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Kurzfassung

GroBe Sprachmodelle (Large Language Models, LLMs) haben in jiingerer Zeit bemer-
kenswerte Fortschritte erzielt, unter anderem im Losen mathematischer Aufgaben. Unter
Forschenden bestehen jedoch Bedenken, dass diese Erfolge primér auf ein Phianomen
namens Datenkontamination (Data Contamination) zuriickzufithren ist. Datenkontamina-
tion tritt auf, wenn LLMs wéhrend des Trainings bereits mit jenen Beispielen konfrontiert
wurden, auf Basis derer sie nachtriglich getestet werden. Dieses Phénomen kann die
Bewertung der Modelle in solchen Tests kiinstlich verbessern.

Diese Arbeit widmet sich der Untersuchung dieses Phénomens durch die Einfiithrung eines
neuen mathematischen Datensatzes MathCONTA, der speziell fiir die Evaluierung beste-
hender Methoden zur Detektion von Datenkontamination erstellt wurde. MathCONTA
enthilt sowohl mathematische Aufgaben, von denen bekannt ist, dass sie den Model-
len wihrend des Trainings vorlagen, sowie vollkommen neue Aufgaben. Im Gegensatz
zu bisherigen Arbeiten, die Kontaminationseffekte meist durch kiinstliches Finetuning
untersuchen, ermoéglicht MathCONTA die Untersuchung unter natiirlichen Kontaminati-
onsbedingungen.

Anhand dieses Datensatzes werden verschiedene repréasentative Detektionsmethoden,
darunter minK %, n-gram accuracy und CDD evaluiert. Die Ergebnisse zeigen, dass keine
dieser Methoden — auch nicht deren Kombination — ausreichend zuverléssig zwischen
kontaminierten und nicht kontaminierten Aufgaben unterscheiden kénnen.

Abschlieflend werden die tatséchlichen Auswirkungen von Datenkontamination auf die
Losung mathematischer Aufgaben in MathCONTA untersucht. Es zeigt sich, dass kontami-
nierte Beispiele im Durchschnitt zwar hdufiger korrekt gelost werden, dieser Unterschied
jedoch nicht statistisch signifikant ist. Daraus folgt, dass Datenkontamination nicht der al-
leinige Grund fiir die jiingsten Erfolge von Sprachmodellen im Bereich des mathematischen
Problemlosens sein kann.

Aus Transparenzgriinden wird der Datensatz und der gesamte Code einschliefflich aller
Experimente offentlich zugénglich gemacht.

X1
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Abstract

Large language models (LLMs) have demonstrated impressive capabilities in mathematical
reasoning tasks. However, concerns persist around data contamination, where benchmark
problems used for evaluation have appeared in the model’s pretraining data. Such
contamination can artificially inflate performance metrics, particularly in domains where
genuine reasoning must be distinguished from memorization. This thesis introduces
MathCONTA, a novel mathematical dataset for contamination detection. It spans multiple
domains—including algebra, number theory, combinatorics, and integration—and covers
various difficulty levels, from simple word problems to advanced math contest problems.

MathCONTA consists of two balanced subsets: one containing problems known to have
been seen during pretraining (contaminated) and another with entirely novel problems
(uncontaminated). In contrast to previous studies that simulate contamination via finetun-
ing, MathCONTA reflects how contamination arises naturally during pretraining, offering
a more realistic basis for evaluation. Using this dataset, we evaluate several representative
detection methods, including min K%, n-gram accuracy, and Contamination Detection
via output Distribution (CDD), spanning confidence-based and memorization-based
approaches. Our findings show, perhaps surprisingly, that none of the tested techniques
reliably distinguish between contaminated and uncontaminated items. Moreover, combin-
ing these methods does not significantly improve detection performance. We hypothesize
that this is because MathCONTA requires detecting subtle, incidental mathematical
contamination arising naturally during large-scale pretraining, rather than the more
obvious contamination introduced through fine-tuning.

Finally, we analyze the downstream impact of contamination on model accuracy and
find that while it can lead to modest gains at specific difficulty levels, it is unlikely to be
the primary factor behind recent advances in LLM-based mathematical reasoning. To
support transparency and future research, MathCONTA and all accompanying code for
experiments will be made openly available.

xiii
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CHAPTER

Introduction

1.1 Problem Statement

Recent advances in large language models (LLMs) have led to significant performance
gains across various natural language tasks, including mathematical reasoning. However,
a critical concern has emerged regarding the integrity of these evaluations: the possibility
that benchmark questions used for testing may have been seen during training. This
phenomenon—known as data contamination [1]-[3]—can inflate performance metrics
and obscure the true generalization capabilities of a model [4], particularly in specialized
domains such as mathematics [5).

In the context of mathematical problem-solving, where distinguishing between genuine
reasoning and simple memorization is essential, the risk of contamination is particularly
high. Several methods have been proposed to detect such contamination, typically relying
on token probability analysis or memorization-based heuristics. Yet, the effectiveness of
these methods has not been thoroughly assessed in a controlled setting [6], particularly
within the domain of mathematical benchmarks.

To address this gap, this thesis presents MathCONTA, a novel dataset for contami-
nation detection in mathematics. It spans multiple domains—including algebra, number
theory, combinatorics, and integration—and covers various difficulty levels, from simple
word problems to advanced math contest problems. The dataset is designed to evaluate
contamination detection methods under direct pretraining exposure. It contains an equal
mix of questions seen during pretraining and entirely new problems. Importantly, unlike
many prior studies that introduce contamination artificially via finetuning |7]-[9], Math-
CONTA reflects contamination as it arises naturally during pretraining. This distinction
enhances the validity of our evaluation and ensures that our findings are applicable to
real-world model deployment scenarios.
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1.

INTRODUCTION

1.2 Research Questions

To guide this investigation and address current limitations in the field of data contamina-
tion detection, we define the following research questions:

e RQ1: How effectively can current closed-data contamination detection methods

identify whether mathematical benchmark questions—drawn from a dataset with
an equal mix of pretraining-seen and novel items—are contaminated or uncontami-
nated?

RQ2: To what extent does pretraining contamination influence the accuracy
of large language models on mathematical benchmark questions from the same
dataset?

1.3 Definitions and Terminology

This section defines key terms and concepts central to data contamination detection in
mathematical benchmarks to establish a common understanding.

Data Contamination: Data Contamination describes the presence of overlapping
content between training and evaluation datasets |1]—[3].

Direct Contamination: Direct contamination is a form of data contamination
where identical text sequences occur in both the training and evaluation sets [10].

Indirect Contamination: In contrast, indirect contamination is a form of data
contamination where semantically equivalent but syntactically altered content
appears in both datasets [4]. This includes paraphrased, reworded, or otherwise
modified instances of the same underlying information.

Memorization: Memorization is a model’s ability to exactly reproduce a sequence
of tokens encountered during training [11], [12].

(Mathematical) Benchmark Data Contamination: Benchmark data contam-
ination is a specific form of data contamination that occurs when a benchmark
question and at least one valid answer appear in the training corpus [1]-[3]. The
presence of such contamination is considered independent of whether the model
explicitly exploits it, such as through memorization. Benchmark data points are
typically represented as tuples of the form (Question, Answer). In the context of
mathematical benchmark data contamination, we extend this concept to tuples of
the form (Mathematical Problem/Statement, Solution/Proof).

In this work, we use the term data contamination exclusively to refer to direct
benchmark data contamination if not otherwise specified.
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1.4. Research Objectives

¢ Open-Data Contamination Detection Methods: Methods that rely on the full
availability of training data, enabling direct comparisons between known training
and evaluation datasets.

¢ Closed-Data Contamination Detection Methods: Methods that detect data
contamination without access to the training data, relying solely on abnormal
patterns in model responses or token probabilities.

e White-Box LLM Access: White-box access refers to the ability to retrieve the
full next-token probability distribution generated by a language model. This means
accessing the complete probability vector for all possible next tokens instead of
merely observing the output text.

¢ Black-Box LLM Access: Black-box access refers to restricted interaction with a
language model, where only the generated text output is accessible.

1.4 Research Objectives

While benchmark data contamination is widely acknowledged as a pressing issue [4],
[7], |13], existing detection methods have not been thoroughly validated in realistic,
domain-specific scenarios [6], [14]. This thesis aims to fill that gap by evaluating the
reliability of such methods using the MathCONTA dataset. The primary objectives are
twofold:

1. To assess whether current contamination detection techniques can reliably dif-
ferentiate between contaminated and uncontaminated items in a math-specific,
closed-data setting.

2. To quantify the effect of pretraining contamination on model performance, determin-
ing whether it significantly contributes to observed improvements in mathematical
reasoning.

A key contribution of this work is its emphasis on naturally occurring contamination
during pretraining, as opposed to simulated contamination through finetuning. This
design choice ensures that the resulting analysis reflects more realistic conditions under
which contamination may influence model performance and evaluation integrity.

1.5 Methodological Approach

A high-level overview of the proposed methodology is provided in Figure 1.1. We start
from the OpenWebMath (OWM) [15] dataset, sampling mathematical examples labeled
as Contaminated if they originate from the training corpus, and as Clean if they are
drawn from external sources (details are presented in 3.1).
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1.

INTRODUCTION

For RQ1, we evaluate a selection of existing Contamination Detection Methods (CDMs),
some of which require access to the full next-token probability distribution (Py) or
the LLM’s natural language answers (Appm). The goal is to identify the method that
achieves the highest classification accuracy when predicting whether a given question
(@) and its ground truth answer (Agq) are contaminated or clean. To ensure fair
evaluation, we split MathCONTA into training and test sets, tune all methods using
5-fold stratified cross-validation on the training set, and report the final accuracy on the
test set. Statistical significance compared to a random guessing baseline is assessed using
McNemar’s test .

For RQ2, the LLM’s performance is evaluated separately on the Contaminated and Clean
subsets using 1-shot chain-of-thought (CoT) prompting. Full points are awarded only
when the model’s output matches the reference solution. The resulting performance gap
between the subsets is analyzed using the Mann—Whitney U test to assess the effects
of contamination.

\ Q Agold Label
Q av A% Conta

Q, AN\ Conta
AN | | AN .
AN | | AN

/

Qg1 AN\ Clean
Qo  av av Clean
[ ]

Offline Docs & AMCB8/AIME 2025

Figure 1.1: Overview of the methodological approach: Mathematical examples are
sampled and labeled depending on their source (see section 3.1). For Research Question
1 (RQ1), a selection of Contamination Detection Methods (CDMs) (section 3.2) are
evaluated on their ability to distinguish between Contaminated and Clean examples
using LLM outputs, such as next-token probability distributions (Py) and natural
language answers (Appn). Methods are trained and validated via 5-fold stratified cross-
validation on the MathCONTA training set and tested separately (section 3.3). For
Research Question 2 (RQ2), LLM performance is measured on the Contaminated and
Clean subsets using 1-shot chain-of-thought prompting to quantify contamination impact
(section 3.4).



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

1.6. Main Contributions

1.6 Main Contributions

Our work makes the following key contributions:

e We introduce MathCONTA, a dataset of 100 high-quality mathematical question-
answer pairs. It provides ground-truth contamination labels for all LLMs pretrained
on OpenWebMath , enabling contamination detection and performance gap
evaluation. The dataset and all accompanying experimental code are publicly
available to support future research.»?

e Using MathCONTA, we show that existing closed-data detection methods—such as
min K , CDD [@]’ n-gram accuracy , and their combinations—are insufficient
to distinguish between contaminated and clean examples reliably.

o We further demonstrate that subtle contamination from mathematical pretraining
has a small but statistically insignificant effect and does not account for recent
LLM performance gains.

1.7 Structure of the Work

The remainder of this thesis is structured as follows. Chapter |2/ introduces LLMs and
reviews related work, positioning this study within the broader research landscape.
Chapter |3 describes the proposed methodology, including dataset preparation, method
selection and adaptation, and evaluation protocols. Chapter 4] presents the experimental
results and key findings. Chapter |5/ discusses the implications of the results and provides
critical reflections. Chapter 6/ outlines the limitations of the thesis and potential directions
for future work. Finally, Chapter |7 summarizes the main contributions of the thesis.

MathCONTA Dataset: https://huggingface.co/datasets/Tobstar001/MathCONTA
2Code and Raw Data: https://github.com/Tobstar001/MathCONTA_MasterThesis.git


https://huggingface.co/datasets/Tobstar001/MathCONTA
https://github.com/Tobstar001/MathCONTA_MasterThesis.git
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CHAPTER

Background and Related Work

2.1 Data Usage in LLMs

This section provides a brief overview of the commonly used mechanisms within LLMs, fol-
lowed by a discussion of the stages at which different training data is utilized, highlighting
points where contamination may occur.

2.1.1 Inner Workings of LLMs

Despite the existence of thousands of different LLMs today, LLMs primarily utilize the
decoder architecture |19 p. 28], which is based on the Transformer algorithm and its
self-attention mechanism [20].

A defining feature of the decoder architecture is its access to only preceding tokens in a
sequence, in contrast to the encoder architecture, which can incorporate both preceding
and succeeding tokens.

At its core, a single layer in the Transformer algorithm consists of two primary components:
(1) a multi-head self-attention mechanism, which captures token relationships within a
sequence, and (2) a position-wise feed-forward neural network that processes the attended
information.

