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Abstract—The capabilities of modern language models are
expanding the questions that computational history can pose. In
this position paper we argue for a research program organized
as a progression of increasingly semantic forms of text reuse,
moving from surface-level lexical matching, through cross-lingual
translation mining, toward the indirect forms of engagement
through which ideas are actually transformed. We briefly review
the state of the art at each step of this progression, and identify
the open frontier, the least direct kinds of engagement. We
argue that recognizing such indirect text reuse requires encoder
models that move beyond paraphrase, and that historians should
contribute to the development of such models. The research
program is a case study in fruitful two-directional collaboration:
Al enables new history research, whose demands in turn can
shape new Al

I. INTRODUCTION

S the capabilities of large language models increase, so
does the range of research questions that computational
methods can address. Tasks that were until recently impossible
have been addressed with the combination of state of the art AI
methodology and high performance computing (HPC). Taking
this shift as our premise, in this position paper we outline
a research program for computational intellectual history that
the current generation of language models makes feasible.
The program is organized around fext reuse, treated not as
a single recognition task but as a graded phenomenon. At one
extreme is surface reuse: a passage copied, reprinted, or quoted
nearly verbatim. At the other is the form of engagement that is
central to intellectual history, in which an author engages with
an argument, restates it in a different vocabulary or another
language, or argues against it, often without explicitly naming
its source. These extremes are connected by a continuum of
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types of text reuse, each requiring a distinct computational
treatment. We structure the program along this continuum,
in order of increasing semantic distance: reuse, translation,
meaning, reception, and interpretation.

[I. FORMS OF TEXT REUSE IN HISTORICAL LITERATURE

We arrange the forms of text reuse along a single axis
ranging from lexical overlap to semantic similarity (Figure 1).
At the lexical end, two passages are related if they share
surface form, that is, the same words. At the semantic end, two
passages are related if they express or engage with the same
historically situated idea, possibly with no shared vocabulary.
By “idea” we mean not an abstract philosophical concept, but
a claim or argument articulated in a particular textual form.

The first category concerns artefacts of the text itself, such
as OCR errors and imprint information, which characterize
how a book was digitized rather than its content. It is followed
by reprints, ranging from partial reprints to new editions, and
by quotations and extensive reuse, which span near-verbatim
borrowing, exact quotation, and second-hand quotation drawn
from an intermediary. Computationally, these categories re-
main a matter of identifying shared character sequences. The
right half of the axis is where reuse cannot be reduced to
character matching. Allusion references ideas, themes, or argu-
ments without directly reproducing them. Paraphrasing restates
a claim in new words, from light paraphrase to thorough
reformulation. Translation mining covers cross-lingual reuse,
including full and partial translation as well as cross-lingual
paraphrase. Meaning match denotes shared ideas with no
textual overlap, and commentary adds discussion, evaluation,
or critique to a borrowed idea.
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Fig. 1. Conceptualizing text reuse and semantic similarity.

The consequence is methodological. The further on the
spectrum a phenomenon lies, the more the analysis must
operate on models of meaning. The remainder of this paper
proceeds along this axis and reports the state of the methods
at each step.

III. OPERATIONALIZING THE PROGRAM

This section summarizes both our own work and that of
others at the successive steps of the program, and indicates
where the current frontier lies.

A. Lexical reuse

At the lexical end the problems are well understood, and
dominated by three challenges. The first is OCR noise: large
historical collections are produced by scanning and automatic
transcription, and the resulting text contains levels of noise
that defeat naive string matching. The second is scale, as the
collections of interest contain hundreds of thousands of works
and billions of words. The third is that the unit of reuse is
not known in advance. A borrowing may be a sentence, a
paragraph, or a loosely bounded passage, and a method must
recover both the existence of a match and its extent.

Two families of methods address these problems. The first
adapts sequence-search techniques from bioinformatics, which
were developed specifically for fuzzy matching in very large
character-sequence databases. Because even distant overlap
is meaningful in bioinformatics applications, these tools can
operate even under severe OCR noise. Our work builds on the
BLAST tool [1], [2], which can extract matches such as the
pair illustrated in Figure 2. The second family relies on n-gram
overlap and shingling, either character- or word-based. Less
resilient to extreme OCR noise but computationally lighter
than BLAST, such methods have featured in recent work on

text reuse [3] and are exemplified by the passim system [4]
and the TextPAIR tool [5]. Both families produce the same
output: a network of passages that recur across a collection.
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fin, the worHd, :,:i( tli (tci; ;il a tio conltiiiie CihrlC’
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Fig. 2. Text reuse identified among 33M pages of text by the BLAST approach
despite severe OCR noise.

