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Abstract
Large Language Models (LLMs) are typically evaluated using standardized benchmarks to enable consistent
performance measurement and model comparison. However, the reliability of these benchmarks can be undermined
by data contamination, which occurs when evaluation items are inadvertently included in training corpora. While
this issue has been investigated primarily in high-resource languages such as English and Chinese, its impact on
underrepresented languages — such as Brazilian Portuguese — remains understudied. In this paper, we present one
of the first systematic investigations of benchmark data contamination (BDC) in an underrepresented language setting,
using Brazilian Portuguese as a case study. Using validated methodologies from the literature, we evaluate specialized
and multilingual models across four benchmarks: BLUEX, ENEM Challenge, OAB Exams, and HealthQA-BR.
Our approach applyes TS-Guessing to detect contamination via memorized knowledge, alongside a 50-character
n-gram similarity strategy to identify benchmark items leaked into training data. Our results provide consistent
evidence of contamination, revealing that models with stronger memorization and retrieval abilities tend to achieve
artificially inflated benchmark scores. Our contributions include: (i) classifying models according to their contamina-
tion risk, (ii) identifying the benchmarks most affected by data leakage, and (iii) reporting contaminated training corpora.

Keywords: Large Language Models, Benchmark Data Contamination, Underrepresented Languages, Brazilian

Portuguese, Model Evaluation
1. Introduction

Evaluating Large Language Models (LLMs) is es-
sential for advancing Natural Language Process-
ing (NLP) by revealing their capabilities and limita-
tions (Laskar et al., 2024). Benchmarks play a key
role by providing standardized test sets with defined
data, metrics, and protocols (Chang et al., 2024).
They enable systematic performance measurement
across tasks like text understanding, question an-
swering, and machine translation (Chang et al.,
2024; Laskar et al., 2024). Widely used bench-
marks include MMLU (which evaluates general
knowledge) (Hendrycks et al., 2021), GSM8K (fo-
cused on mathematical reasoning) (Cobbe et al.,
2021), and HumanEval (designed for code genera-
tion) (Chen et al., 2021).

Despite their utility, benchmarks face the chal-
lenge of benchmark data contamination (BDC)
— benchmark items found in training data (Xu et al.,
2024a). Reported cases reveal memorization:
Qwen-1.8B reproduced GSM8K n-grams (Xu et al.,
2024b), GPT-4 reconstructed masked MMLU an-
swers with 57% accuracy (Deng et al., 2024b), and
StarCoderBase-15.5B overlapped with MBPP and
HumanEval (Riddell et al., 2024). Such contam-
ination can inflate performance and mask model
weaknesses, undermining benchmark reliability.

For underrepresented languages such as Brazil-
ian Portuguese (PT-BR), contamination poses an
additional challenge. The scarcity of high-quality
corpora (Kreutzer et al., 2022; Thompson et al.,
2024) encourages reliance on public data sources
— such as repositories and exam materials —
that often recur across training and evaluation
datasets (Xu et al., 2024a; Deng et al., 2024b; Ju-
nior et al., 2024). Although awareness of this is-
sue has grown within the Brazilian Portuguese NLP
community (Pires et al., 2023; Abonizio et al., 2024;
Junior et al., 2024), our literature review found no
prior work systematically investigating benchmark
leakage in this context. This demonstrates a clear
gap in the understanding of model contamination in
an underrepresented yet widely spoken language
(PT-BR).

Drawing on a robust methodology validated in
prior work, we assess contamination in Brazil-
ian Portuguese across two dimensions: models
and corpora. For models, we analyze special-
ized PT-BR models (e.g., Sabia-3.1) and multilin-
gual ones (e.g., GPT-40), using the TS-Guessing
method (Deng et al., 2024b), which masks one
incorrect multiple-choice option for model recov-
ery. For corpora, we apply 50-character substring
matching (OpenAl, 2023) to detect overlaps with
benchmarks. Our study evaluates 15 models and
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3 corpora using four widely adopted PT-BR bench-
marks: BLUEX (Almeida et al., 2023), ENEM
Challenge (Silveira and Maua, 2018), HealthQA-
BR (D’addario, 2025), and OAB Exams (Delfino
et al., 2017).

Our analysis reveals clear evidence of contam-
ination across both analytical dimensions: model
behavior and pretraining data. At the behav-
joral level, contamination signals were detected in
14 model-benchmark pairs, where Exact Match
scores exceeds the statistical threshold (EM >
0.02) derived from the empirical distribution of re-
sults. Multilingual systems showed stronger mem-
orization and higher accuracy, while small special-
ized Portuguese models displayed minimal behav-
joral contamination despite exposure to leaked data.
Jointly, these results reveal a consistent positive as-
sociation between model performance and contam-
ination — with correlations ranging from moderate
to strong across benchmarks (pgm = 0.52-0.79, all
p < 0.001). This indicates that contamination sys-
tematically inflates model performance, reinforcing
the importance of evaluating accuracy and con-
tamination together. At the corpus level, leakage
exceeded 90% in some pretraining datasets, con-
firming that benchmark material is deeply embed-
ded in Portuguese training data.

