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Abstract

While annotated corpora are crucial in the field
of natural language processing (NLP), those
containing copyrighted material are difficult to
exchange among researchers. Yet, such cor-
pora are necessary to fully represent the diver-
sity of data found in the wild in the context of
NLP tasks. We tackle this issue by proposing
a method to lawfully and publicly share the
annotations of copyrighted literary texts. The
corpus creator shares the annotations in clear,
along with a non-reversible hashed version of
the source material. The corpus user must own
the source material, and apply the same hash
function to their own tokens, in order to match
them to the shared annotations. Crucially, our
method is robust to reasonable divergences in
the version of the copyrighted data owned by
the user. As an illustration, we present align-
ment experiments on different editions of nov-
els. Our results show that our method is able
to correctly align 98.7 to 99.79% of tokens de-
pending on the novel, provided the user ver-
sion is sufficiently close to the corpus creator’s
version. We publicly release novelshare, a
Python implementation of our method.

1 Introduction

Corpora, and in particular annotated corpora, are
one of the central resources in the modern natural
language processing (NLP) landscape. For many
computational tasks, they are critical to train mod-
els, evaluate them and compare them against each
other. Yet, while their importance is clearly es-
tablished, researchers are often restricted to using
freely available data released under a permissive
license or in the public domain. This not only
limits the amount of data available to the NLP com-
munity, but also introduces a systematic bias in
studies since the performance of systems on copy-
righted works is often not considered. For exam-
ple, in the case of literary texts, recent works are
protected, meaning most researchers restrict them-

selves to classical 19th plays and novels that fall in
the public domain (Bamman et al., 2019; Han et al.,
2021), with possible generalization issues (Lazari-
dou et al., 2021; Beelen et al., 2022).

Ideally, a corpus creator should be able to freely
share annotations to conform to open and repro-
ducible science standards. It is important that
data are made available online in a publicly ac-
cessible way, as on-demand sharing can be unreli-
able (Hussey, 2025). In the specific case of copy-
righted data, sharing should only be possible if the
user is also in possession of the original material.
A naive strategy could be to share the corpus anno-
tations along with instructions to obtain the data,
and ensure their data are exactly identical to the
creator’s. The user could then use their data jointly
with the shared annotations, and copyright would
be enforced. However, in practice, the user’s data
are rarely exactly identical to the creator’s. Since
copyrighted works are not always directly available
online, the user may obtain a non-identical version
that can differ in multiple ways, such as how the
digitization process was carried out. The data may
also differ because of how they were prepared to
the format required for NLP experiments. There-
fore, we need an annotation-sharing scheme that
is robust enough to handle reasonable divergences
in the user’s material while providing copyright
compliance guarantees.

Motivated by this issue and inspired by a pre-
vious attempt by Bost et al. (2020), we propose a
method to easily share a corpus under copyright
constraints, in the case where the user possesses
material that is reasonably close to the creator’s.
We place ourselves in the situation where the cor-
pus to share is composed of a sequence of tokens,
and one or more annotations for each token. The
named entity recognition (NER) task is a good ex-
ample of such a situation, where each token is anno-
tated with a tag in the BIO scheme (Ramshaw and
Marcus, 1995). We hash each token of the creator’s
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corpus with a non-reversible cryptographic func-
tion, and shorten each resulting code to voluntarily
create collisions and avoid attacks based on pre-
computed hash tables. On the user’s side, each to-
ken is hashed using the same method. We robustly
match the creator’s and user’s truncated hashes,
which allows us to align annotations with user’s
tokens. Since the two corpora may be marginally
different, it is likely that some tokens remain un-
aligned during this first stage. Therefore, we pro-
pose additional strategies to align some of these
remaining tokens. We present this overall process
in Figure 1.

To validate the effectiveness of our sharing tech-
nique, we carry multiple experiments on a corpus
of three novels, each one coming in three different
editions. We empirically show that our method can
accurately align almost all the hashed tokens, even
when the user owns a different edition from the
creator. Furthermore, our experiments validate the
interest of our additional alignment strategies, that
can be used to increase the number of correctly
aligned tokens.

We release all the source code and data needed
to reproduce our experiments under a free license1.
Additionally, we publicly release novelshare, an im-
plementation of our alignment method that can be
used to share sequential annotations of copyrighted
texts.

2 Related Work

2.1 NLP Corpus Sharing
The most popular contemporary large language
models come from the industry and rely on ex-
tremely large collections of textual data drawn
from a wide range of sources, including books,
journalistic content, and other works protected by
intellectual property rights (Henderson et al., 2023;
Ahmed et al., 2026). This shows the importance of
such copyrighted material in tackling a variety of
NLP tasks. Because these corpora are often assem-
bled through large-scale Web crawling and aggre-
gation, they frequently contain protected material
for which no direct licensing or authorization has
been obtained, prompting ongoing debates about
the legal status of such practices and the lack of
transparency surrounding training data composi-
tion (Buick, 2024). Academic researchers typically
do not have access to the same legal and finan-
cial resources as these large firms, and therefore

1
https://github.com/CompNet/novelshare

adopt various strategies to work around copyright
constraints.

The first option is to constitute corpora based
only on public domain data. This is for exam-
ple the case of the well-known literary corpus Lit-
bank (Bamman et al., 2019) and its French equiv-
alent fr-Litbank (Mélanie-Becquet et al., 2024),
whose most recent novels are from 1922 and
1937 respectively. Similarly, the speaker attribu-
tion corpora QuoteLi3 (Muzny et al., 2017) and
PDNC (Vishnubhotla et al., 2022) focus only on
classic texts, and the coreference resolution corpus
FantasyCoref (Han et al., 2021) only includes Alice
in Wonderland and public domain fairy tales. This
reliance on older, public domain texts in such cor-
pora is a fundamental problem when using them
to train NLP models. Since these models are often
used on contemporary texts, training on older data
systematically biases model evaluation and hinders
their performance (Lazaridou et al., 2021; Beelen
et al., 2022). Additionally, public domain texts
are often part of the training data of large models,
which further increase evaluation bias concerns due
to data contamination (Johnson et al., 2024).

