraining
membership benchmarks.

Near-Random Empirical Performance Despite
their theoretical promise, membership inference
attacks (MIAs) for LLMs face fundamental limita-
tions. Duan et al. (2024) and Maini et al. (2024)
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independently find that popular MIA methods, in-
cluding perplexity thresholding and Min-K% Prob,
perform near random guessing (ROC-AUC < 0.6)
on properly constructed evaluations. The primary
explanation is that modern LLMs are typically
trained for only a single epoch on massive cor-
pora, leaving only a weak membership signal in
the model parameters.

A critical confound is that MIAs based on tempo-
ral splits may detect distribution shift (e.g., writing
style differences between time periods) rather than
genuine membership of specific examples. Meeus
et al. (2024) show that a simple bag-of-words base-
line can achieve high ROC-AUC by exploiting this
temporal signal alone. However, Fu et al. (2024)
show that self-prompt calibration, where the tar-
get model itself generates reference data, can raise
MIA AUC from approximately 0.7 to 0.9 for fine-
tuned LLMs, suggesting that the near-random bar-
rier may be partially overcome for models that ex-
hibit stronger memorisation signals.

Document-Level MIA: A More Tractable Task
Meeus et al. (2024) show that document-level con-
tamination detection is substantially more tractable
than instance-level. By constructing splits from
confirmed corpus membership (Common Crawl
WARC headers) and aggregating instance-level
signals across all examples from a document,
they achieve ROC-AUC up to 0.86, suggesting
benchmark-level rather than example-level con-
tamination detection as the practical goal. Puerto
et al. (2025) extend this line by explicitly modeling
sentence-to- paragraph-to-document-to-collection
scales and adapting dataset-inference style aggre-
gation; they report successful MIA results at docu-
ment/collection levels across both pre-trained and
fine-tuned LLMs.

Instruction Fine-Tuning Blind Spots Samuel
et al. (2025) find “notable difficulties in detect-
ing contamination introduced during instruction
fine-tuning with answer augmentation” across five
detection methods and four models. Since IFT is
the most susceptible stage to deliberate benchmark
contamination, this blind spot represents the most
commercially critical gap in current detection ca-
pabilities.

C.4 LLM-Prompted Detection Methods
(Black-Box)

Black-box methods operate without model weights,
training data, or log-probability access, exploiting

model responses to designed prompts. Applicable
to the widest class of models but inherently the
least rigorous: no effect-size estimates; gameable;
inconsistent across models.

Testset Slot Guessing (TS-Guessing) Deng et al.
(2024) introduce TS-Guessing, a method that
masks one incorrect answer option and prompts
the model to identify it. The 25% chance base-
line for four-option questions is easily exceeded
by contaminated models. GPT-4 achieves 57% on
MMLU, and TruthfulQA shows even stronger ef-
fects when benchmark metadata is provided. A
key limitation is that the method is inapplicable to
open-ended generation benchmarks.

Data Contamination Quiz (DCQ) Golchin and
Surdeanu (2025) prompt models to reproduce
or complete benchmark examples. The method
achieves 92–100% detection accuracy on seven
datasets for GPT-3.5 and GPT-4, identifying spe-
cific contamination in AG News, WNLI, and
XSum. Golchin and Surdeanu (2025) extend this
approach to temporal analysis by tracing when
benchmark data entered training through compar-
isons of model checkpoint performance.

KIEval: Interactive Knowledge Evaluation Yu
et al. (2024) deploy an LLM “interactor” to
engage the evaluated model in extended multi-
turn, knowledge-focused dialogue about bench-
mark questions. The interactive protocol is sub-
stantially harder to satisfy through memorisation.
Key findings: (1) contamination often produces
no improvement or a negative effect under inter-
active evaluation; (2) models that perform well on
static benchmarks under contamination sometimes
fail on interactive protocol. This challenges the
assumption that contamination always inflates per-
formance.

Order-Sensitive Generation Analysis Oren
et al. (2024) observe that memorised bench-
marks should be recalled in their original order.
By analysing whether model-generated examples
match original dataset ordering, they develop an
order-sensitive method with a formal statistical test
via exchangeability arguments.

C.5 Benchmark-Level Auditing and
Statistical Methods

ConStat: Performance-Based Statistical De-
tection Dekoninck et al. (2024) propose Con-
Stat, a principled benchmark-level contamina-
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tion detection method. Rather than examining
training data directly, ConStat defines contami-
nation operationally as “artificially inflated and
non-generalizing benchmark performance”, an
outcome-based definition that is access-agnostic.