We organize this paper as follows. Section 2
introduces the background and related work. Sec-
tion 3 details our experimental design, variables,
and evaluation setup. Section 4 presents and inter-
prets our findings. Section 5 provides replication
package details. Section 6 summarizes our con-
tributions and future directions. Finally, Section 7
discusses validity threats.

2. Background and Related Work

This section introduces the conceptual foundations
of BDC, detection frameworks, and the context of
Brazilian Portuguese LLMs.

2.1. Benchmark Data Contamination:
Definition and Forms

BDC occurs when evaluation data overlaps with
a model’s pretraining corpus, artificially inflating
performance by rewarding memorization over rea-
soning (Sainz et al., 2023; Deng et al., 20243a;
Dong et al., 2024). As datasets grow larger and
more opaque, identifying these overlaps becomes
increasingly difficult (Ravaut et al., 2024). Con-
tamination can be deliberate (when benchmarks
are used for fine-tuning or validation) or acciden-
tal (from large-scale web crawls that capture pub-
lic benchmarks (Xu et al., 2024a; OpenAl, 2023)).
While automated filters and exclusion lists mitigate
this risk, complete removal remains infeasible.

Contamination is further defined by its form and
exposure level. Forms range from guideline con-
tamination (exposure to task instructions) to an-
notation contamination (presence of inputs and la-
bels) (Sainz et al., 2023). Exposure spans from
semantic similarity, where models learn from re-
lated material, to literal duplication, where test items
appear verbatim. Ravaut et al. (2024) also distin-
guishes between input leakage (questions only)
and input—label leakage (questions and answers).

2.2. Detection Frameworks and
Methodological Approaches

Contamination detection depends on model trans-
parency. White-box models (e.g., Tucano-2B4) ex-
pose parameters and training data, allowing direct
detection via string matching (OpenAl, 2023) or
semantic similarity (Deng et al., 2024a; Sainz et al.,
2023). Gray-box models (e.g., LLaMA) provide
intermediate signals such as logits, supporting in-
direct inference (Deng et al., 2024a). Black-box
models (e.g., ChatGPT) restrict outputs, making
behavioral inference the only viable option.

White-box detection primarily relies on textual
overlap. Early studies used 8-gram matches (Rad-
ford et al., 2019), later refined to token-level n-
grams in LLaMA 2 (Touvron et al., 2023). The
GPT-4 technical report introduced the 50-character
substring method (OpenAl, 2023), which we adopt
for measuring overlap between benchmarks and
large-scale Portuguese corpora. This approach
influenced subsequent efforts, such as ClassiCC-
PT (Almeida et al., 2025).

Among black-box methods, TS-Guessing is a
robust and reproducible protocol for detecting be-
havioral contamination. Proposed by Deng et al.
(2024b), it tests whether models can reconstruct
masked incorrect options in multiple-choice tasks.
It has been applied across domains, including the
verification of medical benchmark integrity (Chen
et al., 2025) and benchmark screening (Sun et al.,
2025). Although it can overestimate contamination
in multimodal tasks (Song et al., 2025), this limi-
tation does not affect our textual benchmarks. Its
efficiency and consistency make it well suited for
our analysis.

To execute this study, we adapted two open-
source LLM evaluation frameworks. For corpus
inspection, we adapted LLMSanitize', developed
by the NTU NLP Group, which organizes multi-
ple contamination detection methods. Our fork ex-
tended its 50-character substring procedure to sup-
port streaming execution and large-scale corpus
comparison. For behavioral analysis, we adapted
Stanford’s established Holistic Evaluation of Lan-

1https ://github.com/ntunlp/LLMSanitize
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guage Models (HELM)? (Liang et al., 2023), inte-
grating the TS-Guessing protocol into its pipeline.

2.3. The Brazilian Portuguese Scenario

Most LLMSs are trained primarily in English, reflect-
ing its abundance and dominance in NLP (Yuan
et al., 2024; Qin et al., 2025). English repre-
sents 92.65% of GPT-3’s tokens and 89.70% in
LLaMA 2 (Li et al., 2025; Yuan et al., 2024), creat-
ing a structural bias that limits the representation of
underrepresented languages such as Brazilian Por-
tuguese (Corréa et al., 2024; Larcher et al., 2023).

Specialized models and curated corpora for
Brazilian Portuguese are being developed. Mod-
els include Sabid-3 (Abonizio et al., 2024) (trained
from scratch) and Tucano-2B4 (Corréa et al., 2025)
(built on the 200-billion-token GigaVerbo corpus),
while openCabrita-3B (Larcher et al., 2023) and
Bode-13B (Garcia et al., 2024) adapt multilingual
architectures through fine-tuning. These efforts are
complemented by corpora, like Aroeira (Lira et al.,
2025) and ClassiCC-PT (Almeida et al., 2025),
which apply stricter filtering to improve Brazilian
data quality.

