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Figure 1: Given a pre-training dataset contaminated with the BoolQ(Clark et al., 2019) test set
(left), we detect such contamination by testing for exchangability of the dataset (right). If a model
has seen a benchmark dataset, it will have a preference for the canonical order (i.e. the order that
examples are given in public repositories) over randomly shuffled examples orderings. We test for
these differences in log probabilities, and aggregate them across the dataset to provide false positive
rate guarantees.




I Background

 Hy: 0 is independent of X
 Hi: 0is dependent on X

where we treat 6 as a random variable whose randomness arises from a combination of the draw
of the pretraining dataset (potentially including X') and we will propose a hypothesis test with the
property that it falsely rejects the null hypothesis H, with probability at most a.

Proposition 1. Let seq(X) be a function that takes a dataset X and concatenates the examples to
produce a sequence, and let X, be a random permutation of the examples of X where 7 is drawn
uniformly from the permutation group. For an exchangeable dataset X and under H,

log py (seq(X)) = log py(seq(Xx)).




I Statstics

6 dependon X  logp, (Seq(X)) > logp, (Seq(Xﬂ))

Under Null hypothesis {logpe <seq(Xﬂl)), -+, logpy (seq(Xﬂn)> } ~ Uniform

p := E[1{log py(seq(X)) < log ps(seq( X))}
Monte Carlo estimate

_ 2.i—1 1{log py(seq(X)) < logpy(seq(Xr,,))} +1

- m+ 1

P-value 1/(m+ 1) 6 (m|X])

—



IStatstics
Sl = (X17X27 Tt 3Xk)

Each Shards s; := log pg(seq(X)) — Mean, (log pg(seq(Xr))).

§ = %22:1 Si




I Experiment

log(p value)

-

Log(p value) vs Dataset Duplication Count

————————————————————— —

o dataset's log(p value)

mean log(p value)
per dup count

1 === log(p=0.05) I

T T T

1 2 4 7
Dataset Duplication Count



I Experiment

Table 1: We report the results of training a 1.4B language model from scratch on Wikitext with
intentional contamination. For each injected dataset, we report the number of examples used (size),
how often the test set was injected into the pre-training data (dup count), and the p-value from the
permutation test and sharded likelihood comparison test. The bolded p-values are below 0.05 and
demonstrate in the case of higher duplication counts, such as datasets appearing 10 or more times,
we obtain vanishingly small p-values on our test. Finally, rows marked le-38 were returned as
numerically zero due to the precision of our floating point computation.

Name Size  Dup Count Permutation p Sharded p
BoolQ 1000 1 0.099 0.156
HellaSwag 1000 1 0.485 0.478
OpenbookQA 500 1 0.544 0.462
MNLI 1000 10 0.009 1.96e-11
Truthful QA 1000 10 0.009 3.43e-13
Natural Questions 1000 10 0.009 le-38
PIQA 1000 50 0.009 le-38
MMLU Pro. Psychology | 611 50 0.009 le-38
MMLU Pro. Law 1533 50 0.009 le-38
MMLU H.S. Psychology | 544 100 0.009 le-38

—
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Table 2: P-values for contamination tests on open models and benchmarks. With the exception of
ARC for Mistral, none of the tests give evidence for contamination. The MMLU results are marked
with a  to indicate that the p-values are the result of p-value aggregating the constituent datasets of
MMLU after heuristic filtering for non-exchangable datasets (see main text). The resulting LLaMA2
and Mistral p-values are small, consistent with the contamination studies in Touvron et al. (2023)
identifying mild MMLU contamination.

Dataset Size LLaMA2-7B Mistral-7B  Pythia-14B GPT-2 XL BioMedLM
Arc-Easy 2376 0.318 0.001 0.686 0.929 0.795
BoolQ 3270 0421 0.543 0.861 0.903 0.946
GSMBK 1319 0.594 0.507 0.619 0.770 0.975
LAMBADA 5000 0.284 0.944 0.969 0.084 0.427
NaturalQA 1769 0.912 0.700 0.948 0.463 0.595
OpenBookQA | 500  0.513 0.638 0.364 0.902 0.236
PIQA 3084 0.877 0.966 0.956 0.959 0.619
MMLU' - 0.014 0.011 0.362 - —
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