The second strategy to avoid legal problems is
simply to not share at all any corpus that includes
protected material. For example, van de Camp and
van den Bosch (2012) create a corpus containing
biographies annotated for the identification and
classification of personal relationships, but do not
share this copyrighted material. Chun et al. (2025)
extract character networks from Korean dramas,
but completely anonymize their data to the point
of not providing even the titles of the considered
works. Of course, this practice is not on par with
modern NLP standard, as it hinders reproducibility
and the ability of researchers to draw comparisons.

The third approach to limit copyright infringe-
ment issues is to use only excerpts of the original
texts when building a corpus. The rationale here is
that this practice, as it concerns academic research,
could fall under fair use. For instance, Dekker et al.
(2019) propose a corpus of contemporary novels
annotated for NER, and explicitly state that they
only share the first chapters of these novels because
of copyright concerns. Under Chinese law, Zhao
et al. (2025) can use up to 10 chapters by novel to
constitute their GenWebNovel NER corpus. This
practice illustrates the legal ambiguity faced by aca-
demic researchers, as publicly sharing annotated
excerpts of copyrighted literary works goes beyond
what is clearly permitted under standard research
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 I perceived Henry Clerval, who, on seeing me, instantly sprung out. “My dear Frankenstein,”
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Figure 1: Proposed hashing scheme. Top part: the corpus creator’s plain text (X) and hashed tokens f(X), and
corresponding NER annotations. Bottom part: the corpus user’s plain text (X ′) and hashed tokens (f(X ′). Our
method matches both sequences of hashes, while supporting small differences such as typos (shown in purple),
missing tokens (red) and additional tokens (orange). The user never accesses the creator’s plain text.

exceptions in many jurisdictions. From the NLP
perspective, working on full novels is necessary
to tackle problems related to text length (Amalvy
et al., 2025; Bourgois and Poibeau, 2025).

Fourth, it is lawfully possible to share full copy-
righted texts, provided their authors agree. Some
researchers therefore explicitly ask for permission.
For instance, Johnson et al. (2024) obtain the
consent of each individual author to create Fic-
Sim, their corpus of fan-fictions. Alrashid and
Gaizauskas (2023) ask an author permission to
include his kid story in ScANT, their corpus of
scene-annotated narrative texts. While this is an
ethically sound way of releasing data, it is unre-
alistic to rely on such a costly method, even to
constitute relatively small corpora.

Finally, the fifth solution to the issue of sharing
annotated copyrighted material is proposed by Bost
et al. (2020). In order to share the copyrighted TV
series dialogues constituting their Serial Speakers
corpus, they design an hash-alignment scheme that
allows any user possessing the original dialogues
to access the annotations. This approach is the
only one allowing to share annotations of full copy-
righted texts in a lawful way, as it does not share the
original text but a non-reversible hashed version.
We discuss this legal aspect further in Appendix A.
We expand on this method by studying the effects
of its parameters, generalizing it to any sequence of
annotated tokens, and proposing additional strate-
gies to improve alignment performance.

2.2 Related Problems

While this issue of copyrighted corpus sharing is
not explicitly identified in NLP except by Bost
et al. (2020), it resembles other problems from dif-
ferent fields. Sequence reconstruction is a class
of problems introduced by Levenshtein (2001a,b)
where the goal is to reconstruct a sequence from

a set of partial and sometimes noisy observa-
tions (Wei et al., 2024). The trace reconstruction
problem (Batu et al., 2004) is also related: in that
setup, a binary string is passed through a deletion
channel that may delete each of its bits with a set
probability p, resulting in a shorter string called
a trace. The goal is to determine how many such
traces are needed to reconstruct the original se-
quence with a high probability. Both of these tasks
differ from ours: the user does not have access to a
hashed non-noisy version of the original sequence,
both problems assume the multiplicity of observed
distorted sequences and the noise observed in our
setup is specific to our application. Similar prob-
lems also arise in the context of DNA sequencing,
where genomic data consisting of DNA sequences
must be communicated and used securely in public
cloud environments (Mete et al., 2015; Lu et al.,
2021). For read mapping, a fundamental operation
consisting in aligning a set of short DNA sequences
to a reference genome, an existing strategy consists
in sharing only hashed sequences with non-trusted
cloud environments to perform part of the compu-
tation (Chen et al., 2012; Kang et al., 2016). This
differs from our setting as we need to align freely
shareable annotations to the user’s version of the
corpus.

3 Methods

3.1 General Principle

Let X be a sequence (x1, . . . , xn) of copyrighted
tokens, annotated by a corpus creator. Each to-
ken in X can have one or more annotations, that
correspond to task-specific labels. Such an annota-
tion scheme encompasses token-level tasks such as
token classification, but also supports coarser anno-
tation at the span level or higher: for example, the
BIO NER scheme (Ramshaw and Marcus, 1995)
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allows to annotate entity spans at the token level.
These annotations are not copyrighted, and consist
of one or more different sequences of the same
length as X , that can be freely shared. The creator
wants to share these annotations with a corpus user,
but without making the tokens X public, as they
are copyrighted. For this purpose, we hash them
in a non-reversible way, producing a new sequence
f(X) = (f(x1), . . . , f(xn)) which is shared along
with the annotations. This is illustrated by the top
part of Figure 1 (green block), where we consider
a NER example. As can be seen in the figure, each
token of the corpus has a tag attached that indicates
whether or not this token is part of an entity.

On their side, the user must possess the tokens
too, in order to match them to the annotations
shared by the creator. However, it is very unlikely
that the user has access to the exact same sequence
X as the creator. In the case of novels, for instance,
turning a text into a token sequence usable for NLP
experiments is a multi-step process involving many
parameters. First, the user might have a different
version of the novel, including editorial differences
such as corrections, revisions, or a modernized text.
Second, the process of digitization necessary to
obtain an electronic book relies on some technical
choices that can vary depending on place, time,
and publisher: punctuation and typographic con-
ventions, decomposition in chapters, text encoding.
This step may even require error-prone steps such
as optical character recognition. Finally, extracting
a token sequence from the electronic book also ne-
cessitates to make methodological choices that can
differ from the creator’s, especially regarding text
tokenization.

