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Abstract

Archives are essential vehicles for both historical research and memory practices like genealogy. The sheer
volume of documents produced via digital infrastructures, however, has posed a challenge for traditional
archival processes that rely on human judgments. Some archivists have responded to this challenge by
engaging with research in natural language processing (NLP), a subfield of Al that offers practical tools
for working with large corpora of text. In this paper, we review applications of NLP methods in archival
processes in order to surface fundamental tensions between archival values and automation. NLP can be
used to classify materials as sensitive, recognize names in documents and facilitate new kinds of search,
among other applications. Our discussion of these issues follows the journey of a document through an
archive, from acquisition to interpretation. We find that sensitivity to context, transparency, resource limita-
tions and maintenance appear as recurring challenges that are complicated by automation. The benefits that
NLP technologies lend to managing large archives, however, suggest that these tools should be considered,
not discarded. Turning to a more forward-looking discussion of generative Al and archival infrastructure,
we argue that the narrative and dialogic potential of contemporary large language models has an especially
contentious relationship with conventional archival desiderata.

Keywords: archives; infrastructure; natural language processing

Over the past century, archives have faced an ever-growing problem of scale, with processing back-
logs and record volume far outstripping both institutional resources and available tools (Greene and
Meissner 2005; Trace 2022). Archivists have thus turned to tools from natural language process-
ing (NLP) - a subfield of artificial intelligence which deals with human language and text — in the
hopes of improving automated processes and access, especially for born-digital or digitized docu-
ments (Hutchinson 2020). Most recently, advances in generative Al have created new opportunities
and challenges related to whether, where and how this technology should be used in archival set-
tings. These recent developments can be best understood against the broader history of computational
methods in archives. In order to understand how greater use of NLP and generative language tech-
nologies specifically may impact archives, we review the literature documenting how NLP has been
applied to archival collections, surfacing both motivations and challenges that transcend individual
systems. Having grounded ourselves in existing applications, we also speak to how large language
models (LLMs) may be used in comparable ways and in one entirely novel way: the generation of
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fluent and appropriate descriptive text with respect to a collection or record. As such, this review is
relevant to archivists and scholars of archives who are curious about computational methods, as well
as computer scientists wanting to apply their work to archival collections.

In brief, NLP systems can be used variously to classify materials as sensitive or not, recognize
text in documents, improve search interfaces for archives and produce metadata. To illustrate these
issues, we follow the journey of a document through fundamental archival processes, from acquisi-
tion to interpretation. We differ from several previous reviews of Al in archives (Colavizza et al. 2022;
Mannheimer et al. 2024; Rolan et al. 2019) in that we are exclusively focused on systems that pro-
cess, represent and manipulate text, and not computer vision or other non-linguistic applications of
machine learning. We also prioritize the thematic continuities between older applications and nascent
uses of LLMs in archives. This leads us to observe recurring challenges in even analog processing that
may be exacerbated by automation through NLP: sensitivity to context, transparency, resource limi-
tations and maintenance. At the same time, the benefits NLP technologies lend to managing large
archives — providing greater access, interpreting collections in new ways and situating documents in
different contexts — render them indispensable.

More recently, NLP has undergone a seismic shift in both capabilities and uptake, thanks to the rise
of LLMs. This review emphasizes the continuity between LLMs and older approaches; considering the
legacies of previous computational work in archives is informative about both enduring challenges
and potential second-order impacts of LLMs. Reliably accounting for the social context of a record
in particular presents epistemic questions in addition to technical challenges. While many uses of
generative Al are similar to past applications of NLP, LLMs also introduce truly novel possibilities.
Turning to more speculative considerations, we argue that the potential use of generative models to
create free-text descriptions and dialogue-based archival interfaces has an uneasy relationship with
both the historical-evidentiary role of the archive and conventional archival principles.

To provide the necessary context for this work, we first briefly describe and summarize the core
concerns of both archives and NLP, and then describe in more detail the scope of this review.

Our journey begins by addressing archives from the perspective of archival studies. Archives are
generally understood as institutional bodies that collect, preserve and provide access to collections
of records of historical interest (Prescott and Wiggins 2023). They undergird academic, govern-
mental and community practices of collective memory construction. As Millar (2017) summarizes,
“[a]rchives are tools that people use to look beyond the present moment and understand the wider
context of a family, community or society” Technical problems in archives can be separated into
three processing stages for our purposes. To simplify somewhat, these stages involve (i) acquisition
and appraisal; (i) processing of collections, specifically the description of records and the production
of metadata; and (iii) provision of access to a collection through interfaces (Moss and Gollins 2017).
Appraisal entails evaluating whether a given document or set of documents should be included in
an archive. Description, meanwhile, involves metadata creation and assessing materials for a number
of attributes. Archival interfaces entail systems — useful for both archivists and archive users - for
interacting with a given collection.

Modern archival practice originated in the state archives that emerged out of the creation and
rationalization of various state bureaucracies during the 19th century (Cook 2013). The two most
influential principles from this period, which continue to shape archival practice, are original order
(the maintenance of organizational schemes developed while records were in active use) and respect
des fonds (the maintenance of records grouped according to their originator). These principles
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produce an enduring normative assumption in archival work: reorganization of records should be
minimized (Nesmith 2002; Yeo 2012). At the same time, archives are also theorized as sites at
which collective memory is constructed and renegotiated (Schwartz and Cook 2002). Contemporary
archives contend with a fundamental tension between the deeply interpretive work that characterizes
historical meaning-making and the seemingly infinite stream of documents produced by modern
industrialized life. Understanding the implications of applying NLP to archives requires an account
of this conflict, driven by the underlying transparency-, context-, resource- and maintenance-related
concerns mentioned above.