ConStat compares a model’s performance on a
primary benchmark B with its performance on a ref-
erence benchmark Bref (e.g., rephrased, synthetic,
or parallel variants), relative to a set of reference
models assumed to be uncontaminated. Significant
overperformance on B but not on Bref triggers a
contamination flag with a calibrated p-value and an
effect-size estimate δ̂. These quantitative outputs,
absent from prior methods, enable actionable audit
reports rather than simple binary flags.

Applied to the Open LLM Leaderboard, all three
top-ranked 7B models (May 2024) show signifi-
cant contamination with δ̂ > 10%. For GSM8K,
InternLM-2-Math-7B shows a large effect, with a
primary reported estimate of δ̂ = 27.15% and a
sensitivity estimate of δ̂ = 40% under alternate
reporting settings. These values should be read
as setting-dependent estimates rather than a single
canonical effect size. For HellaSwag, contamina-
tion is found across all three InternLM 7B variants,
with effects of 6–11% (Dekoninck et al., 2024).

Temporal Auditing LiveCodeBench (Jain et al.,
2025) annotates problems with release dates, en-
abling performance stratification by pre- ver-
sus post-cutoff examples. Models show consis-
tent performance drops on post-cutoff problems.
LatestEval (Li et al., 2024a) constructs rolling
reading-comprehension evaluation sets exclusively
from post-cutoff text, providing a continuously
contamination-free evaluation mechanism.

Dataset-Level Kernel Divergence Scoring Re-
cent dataset-level approaches use kernel two-
sample statistics to estimate distributional diver-
gence between candidate benchmark items and
reference non-members, yielding contamination
fraction estimates without relying on exact lexical
overlap. In this line of work, Kernel Divergence
Score-style estimators provide a complementary
signal to ConStat: they are sensitive to distribu-
tional shifts at the dataset level, but require careful
kernel choice, calibration, and sample-size control
to avoid unstable estimates.

Canary Insertion Canary insertion places syn-
thetic uniquely identifiable examples into evalua-
tion or training sets. Recall of canaries provides

direct memorisation evidence.

D Extended Mitigation Profiles

D.1 Static Decontamination: Method-Level
Notes

N -gram filtering is the most deployed mit-
igation, applied by GPT-4 (OpenAI, 2023),
Llama 2 (Touvron et al., 2023), and Qwen-2.5-
Coder (Hui et al., 2024). It provides reliable T1
protection but no T2–T4 protection and is trivially
bypassed by paraphrasing (Dekoninck et al., 2025).

LLM-based semantic decontamination
(Dekoninck et al., 2025) embeds training and
test examples, removing semantically similar
pairs above a threshold. Addresses T2 at higher
computational cost.

Data encryption (Jacovi et al., 2023) encrypts
benchmark test sets to prevent web-crawler capture.
Theoretically sound; limited adoption due to key
management complexity and inability to protect
already-scraped data.

MMLU-CF (Zhao et al., 2025) establishes a
comprehensive rewriting pipeline (2.7M candi-
dates → deduplication → quality filter → diffi-
culty stratification → LLM-verified rewriting →
closed-source test set management) that directly
demonstrates contamination through comparison.

Clean-Eval (Zhu et al., 2024c) purifies con-
taminated benchmarks via paraphrase-and-back-
translation, producing lexically distinct yet seman-
tically preserved variants.

D.2 Dynamic Benchmark Construction:
Method-Level Notes

LiveBench (White et al., 2025) sources ques-
tions from recent math competitions, arXiv pa-
pers, and news articles, updated monthly to ensure
post-cutoff provenance. Scoring against objective
ground-truth values avoids LLM-judge biases. 18
tasks across 6 categories; top models below 65%
accuracy; rank correlations with ChatBot Arena
(0.91) and Arena-Hard (0.88).