For all these reasons, it is reasonable to assume
that the user possesses a slightly different token
sequence, noted X ′ = (x′1, . . . , x

′
m). In order to

get the annotations associated to these tokens, the
user must first align their tokens with the creator’s.
For this purpose, we use the same hashing method
as the creator, to produce a new sequence f(X ′) =
(f(x′1), . . . , f(x′n)). This part is represented in the
bottom part of Figure 1 (blue block). The alignment
is then performed only by comparing the hashes.

At this stage, it is crucial to stress two essential
methodological points that establish the lawfulness
of our method as discussed in Section 2.1 and Ap-
pendix A. First, the creator’s plain text is never
shared with the user: only the hashed tokens and
their corresponding annotations are. Second, our
method does not try to decrypt the tokens to

obtain creator’s plain text: it works only with the
user’s plain tokens, which must therefore be as
similar as possible to the creator’s.

3.2 Hashing

To hash the copyrighted sequence X , we process
each token using the SHA-256 cryptographic func-
tion, resulting in hashed sequence f(X). We pick
SHA-256 for its wide availability, usage and its
known robustness to inversion attempts. In prac-
tice, hashing an entire novel is near-instantaneous.

The rate of collision (cases where the hash func-
tion computes the same output for different in-
puts) of SHA-256 is, by design, extremely low.
Since an attacker can easily acquire a precom-
puted hash table with every possible word for a
specific language, it would be trivial to break such
a naive scheme. Therefore, we truncate each hash
to forcibly increase the collision rate of the hash
function. Thus, even if the attacker computes the
hash of each possible word in the vocabulary, this
only allows them to narrow down the set of possi-
ble tokens for a given hash to a set of words, but
they have no way of knowing which of these words
is the correct one.

On the user’s side, we proceed similarly and
apply the same hash function to the plain tokens
X ′ in order to produce hashed sequence f(X ′).

3.3 Naive Alignment

The next step consists in applying any alignment
algorithm between f(X) and f(X ′), through exact
matching. As a consequence, when two hashes
f(xi) and f(x′j) are matched, they are necessarily
equal. In this case, we assume that xi = x′j , allow-
ing us to determine which annotation is associated
to x′i. It is worth stressing that this assumption is
not guaranteed to be correct, since we use truncated
hashes that lead to collisions. In practice though,
we find that such alignment method is sufficiently
robust, since the context tokens disambiguate these
collisions as we show in Section 4.3.

3.4 Additional Alignment Strategies

Due to the differences between X and X ′, it is
likely that the above naive alignment method will
not be able to align all the hashes. We identify
three distinct situations:

Addition The user provides superfluous hashes
that do not correspond to any hashes in the creator’s
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sequence. As an example, this is the case of the
orange token “very” in Figure 1.

Deletion The user does not provide one or more
hashes, like the missing token “who” in Figure 1.

Substitution The user provides certain hashes
that should be aligned with some of the creator’s
hashes, but their values are different. In Figure 1,
there is a typo in the token “perceived” on the
user’s side, resulting in the token “percieved” (in
purple) causing the substitution.

In the addition case, we can safely discard the su-
perfluous user’s tokens, as there are no correspond-
ing annotations in the creator’s sequence. The dele-
tion and substitution cases are more challenging,
which is why we handle them through additional
strategies aimed at being applied after the initial
naive alignment.

propagate strategy When a creator’s hash f(xi)
cannot be matched due to a missing or substituted
user’s hash, it is possible that other tokens xj with
the same hash f(xj) = f(xi) were already aligned
with some user’s hashes at different points in the
sequence. In that case, we proceed to a vote and set
the token at position i as the majority token in the
user’s sequence. We thereby "propagate" decisions
made at the previous stage to hashes still pending
alignment. Figure 2 shows an example of applying
the propagate strategy on a deletion.
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Figure 2: An example of applying the propagate strat-
egy to retrieve a token missing on the user’s side (shown
in red), by leveraging the fact that the same hash value
(37) is matched in another location (shown in cyan).
Note that the creator’s plain text X is not available at
the alignment stage.

retokenize strategy In the case of a substitu-
tion, there is a possibility that the creator’s tokens
underwent a different tokenization compared to the
user’s. Figure 3 shows such an example, where the
creator’s tokens “runner” and “up” correspond
to the user’s token “runner-up”. To resolve this
case, we iterate through all possible splits of the
user’s token, hash them and compare them to the
creator’s hashes. If they match, we keep this split in
the user’s sequence X ′. In the reverse case where
the user’s tokens have been incorrectly split, we
merge them and compare the subsequent hash to
the aligned creator’s hash.
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Figure 3: An example of applying the retokenize strat-
egy on a substitution case (shown in purple). The corpus
creator and user perform a different tokenization, result-
ing in tokens “runner” and “up” vs. “runner-up”,
respectively. By testing all possible splits of the user’s
token, the strategy is able to recover from this error (in
cyan).

case strategy Certain substitutions are due to a
different casing between the creator’s and user’s
tokens xi and x′j . To handle this situation, we try
different casing options c() for x′j and recompute
its hash. If f(c(x′j)) matches f(xi), we align xi
with c(x′j) in the user’s sequence.

mlm strategy When a token is missing in the
user’s sequence (either because of a deletion or a
substitution), we leverage the textual context avail-
able on the user’s side and try to estimate this token
using masked language modeling (MLM). We in-
sert a [MASK] token at the concerned position in
X ′, and use a pretrained model to predict the most
likely word. If its hash matches the creator’s hash
f(xi), we keep the word in X ′.

