Check for
updates

Cambridge Forum on AI: Culture and Society (2026), 2, €17, 1-13 H
doi:10.1017/cfc.2026.10029 Ic::gmr?]rld e

James Smithies' (), Glen Berman!, Karaitiana Taiuru?, Martin Spychal® and John Moore*

IThe Australian National University, HASS Digital Research Hub, Canberra, Australia; 2Tajuru & Associates Ltd, Wellington,
New Zealand; *The History of Parliament Project, London, UK and *The National Archives, Kew, London, UK
Corresponding author: James Smithies; Email: james.smithies@pm.me

(Received 28 February 2025 UTGC; revised 26 March 2026 UTC; accepted 5 May 2026 UTC)

Abstract

This paper describes a prototype test harness that has been developed to evaluate the use of large lan-
guage model retrieval-augmented generation systems for humanities and social science research, with an
emphasis on collections held in the galleries, libraries, archives and museum sector. We propose the devel-
opment of new modes of research software engineering oriented towards the values and principles of those
communities, and rigorous modes of software testing grounded in industry best practices.
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The cultural heritage datasets maintained by GLAM (galleries, libraries, archives and museums) insti-
tutions and studied by humanities, arts and social sciences (HASS) scholars are logical application
domains for large language models (LLMs). Indeed, given the facility LLMs have demonstrated at
summarising large volumes of textual data, the increasing sophistication of retrieval-augmented gen-
eration (RAG), which provides an LLM with a defined set of documents to “ground” their output
with expert knowledge (Callaghan and Vieira 2025), it is unsurprising that LLM and RAG technolo-
gies are being integrated into GLAM institutions’ digital services (Finn and Khosrowi 2026). Little
work has been undertaken to assess the alignment of research tools powered by LLMs with the stan-
dards and values of HASS scholars and GLAM institutions (Bode and Goodlad 2023; Raley and Rhee
2023), however. This is particularly the case with products enabled by RAG. As with commercial
applications, RAG systems have significant potential for research and GLAM workflows, extending
from summarisation of corpora to the provision of expert chat interfaces, but their incorporation
into HASS research and GLAM institutions is complex. From a practical viewpoint, RAG systems
demand significant computational resources and introduce additional layers of complexity into digi-
tal research infrastructure (RI). More substantively, however, the incorporation of RAG systems into
research workflows and methods alters them, introducing new epistemologies, new variables, new
potential sources of bias and new potentials for failures in reproducibility and replicability. Digital
humanities (DH), which sits at the boundary of humanities inquiry and computational practice and
has used cultural heritage datasets intensively for decades, is well placed to address these substantive
risks.

For DH scholars, however, critical engagement with LLM technologies presents difficul-
ties. Commercial LLM services are black-boxed, foreclosing possibilities of critical analysis of
their components. LLMs, even when released as open-source models (Solaiman 2023), produce
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inscrutable model outputs and are nondeterministic. Evaluation frameworks designed in industry
or Science, Technology, Engineering, Mathematics (STEM) settings do not reflect DH’s under-
standing of computational technologies as inherently sociotechnical. This paper uses critical tech-
nical practice (Agre 1997) to offer a path forward for DH scholars. In explicating a process
of building and experimenting with LLM and RAG technologies, the paper demonstrates one
approach DH scholars may apply to critical engagements with LLM technologies. In particu-
lar, in this paper, we report on the development of ATLAS (Analysis and Testing of Language
Models for Archival Systems), which is a prototype evaluation harness developed initially as an
exercise in critical technical practice, but now open-sourced as part of a broader effort to sup-
port robust and responsible use of RAG systems in research involving GLAM datasets. While
from the perspective of state-of-the-art RAG systems, ATLAS is not novel (i.e. it uses industry
standard RAG techniques), for DH scholars, the development and configuration of ATLAS as an
open-source and highly adaptable harness for evaluating LLM and RAG components represent
a substantive technical contribution. Conceptually, the paper’s demonstration of critical technical
practice through the use of Al coding tools and open-source Al frameworks provides DH schol-
ars and the broader GLAM community with a high-level approach to experimentation with LLM
technologies.

The paper proceeds as follows. We begin by situating our approach within the current landscape
of LLM evaluation, arguing that existing frameworks fail to account for the priorities of DH and
GLAM institutions. We then outline critical technical practice as a framework for DH engagement
with LLM technologies. This lays the foundation for our exposition of ATLAS, in which we detail
the configurable components of its RAG pipeline and the evaluation infrastructure that supports
transparent, reproducible experimentation. We conclude by reflecting on the implications of ATLAS’s
development for DH scholars and the broader GLAM sector.

