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Abstract
Multiple-choice question (MCQ) datasets like
Massive Multitask Language Understanding
(MMLU) are widely used to evaluate the com-
monsense, understanding, and problem-solving
abilities of large language models (LLMs).
However, the open-source nature of these
benchmarks and the broad sources of train-
ing data for LLMs have inevitably led to
benchmark contamination, which is studied in
our contamination evaluation experiment, re-
sulting in unreliable evaluation. To alleviate
this issue, we propose the contamination-free
MCQ benchmark called MMLU-CF, which re-
assesses LLMs’ understanding of world knowl-
edge by averting both unintentional and delib-
erate data contamination. To mitigate unin-
tentional data contamination, we source ques-
tions from a broader domain of over 200 billion
webpages and apply three specifically designed
decontamination rules. To prevent deliberate
data contamination, we divide the benchmark
into validation and test sets with similar dif-
ficulty and subject distributions. The test set
remains closed-source to ensure reliable results,
while the validation set is publicly available to
promote transparency and facilitate indepen-
dent evaluation. We evaluated over 40 main-
stream LLMs on the MMLU-CF. Compared
to the original MMLU, not only LLMs’ per-
formances significantly dropped but also the
performance rankings of them changed con-
siderably. This indicates the effectiveness of
our approach in establishing a contamination-
free and fairer evaluation standard. The
GitHub repository is available at https:
//github.com/microsoft/MMLU-CF and the
dataset refers to https://huggingface.co/
datasets/microsoft/MMLU-CF.

1 Introduction

Given the emergence of powerful capabilities in
large language models (LLMs) such as GPT-4
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There is a single choice question. Answer the question 
by replying A, B, C or D. Question: Recombinant alpha-
iduronidase is used for the treatment of which disease?

A. Fabry disease
B. Gaucher disease
C. Hurler syndrome
D. Pompe disease
Answer: C.

A. Fabry disease
B. Gaucher disease
C. Hurler syndrome
D. Pompe disease
Answer: C.

Query prompt

(a) Query on the MMLU

There is a single choice question. Answer the question 
by replying A, B, C or D. Question: Familial 
hypercholesterolemia patients lack receptors for 
removing cholesterol from blood on?

A. Red blood cells 
B. Liver cells 
C. White blood cells 
D. Platelets
Answer: B.

A. Acinar cells
B. Hepatocytes
C. Renel epithelium
D. Both a and b
Answer: B.

Choices & Answer

Query prompt

(b) Query on the MMLU-CF (Ours)

Choices & Answer

MMLU Benchmark MMLU-CF Benchmark LLMs‘ responses

same

Figure 1: (a) An instance of contamination in MMLU.
When questions are used as prompts from the MMLU,
certain LLMs, due to their memorization capabilities,
directly provide choices identical to the original ones.
(b) When questions are used as prompts from the
MMLU-CF, LLMs only provide guessed choices. This
indicates that the MMLU test set suffers from data con-
tamination and memorization by some LLMs, while
the proposed MMLU-CF avoids such leakage. Further
details are analyzed in Section 4.5 of Appendix.

(Achiam et al., 2023), Llama (Meta, 2024), Gemini
(Reid et al., 2024), and Claude-3 (Anthropic, 2023),
evaluation of these models has become particu-
larly important for understanding their strengths
and limitations. Consequently, a number of bench-
marks covering reasoning (Hendrycks et al.; Wang
et al., 2024), reading comprehension, mathematics
(Cobbe et al., 2021), science (Rein et al., 2023),
and coding (Yu et al., 2023) have been explored
and released. Among them, Massive Multitask Lan-
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Figure 2: The 5-shot results on the MMLU-CF test set encompass mainstream open-source models ranging from
0.5 billion (B) to 176 billion (B) parameters, including closed-source API models.

guage Understanding (MMLU) (Hendrycks et al.)
is a widely used multiple-choice question (MCQ)
gold standard benchmark because it covers vari-
ous disciplines and difficulty levels, allowing for a
comprehensive evaluation of LLMs’ performance
across diverse domains.

However, data leakage or contamination, where
LLMs inadvertently encounter benchmark data dur-
ing training, can compromise the effectiveness, re-
liability, and fairness of these evaluations (Deng
et al., 2024; Roberts et al., 2023; Srivastava et al.,
2024), termed unintentional contamination. Ad-
ditionally, due to the public availability of bench-
marks and the ability of LLMs to memorize data
(Carlini et al., 2023), instances of deliberate con-
tamination may occur. As illustrated in Figure
1, we observe that when only given the questions,
some LLMs directly provide the choices and an-
swers, where the choices are exactly the same as
those in the MMLU test set. This indicates that the
benchmark may have been deliberately added to
the training set and that LLMs have memory for
these questions.

To fairly investigate the world knowledge of
LLMs, we propose MMLU-CF, a contamination-
free multiple-choice question benchmark for LLMs.
To minimize the risk of benchmark exposure
and contamination, we perform five key process-
ing steps for the data: (1) MCQ Collection, (2)

MCQ Cleaning, (3) Difficulty Sampling, (4) LLMs
Checking, and (5) Contamination-Free Processing.
In the contamination-free processing step, we em-
ploy three rules to rewrite the questions, which
could be referred to as Section 3.2. For humans,
rewriting questions without changing their mean-
ing does not affect their ability to answer. However,
for LLMs, if they do not understand the question
in depth, they may memorize the original ques-
tion and struggle to answer the rewritten question.
Therefore, the rewriting helps mitigate the unin-
tentional contamination. Based on the rewritten
questions, we construct the MMLU-CF consisting
of 10,000 questions for the test set and another
10,000 questions for the validation set. To prevent
deliberate contamination, the test set remains
closed-source, while the validation set is open-
source for transparency and convenient evaluation.
Noteworthily, we propose a strategy to submit an
evaluation request for the test set, as outlined in Sec-
tion 4.7. Currently, the performance gap between
the validation and test sets for each evaluated LLM
is quite small. As LLM development progresses,
this performance gap indicates the contamination
degree of LLMs in the future.

We benchmark leading open-source and closed-
source LLMs on the MMLU-CF test and validation
sets, including OpenAI o1(Jaech et al., 2024), GPT-
4o (OpenAI, 2024), GPT-4o-mini (OpenAI, 2024),
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DeepSeek (Guo et al., 2025; Liu et al., 2024), Qwen
(Bai et al., 2023; Team, 2024), Llama (Meta, 2024),
Phi (Abdin et al., 2024), and many more. The 5-
shot test results are briefly summarized in Figure 2.
More results and analysis could refer to Section 4.3
and Section 4.5.

2 Related Work

2.1 General LLMs Benchmark

In the field of natural language processing (NLP),
benchmarks play a crucial role in evaluating and
comparing the performance of different large lan-
guage models (Wang et al., 2018; Cobbe et al.,
2021; Hendrycks et al.; Wang et al., 2024; Zhou
et al., 2023; Zheng et al., 2023; Rein et al., 2023;
Zhang et al., 2024; Hendrycks et al.; Phan et al.,
2025). They serve as a common ground for
fair comparison, fostering transparency and re-
producibility in research. For instance, GLUE
(Wang et al., 2018; Sarlin et al., 2020) is a col-
lection of nine different tasks designed to evaluate
the natural language understanding capabilities of
models. GSM8K (Cobbe et al., 2021) is a bench-
mark dataset of 8,000 high-quality, linguistically
diverse grade school math word problems. It is
designed to evaluate the problem-solving abilities
of language models, requiring a combination of
language understanding and mathematical reason-
ing. MMLU (Hendrycks et al.) is a benchmark
designed to evaluate a model’s multitask learning
capabilities across a diverse set of 57 tasks, includ-
ing high school mathematics, college-level biology,
law, and more, focusing on testing the model’s gen-
eralization ability across different domains. Build-
ing upon this, MMLU-Pro (Wang et al., 2024) en-
hances the benchmark by introducing more chal-
lenging, reasoning-focused questions and expand-
ing the choice set from four to ten choices, shifting
the emphasis from knowledge retrieval to reason-
ing. Further, MMLU-Pro+ (Asgari et al.) extends
MMLU-Pro by assessing shortcut learning and
higher-order reasoning in large language models,
offering a comprehensive evaluation of both rea-
soning depth and model robustness. These bench-
marks have become standard tools in the evaluation
of large language models due to their widespread
adoption and comprehensive coverage of various
domains.

