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Abstract

Demonstrating that large language models have memorized copyrighted material is more feasible for high-volume
publishers than for smaller outlets whose content appears less frequently online. This study explores how even
short, repeated sequences–rather than full articles–can serve as evidence of memorization. Focusing on Dutch
news outlets included in the mC4 dataset, we test whether GPT-4 and mT5 reproduce excerpts from thousands of
articles, including standardized editorial boilerplate. By comparing results to a post-training baseline and modeling
memorization as a survival process, we find that repeated, outlet-specific phrases are significantly more likely to be
completed verbatim. The approach provides a means to detect empirical evidence of memorization in cases where
full reproduction is unlikely.
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1. Introduction

In 2023, The New York Times filed a lawsuit against
OpenAI, alleging copyright infringement for using its
content in training large language models (LLMs).
The lawsuit included an appendix listing 100 arti-
cles that GPT-4 had almost entirely completed ver-
batim, some spanning multiple paragraphs (New
York Times, 2023), which demonstrated a signifi-
cant instance of memorization.

Memorization at such an extreme length is un-
common in LLMs (Huang et al., 2024), but The New
York Times’ global reach may have amplified the
likelihood of its content appearing, possibly multiple
times, in training data. The newspaper’s articles
are frequently republished and excerpted across
third-party websites, leading to repeated appear-
ances in multiple contexts and amplifying the likeli-
hood of memorization (Diakopoulos, 2024). Similar
patterns have been observed in books (Chang et al.,
2023), where frequent online reproduction raises
the probability of memorization.

For smaller publishers—especially those in non-
English markets—proving that their content has
been memorized by AI models is arguably harder.
Their material lacks the ubiquity of The New York
Times, making long reproductions more difficult to
obtain.

However, as we argue in this paper, the correct
recitation of short sequences—such as five-token
fragments—can also reveal that copyrighted con-
tent was used in training, even when full articles are
not fully or perfectly memorized. This is especially
crucial for smaller or niche publishers, who want
to obtain indications that their content has indeed
been used without permission, even in minor repro-

ductions. Our experiments demonstrate that even
short word n-grams can provide strong evidence
of a model’s exposure to copyrighted material.

Specifically, we examine potential memorization
in GPT-4 using data from four Dutch news outlets
in the mC4 dataset. Our analysis consists of two
complementary approaches. First, we test whether
GPT-4 and mT5 can correctly complete a random
selection of articles from these outlets. Second,
we develop a methodology to identify frequently
occurring, but unique, strings in newspaper content
and test whether these can be correctly completed
by the models.

We compare the results of these two approaches
with a baseline set of articles published after the
models’ training was completed. To assess the
significance of memorization, we introduce a sur-
vival analysis framework, modeling memorization
as a time-to-event process and using survival analy-
sis to compare observed memorization against the
post-training baseline. While longer memorized
sequences of 10 words or more are rare, our ap-
proach reveals systematic retention of highly stan-
dardized editorial elements–such as column open-
ings, calls to action, and accountability statements–
which show significant deviations from the baseline.
Overall, this paper introduces a framework that en-
ables smaller news organizations to systematically
test whether their content has been memorized in
LLMs.

2. Related work

Memorization in Transformer-based LLMs is typi-
cally defined as the ability of an LLM to recite spe-
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cific sub-sequences of its training data verbatim or
near-verbatim. This recitation must be based on
some storage, somewhere in the attention heads
and layers, of the sequential information. During
training, it is arguably profitable to remember train-
ing sequences, as this will reduce training loss dur-
ing repeated presentations of the training data over
epochs. However, remembering long sequences
unique to the training data will not lower validation
or test loss.

The increasing size of Transformer-based LLMs
leaves increasing room within the parameter space
to memorize training data (Carlini et al., 2023). Car-
lini et al. (2021) found that iterative learning in mul-
tiple training epochs causes training sequences to
be memorized better; they also found that larger
models exhibit stronger memorization.