For input embeddings X € R**? the self-attention mechanism is defined as [20]:

. QK'
Attention(Q, K, V) = softmax V,
Vg

where Q = XWg, K = XWg, and V = XWy represent the query, key, and value
matrices, computed via learned weights Wg, W, Wy € Rxd
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2. BACKGROUND AND RELATED WORK
To allow the model to focus on different aspects of the previous tokens, the multi-head
attention mechanism processes multiple attention heads in parallel:
MultiHead(X) = Concat(heady, ..., head;)Woq,
where each head is defined as:
head; = Attention(Q;, K;, V;),
using independent weight matrices for each head. The combined output is projected back
to the model dimension via Wg. Following this, a position-wise feed-forward network
applies two fully connected layers with an activation function, transforming the attended
data further.
The Transformer architecture typically consists of multiple such layers, stacked to increase
the model’s capacity to understand complex relationships in the token sequence, e.g.
GPT-3 employs 96 such transformer layers stacked together [21].
2.1.2 Pretraining
Pretraining Task
The weight matrices of transformer networks are updated most commonly using an
unsupervised pretraining task, known as language modeling p. 26]): Token sequences
X = {x1,x2,...,x¢} are extracted from a large text corpus and the LLM aims to predict
the next token x; given the preceding tokens. This task optimizes the cumulative
log-likelihood:
¢
L; = Zlogp(xj | 21, 29,...,2j-1).
j=1
The model’s prediction is compared to the actual token, and the cross-entropy loss is
computed as:
1.t
j=1
where p(z;) is the predicted probability of the true token ;. This loss is minimized via
backpropagation to update the model’s weights.
A key advantage of this approach is its unsupervised nature, as the text itself inherently
provides the true labels. The next section discusses the datasets commonly used for this
pretraining process.
8
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2.1. Data Usage in LLMs

Commonly used Pretraining Sources

Commonly used sources for pretraining data can be broadly categorized into web pages,
books, and code. For web pages, large-scale datasets such as CommonCrawl -which
include snapshots of most web content on the Internet, although with significant amounts
of noisy and low-quality information - are widely used. Filtered subsets of such datasets,
like C4, RedPajama-Data, and Wikipedia, provide cleaner and more focused sources of
information. Further specialized subsets, such as OpenWebMath [15], are available for
specific domains, such as mathematics.

Books are another important category, offering high-quality data from datasets such as
BookCorpus and Project Gutenberg, which include tens of thousands of books. Academic
literature, such as the arXiv Dataset, provides additional high-quality training data in
the form of scientific papers.

A third key category consists of code datasets sourced from public repositories, such as
those available on GitHub.

Given the massive size of these datasets—often in the range of terabytes of raw text—there
is a significant risk that benchmark data may inadvertently or intentionally be included
in the model’s training corpus, leading to potential data contamination.

Introduction to OpenWebMath [15] OpenWebMath (OWM) is a central resource
in this thesis. It consists of approximately 6.3 million mathematical webpages, totaling
14.7 billion tokens (~ 52 GB), collected from Common Crawl snapshots between May
2013 and April 2023. The dataset was curated through a multi-stage filtering pipeline,
including English language detection, a MathScore classifier for mathematical relevance,
and perplexity-based quality filtering. Deduplication was performed using SimHash
(threshold 0.7) followed by manual domain-level inspection.

Some of the largest domains in OWM are stackexchange.com (17.99% of all web-
pages), physicsforums.com, and mathhelpforum.com.

Models trained on OWM achieve strong results on mathematical benchmarks, outper-
forming models trained on larger general-domain corpora.[15]. While OWM was not
designed for contamination analysis, we employ it as a reference: (Question, Answer)
pairs found in OWM are labeled as Contaminated. Pairs not found in OWM are labeled
as Clean if they additionally satisfy at least one of the following criteria: (1) sourced
from a German offline book, (2) written or modified by the author, or (3) created after
the year 2024. Section [3.1] provides details of the curation methodology.

2.1.3 Fine-tuning

After pretraining, it has been shown that LLMs develop a general understanding of the
grammar and syntax of the language on which they were trained. However, the model
remains unaligned at this stage, meaning it lacks safeguards to prevent generating toxic,
dishonest, or harmful responses. Additionally, it is not designed to follow instructions or
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perform specific tasks. Addressing these limitations requires an additional training phase
known as fine-tuning [19, p. 15].

Supervised Fine-Tuning (SFT) involves training the model on curated datasets
containing high-quality examples, such as question-answer pairs, conversational exchanges
(chat-style), or task completions. Unlike pretraining, which focuses on language modeling,
SET adjusts the model’s weights using a sequence-to-sequence loss function, evaluating
how well the output adheres to the given instruction. Despite relying on a smaller dataset
compared to pretraining, SFT significantly enhances or unlocks the LLM’s capacities |19}
p. 34]. Common datasets for this stage include standard NLP task datasets such as P3
and FLAN, conversational datasets like ShareGPT and OpenAssistant, and synthetic
datasets generated semi-automatically by other LLMs, such as Self-Instruct-52K and
Alpaca |19, p. 15].

Following fine-tuning, Reinforcement Learning from Human Feedback (RLHF) is
commonly applied to align the LLM with human values, such as helpfulness, honesty, and
harmlessness. RLHF involves training the model using feedback from human evaluators,
who rank model outputs based on alignment with desired behaviors. This feedback is then
incorporated using reinforcement learning algorithms to refine the model’s responses |19,
p. 38]. Common datasets for RLHF include HH-RLHF, SHP, and Stack Exchange
Preferences |19, p. 15].

2.1.4 Specific LLMs

This section provides an overview of the large language models used in our experiments
(Table 2.1). All selected models are decoder-only transformer architectures with publicly
available weights, parameter sizes suitable for experiments on platforms such as Google
Colab (7B-13B), and a particular focus on mathematical reasoning. Notably, all models
include OpenWebMath (OWM) as part of their pretraining corpus.

OLMo-Series [22]

The OLMo series, developed by the Allen Institute for Al, is characterized by full trans-
parency: model architecture, training corpora, and intermediate weights are openly
documented and available. These models employ a transformer decoder architecture [20]
with no biases, SwWiGLU activations, and Rotary Positional Embeddings (RoPE). Tok-
enization is performed using a BPE-based tokenizer.

o« OLMo-0724-7B (OL) [22]: This model includes 7 billion parameters, with 32
layers, 32 attention heads, and a hidden size of 4096. It features QKV clipping for
training stability and an extended context window of 4096 tokens. Pretraining was
conducted on the DOLMA v1.7 corpus [23], a 2.7 trillion-token dataset sourced
from Common Crawl, Wikipedia, GitHub, Reddit, Semantic Scholar, and Project
Gutenberg, with added high-quality content including Open WebMath. Fine-tuning
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Table 2.1: Overview of data usage and architectorial design choices of different open-

source LLMs

(Code-LLaMA)

Proof-Pile-2
(200B tokens)

camel-ai/math
(50k examples)

Model (base) Size | Vocab| Pretraining Data Fine-Tuning Data Includes
Size OWM
DOLMA corpus 1.7 TULU 2 SFT mix
OLMo-7B-0724 7B | 50k (45 TB) (05 TB) Yes
OLMo-Miz-112
(3.9T tokens) .
OLMo-2 13B | 100k Dolmino-Miz-112/ TULU 3 SFT mix Yes
(843B tokens)
DeepSeekCoder Corpus
(800 GB) [Stage 1] DeepSeekMath SFT Yes*
gzl))iggziffé{oi{?th B 32k DeepSeekMath Corpus (776K examples) (as seed)
(12OB tokens) [Stage 2]
LLaMA 2 corpus (-) mulnstruct
Lemma-7B B | 39k Code LLaMA corpus (-)| (1.8k examples) Yes

was performed on the TULU-2-SFT-MIX dataset, comprising data from FLAN,
ShareGPT, and OpenAssistant. The model was released in July 2024.

o OLMo-2-13B (OL2) [24]: This 13 billion parameter model incorporates architec-
tural enhancements such as improved normalization and regularization [24} p. 7],
and uses an expanded vocabulary of 100,000 tokens. Pretraining was carried out in
two stages: first on olmo-miz-1124, which includes DCLM-Baseline, Algebraic-stack,
and OpenWebMath; second on dolmino-mix-1124, a curated mix of high-quality,
math-focused, and synthetic data. Three models were trained on separate subsets
and merged using model souping. Fine-tuning used the tulu-3-sft-olmo-2-mizture
dataset. The model was released in November 2024.

DeepSeekMath (DS) [25]

DeepSeekMath is a decoder transformer model with 7 billion parameters and a 32,000-
token vocabulary. It is derived from continuous pretraining of the base LLM, DeepSeek-
Code, which was initially trained on the DeepSeekCoder Corpus to specialize in coding
skills. The model’s training further utilized the 120 billion-token DeepSeekMath Corpus,
constructed from filtered web pages in CommonCrawl. This corpus was curated with
the assistance of OpenWebMath, taking it as an example of how high-quality math web
pages should look. Although DeepSeekMath has open weights, the complete pretraining
corpus is not publicly available. The model was released in February 2024.

11
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Lemma-7B (LE) [26]

Lemma is a 7-billion-parameter decoder transformer model with a 32,000-token vocabulary.
It builds on the base model Code-LLaMA, which was pretrained using the LLaMA 2
corpus and the Code-LLaMA corpus. Lemma’s training included the 200 billion-token
Proof-Pile-2 dataset, supplemented by fine-tuning on smaller datasets such as mulnstruct
(1.8k examples) and camel-ai/math (50k examples). OpenWebMath is explicitly included
in the Proof-Pile-2 dataset. While Lemma’s weights are open, details of the pretraining
corpus for LLaMA 2 are not publicly available. The model was released in September
2023.

2.2 Evaluation with Benchmarks

2.2.1 Introduction to LLM Evaluation

Language modeling, the core ability of LLMs, involves predicting the next token based
on preceding tokens (see subsection 2.1.2). This capability primarily reflects a model’s
proficiency in basic language understanding and generation. Perplexity is a commonly
used metric for assessing this ability |19} p. 56].

As LLMs have evolved from simple language models into general-purpose task solvers,
evaluation criteria have also shifted. While human evaluators are often employed (for
example, within a crowdsourcing platform called Chatbot Arena [27]), this approach
lacks objectivity and is not always reproducible [19, p. 65]. Alternatively, other LLMs
can serve as evaluators, offering a scalable and efficient solution [28]. However, they
introduce certain biases, such as self-enhancement tendencies, i.e., the tendency to prefer
answers from themselves or their model family and have a preference for verbose answers.
Moreover, due to their current limitations in handling complex reasoning tasks, LLMs
alone are insufficient as evaluators in specialized domains such as mathematics.

The most common approach for evaluating LLMs is the use of benchmarks. Bench-
marks typically consist of a diverse set of test questions similar to those given to humans,
covering areas such as language generation, knowledge utilization, reasoning, safety,
and tool manipulation. Benchmarks are particularly valuable for monitoring model
performance during pretraining and for comparing different LLMs. Consequently, new
LLM releases are typically accompanied by standardized benchmark scores. However,
benchmark-based evaluation has limitations: When evaluated automatically, LLMs are
often sensitive to evaluation conditions, including prompt phrasing, zero-shot versus
few-shot testing, and answer parsing methods. Additionally, publicly available benchmark
datasets are susceptible to data contamination.
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2.2.2 Mathematical Benchmarks

The following section will introduce the most common benchmarks for evaluating LLMs’
mathematical abilities in natural language, distinguishing between static and dynamic
evaluation settings. Static benchmarks are predefined datasets that remain fixed over
time. Dynamic benchmarks, a relatively recent development (with the first appearing in
2023 [10]), aim to mitigate the risks of data contamination by continuously updating or
adapting the questions.

Static Mathematical Benchmarks

Commonly used static or note-worthy mathematical benchmarks in natural language are:

o« GSMBSK (29| consists of grade-school level math word problems that typically
require multi-step arithmetic reasoning (2-8 steps of basic operations). Each problem
is written in natural language and is solvable by a bright middle school student.
A step-by-step solution is provided. The dataset contains 8,500 problems in total
(approximately 7,500 training and 1,000 test questions)

« MATH [30] is a collection of challenging competition-level mathematics problems,
spanning algebra, geometry, number theory, and more at roughly high-school
olympiad difficulty. Each question is accompanied by a full step-by-step solution.
It contains 12,500 problems in total (with a standard split of 7,500 training and
5,000 test questions).

« GHOSTS [31] is a collection of graduate-level and research-level math questions
in natural language curated by professional mathematicians. The full GHOSTS
benchmark includes 728 prompts. For each prompt, ChatGPT/GPT-4’s answer was
evaluated by expert mathematicians manually, providing a scoring of the model’s
output.

Additional static mathematical benchmarks include SVAMP [32], MATH 401 [33],

AGIEval [34], ARB [35], OlympiadBench [36], and the IMO Small Challenge [37].

Recent benchmarks, such as GSM1K [38], employ private test sets to mitigate the
risk of data contamination. Others propose generalizing existing datasets, for example
extensions of GSMS8K [39], [40], to analyze performance gaps relative to the original
benchmark. For further details about performance analysis, see Section 2.3.2.