However, these benchmarks, including GSM8K,
MMLU, MMLU-Pro, and MMLU-Pro+, do not
account for contamination prevention.

2.2 Contamination-free Benchmark

Several benchmark datasets have been introduced
for contamination-free evaluation. KIEval (Yu
et al., 2024) is an interactive framework with an
LLM-powered "interactor" for multi-round dia-
logues to assess deep comprehension beyond mere
recall. However, its multi-turn dialogue mechanism
is time-consuming and poses reproducibility chal-
lenges. LatestEval (Li et al., 2024) creates dynamic
reading comprehension evaluations from recent
texts using a three-step process: collecting texts,
extracting key information, and constructing ques-
tions with template-filling or LLMs. The questions
are generated rather than from the real world. Live-
CodeBench (Jain et al., 2024) continuously collects
new coding problems from LeetCode, AtCoder,
and CodeForces for a contamination-free bench-
mark, revealing performance drops in some models,
such as DeepSeek (Guo et al., 2024), which specifi-
cally for code domain. GSM1K (Zhang et al., 2024)
assesses the true reasoning ability of large language
models by creating a new benchmark with a simi-
lar style and complexity to GSM8k, revealing sig-
nificant accuracy drops of memorization in many
LLMs. However, it is the only closed-source bench-
mark that focuses solely on math with a small scale
of questions. LiveBench (White et al., 2024) intro-
duces (1) frequently updated questions from recent
sources, (2) automatic scoring based on ground-
truth values, and (3) a variety of challenging tasks,
including math, coding, reasoning, language, in-
struction following, and data analysis. However, it
requires re-evaluating LLMs on regularly updated
questions. This leads to high costs for maintenance
and uncertainty for reevaluation.

Consequently, there is no contamination-free
benchmark that assesses LLMs’ understanding of
world knowledge on a large scale, across diverse
domains, and with a one-time, low-cost evaluation.
Some of the existing benchmarks are small-scale
for specific domains, while others rely on com-
plex strategies, such as dynamic dialog, that incur
high evaluation costs and pose reproducibility chal-
lenges. Additionally, some require regular updates
to their question sets, leading to unstable difficulty
distribution and high re-evaluation costs.

Unlike the methods mentioned above, we cate-
gorize data contamination into unintentional and
deliberate types. To mitigate unintentional data
contamination, we apply three decontamination
rules while collecting data from a broader domain.
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Meanwhile, our MMLU-CF benchmark keeps the
test set closed-source to prevent deliberate data con-
tamination. To the best of our knowledge, MMLU-
CF is the first contamination-free benchmark for
world knowledge understanding under large scale
and diverse domains, which provides reproducible
results and a convenient evaluation process.

3 The MMLU-CF Benchmark

3.1 Overview
The MMLU-CF benchmark contains 20,000 data
points and spans 14 fields, screened from 200+
billion documents on public open websites. To
produce this diverse, high-quality, safety and
contamination-free benchmark, we employ a series
of steps, shown in Figure 3. Ultimately, we curate a
dataset comprising 10,000 questions for the test set
and 10,000 questions for the validation set respec-
tively. The test set remains closed-source to prevent
deliberate exposure of the questions (Zhang et al.,
2024), while the validation set is open-source to
validate the authenticity and effectiveness of the
questions. The following sections outline the steps
to process the raw data.

3.2 Dataset Construction Pipeline
MCQ Collection. The data sources are diversified
broadly to preliminary mitigate the data exposure
in existing LLMs. Specifically, over 200 billion
documents are collected from open-source web-
sites, and rule-based methods are employed to ex-
tract 2.7 million multiple-choice questions with the
corresponding answers as the raw data 1. Unlike
previous efforts, such as those by (Hendrycks et al.;
Wang et al., 2024), which collect data from a few
sources, these 2.7 million questions encompassed
over 3,000 different website domains, ensuring a
wide variety of knowledge, which spans 14 fields,
including Health, Math, Physics, Business, Chem-
istry, Philosophy, Law, Engineering, etc.

MCQ Cleaning. With the 2.7 million raw ques-
tions, a series of filtering and standardization strate-
gies are employed for initial data cleaning. Firstly,
we filtered out questions with length less than 10
or larger than 512 characters and removed question
numbers if they existed. Secondly, we removed
questions that had fewer than four choices, con-
tained empty content, or had inconsistent choice
numbers. Meanwhile, we also eliminated questions

1To avoid replicating the raw data collection pipeline, we
will not disclose the data sources or extraction rules.

whose choice numbers do not start with "a,b,c,d,"
"1,2,3,4," or "i,ii,iii,iv" in lower characters. Then,
we mapped the choice numbers and corresponding
answers to "A, B, C, D.". Thirdly, we discarded
questions without answers or with answers that
were not among the choices and further formalized
the answer to ensure including both choice number
and content. Finally, we only kept English ques-
tions and performed deduplication. Through these
steps, the data scale was reduced to 1.66 million.

Difficulty Sampling. Firstly, GPT-4o is used to cat-
egorize the difficulty levels of the original MMLU
under prompt in Table 6. The difficulty distribu-
tion of MMLU is illustrated in Figure 4, that shows
nearly one-third of the questions have a difficulty
level below [4]. To categorize our data using the
same difficulty standard as MMLU, the questions
in MMLU dataset were selected as samples for
few-shot labeling under the same scoring prompt
and LLM. We selected questions using a normal
distribution centered around a difficulty level of [6],
as indicated in Figure 4, to construct an appropriate
difficulty distribution. During sampling process,
we maintained a balanced distribution of question
categories, maximized the diversity of domains,
and ensured that questions had corresponding ex-
planations whenever possible for the diversity, re-
liability, and quality. Ultimately, 50,000 questions
are sampled from the 1.6 million questions.

LLMs Checking. To mitigate single LLM judg-
ment bias, we employed multiple LLMs, including
GPT-4o, Gemini, and Claude, to review the quality
and harmlessness of these questions.
For the quality of questions, we assessed them
based on the following criteria:
• Context and Clarity: Are the question and

choices consistent and unambiguous, providing
enough context for understanding?

• Logical Consistency: Are the question and
choices structured without contradictions?

• Factual Accuracy: Are the question and choices
factually correct and not misleading?

• Mutual Exclusivity: Are choices mutually exclu-
sive without overlap?

• Correct Answer: Is the correct answer included
in the choices?