Archival work in the 21st century is characterized by additional theoretical and practical desider-
ata that archivists may seek to balance with these principles. As described by Cook (2013), the move
away from an early focus on preserving all evidence of organizational activity was precipitated by
the corresponding bureaucracies’ growth and the novel requirement in the early 20th century that
archives choose which documents to preserve. The fundamental challenge archives are faced with
now is the many, many documents that the 21st-century bureaucracy or online platform produces
(Thibodeau 2009). Newer frameworks engage directly with this problem of scale. MPLP, or “More
Product, Less Process” (Greene and Meissner 2005), is an approach to managing archival backlogs
that prioritizes making materials available in great volume, in contrast with other goals like meticu-
lous description. The applications discussed in this paper are motivated by the immense challenges
of handling very large collections with limited resources. We note that some of these challenges are
due to problems beyond the scope of the review, such as labor shortages due to poor pay (Bredbenner
etal. 2024), funding contingent on the political environment (Harper et al. 2024), reasonable distrust
in computational methods (Jaillant and Rees 2023), and the difficulty of digitization (Archives 2016;
Tudico 2022).!

Based on our review criteria, most papers we discuss focus on government archives, likely because
they have the resources needed to explore new ways of processing documents. National archives in
particular are subject to both the voluminous digital exhaust of bureaucracy and culturally subjective
notions of national identity and historical importance (Martinez-Cardama and Pacios 2022). While
such institutions are not necessarily representative of typical archives (which run the gamut from
small private collections to massive corporate holdings), the techniques we discuss nevertheless have
wide relevance - especially as the technology involved becomes more mature.

NLP broadly refers to the use of computation to understand - segment, label, reorganize, aggregate
and interpret — natural language. The field can be understood as an outgrowth of applied machine
learning and computational linguistics (Eisenstein 2019).> Modern NLP is itself grounded in large-
scale data curation efforts, from the Penn Treebank (Marcus 1993), a dataset of Wall Street Journal
articles with part-of-speech labels and other syntactic information numbering in the millions of
words, to Common Crawl (Common Crawl - CC-MAIN-2025-08 2025), a collection of billions of
scraped web pages that is the foundation for many LLM pretraining projects (Baack 2024). With
respect to archives, three practices emerge as particularly relevant: supervised text classification,
unsupervised representation learning and information retrieval. Supervised text classification entails
training a model to predict labels (or classes) from text, typically based on human-labeled training
data, and has natural applications to archival tasks like sensitivity review (Baron et al. 2022), which
entail sorting records into predefined categories. Unsupervised approaches, such as topic modeling
(Blei et al. 2003), produce interpretable vector representations of documents or collections, often

"For example, as of 2025, the U.S. National Archives reports it has digitized about 445 million pages, just 3% of its estimated
13.5 billion physical pages.

*Machine learning itself is concerned with creating “computer programs that automatically improve with experience,”
usually statistical models that infer probabilistic rules from data (Mitchell 1997).
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based on internal patterns like the co-occurrence of words. Although information retrieval as a field
extends beyond NLP, many of its representational techniques originate in language technologies. In
particular, search is an umbrella category with functions that range from finding exact terms in docu-
ments to using contextual representations of text to retrieve semantically similar documents (Jurafsky
and Martin 2023).

While these three families of approaches (as well as other NLP tasks) have historically been pur-
sued somewhat separately, contemporary NLP involves work that is premised on more task-agnostic
models - a reality made possible first by more sophisticated word embedding models like Word2Vec
(Mikolov et al. 2013) and then by the transformer architecture (Vaswani et al. 2017) and its use in
LLM:s (Raffel et al. 2020). This type of model was popularized in the late 2010s in the form of BERT
(Devlin et al. 2019) and GPT-2 (Radford et al. 2019) and is usually trained to predict the next token
given some context using massive text datasets.” While the task of predicting the next token is not
necessarily of interest in itself (except insofar as it allows for generating text), the resulting models
have great value as encoders. That is, they transform text into representations that can be used for
many potential applications. In addition, many models exhibit the ability to perform a wide range
of tasks out of the box without additional training data (so-called zero-shot performance), although
rigorous evaluation of many of these capabilities remains difficult given their context-dependent and
interpretive nature. Archival processing tasks in particular may be difficult to represent through a
traditional NLP evaluation method like benchmarking (Raji et al. 2021).

Contemporary transformer-based NLP systems are technically capable of incorporating much
more additional context, but in practice still only consider limited knowledge of the user (Soni et al.
2024). They tend to be data- and energy-hungry (Hedderich et al. 2021; Strubell et al. 2019), opaque
(Fanconi et al. 2023) and difficult to repair or update (De Cao et al. 2021). These qualities are at odds
with the nature of archival infrastructure - context-driven, sometimes lacking in resources, ideally
relatively transparent and composed of many interlocking schemas and standards.* This mismatch
means that NLP’s great promise for managing large archives meets some evident obstacles, although
these tensions can be negotiated through both technical strategies within NLP and creative use of
NLP by archives.

To scope this review, we focused on published academic work, located both within the field of
archives and in the NLP literature. An initial set of papers from NLP was found by searching the
Association for Computational Linguistics Anthology (aclanthology.org) for the word “archive”
Additional related papers were drawn from Association for Computing Machinery venues such as
the Journal of Computing and Cultural Heritage. We also searched The American Archivist, Archivaria
and Archival Science for “NLP” and “natural language processing” Most of the application papers
found through this process are case studies. Because the application of generative Al to archives is
still nascent, we did not carry out a full systematic review; we instead highlight recent work for the
purpose of discussing emerging trends.

While there has been considerable work on using NLP to analyze large bodies of text in general,
the use of NLP for internal archival applications (to assist archivists instead of archive users) has
remained a relatively niche interest. The earliest paper we noted that explicitly broaches the subject

*State-of-the-art conversational models involve a number of other development stages, including tuning the pre-trained
model on curated data to encourage certain types of responses (Ouyang et al. 2022).

*Here, “context” refers to the primary factors external to the content of a record that impact its meaning (Burke 2022).
Section elaborates on this issue.
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of NLP and archives is Greenberg (1998). Greenberg emphasizes NLP’s potential for reducing the
amount of busywork required of archivists while cautioning against its potentially decontextualizing
use in interfaces. She also frames automation as epistemically valuable because it requires archivists
to systematize their processes. Although the article itself predates much of contemporary NLP, it asks
questions with respect to automated judgments of archival materials that remain relevant today. This
first account already identifies NLP systems’ insensitivity to context as problematic for archival appli-
cations; because the article was written at a time when NLP methods were relatively interpretable and
did not always require training data or computing power, transparency and resource constraints are
not addressed.