46333



pipe meta-strategy We combine the above
strategies within the pipe meta-strategy, where we
sequentially apply them in a predefined order to try
and fix multiple classes of sequence differences.

The above strategies are language-agnostic, ex-
cept for case, which only makes sense for scripts
with a concept of letter case, such as the Latin
script; and mlm, which necessitates to have a trained
model that supports the language of interest. It
is important to stress that these strategies do not
aim at aligning the user’s text at any cost. If this
text is too different from the creator’s, the method
should fail: trying to reconstruct the creator’s text
with MLM would go against international copy-
right laws. Our proposed strategies implement a
tradeoff between, on the one hand, robustness to
minor differences in the user’s text, and, on the
other hand, being copyright-compliant.

4 Experiments

We now perform alignment experiments on real
novels to validate the effectiveness of our method.

4.1 Corpus

Our corpus is based on three public domain novels:
Mary Shelley’s Frankenstein, Herman Melville’s
Moby Dick and Jane Austen’s Pride and Prejudice.
For each one, we gather three editions. We con-
sider the earliest one as the creator’s edition, used
to produce the annotated token sequence of the
corpus creator, while both remaining editions are
alternative user’s editions. Among the latter, one
is commonly considered as close to the creator’s
edition, whereas the other is more distant. We
hypothesize that a closer edition should allow for
better alignment performance. We provide more
information on the exact sources we use for each
edition in Appendix B.

Frankenstein The first edition was first published
in 1818 (F-1818, creator’s). A later 1823 edition
(F-1823, close) came with minor changes, and re-
mains close to the original. Meanwhile, the 1831
edition (F-1831, distant) is a version of the novel
revised by its author, with many significant differ-
ences: for example, the original first chapter was
expanded and split in two.

Moby Dick This novel was originally published
in 1851 both in the USA (MD-1851-US, creator’s)
and the UK (MD-1851-UK, distant). These editions
differ significantly from one another though, as

the UK edition was censored and modified heavily
and independently by its editor, which led for ex-
ample to the removal of Chapter 25. Additionally,
although the reason for that change is unknown, the
epilogue is also missing in this version, changing
the end of story. Finally, we also include the 1988
Northwestern-Newberry edition (MD-1988, close),
which is closer to the original US edition.

Pride and Prejudice By contrast, this novel had
a simpler editorial life, its later editions only differ-
ing in small changes such as modernized spelling.
The first edition came in 1813 (PP-1813, creator’s),
and the second one in 1817 (PP-1817, close).
We also include the later 1894 illustrated edition
(PP-1894, distant).

In addition to these novels, we also experiment
on other text domains (web and news) in Ap-
pendix E.

4.2 Setup
In all of our experiments, we use the enhanced ver-
sion of the gestalt pattern matching alignment algo-
rithm (Ratcliff and Metzener, 1988) implemented
by the difflib module in the Python standard li-
brary. Since the algorithm is quadratic in time for
the worst case scenario, we optimize its runtime by
aligning novels in our corpus chapter by chapter.
We deem this optimization acceptable as it is un-
likely that tokens should be aligned across chapters.
We only apply this optimization when the number
of chapters is the same between the creator’s and
user’s novels, otherwise we align directly on the
entire content (F-1831, MD-1851-UK).

We use the ModernBERT-base model (Warner
et al., 2025) for the mlm strategy, with a win-
dow size of 32 (see Appendix G.1 for details).
For the pipe meta-strategy, we use the sequence
retokenize, mlm, case, propagate. This or-
der prioritizes high-precision strategies (see Ap-
pendix G.2 for details).

4.3 Effect of Truncated Hash Length
We first study the effect of the length of our trun-
cated hash on performance and security. For each
novel, we hash the creator’s, close and distant edi-
tions, and align the resulting hashes with our pro-
posed method. Lowering the length of the hash
creates more collisions, improving security but also
increasing the risk of errors as aligning tokens is
more difficult and some alignment strategies may
be impacted.
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Figure 4 shows the mean number of collisions
per token in our corpus depending on hash length.
Given this figure, values 1 (1907.06 collisions per
token), 2 (118.25) or 3 (6.45) appear as appropriate
candidates. In these cases, on average, a potential
attacker has to choose between multiple token pos-
sibilities, but has no way of confirming that their
choice is correct without access to the original data.
For longer hashes, the number of collisions is close
to 0, which we deem not secure enough.
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Figure 5: Mean percentage of errors across editions as
a function of hash length ({1, 2, 3, 4, 64}) for different
alignment strategies

To choose the best hash length, we have to ob-
serve its impact on alignment performance. We do
so by performing our experiment with hash lengths
in {1, 2, 3, 4, 64}. Figure 5 shows the mean per-
centage of token alignment errors across editions.
Decreasing the hash length increases the number of
errors for all strategies, highlighting the necessary
tradeoff between security and alignment reliability.
Additionally, we also observe that some alignment
strategies are more sensitive to hash length than
others. The propagate strategy is particularly vul-
nerable to truncation, as it may propagate errors
rather than correctly align tokens. On the other end
of the spectrum, the case and mlm strategies are
less sensitive. For the rest of the experiments, we

present results with a hash length of 2 as a tradeoff
between security and alignment performance.

4.4 Results Per Edition

In the ideal case, we would expect the user to own
exactly the same plain text as the creator, i.e. the
same edition of the novel. However, here we con-
sider a more difficult situation, where the user owns
a different edition (close, distant) compared to the
creator. We compare the impact of our proposed
alignment strategies by recording the number of
incorrectly aligned tokens, and plot our results in
Figure 6. As a practical illustration, we also ap-
ply our alignment method to NER in Appendix F,
where it is able to align 96.48% of entities.

Frankenstein Moby Dick Pride and Prejudice

F-1823

F-1831

MD-1851-UK

PP-1817

PP-1894

0.0%

1.0%

2.0%

3.0%

4.0%

5.0%

6.0%

7.0%

8.0%
P
er

ce
n
ta

ge
of

er
ro

rs

naive

case

retokenize

mlm

propagate

pipe

MD-1988

Figure 6: Percentage of misaligned tokens depending on
the strategy and user’s edition. For each novel, the user’s
edition which is the closest to the creator’s is shown on
the left (green name), whereas the most distant edition
is on the right (red name).