From the perspective of harmlessness, we reviewed
the content from the following four aspects:
• Non-hatred: Ensure the content does not contain

hate speech.
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• 2.7 Million Questions
• 3000+ Domains
• 14 Fields

2. MCQ Cleaning

4. LLMs Checking 5. Contamination-Free Processing
Quality
• Context and Clarity
• Logical Consistency
• Factual Accuracy
• Mutual Exclusivity
• Correct Answer

Safety
• Hatred
• Sex
• Self-harm
• Violence

1. MCQ Collection

Open Websites

• Remove Incorrect Choices
• Standardize Format
• Filter Short Questions
• Deduplication

3. Difficulty Sampling

• Rephrase Questions
• Shuffle Choices
• Random Replace Choices with

“None of the other choices”

• Difficulty level [0-9]
• Diversity Domain
• Balanced Disciplines

Test Set

Validation Set

(Closed-source)

(Open-source)

MMLU-CF

10,000

10,000

Data Source

2.7 million 50,000

20,000

1.6 million

20,000

200+ billion

Figure 3: The construction pipeline of the MMLU-CF Benchmark. The pipeline involves (1) MCQ Collection
to gather a diverse set of questions; (2) MCQ Cleaning to ensure quality; (3) Difficulty Sampling to ensure an
appropriate difficulty distribution for questions; (4) LLMs checking: The LLMs, including GPT-4o, Gemini, and
Claude, are reviewing the accuracy and safety of the data; and (5) Contamination-Free Processing to prevent
data leakage and maintain dataset purity. Ultimately, this process results in the MMLU-CF, consisting of 10,000
questions for the closed-source test set and 10,000 for the open-source validation set.

• Non-sex: Ensure the content does not inappro-
priate sexual suggestions or content.

• Non-selfharm: Ensure the content neither con-
tains self-harm nor encourages self-harm.

• Non-violence: Ensure the content does not con-
tain violence or incite violence.

Specifically, these three LLMs are applied to rate
each question on a scale from level 1 to 5, where
level 5 represents the highest quality. Then, ques-
tions with an average score greater than level 4
were selected to construct validation and test sets
of MMLU-CF. Additionally, inspired by Decon-
taminator (Yang et al., 2023), GPT-4o is utilized to
perform redundancy detection (Yang et al., 2023)
on semantically identical test and validation ques-
tions. To further ensure diversity, the selected ques-
tions came from over 1,000 web domains. The
detailed prompts could refer to the Section A.8 in
the Appendix.

Contamination-Free Processing. Although the
questions are sourced from diverse domains, they
are publicly available and could still be included
in LLMs training data. We hope the constructed
benchmark could assess the LLMs’ understand-
ing ability rather than their memorization of an-
swers (Carlini et al., 2023). To mitigate this unin-
tentional contamination, we implemented the fol-
lowing three decontamination rules based on the
principles of simplicity and understandability, as
shown in Figure 5:

(1) Rule 1: Rephrase Question. To avoid the
model rote learning (memorizing) the question

Difficulty Level

MMLU-CF Distribution MMLU Distribution

N
um

b
er

 o
f 

S
am

pl
es

MMLU-CF

Figure 4: The difficulty levels produced by GPT-4o for
MMLU and MMLU-CF are analyzed. In our data, we
randomly sampled 10,000 questions for visualization.

rather than understanding it, we rephrased the ques-
tions using powerful GPT-4o. The manual check
in the Section A.1 of Appendix ensure that the
rephrased questions retain their original meaning.

(2) Rule 2: Shuffle Choices. To prevent the
model from answering correctly based on memo-
rizing the order of choice sequence, we shuffled the
choices (Gupta et al., 2024). If the last choice was
‘None of the above’ or ‘All of the above,’ only the
first three choices are randomly shuffled.

(3) Rule 3: Random Replace Choices. To further
make the questions different from the original ones,
we randomly replaced one of their choices with
‘None of the other choices’ with a 50% probability.
If the last choice was ‘None of the above’ or ‘All
of the above’, we skipped this question. When the
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replaced the choice is the correct answer, the cor-
rectness of this choice remains. Similarly, when an
incorrect choice is replaced, it acted as a distractor.
Both of them require the model to employ more
understanding and reasoning to answer correctly.

The first two rules do not change the difficulty
of the questions, while the last rule does alter it.
We place the Contamination-Free Processing at the
final step due to its high computational cost. Al-
though these rules in it are simple, they effectively
mitigate the unintentional contamination and make
the dataset more challenging. For a detailed analy-
sis, refer to Section 4.4. The difficulty distribution
can be found in the Section A.9.

After that, we divided the final data into 10,000
questions as validation set and 10,000 questions as
test set, which maintain the similar difficulty and
discipline distribution. The test set is kept closed-
source to prevent deliberate contamination.

What is the rule h*x = x*h called? 

A.Commutativity rule

B.Associativity rule

C.Distributive rule 

D.Transitive rule

What is the term for the rule h*x = x*h?

A.Commutativity rule

B.Associativity rule

C.Distributive rule 

D.Transitive rule

What is the term for the rule h*x = x*h?

A. Transitive rule

B. Associativity rule

C. Commutativity rule

D. Distributive rule

What is the term for the rule h*x = x*h?

A. Transitive rule

B. None of the other choices

C. Commutativity rule

D. Distributive rule

Rule 1:
Rephrase Question

Rule 2:
Shuffle Choices

Rule 3:
Random Replace

Choices

Figure 5: A MCQ instance by Contamination-free Pro-
cessing. The top box is the input MCQ, and the bottom
box is the decontaminated MCQ.

4 Experiments

4.1 Evaluation Models

We evaluate 40+ models across various sizes by the
evaluation platform OpenCompass (Contributors,
2023), including open-source models ranging from
0.5B to 72B and closed-source APIs. The experi-
ments include models with different classes, such
as GPTs (Achiam et al., 2023) (GPT-4o (v2024-
10-1), GPT-o1-mini (v2024-09-12), GPT-4o-mini
(v2024-10-1), GPT-4-Turbo (v2024-2-15), Gemini
(Reid et al., 2024) (Gemini-1.5-Flash), and public
models like Llama-3-{8, 70}B-chat (Meta, 2024),
Llama-3.1-{8, 70}B-chat (Meta, 2024), Mixtral-{7,
8x7, 8x22}B-instruct, Phi-4 (Abdin et al., 2024),
Phi-3.5-{mini, small} (Abdin et al., 2024), Gemma-
2-{2, 9, 27}B (Team et al., 2024), Qwen2.5-{0.5,
1.5, 7, 14, 70}B (Team, 2024).

4.2 Evaluation Metrics

We employ both 5-shot and 0-shot approaches to
measure the performance of LLMs on the MMLU-
CF test and validation set. Additionally, the open-
source models are categorized based on their pa-
rameter size into four sections: Large (>50B),
Medium (13B-50B), Small (6B-12B), and Mini
(0.5-5B). The results on the validation set, 0-shot
evaluation results, evaluation prompt, and corre-
sponding settings are detailed in Section A.6 of the
Appendix.

4.3 Evaluation Results and Analysis

As shown in Table 4 and Figure 2, the results on a
range of mainstream LLMs are presented, which
reveal several noteworthy findings:

• The performance ranks on MMLU of evalu-
ated LMs are disrupted by the new benchmark,
MMLU-CF. The top 3 LMs — OpenAI o1,
Deepseek-R1, and Deepseek-V3 — maintain
their leading positions without any changes in
their rankings.