LiveCodeBench (Jain et al., 2025) continuously
collects competitive programming problems with
release dates, enabling pre- vs. post-cutoff perfor-
mance stratification, the cleanest available causal
design for contamination attribution.
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Method Family Access Targets Strengths Limitations IFT

String Matching Corpus (white) T1, T2* Scalable; interpretable; low T1 FNR Corpus required; misses T2–T4;
gameable by paraphrase

No

Likelihood-Based Log-probs (gray) T1, T2 No corpus needed; TED gives effect
size

Near-random under MIA; IFT blind;
safety filters interfere

No

MIA Log-probs (gray) T1 Theoretically grounded;
document-level more tractable

ROC-AUC < 0.6 at instance level;
single-epoch bottleneck

No

LLM-Prompted API (black) T1, T2, T3* Works on closed models; cheap;
detects T3 variants

Gameable; inconsistent; no effect size;
heuristic

Partial

Benchmark Auditing Metadata T1–T4 Effect-size estimates (ConStat);
reference-model comparison; any

model

Needs reference benchmark;
population-level; retrospective

Yes*

Table 6: Comparative overview of the five contamination detection method families. “IFT” indicates the ability to
detect instruction fine-tuning contamination. Asterisks denote partial capability: String Matching (T2) mainly for
near-surface variants, LLM-Prompted (T3) is heuristic and model-dependent, and Benchmark Auditing (IFT) is
possible only when suitable reference benchmarks exist.

DyVal (Zhu et al., 2024a) generates reasoning
problems via graph-informed procedures, guaran-
teeing structural novelty. Zhu et al. (2024b) extend
with meta-probing agents probing robustness and
generalisation. Wang et al. (2025) automate bench-
mark evolution via multi-agent frameworks.

TreeEval (Li et al., 2025) makes evaluation ses-
sions irreproducible through tree-based question
planning, rendering advance memorisation impos-
sible. High correlation with AlpacaEval 2.0 using
≈45 questions.

LatestEval (Li et al., 2024a) constructs rolling
reading comprehension evaluations from texts pub-
lished after each model’s training cutoff, providing
continuously contamination-free assessment.

Long-context counterfactual rewriting (e.g.,
LASTINGBENCH). An emerging defense di-
rection constructs long-context evaluation sets
and applies targeted counterfactual rewriting to
preserve reasoning requirements while disrupting
memorized lexical and positional cues. These meth-
ods directly target long-context leakage channels
that are weakly covered by standard n-gram or
short-context decontamination pipelines.

E Worked Example: Applying the T1–T4
Framework and CTC to a Real Case

To demonstrate the operational utility of the tax-
onomy and CTC framework, this appendix applies
both to the InternLM-2-Math-7B / GSM8K con-
tamination case, quantitatively discussed in Sec-
tions 1–5, and provides an illustrative CTC gap
analysis for Llama 2.

Tier Assignment: InternLM-2-Math-7B on
GSM8K

Available published evidence:

1. Perplexity anomaly: Xu et al. (2024) re-
port anomalously low test-set perplexity for In-
ternLM models on GSM8K, consistent with
memorization, but no verbatim n-gram colli-
sion audit has been published for this model’s
training corpus specifically.

2. Performance asymmetry: Dekoninck et al.
(2024) apply ConStat and find δ̂ = 27.15% (pri-
mary) and 40% (sensitivity), i.e., a large, statis-
tically significant over-performance on GSM8K
relative to a semantically equivalent reference
benchmark.

Tier-assignment procedure (following Sec-
tion 3):

T1 check: No verbatim n-gram collision report
for this model’s corpus on GSM8K exists in the
published literature. T1 unconfirmed.

T2 check: The perplexity anomaly is consistent
with syntactic contamination, but no corpus-level
paraphrase audit has been published. T2 plausible
but unconfirmed.

T3 check: No evidence of cross-lingual contami-
nation specific to GSM8K for this model. T3 not
indicated.

T4/Performance-based: ConStat’s large, cali-
brated benchmark-level performance asymmetry
constitutes T4/Performance-based evidence by def-
inition: no item-level overlap demonstration is re-
quired.
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Dimension Disclosed (Llama 2) Status

Training Data Corpus sources, training cutoff, token count, and deduplication procedure
reported

Full

Decontamination n-gram decontamination at 13-gram threshold applied; benchmark list
provided; no semantic decontamination performed

Partial

Evidence Provided n-gram overlap statistics reported; no performance-based statistical audit
(ConStat, TED, or equivalent) conducted

Missing

IFT Stage RLHF and SFT data composition partially described; no explicit benchmark
inclusion audit for the fine-tuning stage

Missing

Reproducibility Prompt templates and few-shot settings described; generation parameters
reported; multi-run variance not reported

Partial

Table 7: Illustrative CTC disclosure audit for Llama 2 (Touvron et al., 2023), based solely on the public technical
report. Status: Full = all required information disclosed; Partial = disclosed with minor omissions; Missing =
not disclosed (significant gap). The two Missing dimensions, performance-based audit and IFT-stage assessment,
correspond precisely to the detection blind spots that n-gram methods cannot address (T2–T4 and IFT-stage
contamination).