Overall, we observe that all of our alignment
strategies successfully reduce the original number
of errors compared to the naive alignment. The
case and retokenize strategies are the least effec-
tive. Meanwhile, the mlm and propagate strategies
obtain better results. Meta-strategy pipe outper-
forms all of the singular strategies, confirming the
interest of combining them.

As we hypothesized earlier, the alignment per-
formance strongly depends on the proximity of the
user’s edition to the original text. Using the close
editions and the best strategy results in a percentage
of errors that does not exceed 1.3%. Meanwhile,
using the reworked 1831 edition of Frankenstein,
the censored UK edition of Moby Dick or the mod-
ernized 1894 edition of Pride and Prejudice yield
substantially more errors. These results emphasize
the need for the user to have a version of the data
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Figure 7: Percentage of alignment errors as a function of the ratio of synthetic errors added.

that is as close as possible to the original text.
Not all strategies are equal when it comes to run-

time, as we show in Appendix C. mlm and pipe in
particular are costly, and can bring the alignment
time up to the hour in the worst cases. Other strate-
gies most often stay under a 10 seconds runtime.

4.5 Synthetic Errors

To better understand the effect of different possible
degradations in the user’s sequence and the impact
of our additional alignment strategies, we add syn-
thetic errors to the creator’s edition of our corpus,
creating a new synthetic user’s edition, and to mea-
sure the impact it has on the performance of our
alignment system. We experiment with six types
of synthetic errors:

add We sample tokens from a dictionary, using
their frequency in the considered novel, and add
them to a uniformly sampled position in the text.

substitute We sample tokens as in add, but re-
place them by others instead of adding new ones.

delete We remove uniformly sampled tokens.

tokens_split We simulate tokenization errors,
splitting uniformly sampled tokens.

tokens_merge We simulate tokenization errors
by merging uniformly sampled consecutive tokens.

ocr_scramble We simulate realistic OCR issues
using the scrambledtext library (Bourne, 2025).

For all of these types of errors except
ocr_scramble, we produce l × r errors, with l
the length of the text and r a ratio between 0 and 1.
In practice, we consider error ratios from 0 to 0.2
for completeness, but we find large ratios unrealis-
tic: counting additions, deletions and substitutions
at the same time, we found the biggest ratio be-
tween novels of our corpus to be around 0.035.
Regarding OCR errors, the scrambledtext library
allows setting a target word error rate (WER) and
a character error rate (CER). We survey the fol-
lowing (WER, CER) pairs: {(0, 0), (0.1, 0.025),
(0.2, 0.05), (0.3, 0.075), (0.4, 0.10), (0.5, 0.15),
(0.6, 0.175)} following values presented by Bourne
(2025) on the CA (Bourne, 2024), SMH (Ever-
shed and Fitch, 2014) and BLN600 (Booth et al.,
2024) datasets. Note that OCR error levels beyond
(0.2, 0.05) correspond to heavy, difficult to recover
levels of errors. We present examples of OCR error
levels in Appendix D.

Figure 7 shows our results, leading to several
observations. First, we are always able to fully
align annotations when the user’s text is identical
to the creator’s. We also note that the pipe meta-
strategy outperforms other strategies in all cases,
highlighting the interest of combining them. The
retokenize strategy is very effective in case of to-
ken splitting or merging, but its performance is very
weak in other settings, making it a specialized strat-
egy for tokenization issues. mlm and propagate

appear to be the best performing single strategies.
Finally, we observe that adding new tokens with
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add errors only has a very weak impact on the
number of errors compared to other types of errors.
Heavy levels of OCR errors are difficult to recover
from, but our method stays relatively successful
even for moderate levels of errors (6.66% of errors
using the pipe strategy for a (WER, CER) pair of
(0.2, 0.05)).

5 Conclusion

In this article, we presented a method to let a cor-
pus creator legally share their annotations of copy-
righted texts, provided the user of the corpus is in
possession of this material. Our method supports
more cases than covered by existing practices, such
as situations where copyrighted works are not di-
rectly available online, preventing the user to ac-
cess the exact same version of the data. Section 4.5
shows that our method is always able to fully align
annotations when the user’s content is identical to
the creator’s. Furthermore, our experiments in Sec-
tion 4.4 show that the alignment is successful even
if the user owns a different (but sufficiently close)
version of the material, as we reach a percentage of
errors between 0.21% and 1.3% in that case. The
number of errors, however, increases as the user’s
content diverges from the corpus creator’s. This
stems from our need to balance alignment perfor-
mance and security, as an attacker with completely
different data must not be able to access the cor-
pus for our method to respect copyright. This also
highlights the importance for the creator to provide
to the user as much information as possible about
the corpus (such as novel editions for literary text),
to ease alignment.

As an illustration, we applied our alignment
method to NER in Appendix F. We expect that
our sharing scheme can be applied for other types
of tasks with token-level annotations such as POS
tagging, coreference resolution, chunking or slot
filling. Conceptually, annotations of non textual
corpora may also be shared through adaptation of
our technique, provided the target tasks can be for-
malized at the token level. We leave to future work
the extension of our method to these different tasks
and domains.

In this work, we limited ourselves to traditional
tokenization schemess. Intuitively, we think there
is potential for exploration, as certain types of
errors may be easier to recover with different
schemes. For example, OCR errors or misspellings
may be easier to recover when using sub-word tok-

enization, as alignment errors would be limited to
sub-words instead of entire words.

Limitations

The severity of alignment errors is task-dependent:
certain errors may be more important depending
on the application context. We present additional
results on NER in Appendix F, but it is not feasible
to study the impact of errors for all possible tasks.