While Almeida et al. (2025) has shown concerns
for BDC, we did not find any studies that system-
atically analyze this phenomenon in Brazilian Por-
tuguese. Our research is thus the first to compre-
hensively investigate both corpus-level and model-
level contamination for PT-BR.

3. Methodology

Our methodology is guided by the following re-
search questions:

* RQ1: Do large language models exhibit behav-
ioral evidence of contamination by Brazilian
Portuguese benchmark data?

* RQ2: Do Brazilian Portuguese benchmarks
appear within the training corpora used to build
Portuguese or multilingual LLMs?

These questions examine BDC from complemen-
tary perspectives. RQ1 investigates behavioral ev-
idence of memorization in LLMs on Brazilian Por-
tuguese benchmarks, offering a model-centric view.
RQ2 examines the presence of benchmark data
within Portuguese pretraining corpora, providing a
data-centric perspective on source leakage.

3.1. Method to Answer RQ1

Three factors shape our experimental design: the
contamination detection method, the benchmarks,
and the evaluated models.

’https://crfm.stanford.edu/helm/

3.1.1. Factors

TS-Guessing — The contamination detection
method. We prioritized four criteria for choosing
a BDC detection technique: black-box applicability
(for open and closed models), peer-reviewed val-
idation, public implementation details, and reuse
beyond the original study. We selected the Test Set
Slot Guessing (TS-Guessing) protocol (Deng et al.,
2024b), which meets all criteria, supports multiple-
choice benchmarks, and has low computational
overhead.

Although Section 2 introduced TS-Guessing con-
ceptually, here we detail its implementation. TS-
Guessing is a behavioral protocol detecting bench-
mark leakage by testing the model’s ability to re-
call specific, non-salient information. We used the
"Question-Multichoice" option, where in each in-
stance one incorrect answer choice is randomly
replaced with a [MASK] token, while the correct
and remaining options remain visible. The model
is then prompted to reconstruct the masked text.

Metrics. Instance-level results are aggregated
across each benchmark to compute two contami-
nation indicators: the EM rate ( proportion of exact
reproductions) and the mean ROUGE-L F1 score
(average lexical overlap). As their Spearman cor-
relation was high (p = 0.820), we rely on EM as
the primary contamination behavioral signal. While
any non-zero EM suggests contamination (chance
reproduction is highly unlikely), we adopted a con-
servative, data-driven threshold. An ordered EM
distribution across all 60 model-benchmark pairs
showed a clear inflection near 0.02, which we define
as the contamination threshold.

Benchmarks. We evaluated four multiple-
choice benchmarks across distinct domains:
BLUEX (Almeida et al., 2023), ENEM Chal-
lenge (Silveira and Maud, 2018), HealthQA-
BR (D’addario, 2025), and OAB Exams (Delfino
et al., 2017). All datasets use official HELM Stan-
ford splits, ensuring consistency and reproducibility.
These benchmarks are widely used in Portuguese
LLM evaluations, as noted Junior et al. (2024), Cor-
réa et al. (2025), and the Open Portuguese LLM
Leaderboard®. Characteristics are summarized in
Table 1.

Benchmark Domain Split Used  # Instances
BLUEX* General Knowledge  Questions 724
ENEM Challenge  General Knowledge  Train 1432
HealthQA-BR Health & Medicine Train 5632
OAB Exams Law Train 2210

Table 1: Benchmarks used in the contamination
analysis, with domains and sizes. * indicates that
only text-only instances were used (BLUEX)

3https ://huggingface.co/spaces/
eduagarcia/open_pt_llm_leaderboard
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Beyond their technical role, each benchmark
carries cultural and educational relevance. The
ENEM Challenge derives from Brazil’s National
High School Exam, the main gateway to higher ed-
ucation. BLUEX compiles multidisciplinary ques-
tions from university entrance exams of UNICAMP
and USP, also targeting general knowledge and
reasoning. OAB Exams originates from the Brazil-
ian Bar Association’s certification tests, focused
on legal reasoning and professional readiness.
HealthQA-BR includes questions from national
medical exams (Revalida and ENARE), emphasiz-
ing factual and clinical reasoning. Together, these
benchmarks offer a balanced and representative
evaluation of linguistic, cultural, and professional
knowledge in Brazilian Portuguese, making them
well suited for analyzing contamination and gener-
alization in Portuguese LLMs.

The models. We evaluated a diverse set of
LLMs selected for their academic or commercial
relevance, covering both specialized Brazilian Por-
tuguese and multilingual families. Table 2 summa-
rizes the evaluated models and their main charac-
teristics. We stratified models into three scales by
parameter size: small (<13B), typically feasible
on a single 40GB GPU and accessible to inde-
pendent researchers; medium (14B to 30B), which
require 80GB GPUs or optimized inference; and
large (>30B), exceeding single-GPU capacity and
representing state-of-the-art systems.