Previous research has explored the verbatim
recitation of training data by LLMs using various
methods. Two types of genres, viz. news articles
and literary works, are often in focus of this type of
work, due to the contested copyright violations on
particularly these types of data.

2.1. News articles

Carlini et al. (2021) discuss the vulnerability of
LLMs to what they refer to as training data extrac-
tion attacks, demonstrating this by asking GPT-2
models to complete unfinished training data se-
quences and compare their output to the actual
continuations. They were able to obtain hundreds
of correctly completed training text sequences, in-
cluding personal information, even when some of
this information was included only in one document
within the training data. They report that 1, 800
queries extracted from 100 news articles produced
604 correctly memorized completions, showing a
high level of recitation. Nasr et al. 2023 ask Chat-
GPT (gpt-3.5-turbo) for the continuation of text, also
finding that the continuations often reveal memo-
rized content from the training data.

2.2. Literary Works

Several research papers have shown that literary
works are being used to train LLMs and that por-
tions of their content can be extracted from the
model. Karamolegkou et al. (2023) show that LLMs
memorize substantial parts of copyrighted text frag-
ments of English literature. They show that this
effect increases with an increase in LLM model
size. Still, even small models tend to memorize.
In their extraction attack study, they use different
techniques: prefix probing, where they ask for the
continuation of the text from the book; as well as
asking for a specific page from the book. Both
Karamolegkou et al. (2023) and Chang et al. (2023)

found that memorization is tied to overall popularity
of the book online.

3. Methodology

3.1. Data
We conduct a series of systematic experiments to
examine whether LLMs have memorized content
from Dutch news outlets. Dutch provides a suit-
able test case for studying memorization beyond
English: it is a medium-resource language that ap-
pears in large multilingual corpora such as mC4,
but with substantially lower representation than En-
glish. This balance makes it possible to observe
how memorization manifests in a language that
is present in web-scale datasets yet not dominant
within them.1 Focusing on Dutch media thus allows
us to test how memorization behaves beyond the
major English-language publishers whose content
dominates the web.

Our analysis focuses on four outlets: Algemeen
Dagblad (ad.nl), one of the Netherlands’ largest
and most widely read newspapers; de Volkskrant
(volkskrant.nl) and NRC (nrc.nl), both considered
leading examples of quality journalism; and De
Groene Amsterdammer (groene.nl), a weekly mag-
azine with a strong analytical and investigative tra-
dition.

These outlets were selected because they repre-
sent a broad spectrum of Dutch journalism–ranging
from daily to weekly publication, and from general-
interest to in-depth reporting–and because they
have relatively high representation in publicly avail-
able web corpora such as mC4. The research
was carried out as a commissioned study, with the
aim of providing an empirical basis for discussions
about the reuse of journalistic content in AI sys-
tems.

To evaluate potential memorization, we compare
two datasets: a hypothesized training dataset and
a control group.

3.1.1. Hypothesized training dataset

The hypothesized training dataset consists of
Dutch-language articles from the mC4 corpus,
a large-scale collection of web pages compiled
via Common Crawl (Xue et al., 2021). Since
this dataset was available before GPT-4’s train-
ing, some of its content was likely included in the
model’s training data. However, since the data

1According to public statistics for the GPT-3 training
corpus, for example, Dutch accounts for approximately
0.34% of the total word count (ranking eighth), compared
to 92.65% for English. See: https://github.com/o
penai/gpt-3/blob/master/dataset_statist
ics/languages_by_word_count.csv.

https://github.com/openai/gpt-3/blob/master/dataset_statistics/languages_by_word_count.csv
https://github.com/openai/gpt-3/blob/master/dataset_statistics/languages_by_word_count.csv
https://github.com/openai/gpt-3/blob/master/dataset_statistics/languages_by_word_count.csv
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sources for GPT-4 have not been publicly released,
this is actually not known.