• Interestingly, among the notable rank changes
(>= 3 positions), the decreases in rank tend to be
more significant than the increases. On average,
the LMs that decreased in rank fell by 5.14 po-
sitions, while those that increased in rank rose
by 3.78 positions. This asymmetry suggests that
performance is easier to significantly drop than
to rise, potentially due to data contamination in
pretraining corpora.
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Model MMLU Rank MMLU (%) MMLU-CF Rank MMLU-CF (%) Diff. (%) Rank Change
OpenAI o1 (Jaech et al., 2024) 1 92.3 1 80.3 -12.0 —
Deepseek-R1 (Guo et al., 2025) 2 90.8 2 76.3 -13.5 —
Deepseek-V3 (Liu et al., 2024) 3 88.5 3 73.9 -14.6 —
GPT-4o (OpenAI, 2024) 4 88.0 4 73.4 -14.6 —
OpenAI o3-mini (OpenAI, 2025) 5 86.9 5 73.4 -13.5 —
GPT-4-Turbo (Achiam et al., 2023) 6 86.5 8 70.4 -16.1 ↓2
Llama-3.3-70B-instruct (Meta, 2024) 7 86.3 11 68.8 -17.5 ↓4
Llama-3.1-70B-instruct (Meta, 2024) 8 86.0‡ 12 68.7 -17.3 ↓4
Qwen2.5-72B-instruct (Team, 2024) 9 85.3 6 71.6 -13.7 ↑3
OpenAI o1-mini (Jaech et al., 2024) 10 85.2 7 71.2 -14.0 ↑3
Phi-4-14B (Abdin et al., 2024) 11 84.8 13 67.8 -17.0 ↓2
Qwen2.5-32B-instruct (Team, 2024) 12 83.9† 9 69.7 -14.2 ↑3
Qwen2-72B-instruct(Bai et al., 2023) 13 82.3 20 63.7 -18.6 ↓7
Llama-3-70B-instruct 14 82.0 10 68.9 -13.1 ↑4
GPT-4o-mini (OpenAI, 2024) 15 81.8 15 65.5 -16.3 —
Qwen2.5-14B-instruct (Team, 2024) 16 79.9† 14 66.4 -13.5 ↑2
Phi-3.5-MoE-instruct (Abdin et al., 2024) 17 78.9 17 64.6 -14.3 —
Gemini-1.5-Flash (Reid et al., 2024) 18 78.7 16 64.8 -13.9 ↑2
Phi-3-medium-instruct (Abdin et al., 2024) 19 77.9 18 64.2 -13.7 ↑1
Qwen2.5-7B-instruct (Team, 2024) 20 76.8† 22 61.3 -15.5 ↓2
Yi-1.5-34B-chat (Young et al., 2024) 20 76.8 22 61.3 -15.5 ↓2
Internlm-3-8B-chat (Cai et al., 2024) 22 76.6† 24 60.3 -16.3 ↓2
Mixtral-8x22B-instruct(Jiang et al., 2024) 23 76.2 21 62.8 -13.4 ↑2
Qwen1.5-72B-chat(Bai et al., 2023) 24 75.6 23 59.8 -15.8 ↓1
Gemma2-27B (Team et al., 2024) 25 75.2 19 63.9 -11.3 ↑6
Internlm-2.5-7B-chat (Cai et al., 2024) 26 72.8 32 57.3 -15.5 ↓6
Glm-4-9B-chat (GLM et al., 2024) 27 72.4 31 57.8 -14.6 ↓4
GPT-3.5-Turbo(OpenAI, 2023) 28 71.4 27 58.2 -13.2 ↑1
Gemma-2-9B (Team et al., 2024) 29 71.3 36 53.7 -17.6 ↓7
Phi-3-mini-instruct (3.8B) (Abdin et al., 2024) 30 70.9 29 57.9 -13.0 ↑1
Qwen2-7B-instruct (Bai et al., 2023) 31 70.5 28 58.1 -12.4 ↑3
Mixtral-8x7B-instruct-v0.1 (Jiang et al., 2024) 31 70.5 26 58.3 -12.2 ↑5
Phi-3.5-mini-instruct (3.8B) 33 69.1 29 57.9 -11.2 ↑4
Llama-2-70B-chat (Meta, 2024) 34 68.9 38 52.2 -16.7 ↓4
Llama-3-8B-instruct (Meta, 2024) 35 68.4 32 57.3 -11.1 ↑3
Llama-3.1-8B-instruct (Meta, 2024) 36 68.1 34 57.1 -11.0 ↑2
Qwen2.5-3B-instruct (Team, 2024) 37 64.4† 35 55.9 -8.5 ↑2
Yi-1.5-6B-chat (Young et al., 2024) 38 62.8 37 52.8 -10.0 ↑1
Mistral-7B-instruct-v0.3 (Jiang et al., 2024) 39 60.3 40 50.7 -9.6 ↓1
Qwen2.5-1.5B (Team, 2024) 40 58.5† 39 51.2 -7.3 ↑1
Baichuan-2-13B-chat (Yang et al., 2023) 41 57.3 42 48.3 -9.0 ↓1
Deepseek-v2-lite-chat (DeepSeek-AI, 2024) 42 55.7 41 49.3 -6.4 ↑1
Llama-2-13B-chat (Meta, 2024) 43 54.8 46 42.8 -12.0 ↓3
Baichuan-2-7B-chat (Yang et al., 2023) 44 52.9 44 44.5 -8.4 —
Qwen2-1.5B-instruct (Bai et al., 2023) 45 52.4 43 47.1 -5.3 ↑2
Gemma-2-2B (Team et al., 2024) 46 51.3 45 43.9 -7.4 ↑1
Internlm-2-chat-1.8b (Cai et al., 2024) 47 47.1 48 40.5 -6.6 ↓1
Llama-2-7B-chat (Meta, 2024) 48 45.3 49 39.4 -5.9 ↓1
Qwen2.5-0.5B (Team, 2024) 49 45.1† 47 41.9 -3.2 ↑2
Qwen2-0.5B-instruct (Bai et al., 2023) 50 37.9 50 33.3 -4.6 —

Table 1: Performance of various models on MMLU and MMLU-CF (ours) in 5-shot test set evaluations without
using CoT (Kojima et al., 2022), except for additional explanations. Diff. means the score difference of models
between MMLU and MMLU-CF. ‡ Denotes 0-shot with COT. † Indicates employing MMLU-redux (Gema et al.,
2024), the results are from the Qwen2.5 homepage (Team, 2024).

• Additionally, smaller LMs appear to be more
disruptive in the new MMLU-CF benchmark
compared to their larger counterparts.

• Notable rank decreases (>= 3 positions) were
observed for the following LMs: Qwen2-72B-
instruct (↓7), Gemma-2-9B (↓7), Internlm-2.5-
7B-chat (↓6), Glm-4-9B-chat (↓4), Llama-2-
70B-chat (↓4), Llama-3.3-70B-instruct (↓4),
and Llama-3.1-70B-instruct (↓4).

• Notable rank increases (>= 3 positions) were
observed for the following LMs: Gemma2-
27B (↑6), Mixtral-8x7B-instruct-v0.1 (↑5),
Phi-3.5-mini-instruct (3.8B) (↑4), Llama-3-
70B-instruct (↑4), Qwen2.5-72B-instruct (↑3),
GPT-o1-mini (↑3), Qwen2.5-32B-instruct (↑3),

Qwen2-7B-instruct (↑3), and Llama-3-8B-
instruct (↑3).

4.4 Effective of Decontamination Rules

Comprehensive experiments are conducted on
MMLU and MMLU-CF to evaluate different
LLMs’ performance under three decontamination
rules: Rephrase Question (Rule 1), Shuffle Choices
(Rule 2), and Random Replace Choices (Rule 3).

The detailed results summarized in Table 2
demonstrate the impact of each rule to the different
benchmarks on different LLMs.

Firstly, all rules caused a performance drop
across both the MMLU and MMLU-CF datasets
and for all three LLMs.

Among the three rules, rules 1 and 2, which
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do not affect the difficulty distribution of the test
set, lead to performance drops, which verifies the
effectiveness of data decontamination.

Rule 3, which also results in a performance drop,
makes the rewritten questions more challenging.

Secondly, after applying the three rules, all eval-
uated LLMs exhibits a greater performance drop
on MMLU than MMLU-CF, which confirms LLMs
on MMLU have worse contamination. The data
source of MMLU is more likely to be included in
the training data of LLMs compared to MMLU-CF,
which is sourced from over 200 billion documents.

Lastly, less powerful models, GPT-3.5-Turbo
and Llama-3-8b, show a more pronounced perfor-
mance decline, which demonstrates smaller models
are more susceptible to contamination.