Model Specialized (PT-BR) Family #Size
Bode-13B-Alpaca-PT-BR LLaMA small
Gemma-3-Gaia-PT-BR-4B-it Gemma small
Gervésio-7B LLaMA small
openCabrita-3B OpenLLaMA small
Sabia-3.1 (2025-05-08) Sabia large
Sabia-7B LLaMA small
Tucano-2B4 Tucano small
Model Multilingual Family #Size
Gemma-3-12B-it Gemma small
Granite-3.3-8B-Instr. Granite small
GPT-40 (2024-11-20) OpenAl large
Llama-3.1-8B-Instruct LLaMA small
Llama-4-Maverick-17B LLaMA medium
Ministral-8B-Instr. Mistral small
Phi-4 Phi medium
Qwen3-8B Qwen small

Table 2: Evaluated models, grouped by specializa-
tion and scale.

Among specialized models, we selected the
strongest available variant within each family. Ex-
cept for Tucano-2B4 and Sabia-3.1, pretrained from
scratch, all specialized models are fine-tuned adap-
tations for Brazilian Portuguese. Although Sabia-
3.1 is specialized, we grouped it among large mod-
els due to its closed-access nature and competitive
scale, aligning it more closely with GPT-40. For
multilingual models, we emphasized family diver-
sity to broaden architectural coverage.

3.1.2. Execution and Analysis

We implemented a Python version of TS-Guessing
within a fork of the HELM Stanford framework®.
The protocol was integrated directly into HELM’s
evaluation pipeline, enabling unified computation of
standard performance metrics and contamination
indicators. To ensure methodological fidelity, we
validated the implementation and conducted unit
tests for consistent behavior.

The system adopts a modular design with compo-
nents for data filtering, prompt construction (mask-
ing one incorrect alternative), and output normaliza-
tion using NLTK. Leveraging HELM'’s client-based
architecture, smaller models were executed locally
(IBM Power9 and Google Colab), while larger ones
were accessed via the OpenRouter API®. This
setup ensured reproducible evaluation across all
model-benchmark pairs (Figure 1).

Benchmark HELM Model
Data and LLM Accuracy
@ Model Evaluation @
FE @ Exact Match
IE + @% @ @'@ 0.20
Bluex LLaMA —_—
TS-Guessing
o Exact , ROUGE-L
° Match | F1Score Contamination
° 10 10 Indice
0.0 015 @ Exact ROUGE-L
+ 0.0 030 —= | Match ‘ F1Score
OAB Quen ° ° 0.20 0.45
Exames ° °
1.0 1.0
Q
N

Figure 1: Unified pipeline for performance and con-
tamination metrics. Each model-benchmark pair
(1) produces standard accuracy and contamination
indicators in a single execution (2).

We conducted 60 TS-Guessing runs covering all
15 models and 4 benchmarks. Model predictions
for masked content were evaluated to compute con-
tamination indicators (EM rate and mean ROUGE-L
F1). The predefined contamination threshold (EM
> 0.02) was applied across analyses. Results be-
low this level were interpreted cautiously, acknowl-
edging that factors inherent to the architecture and
training of the model may suppress behavioral evi-
dence of contamination.

3.2. Method to Answer RQ2

Our corpus-level analysis to answer RQ2 is also
defined by three main factors: the detection method,
the benchmarks, and the target pretraining corpora.

*https://github.com/1llm-pt-ibm/
helm-guessing/
Shttps://openrouter.ai/
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3.2.1. Factors

Substring Overlap — The corpus-level detec-
tion method. We selected the 50-character sub-
string matching method (OpenAl, 2023) after re-
viewing alternative corpus-level detection strate-
gies, as it provides a good balance between accu-
racy and computational efficiency. We applied the
method to identify direct overlaps between bench-
mark items and pretraining corpora. Both datasets
were normalized by removing non-alphanumeric
characters, and up to three random 50-character
substrings were sampled from each benchmark in-
stance (or the full text if shorter). An instance was
labeled as contaminated if any substring appeared
verbatim in the corpus.

Metrics. We report two complementary indica-
tors: the Benchmark Leakage Rate (BLR), measur-
ing the proportion of benchmark instances found
in the corpus, and the Contamination Dispersion
(CD), measuring the empirical proportion of (bench-
mark instance x training batch) pairs in which at
least one sampled substring overlap is detected. In
summary, BLR captures how much of the bench-
mark leaked into the corpus, while CD captures how
frequently leaked items are encountered across
it. Unlike behavioral indicators, these corpus-level
measures represent direct textual overlap and re-
quire no thresholding.

The benchmarks. The analysis covers the
same four multiple-choice benchmarks used in
RQ1 (BLUEX, ENEM Challenge, HealthQA-BR,
and OAB Exams).

The corpora. Our analysis targets three large-
scale Portuguese pretraining corpora selected for
their relevance in recent model development. As
detailed in Table 3, these include Aroeira, Gi-
gaVerbo, and mC4-PT, presented with their respec-
tive sizes and document counts.

Corpus # Documents Size (GB)
Aroeira 34,841,241 55.6
GigaVerbo 145,300,844 411.0
mC4-PT 169,073,811 312.0

Table 3: Pretraining corpora evaluated for bench-
mark leakage analysis.

Two corpora correspond directly to models an-
alyzed in RQ1: GigaVerbo for Tucano-2B4 and
mC4-PT for openCabrita-3B, enabling corpus-to-
behavior comparisons.