Source Number of articles
ad.nl 141,985
nrc.nl 594,438
volkskrant.nl 162,668
groene.nl 32,877

Table 1: Number of articles of the four outlets in
mC4 dataset

Table 1 provides an overview of the relative share
of each outlet within mC4. NRC has the largest
presence in the corpus due to its publicly accessible
archive, whereas De Groene Amsterdammer has
the fewest articles, reflecting its weekly publication
schedule.

3.1.2. Baseline

To distinguish between completions based on mem-
orization and those that result from lucky guesses–
instances where a model’s output happens to
match by chance–we established a control group
to serve as a baseline. We mirrored the mC4 col-
lection process as closely as possible, but used a
more recent Common Crawl snapshot than mC4,
specifically, the CC-MAIN-2023-23 dump. MC4
was built from all Common Crawl scrapes avail-
able as of its release in 2020 (Xue et al., 2021),
meaning our snapshot postdates the mC4 collec-
tion window. We retrieved all available articles from
this snapshot, extracted publication dates, and ex-
cluded any published before 2022. One major pub-
lisher, nrc.nl, had blocked Common Crawl at an
earlier stage; for this outlet, we used the Media-
Cloud API2 to collect articles from the same period.

We chose 2022 as a cut-off point because, ac-
cording to OpenAI’s documentation at the time,
GPT-4’s training data extends until September
2021.3 This creates a temporal buffer between
the model’s training cut-off and the publication of
the articles, thus reducing the likelihood that any
of them were memorized. At the same time, the
gap is not so large that the model’s general world
knowledge would no longer apply. This allows us to
better isolate memorization from broader familiarity
or reasoning.

2https://www.mediacloud.org/
3Specifically, we use the gpt-4-0613 model. Ac-

cording to OpenAI’s official documentation (https:
//archive.is/hhOWK), the training data for this model
has a cutoff of September 2021, predating our corpus.
While we cannot rule out the possibility that OpenAI up-
dates the training data of versioned models without disclo-
sure, we are not aware of any evidence that this practice
occurs.

After collecting the baseline data, we cleaned
it according to mC4’s standards: stripping boiler-
plate, filtering out low-quality lines, deduplicating
pages, and keeping only Dutch-language text. For
our experiments, we sample 500 articles per news
outlet.

By including a control group, our study goes be-
yond typical memorization analyses that primarily
identify overlaps with training data. It helps assess
whether, and to what extent, LLMs have memorized
content from Dutch news outlets, including within
small n-grams.

3.2. Training data extraction attacks

Using this data, we perform a series of training data
extraction attacks, where we input randomly cut-
off articles into the language models and examine
whether their outputs include verbatim continua-
tions of the input text. We conduct these attacks on
two models: GPT-4, as a representative of widely-
used closed-source language models,4 and mT5,
which was directly trained on mC4 and thus pro-
vides a confirmed case of exposure to our target
data.

For GPT-4, we used the ope-
nai.ChatCompletion API with no system
prompt, providing only the input text, and set the
temperature to zero to maximize deterministic
outputs. We used the base GPT-4 version
available in the API (gpt-4-0613).

For our experiments with mT5 we ran our ex-
periments locally with different model sizes based
on the openly available models.5 We employed
a masking strategy, where up to three consecu-
tive tokens were masked in the input text, allowing
us to assess whether the model would predict the
missing tokens with verbatim accuracy.

3.2.1. Random articles

First, we selected a random sample of 1, 000 arti-
cles for each outlet. For each article, we used five
randomly chosen cut-off points and provided the
preceding text as input to the model, which then
generated the remainder of the article until reaching
the original length.

4In a pilot phase of this research, we also experi-
mented with other models such as Google’s PaLM, but
found that the available API endpoints were chat-oriented
and did not support open-ended text completion, making
it difficult to conduct extraction attacks in the same man-
ner. This may have changed with more recent API and
model updates.