Dynamic Mathematical Benchmarks
Commonly used dynamic mathematical benchmarks in natural language are:
o LiveBench [41] and MathArena [42] LiveBench is a benchmark updated

every six months, covering multiple domains. The mathematics category includes
problems sourced from high school math competitions held in the past 12 months

13
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(e.g., AMC12, AIME, USAMO, IMO) as well as synthetically generated, more
challenging problems from the AMPS dataset [30]. For proof-based questions,
certain parts of the ground-truth solutions are masked, requiring the LLM to
reconstruct the missing expressions in the correct positions. This approach ensures
that all problems have easily verifiable ground-truth labels. The benchmark contains
approximately 230 math questions in total. A related benchmark with examples
from recent math competition provides MathArena [42].

o« UGMathBench [43] focuses specifically on undergraduate-level mathematical
reasoning. The dataset consists of 5,062 problems sourced from a university
database, each with three randomized versions, with plans to introduce additional
versions over time. They introduce two new evaluation metrics: Effective Accuracy,
which measures the percentage of correctly solved problems across all randomized
versions, and Reasoning Gap, which increases when the effective accuracy is lower
than the overall average accuracy.

It is worth noting that examples from competitions (such as AMC ', AIME 2, USAMO 2,
and IMO ) are frequently used for a way of dynamically assess the reasoning capabilities
of LLMs. We also highlight the AIMO Prize [’| as a recent initiative to encourage open
development of Al models capable of advanced mathematical reasoning.

While dynamic benchmarks reduce the risk of data contamination by regularly introducing
new problems, they also introduce variability in difficulty across iterations. Moreover,
they cannot fully eliminate the possibility that some questions were seen during training.
To address this, robust post-hoc contamination detection is essential, as it can help
identify compromised items and inform the careful selection of future problems.

2.2.3 Datasets for Contamination Detection

Previous benchmarks target the performance evaluation of LLMs. In contrast, recent
efforts introduce datasets specifically designed to assess contamination detection. It is
worth noting that these datasets are not specific to math.

o WikiMIA [18]: Uses Wikipedia event page timestamps to separate seen (before
January 1, 2023) and unseen data (after), evaluating contamination in QA tasks.

o PatentMIA [44]: Consists of Chinese patent documents partitioned by publication
date (before January 1, 2023 vs. after March 1, 2024), targeting membership
inference in patents.

"https://maa.org/student-programs/amc/
2https://maa.org/maa-invitational-competitions/
3https://maa.org/student-programs/amc/
“https://www.imo-official.org/
Shttps://aimoprize.com/
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o StackMIA [45]: Derived from Stack Exchange posts, employing temporal splits
around model-specific cutoff dates to detect contamination in code and technical
QA tasks.

o MIMIR |14]: Samples members and non-members from the Pile’s train and test split
across seven diverse sources: general web (Pile-CC), knowledge bases (Wikipedia),
academic papers (PubMed Central, ArXiv), dialogues (HackerNews), and specialized
domains (DM Math or GitHub).

o DetCon |9]: Compares outputs from clean and contaminated LLMs, focusing on
mathematical, logical, and coding tasks. Unlike the others, DetCon uses pre-
generated outputs and is not intended for new LLM contamination experiments.

To complement these resources, we introduce MathCONTA, a dataset of 100 high-quality
mathematical question-answer pairs. MathCONTA ensures ground-truth alignment for
all LLMs pretrained on OpenWebMath [15] and release dates before 2025. It supports
both contamination detection and model evaluation.

2.3 Data Contamination Detection Methods

2.3.1 Overview

We adopt a categorization of existing approaches similar to the survey by [1], distinguishing
between open-data and closed-data settings:

¢ Open Data: Methods that rely on the full availability of training data, enabling
direct comparisons between known training and evaluation datasets. Typical
techniques include n-gram matching [21], [46], [47], embedding similarity search [48],
and LLM-based paraphrase detection [4].

e Closed Data: Methods that evaluate models without access to their training
data. Early work primarily focuses on membership inference attacks on LLMs [49]
and on fundamental aspects of memorization and exploitation [50]. More recent
approaches build on these insights, relying on behavioral signals, and can be further
categorized into:

— Model Confidence: Approaches that infer contamination based on statistical
patterns such as token probabilities or output distributions. Representative
techniques include MinK% [18], Conta Traces (named coined by the author
of the thesis as no name was given) [51], perplexity-based comparisons over
time [52] or with reference samples [49] and contamination detection via output
distribution [9], [53].

— Model Memorization: Methods that assess whether a model has memo-
rized specific examples by measuring its ability to reproduce, complete, or

15
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reconstruct text. These include n-gram accuracy [8], Test Slot Guessing
(TS-Guessing) [54], and Guided Instruction [55].

— Other Methods: Other methods focus on better calibration techniques [44],
[45] or use the information in hidden states of LLMs [7].

— Performance Analysis: This approach identifies contamination by detect-
ing unusual performance changes on potentially contaminated samples. For
instance, performance drops may arise due to training cut-off dates, as in code
datasets analyzed in [56], [57], or through generalization measures, which can
degrade performance in mathematical benchmarks [7], [38]-[40], [58].

Since this thesis focuses on evaluating methods within closed-data settings, the next
section will introduce the techniques in greater detail.

2.3.2 Closed-Data Settings

Contamination detection presents a significant challenge in closed-data settings. Unlike
open-data scenarios, which emphasize tasks such as retrieval and search, the focus here
shifts to identifying anomalous statistical patterns in model behavior and outputs.

Two access settings are particularly relevant in this context: White-Box Access and
Black-Box Access (see |1.3). Furthermore, methods may operate at either the instance
level or the dataset level. The experiments using the MathCONTA dataset employ
instance-level methods.

Model Confidence

This section outlines approaches that detect contamination by analyzing statistical
patterns, such as token probabilities or output distributions.

e MinK% Method [18] (White-Box) The MinK% method is based on the
hypothesis that if a text X was part of the training dataset, its words x; € X would
generally have higher probabilities in the output from an LLM. Accordingly, words
with very low probabilities within a sequence can serve as indicators that X was
not part of the training data. The method involves computing the probability of
each token in the sequence X and selecting the lowest k% of tokens (with k = 20
empirically shown to yield strong results in prior work). This subset of tokens,
referred to as the Min-K% set of X, is used to calculate a normalized sum of their
probabilities. If this normalized sum exceeds a predefined threshold € (which must
be tailored to the specific use case), the sequence X is likely part of the training
data. Mathematically, this is expressed as:

1
Min—K% PI"Ob(X) = — Z p(l’i | L1y - 7-%2'71)7
n z;EMin-K%(X)
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where:

— Min-K%(X) denotes the subset of tokens in X with the lowest k% probabilities.

— p(z; | x1,...,7;—1) represents the conditional probability of x; given the
preceding tokens.

— n the size of the Min-K%(X) subset.

In the study by , the authors not only identified copyrighted books used in
pretraining OpenAl’s language model text-davinci3 — one of the early iter-
ations of ChatGPT — but also explored issues related to benchmark data
contamination. They assessed their method’s effectiveness across several bench-
marks, including BoolQ, IMDB, TruthfulQA, and Commonsense QA, demonstrating
superior performance compared to baseline metrics. However, the study did not
evaluate the Min-K% method’s effectiveness in identifying examples related to
mathematical problem-solving, specifically.

Moreover, the model text—-davinci3, which allowed access to the full next
token probability despite being closed-source, has since been deprecated. Successor
models, such as GPT-4 and GPT-40, now operate with stricter limitations, offering
only black-box access. This shift significantly reduces the applicability of methods
like Min-K% to models that only offer black-box access.

Conta Traces (White Box): The approach involves computing the cu-
mulative log-likelihood of each token of a sequence and plotting it for each to-
ken in a graph. Let the sequence of tokens be X = {z1,z9,...,2}, and let
logp(x; | ©1,...,2;—1) represent the log-likelihood of token z;, given the preceding
tokens. The cumulative log-likelihood up to the ¢-th token can be expressed as:

i
L;, = Zlogp(xj | Z1,...,25-1)
i=1

where:
— L; is the cumulative log-likelihood after ¢ tokens,

The hypothesis suggests that familiar text generates curves with greater curvature,
whereas unfamiliar text results in nearly linear and steep curves. To compare
curves, the authors use a two-parameter exponential model:

flz)y=-A (1 - exp*Bx)
where:

— A: Total cumulative log-likelihood.
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— B: Curvature of the function.

— Higher B and lower A indicate contamination.

With this method, the authors detect contamination in traditionally used reasoning
tests for humans, such as the Cognitive Reflection Test and Conjunction Fallacy
Test, requiring them to modify the examples for unbiased evaluation.

Perplexity Comparison [49], [52], [60] (White Box):

Perplexity measures a model’s uncertainty when predicting a sequence of tokens.
For a sequence X = {z1,...,z;}, the cumulative log-likelihood is

7
Li = Zlogp(xj | Llyew- 7xj*1)7
i=1

and the perplexity (as defined in [§]) is

PPL(X) = exp (—?) ,

where L; is the cumulative log-likelihood up to token x;.

Li et al. [52] analyze perplexity across reading comprehension, multiple-choice,
and summarization benchmarks over time. They compare perplexity against two
baselines: (1) text likely included in model training and (2) text unlikely to have
been included, based on dataset creation date relative to the model’s training
cutoff. For example, Wikipedia pages from 2016-2019 and post-July 2023 are
used to evaluate benchmarks such as QuAC [61], BoolQ [62], and SQuAD_ v2 [63],
establishing a clean baseline for GPT-3 [21]. Benchmarks with perplexity closer to
the contaminated baseline are flagged as suspicious. Results indicate contamination
in GPT-3 and LLama models (7B, 13B, 30B) for reading comprehension and
summarization tasks, while no correlation is observed in the MMLU dataset [30].
The study operates at the benchmark level and does not address individual examples
or mathematical content.

Carlini et al. [49] propose an alternative approach, comparing perplexity to lowercase
perplexity or the zlib compression score [60].

Sharded Likelihood [59] (White Box): This method uses the feature of a
dataset, called interchangeability. Specifically, it examines whether an LLM shows a
preference, as indicated by token probabilities, for the original ordering of questions
in a benchmark over alternative orderings. A stronger preference for the original
ordering would suggest the possibility of contamination.

The authors conclude that test set contamination for a diverse selection of bench-
marks, including the mathematical benchmark GSMS8K is relatively uncommon in
tested LLMs (all tested LLMs were below 10 B parameters).
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As this method operates at the level of entire benchmarks, making it unsuitable for
experiments requiring analysis of individual examples.

Contamination Detection via output Distribution (CDD) [9] (Black Box):
This method is based on the hypothesis that limited variability in the responses
of an LLM to a specific prompt x—quantified using an edit distance metric on a
token basis—may indicate data contamination.

To implement this, the edit distance between all sampled answers and the greedy
search answer (obtained by setting the temperature t = 0 during sampling) is
calculated. These distances are modeled using a distribution p*(d):

1 n

p*(d) = => L(ED(s;, si=0) = d),

ni4

where:

— ED(sy, st—0) represents the edit distance between a sampled response s; and
the greedy search response sy,

— and n is the number of samples (default: n = 100).

The peakedness of the edit distance distribution is defined as:

al
Peak(z) = F(d < a-1) =Y p*(d),
d=0

where:

— F is the cumulative distribution function of p*

— « € [0,1] is a hyperparameter controlling the similarity threshold (default:
a =0.05)

— [ is the maximum length of sampled responses, which is higher or equal to the
maximum value of the distance d

Using the peakedness score Peak(z) € R for each prompt x, contamination detection
is conducted by applying a decision threshold 6 (default: § = 0.01). Prompts with
Peak(z) exceeding 6 are flagged as potentially contaminated.

CDD achieves state-of-the-art performance in detecting contamination in code
generation and logical reasoning domains, surpassing other methods on their newly
created experimental set-up. Evaluated on the DetCON dataset, which comprises
2224 tasks across two domains and two contamination forms (explicit and implicit,
both induced through finetuning), CDD reliably identifies whether an LLM is
contaminated.
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Experiments on ChatGPT (versions 0613 and 1106) with hyperparameters set to
a =0 and 6 = 0.2 were conducted on the coding benchmarks HumanEval [64] and
CodeForces2305 (a coding benchmark created after the latest training cutoff from the
CodeForces ° website). The results indicate a high probability of contamination in
HumanEval but none in CodeForces2305. For ChatGPT version 1106, approximately
40% of the examples in HumanEval are identified as contaminated.

« minK%++ [53] (White Box) This recent method shows that training data
forms local maxima in the output distribution, complementing and reinforcing
insights from CDD [9]. It also outperforms Min-K% [18], achieving superior results
in their experiments on the WikiMIA [18] and MIMIR benchmark [14].

Model Memorization

This section presents approaches that detect contamination by assessing the model’s
ability to reproduce exact token sequences from the training data.

o Method of Xu [8] (White Box):

Xu et al. [8] propose a data detection pipeline that integrates two “atomic metrics”,
perplexity and n-gram accuracy, alongside a synthesized reference benchmark.

The pipeline first computes metric scores on the training splits from GSM8K and
MATH and on linguistically modified versions generated using ChatGPT. The exact
process is repeated for the test split. All scores are normalized, and the differences
from the reference scores are calculated. These differences are then used to derive
a ranking score of Otrain-test- A pOSitive dtrain-test indicates greater familiarity with
the training data. At the same time, a value near zero suggests the training and
test data were either not seen during pretraining or were seen at similar rates.