Our alignment method could be adapted and ap-
plied to other sequential corpora. However, some
of the additional alignment strategies we present
are specific to natural language corpora and cannot
be applied directly to other tasks. The retokenize
strategy, for example, relies on the necessity to to-
kenize text for NLP tasks. The case strategy is
limited to natural language. Masked language mod-
eling could be applied to other tasks, but one needs
an appropriately pretrained model to do so.
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A Legal Aspects

Legal Framework. The international baseline
for the protection of copyrighted literary works
is set by the Berne Convention for the Protection
of Literary and Artistic Works2. In particular, it
forbids their unauthorized reproduction, in whole
or in part (Article 9), and their communication to
the public (Articles 11 & 11bis).

Under directive 2001/29/EC3, European Union
law forbids the direct or indirect unauthorized re-
production of copyrighted works or substantial
parts thereof (Article 2), and their unauthorized

2
https://www.wipo.int/wipolex/en/text/283698

3
https://eur-lex.europa.eu/eli/dir/2001/29/oj/

eng

communication to the public (Article 3). Further-
more, the Court of Justice of the European Union
(CJEU) emphasizes that any use containing recog-
nizable expression is prohibited (Infopaq C-5/084,
Pelham C-476/17 5). US copyright law (Copyright
Act, Title 17 U.S.C.6 also forbids reproducing or
copying these works (§106(1)) or distributing them
(§106(3), §106(4)) without authorization.

In the UK, the Copyright, Designs and Patents
Act7 (CDPA) similarly forbids copying or repro-
ducing these works or substantial parts (ss. 16–17
CDPA), and issuing copies to the public (s.18
CDPA). Other common law countries and major ju-
risdictions apply the same rules. As a consequence,
sharing the original literary text, even partially and
even digitally, is in principle forbidden. Whether
sharing excerpts of literary works for research pur-
pose (as done by (Dekker et al., 2019; Zhao et al.,
2025)) constitutes fair use is another debate, which
we do not discuss here: we are only interested in
sharing fully annotated works.

Sharing Plain Annotations. Our method does
not involve sharing directly any copyrighted ma-
terial, but 1) a hashed version of the original text,
and 2) the associated annotations authored by the
researchers creating the corpus. These annotations
are shared in plain text, but they are technical data,
and not part of the original literary work. Put differ-
ently, they are distinct from the expressive content
of the literary work (i.e. its actual words, narrative
voice, the author’s stylistic choices). As such, they
are not protected by the laws mentioned before.

In the EU, directive (EU) 2019/7908 states that
analytical outputs and metadata are legally distinct
from the protected works themselves, and explicitly
permits research mining for non-expressive results
(Articles 3 & 4), even of copyrighted works, pro-
vided outputs are non-substitutive (i.e. the original
text cannot be recovered based on these data). In
the USA, courts recognize that uses which do not
communicate the expressive content and are trans-
formative or functional can be fair use (17 U.S.C.
§107). For instance, case Authors Guild v. Google9,
804 F.3d 202 (2d Cir. 2015) concluded that Google

4
https://ipcuria.eu/case?reference=C-5/08

5
https://ipcuria.eu/case?reference=C-476/17

6
https://www.copyright.gov/title17/

7
https://www.legislation.gov.uk/ukpga/1988/48/

contents
8
https://eur-lex.europa.eu/eli/dir/2019/790/

oj/eng
9
https://www.copyright.gov/fair-use/summaries/

authorsguild-google-2dcir2015.pdf
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Books’ scanning for indexing and search was illus-
trative of non-expressive fair use.

In the UK, non-expressive computational uses
of lawfully accessed works are permitted (ss.29A,
29B CDPA), including sharing outputs that do not
contain readable or recognizable parts of the work.
Other major jurisdictions implement similar rules
regarding the technical data extracted from literary
text.

Sharing Hashed Tokens. Let us now focus on
the hashed tokens of the copyrighted text. The
original text is never shared, reproduced, or com-
municated as part of the corpus. Instead, each
token of the source text is transformed using a non-
reversible cryptographic hashing function. Only
these hashed identifiers (together with the linguis-
tic annotations produced by the researchers), are
disseminated. The resulting corpus contains no
readable text, no identifiable excerpts, and no in-
formation allowing access to or reconstruction of
the original works. The corpus is unusable without
prior access to the original text: the user must in-
dependently possess the work, and has to locally
apply the same hashing procedure in order to align
the annotations with their own plain text. As a con-
sequence, there is no reproduction of the protected
text, no communication of the original work to the
public, and no creation of derivative works.

In the Berne Convention, reproduction (Arti-
cle 9), communication (Articles 11 & 11bis), and
adaptation (Article 12) only apply to recognizable
expression: token hashes do not convey the ex-
pression of the novel, they are non-recognizable
technical identifiers. The same reasoning applies
to EU law, as without possession of the original
work, the hashes are useless. CJEU cases (Infopaq
C-5/08, Pelham C-476/17) require that identifiable
expression is reproduced for infringement: hashes
do not meet this criterion. US and UK laws sim-
ilarly do not consider hashes as reproductions or
distribution of expressive content.

Reliability of the Hashing. Based on these obser-
vations, a question arises: what about the reliability
of the hashing scheme? International copyright law
does not require absolute, information-theoretic ir-
reversibility, but rather focuses on whether the ma-
terial shared by the corpus’ creator objectively com-
municates expressive content or makes it reason-
ably accessible to the public. If reversing the hashes
would require disproportionate technical effort, the
corpus would still be treated as non-expressive un-

der all major jurisdictions. As a consequence, there
is no statutory minimum security level to be im-
plemented in our hashing scheme, but there is a
standard of practical non-reconstructability. This is
the reason why our method lets the creator control
the length of the hashes, which directly impacts the
vulnerability of the hashing scheme to attacks.