Assigned tier: T4 (Performance-based); T1/T2
remain hypotheses pending white- or gray-box cor-
pus access.
RoB-LLM-Contam profile: Low risk on statisti-
cal calibration and comparator validity; some risk
on dataset provenance (training corpus not fully dis-
closed); high risk on contamination operationaliza-
tion (T1/T2 mechanisms unconfirmed). Aggregate
profile: medium confidence.

CTC Gap Analysis: Llama 2 (Illustrative)
Table 7 applies the five CTC dimensions to
Llama 2 (Touvron et al., 2023) using only informa-
tion from the public technical report, illustrating
how the CTC reveals actionable disclosure gaps.

This example shows that even a carefully doc-
umented release like Llama 2 leaves two of the
five CTC dimensions (Missing) substantially undis-
closed. These gaps correspond exactly to the de-
tection blind spots identified in Section 4: T2–T4
contamination is invisible to n-gram methods, and
IFT-stage contamination evades all current detec-
tion techniques (Samuel et al., 2025). Adopting
the CTC would prompt a model team to either con-
duct these audits or explicitly state their absence,
both are more informative than the current norm of
silence.

F Open Research Challenges

C1: Detection inconsistency. Samuel et al.
(2025) report limited consistency between state-
of-the-art contamination detection techniques: the
same model may be flagged as contaminated by
some methods but considered clean by others.
Without a standardized evaluation framework for

comparing detection methods, effectively a “bench-
mark for benchmarks”, it is difficult to measure
progress. Fu et al. (2025) corroborate this finding
in a complementary survey of 50 contamination-
detection papers, concluding that current methods
produce inconsistent results across model families
and benchmark settings, underscoring the urgency
of this challenge.

Open problem. Design a multi-model, multi-
benchmark evaluation framework for systemati-
cally comparing contamination detection meth-
ods, with controlled contamination injection and
ground-truth labels.

C2: Instruction fine-tuning blind spots. All
five detection methods evaluated by Samuel et al.
(2025) struggle to robustly detect contamination
introduced during the instruction fine-tuning (IFT)
stage through answer augmentation, which may be
the stage most susceptible to deliberate contami-
nation. Detecting IFT-specific contamination via
structural signatures in instruction–response pairs
is therefore an urgent research priority.

Open problem. Develop detection methods
targeting IFT-stage contamination by leveraging
structural characteristics of instruction–response
formats.

C3: The generalization–memorization bound-
ary. No accepted operational definition clearly
delineates where legitimate generalization ends and
problematic task-level memorization (T4) begins.
Without such a definition, claims of contamination
at the task level remain epistemically contestable.
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Dimension Ravaut et al. (2024) Cheng et al. (2025) Chen et al. (2025) This Paper

Organizing axis Technique families Access level Evaluation design Mechanism-based taxonomy
(Tier 1–Tier 4)

Taxonomy structure No explicit taxonomy Access-based taxonomy Evaluation-strategy
taxonomy

Four-tier mechanism taxonomy
(Tier 1–Tier 4)

Evidence grading methodology Narrative discussion
only

Narrative discussion
only Narrative discussion only RoB-LLM-Contam framework

with PRISMA methodology

PRISMA-style systematic review
process No No No Yes

Coverage of post-2024
contamination methods Partial Partial Partial Comprehensive coverage

Disclosure and reporting standard No disclosure standard No disclosure standard No disclosure standard Contamination Transparency
Card (CTC) standard

Mitigation coverage Included Included Focused on evaluation
only

Lifecycle-oriented mitigation
framework

Multilingual contamination
analysis Limited Limited Limited Tier 3 multilingual analysis with

DeepContam benchmark

Table 8: Comparison of concurrent contamination surveys across major methodological and reporting dimensions.
This paper introduces a mechanism-based four-tier taxonomy, the RoB-LLM-Contam evidence grading framework,
PRISMA-style systematic synthesis, and the Contamination Transparency Card (CTC) disclosure standard.