5https://github.com/google-research/mu
ltilingual-t5

https://www.mediacloud.org/
https://archive.is/hhOWK
https://archive.is/hhOWK
https://github.com/google-research/multilingual-t5
https://github.com/google-research/multilingual-t5
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3.2.2. Duplicate texts

Since memorization is more likely to occur with
duplicated content (Carlini et al., 2021), we repur-
posed a method originally designed for deduplicat-
ing entire text corpora (Lee et al., 2022) to instead
identify repeated strings within the articles of each
individual outlet.6 Rather than applying it across
the full corpus, we grouped articles by outlet and
detected repetition within each outlet separately,
in order to identify strings that are characteristic
of a specific outlet. We extracted all duplicate se-
quences of at least 100 bytes that appeared five or
more times within a given outlet.

Source Duplicate strings (n ≥ 5)
ad.nl 533
nrc.nl 744
volkskrant.nl 397
groene.nl 25

Table 2: Number of duplicate strings appearing
more than five times in each outlet.

In news articles, such repetitions often take the
form of boilerplate text, recurring column intros, or
standardized calls to action. Table 2 lists the num-
ber of duplicate strings we found and tested for
each outlet. Notably, the three daily newspapers
exhibited a relatively high number of duplicates,
whereas groene.nl, as a weekly magazine, con-
tained considerably fewer.

For each duplicate string, we iteratively vary the
length of the prompt provided to the model. Start-
ing from a minimum of 5 tokens, we incrementally
increase the prompt length up to 75% of the total
sentence length. This allows us to observe how the
model continues generating text when given pro-
gressively more context from the original sentence.

3.2.3. Categorization of duplicates

Duplicated content in news articles is not always
unique to a single outlet. Some texts are repur-
posed across multiple outlets, such as copyright
statements or widely circulated references, includ-
ing quotations from religious or historical sources.
To better characterize the nature of these dupli-
cates and distinguish patterns of reuse, we develop
a typology that categorizes them along two dimen-
sions.

The first dimension distinguishes whether the
content is outlet-specific or shared across multiple
outlets. The second dimension assesses whether
the content is boilerplate, meaning it recurs across
different articles within the same outlet. This yields
four categories of content:

6https://github.com/google-research/de
duplicate-text-datasets

1. Editorial Content: Content that is reused
across different contexts, such as movie de-
scriptions published in event listings or descrip-
tions of museums or works of art repurposed
from earlier publications.

2. Editorial Boilerplate: Content specific to the
newspaper that recurs across multiple articles,
like standard editorial phrases or recurring sec-
tions.

3. General Boilerplate: Non-article-specific text,
such as JavaScript messages, website code,
or references to the website.

4. General Content: Quotations from legal texts,
the Bible, politicians, or other sources, used in
various contexts.

Figure 1 presents an example from each cate-
gory. We manually classified the 1,699 duplicates
identified in the previous step according to this ty-
pology. In our analysis, we evaluate both the full
set of duplicates and the subset consisting only of
editorial-specific duplicates.

3.3. Evaluation
To measure memorization, we employ a strict ex-
act matching approach, which counts the number
of consecutive words that match the original, from
left to right, until the first divergence occurs. Exact
replication provides a rigorous measure of mem-
orization, capturing only those cases where the
model reproduces text with complete fidelity. Al-
though this likely underestimates the true extent
of memorization–since paraphrased reproductions
are not captured–exact matching ensures that any
detected overlap is a clear-cut case. This further
helps to distinguish genuine memorization from
lucky guesses, which become increasingly plau-
sible as LLMs grow more capable of generating
fluent and contextually accurate continuations.

3.4. Survival analysis
To distinguish coincidental overlap from systematic
reproduction, we introduce a survival analysis
framework for studying memorization. A short
overlap of four tokens could easily occur by chance,
while longer identical stretches are less likely to
be coincidental. The central question, however, is
whether such overlaps occur systematically more
often for texts that were likely included in the training
data compared to those that were not.