3.2.2. Execution and Analysis

Given the scale of the corpora, we implemented
an adaptation of GPT-4 Technical Report method
within the LLMSanitize library. Our fork® extends

Shttps://github.com/1llm-pt—-ibm/
L1LMSanitize/

the support for streaming and batch-level compari-
son using the Hugging Face datasets API. Each cor-
pus was processed in 6,000-example batches, com-
paring all samples against benchmark substrings.
For reproducibility and fault tolerance, the system
ran in parallel across multiple CPU workers with a
fixed random seed (42) and periodic checkpoints.

Twelve runs (three corpora x four benchmarks)
were executed on IBM Power9 and Power10 sys-
tems to ensure computational consistency. The
pipeline recorded the number of processed sam-
ples, detected overlaps, and total comparisons,
saving all matched benchmark items in structured
JSONL files for transparent inspection and recon-
struction of clean benchmark splits.

4. Results and Discussion

This section presents the experimental findings or-
ganized around the two research questions that
guide our study.

4.1. Results for RQ1

To answer RQ1, we followed the model selection,
benchmark scope, and evaluation setup defined in
the methodology, applying the TS-Guessing pro-
tocol to assess behavioral contamination. This
analysis identifies instances where model pre-
dictions reflect memorized benchmark content
rather than genuine reasoning. Table 4 reports
all model-benchmark pairs that met the behavioral
contamination criterion (EM > 0.02).

Model Benchmark Exact Match ROUGE-L
Llama-3.1-8B-Instruct BLUEX 0.10* 0.21
Sabia-3.1 (2025-05-08) BLUEX 0.08 0.35%
GPT-40 (2024-11-20) BLUEX 0.08 0.34
Sabia-3.1 (2025-05-08) HealthQA-BR 0.04 0.26
Qwen3-8B BLUEX 0.03 0.33
Sabia-3.1 (2025-05-08) OAB Exams 0.03 0.31
GPT-40 (2024-11-20) OAB Exams 0.03 0.31
Llama-4-Maverick-17B BLUEX 0.03 0.29
Llama-4-Maverick-17B OAB Exams 0.02 0.30
Gemma-3-12B-it BLUEX 0.02 0.28
Sabia-3.1 (2025-05-08) ENEM Challenge 0.02 0.28
Granite-3.3-8B-Instruct BLUEX 0.02 0.26
GPT-40 (2024-11-20) ENEM Challenge 0.02 0.26
GPT-40 (2024-11-20) HealthQA-BR 0.02 0.26

Table 4: Model-benchmark pairs flagged for be-
havioral contamination according to TS-Guessing
results (EM > 0.02). Asterisks indicate the highest
value observed for each metric.

Behavior in small-scale models. Most Brazilian
Portuguese specialized models fall within the small-
scale category, and none exhibited notable behav-
ioral contamination. All six models — Bode-13B-
Alpaca-PT-BR, openCabrita-3B, Gemma-3-Gaia-
PT-BR-4B, Gervasio-7B, Sabia-7B, and Tucano-
2B4 — stayed below the contamination threshold
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(EM < 0.02) across all benchmarks. Their ROUGE-
L range (from 0.01 to 0.24) indicates minimal lexical
overlap with masked alternatives. These results
challenge the assumption that the scarcity of high-
quality data in Portuguese inevitably leads to high
overlap between benchmarks and training sets.

However, the absence of behavioral evidence
does not preclude corpus-level leakage; it may in-
stead suggest that small specialized models fail
to internalize or exploit leaked benchmark content
due to limited exposure, architectural constraints,
or variations in training and fine-tuning quality. This
pattern aligns with findings summarized by Deng
et al. (2024a), who report that smaller models often
memorize contaminated data without effectively us-
ing it, and with Sainz et al. (2023), who note that
the lack of observable memorization does not nec-
essarily imply the absence of training exposure.

Complementing, small multilingual models of
similar size exhibited clearer signs of contamina-
tion. Granite-3.3-8B-Instr., Llama-3.1-8B-Instruct,
Qwen3-8B, and Gemma-3-12B-it all reached the
contamination threshold on at least one benchmark,
while Mistral-8B-Instr. showed only marginal over-
lap. All flagged cases occurred on BLUEX, where
Llama-3.1-8B-Instruct reached the highest Exact
Match overall (EM = 0.10), followed by Qwen3-8B
(EM = 0.03) and both Granite-3.3-8B and Gemma-
3-12B-it (EM = 0.02). Qwen3-8B, although below
the threshold on OAB Exams, attained a ROUGE-L
of 0.31, suggesting partial lexical recall without ver-
batim reproduction. Overall, even small multilingual
models exhibit measurable behavioral contamina-
tion.