ATLAS is a product of the AT as Infrastructure (AIINFRA) project, which is implementing method-
ological baselines and tools to support the evaluation of RAG systems in a way that opens them up
for empirical as well as epistemological analysis by HASS researchers. This is pressing work being
undertaken in a fast-moving technological and methodological environment that is not always well
aligned to HASS and GLAM priorities. Existing mainstream approaches to the evaluation of LLMs
largely focus on leaderboard tables, by which the performance of different LLMs is tracked against
benchmark tests. These are designed by industry and STEM disciplines to their standards, assess
foundation models rather than RAG architectures (see below) and do not account for the semantics
of historical source documents or HASS and GLAM sector values or scholarly requirements (Lee
etal. 2023; Li et al. 2023; Lin et al. 2022). As the International Panel on the Information Environment
(IPIE 2025) noted in early 2025, issues with labour laws, violations of human rights and the rights of
Indigenous modes of knowledge and scholarship are never noted in such frameworks. Environmental
impact is often considered but political and gender bias, and racism, are not adequately confronted
(IPIE 2025, 11).

This set of problems speaks to a wider issue. A benchmark specifically designed to test histori-
cal knowledge has concluded that “while the overall performance of the LLMs on expert historical
knowledge is better than random guessing, it falls short of comprehensive expert-level knowledge”
(Hauser et al. 2024). Those tests were conducted by comparing the output of LLMs against the Sheshat
Global History Databank, a broad-ranging human-curated collection of historical data. While these
results are important, not only for demonstrating the limitations of current LLMs for HASS research
but for establishing a baseline against which future versions can be tested, they are not reflective of
the ways in which LLMs are likely to be deployed in GLAM or HASS settings. Like the commer-
cial leaderboards they are derived from, they were not designed to test the performance of LLM
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RAG systems or to evaluate how LLMs and LLM RAG systems might be evaluated in terms of
broad sociotechnical metrics. This more holistic mode of evaluation is important because it reflects
modes of deployment likely to occur across the HASS and GLAM sectors, as Al becomes more
tightly integrated into RI. DH scholars need to gain a sense of the baseline accuracy of LLMs,
but there are many other issues to consider as well, ranging from basic issues of scientific best
practice (transparency, explainability, reproducibility) to environmental impact, cultural safety and
deployment cost.

STEM and computational linguistics research communities are aware of the importance of testing
and have been developing tools and methods for many years, noting that “[w]ith the rapid devel-
opment and widespread use of LLMs, the importance of evaluating them in practical applications
and research has become crucial” (Chang et al. 2024, 39:31). The implications of this statement are
more profound than might be supposed. The commercialisation of LLMs has depended on the inter-
action between evaluation, testing and subsequent technical development, initially through empirical
(often automated) benchmarking but increasingly through human-in-the-loop evaluation that allows
for “greater human feedback during the evaluation process” (Chang et al. 2024, 39:31). The ability of
DH scholars to design and develop LLM research tools is heavily dependent upon their capacity to
engage in wide-ranging software test engineering.

Yet engagement with software test engineering alone is insufficient. The opacity of Al tech-
nologies demands not just technical competence but critical reflection on the systems being built
and evaluated. Testing has always been integral to software development, but the opacity of Al
technology heightens the stakes. As is well known from landmark publications such as Emily
M. Bender et al’s (2021) “stochastic parrots” article “.. an LM [language model] is a system for
haphazardly stitching together sequences of linguistic forms it has observed in its vast training
data, according to probabilistic information about how they combine, but without any reference
to meaning ..” (Bender et al. 2021, 617). This results in the well-known tendency towards “hal-
lucination” of facts and citations (Xu et al. 2024), and the deep opacity of AI systems that lend
them the appearance of classic “black box” technologies (impenetrable to meaningful interpre-
tation) (Pasquale 2015). Opacity is increased again through the commercialisation of LLMs into
products and apps that actively seek to hide complexity from end users, in the interests of protect-
ing intellectual property (IP) rights and improving user experience. As David Berry has pointed
out, it is important not to over-compensate for these issues and assume meaningful knowledge
of Al products is impossible, but commercial products make robust evaluation of LLMs difficult
(Berry 2023). Evaluation and testing can never provide full transparency, but they can ameliorate
the opacity of LLM-based products to a significant degree and enable informed decisions regarding
LLM use.