Survival analysis allows us to test this empirically
by modeling the position of the first deviation as a
time-to-event process. For each input in the ran-
dom, duplicate, and baseline subsets, we compute
a max overlap: the position where the generated

https://github.com/google-research/deduplicate-text-datasets
https://github.com/google-research/deduplicate-text-datasets
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Anna van den Breemer schrijft

Anna van den Breemer writes

Editorial boilerplate

elke week over een alledaags opvoed-
kundig probleem waarvoor ze een praktische
oplossing zoekt.

every week about a common parenting
problem for which she seeks a practical solu-
tion.

Beroemde, intelligente thriller met excel-
lente rollen van Robert Redford en Dustin
Hoffman als Bob Woodward en Carl Bern-
stein, de verslaggevers

Famous, intelligent thriller with excellent
performances by Robert Redford and Dustin
Hoffman as Bob Woodward and Carl Bern-
stein, the reporters

Editorial content

van de Washington Post die het Watergate-
schandaal aan het licht brachten.

from The Washington Post who exposed the
Watergate scandal.

Om reacties te plaatsen en te bekijken, is
Javascript nodig. Momenteel staat dit in

To post and view comments, Javascript is re-
quired. It is currently

General boilerplate

je browser uitgeschakeld. Schakel Javascript
in om een reactie te plaatsen of de reacties
te lezen.

disabled in your browser. Enable Javascript
to post a comment or read the comments.

Allen die zich in Nederland bevinden, worden
in

All those who are in the Netherlands are

General content

gelijke gevallen gelijk behandeld. Discrim-
inatie wegens godsdienst, levensovertuig-
ing, politieke gezindheid, ras, geslacht of op
welke grond dan ook, is niet toegestaan.

treated equally in similar cases. Discrim-
ination on the grounds of religion, belief,
political opinion, race, gender, or any other
grounds is not permitted.

Boilerplate Contentual

Editorial

General

Figure 1: Examples of duplicate strings categorized along two dimensions—editorial versus general,
and boilerplate versus contentual—each shown with the corresponding verbatim completions correctly
reproduced by GPT-4.

output first diverges from the original article. In this
formulation, the “event” is the first deviation, and the
“survival time” represents how long the model con-
tinues reproducing the original verbatim. Outputs
that never deviate are treated as right-censored
observations–texts that “survive” without experienc-
ing the event. This approach is especially valuable
in cases where long verbatim reproductions are
uncommon.

We compare survival patterns across text ori-
gins using a log-rank test (Fleming and Harring-
ton, 1981) implemented via scikit-survival
(Pölsterl, 2020). The test provides a robust, non-
parametric way to assess whether survival curves
differ significantly between groups, while naturally
handling censored observations. From these esti-
mates, we derive the hazard rate of memorization–
the probability that a token is copied at a given
position, conditional on it not having diverged ear-
lier.

4. Results

The results are organized into three sections. First,
we present a summary of the overall findings, focus-
ing on aggregated completions across all outlets.
Next, we conduct a detailed analysis of each news

outlet individually. Finally, we analyze the results
by breaking down different categories of duplicate
strings. We report significance at three conven-
tional levels (0.05, 0.01, and 0.001), emphasizing
the latter for stronger evidence of deviation from
the baseline.

4.1. Overall results
Figure 2 uses the Kaplan–Meier estimator (Kaplan
and Meier, 1958) to track the probability of memo-
rization across the first twenty tokens for the three
prompt types. The Kaplan–Meier method provides
a non-parametric estimate of the survival function–
in this case, the probability that the model continues
reproducing the original text without deviation up to
a given token. Each drop in the curve represents
an observed deviation, while flat segments indicate
continued reproduction. Initially, all curves follow
a similar pattern, with roughly a 40% chance of
correctly completing the first word. By the third to-
ken, however, the curves for duplicate and random
strings begin to diverge from the baseline.