The existing applications of NLP to archives vary between custom-built systems and prefabricated
tools and packages. Many of the application papers discussed below consist of case studies — unlike
most other research in NLP. Fortunately, the modular nature of the abstracted archival pipeline is
amenable to both the nature of software and an understanding of these case studies in terms of which
archival processes they automate. The following sections are organized in terms of the path one doc-
ument might take through an NLP-assisted archival processing pipeline. This pipeline maps on to
both traditional conceptions of the typical functions of an archive (see Moss and Gollins 2017) and
the structure of the more theoretical concerns enumerated above.

The first stages of a documents life in an archive consist of acquisition and appraisal of whether
the document should be included in the archive. Some archives take a positive approach of seek-
ing out materials, while others instead define a stream by which they come to own documents
(Schmidt 2011). In many contexts, however, archives’ central goal of preservation is complicated by
the endlessly proliferating streams of text which characterize the modern world. Resource constraints
and massive backlogs can additionally limit archives” processing capacities, thus making automated
appraisal desirable. Automated processes have particular utility for managing acquisition of born-
digital documents, which are usually much more numerous than a typical analog collection (Jaillant
2022).

The acquisition process in a given archive is influenced by its goals (Cook 2011). An archive
that collects all documents produced by an organization need not make appraisal decisions based
on content; modern appraisal originates in the 20th century, when the volume of documents pro-
duced by state and corporate bureaucracies massively increased (Buckland 2017a; McKemmish et al.
2005). Heuristics have been used to constrain the amount of documents ingested into state archives.
For example, one type of policy for appraising personal communication entails selection based on
the seniority of the sender or recipient, such as the U.S. National Archivess CAPSTONE procedure
(Jaillant and Rees 2023). This standard necessarily results in an archive stratified according to the
power of candidate documents’ authors; it also produces series that chiefly correspond to author
identity. Rules of this kind can also have legal ramifications, e.g., if messages with evidentiary content
are not recognized as such and then not acquisitioned into an archival collection (Johnston et al. 2022;
Shilling 2006). NLP offers the potential to more flexibly make similar kinds of automated decisions,
but nevertheless involves additional challenges.

In an inventory of prior work on computer-assisted appraisal, C. A. Lee (2018) describes a dom-
inant paradigm of (1) using software to filter digital documents via heuristics in metadata, such as
time of creation, and (2) manually choosing messages based on content. This is grounded in concerns
about transparency and context sensitivity; complete automation of appraisal is not preferred because
it is opaque, and it lacks the contextual interpretative capabilities of a human archivist. Prefiguring
other papers in this review, Lee’s article focuses on digital records generated by large organizations,
like governments. Digitization is costly. Thus, digitally automated appraisal is only reasonable for
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documents that are either born-digital or made readable through digitization and optical character
recognition (OCR) prior to an archive attempting to collect them.

NLP can be used to automate complex and subjective judgments about the content of docu-
ments, so long as there is available data representing analogous judgments. A major content-based
desideratum for many archives is some notion of historical importance (Cox and Samuels 1988).
The possibility of using automated text classification for communication archives in particular, given
an operationalization of this notion, has attracted attention from multiple domains (Schneider et al.
2019; Vellino and Alberts 2016). For example, Risi et al. (2019) attempt to assess how well future
historical relevance can be predicted contemporaneously using about two million cables sent within
the U.S. Department of State from 1973 to 1979. A very small subset of these documents was later
included in a collection constructed by State Department historians, Foreign Relations of the United
States (FRUS), that reflects pivotal moments in U.S. foreign policy. Because it is more carefully pre-
pared for consumption by researchers than the rest of the cables, meaning its content takes on greater
authority in the context of computational studies that rely on clean data; as Jo (2020) shows, study-
ing FRUS at scale with computational techniques evinces major shifts in the ideologies of American
diplomats. The theoretical problems Risi et al. enumerate range from the relationship between an
event’s historical relevance and events that have not happened yet to a lack of clarity about the rela-
tionship between discrete events and documents. Using document representations from a topic model
as input to a classifier, they achieve an F1 score of 0.86 on a balanced test set of FRUS and non-FRUS
cables — an impressive score, but likely not usable in a real archival system.’ They find that historical
importance is not easily predicted by contemporaneous assessments, casting doubt on the feasibility
of using that information in an automated fashion.®

Venkata et al. (2022) are similarly concerned with government documents, albeit at the British
National Archives. In 2018, the volume of digital materials belonging to the British government was
estimated at “more than 16 billion emails and 3 billion documents” (Ranade 2021). Venkata et al. con-
duct a survey of open-source or commercially available AI-based methods for appraising this massive
number of documents. They are interested in training classifiers using prior appraisal decisions; these
appraisal decisions are themselves grounded in the notion of “enduring value” to the public (although
the operationalization of this notion varies). In some settings, documents are classified as retained
or not; in others, they are assigned a specific “retention schedule” score corresponding to a degree of
default postprocessing. Based on their experiments, the authors observe that no system is satisfactory
on its own - i.e., using them would require a human in the loop.

Although NLP models typically classify each document individually, Rolan et al. (2019) ques-
tion whether the historical relevance of a document can be predicted in isolation. An item-level
approach to appraisal misses the contextual importance of documents that gain their meaning from
others. Work in government archives also speaks to the additional labor required to use a model
within a preexisting standard. As we discuss in Section, descriptive frameworks can be both dif-
ficult to operationalize and specific to a given archive. While NLP seems potentially well suited
to assisting with the automation of appraisal decisions, the literature indicates mixed results. The
core problem that Shabou et al. (2020) identify is in producing a “defensible” method which aligns
with archival norms. Having experimented with automation in a Swiss government archive, the
authors conclude that automating appraisal requires “prioritizing the implementation of metrics
with high automation potential” — an approach which may prejudice archives toward the use of
simpler and less seemingly subjective variables in deciding which documents are worthy. Shabou
et al. ultimately produce a proof-of-concept tool for manual appraisal which incorporates automated

>The F1 score is the harmonic mean of precision (the proportion of predicted positives that are truly positive) and recall
(the proportion of true positives that are predicted as positive).