Although the pipeline operates at the benchmark level, the n-gram accuracy metric
might also be used for identifying instance-level mathematical contamination [8, p.
10].

The n-gram accuracy metric is formally defined as follows [§]: For a token sequence
X, K random starting points start; are selected. The text preceding each starting
point serves as a prompt, and the subsequent n-gram is used as the target for model
prediction. The n-gram accuracy for a single starting point j is computed as

N'gram Accuracy(Xj) = ]I (Xstartj:startj-i-n, Xstartj:startj—‘rn) )

where:

— Xstartjsstart,; +n 18 the true n-gram,

— Xstart;start;+n 18 the model’s prediction and

Shttps://codeforces.com
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— the indicator function I equals 1 if the prediction matches the true n-gram,
and 0 otherwise.

Averaging over all K starting points yields the overall n-gram accuracy:

K
1
N-gram Accuracy(X) = 7 Z N-gram Accuracy(X;).

j=1
An n-gram accuracy above 0.5 indicates that most n-grams are predicted cor-
rectly, suggesting the model may have encountered specific samples during training.
Notably, n-gram accuracy relies solely on the model’s verbal outputs, making it
applicable even to black-box LLMs.

Their case study, in which 31 open-source LLMs are investigated on GSM8K and
MATH suggests that several LLMs might have been trained on the training sets.
However, no evidence indicates that these models were trained on the corresponding
test sets. It should be noted that this conclusion is constrained by the limitations
of their method, which cannot definitively determine scenarios where models are
simultaneously trained on both splits.

Test Slot Guessing (TS-Guessing) [54] (Black Box) The TS-Guessing method
prompts an LLM to reconstruct a benchmark question’s exact word or phrasing by
masking a pivotal word, which captures the sentence’s core meaning. The authors
employed ChatGPT with 5-shot in-context learning for this task. In the case of
multiple-choice questions, one incorrect, non-trivial answer was masked.

Closed data experiments evaluated state-of-the-art LLMs on knowledge-based ques-
tion answering and reasoning benchmarks. Notably, on the MMLU benchmark [65],
ChatGPT and GPT-4 [46] achieved exact match rates of 52% and 57%, respectively,
when predicting missing options. The TS-Guessing method has limitations, relying
on LLMs’ ability to interpret unconventional instructions. Tests with open-source
LLMs revealed frequent failures to identify the masked incorrect option, as many
models defaulted to predicting the correct answer.

Guided Instruction [55] (Black Box) Similar to T'S Guessing [54], this method
prompts the LLM to complete specific parts of benchmark instances. It provides
additional context, such as the benchmark name and split type, and operates at the
benchmark level. As a baseline, the model is also prompted without this context.
If the contextual prompt improves completion quality, the instance is flagged as
contaminated. To assess overlap with the reference, the method uses BLEURT [66],
ROUGE L [67], and GPT 4 |46]. Results show that GPT 4 is contaminated with
AG News, WNLI, and XSum.

Other Closed-Data Methods

o DICE [7] (White Box +) DICE is a method proposed for detecting contamination

in LLMs fine-tuned on mathematical reasoning datasets such as GSM8K [29]. It
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identifies the layer in the fine-tuned model that deviates most from its counterpart in
the original, non-fine-tuned model. A multilayer perceptron binary classifier is then
trained on the weights of this layer to detect contamination. DICE demonstrates
strong performance in their setup for in-distribution contamination, where fine-
tuning and evaluation use data samples from the same distribution, achieving
near-perfect AUC and outperforming methods like MinK. Despite its effectiveness
during fine-tuning, DICE requires an uncontaminated reference model for each
tested LLM. In our setting, where contamination is not introduced post-hoc via
fine-tuning, such a reference model is unavailable. Therefore, DICE cannot be
integrated into the MathCONTA framework.

o Cross Entropy comparison [44] (White Box) A recent adaptation of the Min-
K% method [18] was developed by [44], introducing a divergence-based calibration
approach. They improved pretraining data detection by computing the cross-
entropy between token probability and frequency distributions. Their method,
validated on both English datasets and the newly proposed Chinese benchmark
PatentMIA, outperformed the original technique in their experiments.

o Polarized Augment Calibration (PAC) [45] (White/Black Box) PAC de-
tects overfitted training samples by leveraging confidence discrepancies in local
regions through data augmentation. It introduces a new evaluation score, polarized
distance, to correct biases in global confidence metrics. A black-box probability ex-
traction algorithm enables PAC to even operate on LLMs with restricted probability
access.

Performance Analysis

Performance analysis does not introduce distinct methods but examines performance
differences between potentially contaminated and clean benchmarks. This section briefly
overviews existing studies in this area and differentiates between general NLP benchmark
analysis and math and coding benchmark analysis.

¢« General NLP Benchmark Performance Analysis
Li et al. [68] show that LLMs, particularly the GPT-3 series, achieve significantly
higher performance on non-mathematical NLP QA tasks released prior to their
training cutoff, surpassing majority baselines in over 80% of cases. However, their
performance declines substantially on tasks introduced after the cutoff. Jiang
et al. [69] further demonstrate that retraining GPT-2 models on datasets with

different contamination levels yields modest but consistent performance gains.

Similar behavior can be observed with medical data |70].

¢ Math and Coding Benchmark Performance Analysis
Roberts et al. [56] show that GPT-4 fails to solve any Project Euler problems
released after its training cutoff, highlighting a strong dependence on pretraining
exposure. Similarly, Ranaldi et al. [57] observe comparable effects for GPT-3.5
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on Text-to-SQL tasks. Mirzadeh et al. propose GSM-Symbolic, a variant of
GSMSK, to study mathematical reasoning under controlled perturbations. Models
perform substantially worse on GSM-Symbolic, suggesting potential contamination
or benchmark-specific training for GSM8K. Similarly, Zhang et al. , using
GSM1K, report that while many LLMs exhibit significant performance drops,
frontier models such as GPT-4 and Gemini 1.5 Pro are less affected. Hosseini et
al. , using compositional GSM, find that factors beyond contamination may
also contribute to performance degradation. Supplementary analyses conducted by
LLM providers themselves report that contamination has little to no impact on

mathematical benchmark performance , , .

In contrast, malicious performance boosting appears to be relatively easy, as
shown by Tu et al. , even in the presence of existing decontamination methods ,

[13].

2.3.3 Limitation of current Data Contamination Detection Approaches

Although various contamination detection methods have been proposed, their effective-
ness in identifying mathematical benchmark contamination remains unclear, especially
from inadvertent inclusion during pretraining. Most studies simulate contamination
through finetuning fﬂgﬂ, rather than analyzing natural contamination from large
unsupervised pretraining datasets. Others are not rigorously tested on mathematical

text. [18], [49], [51].

Duan et al. find that existing methods for detecting contamination in the Pile
corpus using Pythia LLMs perform scarcely better than random guessing.
Similarly, Fu et al. @ demonstrate that key assumptions underlying closed contamination
detection methods often fail in practice, raising concerns about their reliability.

To address these limitations, we introduce MathCONTA, a dataset designed to examine
mathematical contamination in realistic pretraining settings. Our study proceeds along
two lines of inquiry. In RQ1, we evaluate the performance of existing data detection
methods on MathCONTA. In contrast, RQ2 shifts the focus from detection to impact
and investigates how subtle pretraining contamination affects answer correctness.
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CHAPTER

Methodology

3.1 Dataset Preparation - MathCONTA

3.1.1 Overview and Purpose

In this section, we introduce MathCONTA, a carefully curated dataset consisting of 100
mathematical question-answer pairs. MathCONTA is designed to study contamination
phenomena in LLMs, specifically focusing on how models behave when presented with
known versus novel problems.

The dataset is evenly split into two subsets:

¢ 50 contaminated samples that are known to appear in an existing pretraining
dataset, namely OpenWebMath [15] (OWM). For more information on OWM please
see section 2.1.2

¢ 50 clean samples that are absent from the same dataset and highly unlikely to
appear in any current training corpora.

Both subsets are balanced across four categories of mathematical problems and cover
a range of difficulty levels. MathCONTA aims to serve as a controlled environment
for investigating LLM response patterns when dealing with potentially contaminated
examples versus clean examples.

3.1.2 Constructing Contaminated Samples

The contaminated subset of MathCONTA comprises 50 question-solution pairs, spanning
diverse mathematical problems—from straightforward word problems to challenging
contest-level questions—all exhibiting an exact 1:1 overlap with content in OWM.
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For word problems, we employed a keyword-based filtering strategy, initially targeting
terms such as “Question”, “Solution”, and “word problems” within OWM. However,
identifying valid pairs proved challenging, as some documents (each document ID corre-
sponds to a URL on the web) contain solutions behind inaccessible interactive elements
(e.g., hidden sections or expandable links), complicating direct extraction. We refer to
Appendix (Findings on OWM)| for details.

Therefore, we prioritized reputable sources in OWM known for their complete and well-
structured question-solution pairs. For contest mathematics, specifically AMC 8' and
AIME? problems, we primarily utilized documents from Art of Problem Solving (AoPS)3,
which offers consistently formatted content, including recent competition problems. This
consistency supports stylistic uniformity and facilitates comparative analyses in our
contamination experiments. Thus, our first three sample categories are word problems,
AMC 8 and AIME.

The fourth sample category, Forum, was drawn from the Math StackExchange®| domain
within OWM. We selected problems with clear, fully worked-out solutions, excluding
open-ended or unresolved discussions. Since forum threads typically follow the structure
[Question, Attemptl, CommentA, CommentB, ..., Solutionl, Solution2, ...], we reduced
them to [Question, Solutionl], with the omitted content stored separately in the column
L_omit of the MathCONTA dataset.

Across all categories, we applied the following inclusion criteria:

e Problems were required to be in English and self-contained, solvable without
external resources.

e Each problem included a step-by-step, written solution; final answers alone were
deemed insufficient.

e Problems heavily reliant on diagrams or graphs were excluded

o All texts were extracted verbatim, preserving LaTeX syntax, formatting quirks,
and typographical inconsistencies.

3.1.3 Constructing Clean Samples

The clean set consists of 50 question-answer pairs, specifically selected to be absent from
OWM and unlikely to appear in standard pretraining datasets, in particular those on
which the LLMs we investigated were trained on. These clean samples match the difficulty
levels of their corresponding contaminated samples. Common LaTeX formatting quirks
observed in the contaminated examples—such as the use of double “$$” signs or LaTeX

"https://maa.org/student-programs/amc/
2https://maa.org/maa-invitational-competitions/
3https://artofproblemsolving.com/
‘https://math.stackexchange.com/
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commands (e.g., frac) within double backslashes—were also replicated in the clean
samples. To minimize stylistic discrepancies, we aimed to sample the clean examples
from the same sources as the contaminated ones. However, for word problems, this
was not feasible; consequently, all clean examples (and their solutions) were authored by
a non-native English speaker.

Clean Sample Criteria: Cleanness was verified via a naive exact match search against
OWM. However, each sample meets at least one of the following additional criteria
specified in the column CLEAN_REASON in MathCONTA (a description of all columns
can be found in the |Appendix (Column Descriptions for MathCONTA)):

1. Sourced from offline, German-language textbooks

2. Written or adapted by the thesis author (including translations).

3. Taken from online posts published after 2024 and, therefore, after the training data
cutoff of investigated LLMs (exact dates provided).

Table 3.1: Distribution of Examples Across Groups (Total = 100)

Category Typical Difficulty Contaminated Clean
Word Problems 1-2 12 12
AMC 8 2-3 18 18
AIME 4 10 10
Forum 3-4 10 10

Table 3.2: Description of Difficulty Levels

Level Description

1 Basic arithmetic and simple word problems (~Grade < 8)
Lower-intermediate contest problems (~Grade < 10)
Higher-intermediate contest problems (~Grade < 12)
Advanced contest problems (~Grade > 12)

=W N

A critical reflection on the inherent limitation of our approach to constructing the
MathCONTA dataset can be found in chapter [6.

3.2 Contamination Detection Methods Under Evaluation

While the pretraining corpus in our experiments is available and accessible, we focus

exclusively on methods that operate without its use, known as closed-data methods.

This allows us to better simulate real-world scenarios where access to training data may
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be restricted due to privacy concerns, proprietary constraints, or practical limitations.
Access to the training data is only required to determine the ground-truth labels in the
dataset (see 3.1); however, the methods themselves do not utilize this data.

We selected methods based on the following criteria: they must (1) be closed-data, (2)
operate at the instance level, and (3) not require access to hidden model states. To
reduce redundancy, we include only one representative per core approach. Some methods
are adapted or simplified to better fit our dataset and experimental goals, with details
provided in the method descriptions below. While our selection aims to cover a diverse
and representative set, it is not intended to be comprehensive.

We evaluate each method (A) on its standalone effectiveness for mathematical content
and (B) in combination with others using majority voting to assess potential gains in
accuracy. Here, we categorize the methods based on their access settings (White-Box vs
Black-Box [1.3).

3.2.1 White-Box Access Methods

This section outlines the white-box access methods used in our evaluation, as defined in
1.3l These methods assume access to the model’s next-token probability distribution. We
briefly summarize their implementation and any modifications made to our experiments.
For detailed theoretical descriptions, we refer to Section [2.3.2.