A log-rank test confirms a significant differ-
ence between duplicate strings and the baseline
(χ2(1) = 10.88, p < 0.001). For random articles, the
probability of memorization is slightly higher over-
all, but this difference is not statistically significant
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Figure 2: Estimated probability of memorization Mi(w) as a function of text length in words. The curves
represent Kaplan–Meier survival estimates, where each step shows the probability that the model continues
reproducing the original text verbatim up to length w before diverging. The left panel shows the full range
up to 20 words, while the right panel displays probabilities from three words onward. Results are shown
for duplicate strings (blue), random article segments (orange), and the post-training baseline (green).
Duplicate strings show higher survival probabilities for short n-grams, which indicate a greater likelihood
of verbatim reproduction.

(χ2(1) = 3.28, p = 0.07). Notably, after approxi-
mately 20 tokens, verbatim completion probabilities
drop to zero for nearly all prompt types.

4.2. Results by outlet

While duplicate strings are the only prompt type to
show clear evidence of news content memoriza-
tion in GPT-4, per-outlet analysis (Figure 3) reveals
notable variation across newspapers.

For ad.nl, duplicates show significantly higher
memorization rates than the baseline (χ2(1) = 6.90,
p < 0.01), whereas random articles show no sig-
nificant deviation (χ2(1) = 0.26, p = 0.61). re-
lated pattern emerges for nrc.nl: random articles
yield the highest verbatim completion probability
for sequences shorter than four tokens, but dupli-
cate strings surpass them at five tokens and be-
yond (χ2(1) = 9.76, p < 0.01), while no signifi-
cant differences are observed for random articles
(χ2(1) = 2.39, p = 0.13).

In contrast, results for volkskrant.nl and groene.nl
show no significant differences between duplicates,
random articles, and the baseline. For volkskrant.nl,
χ2(1) = 1.23, p = 0.26 (random) and χ2(1) = 0.03,
p = 0.85 (duplicates). For groene.nl, χ2(1) =
0.0002, p = 0.99 (random) and χ2(1) = 0.58,
p = 0.44 (duplicates). As Figure 3 shows, limited
duplicates introduce substantial uncertainty.

4.3. Break-down of duplicates

A more detailed analysis of duplicate texts reveals
notable differences in their typology across newspa-
pers (Figure 5). For groene.nl and www.ad.nl, du-
plicates are primarily editorial boilerplate, whereas
duplicates from nrc.nl and volkskrant.nl are pre-
dominantly editorial content.

When distinguishing editorial boilerplate from
general boilerplate, general content, and other ed-
itorial material, a clear deviation from the base-
line becomes apparent across all outlets. The esti-
mated probabilities indicate that the chances of cor-
rectly completing a five-gram sequence are roughly
twice as high for editorial boilerplate compared to
the baseline (Figure 4).

Log-rank tests confirm these patterns. Signifi-
cant differences in the memorization rate between
the baseline and editorial boilerplate are observed
for ad.nl (χ2(1) = 7.86, p < 0.01), nrc.nl (χ2(1) =
4.44, p < 0.05), and volkskrant.nl (χ2(1) = 5.73,
p < 0.05). However, for groene.nl, which had the
smallest number of boilerplate texts, these differ-
ences are not statistically significant (χ2(1) = 0.76,
p = 0.38).

For the general editorial content, this pattern is
less clear. For ad.nl, there is still a significant differ-
ence (χ2(1) = 5.59, p < 0.05), but there is not for
volkskrant.nl (χ2(1) = 3.08, p = 0.07). For nrc.nl,
the baseline actually exceeds the general content
verbatim completions (χ2(1) = 33.86, p < 0.001).