C4: Closed-source opacity. Frontier models
such as GPT-4o, Claude 3.5, and Gemini Ultra
provide no access to training data, model weights,
or log-probabilities. Methods such as ConStat
and black-box prompting offer partial solutions,
but quantitative effect-size estimation is possible
in black-box settings via benchmark-level meth-
ods such as ConStat; these estimates depend on
availability of suitable reference benchmarks and
identifying assumptions. Regulatory or report-
ing frameworks requiring contamination disclosure
may therefore become necessary.

C5: Multilingual contamination dynamics.
Translation contamination (Yao et al., 2024) sug-
gests that contamination operates asymmetrically
across languages, potentially disadvantaging low-
resource languages in benchmark evaluation. Cur-
rent evidence is still narrow and concentrated in a
small number of studies, with limited coverage of
non-English dynamic benchmarks and cross-script
evaluation settings. Detection methods therefore re-
quire systematic multilingual and translation-aware
validation across language pairs, scripts, and bench-
mark families rather than single-benchmark demon-
strations.

C6: RLHF contamination vectors. Reinforce-
ment learning from human feedback (RLHF) and
related post-training procedures remain less stud-
ied than pretraining/SFT as potential contamina-
tion vectors. If reward models encode preferences
aligned with benchmark answers, the resulting poli-
cies may exhibit contamination-like performance
inflation even without direct inclusion of bench-

mark data in training. Recent work introduces
RL-specific detection and benchmark design (e.g.,
entropy-collapse probing with RL-MIA), but ev-
idence is still early and concentrated in preprint-
stage studies (Tao et al., 2026).

G Related Work

Concurrent surveys. Ravaut et al. (2025) pro-
vide the most comprehensive review of contamina-
tion detection methodologies (over 50 techniques
across more than 120 papers). Our work dif-
fers in three concrete ways: (1) we introduce a
mechanism-first four-tier taxonomy (T1–T4) that
maps contamination type directly to detection strat-
egy and expected detectability, absent from prior
surveys; (2) we apply a formal risk-of-bias instru-
ment (RoB-LLM-Contam) and PRISMA-style flow
accounting to enable reproducible evidence grad-
ing; and (3) we cover post-2024 developments,
ConStat, dynamic benchmarks, CAMIA, DC-PDD,
and early RL-stage detectors, that postdate their
coverage and propose the CTC as an actionable
disclosure standard. Cheng et al. (2025) organize
the literature by model access level, while Chen
et al. (2025) focus on contamination-free evalua-
tion. Fu et al. (2025) survey 50 papers on con-
tamination detection methods and find persistent
inconsistencies across method families, indepen-
dently corroborating Challenge C1 (Section F) and
the gap that motivates the CTC. Table 8 provides a
structured comparison of scope and primary contri-
butions across the four surveys.
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Recent additions beyond earlier surveys. We
additionally cover several newer strands that are
often only briefly treated: dataset-level kernel-
divergence scoring for contamination fraction es-
timation, long-context leakage defenses based on
targeted counterfactual rewriting (e.g., LASTING-
BENCH), contamination-aware code benchmarks
(e.g., HumanEval_T and LBPP), and controlled
contamination-injection analyses for generative
reasoning. We also include context-aware token-
level MIAs (CAMIA), divergence-calibrated pre-
training data detection (DC-PDD), and multi-scale
MIA aggregation from paragraph to collection
levels (Chang et al., 2025; Zhang et al., 2024c;
Puerto et al., 2025). Coverage remains stronger
for English-centric benchmarks than for language-
diverse evaluation suites, and this imbalance should
be corrected in future updates.

Benchmark validity. Ribeiro et al. (2020)
demonstrate through behavioural testing that high
benchmark scores mask systematic capability fail-
ures. Rodriguez et al. (2021) show that saturation
reduces information per evaluation dollar regard-
less of contamination.

Memorisation in neural networks. Carlini et al.
(2021) establish foundational results on LLM mem-
orisation. Carlini et al. (2023) show super-linear
scaling of memorisation with model size, a criti-
cal input to understanding when T1 contamination
becomes active. Biderman et al. (2023) show mem-
orisation is emergent and predictable: specific ex-
amples are memorised at predictable training token
thresholds.

Data governance and privacy. Carlini et al.
(2021) show that specific sequences, potentially
including benchmark items, can be extracted from
LLMs through targeted prompting, providing a
privacy-based regulatory motivation for contam-
ination transparency beyond evaluation integrity.
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