%In one project on gray literature in public health (Turner et al. 2002), an analogous situation is observed: some research
only becomes relevant to a field after years or even decades.
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scores related to a given document (e.g., topic) without giving decision-making wholly over to the
machine.

Notably, many archives’ initial processing includes some form of privacy review (Yoxall 1984).
This entails the review of records for information that may be inappropriate for public access; it
is frequently discussed in the context of the Freedom of Information Act, which mandates the
release of government information that is not sensitive when requested (Windon and Youngblood
2024). Technical paradigms discussed above, and supervised classification in particular, have been
used to partially or fully automate this process (Baron et al. 2022; Giannella et al. 2024; McDonald
2019; McDonald et al. 2014). Even journalistic archives face related problems with recognizing the
copyright status of poorly documented records (Taurino et al. 2025). In general, detection of sensi-
tive information is an exemplary problem in that it is culturally contingent, dependent on context
(Nissenbaum 2011) and sometimes in tension with other archival desiderata.

In addition to classification decisions, NLP also lends itself to the production of metadata. In many
archives, the primary interface through which materials are presented to users is the finding aid.
This is a document that describes the contents of a particular collection, series or even individual
record (Chung and Irwin 2017). It is used both as a proxy for the relevant material and as a way
of providing context, usually in the form of narrative text (Wiedeman 2019). Usability, satisfaction
of formal requirements (such as those of common formats, like the Encoded Archival Description
XML standard), and the creation of (contextually) helpful unstructured descriptions are all important
desiderata (Berner and Haller 1984; Cox 2008). Similarly, metadata plays a role in the representational
schemes discussed below - it can be a mechanism for users to find records - and in description
(Buckland 2017b).

In existing work using NLP, we find more discussion of the creation of new types of metadata
than of integration with preexisting schema. One straightforward way to extract descriptive infor-
mation from archival documents is named entity recognition (NER), the labeling of sequences in a
text as referring to a certain person, place or thing with a proper name (Daniel and Martin 2023).
As described by Ehrmann et al. (2023), a survey of NER in archives, the ability to search a collec-
tion for named entities is desirable for many users whose historical work may be focused on a set of
individuals or institutions. As Schneider and Chan (2016) put it, NER is a natural tool for addressing
two major goals of archivists: “screening for confidential, restricted, or legally protected information
... and preparing the files for use by researchers, including by efficiently optimizing discovery and
access to the material’s intellectual content” Although NER models are intended to generalize, they
are likely to perform best on entities included in their training data (Agarwal et al. 2021). As such,
performance in a novel archival setting might be worse without additional effort put into labeling
additional documents and retraining an NER model.

Production of useful metadata for multimodal and non-digitized archives is another popular
application of NLP. Non-digitized archives with preexisting finding aids still contain text on which
one can run NER. This is the case in Wright et al. (2023), where a search engine was built for an archae-
ological archive using NER; their finding aids already documented location, time period, etc. More
radically, non-digitized text archives can be made accessible with computer vision models designed
to recover a specific part of a document’s textual content, such as the U.S. Census race label recognizer
described in Jansen and Marciano (2025) for research on Japanese internment or the card classifier
used in B. C. G. Lee (2018a) to retrieve death certificates in a large Holocaust archive (both of which
do not require OCR). Archives with audio data also tend to have textual finding aids which are possi-
ble inputs to NLP-based interfaces themselves; however, full description of the materials may require
transcription of that audio.

Downloaded from https://www.cambridge.org/core. 15 Nov 2026 at 16:00:18, subject to the Cambridge Core terms of use.


https://www.cambridge.org/core

8 Lavinia Dunagan, Jesse Johnston and Dallas Card

In contrast to the content-oriented focus above, Davet et al. (2023) explored the inclusion of para-
data - here, the byproducts of automated archival pipelines - in metadata. Emphasizing the different
questions that different users might have, they recommend including information about the data used
to train and validate any models used, as well as their version and performance on representative data.
The quirks of a system can have a significant impact on derived metadata; indeed, Liu et al. (2025)
creatively use the failings of an NLP tool - Google’s language identification application programming
interface (API), which struggles with indigenous languages - to find records of indigenous culture
in colonial archives. Given that the content of training data may have unpredictable impacts on a
model’s application to a different domain (Elsahar and Gallé 2019), providing details about that data
also constitutes an attempt to provide context. Notably, this concern about a lack of transparency in
archival description also applies to completely analog archives; as Douglas (2016) argues, a collection
is influenced by archiving practices and “interested parties” (e.g., the subject of a personal collection)
before it is even ingested into an archive.

The question of how one should order and present archival collections is one of the central focuses of
archival theory - as the paradigmatic principle of original order ensures. The local context of mate-
rials impacts their meaning, whether on a web page or in a physical space. For example, a diary
may be grouped under materials related to a certain marginalized community, rather than as part
of a personal collection. This means the diary will necessarily be interpreted differently - likely as
an exemplar of the marginalized group’s history, rather than as a document of an individual expe-
rience (Caswell et al. 2017; Gabiola et al. 2022). The historiographic responsibility of archivists first
detailed a century ago and its more recent evolution into an admission that archivists will always be
implicitly supporting one interpretive frame (Cook 2013) has significant implications for computa-
tional processes that present archival content to users (Trace 2021). What seems to be the appropriate
context for a document is always itself changing in response to shifts in the normative belief systems
of the surrounding community (Caswell et al. 2017). In response to the historiographical imperative
and increasing recognition of the community impact of archives, many archives have made efforts to
make their collections more accessible (Caswell et al. 2016). A core element of this effort has involved
implementing search engines and other exploratory tools that support traversal of collections’ con-
tents. This subject already has a great deal of overlap with the applications discussed below because
the family of technologies supporting many archives’ search engines — information retrieval systems —
partially constitute a subfield of NLP.