5. Masked token string prediction in
mT5

To obtain a confirmation of the broad outcomes of
our study, we performed an additional experiment
with mT5 (Xue et al., 2021), an encoder-decoder
Transformer architecture known to be pre-trained
on mC4. The mC4 corpus was, in fact, presented
in the paper that introduced the mT5 architecture,
a multi-lingual variant of the encoder-decoder T5
architecture (Raffel et al., 2020). Differently sized
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Figure 3: Verbatim completion probabilities for duplicate strings (blue), random article segments (orange),
and a baseline of articles outside GPT-4’s training period, split separately for each outlet.
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Figure 4: Differences in verbatim completion between editorial boilerplate duplicates (top row), editorial
content (bottom row), and the post-training baseline, across the four outlets.

mT5 models are publicly available.7 The encoder
part of mT5 is trained on a "span corruption" objec-
tive, i.e. on the prediction of masked token spans
of different lengths. In order to replicate our study
with GPT-4 we tested the memorization capacities
of mT5 on this precise task: how well is mT5 capa-
ble of correctly predicting masked token spans that
were part of the training data, versus token spans
that were not?

To generate our testing data, we created a set
of 2, 788 strings from the aforementioned Dutch
news websites as occurring in mC4. We selected
1, 018 unique strings occurring only once, and 1, 770
strings occurring multiple times, as in our earlier ex-
periments. An additional set of 300 unique strings
were extracted from articles from the same news
websites from 2024 (i.e., not in mC4) to assess
baseline performance on unseen data. Strings
were randomly split once in a prompt part (of mini-
mally 5 tokens) and a completion part.

7https://huggingface.co/docs/transfor
mers/en/model_doc/mt5

To generate instances to be presented as input
to the mT5 models, we employed a 15% token
masking strategy (i.e., on average 15% of all to-
kens are masked), with an average masked token
span length of three consecutive tokens, consistent
with pretraining parameters (Xue et al., 2021). If a
sentence contains more than one mask, at least
one unmasked token is left between the masks.

Figure 6 shows the increasing percentage of cor-
rectly predicted masked token spans by increas-
ingly sized mT5 models on the unique and dupli-
cate test items, and the baseline items not in mC4.
While prediction accuracies remain relatively low,
with just over 5% as the best score attained by the
largest model on duplicate strings, there appears
to be a reasonably persistent memorization effect
with strings that occur often in mC4. On the other
hand, unique strings occurring only once in mC4
are predicted less accurately. The largest model
(3.7B parameters) predicts baseline token spans
more accurately than unique patterns contained in
its training data. Although we cannot explain the
latter difference, the other results are broadly in

https://huggingface.co/docs/transformers/en/model_doc/mt5
https://huggingface.co/docs/transformers/en/model_doc/mt5
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Figure 5: Duplicate type distribution by outlet

Figure 6: Masked token span prediction accuracy
in the mT5 model family (various sizes) on mC4 test
data (unique and duplicate strings) and baseline
data not in mC4.

line with our earlier findings; they are indicative of a
memorization effect that increases with model size
and that persists compared to the also improving
baseline performance. However, the effect appears
to be present only in strings that were repeatedly
present in the training data.

6. Discussion

Overall, the results demonstrate that duplicate
strings exhibit higher memorization probabilities
than the baseline, both in GPT-4 and, to a lesser
extent, in mT5, with significant deviations observed

in specific outlets such as ad.nl and nrc.nl. Edito-
rial boilerplate content, in particular, showed the
strongest memorization effects. In contrast, smaller
datasets, like groene.nl, did not show significant
differences, likely due to limited sample sizes.

At the same time, we did not find strong evidence
for structural memorization in random articles. How-
ever, inspecting the examples revealed some sus-
picious cases of completions that hint at possi-
ble memorization, often involving highly specific
phrases or verbatim reproductions that appeared
unlikely to be generated without prior exposure to
the text. It is likely that the relatively small sample
size (1,000 articles) was insufficient to demonstrate
this effect on a larger scale.