Rule
1

Rule
2

Rule
3

GPT-4o GPT-3.5-Turbo Llama-3.1-8b

MMLU
- - - 88.0 71.4 68.1
✓ - - 86.1 68.5 66.3
✓ ✓ - 85.0 67.3 65.2
✓ ✓ ✓ 79.8 (-8.2) 62.1 (-9.3) 59.1 (-9.0)

MMLU-CF
- - - 79.8 65.3 63.8
✓ - - 78.6 63.1 62.3
✓ ✓ - 77.9 62.8 61.8
✓ ✓ ✓ 73.4 (-6.4) 58.2 (-7.1) 57.1 (-6.7)

Table 2: 5-shot results of applying different decontami-
nation rules to MMLU and MMLU-CF test set.

4.5 Analysis of Data Contamination

Figure 1 presents examples of data contamination
in MMLU, where LLMs generate responses that ex-
actly match the original choices of the given ques-
tion under a specific prompt. To analyze this fur-
ther, we tested 1,000 cases sampled from MMLU
and MMLU-CF using 40 models. As shown in Fig-
ure 6, approximately 10% of the models exhibited
significant contamination on MMLU, producing
outputs that matched 1%–5% of the choices, while
90% matched less than 1%. When applying decon-
tamination rules on MMLU, 97.5% of the models
produced outputs that matched under 1% of the
choices.In contrast, 100% of the models matched
less than 0.2% of the choices in MMLU-CF. The
experiment verifies the presence of contamination
in MMLU and confirms the contamination-free
property of our MMLU-CF.

4.6 Disciplinary Distribution of MMLU-CF

The Figure 7 demonstrates the visualization of
MMLU-CF test and validation sets. We find that
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Figure 6: LLM Response Match Rates with MMLU,
MMLU using decontamination rules and MMLU-CF.
Evaluated LLMs have obvious data leakage on MMLU.

their disciplinary distribution proportions are quite
similar. The most prevalent disciplines are Com-
puter Science, Health, and History, with propor-
tions of 13.1%, 12.2%, and 11.5% in the test set,
respectively. This distribution may lead to slight
differences in the performance of different mod-
els. Table 3, we present the performance of various
large models across different disciplines. GPT-4o
achieves the best performance in terms of average
accuracy and different disciplines. We observe that
the models perform worst in Computer Science.
This is because the domain not only requires funda-
mental knowledge of Computer Science but also in-
volves code understanding, which increases the dif-
ficulty. Qwen2.5-72B, -32B brings new upgrades
in mathematics and coding, delivering the best re-
sults in mathematics, engineering, and computer
science. Despite its small size, Phi-4 achieves com-
petitive results compared to larger models, show-
casing its efficiency in handling complex tasks.

4.7 Testset Evaluation Methods
Two evaluation methods are supported for the test
set of MMLU-CF. The users could submit evalu-
ation requests by providing Hugging Face open-
source model IDs or API formats through the intro-
duction of our GitHub project homepage. Besides,
we will actively evaluate the latest popular models
from Hugging Face as well as mainstream APIs.

5 Conclusion

In this paper, we construct MMLU-CF, a
contamination-free and challenging multiple-
choice question benchmark under large scale and
diverse disciplines, to reassess LLMs’ understand-
ing of world knowledge. Specifically, we cate-
gorize data contamination into unintentional and
deliberate types. To mitigate unintentional con-
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Subject GPT-4o GPT-4o-mini Llama-3.3-70B Qwen2.5-72B Qwen2.5-32B Phi-4-14B
(OpenAI, 2024) (OpenAI, 2024) (Meta, 2024) (Team, 2024) (Team, 2024) (Abdin et al., 2024)

Math 56.09 45.83 56.3 67.51 63.10 62.18
Physics 75.15 64.47 69.0 74.00 71.12 69.15
Chemistry 72.44 66.54 68.3 69.62 68.81 67.13
Law 81.46 72.73 73.6 75.15 72.55 71.84
Engineering 60.15 55.41 56.7 61.39 57.69 54.67
Economics 78.33 66.31 72.5 74.95 68.90 68.88
Health 81.09 76.11 79.3 80.23 78.55 76.29
Psychology 80.10 70.28 77.5 78.95 77.94 75.45
Business 70.90 63.81 64.7 71.00 68.69 65.19
Biology 82.84 74.63 75.5 78.88 74.53 75.91
Philosophy 81.82 77.99 78.9 74.24 72.73 76.08
Computer Science 55.50 51.09 51.0 56.12 68.79 51.09
History 77.23 67.05 71.2 71.19 68.79 68.09
Other 74.83 64.74 67.9 68.15 66.88 65.55

Average 73.42 65.52 68.82 71.60 68.81 67.68

Table 3: Performance of different models on MMLU-CF discipline under a 5-shot test set. The best result is
emphasized in bold.

(a) Test Set

(b) Validation Set

Figure 7: Distribution of Disciplines in MMLU-CF.

tamination, we collect data from a broader do-
main and design three decontamination rules for
further processing. To prevent deliberate contam-
ination, we keep the test set closed-sourced for
ensuring no leakage while making the validation
set open-sourced for transparency and convenient
evaluation. The evaluation results of over 40 main-
stream LLMs on MMLU-CF reveal significant per-
formance drops and performance ranking changes
compared to the original MMLU benchmark. The
leakage analysis of MMLU and the ablation study

of three decontamination rules indicate the pres-
ence of contamination in MMLU and the effective-
ness of our approach in establishing a decontami-
nated benchmark. We believe this contamination-
free benchmark would promote fair and reliable
LLMs evaluation and provide valuable insights for
the design of future benchmarks.

6 Limitations

Despite being constructed with the utmost objec-
tivity and fairness and leveraging multiple large
language models to verify the correctness of the
questions and answers, some errors may still re-
main in this dataset. To address this, we have pro-
vided a validation set that is available to the public
for further scrutiny and verification. Additionally,
this dataset primarily focuses on multiple-choice
questions and language modalities. However, other
aspects of large models’ capabilities, such as math
and code reasoning, multi-modal understanding
(e.g., image and audio), and specific domain exper-
tise, still require evaluation with similarly unbiased
and contamination-free benchmarks.

7 Ethics Statement

MMLU-CF is constructed based on public data
sources and methodologies to ensure transparency.
The benchmark is designed to provide fair and reli-
able evaluations through decontamination rules and
verification. While efforts are made to minimize
errors, some may remain, and we encourage the
community to review the publicly available valida-
tion set for further improvements. This benchmark
focuses on language modalities, and future work
is needed for unbiased evaluation in other areas.
We call for the responsible use of this dataset to
promote ethical and equitable AI development.
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A Appendix

A.1 Human Review for LLM-Generated
Outputs

In the processes of Difficulty Sampling, LLMs
Checking, and Contamination-Free Processing,
LLMs were employed to filter and modify in-
stances. However, since LLMs are not flawless,
false-positive cases may occur, resulting in outputs
that deviate from the intended results.

To evaluate the performance of LLMs in data
processing, we conducted a human review process.
Specifically, three volunteers performed random
sampling checks at a certain ratio. For difficulty
level assessments, 100 instances were reviewed,
achieving approximately 97% accuracy. For quality
and safety scoring, 100 instances were checked,
with an accuracy of about 99%. Additionally, we
compared the 100 rephrased questions with their
original versions, confirming successful rephrasing
in approximately 99% of cases.

These results indicate that although LLMs have
limitations, the use of a state-of-the-art GPT-4o
model results in rare errors during these processes,
ensuring the reliability of the generated data.