Medium and large models. Clear contamination
patterns appeared among medium and large mod-
els. Llama-4-Maverick-17B reached the threshold
on BLUEX and OAB Exams, while Sabia-3.1 and
GPT-40 showed stronger, consistent contamination
signals. Sabia-3.1 achieved EM = 0.08 on BLUEX
and exceeded the threshold on all benchmarks.
GPT-40 followed a similar trend, with EM = 0.08
on BLUEX, and exceeding the threshold elsewhere.
ROUGE-L results reinforced this, showing high lex-
ical overlap (0.34 to 0.35 on BLUEX; 0.31 on OAB
Exams). These results align with prior findings re-
ported by Xu et al. (2024a), who observed that
larger and more capable models tend to exhibit
stronger contamination effects and derive greater
performance gains from leaked data.

Analysis and interpretation. Contamination in-
tensity varied across benchmarks. BLUEX showed
the strongest memorization evidence, achieving the
highest Exact Match (EM) values. It was followed
by OAB Exams, which also presented substantial
signals and had the highest mean ROUGE-L score

across models. While BLUEX and ENEM Chal-
lenge both assess general knowledge, OAB Ex-
ams focus on legal reasoning and contain dense,
domain-specific terminology. This likely contributes
to higher ROUGE-L scores, as it may prompt mod-
els to recall fragments of specific legal language
even when unable to reconstruct the full option ver-
batim. In contrast, ENEM Challenge and HealthQA-
BR exhibited lower overall EM averages and only
mild indications of contamination, suggesting that
the knowledge required for these tasks was likely
learned indirectly from broader training sources
rather than through direct benchmark exposure.

This variation across benchmarks converges with
findings from Golchin and Surdeanu (2025) and
Zhu et al. (2024a), who observed that contami-
nation intensity fluctuates substantially between
datasets even within the same model. Such results
reinforce that benchmark properties — including
domain, linguistic structure, and overlap frequency
— play a decisive role in shaping how memorization
signals manifest.

While contamination can inflate scores, our re-
sults show it does not necessarily reduce task
difficulty. Despite being the most contaminated
datasets, BLUEX and OAB Exams remained
among the hardest benchmarks. A paired t-test
confirms this pattern: OAB Exams was significantly
harder than the less contaminated ENEM Chal-
lenge (t(14) = 3.45, p = 0.0039), and BLUEX, de-
spite showing the strongest memorization signals,
was statistically indistinguishable from ENEM Chal-
lenge (t(14) = 1.96, p = 0.0702). These results
reinforce that contamination inflates performance
without simplifying the underlying task, consistent
with the separation between memorization and dif-
ficulty reported by Riddell et al. (2024).

This indicates that while contamination may
boost an individual model’'s performance, it does
not mean that more contaminated benchmarks are
easier overall. A benchmark with a high average
contamination level can still be inherently more chal-
lenging than a less contaminated one. Figure 2
illustrates this by plotting each benchmark’s mean
contamination against the mean accuracy achieved
by the models, showing no clear tendency for more
contaminated benchmarks to yield higher average
scores. This interpretation aligns with Dekoninck
et al. (2024), who define contamination as perfor-
mance artificially inflated regardless of task diffi-
culty, emphasizing that contaminated scores are
unreliable indicators of real-world capability.

Next, we examined the consistency of models’ re-
call patterns across benchmarks. Spearman corre-
lations for ROUGE-L were uniformly high (average
p = 0.969, all p < 0.001). This consistency sug-
gests that models reproduce stylistically or seman-
tically similar text across benchmarks, rather than
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Figure 2: Relationship between benchmark con-
tamination and model accuracy.

recalling content verbatim. In contrast, Exact Match
correlations, though significant (all p < 0.05), were
more moderate and variable (average p = 0.731,
ranging from p = 0.626 for BLUEX vs. HealthQA-
BR to p = 0.914 for HealthQA-BR vs. OAB Exams).
This indicates that exact recall is more benchmark-
dependent, reflecting distinct memorization or rea-
soning behaviors, while general patterns of lexical
approximation are shared.

Finally, though more contaminated benchmarks
are not necessarily easier, a different pattern
emerges from analyzing the models: higher be-
havioral contamination consistently yields better
benchmark performance. Spearman correlation
quantified this. The positive correlation was ob-
served across individual model-benchmark pairs
(pem = 0.60, p < 0.001) and within each benchmark:
BLUEX (p = 0.79), ENEM Challenge (p = 0.69),
HealthQA-BR (p = 0.65), and OAB Exams (p =
0.52). Though absolute correlation values vary by
aggregation level, this positive and consistent asso-
ciation suggests that contamination systematically
benefits model performance.

To demonstrate contamination’s practical impact,
we adjusted each model’s accuracy by discount-
ing any test instance where the model achieved
an Exact Match in our TS-Guessing evaluation —
cases likely reflecting verbatim recall of masked
benchmark content. For instance, the Llama-3.1-
8B-Instruct model dropped from 0.5726 to 0.4726
accuracy on BLUEX, lowering its rank from sixth
to eighth. This shows how even moderate con-
tamination can distort comparative evaluations and
inflate perceived performance advantages. Simi-
larly, Zhu et al. (2024b) found that decontaminating
evaluation sets substantially alters model rankings
and reduces benchmark scores, confirming that
contamination directly biases performance compar-
isons.