The strategies that we propose in Section 3.4
to improve the robustness of our method against
misalignment issues weaken this argument, though.
Indeed, they could be used to facilitate the recon-
struction of the original text without access to this
text, at least in theory. However, we must stress
that this is not feasible in practice, as these strate-
gies are just ancillary mechanisms that require the
user to have access to a text extremely similar to
the original content. Strategy propagate has the
strongest effect on misaligned hashes (cf. Figure 6),
but it is limited to tokens that are already known by
the user. Strategies retokenize and case have a
very marginal effect, and require the user to have
access to the original text, even if incorrectly tok-
enized or capitalized. Strategy mlm has a slightly
stronger effect, but it provides no guarantee that the
MLM-generated token is the same as in the origi-
nal text. Moreover, it is efficient only if the textual
context of the missing token is known by the user,
which therefore still has to prove they have access
to the original material. In practice, as shown by
our experimental results, even when dealing with
two distinct editions of the same novel, we obtain
up to 8 % incorrect tokens (cf. Section 4.4). Apply-
ing our method from scratch, without possessing
a very similar version of the original text, leads
to some content very different from the targeted
literary work. In conclusion, we think that our
method minimizes legal risk related to copyright
infringement, and is aligned with best practices
for responsible data sharing in natural language
processing research.

B Corpus Details

Table 1 indicates where we obtained each novel
edition used in our experiments. For all editions
of Frankenstein, we obtain the text through the
Frankenstein Variorum website.

In the case of Moby Dick, we obtain the text
of the U.S. edition through Wikisource. Since we
were unable to find a digital edition of the original
U.K. edition, we use Deepseek-OCR (Wei et al.,
2025) to extract text from the book images hosted
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at the Melville Electronic Library.
For Pride and Prejudice, we use Wikisource for

both the first (PP-1813) and second (PP-1817) edi-
tions in our experiments. We include the PP-1894

edition through project Gutenberg. Since this ver-
sion is illustrated, the raw project Gutenberg text
contain descriptions of the included illustration: we
manually remove these as a preprocessing step.

C Alignment Runtime

In this section, we present more details on the run-
time of alignment in our Section 4.4 inter-edition
experiments. As can be seen in Figure 8, the mlm

strategy is largely the most expensive, with a run-
time that can go close to 3 hours for the very dis-
tant UK edition of Moby Dick. The pipe strategy
is close to the runtime of mlm, since it includes it.
Meanwhile, other strategies do not break the 10
seconds barrier, except for the UK edition of Moby
Dick where the runtime is comprised between 1
and 2 minutes.

100

101

102

103

104

D
u
ra

ti
on

in
se

co
n
d
s 

(l
og

)

mlm

pipe

propagate

retokenize

naive

case

Frankenstein Moby Dick Pride and Prejudice

F-1823

F-1831

MD-1851-UK

PP-1817

PP-1894
MD-1988

Figure 8: Duration of alignment depending on the strat-
egy and user edition, in seconds.

D Synthetic OCR Errors

During our experiments with synthetic errors, we
survey different levels of OCR errors by exper-
imenting with the following (WER, CER) pairs:
{(0, 0), (0.1, 0.025), (0.2, 0.05), (0.3, 0.075),
(0.4, 0.10), (0.5, 0.15), (0.6, 0.175)}. We present
an example of applying these different levels of
OCR errors in Table 2. We empirically observe
that errors beyond (0.2, 0.05) (WER, CER) cor-
respond to heavy OCR errors that are difficult to
recover from.

E Results on Other Domains

To ensure that our technique is applicable to do-
mains other than literary texts, we perform addi-
tional experiments on known NLP corpora: CoNLL
2003 (Tjong Kim Sang and De Meulder, 2003) for
the newswire domain and WNUT 2017 (Derczyn-
ski et al., 2017) for the web domain. Since different
versions of these datasets do not exist (as is the case
with different editions of novels), we retorts to cre-
ating degraded versions of documents via synthetic
errors and observing their effect on alignment per-
formance as in Section 4.5.

We plot the results of these experiments in Fig-
ure 9 (CoNLL 2003) and Figure 10 (WNUT 2017).
For both of these datasets, we observe lower er-
rors across the boards. This is at least partially
due to the facts that these datasets are divided into
examples that are smaller than chapters, facilitat-
ing alignment. The relative comparison between
strategies yield similar results than on our corpus of
novels, showing their mechanisms are not affected
by text domain.

F Task-Specific Alignment Results

In the main text, we present results as a number of
alignment errors. However, the severity of errors
is task-dependent, as certain tokens may be more
important as others. While it is not realistic to ex-
plore the impact of errors on every possible task, in
this section we present additional results on NER.

To estimate the impact of alignment errors on
NER, we use the NER-annotated version of Moby
Dick from the Novelties corpus (Amalvy and La-
batut, 2024) as the source version. We use the
MD-1988 edition of Moby Dick, as it is the closest
from the Novelties version. We use a strict defini-
tion of the notion of error: if a single token from
an entity was not aligned, we consider the entire
entity as non-aligned. We obtain a percentage of
errors of 0.82% with our best strategy pipe, indi-
cating that we are able to recover most of the text.
However, we note a percentage of errors on entities
of 3.52%. While this is partially due to our strict
definition of the notion of errors (a more lenient
definition where the entire entity must be lost to be
considered an error yields 2.93% of errors), it also
highlights that entity tokens are harder to align.