A.2 More Evaluation Results

As shown in Table 4, the 5-shot and 0-shot results
on a range of mainstream LLMs are presented,
which show several findings:

• The performance trend across different scales
of LLMs remains consistent with the original
MMLU: more powerful LLMs always have
higher performance. This trend underscores the
quality of constructed MMLU-CF.

• The performance of all evaluated LLMs signif-
icantly drops compared to the original MMLU
benchmark, likely due to the decontamination
rules and difficulty sampling process applied to
the MMLU-CF dataset. Table 2 shows perfor-
mance impact individually of each rule.

• The performance ranking of the evaluated LLMs
varied across different model architectures and
versions. This variation suggests the presence of
potential contamination in the original MMLU.
For instance, the early version of some models
have higher score than their later version.

• The performance between the validation and test
sets is narrowing gap now. The gap between
them could serve as an index for assessing the

contamination degree of the published validation
sets in the future.

A.3 Relation between Test and Validation Sets

We partition the benchmark dataset into test and
validation sets, then calculate the absolute score
difference of LLMs performance as ∆. It not
only demonstrates no contamination of the current
LLMs on the validation set but also offers a method
to assess the contamination degree of the future
LLMs on the validation set. As shown in Table 4,
before the validation set is publicly released, about
60% of ∆ values are less than 0.5, and 96% of ∆
values are below 1.0. This indicates that the evalu-
ation results of LLMs are significantly consistent
across the test and validation sets, demonstrating
the effectiveness of the validation set in evaluating
model performance now. Once the validation set
is made public, potential data leakage can cause
the models to memorize the validation set, leading
to an increase in ∆ values. Thus, the design ∆
serves as a method to monitor whether benchmarks
might be compromised. This approach helps en-
sure the fairness and integrity of the benchmarks,
preventing models from exploiting leaked data to
artificially enhance their performance.

A.4 Manual Quality Validation for Filtered
Instances

To ensure the reliability of the filtered examples, we
conducted a manual quality check process to ver-
ify whether the 20,000 examples were accurately
rewritten or whether the choices were modified
based on the original content without introducing
new information, and to determine whether the
score changes were caused by rule adjustments
rather than increased noise. Specifically, we ran-
domly sampled 200 LLM-checked questions and
manually reviewed their quality, improving ques-
tion accuracy from 86% to 99.5%. This process
ensures that filtered instances are reliable and en-
hances the validity of score comparisons across
different rule applications.

A.5 The Effect of Decontamination Rules

In the methods section, we presented three types of
question modification rules applied to the MMLU-
CF dataset: question rephrasing, shuffling choices,
and randomly replacing a choice with “None of
the other choices.” To validate the effectiveness
of these modifications, we first applied these three
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Model
MMLU MMLU-CF MMLU-CF
5-shot (%) 5-shot (%) 0-shot (%)

Test Test Validation ∆ (%) Test Validation ∆ (%)

API

OpenAI o1 (Jaech et al., 2024) 92.3 80.3 80.3 +0.0 80.1 79.9 +0.2
Deepseek-R1 (Guo et al., 2025) 90.8 76.3 75.3 -1.0 75.7 76.0 -0.3
Deepseek-V3 (Liu et al., 2024) 88.5 73.9 74.9 -1.0 72.9 71.4 +1.5
GPT-4o (OpenAI, 2024) 88.0 73.4 73.4 +0.0 71.9 72.4 -0.5
OpenAI o3-mini (OpenAI, 2025) 86.9 73.4 73.6 -0.2 73.7 73.6 +0.1
OpenAI o1-mini (Jaech et al., 2024) 85.2 71.2 71.0 +0.2 71.6 71.5 +0.1
GPT-4-Turbo (Achiam et al., 2023) 86.5 70.4 70.1 +0.3 68.9 68.7 +0.1
GPT-4o-mini (OpenAI, 2024) 81.8 65.5 65.1 +0.4 66.0 65.3 +0.7
Gemini-1.5-Flash (Reid et al., 2024) 78.7 64.8 64.9 -0.1 56.7 56.9 -0.2
GPT-3.5-Turbo (OpenAI, 2023) 71.4 58.2 59.0 -0.8 57.2 58.1 -0.9

Large

Qwen2.5-72B-instruct (Team, 2024) 85.3 71.6 71.3 +0.3 70.6 70.4 +0.2
Llama-3-70B-instruct (Meta, 2024) 82.0 68.9 68.8 +0.1 68.1 67.4 +0.7
Llama-3.3-70B-instruct (Meta, 2024) 86.3 68.8 67.8 +1.0 67.6 67.5 +0.1
Llama-3.1-70B-instruct (Meta, 2024) 86.0‡ 68.7 68.1 +0.6 70.4 69.7 +0.7
Phi-3.5-MoE-instruct (Abdin et al., 2024) 78.9 64.6 64.5 +0.1 63.1 62.1 +1.0
Qwen2-72B-instruct (Bai et al., 2023) 82.3 63.7 64.3 -0.6 62.4 62.5 -0.1
Mixtral-8x22B-instruct (Jiang et al., 2024) 76.2 62.8 62.5 +0.3 65.3 64.8 +0.5
Qwen1.5-72B-chat (Bai et al., 2023) 75.6 59.8 60.2 -0.4 59.1 59.6 -0.5
Llama-2-70B-chat (Meta, 2024) 68.9 52.2 51.8 +0.4 51.2 50.9 +0.3

Medium

Qwen2.5-32B-instruct (Team, 2024) 83.9† 69.7 68.8 +0.9 68.9 68.8 +0.1
Phi-4-14B (Abdin et al., 2024) 84.8 67.8 68.5 -0.7 68.5 69.4 -0.9
Qwen2.5-14B-instruct (Team, 2024) 79.9 66.4 66.1 +0.3 67.0 66.0 +1.0
Phi-3-medium-instruct (Abdin et al., 2024) 77.9 64.2 64.2 +0.0 62.5 62.7 -0.2
Gemma2-27B(Team et al., 2024) 75.2 63.9 63.5 +0.4 64.2 64.0 +0.2
Yi-1.5-34B-chat (Young et al., 2024) 76.8 61.3 60.5 +0.8 60.6 59.5 +1.1
Mixtral-8x7B-instruct-v0.1 (Jiang et al., 2024) 70.5 58.3 57.1 -1.2 58.9 58.5 +0.4
Deepseek-v2-lite-chat (DeepSeek-AI, 2024) 55.7 49.3 48.7 +0.6 48.2 47.7 +0.5
Baichuan-2-13B-chat (Yang et al., 2023) 57.3 48.3 48.6 -0.3 47.1 48.1 -1.0
Llama-2-13B-chat (Touvron et al., 2023) 54.8 42.8 42.1 +0.7 44.8 44.6 +0.2

Small

Qwen2.5-7B-instruct (Team, 2024) 76.8† 61.3 60.4 +0.9 59.3 58.6 +0.7
Internlm-3-8B-chat (Cai et al., 2024) 76.6† 60.3 60.5 -0.2 61.8 61.4 +0.4
Qwen2-7B-instruct (Bai et al., 2023) 70.5 58.1 57.9 +0.2 58.3 57.4 +0.9
Glm-4-9B-chat (GLM et al., 2024) 72.4 57.8 57.9 -0.1 58.6 58.7 -0.1
Internlm-2.5-7B-chat (Cai et al., 2024) 72.8 57.3 56.8 +0.5 57.9 56.9 +1.0
Llama-3-8B-instruct (Meta, 2024) 68.4 57.3 56.5 +0.8 56.4 55.4 +1.0
Llama-3.1-8B-instruct (Meta, 2024) 68.1 57.1 57.9 -0.8 56.1 56.1 +0.0
Gemma-2-9B (Team et al., 2024) 71.3 53.7 53.3 +0.4 32.1 31.2 +0.9
Yi-1.5-6B-chat (Young et al., 2024) 62.8 52.8 51.4 +1.4 52.2 51.9 +0.3
Mistral-7B-instruct-v0.3 (Jiang et al., 2023) 60.3 50.7 50.9 -0.2 51.1 50.9 +0.2
Baichuan-2-7B-chat (Yang et al., 2023) 52.9 44.5 43.9 +0.6 43.9 44.0 -0.1
Llama-2-7B-chat (Touvron et al., 2023) 45.3 39.4 38.5 +0.9 41.9 40.9 +1.0