This is of huge importance in epistemological as well as political and sociotechnical terms. If DH
scholars can harness the power of language models, gaining leverage over their tendency to reflect
biases from their training data in their output, they will be better positioned to integrate them into
research workflows, contribute to their ethical design, development and regulation and support the
broader GLAM community with its engagement with LLM technologies. Our contribution to this
space is to implement a prototype test harness in the spirit of “critical technical practice” presented
by Philip Agre in 1998, introducing technical methods that might have some lasting value in the
development of responsible Al for HASS and GLAM (Agre 1997). Our prototyping method is neces-
sarily reliant on established engineering methods but is informed by a commitment to the values and
principles of the HASS and GLAM communities, incorporating the spirit of responsible and slow AI
(Huggett 2024; McLennan et al. 2020). If we, as DH scholars, can create models, workflows and pro-
totypes that support thinking through the realities of working with and against AI technologies, we
stand a much better chance of either developing production-grade versions of those technologies or
(atleast) understanding them well enough to build mutually beneficial relationships with commercial
vendors.
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Having outlined the case for critical technical engagement with LLM technologies, this sec-
tion describes the design choices that have shaped ATLAS’s development and details its architecture.'
ATLAS is a prototype developed using the Python frameworks FastAPI and LangChain, the fron-
tend framework Vue and the vector store Chroma DB (Figure 2). The key-value store Redis is used
to enable feedback telemetry and manage the message queue in production. AWS Cognito is used
for user authentication. Telemetry is enabled using the Open Telemetry schema for delivery to the
Phoenix Arize cloud platform. Heavy use has been made of AI coding tools, including GitHub
Copilot, Cursor, Windsurf and Claude Code. The sole developer (Smithies) is an amateur program-
mer, augmented by insights gained from two decades working with software engineering teams in the
commercial, government and academic sectors. This process of coding with Al in a research context
is outside the scope of this paper but is an important topic for further investigation, with significant
implications for HASS research.

The ATLAS harness enables reproducible and transparent experiments with relatively large cor-
pora and multiple models. The system uses a mixture of deterministic and probabilistic technologies
and can be configured to use any number of LLMs, including commercial (OpenAl, Anthropic,
Google) and more open models (Llama, Mistral, DeepSeek). The user interacts with a standard ques-
tion and answer (Q&A) chatbot interface (Figure 3). Although the choice of technologies stemmed
from a preference for Python-based tools, it was strongly influenced by the state of technology when
development started in mid-2024. At that point in time, there were few low and no-code solu-
tions, and desktop and commercial products had limited functionality and worse transparency. The
LangChain framework was the leading option but was under rapid development and criticised by
experienced programmers for being unnecessarily abstract (Safjan 2023). Rival frameworks were
even less mature. At the time of writing, version 0.2.1 of the ATLAS prototype is about to be released
and the tool has been used in multiple production-level contexts.

The hope is that ATLAS can continue to develop alongside rapid changes in the technical environ-
ment, but it is envisaged as an ephemeral prototype. The sustainability of using complex development
tools, designed for enterprise use cases, is questionable, and it is unlikely that the project has the broad
appeal needed to develop a technical community. The primary benefit of the chosen technology stack
is its ability to provide a view “behind the veil” of LLM RAG systems, exposing the components that
influence the system output (Figure 1) and modelling possible approaches to LLM RAG testing, rather
than as a long-term solution suitable for widespread production use.

RAG system architectures are largely deterministic (traditional web applications), except for the
foundation model (LLM) that provides the “brains” of the system, and include multiple configurable
elements. The responses from the LLM are guided by system prompts that define the role the LLM
should adopt in its answer. This constrains but does not override the different “personalities” of the
different LLMs (Serapio-Garcia et al. 2023). The primary system prompt for ATLAS is configurable
and can make a significant difference to the output. At the time of writing, its default prompt is 66 lines
long, divided into sections defining its role, corpus selection, citation guidelines, evidence handling,
uncertainty handling and edge cases. Its primary “identity” is defined in the following way:

You are an expert historical research assistant specializing in 1901 Hansard parliamentary
records from Australia, New Zealand, and the United Kingdom. Your expertise is limited to
these historical records and their context, but you can make relevant comparisons to con-
temporary issues when appropriate. Present your findings in a clear, authoritative manner ....
(Smithies and Berman 2025b)

"ATLAS is an open-source project. The codebase can be found on GitHub at https://github.com/Al-as-Infrastructure/
aiinfra-atlas/releases/tag/v0.2.0 (Smithies and Berman 2025b). Example implementations, example telemetry data and further
documentation can be found on Zenodo at https://zenodo.org/communities/aiinfra/.
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Figure 1. ATLAS large language model (LLM) retrieval-augmented generation (RAG) architecture.
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Figure 2. ATLAS vector store database.