Reindexing of records, contra original order, is sometimes ideal for specific communities’ needs.
For instance, interfaces that rely on NER, not physical collocation, are one option that can be espe-
cially useful for academic users. This is likely because search of NER labels is an effective and relatively
efficient way to find documents related to a given historical figure or organization (Schneider and
Chan 2016). One example of this is Handler et al. (2022), a platform for exploring a newspaper
archive. That project uses NER to index the archive and presents results returned via three sepa-
rate interfaces for different contexts in which one might view the query (a system built in response
to journalist interviews). This exemplifies how archival desiderata considered “typical” may not be
a priority, depending on the archive’s domain and its expected users. Similarly, both Ranade (2016)
and Hinrichs et al. (2015) construct record-level indices for individuals and locations (respectively)
because they are sensible axes along which to explore the archives in question - the British National
Archives and a corpus of 19th-century commodity trading documents. In general, bespoke search
systems that incorporate NLP need not be opaque or context-agnostic; in fact, NLP can be used to
extract features of particular interest to a specific user audience.
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The contextual nature of a user’s search needs can be addressed in other ways. Topic modeling is a
means of categorizing a corpus of documents according to emergent themes; it constitutes an inter-
face that might assist historians and others interested in topical through lines (Muresan and Harper
2004). In existing work on archives, however, topic modeling is frequently a first-line approach for
producing record-level description (Coeckelbergs and Van Hooland 2020; Hengchen et al. 2016) and
thus only conducted once, in order to produce a content index. These approaches rely on emergent
patterns in the corpora they describe, rather than descriptors chosen by archivists. As Underwood
(2014) puts it, fitting a topic model entails “harmonizing ... initial human assumptions with the
complex evidence presented by the documents themselves” in a way that makes those assumptions
explicit.

Automating processes related to appraisal and the creation of metadata primarily implicates deci-
sions by archivists. By contrast, interfaces inherently involve decisions being made by users. As
Hedstrom (2002) argues, the advent of digital archival interfaces both reminds us that archival infras-
tructure constrains interpretation and that the typical interfaces an archive provides to a user, such
as finding aids, impose a “linear narrative structure” on the contents of a collection - sometimes
obscuring discontinuities and gaps. Archivists are obligated to provide context for the records in a
given collection; this context ideally includes the construction of the archive itself. Moreover, the
histories of digital records are important parts of their information content. Acker (2017) suggests
that digital records are characterized more by the traces of their mutation across different platforms
than even their content; archives’ power over the evidentiary status of records depends on recogni-
tion of this quality. Automating archival processes, then, requires attention to both the modifications
made on the metadata paratext associated with a record and the “exhaust” created by the processes
themselves, like the paradata that Davet et al. (2023) refer to.

The case studies above all make use of relatively standard methods in NLP - that is, ones for
which relative consensus has been reached on appropriate datasets and evaluation methods, and
for which some precedent exists in at least a decade of computational research. The shift in focus
to LLMs since the release of ChatGPT in 2022, however, has resulted in an eruption of litera-
ture about how text generation models might be used to replace both humans and older NLP
methods in various socially important processes. At the same time, few standards exist for eval-
uating the performance of these systems in specific archives. Validating that a model’s output is
appropriate for a given context, likely users, and the remit of the archive itself is not easily done
via evaluation on benchmarks, as noted by Toth et al. (2025). The papers discussed below do
not conduct systematic evaluation of their applications with both users and relevant performance
metrics.

The major capability of LLMs that differentiates their potential use in archives from previous appli-
cations of NLP is the generation of fluent and contextually relevant text. The flexible nature of LLMs
means that they can also easily be adapted to the processes discussed above, such as text classifica-
tion, but it is in the ability to generate fluent text that the most transformative potential of LLMs
has been observed. As of yet, there is comparatively little published empirical work on the effects
of LLM:s on typical archival pipelines. Nonetheless, we can speculate about thematic concerns, espe-
cially in the context of prior work on NLP systems and interpretation (Nelson 2022; Shah and Bender
2022). How might LLMs be used in a manner that respects the evidentiary status of archival doc-
uments themselves? What new ways of interfacing with archives might LLMs make possible? To
rephrase Greenberg (1998), how can we reduce the impact of LLMs’ weaknesses while exploiting their
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strengths? While none of these questions are fully answered below, we hope to frame LLMs’ gener-
ative capabilities in archives in terms of related work in adjacent fields and theoretical commentary
on archives and interpretation.

Numerous organizations have begun to explore the use of generative Al, such as LLMs, to describe
and index records. The exact features entailed vary with the archive. For instance, Potter and Saccucci
(2024) - a project exploring LLM-based indexing at the Library of Congress (LOC) - is concerned
with producing standardized Machine-Readable Cataloging (MARC) descriptions in addition to spe-
cific subject headings.” In this section, we review the LOC project as well as three generative uses of
generative Al: a framework for using LLMs to interface with web archives, an article describing the use
of LLMs to produce more comprehensive metadata for the Grand Ducal Archive of the Medici, and
an article presenting an LLM and its uses in the Chinese state archive from which its pretraining data
came. The second use exemplifies how LLMs may be used in contexts where traditional approaches to
processing and interface construction may be inappropriate, while the third and fourth demonstrate
the use of an LLM to automate a descriptive process in a more classical archival setting. We avoid
reviewing papers that do not explicitly discuss a particular archive, such as Nguyen et al. (2025), or
that deal with personal collections, such as Garcia and Weilbach (2023), although these works also
suggest possible uses of LLMs in archives.