All white-box methods rely on access to token-level probability information. In our
setup, we obtained these probabilities directly from the model’s output logits, which were
converted to probabilities via the softmax function. Depending on the method, we use
the raw token probability p(x; | z1,...,2;—1) or its logarithm (log-likelihood).

o« MinK% Method [18]

We implement the MinK% method as originally proposed, without modifications.
The method computes token-level probabilities from the model and identifies the
lowest k% of tokens in a given sequence. These low-probability tokens are used to
estimate the likelihood that the sequence was part of the model’s training data.

We evaluate the method using multiple values of k € {5, 10, 20,30} and we optimize
the decision threshold 6 using stratified random cross-validation (Experimental
Setup in 3.3).

No adaptations were required for our use case, and all token probabilities were
extracted directly from the model’s output using softmax-normalized logits.
o Conta Traces [51]

We implemented the Conta Traces method by computing the cumulative log-
likelihood of each token in a sequence and fitting an exponential curve of the form
f(x) = —A(1 —e~B?), as proposed by the original authors. Contrary to their setup,
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we experiment with applying the method to both questions and answers. A high
value of B or a low value of A indicates contamination.

(Adapted Method) To explore the effect of curve-fitting assumptions, we also
introduce a variant based on linear fitting. In this version, we fit a linear function
to the cumulative log-likelihood curve and extract a single slope parameter m. This
approach, referred to as ContaTracesLinear, serves as a simplified alternative to
the exponential model.

For both variants, we fit the parameters A, B and m and optimize their respective
decision threshold using cross-validation.

Since the cumulative log-likelihood is directly related to perplexity (as shown in
section 2.3.2), we consider Conta Traces representative of all perplexity-based
methods for our experiments.

N-gram Log-Likelihood (White-Box Variant) (Adapted Method)

This method is based on the n-gram accuracy metric introduced by [§]. In our work,
we adapt the metric for white-box access by replacing model-generated predictions
with the log-likelihood of the ground-truth n-gram, computed using the model’s
internal token probability distribution.

Concretely, for each sequence X and a set of ngtarts = 20 randomly sampled starting
positions start;, we extract the subsequent n-gram and compute the average log-
likelihood:

1 n—1
AVgLLj = g Z logp(mstartj+i | L1y axstartj+i71)
i=0
This yields a per-n-gram score that reflects the model’s familiarity with the sequence.
Normalizing by n ensures comparability across different n-gram lengths and reduces
scale variance in the resulting scores.

We test this method using n € {1,2,3,5,7} as a hyperparameter and optimize a
threshold € on the average log-likelihood using cross-validation. We hypothesize that
this variant allows for more nuanced detection of memorization than its counterpart
N-gram accuracy because it better leverages the available white-box access.

3.2.2 Black-Box Access Methods

Below, we discuss black-box access methods as defined in |1.3.

o Contamination Detection via Output Distribution (CDD) [9]
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We implement the CDD method following the original formulation, using a sample
size of 50 responses per prompt. The method computes the edit distance between
each sampled response and a greedy response (temperature ¢ = 0) and then models
these distances as a discrete distribution. The cumulative distribution function
calculates a peakedness score, a contamination indicator.
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We experiment with a € {0,0.1,0.2,0.3} to control the maximum distance threshold
relative to response length and optimized # as a decision threshold for contamination.
Both parameters are selected using cross-validation. Furthermore, we limit model
responses to 200 tokens for this method for computing efficiency.

N-gram Accuracy [8]

We implement the n-gram accuracy metric as proposed by [8], which evaluates
contamination based on the model’s ability to reproduce short n-gram sequences
given a prefix prompt. For each sequence X, we randomly sample ngiarts = 20
starting positions. At each position, the preceding text is used as the prompt, and
the model is queried to predict the following n tokens. The prediction is compared
to the ground truth n-gram using an exact match criterion.

While the original work employs this metric as part of a larger pipeline that
compares benchmark-level differences between training and test data, we isolate
and adapt the atomic N-gram Accuracy component to evaluate contamination at
the instance level. Specifically, we treat the match threshold—originally fixed at
0.5—as a tunable parameter  and optimize it via cross-validation.

Additionally, we assess the method’s sensitivity across multiple n-gram lengths,
using n € {1,2,3,5,7}.

N-gram CDD (Adapted Method)

We propose a variant of the CDD method that operates on short n-gram continua-
tions rather than full-length outputs, allowing for finer-grained analysis of response
variability.

For each sequence X, we choose Ngtqrts = 3 prompt positions, one in the first part
of X, one in the middle, and one in the last part.

1. Sampling Continuations: From each prompt position, we generate 50 model
continuations of a maximal length of n (we use n € {10,20,30}) with the
model’s default generation parameters. Additionally, we generate a greedy
continuation from the same prompt using temperature t = 0.

2. Edit Distance Distribution: We then compute the token-level edit distance
d between each sampled n-gram and the greedy n-gram. Let p!(d) denote
the empirical probability distribution over these distances for the i-th prompt
position.

3. Peakedness Score: We define the cumulative peakedness score exactly
as proposed for CDD [9] for each prompt as the proportion of sampled
continuations whose edit distance to the greedy baseline falls within a relative
threshold:

la-n]

Peak, ;(X) = > p}(d),
d=0

where a € {0,0.1,0.2,0.3} controls the maximum acceptable deviation.
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4. Aggregation: At last, we compute the final contamination score for X by
averaging over all ngiarts positions:

1 Nstarts

CDD,(X) =

Peakn,i(X).

Nstarts  ;—

A contamination decision is made by comparing CDD,,(X) to a threshold 6,
which is selected via cross-validation.

Name Box Type | Parameters Type

MinK% Method [1§] White k € {5,10,20,30}; threshold # | Unmodified
(cross-validated)

Conta Traces [51] White A, B for exponential fit; | Unmodified
thresholds 6,4, 60p cross-
validated

Conta Traces (Linear) White Slope m of linear fit; cross-| Adapted
validated

N-gram Log-Likelihood White n € {1,2,3,5,7}; threshold # | Adapted
(cross-validated)
CDD [9] Black a €{0,0.1,0.2,0.3}; threshold | Unmodified
0 (cross-validated)
N-gram Accuracy |[§] Black n € {1,2,3,5,7}; match | Unmodified
threshold 6 (cross-validated)
N-gram CDD Black a € {0,0.1,0.2,0.3}, n €| Adapted
{10, 20, 30}; threshold € (cross-
validated)

Table 3.3: Evaluated contamination detection methods, categorized by model access type
and parameterization. The Type column indicates whether the method is sourced from
prior work or adapted by the thesis author.

3.3 Detection Experiments on MathCONTA

This section outlines the experimental setup used to evaluate contamination detection
methods on the MathCONTA dataset. Our goal is to assess method performance for
individual LLMs and across LLMs in combination. We also investigate whether combining
detection methods improves results.

3.3.1 Dataset Split and Cross-Validation

The MathCONTA dataset consists of 100 carefully constructed examples. Before applying
any methods, we perform a single stratified 70/30 split, resulting in 70 examples for
finding the best parameters and 30 for testing. This split is fixed and used across all
LLMs, meaning that each method produces predictions on the same 30 test examples.
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Across all experiments, we use 5-fold stratified cross-validation on the 70 training examples
to tune method-specific parameters (e.g., thresholds, n-gram sizes, k-parameter). The
configuration that yields the highest average validation accuracy is selected. This process
is repeated independently for each LLM and method family.

3.3.2 Per-LLM Evaluation

The following four LLMs are used in our evaluation and are described in detail in
Section [2.1.4L Since each model has been pretrained at least once on OWM, the labels in
MathCONTA are valid for all of them:

e DS: deepseek-ai/deepseek—-math-7b-instruct
e LE: EleutherAI/llemma_"7b
e OL: allenai/OLMo-7B-0724-Instruct-hf

e OL2: allenai/OLMo-2-1124-13B-Instruct

We apply the detection methods to the 70 training examples for each of the four LLMs
and evaluate performance on the shared 30 test examples. We select the best-performing
method based on cross-validation accuracy from each of the six method families (both
Conta Traces methods are grouped). These six models are refitted on all 70 training
samples and evaluated on the 30 test examples for that LLM.

We also evaluate a simple majority-vote ensemble of the six selected models. Each model
casts one vote, and a majority determines the predicted label, with ties resolved at
random.

For each LLM, we report the mean validation accuracy with standard deviation from
cross-validation, the test accuracy based on 30 test examples, and 95% confidence
intervals estimated via bootstrapping (n = 1000). Using McNemar’s test [16], statistical
significance is assessed against a simple baseline (random guessing). Methods are marked
as significant if the p-value is below % ~ 0.01, accounting for the multiple testing

problem.

3.3.3 Combined Evaluation Across LLMs

To assess generalization across LLMs, we construct a combined dataset of 400 samples
by pairing each of the 70 examples with outputs from four different LLMs. We apply
the same 70/30 split at the example level, yielding 280 training samples and 120 test
samples in total.

Using the 280 training samples, we perform 5-fold stratified cross-validation to tune
parameters and select the best-performing method from each family. These six models
are refitted on all 280 samples and evaluated on the 120 held-out test samples.
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3.4 LLM Performance Gap Evaluation on MathCONTA

In addition to evaluating contamination detection methods, we assess the mathematical
problem-solving performance of five LLMs on the MathCONTA dataset. The four
open-source models previously analyzed are included in this evaluation, now extended
with GPT-40 — a proprietary model representing the current state of the art of
non-reasoning models.

Unlike the open-source models, for which contamination with MathCONTA’s “contami-
nated” subset is confirmed, no such confirmation is possible for GPT-40 due to the lack of
transparency in their training data or procedure. However, given that the contaminated
subset consists of widely available, high-quality web content, it remains a possibility
that GPT-40 was indirectly exposed to this material as well. Therefore, this remains
speculative, and we treat the clean/contaminated split with caution when interpreting
GPT-40’s results.

All models are evaluated using a consistent 1-shot Chain-of-Thought prompting setup,
where a single solved example precedes the target problem to encourage step-by-step
reasoning. Responses are manually assessed, and a model receives one point only if the
final answer is exactly correct—no partial credit is awarded.

We report accuracy scores separately for the contaminated and clean subsets. This allows
us to assess overall performance and potential differences in behavior across models when
solving problems with or without prior exposure. We compute the relative performance
gap between the two subsets for each model and assess statistical significance using the
Mann—Whitney U test .
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CHAPTER

Results

4.1 Contamination Detection Results on MathCONTA

In this chapter, we present the results of evaluating several contamination detection
methods (see Table 3.3 for details) on the MathCONTA dataset. We conduct all
experiments on the following four LLMs, for which we know the labels in MathCONTA
are valid, as they are all pretrained at least once on OWM. For details on the LLMs, we
refer to Chapter 2.1.4:

e DS: deepseek-ai/deepseek—-math-7b-instruct
e LE: EleutherAI/llemma_7b
e OL: allenai/OLMo-7B-0724-Instruct-hf

OL2: allenai/OLMo—-2-1124-13B-Instruct

All experiments follow a 70/30 train-test split, using stratified sampling to preserve the
distribution of clean and contaminated samples across categories. Model performance
is evaluated using 5-fold CV on the training split. We select the best-performing
configuration for each method family based on mean validation accuracy and then test
it on the held-out set. Confidence intervals (95%) are computed using bootstrapping,
and statistical significance is assessed via McNemar’s test [16]. A p-value below 0.01 is
considered significant, with multiple testing adjustments applied. We set the baseline
to 0.5 accuracy, which is achieved by only predicting one class or in expectation with
random guessing.
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4.1.1 Combined Evaluation Across LLMs

To assess the generalization of detection methods across model architectures, we con-
structed a combined dataset of 400 samples. This was achieved by pairing each of 70
unique examples with generations from the four LLMs: DS (7B), LE (7B), OL (7B),
and OL2 (13B). Using 280 samples for training and 120 for testing, we evaluated the
best-performing methods based on the mean validation accuracy from CV from each
family.

Across the combined evaluation (Table 4.1)), the highest test accuracy was achieved by
the minK method at 56%, followed closely by n-gram accuracy at 53%. However, none
of the methods yielded a p-value below 0.01, and confidence intervals for all methods
overlapped with the 0.5 baseline, indicating no statistically significant improvement over
the 0.5 baseline.

Table 4.1: Across-LLM results: 5-fold CV validation accuracy + standard deviation, test
accuracy, 95% CI, and McNemar p-value vs. baseline (test set, n = 120).

Method CV Acc £ Test Acc 95% CI  p (McN)
baseline - 0.50 - -

minK 0.55 +£0.07 0.56 [0.48-0.64] 0.337
ContaTraces  0.56 & 0.04 0.50 [0.33-0.67] 1.000
CDD 0.53 £0.02 0.48 [0.39-0.58] 0.925
[ ]
[ ]
[ ]

ngram-acc 0.60 £ 0.08 0.53 0.39-0.58 0.925
ngram-loglike  0.63 +0.03 0.49 0.40-0.58 1.000
ngram-cdd 0.55£0.14 0.48 0.38-0.57 0.581

4.1.2 Per-LLM Evaluation

Each LLM was evaluated independently using 70 training and 30 test examples in the
per-model setting. The same contamination detection methods were applied and tuned
separately for each model. While we expected improved performance due to method
adaptation to specific LLMs, this hypothesis is not supported, as no method significantly
outperforms the 0.5 accuracy baseline (see Table 4.2 and Figure 4.1)

Methods on DS showed the highest performance overall, with ngram-loglike achieving
0.60 and minK reaching 0.63 test accuracy, though neither was statistically significant.