A mature, historian-facing tool arising from the work on
large-scale text reuse is the Reception Reader [7]. It is built
on the text reuse network computed across Early English
Books Online and Eighteenth Century Collections Online,
which covers on the order of 200K early modern works
comprising 33M pages, and it supports three functions: a
visual overview of the reception of a chosen work over
time through its incoming connections, an interactive survey
of the connected documents, and a close reading view that
presents each reused passage in its original context. The tool
has been applied in substantive historical studies, including
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Fig. 3. Segment-by-segment similarity matrix for a pair of works in a translation relation. The diagonal trace marks segments that are mutually more similar
than average and occur in the same order, the signal the translation mining pipeline detects. Figure: [6]

a reassessment of the reception of Hume’s Essays and a
comparative analysis of Mandeville’s works bearing on long-
standing questions of authorship attribution [8], [9]. For direct
reuse, the computational problem is therefore well addressed,
and the open questions concern interpretation and interface.

OCR quality remains a constraint on any work with dig-
itized historical texts, and warrants focused treatment. Given
the field’s rapid methodological progress, the obvious solution
would be to re-OCR with the latest tools. But because the
collections comprise tens of millions of pages, and high-
resolution scans are often not openly available, this is not
always possible. In recent work we applied open-weight large
language models to post-correct OCR output on historical
English and Finnish material [10]. The corrected English text
improved on every measure considered except the preservation
of period spelling, whereas for Finnish no practically useful
level of correction was achieved. These results suggest that
data quality can be improved, especially for search and re-
trieval, without re-OCRing.

B. Modeling meaning

Lexical methods are valuable but impose a strict limit on
what can be traced in intellectual history, because engagement
with an idea is only rarely expressed as direct quotation.
More often, the idea is paraphrased, summarised, simplified,
embedded in a wider argument, or rebutted by an opponent,
none of which provides enough signal for a string-matching
method to register the connection.

Two challenges arise on this side of the axis. The first is
paraphrase, in which a claim is preserved under a complete
change of wording. The second, which breaks lexical methods
most decisively, is language. When an idea crosses a linguistic
boundary it is translated, and a translation shares essentially
no characters with its source, so methods based on shared
strings do not apply. This motivates the use of cross-lingual

encoder models, such as the Sentence Transformer [11]. An
encoder maps a passage to a vector such that passages of
similar meaning are close in the vector space, independently
of language, so that similarity becomes a geometric rather than
a lexical quantity.

Our translation mining work demonstrates how far this
approach can be taken with appropriate engineering [6]. Com-
paring the English works in ECCO against the French works
in Gallica, roughly 206,000 and 287,000 works respectively,
amounts to hundreds of millions of text segments per side
and on the order of 10'7 segment-level comparisons. We
avoid this exhaustive computation with the FAISS vector
search library [12], which prunes most of the search space.
What distinguishes translation from chance is geometric: for
two works in a translation relation, the matrix of segment-
by-segment similarities contains a diagonal trace, the same
content expressed in the same order (Figure 3). We detect
this trace using the progressive Hough transform [13]. The
arrangement of the diagonals is itself informative, as different
types of translation, from faithful to partial and rearranged,
produce distinct patterns. By plotting the detected diagonals,
encoding them with a vision encoder, and clustering the
embeddings, the question of what constitutes a translation can
be addressed empirically rather than by stipulation, deriving
the definition from the data and relating it to historical context.

A second application of semantic modeling, this time mostly
within a single language, traces the reception of John Locke
through semantic search over the ECCO corpus [14]. Here
paraphrase and meaning match exceed verbatim lexical reuse
by more than an order of magnitude. The method captures
reception inaccessible to lexical search, such as Locke’s phi-
losophy of mind simplified for an educational manual, and
follows an idea as it moves between genres and registers
of difficulty. Whereas lexical search around a given passage
recovered mainly Locke quoting himself, semantic search
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revealed a dense network of engagement involving figures such
as Berkeley, Boyle, Hume, and Voltaire, reception present in
the corpus but invisible to lexical methods.

The remaining steps of the program, allusion and com-
mentary, are the least direct forms of text reuse and remain
open. Our working hypothesis is that current state-of-the-
art generative LLMs can interpret these relations reliably for
a single pair of passages but, as in the translation mining
case, cannot do so across a full corpus. Closing this gap
requires encoders that model relations well beyond translation
and paraphrase, so as to identify suitable candidate pairs for
an LLM to interpret. Present-day encoders are trained on
a mixture of tasks and respond to an averaged notion of
similarity; a prompt appended to the query is meant to indicate
the relevant relation, but this conditioning is not yet reliable.
New training methods will be needed for encoders that can
assign high similarity to, for instance, a passage and one that
argues against or otherwise comments on it, enabling detection
of qualitatively new forms of engagement at scale. This is an
algorithmic problem on the model side and a data problem as
well, one for which historians are well positioned to supply
the examples that define these harder relations.

IV. CONCLUSION

Advanced methods have already opened research directions
that were previously inaccessible. The Locke study, the OCR
post-correction experiments, the Reception Reader, and the
translation mining pipeline each extend what can be observed
in a large historical corpus, and together they cover the
program from surface reuse through cross-lingual translation
to the first forms of modeled meaning. The remaining steps,
the indirect and contested forms of engagement through which
ideas are transformed, are not yet tractable at scale, and
reaching them will require meaning models and interpretation
tools substantially beyond the current state of the art. These are
significant algorithmic problems rather than incremental ones,
and the program as a whole illustrates the value of sustained
collaboration between computer science and the humanities.
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