Summary of findings. Our main findings for RQ1
can be specified as follows:

Key Finding 1 Larger and multilingual models ex-
hibited clear contamination signals.

Key Finding 2 Contamination
across evaluated benchmarks.

intensity varied

Key Finding 3 Models with higher benchmark ac-
curacy are more likely to recall previously seen con-
tent.

It is important to note that our results do not im-
ply deliberate contamination, they may be acci-
dental (as discussed in Section 2). They simply
demonstrate that benchmark data leakage is real
and that the publication of benchmark results can
be adapted to also publish contamination results,
particularly in underrepresented languages.

4.2. Results for RQ2

To answer RQ2, we analyzed the three pretrain-
ing corpora for benchmark data presence using
the 50-character substring overlap method. We re-
port two indicators: the Benchmark Leakage Rate
(BLR), which measures the percentage of bench-
mark items found within a corpus, and the Contam-
ination Dispersion (CD), measures the proportion
of benchmark—batch pairs in which at least one
sampled substring overlap is detected, reflecting
the cross-batch spread of leaked benchmark con-
tent throughout the corpus. Table 5 summarizes
the results.

Corpus Benchmark CD (%) BLR (%)
Aroeira BLUEX 0.0087 25.53
ENEM Challenge 0.0875 66.62
HealthQA-BR 0.0030 2.34
OAB Exams 0.0584 34.25
GigaVerbo BLUEX 0.0212 50.77
ENEM Challenge 0.0905 90.22
HealthQA-BR 0.0063 11.37
OAB Exams 0.0983 98.46
mC4-PT BLUEX 0.0083 35.72
ENEM Challenge 0.0445 82.89
HealthQA-BR 0.0043 5.45
OAB Exams 0.0930 98.60

Table 5: Corpus-level contamination analysis using
Contamination Dispersion (CD) and Benchmark
Leakage Rate (BLR).

Corpus contamination patterns. Substantial
benchmark leakage was detected across all three
Portuguese pretraining corpora. Both GigaVerbo
and mC4-PT contained over 80% of ENEM Chal-
lenge items and nearly all of OAB Exams, while
the smaller and more curated Aroeira also showed
notable traces of both. These results indicate that
benchmark material is deeply embedded within Por-
tuguese pretraining data, extending even to corpora
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designed with stricter curation standards. This ob-
servation aligns with Almeida et al. (2025), who
identified contamination of ENEM Challenge and
BLUEX in other Portuguese corpora, and with con-
cerns raised by Perefkiewicz and Poswiata (2024)
about the persistence of benchmark leakage in
web-sourced datasets. Together, these findings
suggest that contamination is a systemic issue, not
confined to broad or poorly filtered corpora.

Disconnect between corpus leakage and behav-
ioral contamination. Comparing corpus-level
and behavioral results reveals a clear divergence
between specialized and multilingual models. De-
spite near-complete leakage of benchmarks such
as ENEM Challenge and OAB Exams in their cor-
pora, the specialized models Tucano-2B4 (trained
on GigaVerbo) and openCabrita-3B (fine-tuned on
mC4-PT) exhibited minimal behavioral contamina-
tion (EM = 0.0) and achieved relatively low bench-
mark accuracy. This reinforces the finding from
RQ1 that smaller, domain-tuned models may not
internalize or exploit leaked benchmark content ef-
fectively, likely due to limited capacity or constraints
in the fine-tuning process — a pattern further sup-
ported by the low CD values observed.

In contrast, this gap disappears for multilingual
models. As observed in RQ1, systems like Llama-
3.1-8B-Instruct display clear behavioral contami-
nation, indicating that corpus leakage can trans-
late into measurable memorization effects even
in smaller architectures. This aligns with Dekon-
inck et al. (2024)’s argument that contamination
should be defined not merely as the presence of
leaked data, but as the extent to which such data
produce inflated benchmark performance. Accord-
ingly, our results suggest that the ability to convert
corpus leakage into behavioral gain depends more
on model architecture and training strategy than on
scale alone.

Leakage rate vs. Contamination Dispersion.
Beyond the overall magnitude of leakage, dis-
tinct benchmarks exhibit distinct leakage dynamics.
While benchmarks such as the ENEM Challenge
display widespread and diffuse leakage — many
items appear sparsely across corpora — others like
BLUEX show more localized leakage, increasing
the likelihood of a smaller subset of items appearing
more frequently.

This difference reflects in lexical overlap: concen-
trated leakage yields higher ROUGE-L. For exam-
ple, Tucano-2B4 shows slightly higher accuracy on
ENEM (0.2110, ROUGE-L = 0.04) than on BLUEX
(0.2049, ROUGE-L = 0.05), i.e., a small rise in
overlap with a minor accuracy drop. openCabrita-
3B (trained on mC4-PT) exhibits the same direc-
tion for overlap but a different accuracy outcome:

ENEM (accuracy 0.1781, ROUGE-L = 0.10) versus
BLUEX (accuracy 0.2240, ROUGE-L = 0.14). Thus,
concentrated leakage generally strengthens mem-
orization signals (higher ROUGE-L), but whether
that translates into higher accuracy depends on the
model and training setup.