Another system prompt is needed to guide multi-turn Q&A, instructing the LLM:

Given a chat history and the latest user question which might reference context in the chat
history, formulate a standalone question which can be understood without the chat history. Do
NOT answer the question, just reformulate it if needed and otherwise return it as is.?

Using the system prompts, the LLM uses a “retriever” module, written using LangChain, to search
across a vector database containing the transnational corpus of Hansard documents, stripped of
their XML in the initial version to create a straightforward text corpus and divided into ~95,000
“chunks.” Significantly, the open architecture of ATLAS allows for the implementation of multiple dif-
ferent retrievers, optimised for different vector stores and emerging forms of Model Context Protocol
servers that can provide accessible programmatic access to data sources of various kinds.

One of the benefits of using open-source components, therefore, is the ability to create multiple
vector store databases using the baseline Hansard corpus. As the primary data source for the system,

*This phrasing was taken from LangChain documentation. See https://python.langchain.com/v0.1/docs/use_cases/
question_answering/chat_history/.
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Figure 3. ATLAS user interface.

the vector store has a crucial effect on the eventual output, implying the need for testing different
approaches to vector store design. This is especially the case with the transformation of the docu-
ment chunks into word embeddings that are stored in the database, a process that is needed because
of the limited “context window” of LLMs. The LLM will only retrieve a limited number of chunks
that match the user question, grounding its answers in them. Different document “chunking” sizes
can therefore make a significant difference to the answers given by the LLM, depending on whether
the chosen chunks support robust inferencing. The baseline ATLAS vector store adopts the widely
accepted approach of chunking the Hansard debates into tokens of 1000, with an overlap of 200,
resulting in ~95,000 chunks with associated metadata. The number of chunks returned by the LLM
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(known as the “search-k” or “fetch-k” number) can also be set, with a range between 10 and 100
producing reasonable results depending on the LLM used. A “temperature” setting influences the
shape of probability distribution through which an LLM generates a response, with a setting of 0
being the least random (or, most deterministic). Future work will assess whether larger or smaller
chunks improve performance, and whether the ever-increasing context windows of LLMs will allow
the analysis of HASS and GLAM-sized corpora without the use of RAG architectures.’

This does not seem likely in the short term, although the pace of development is rapid. It is impor-
tant to understand the trade-oft with using RAG systems for the analysis of corpora, regardless.
The fetch-k setting drastically reduces the amount of information the LLM has available to analyse,
reducing the information space and evidentiary context of the resulting answer, but also drastically
reducing the computational, financial and environmental cost of analysis. In the case of the default
transnational Hansard corpus used in ATLAS, costs are reduced from over $USD1000 per query
(depending on the model used) to a matter of cents. The technique for achieving this relies on a
radical reduction in the information space available to the LLM to analyse. Rather than analysing
all 11,967,262 words (70,581,735 tokens) in the corpus, which ChatGPT-40 would need to do in 579
batches to fit the data into its 128,000 token context window at the time of writing, only the document
chunks defined by the fetch-K varijable are analysed. This monetary reality corresponds to environ-
mental impact in important ways, with the cost of each query reflecting the computational intensity
of the related processing.

The chunks are chosen using the Hierarchical Navigable Small World algorithm that selects chunks
based on their semantic similarity to the query (making the choice of word embedding significant),
then re-ranked using a standard process. This reduces the 95,000 chunks to 500 and then 30 that are
analysed by the LLM, depending on the test target configuration. As with all LLM RAG systems, the
information space is so reduced that a degree of serendipity is introduced, requiring careful attention
to the response, but the underlying architecture guarantees a relationship between query, response
and citations. The precise sociotechnical and epistemological nature of this relationship is a question
of some complexity, especially given the probabilistic nature of the LLM responsible for analysing the
document chunks, but parallels could perhaps be found in the analogue world of browsing library
shelves and card catalogues. The point is not to assume the epistemological relationship between
researcher and tool is stable or known (and certainly not to treat LLM RAG systems as oracles), but
to problematise such systems in terms of critical technical practice and evaluate their potential role
in the discovery and research process on that basis.