Similarly, the best-performing methods on LE are minK and ngram-loglike, which achieved
both 0.63 test accuracy.

Methods on OL and OL2 performed worse overall. On OL, the best accuracy was 0.53
(e.g., ngram-cdd), and on OL2, no method exceeded 0.53. ContaTraces on OL performed
poorly, with a test accuracy of just 0.30.

Notably, CDD often returned peak_CDD values of 0 (across all tested «), effectively
defaulting to a single-class prediction due to lack of separability.
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4.2. LLM Performance Evaluation on MathCONTA

Test Accuracy per Method on Four LLMs

Method Name

minK
1.0 1 w ContaTraces
s CDD
BN ngram_acc
B ngram_loglike
EEE ngram_cdd
EEm Ensemble
0.8 1 T T

o
o
L

Accuracy

0.4

0.2 A

0.0~

g

Q‘o & o~

LLM

Figure 4.1: Test set accuracy (95% CI) of the methods evaluated separately on four
LLMs (test set, n = 30). The baseline accuracy of 0.5 is shown as a dotted line, which
lies within all confidence intervals.

We refer to Chapter for discussions and implications of these results.

4.2 LLM Performance Evaluation on MathCONTA

This section presents the evaluation of LLM performance on the MathCONTA dataset,
now treated as a mathematical benchmark. In contrast to the previous section, which
focused on contamination detection, we now investigate the practical impact of subtle
pretraining contamination on problem-solving abilities. The four open-source LLMs
under evaluation are:

e DS: deepseek-ai/deepseek-math-7b-instruct

e LE: EleutherAI/llemma_7b
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4. RESULTS
Table 4.2: Per-LLM results: 5-fold CV validation accuracy + standard deviation, test
accuracy, 95% CI, and McNemar p-value vs. baseline (test set, n = 30).
LLM Method CV Acc + Test Acc 95% CI p (McN)
- baseline - 0.50 - -
minK 0.66 £ 0.08 0.63 [0.47-0.80] 0.388
ContaTraces  0.54 £+ 0.07 0.53 [0.37-0.73] 1.000
CDD 0.56 £ 0.18 0.43 [0.27-0.63] 0.824
DS ngram-acc 0.63 £ 0.05 0.43 [0.27-0.60] 0.754
ngram-loglike  0.67 +0.13 0.60 [0.43-0.77] 0.549
ngram-cdd 0.64 +£0.14 0.53 [0.37-0.70] 1.000
Ensemble - 0.57 [0.40-0.73] 0.727
minK 0.74 £ 0.09 0.63 [0.47-0.80] 0.388
ContaTraces  0.61 +0.12 0.60 [0.43-0.77] 0.581
CDD 0.50 £ 0.00 0.50 [0.33-0.67] 1.000
LE ngram-acc 0.66 £ 0.09 0.43 [0.27-0.63] 0.727
ngram-loglike  0.66 & 0.08 0.63 [0.47-0.80] 0.289
ngram-cdd 0.60 £0.12 0.50 [0.30-0.67] 1.000
Ensemble - 0.53 [0.37—0.73] 1.000
minK 0.53 £0.07 0.47 [0.30-0.63] 1.000
ContaTraces  0.56 £0.12 0.30 [0.17-0.47] 0.263
CDD 0.50 £ 0.00 0.50 [0.33-0.67] 1.000
OL ngram-acc 0.47 £0.07 0.53 [0.37-0.73] 1.000
ngram-loglike  0.59 & 0.07 0.50 [0.33-0.70] 1.000
ngram-cdd 0.57 £+ 0.06 0.53 [0.37-0.70] 1.000
Ensemble - 0.40 [0.23-0.60] 0.607
minK 0.69 + 0.10 0.53 [0.37-0.73] 1.000
ContaTraces  0.49 £0.11 0.40 [0.23-0.57] 0.581
CDD 0.54 £ 0.14 0.43 0.27-0.63] 0.832
OL2  ngram-acc 0.49 £+ 0.03 0.50 [0.33-0.67] 1.000
ngram-loglike  0.60 & 0.07 0.50 [0.33-0.67] 1.000
ngram-cdd 0.51 £0.05 0.50 [0.30-0.67] 1.000
Ensemble - 0.47 [0.30—0.67] 1.000
e OL: allenai/OLMo-7B-0724-Instruct—hf
e OL2: allenai/OLMo-2-1124-13B-Instruct
4.2.1 Combined Performance Evaluation
The MathCONTA dataset comprises 100 diverse mathematical problems, resulting in a
total of n = 400 evaluations (200 per subset: Contaminated and Clean). Accuracies are
reported alongside 95% Cls, calculated using the standard error of the mean (SEM). The
results are aggregated across all four open-source LLMs.
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4.2. LLM Performance Evaluation on MathCONTA
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Figure 4.2: Combined accuracy shows a performance gap of 0.08 on all four LLMs (left).
The gap is larger in easier problem categories and negligible in more difficult ones (right).

The overall accuracy across models is 0.24. When broken down by contamination status,
models achieve an accuracy of 0.28 on the contaminated problems and 0.20 on the clean
problems, corresponding to a performance gap of 0.08.

Accuracy also varies substantially by problem category: models attain an accuracy of
0.57 on word problems, 0.28 on AMCS8 problems, 0.01 on Forum problems, and 0.00 on
AIME problems. As anticipated, performance declines with increasing problem difficulty.

For the easier categories (word problems and AMCS), a small but consistent performance
gap between the contaminated and clean subsets is observed. This effect disappears for
the more challenging categories (AIME and Forum), with models exhibiting near-zero
performance across both subsets.

The results are summarized visually in Figure 4.2. Although the confidence intervals
overlap, suggesting that the observed gap is not statistically significant, the pattern
remains robust across problem types.

4.2.2 Per LLM Performance Evaluation

Table 4.3: Performance results across models: Accuracy on contaminated and clean
datasets, performance gap, and p-value (Mann—Whitney U test).

Model Acc Conta Acc Clean Perf Gap p (MWU)

DS 0.36 0.30 0.06 0.528
LE 0.22 0.10 0.12 0.105
OL 0.12 0.06 0.06 0.300
OL2 0.42 0.36 0.06 0.543
GPT4o0* 0.64 0.56 0.08 0.419
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Figure 4.3: Accuracy per LLM on MathCONTA. Modest but consistent performance
gains are observed for contaminated samples, though not statistically significant. GPT-
40* is a special case, as its potential pretraining on OWM is unconfirmed, leaving the
contamination status uncertain.

In this section, the performance of each LLM is individually analyzed, now including
GPT-40 as a representative of the current state of the art. As noted in Section 3.4,
GPT-40’s results must be interpreted cautiously, as we cannot definitively confirm or
rule out its exposure to the contaminated subset.

Figure 4.3/ and Table 4.3 summarize the model-specific results. For each model, we report
the accuracies on the contaminated and clean subsets, the corresponding performance
gap, and the p-value from a Mann-Whitney U (MWU) test assessing the statistical
significance of the gap.

Across all models, performance on the contaminated subset exceeds that on the clean
subset. However, the observed gaps are modest, ranging from 6 to 12 percentage points,
and none reach statistical significance (p > 0.05 for all models).

Among the open-source models, LE exhibits the largest performance gap (12 percentage
points), with a marginal p-value (p = 0.105). DS, OL, and OL2 display smaller, less
variable gaps of approximately 6 percentage points.

For GPT-4o0, overall accuracy is substantially higher, achieving 0.64 on the contaminated
subset and 0.56 on the clean subset. The performance gap remains modest (8 percentage
points) and is not statistically significant (p = 0.419).

We refer to Chapter 5.2 for discussions and implications of these results.
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CHAPTER

Discussion

5.1 Discussion of Detection Results

Our results indicate that existing closed-data contamination detection methods struggle
to identify subtle pretraining contamination in the MathCONTA dataset, as illustrated
by two examples on OL2 shown in the Appendix (Sample Instances from MathCONTA).
Across both combined and per-LLM evaluations, no method significantly outperformed
the baseline classifier, which always predicts only one class.

This is surprising given the prior success of methods such as minK, CDD, and n-gram
accuracy. However, earlier work typically addressed more noticeable forms of contam-
ination, such as detecting entire books [18] or scenarios with a higher contamination
count inserting through fine-tuning [9]. In contrast, MathCONTA targets sub-
tle, incidental mathematical contamination arising naturally in large-scale
pretraining.

Addressing RQ1: How effectively can current closed-data contamination detection meth-
ods identify whether mathematical benchmark questions—drawn from a dataset with an
equal mix of pretraining-seen and novel items—are contaminated or uncontaminated?

The findings indicate that, under these conditions, evaluated methods cannot distinguish
between contaminated and uncontaminated items reliably. This highlights the need for
new approaches specifically designed to handle low-signal contamination settings. It also
supports the recommendation by the authors of [74] that developers should report train-
test overlap statistics when pretraining data cannot be disclosed, as they acknowledge
the difficulty of detecting contamination in closed-data settings.

The additional analysis points to underfitting as a key issue: cross-validation train
and validation accuracies were similar. They remained near the baseline for most
contamination methods, indicating the models failed to learn a meaningful contamination
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signal. We refer to all cross-validation results in the |Appendix (Contamination Detection
CV Results Details).

In our experiments, increasing model size had minimal impact. Methods tested on OL2
(13B) slightly outperformed those on OL (7B) but did not consistently surpass other
7B models. While larger models may be more prone to memorization |11], potentially
aiding contamination detection, our results do not conclusively support this. Future
investigation with even larger models could be insightful.

CDD failed on LE and OL, where excessive edit distances resulted in peak_CDD values
of zero, regardless of contamination status.

Our own adaptations of existing methods, as well as the ensembles, did not improve
performance. This is likely because they inherit the same core assumptions as the
original methods—which are poorly suited for the subtle contamination scenarios posed
by MathCONTA. As such, the limitations of existing approaches also extend to our
proposed variants.

In summary, current investigated closed-data detection methods fail to identify subtle
mathematical pretraining contamination in benchmarks like MathCONTA. This under-
scores the need for new methods suited to low-signal settings, consistent with prior
findings [6], |14].

5.2 Discussion of LLM Performance Evaluation

Our evaluation on the MathCONTA dataset shows that subtle pretraining contamination
can improve performance on mathematical benchmarks, but the effect is limited. The con-
taminated subset contains problems with valid solutions copied directly from the LLMs’
pretraining corpus. In principle, no reasoning or paraphrasing is required—verbatim
reproduction would suffice for correct answers. Nevertheless, even under these condi-
tions, the observed accuracy gain was modest (6-12 percentage points) and statistically
insignificant (p > 0.05).

Addressing RQ2: To what extent does pretraining contamination influence the accuracy
of large language models on mathematical benchmark questions from the same dataset
(used in RQ1)?

Our results suggest that pretraining contamination has a relatively limited effect on
overall model accuracy. While it leads to a consistent modest numerical improvement,
this effect is neither high nor statistically significant. Thus, contamination alone does
not account for most model performance on MathCONTA and similar mathematical
benchmarks.

Furthermore, contamination primarily benefits model performance at difficulty levels
where models already demonstrate some capacity to solve problems. Our results indicate
that contamination helps slightly at easier or moderately challenging problems but does
not substantially assist models in addressing significantly more complicated mathematical
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5.2. Discussion of LLM Performance Evaluation

tasks. Factors such as pretraining data size, computational resources, and model scale
are known to have a major impact on model performance . This is further supported
by our observation that models trained on different corpora and with different proce-
dures—despite all including OWM-—show substantial performance variability, indicating
that contamination alone cannot account for the differences.

Interestingly, GPT-40, despite its substantially larger size and greater resource investment,
achieves only about twice the accuracy of the smaller, more resource-efficient open-source
model OL2. This suggests limitations in even large-scale, multifunctional LLMs regarding
extremely difficult mathematical tasks. Such limitations align with prior literature, where
even advanced models like GPT-40 achieve modest accuracy (=~ 9%) on challenging
tasks, such as those in AIME competitions , regardless of testing on openly available
competition data.

As of early 2025, a new paradigm of reasoning-focused models has emerged, demonstrat-
ing significantly improved performance on complex mathematical tasks. For instance,
DeepSeek-R1 achieves approximately 79.8% accuracy on the AIME 2024 competition
[76], indicating considerable progress compared to previous models. Investigating how
detection methods perform on these advanced reasoning models within the MathCONTA
framework represents an intriguing and valuable direction for future research (see Chap-
ter 6 on current limitations).
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CHAPTER

Limitations and Future Work

This chapter discusses the limitations of the thesis and suggests directions for future
work.