In an ongoing project titled “Towards Piloting Computational Description” (Potter and Saccucci
2024), the Library of Congress describes experimenting with using a fine-tuned LLM to produce
metadata for ebooks (currently with the expectation of human review). This project exemplifies the
type of additional work required to adapt a tool like LLMs, which are presented at times as universal.
The authors fine-tuned Mistral Al’s mixture-of-experts model, which has 46.7 billion parameters in
total (Jiang et al. 2024), to produce different versions of MARC with varying levels of explication of
metadata fields. Given the ebooK’s full text, the model excelled at extracting values for formally dis-
crete elements like the title, but struggled to produce appropriate subject headings from the LOC’s
own categorization system (Library of Congress 2025). This system consists of tens of thousands of
hierarchically organized subjects (e.g., “United States — History — Periodicals” or “Lullabies, Urdu”);
the model variously mislabeled documents with headings that were too narrow, too broad or nonex-
istent. The Library turned to an embedding-based method that searched for the subject headings
of semantically similar books that had already been cataloged. LLMs excel at generating fluent text
and copying relevant text from unstructured input, but may not yield the most parsimonious judg-
ments based on a category system with a closed set of labels. The system currently being iterated
upon incorporates multiple NLP components with distinct purposes, rather than a “one size fits all”
approach.

The scale of the LOC is massive; it is rivaled in both size and heterogeneity, however, by web archives.
Web archives tend to aspire to comprehensive storage of an online environment (e.g., all URLs ending
in “gov”), rather than careful selection for relevant content (Ogden et al. 2017; Ogden and Maemura
2021). Construction, description and exploration of web collections have all been framed as novel
challenges in the field of archives (Summers and Punzalan 2017). The networked and dynamic nature
of digital material writ large and the internet especially challenge traditional assumptions undergird-
ing typical archival processing (Acker 2017). Enabling user exploration of billions of webpages is

"MARC is a commonly used record format in archives like the LOC (Library of Congress 2024).
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difficult - for Google, certainly, but especially for small institutions interested in supporting rigor-
ous historical inquiry. WARC-GPT is a framework for enabling conversational use of a web archive
via a retrieval-augmented generation (RAG) (Lewis et al. 2020) system incorporating an LLM of one’s
choice (Cargnelutti et al. 2024). It uses the LLM to construct a chat interface between the user and the
archive. Retrieved documents are synthesized within the interface, although they can be accessed after
clicking another pane. The system was evaluated using factual queries; it successfully retrieved doc-
uments and accurately characterized events that occurred after the LLM was trained. These last two
features speak to ongoing ambiguity surrounding the informational purpose of both LLMs and web
archives. Contrasting WARC-GPT with the Internet Archive’s Wayback Machine (Internet Archive:
Wayback Machine 2001), the authors note that WARC-GPT is not intended to facilitate “exploring
and comparing multiple versions of a given page archived repeatedly over time or for performing
large-scale analysis of web archives metadata.”®

LLM:s can be especially useful in contexts where users may benefit from the expansion and reartic-
ulation of preexisting free-text descriptions of records. The Grand Ducal Archive of the Medici is
a partially digitized resource for historians of early modern Italy, consisting of about 3 million let-
ters and 7 million other documents; all are labeled with one of 44 topical keywords and most have
a synopsis provided by employees or users of the archive (The Medici Archive Project 2025). Toth
etal. (2025) describe the use of ChatGPT to (1) enrich these topical keywords, (2) create a new inter-
face to the letters via semantic embedding of the synopses and (3) extract relationships and events in
structured form. Their approach to keyword expansion is distinguished by its reliance on an inter-
pretability method from NLP (Nielsen et al. 2022) to derive relationships between preexisting topical
keywords and synopsis vocabulary - allowing them to remain grounded in the archive’s schema. The
authors also experiment with using ChatGPT to summarize synopses further and then embed the
results. Lastly, ChatGPT is similarly used to extract relationships, events and locations from syn-
opses, producing metadata useful for both summary visualizations and navigation. As the authors
acknowledge, all of these tasks are possible with traditional NLP systems. However, limited resources
and the abundance of unstructured user-generated descriptive text made an LLM-based approach
for additional indexing extremely appealing. In a similar paper, Reusens et al. (2025) claim that the
primary problems with using LLMs for metadata generation lie in hallucination and ahistorical fram-
ing; furthermore, using a more parsimonious prompt that attempts to avoid these issues can actually
decrease performance on the main task. As Toth et al. note, the challenge is in validating their out-
puts according to the perspective of the archive and its contents — a challenge for which no large-scale
archival benchmark exists.

Evaluation of archival systems that incorporate LLMs has been discussed in other contexts — namely,
that of state archives. Zhang et al. (2024) train a 7 billion parameter transformer model, ArcGPT, for
various archival processing tasks on 100 billion tokens of real administrative records from a Chinese
government office. Motivated by a life-cycle perspective on archival records, Zhang et al. focus on four
central tasks which relate primarily to appraisal: “retention period prediction, open-access identifi-
cation, confidentiality prediction, and post-OCR processing.” The first three are classification tasks,
while the last involves text generation — namely, transforming flawed OCR transcriptions into flu-
ent text. ArcGPT excels at the first two tasks in comparison with other models and attains similar
performance to baselines on confidentiality prediction (F1 of 0.94). Nonetheless, postprocessing of
OCR output is the application for which ArcGPT is most useful. They also introduce a framework for
evaluating their system with users — one which would use interviews to determine if the results from

More recently, others have explored using LLMs for large-scale webpage description, as in the case of Web Archive
Singapore (Nair et al. 2025).
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ArcGPT are compatible with the preferences of archivists, who the authors desire to “emancipate ...
from the rigors of extensive textual operation.”

A growing number of exploratory papers have also examined potential uses of LLMs and AI more
broadly in memory projects, especially educational ones (see Kouzelis and Spantidi 2024). This work
tends to focus on the use of AI to memorialize events which create archival silences (Ghaddar 2016;
Hawkes 2012), such as genocides (Makhortykh et al. 2023). Toth (2021), for instance, uses a semantic
search system to support the recovery of Holocaust testimonies. In general, however, the use of LLMs
in this context remains nascent. Thus, we speculate on the basis of available documentation of reports
on ongoing efforts and work on these technologies within NLP.