In order to extend our analysis to other domains,
we also present results on the CoNLL 2003 (news)
and WNUT 2017 (web) NER datasets in Figure 11.
For both of these datasets, we see that entities are

46341

https://github.com/performant-software/mel-website/tree/master/images
https://en.wikisource.org/wiki/Pride_and_Prejudice_(1813)
https://en.wikisource.org/wiki/Pride_and_Prejudice_(1817)
https://www.gutenberg.org/ebooks/1342


0.0 0.04 0.08 0.12 0.16
Ratio of syntethic errors

0.0%

0.0%

0.0%

0.1%

P
er
ce
n
ta
ge

of
er
ro
rs

add

case

naive

pipe

mlm

retokenize

propagate

0.0 0.04 0.08 0.12 0.16
Ratio of syntethic errors

0.0%

5.0%

10.0%

15.0%

P
er
ce
n
ta
ge

of
er
ro
rs

delete

case

naive

pipe

mlm

retokenize

propagate

(0.0,0.0) (0.2,0.05) (0.4,0.1) (0.6,0.175)
(WER,CER)

0.0%

10.0%

20.0%

30.0%

40.0%

50.0%

P
er
ce
n
ta
ge

of
er
ro
rs

ocr_scramble

case

naive

pipe

mlm

retokenize

propagate

0.0 0.04 0.08 0.12 0.16
Ratio of syntethic errors

0.0%

2.5%

5.0%

7.5%

10.0%

12.5%

P
er
ce
n
ta
ge

of
er
ro
rs

substitute

case

naive

pipe

mlm

retokenize

propagate

0.0 0.04 0.08 0.12 0.16
Ratio of syntethic errors

0.0%

10.0%

20.0%

P
er
ce
n
ta
ge

of
er
ro
rs

token_merge

case

naive

pipe

mlm

retokenize

propagate

0.0 0.04 0.08 0.12 0.16
Ratio of syntethic errors

0.0%

2.5%

5.0%

7.5%

10.0%

P
er
ce
n
ta
ge

of
er
ro
rs

token_split

case

naive

pipe

mlm

retokenize

propagate

Figure 9: Percentage of alignment errors as a function of the ratio of synthetic errors added to the CoNLL 2003
dataset.
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Figure 10: Percentage of alignment errors as a function of the ratio of synthetic errors added to the WNUT 2017
dataset.
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Novel Edition Source Type Source Identifier
F-1818 URL https://github.com/FrankensteinVariorum/fv-data/

blob/master/preliminary-edition-data/1818_full_

prelim.xml

F-1823 URL https://github.com/FrankensteinVariorum/fv-data/

blob/master/preliminary-edition-data/1823_full_

prelim.xml

F-1831 URL https://github.com/FrankensteinVariorum/fv-data/

blob/master/preliminary-edition-data/1831_full_

prelim.xml

MD-1851-US URL https://en.wikisource.org/wiki/Moby-Dick_(1851)_US_

edition

MD-1851-UK URL https://github.com/performant-software/mel-website/

tree/master/images/md-british-v1

https://github.com/performant-software/mel-website/

tree/master/images/md-british-v2

https://github.com/performant-software/mel-website/

tree/master/images/md-british-v3

MD-1988 ISBN 9780810102699

PP-1813 URL https://en.wikisource.org/wiki/Pride_and_Prejudice_

(1813)

PP-1817 URL https://en.wikisource.org/wiki/Pride_and_Prejudice_

(1817)

PP-1894 URL https://www.gutenberg.org/ebooks/1342

Table 1: Source from which we obtained each edition of our novels (Frankenstein, Moby Dick, Pride and Prejudice).

generally more difficult to align than regular tokens.
While Figure 11 shows our strict metric, we also
generally note that behaviour with its more lenient
version. We notice the biggest differences with the
ocr_scramble, delete and substitute types of
errors.

G Optimal Parameters of Alignment
Strategies

G.1 Masked Language Modeling Context
Window Size

In this section, we study the impact of the con-
text window size on the performance of mlm, our
masked language modeling alignment strategy (cf.
Section 3.4).

Figure 12 shows the performance of our mlm

alignment strategy on our editions experiments
from Section 4.4. We observe that a window size
of 32 tokens generally better results for all but one
edition. Beyond that, increasing window size seem
to monotonically increase the number of errors.

G.2 Order of Strategies in the pipe

Meta-strategy
The position of each strategy in the pipe meta-
strategy influences performance. When a strategy
corrects an alignment error, it will not be corrected
further by the following strategies. Therefore, it is
advantageous to place high precision strategies first
in the pipeline. In the main text, we only report re-
sults with the best order we found for the pipe strat-
egy. Figure 13 shows false positives recorded dur-
ing our edition experiments of Section 4.4 for each
strategy. Interestingly, even though it is one of the
best performing strategy, we notice that the prop-
agate strategy has the lowest precision by far. By
decreasing order of precision, we determine that the
best ordering for the pipe strategy is retokenize,
mlm, case, propagate.
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Target (WER, CER) Text
(0.0, 0.0) Our methods may seem strange and indirect. Even incomprehensible.

But I assure you we know what we’re doing.
(0.1, 0.025) Our methods may seem strange an hindirect. Even incomprehensible.

But I assure you weknow what we’re doing.
(0.2, 0.05) Our methods may seem strange and indirect. Even incomprdhensible.i

But I assure you we know what we’re doing.
(0.3, 0.075) ODurmethods may seem strange and indirect. Even incomprehensible.

But 4 assure you weknow whadr we’re dleing..
(0.4, 0.1) Our methods sylseem -tsangs ’end indirect. E,ven’ incomprehensible.

But n assure yeu we now-what we’re doing.
(0.5, 0.15) Our methlods mna.yseem stbreoe anid indirect. Evei dnómtorohentsiblo.

But I assure you weknow what we’re"" doing.
(0.6, 0.175) oure mleottodls may seem str. . ngo and idErect,., Evenincomprehensible.

But )I dassure o.n we know vla we’re dloing.

Table 2: Different levels of OCR errors applied to an example text from Philip K. Dick “Adjustment Team”.

Figure 11: Percentage of alignment errors as a function of synthetic errors added to the CoNLL 2003 and WNUT
2017 datasets. We differentiate between the percentage of errors on all tokens and on entities. Only the pipe

strategy is represented.

46344



0.0%

1.0%

2.0%

3.0%

4.0%

5.0%

6.0%

7.0%

8.0%

P
er

ce
n
ta

g
e

o
f
er

ro
rs

Frankenstein Moby Dick Pride and Prejudice

F-1823

F-1831

PP-1817

PP-1894MD-1988

16

Context Window Size

32

64

128

MD-1851-UK
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Figure 13: Number of false positives using different
strategies pipe, depending on user edition.
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