Limitations of MathCONTA

¢ Clean Sample Validity: Exact-match searches confirm that the wording of clean
samples does not appear in OWM. Although their presence in other datasets cannot
be entirely excluded, it is unlikely due to an additional clean criterion: the sample
must be (1) sourced from a German offline book, (2) written or modified by the
author, or (3) created after 2024. Paraphrased variants may remain undetected,
as noted in prior work [4] and online observations.! Clean samples may also face
future contamination following the release of MathCONTA.

e Formatting Variations across Examples: Despite efforts to standardize format-
ting between clean and contaminated samples, minor inconsistencies may persist
due to differences in source documents and the author’s non-native English usage.
These stylistic factors could influence detection accuracy. We encourage future
research to evaluate how such variation affects model behavior by testing against
diverse styles (e.g., LLM-generated, native, and non-native solutions).

o Contamination Frequency: Some contaminated examples (e.g., math contest
problems) appear multiple times in OWM. Our current evaluation does not account
for how repeated exposure affects detection; this remains an open question for
future study.

e Manual Curation Effort: The benchmark consists of 100 carefully curated
examples. This limited size reflects the labor-intensive process of locating valid

"https://x.com/DimitrisPapail/status/1888325914603516214
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contaminated examples. Clean sample selection involved manual topic and difficulty
alignment, followed by validation. The decision to exclude LLMs from construction
was intentional to reduce bias. While this ensured high quality, it limited scalability.
Future work could explore partial automation of the pipeline to expand the dataset.

¢ Domain-Specific Scaling: A promising direction is to focus on a single math-
ematical domain aligned with model failure boundaries. This could enable more
controlled experiments (see |Appendix (Contamination Detection - Output Met+
ric Distribution)). However, due to our limited dataset size per category, such
domain-specific analysis was not feasible in the present study.

Variability in Pretraining Procedures We based our analysis on the reported
presence of OWM in the pretraining corpora. However, we did not account for potential
variability in how contamination occurred, such as the specific training stage or learning
rate. Although some information was available, a deeper investigation would have required
access to training codebases and detailed data tracking, which was not possible for most
of the evaluated models. Fully controlled pretraining experiments, which would require
retraining models from scratch, would provide greater comparability but were beyond
the computational resources available for this study.

Model Scale and Selection We evaluated four relatively small open-source models
(ranging from 7B to 13B parameters). Future work should expand testing to larger models.
At the time of writing (early 2025), new reasoning-focused models such as DeepSeek-
R1 [76] have demonstrated significant improvements in mathematical reasoning tasks.
Evaluating contamination detection methods on these models represents an important
direction for future research.

Detection Methods and Model Accessibility Our selection of contamination
detection methods relies solely on natural language responses and token probability
distributions, enabling broad applicability to both open- and closed-source models.
Recent work, such as DICE [7], leverages hidden states to detect contamination during
fine-tuning, and similar techniques may be effective for pretraining. As contamination
detection remains an active research area, further methods should be explored, including
new calibration methods, such as Cross-Entropy-based calibration [44] or Polarized
Augment Calibration [45], and improvements of existing methods like minK%-++ [53].

Inadvertent vs. Malicious Contamination This study addresses subtle contam-
ination scenarios, where contamination happens inadvertently due to the massive size
of pretraining data sources. Future work should also investigate detection methods for
malicious contamination, where actors intentionally manipulate training data to inflate
perceived model performance on publicly known benchmarks, as demonstrated in [4]
using rephrased samples.
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CHAPTER

Conclusion

This thesis examined the effectiveness of closed-data contamination detection methods
and the influence of subtle pretraining contamination on LLMs using the MathCONTA
dataset.

For RQ1, we found that existing methods such as minK, CDD, and n-gram accuracy
failed to detect subtle mathematical contamination, often performing no better than
a trivial baseline. This aligns with observations from prior work [14], [74], indicating
that current techniques, designed for detecting more obvious contamination, are poorly
suited for low-signal scenarios like MathCONTA, in which contamination occurs naturally
during pretraining.

For RQ2, our evaluation showed that while contamination provides a modest accuracy
gain (6-12 percentage points), the improvement is statistically insignificant and primarily
limited to easier problems.

However, several limitations affect the generality of these conclusions. The small size
of the MathCONTA dataset (100 examples) and variability in pretraining practices
constrain the scope of our findings. Additionally, evaluations were limited to smaller
models (7B-13B parameters), excluding the newest reasoning-specialized systems like
DeepSeek-R1 [76]. Future work should scale up datasets, investigate contamination in
larger or more advanced models, and explore new methods using hidden states and
advanced calibration techniques [7], [53].

Despite the insight that the impact of undetectable contamination on overall model
performance appears to be limited, benchmark scores—especially static ones—should
be interpreted cautiously. As noted in several studies [4], [13], malicious contamination
remains a genuine threat to the credibility of benchmark-based evaluations.

At the same time, state-of-the-art models continue to perform strongly across both
static and dynamic benchmarks [27], [41]-[43]. Their increasing success in real-world
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applications suggests that their capabilities extend beyond memorization and may reflect
emergent reasoning or intelligence .

To conclude, it is clear that we are only at the beginning of a profound transformation.
Or, as Wharton professor Ethan Mollick put it in his book Co-Intelligence, we should
“assume that this AI is the worst Al you will ever use” [78].

With this thesis, I hope to have contributed a small piece to the ongoing effort to
understand better how these models work and how we might evaluate them more reliably.
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Overview of Generative Al Tools
Used

Generative Al tools were used solely as supportive instruments in this thesis (and, of
course, as test objects in the experiments).

GPT-40 by OpenAl (version dated 2024-11-20)' and Grammarly? were employed
for grammar checking and for rephrasing individual sentences to enhance clarity and
academic style, without altering the author’s original arguments or ideas.

In addition, GPT-40 (version dated 2024-11-20) provided assistance with debugging,
generating visualization code, and writing function docstrings.

All Al-generated output was used cautiously and served only as a basis for further
refinement by the author.

"https://www.chatgpt.com
Zhttps://www.grammarly.com
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Appendix

Column Descriptions for MathCONTA

Table 1: Column Descriptions for MathCONTA verbatim

Name Explanation

1D Unique identifier for the problem.

LABEL Indicates if the problem is in OWM — {Conta},
otherwise — {Clean}.

SOURCE Where the problem was found.

CATEGORY Broad classification of the problem type.

SUBCATEGORY More detailed classification.

PROBLEM Full problem statement.

SOLUTION_OWM
SOLUTION CLEAN

EXTRACTED_ANSWER
L_OMIT

L_ANS

Solution as found in OWM.

Clean solution (criteria in

CLEAN_REASON_S).
Final answer extracted from the solution.

Indicates if non-essential text between question
and answer was omitted (e.g., omitting comments
or attempts), this text can be found here.

Indicates if the solution explains all steps but
does not explicitly state the final answer (e.g.,
missing “The solution is: z = 107).

Continued on next page
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Name Explanation

CLEAN_REASON_Q Reason clean question (1 - Offline Book in Ger-
man, 2 - Written/modified by author, 3 - Created
after training cut-off, clean till #dd-mm-YYYY,
4 - checked overlap with OWM).

CLEAN REASON S Reason for clean solution (1 - Offline Book in
German, 2 - Written/modified by author, 3 -
Created after training cut-off, 4 - checked overlap
with OWM).

DIFFICULTY_SCORE_A Difficulty estimation (1-4).
COMMENT A Additional comments or notes.

Findings on OWM during MathCONTA creation

While assembling our dataset, we encountered numerous instances where question-answer
extraction was not feasible. The table below lists a few random examples of documents
excluded due to structural or content-related issues. These examples illustrate common
challenges, such as missing answers, questions listed without solutions, or solutions
obscured behind interactive elements.

These cases represent only a small subset. OWM contains over six million documents,
many with valid and well-structured question-answer pairs. Quantifying this effect
systematically was beyond the scope of this thesis, but it might be interesting for future
research.

Additionally, the phenomenon—where another question rather than an answer follows a
question—raises interesting questions for future work: Studying how LLMs are affected
when pretraining data frequently contains unanswered questions would be worthwhile. A
promising direction could be automatically identifying such instances within large-scale
corpora and inserting plausible answers using an LLM back into the corpus. Investigating
whether this approach improves mathematical reasoning in pretraining could yield valuable
insights.
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ID (URL)

Problem Encountered

https://brilliant.org/problems/a-simple-sum/

No solution given. Among 60,000 pages from brilliant.org,

the first 100 checked contained no answers.

https://prepfortests.com/
gmat/tutorials/wordproblems/tables

No solution given.

https://www.mathallstar.org/Practice/
Search?Category=TheSpecialValueMethod

Only questions listed.

https://www.greenemath.com/Algebral/24/
SystemsofEquationsWordProblems
PracticeTest.html

Problems and solutions listed separately.

https://webwork.libretexts.org/webwork2/
html2xml?...

No solution given.

https://www.calculatorsoup.com/calculators/
wordproblems/

Only questions listed.

https://www.cheenta.com/read/

Solutions are cut off with “...” before completion.

https://www.cheenta.com/amc-10-algebra
-previous-year-questions-year-wisenumerates

Only questions listed.

https://www.mathl0.com/problems/
polynomial-vocabulary/easy/

Solutions hidden behind buttons.

https://www.mathl0.com/problems/
integrals-trigonometric-substitutions/easy/

Solutions hidden behind buttons.

Table 2: Random Selection of documents in OWM with missing or inaccessible solutions.

Sample Instances from MathCONTA

This section presents two examples, one from the word problem category and one from the
AIME category. All remaining examples are available on Hugging Face/[?| The examples
are quoted verbatim but formatted for clarity. Both are taken from the test split of

MathCONTA.

Notably, on OLMO-2-13B (OL2), CDD, n-gram accuracy, and n-gram cdd failed to
correctly classify clean-word-7 as clean. Conversely, clean-aime-7 was falsely
identified as contaminated by all methods except CDD. It is also noted that although
the methods do not perform better than random guessing, they are still correct half the

time despite lacking predictive power.

3MathCONTA Dataset: https://huggingface.co/datasets/Tobstar001/MathCONTA
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Question: In the 1st game you scored 2 goals, in the 2nd game you scored 5 goals,
in the 3rd game you scored none and in the 4th and 5th games you scored the
same number of goals. How many goals n did you score in the last game if you
scored an average of 3 goals per game in the last 5 games in total?

Solution:
We can calculate the average as follow:

24+5+04+n+n
)

=3

This represents the sum of all five values divided by 5, equaling the given average
of 3.

Multiplying both sides by 5 to eliminate the fraction and simplifying:
T+2xn=15

and therefore
n = 4.
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Question: Find the sum of all positive integers n such that n + 2 divides the

product 3(n + 3)(n? +9).

Solution 1

3(n+3)(n?+9)

ez
n-+ 2

N 3(n+2+1)(n?2+9)

e
n+ 2

N 3(n+2)(n2+9) +3(n%+9) 7
n+ 2
3(n?+9)

cZ
n+ 2

= 3(n®+9)+

3(n? —4+13)

Z
n-+ 2 <

3(n+2)(n—2)+39
= S
n+ 2

Z

Since n + 2 is positive, the positive factors of 39 are 1, 3,13, 39.

Therefore, n = —1,1, 11, 37.

Since n is positive, n = 1,11, 37.

1+ 11+ 37 =[049]
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Contamination Detection Results across OLMo-7B-0724
Model Variants

OLMo-7B-0724 is released in three variants: Base, SFT, and Instruct (referred
to as OL in the main experiments). The Base model is pretrained on the Dolma 1.7
dataset for general language understanding. SFT extends the Base model through
supervised fine-tuning on the Tulu 2 SFT Mix dataset. Instruct (OL) further refines
SFT by applying Direct Preference Optimization (DPO) and additional fine-tuning on
a cleaned UltraFeedback dataset, optimizing it for instruction-following tasks such as
chatbot development.

Test Accuracy per Method per OLMo-7B variant

Method Name
1.0 CDD
[ minK
I ContaTraces
I ngram_loglike
0.8 A I ngram_acc
H ngram_cdd
2 0.6 1
5
19
Q ———
<
0.4 4
0.2 4
0.0 -

Model ID

Figure 1: Test set accuracy across OLMo-7B-0724 model variants.

It might be expected that successive fine-tuning stages would make sample detection
more challenging. However, our small-scale experiment with the OLMo-7B-0724 variants
does not support this hypothesis (see Figure 1). Detection accuracy varies minimally
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across all models. Overall, performance remains poor, with no model exceeding a baseline
accuracy of 0.5, equivalent to random guessing.