As discussed above, LLMs can be used to summarize and synthesize text. Moreover, frameworks
such as RAG allow one to cheaply integrate an external collection with an existing LLM (Lewis et al.
2020). However, LLMs are not completely faithful or unbiased authors (Bender et al. 2021). GPT-4 has
been found to generate descriptions on the basis of demographic information that are stereotypical
if not overtly offensive (Cheng et al. 2023). Bias has also been observed in RAG systems, including in
historical narratives (Fan and Gardent 2022). Any proposal to use LLMs to generate new text raises
questions about appropriateness, fidelity and authenticity.

While many potential uses of LLMs closely resemble previous approaches with earlier techniques,
the generation of coherent text opens up much more novel possibilities. As such, archival theory
has not yet grappled in detail with how to think about and work with such systems. Nevertheless,
inspired by recent excitement around “bringing history to life” (Eisikovits 2021), we can look to past
debates about the more speculative writing of history, as expressed in the work of Saidiya Hartman
and Stephen Best.

Saidiya Hartman’s exploration of the limits and possibilities of the archive (Hartman 2008; 2019)
provides one means of conceptualizing generative Al in the archives. Hartman’s central contribution
is “critical fabulation,” an approach to interpretivist archival research that entails writing speculative
prose about the subjective experiences of marginalized people who are present in the archive but
silent. Meanwhile, Stephen Best critiques the expectation that cohesive histories can be recovered
from archives (Best 2018), fearing the treatment of the archive simply as “a rich repository of material
from which one may recover and reanimate the lives of the enslaved.” Best argues that the recuperative
stance taken by Hartman entails interpretive irresponsibility: grafting contemporary expectations and
norms onto the experiences of people with very different self-conceptions. While we cannot do justice
to their work here, the debate between Hartman and Best provides a useful touchstone for thinking
about the emerging possibilities and dangers around the use of LLMs in archives.

In principle, generative Al could be used to try to generate the kinds of first-person testimonies
that are absent from the historical record for many marginalized groups. It also constitutes a new
way of producing cohesive histories out of archives; LLMs can be used to smoothly aggregate textual
information and induce the appearance of continuity. In light of Hartman’s work and Best’s critique,
it may be worth considering (1) what kinds of recovery and reinterpretation are made possible by the
use of LLMs and (2) whether these processes are still accountable to the histories of discontinuity and
disruption that Best identifies. Any use of LLM-generated text in archives, especially in the context
of perspectives that have been silent, risks the imposition of contemporary perspectives and desires
(including those encoded in the LLM) onto historical materials. It will also have to contend with the
nature of LLMs’ representations of identity groups, which can often tend toward stereotypes (Wang
et al. 2024), as well as the discontinuity of identities salient at one time but not another. This is not
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to say that LLMs are never useful in an archival context where silences abound. Rather, the use of
LLMs to critically fabulate the perspectives of the under- and unrepresented itself requires critical
scrutiny.

Surveying the use of NLP in archives helps to surface tensions that arise from attempting to scale
up interpretive tasks in an environment that shapes historical consensus. These tensions are ampli-
fied by LLMs. We identify sensitivity to context, transparency, resource limitations and maintenance
as particularly salient obstacles for adoption of NLP in an archival setting. These issues are always
borne out in the specifics of each case study, but we explicate below how they arise from foundational
characteristics of the dominant paradigm in NLP.

Context can mean many different things (Burke 2022). We recognize three main categories of archival
context: the context that records in a collection give to other records in a collection, the context that
archivists endow records with through description, and the context that external information known
by users gives to records in a collection. We focus on the first and second aspects of context, given
their more obvious relationship to archival processing.

First, there is a basic conflict between the NLP paradigm of individual document classification and
the contextually aware mode in which archivists appraise, describe and represent archival materials
(Cook 2011; Fintland 2016; Yakel 2003). As Rolan et al. (2019) explicitly note, part of the difficulty of
automating archival processes is in approximating the holistic means by which archivists make deci-
sions about individual documents while thinking of collections as aggregate wholes. This situation is
exacerbated by the networked and nonlinear nature of contemporary communication technologies
(Acker 2017). Construction of a set of reasonable “series” out of, e.g., millions of social media posts
is far from straightforward.’

Second, the choice to endow an archive with one context or another can significantly impact user
interpretations as well. Douglas (2016) emphasizes that the traditional mode in which finding aids’
descriptive text is written is that of “the view from nowhere” — obscuring the process by which a
collection was constructed while narrativizing a seemingly static and universal vision of a given col-
lection’s history. This is despite the sometimes contentious processes by which materials are acquired.
Recalling the earlier discussion of paradata (Davet et al. 2023), Douglas might encourage the produc-
tion of a finding aid wherein the automation of descriptive choices is motivated and explained within
the archive’s social context.

Most NLP models used today take the form of neural networks involving many layers of nonlinear
functions. Language carries both compositional meaning and other types of semantic content (refer-
ential, metaphorical, etc.). As a result, it is frequently difficult to attribute outputs to specific elements
of a text and almost always difficult to attribute them to a model mechanism. This poses a particular
challenge for using NLP in archives, given the emphasis on explicating processing choices to users
(Caswell 2021; Douglas 2016). In the context of appraisal specifically, the invisibility of the discarded
materials in a typical archival setting further exacerbates this challenge; only the selected records are
visible to the user.

°For a practical example of the challenges a comprehensive platform archive project can face, see the Library of Congress’
Twitter archive. The LOC began its collection of tweets in 2010 by preserving all text posted on the website, but decided
seven years later that this was too burdensome; the volume of tweets had grown significantly, many tweets were primarily
image-based, and tweets themselves became longer (Osterberg 2017).
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Bunn (2020) argues that machine learning in archives is best undertaken with a plan for articu-
lating how a given model functions. This means both making basic facts about the model available
(e.g., performance on a representative dataset) in a form that a user can understand and conduct-
ing an analysis of the model using methods from the machine learning subfield of interpretability.
Transformers, however, are sufficiently complex that it is difficult both to visualize mechanisms
within the model and to simplify them for the benefit of users (Abnar and Zuidema 2020; Antverg
and Belinkov 2022). We might also hope to provide some accessible description not just of the
process by which an LLM was used, but also of the data used to train that model. (Desai et al.
2024) and Schoenebeck and Conway (2020) have argued that archival thinking and practices
are themselves applicable to the data used in machine learning systems. Proper description of
archival processes relies on documentation - ideally archival - of the data used to construct those
processes.