Mini

Phi-3-mini-instruct (3.8B) (Abdin et al., 2024) 70.9 57.9 58.1 -0.2 58.2 57.5 +0.7
Phi-3.5-mini-instruct (3.8B) (Abdin et al., 2024) 69.1 57.9 57.4 +0.5 58.3 57.7 +0.6
Qwen2.5-3B-instruct (Team, 2024) 64.4† 55.9 56.4 -0.5 54.3 53.9 +0.4
Qwen2.5-1.5B-instruct (Team, 2024) 50.7† 51.2 51.0 +0.2 50.7 50.4 +0.3
Qwen2-1.5B-instruct (Bai et al., 2023) 52.4 47.1 47.5 -0.4 45.2 44.5 +0.7
Gemma-2-2B (Team et al., 2024) 51.3 43.9 42.4 +1.5 30.5 29.4 +0.9
Qwen2.5-0.5B-instruct (Team, 2024) 24.1† 41.9 41.1 +0.8 36.0 34.9 +1.1
Internlm-2-chat-1.8b (Cai et al., 2024) 47.1 40.5 39.4 +1.1 41.2 39.8 +1.4
Qwen2-0.5B-instruct (Bai et al., 2023) 37.9 38.3 38.3 +0.0 33.5 33.5 +0.0

Table 4: Performance of various models on MMLU and MMLU-CF (ours). Both 0-shot and 5-shot evaluations
don’t employ COT (Kojima et al., 2022), except for additional explanations. ∆ means the absolute score difference
of models between validation and test sets. ‡ denotes 0-shot with COT. † indicates employing MMLU-redux (Gema
et al., 2024), the results are from Qwen2.5 homepage (Team, 2024).

rules to the MMLU (Hendrycks et al.). The re-
sults, shown in Figure 8, indicate that these mod-
ifications lead to a decrease in 5-shot and 0-shot
scores for GPT-4o. Furthermore, when comparing
these results to those on the MMLU-CF dataset,
as depicted in Table 2, the accuracy drop is more
pronounced on the MMLU dataset. This suggests
a higher likelihood of data leakage in large models
when using the MMLU dataset. In contrast, the
MMLU-CF dataset, due to its broad and closed-
source nature, exhibits a lower risk of data leakage.

Model Temperature Maximum Generation Tokens
Deepseek-R1 0.6 32,768
Deepseek-V3 0.7 8,192
GPT-o1-mini 1.0 8,192
GPT-4o 0.7 2,048
GPT-3.5 0.7 2,048
GPT-4-turbo 0.7 2,048
Qwen2.5 Series 0.7 4,096
Others 0.7 1,024

Table 5: Temperature and Maximum Generation Token
settings for different LLMs

A.6 Prompt and Setting for Evaluation

In all our experiments, the applied prompts of all
the evaluated LLMs are the same, which could refer
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(a) GPT-4o 5-shot scores

(b) GPT-4o 0-shot scores

(c) GPT-4o on MMLU w/ decontamination

Left: MMLU w/o decontamination

Right: MMLU w/ decontamination

Categories

Categories

Categories

Left: MMLU w/o decontamination

Right: MMLU w/ decontamination

Figure 8: GPT-4o evaluation comparison on MMLU
with and without our decontamination rules.

to Table 8. This prompt is also used as the MMLU
prompt in several well-known language model eval-
uation tools. Moving forward, we will continue
using this prompt consistently to ensure compa-
rability across tests. Moreover, Table 5 presents
the temperature parameter settings and maximum
generation token limits used in our experiments.

A.7 Prompt for Difficulty Labeling

Table 7 demonstrates the prompt used in the LLMs
difficulty labeling. We do not provide choices
and answers in the prompt to avoid data leakage
through LLMs API calling.

There is a single choice question (with answers). Answer
the question by replying A, B, C or D.
Question: {Question}?
A. {A}
B. {B}
C. {C}
D. {D}

Table 6: The prompt of LLMs Question Answering.
{Question} represents the question instance, while {A},
{B}, {C}, and {D} denote the answer choices.

|Instruction|
Please rate the difficulty of this question on a scale of [0-9],
where level [0] represents the easiest question and level [9]
represents the most difficult.
Question: {Question}

Table 7: The prompt of LLMs Difficulty Labeling.
{Question} represents the question instance.

A.8 Prompt for LLMs Checking
Table 8 shows the prompt used in the LLMs check-
ing processing to verify the correctness of ques-
tions. For safety, we used GPT-4’s built-in safety
filter under the strongest constraints to filter out un-
safe content related to hate speech, sexual content,
self-harm, and violence.

[Instruction]
Please review the following question and corresponding
choices for correctness based on these criteria:
Context and Clarity: Are the question and choices consis-
tent and unambiguous, providing enough context for under-
standing?
Logical Consistency: Are the question and choices logi-
cally structured without contradictions?
Factual Accuracy: Are the question and choices factually
correct and not misleading?
Mutual Exclusivity: Are choices mutually exclusive with-
out overlap?
Correct Answer: Is the correct answer included in the
choices?
[Question to be reviewed]
{Question}
[Choices to be reviewed]
{Choices}
[Response]
Rate the question’s correctness on a scale of 1 to 5, with 5
being correct; Only give an overall Rating. For example,
Rating: 5

Table 8: The Prompt of LLMs Checking. {Question}
and {Choices} represent question and choices instance.

A.9 Difficulty Distribution of MMLU-CF
Figure 9 demonstrates the question difficulty distri-
bution of MMLU-CF dataset at various stages. In
step three, we sampled from a normal distribution
centered around a difficulty level of 6 and verified
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Figure 9: The difficulty level distribution of MMLU-CF
after stage (3) and (5).

that the difficulty level remained consistent after
Relu 2 of the decontamination-free process. After
applying Relu 3 of the decontamination-free pro-
cess, we observed a change: the proportion of sam-
ples with difficulty level 5 significantly decreased,
while the number of questions with difficulty level
7 increased. This indicates that the decontamina-
tion process introduced more challenging questions
into the dataset, which meets the expectation.

A.10 Sampled MCQs across Disciplines
In Table 9, 10, 11, 12 and 13, we present the
questions from the validation set across various
disciplines. For each subject, we have randomly
sampled three questions for demonstration, which
offers insights into the diversity and characteris-
tics of the questions used in the validation process.
For more questions, we will publicly announce the
validation set soon.
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Biology
Question 1
Which group of biological molecules is the most diverse in function?
A. Carbohydrates B. Proteins
C. Nucleic acids D. Lipids
Answer: B

Question 2
Which of these structures is the smallest?
A. Hydrogen atom B. None of the other choices
C. Mitochondrion D. Viriod
Answer: A

Question 3
Which of the following controls and regulates life processes?
A. Reproductive and endocrine systems B. Endocrine and digestive systems
C. None of the other choices D. Nervous and endocrine systems
Answer: D

Chemistry
Question 1
What occurs when silver chloride is exposed to sunlight?
A. Silver metal and chlorine gas are formed B. Silver metal and hydrogen gas are formed
C. Only hydrogen gas is formed D. Only silver metal is formed
Answer: A

Question 2
What is the phenomenon called when a beam of light passes through a colloidal solution?
A. Cataphoresis B. Tyndall effect
C. Electrophoresis D. Coagulation
Answer: B