Summary of findings. Our main findings for RQ2
can be specified as follows:

Key Finding 4 Substantial benchmark leakage
was observed in the evaluated corpora (Aroeira,
GigaVerbo and mC4-PT).

Key Finding 5 Evaluated benchmarks presented
two leakage modes: widespread and diffuse
(ENEM Challenge); localized and concentrated
(BLUEX).

Key Finding 6 Not all models can effectively lever-
age leaked benchmark data, even when it is present
in their training corpora.

These findings highlight the inherent difficulty of
curating large-scale training corpora. Completely
filtering all benchmark traces from web-scale data
is practically unfeasible given the diversity and over-
lap of online sources. Therefore, mitigation efforts
are likely more effective on the benchmark side
than on the corpus side. Instead of attempting
to fully sanitize massive datasets, the community
should focus on developing dynamic, encrypted, or
privately maintained benchmarks.

5. Replication Package

All resources required to replicate this study are
publicly available on GitHub”. The repository in-
cludes a step-by-step guide and all raw outputs
(encompassing the JSONL files from our LLMSan-
itize and HELM executions, configuration details,
and intermediate logs). It also provides links to
the framework forks and the Brazilian Portuguese
benchmarks and corpora used, ensuring full trans-
parency and reproducibility.

6. Conclusion and Future Work

Our investigation into benchmark data contamina-
tion in Large Language Models for Brazilian Por-
tuguese reveals both behavioral evidence of con-
tamination and substantial corpus-level leakage.
Behavioral signals were particularly strong in larger-
scale models and showed a significant positive cor-
relation with model accuracy, suggesting that mem-
orization contributes to benchmark performance.
At the corpus level, we identified a high degree of
overlap between benchmark items and pretraining

"nttps://github.com/llm-pt-ibm/
contamination-evaluation/
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corpora such as GigaVerbo and mC4-PT. However,
a notable finding was the discrepancy for small-
scale specialized models: despite high overlap in
their training data, these models did not exhibit be-
havioral evidence of contamination, suggesting that
factors such as model capacity or training strategy
play a key role in the ability to effectively leverage
leaked content.

These findings suggest that similar patterns
may emerge in other underrepresented languages,
given that the dynamics between corpora, models,
and benchmarks follow similar trends. As demon-
strated in previous audits of multilingual corpora,
non-English data often undergo less rigorous cu-
ration and exhibit greater quality variability, over-
lap, and a high prevalence of machine-translated
content (Kreutzer et al., 2022; Thompson et al.,
2024). The scarcity of high-quality data for these
languages encourages the use of public web data
for constructing local models and corpora, as seen
in IndicLLMSuite (Khan et al., 2024) for Indian lan-
guages, AfroLM (Dossou et al., 2022) for African
languages, and SEA-LION (Ng et al., 2025) for
Southeast Asian languages.

Furthermore, the creation of benchmarks for
these languages follows the same tendency of uti-
lizing web-extracted content (such as public exams
and social media data) or directly translating exist-
ing English evaluation sets, as observed in Uhura
(Bayes et al., 2024) and AfriSenti (Muhammad et al.,
2023) for the African context, MiLiC-Eval (Zhang
et al., 2025) for minority languages in China, and
recently in QUENCH (Khan et al., 2025) for Indic
languages, SloPragEval (Brglez and Vintar, 2025)
for Slovene, and across multiple Turkish datasets
(Umutlu et al., 2025).

From a contamination assessment perspective,
future work can extend this investigation to addi-
tional underrepresented languages and multimodal
contexts. Alternative evaluation strategies are also
worth exploring. At the corpus level, methods
based on semantic similarity rather than exact sub-
string overlap could enrich the analysis and reveal
new contamination dynamics, as shown in Riddell
et al. (2024). At the behavioral level, evaluations
comparing model outputs on original and para-
phrased benchmark instances may provide a more
nuanced detection signal, similar to approaches
proposed by Dekoninck et al. (2024) and Xu et al.
(2024b).

From a mitigation perspective, efforts may be
better directed toward strategies that limit bench-
mark exposure. Given the inherent challenges of
large-scale corpus curation, benchmarks represent
a more tractable intervention point. Future work
should prioritize evaluation sets built from novel or
restricted-access content, as advocated by Sainz
et al. (2023), incorporating mechanisms such as

watermarking, encrypted access, periodic item ro-
tation, or controlled distribution to reduce acciden-
tal exposure during pretraining, as recommended
by Xu et al. (2024a).

7. Limitations and Threats to Validity

This work has two primary limitations. First, our
corpus analysis employed a substring matching
method, which is effective for detecting literal text
reuse, but does not capture paraphrased or seman-
tically similar content. Second, the TS-Guessing
protocol is an inferential detection method; as such,
it identifies observed model behaviors that suggest
memorization, but these observations are not di-
rect proof of contamination and instead reflect the
model’s behavior under specific conditions.
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