Successful adoption of NLP systems in general and LLMs in particular at a given archival institution
relies on a number of material factors. These include the experiences of archivists there, financial con-
straints with respect to costs like API fees and the nature of the processing backlog. The limitations of
available data in historical contexts — especially labeled historical data - can similarly impede system
development and evaluation, given the data requirements of large neural models (Hedderich et al.
2021). Annotation in a given archive may need to be undertaken by people with a specific expe-
rience, such as expertise or community membership, in order to produce representative training
data. Indeed, the annotation projects that support frontier LLMs have been critiqued on the basis
of exploitative employment models, the injury done to annotators when they contend with harmful
content and other ethical concerns (Crawford et al. 2014; Muldoon et al. 2024); these issues are espe-
cially salient in the context of archives that may relate to marginalized populations. LLMs appeal to
some of the practitioners whose work we review because of a perceived lesser need for expert anno-
tations, although validating their use also requires human judgments. Practical use of LLMs requires
either expensive hardware (with open models) or per-use cloud computing or API fees — whereas
earlier methods can be run locally on standard computers. Zhang et al. (2024) is somewhat unique
because of how it involves developing an archive-specific LLM; outside of state archives with sig-
nificant resources, pretraining an entirely new model is likely infeasible. However, we recognize the
largest factor in archival resource limitations to be time.

Time is a central concern for archives. Many archivists simply do not have the time to acquire skills
that are generally required to use NLP tools seamlessly, such as Python programming (Jaillant and
Aske 2024; Poole and Todd-Diaz 2022; Rasmussen 2019). There can be a high upfront cost to adop-
tion of NLP systems (Jaillant and Aske 2024) even if they have the potential to speed up processing
in the long run. Archivists at state archives especially tend to be occupied by the massive backlogs
of unprocessed (and undigitized) materials that have accumulated over decades, absent a plan for
addressing them (Greene and Meissner 2005). As Mordell (2019) observes, the practical outcome of
many efforts to digitize and “datafy” archives is frequently much time wasted by archivists and few
benefits to users. Al is hardly a panacea for some of the most pressing content-related problems fac-
ing archives; the limitations of many collections - especially from the perspectives of marginalized
communities — originate in preservation and appraisal decisions made a hundred years ago (Jaillant
et al. 2025).

Maintenance entails both the labor that updating infrastructure and schema involves and the high-
level ideation that arises from revising archival processing practices. The manifesto (Acker et al.
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2019) produced by the archival professional collective The Maintainers argues that “moments of
upgrade and reimagining can also resource and provide justification for maintenance processes.”
Ideally, adoption of more sophisticated NLP technologies and the new schema they make possible
is also an opportunity to participate in maintenance projects. Conversely, Jackson (2014) contends
that new technology’s adoption relies on a continuous project of repair which articulates that tech-
nology in the context of older infrastructure and addresses its breakdown. LLMs may at first seem
inherently flexible in a way that makes maintenance less necessary; intuitively, the prompt tem-
plates undergirding systems using LLMs may make them easier to understand and modify. However,
the polysemic nature of fluent text may obscure the limitations of an LLM-based system (Shah
and Bender 2022), both intrinsically and as interfaces with other components of archival process-
ing infrastructure. As seen in Potter and Saccucci (2024), LLMs are also rarely the optimal choice
for tasks involving well-defined yet complex schemas. Adapting any NLP system, but LLMs espe-
cially, to function within a preexisting ontology requires its own maintenance and articulation
work.

Archives are sites of historical interpretation and memory creation. They are also tasked with ingest-
ing and preserving very large amounts of text documents and other materials. This engenders multiple
conflicts — between transparency and flexibility, between specificity and speed and between hard
material constraints and theoretically prescribed goals. The use of NLP can exacerbate these prob-
lems, given the field’s current focus on LLMs (which are opaque, resource-hungry and difficult to
modify), but it also provides a way to manage the scale of modern collections. A given document
that enters an archive may be appraised, described and accessed through a search interface in a com-
pletely or partially automated manner. In the archives represented here - especially those with state
funding and large staffs — archivists have risen to the challenge by adopting NLP methods for their
purposes. The technical tools used to accomplish this in the past vary. From bag-of-words logistic
regression for appraisal of emails (Schmidt 2011) to transcription and NER for the production of
metadata in an audio archive (Verhagen et al. 2022), plenty of NLP approaches have something to
offer to archivists.

The uses of NLP we examine raise important questions about the role of automation in archives.
As archives unevenly adopt Al into workflows, the challenges they face - maintaining trustwor-
thiness, keeping human judgments in the loop and evaluating models according to subjective and
contextually dependent desiderata — recall older problems faced by practitioners, dating back to
Jane Greenberg’s 1996 paper on NLP and archives. This is not to say older NLP systems and LLMs
have identical impacts on archival processing. LLMs are both less transparent and (seemingly) more
general-purpose; their ability to generate fluent text that appears human to the reader is sui generis
compared to older NLP systems. Recent advances within NLP and the use of best practices indi-
cate the potential for multiple archival goals to be achieved while maintaining a trustworthy system,
especially when systems are custom-built for a specific archive and its users. It is exactly because
the purposes and uses of archives are so diverse that NLP has much to offer to them. However, the
application of NLP to archives requires transparency, attention to resource constraints and above all
attention to context in both the design of the technology and its function. Generative Al tools — and
LLMs especially — can be appealing technologies, but their capacity to produce fluent text does not
necessarily correspond to an ability to enact archival values.

We are grateful to Justine Zhang for advice and comments on an earlier draft. We would also like to
thank members of the Libraries, Archives and Curation research group at the University of Michigan School of Information
for their support, including suggestions on a previous version of this work.
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