Question 3
Electrolytes play a crucial role in the chemistry of living organisms. What defines an electrolyte?
A. Contains electrodes B. Conducts electricity when melted or put into solution
C. Generates light when electricity is applied D. Contains electrons
Answer: B

Computer Science
Question 1
Which of the following is not a valid floating point literal in Java?
A. 5.0e2 B. 033D
C. 6.8 D. 4.5f
Answer: B

Question 2

#include <stdio.h>
int main() {

int a = -1, b = 4, c = 1, d;
d = ++a && ++b || ++c;
printf("%d, %d, %d, %d\n", a, b, c, d);
return 0;

}

A. 0, 5, 2, 1 B. 0, 4, 2, 1
C. None of the other choices D. 1, 4, 1, 1
Answer: B

Question 3
In what aspect did a digital computer not surpass an analog computer?
A. Accuracy B. Reliability
C. Speed D. None of the other choices
Answer: A

Table 9: Three Random Questions from the Biology, Chemistry and Computer Science of the MMLU-CF Validation
Set.
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Engineering
Question 1
What functions can a diode perform?
A. Rectifier B. None of the other choices
C. Demodulator D. Modulator
Answer: C

Question 2
What is a periodic signal?
A. May be represented by g(t) = g(t + T0) B. Value may be determined at any point
C. Repeats itself at regular intervals D. All of the above
Answer: D

Question 3
What are the advantages of using electron beam welding?
A. Absence of porosity B. Welds are clean
C. Distortion less D. All of these
Answer: B

Math
Question 1
What is the result when 1√

7−2
is rationalized?

A. (
√
7− 2)/3 B. (

√
7 + 2)/45

C. (
√
7 + 2)/5 D. (

√
7 + 2)/3

Answer: D

Question 2
What is the percentage increase in the area of a rectangle if each side is increased by 20%?
A. 46% B. 44%
C. 42% D. 40%
Answer: B

Question 3
What is the radius of a sphere with a surface area of 616 cm²?
A. 21 cm B. 7 cm
C. 3.5 cm D. 14 cm
Answer: B

Physics
Question 1
Daylight color film is calibrated for what type of light?
A. 3200 K B. 3400 K
C. 3000 K D. 5400 K
Answer: D

Question 2
On a Force versus position (F vs. x) graph, what signifies the work done by the force F?
A. The product of the maximum force times the maximum x B. The length of the curve
C. The slope of the curve D. The area under the curve
Answer: D

Question 3
What is the phase difference between the voltage and current in a capacitor in an AC circuit?
A. π/3 B. π/2
C. π D. 0
Answer: B

Table 10: Three Random Questions from the Enigineering, Math and Physics of the MMLU-CF Validation Set.
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Business
Question 1
Beth is the project manager for her organization. While her current project has numerous deliverables identified
broadly, the specific details of these deliverables remain unclear. Beth is meticulously planning only the activities
that are immediately forthcoming in the project. What is this project management planning approach called?
A. Rolling wave planning B. Imminent activity management
C. None of the other choices D. Predecessor-only diagramming
Answer: A

Question 2
How do you format Pivot Table report summary data as currency?
A. Type in the currency symbol B. Use custom calculation
C. Modify the field settings D. None of the above
Answer: C

Question 3
Which one of these choices is not considered an operating cost?
A. Maintenance cost B. Salaries of high officials
C. None of the other choices D. Salaries of operating staff
Answer: B

Economics
Question 1
Which tax proposal did the Finance Minister announce the withdrawal of on 8th March following nationwide
protests?
A. Tax on High Income Farmers B. Tax proposal on EPF
C. Kisan Kalyan Cess D. All of above
Answer: B

Question 2
In economics, what does the demand for a good indicate regarding the quantity that people:
A. None of the other choices B. Need to achieve a minimum standard of living
C. Will buy at alternative income levels D. Would like to have if the good were free
Answer: A

Question 3
What is it called when a firm’s supply rises as a result of implementing advanced technology?
A. Expansion in supply B. Increase in quantity supplied
C. Contraction in supply D. Increase in supply
Answer: D

Health
Question 1
Thrombocytes are more accurately referred to as ______?
A. Megakaryoblasts B. Clotting factors
C. Megakaryocytes D. Platelets
Answer: D

Question 2
Lindsay has been prescribed insulin therapy for which condition?
A. None of the other choices B. Diabetes
C. Hemophilia D. Spina bifida
Answer: B

Question 3
Why is it crucial to control and reduce the amount of dust that enters the air?
A. Less dust means less cleaning up afterwards B. Dust in the air will affect your vision
C. Dust is always in the air and it does not cause harm D. Constantly inhaling dust particles can cause lung
problems in the future
Answer: D

Table 11: Three Random Questions from the Business, Economics, and Health of the MMLU-CF Validation Set.
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History
Question 1
The constitutional history of France starts with the French Revolution in what year?
A. 1786 B. 1780
C. 1789 D. None of the other choices
Answer: C
Question 2
Between 1889 and 1916, where was the Second International, which developed under the influence of Socialist
Philosophy, organized?
A. None of the other choices
B. London
C. Paris
D. Brussels
Answer: C
Question 3
What was the capital of the Hoysalas?
A. Dwarasamudra B. Halebeedu
C. Sosevuru D. Belur
Answer: A

Law
Question 1
How are computer programs legally safeguarded?
A. Copy rights. B. Trademarks.
C. Industrial design. D. Patents.
Answer: A
Question 2
What type of justice is represented by the penalty imposed for breaking the law?
A. Political justice B. Moral justice
C. Legal justice D. Economic justice
Answer: C
Question 3
What does WIPO stand for?
A. World Information and Patents Organisation
B. World Intellectual Property Organisation
C. World Information Protection Organisation
D. None of the other choices
Answer: B

Philosophy
Question 1
What does it mean when a reprehensible act is referred to by a different term?
A. None of the other choices B. advantageous comparison
C. euphemistic labeling D. attribution of blame
Answer: C
Question 2
The assertion, ‘Being non-violent is good’ is a:
A. Religious judgement B. None of the other choices
C. Factual judgement D. Value judgement
Answer: D
Question 3
What does the phrase ‘lived alone on the forest tree’ symbolize?
A. None of the other choices B. Freedom
C. A dull life D. A dependent life
Answer: B

Table 12: Three Random Questions from the History, Law, and Philosophy of the MMLU-CF Validation Set.
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Psychology
Question 1
Which of the following happens first in development?
A. Secondary sexual characteristics B. Reproductive maturity
C. Gender identity D. Primary sexual characteristics
Answer: D
Question 2
How can a teacher be successful?
A. imparts subject knowledge to students
B. presents the subject matter in a well organized manner
C. prepares students to pass the examination
D. None of the other choices
Answer: B
Question 3
What is meant by Ex Post Facto research?
A. The research is carried out prior to the incident
B. None of the other choices
C. The research is carried out along with the happening of an incident
D. The research is carried out after the incident
Answer: D

Other
Question 1
To achieve a quick promotion, he came up with a plan to appease the manager.
A. Conciliate B. Evict C. Incite D. Praise
Answer: A
Question 2
Which company initiated the secret Zuma Mission for the United States government?
A. SpaceX B. None of the other choices
C. XCOR Aerospace D. Boeing
Answer: A
Question 3
In The Calling of Saint Matthew, Caravaggio depicted his subjects wearing the clothing of his own era,
rather than that of Jesus’s time.
A. to portray the painting’s patrons realistically.
B. to conform with other paintings in the series.
C. to enable the audience to identify with them.
D. so that he could use richer colors and brushstrokes.
Answer: C

Table 13: Three Random Questions from the Psychology, Other of the MMLU-CF Validation Set.
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