Overall, these findings align with prior research
showing that repetitiveness in input data enhances
memorization in LLMs (Chang et al., 2023). No-
tably, editorial boilerplate content appears to oc-
cupy a unique position between repetitiveness and
uniqueness: it is frequent within the specific context
of the newspaper outlet, but not outside of it.

This makes it an effective indicator for memo-
rization and offers publishers a potential method
for auditing model outputs for privacy or copyright
concerns. For smaller outlets, this is particularly
relevant: even without large archives or extensive
duplication, recurring editorial phrases can serve
as a practical signal of whether their material ap-
pears in model training data. Rather than searching
for full reproductions, such publishers could focus
on distinctive short sequences–like boilerplate or
column openings–that are both characteristic and
frequent enough to reveal traces of memorization.

At the same time, while our analysis offers an ef-
fective approach for outlets that lack the reach of an
international news organization, our findings sug-
gest that a certain publication volume is necessary
for memorization to occur. In the case of groene.nl–
the smallest outlet in our study, with 32,877 arti-
cles and only 25 duplicates–we found no evidence
of memorization. This underscores the need for
future research to develop robust methods for de-
tecting memorization in low-volume outlets, such
as weekly magazines and personal blogs. One
promising direction would be to move beyond the
strict string matching employed in this paper and
instead detect lightly paraphrased or near-verbatim
reproductions.

Finally, while our study focused on Dutch mate-
rial, the overall method is language-independent
and can be applied to outlets in other languages,
including English, provided they have sufficient rep-
resentation in Common Crawl-based datasets. Fu-
ture research could systematically examine both
the effect of outlet volume and the role of language
prominence in influencing memorization patterns.
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7. Conclusion

In this paper, we explored memorization in Dutch
news content by LLMs. Unlike findings related to
high-profile outlets like The New York Times, we
observed that long, verbatim memorization of ran-
dom Dutch news articles is rare. In our tests on
GPT-4 and mT5, randomly selected articles from
the presumed training data did not show consistent
differences from the baseline.

To better distinguish memorization from coinci-
dental overlap, we introduced a survival analysis
framework that models verbatim continuation as a
time-to-event process. This approach provides a
more robust and interpretable way to capture sub-
tle memorization effects. Applying this method to
frequently recurring text fragments–such as edito-
rial boilerplate–revealed systematic deviations from
the baseline, suggesting that these short, standard-
ized sequences are disproportionately likely to be
retained by LLMs. Overall, our findings demon-
strate how survival-based modeling of memoriza-
tion offers a practical way for smaller publishers to
assess whether traces of their content appear in
large-scale training datasets.

Limitations

The main experiment described in our work relies
on a consumer subscription to the OpenAI API,
consuming in the order of tens of thousands of API
requests, with an unknown ecological footprint. It
also relies on the availability of a completion request
option that allows unfinished text sequences to be
presented as input, after which a completion is
returned. Open LLMs under the full control of the
user will have that functionality, but commercial
LLM providers may choose at any point to limit API
request types and refuse completion prompts or
requests. Replication of this work is dependent on
this availability.

Extending our experiments with English as well
as languages with a smaller presence in mC4 would
offer broader views on the effect of language sub-
corpus size on memorization.

Ethics Statement

The work in this paper is a deliberate attempt at col-
lecting evidence of the inclusion of copyrighted data
in the mC4 corpus. We are aware we have been
using copies of this contentious dataset, which is
available from the Hugging Face platform.8 Our in-
tention is to broaden the collected evidence of the
memorization and recitation capabilities of LLMs of

8https://huggingface.co/datasets/alle
nai/c4

training data segments, e.g. on more languages,
so that these findings may become available to
stakeholders interested in copyright infringements.

Generative AI Disclosure Statement

Generative AI (GPT-4o via ChatGPT) was used
to refine the language of this paper. Additionally,
version o1 was employed to identify broader incon-
sistencies in the text.
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