Contamination Detection CV Results Details

All experimental results from our cross-validation are presented in Tables 3| and 4. Each
entry reports the mean accuracy and the standard deviation (+).

method__name__with__param OL2 OL DS LE
minK__ k=5 0.69 £ 0.024  0.56 + 0.017 0.68 £ 0.02 0.77 £ 0.021
ngram__loglike_n=5 0.65 £ 0.018 0.6 = 0.021 0.69 £ 0.013  0.73 + 0.028
minK__ k=20 0.61 £ 0.017 0.58 + 0.018 0.67 = 0.013  0.76 £ 0.021
minK__ k=10 0.62 £ 0.024 0.57 + 0.011 0.69 £+ 0.018 0.75 + 0.021
minK_ k=30 0.61 £ 0.026  0.58 £+ 0.018  0.65 &+ 0.017 0.77 £ 0.02
ngram__loglike_ n=2 0.64 £ 0.018 0.58 + 0.017 0.68 £ 0.03 0.69 £ 0.038
ngram__loglike_ n=7 0.6 £ 0.007 0.6 £ 0.027 0.66 £ 0.029 0.7 £ 0.02
ngram__loglike_ n=1 0.6 = 0.033 0.6 £ 0.051 0.69 £ 0.037  0.71 + 0.026

ContaTraces_ fit=exponential

ngram__loglike__ n=3 .59 £ 0.031  0.61 = 0.024  0.67 £ 0.009  0.66 + 0.021

+ 0.007 0.53 £ 0.009  0.58 & 0.035 0.54 £ 0.02
+ 0.013 0.5 + 0.007 0.59 £ 0.039  0.54 + 0.025

ngram__cdd_alpha=0.1_n=30
ngram_ cdd_ alpha=0.0__n=20
CDD_ alpha=0.3

ngram__cdd__alpha=0.0_n=30

1

4 £ 0.035 0.5+ 0.0 0.6 &= 0.035 0.5 £ 0.0
1+ 0.017 0.52 &£ 0.011 0.55 £ 0.026  0.51 &+ 0.007
2
1

0
0
ContaTraces_ fit=linear 0.6 = 0.009 0.59 + 0.013 0.63 + 0.013 0.67 £ 0.013
ngram_acc_n=2 0.53 £ 0.021  0.57 + 0.021  0.67 £ 0.024 0.7 + 0.029
ngram_acc_n=1 0.52 £+ 0.007 0.55 £+ 0.02 0.67 £ 0.014  0.72 + 0.035
ngram__cdd__alpha=0.3_n=10 0.54 £ 0.02 0.57 £ 0.016  0.61 + 0.038  0.61 £ 0.029
ngram__acc_n="7 0.53 £ 0.024 0.55 =+ 0.016 0.65 + 0.046 0.61 £+ 0.041
ngram__cdd__alpha=0.2_n=10 0.53 £ 0.007  0.56 + 0.017 0.61 £ 0.038 0.61 + 0.029
ngram_acc_n=>5 0.52 £ 0.007  0.52 + 0.017 0.63 £ 0.018 0.67 + 0.035
ngram__cdd__alpha=0.1_n=10 0.51 + 0.007 0.53 + 0.018 0.64 £ 0.034  0.59 + 0.021
ngram__cdd__alpha=0.0_n=10 0.5 + 0.017 0.54 £+ 0.0 0.66 + 0.04 0.59 + 0.02
ngram__cdd_ alpha=0.3_n=20 0.53 £ 0.007 0.54 + 0.029 0.62 + 0.045 0.58 £+ 0.021
ngram__cdd__alpha=0.2_ n=20 0.51 £ 0.013  0.53 + 0.024 0.64 £ 0.046  0.56 = 0.033
ngram_ acc_n=3 0.53 £ 0.009 0.52 + 0.016 0.66 £ 0.013  0.65 + 0.024
ngram__cdd__alpha=0.1_n=20 0.52 £+ 0.024 0.52 £ 0.02 0.62 £ 0.045  0.56 + 0.027
ngram__cdd__alpha=0.3_n=30 0.51 &= 0.009  0.53 + 0.009 0.61 £+ 0.039  0.55 + 0.029
ngram__cdd__alpha=0.2_n=30 0.51 £+ 0.009 0.52 + 0.011 0.6 + 0.041 0.54 £+ 0.021
0
0
0
0
CDD__alpha=0.2 0 + 0.011 0.5 £+ 0.0 0.59 £ 0.029 0.5 + 0.0

CDD_ alpha=0.1 0 + 0.009 0.5 + 0.0 0.54 £ 0.027 0.5 + 0.0

CDD__alpha=0.0 0.5 + 0.007 0.5 + 0.0 0.51 £ 0.014 0.5 + 0.0

Table 3: Mean CV Train Accuracy for various methods/models

Contamination Detection - Output Metric Distribution

Analysis of minK and ngram__loglike on DeepseekMath

As the methods minK and n-gram loglike performed reasonably well on DeepseekMath
(DS) (test accuracy around 0.6) with a slight, though not significant, improvement, we
provide a detailed overview of the statistics and value distributions across categories
for this model and these methods. Due to the small number of examples per category
(approximately 25 per category), this analysis is intended purely for informational purposes
and to inform future work. No statistical tests were applied. All metrics are based on the
full dataset using the optimal hyperparameter settings for each method. Thus, results
should be interpreted cautiously: abnormal patterns may arise due to randomness or
selection bias.
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method__name_ with__param OL2 OL DS LE

minK__ k=5 0.69 £+ 0.097  0.53 + 0.073 0.63 £ 0.07 0.74 £+ 0.086
ngram__loglike_ n=5 0.56 + 0.114 0.59 £+ 0.07 0.64 £ 0.064 0.66 = 0.083
minK__ k=20 0.53 £ 0.057 0.5 = 0.09 0.66 £ 0.053  0.73 + 0.083
ngram__loglike_ n=2 0.6 £ 0.073 0.51 £ 0.105 0.59 + 0.095 0.63 £ 0.177
minK_ k=30 0.56 £ 0.105  0.53 + 0.073  0.57 £ 0.045 0.69 + 0.097
ngram__acc_n=1 0.49 £+ 0.029  0.47 + 0.073  0.59 £ 0.095 0.66 + 0.095
ngram__loglike_ n=3 0.5 + 0.078 0.54 + 0.097 0.56 £+ 0.07 0.61 £+ 0.097
ngram__ loglike _n=1 0.51 £ 0.139  0.44 £+ 0.153  0.67 £ 0.132 0.64 £ 0.09
minK__ k=10 0.54 £ 0.097 0.46 + 0.073  0.66 £ 0.083  0.67 + 0.057
ngram__ loglike_n=7 0.54 £+ 0.073 0.5 + 0.111 0.63 £ 0.159  0.64 + 0.078
ngram__cdd__alpha=0.3_n=10 0.51 +£ 0.053  0.57 &+ 0.064 0.51 £ 0.114 0.6 + 0.125
ngram__cdd__alpha=0.2_n=10 0.5 £ 0.0 0.56 + 0.07 0.59 + 0.199 0.57 £+ 0.101
ngram__cdd__alpha=0.0_n=10 0.46 £+ 0.035 0.5 £ 0.0 0.64 + 0.136 0.54 + 0.097
ngram_acc_n=2 0.46 £ 0.057  0.47 + 0.097 0.59 £ 0.105 0.64 + 0.101
ContaTraces__fit=exponential 0.49 £ 0.114  0.56 + 0.123  0.49 £ 0.165 0.61 + 0.125
ngram__cdd__alpha=0.1_n=10 0.5 + 0.0 0.47 £ 0.035 0.63 + 0.131  0.46 £ 0.035
ContaTraces_ fit=linear 0.47 £ 0.073 0.43 + 0.0 0.54 + 0.073 0.59 + 0.029
CDD__alpha=0.3 0.54 £+ 0.14 0.5 + 0.0 0.56 £ 0.183 0.5 + 0.0

ngram_acc_n=>5 0.44 £+ 0.053 0.4 + 0.073 0.59 £ 0.095 0.61 + 0.167
ngram__cdd__alpha=0.3_n=20 0.5 + 0.0 0.5 + 0.078 0.51 £ 0.159  0.47 + 0.116
ngram__cdd__alpha=0.1_n=30 0.46 + 0.086  0.53 + 0.035 0.5 + 0.181 0.47 £+ 0.132
ngram__cdd__alpha=0.2_ n=20 0.43 £ 0.064 0.47 £+ 0.035 0.51 + 0.194 0.47 £+ 0.132
ngram cdd_alpha=0.2 n=30 0.44 £ 0.053  0.46 &+ 0.057 0.53 £ 0.132  0.47 + 0.097
CDD_ alpha=0.2 0.46 £+ 0.057 0.5 + 0.0 0.56 £ 0.114 0.5 + 0.0

ngram_acc_n=7 0.41 £+ 0.083  0.47 + 0.035 0.6 + 0.19 0.51 £+ 0.131
CDD__alpha=0.0 0.49 £+ 0.029 0.5 + 0.0 0.46 £+ 0.057 0.5 + 0.0

CDD__alpha=0.1 0.47 £ 0.035 0.5 + 0.0 0.5 + 0.064 0.5 + 0.0

ngram_acc_n=3 0.41 £ 0.053  0.43 + 0.064 0.63 £ 0.053  0.57 + 0.078
ngram__cdd__alpha=0.3_n=30 0.47 £ 0.035  0.51 + 0.029 0.5 + 0.136 0.46 £+ 0.116
ngram__cdd__alpha=0.0_n=30 0.39 + 0.14 0.47 + 0.035  0.46 + 0.116  0.49 £ 0.029
ngram__cdd__alpha=0.0_n=20 0.39 £ 0.116 0.47 £ 0.057 0.51 = 0.159 0.47 £ 0.073
ngram__cdd__alpha=0.1_n=20 0.41 + 0.083 0.43 £+ 0.078 0.56 + 0.171 0.47 £+ 0.107

Table 4: Mean CV Validation Accuracy for various methods/models

For the AMCS8 category and word problems, the differences in values are noticeably more
pronounced than in more difficult categories such as AIME and Forum (see Figure 2).
This suggests contamination detection may be easier at levels where the language model
performs more confidently.

However, two alternative explanations should be considered. First, word problems may
be easier to detect because all clean examples were written by a non-native speaker,
potentially introducing unintended linguistic biases. This would support the hypothesis
that formulation differences are more easily detected than the actual contamination status.
However, this explanation can be ruled out for AMCS since clean and contaminated
AMCS examples were sourced from the same websites. We hypothesize that DS may have
been specifically trained on AMCS8 examples and has likely encountered them multiple
times.

This observation motivates the creation of additional datasets designed to evaluate
contamination in AMCS8 problems. We intend to pursue this in future work.
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Figure 2: Boxplots showing the distribution of metric values produced by minK (left)
and ngram-loglike (right), grouped by category and label (clean vs. contaminated) on
DS. Clearer separation between the groups indicates better discriminative power and
facilitates threshold selection.

Distribution of Metric Outputs (all)

Figures 36 show boxplot visualizations of all evaluated methods across the four LLMs,
grouped by the four categories of the MathCONTA dataset.

Despite differences in solution length, formulation style, and mathematical difficulty,
all categories share a common defining property: each instance is either seen during
pretraining or entirely novel. This is the core signal that contamination detection methods
aim to capture. However, it is evident that, in general, these methods fail to do so—even
without applying any train/test splits.

The trend observed for DS (discussed in the section above) also appears in other models:
the word problems and AMCS8 categories are generally easier to distinguish than the more
challenging AIME and Forum problems—at least for methods such as minK, n-gram
loglike, and ContaTraces (linear). An exception is seen in OL2, where the category Forum
exhibits the highest distributional drift under mink.

The visualizations also highlight the failure of CDD to provide meaningful results. Our
proposed variant, n-gram cdd, shows some improvement but still does not reliably
distinguish between contaminated and uncontaminated examples.

73



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

minK on deepseek-ai/deepseek-math-7b-instruct

Category

cdd

ContaTracesLin on deepseek-ai/deepseek-math-7b-instruct

Status 0.000
== Conta i‘
0.008 “EEE Clean ~0.005
—0.010
0.006
-0.015
o
2 [
[ =2
T
% . g -0.020
£ 0. £
€
—0.025
0.002 ~0.030
—0.035 Status
B Conta
I
0.000 —0.040 N Clean
word-problems AMC8 AIME Forum word-problems AMC8 AIME Forum
Category Category
minK Conta Traces
ngram_acc on deepseek-ai/deepseek-math-7b-instruct ngram_loglike on deepseek-ai/deepseek-math-7b-instruct
- Status _—
B Conta
0.6 N Clean -0.5
0.5 -1.0
3 g s
|
5 £
<3 & -2.0
2 <)
03 = 4
=25
0.2
-3.0
Status
B Conta
0.1 35 EE Clean
word-problems AMC8 AIME Forum word-problems AMC8 AIME Forum
Category Category
ngram__accuracy ngram__loglike
cdd on deepseek-ai/deepseek-math-7b-instruct ngram_cdd on deepseek-ai/deepseek-math-7b-instruct
Status Status
B Conta B Conta
N Clean N Clean
0.8 0.4
0.6 503
1
E -
] o
S k]
o' 2
To4 £02
=3
ﬁ <
) i )
0.0 0.0 i
word-problems AMC8 AIME Forum word-problems AMC8 AIME Forum

Category

ngram__cdd

Figure 3: Boxplots showing the distribution of metric values produced by each method,
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grouped by category and label (clean vs. contaminated) on DS. Clearer separation between
the groups indicates better discriminative power and facilitates threshold selection.
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Figure 4: Boxplots showing the distribution of metric values produced by each method,
grouped by category and label (clean vs. contaminated) on LE. Clearer separation between
the groups indicates better discriminative power and facilitates threshold selection.
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Figure 5: Boxplots showing the distribution of metric values produced by each method,
grouped by category and label (clean vs. contaminated) on OL. Clearer separation between
the groups indicates better discriminative power and facilitates threshold selection.
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Figure 6: Boxplots showing the distribution of metric values produced by each method,
grouped by category and label (clean vs. contaminated) on OL2. Clearer separation be-
tween the groups indicates better discriminative power and facilitates threshold selection.
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