Aside from gaining the ability to extract and attach metadata to document chunks (potentially
including concepts, entities and sentiments alongside basic information about the Hansard session,
country of origin and so on), the primary advantage of having complete control over the vector store is
the ability to use any number of different word embedding models in the development process, ensur-
ing the semantic relationships represented in the vector space of the database correspond to historical

® At the time of writing, even Google’s NotebookLM has a context window (1.5-2 million tokens depending on the model),
an order of magnitude too small to fit the Hansard corpus, even though the corpus only stores debates from a single year across
the three countries. See Google.com. “Long Context | Gemini API” Google Al for Developers. Accessed 21 February 2025.
https://ai.google.dev/gemini-api/docs/long-context.

*Cost estimation for full-corpus query vs. RAG retrieval using GPT-40, 128k context. ~Tokens per chunk: 500 tokens;
~total chunks: 183,000; ~total tokens needed for context window: 183,000 x 500 = 91,500,000 tokens. A full-corpus
query using GPT-40 (128k context window) requires processing 91,500,000 tokens as input, with an estimated output of
9,150,000 tokens (assuming a summary with citations is 10% of the input size). Based on OpenAI’s December 2024 pric-
ing: input cost: (91,500,000 + 1,000,000, because OpenAl prices per 1 million tokens) x $2.50 (the cost of processing
1 million tokens) = $228.75; output cost: (91,500,000 + 1,000,000) x $10.00 = $915.00; total cost per query: $1143.75.
However, using a RAG approach, only a subset of relevant chunks is retrieved rather than processing the entire corpus.
For instance, if a fetch-K value retrieves 20 document chunks of 500 tokens each (10,000 tokens per query), the input cost
drops significantly: RAG-based input cost: (10,000 + 1,000,000) x $2.50 = $0.025; output cost (assuming 10% of input):
(1000 + 1,000,000) x $10.00 = $0.01; total cost per query (RAG): ~$0.035 per query.
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rather than contemporary semantics (McGillivray 2020). Most commercial LLM RAG products limit
the word embeddings that can be used (if they even allow the user to see which embeddings have been
used to transform the documents they have uploaded), as well as significantly limiting the num-
ber of documents that can be uploaded to the vector store. The primary ATLAS vector store uses
word embeddings developed by the Living With Machines project. The embeddings are based on the
well-regarded Bidirectional Encoder Representations from Transformers (BERT) model, fine-tuned
using one billion tokens of content from the British Library’s collection of books from 1890 to 1901
(Hosseini et al. 2021). It is worth noting the foresight of that project in producing the embeddings
and making them available for wider use. Future work could test our assumption that a vector store
developed using the Living With Machines BERT word embeddings will perform better than vector
stores developed using word embeddings optimised for contemporary content. While it is tempting to
assume historical semantics will have a demonstrable effect on the quality of the output, the possibil-
ity remains that a sufficiently powerful LLM might be able to draw on its own background knowledge
and the context of the corpus to choose appropriate chunks and infer appropriate meaning.
Pushing back against the opacity of many commercial Al products, ATLAS provides detailed tech-
nical information about the “calibration” of each system target (model version, word embedding,
vector store characteristics, system prompt), as well as the source documents used by the foundation

{s} ATLAS_2024-11-19_15-17-33 ) No Selection

1 K
"date": "2024-11-19T@4:17:33.813Z",
"config": {

"ALGORITHM": "FLAT",

"CHUNK_OVERLAP": "75",

"CHUNK_SIZE": "bee",

"DATABASE_URL": "redis://redis:6379",

"EMBEDDING_MODEL": "Livingwithmachines/bert_1898_1900",

"INDEX_NAME": "lwm_bert_1896_190@_v.1.0",

"LLM": "gpt-40-mini",

"SEARCH_KWARGS": {

*k*: 18;
"score_threshold": 6.2

}f

"SEARCH_TYPE": "similarity_score_threshold",

"SYSTEM_PROMPT": "You are a historical research assistant tasked with answering questions
based on Hansard texts from 1901 in New Zealand, Australia, and the United Kingdom. Use
the provided context to provide a concise answer (up to five sentences) to the
guestion. If you're unsure or don't know the answer, say so. Please compare and
contrast the debates across countries when possible. For follow-up questions, ensure
continuity by referencing previous answers and context.\n\nQuestion:
{question}\nContext: {context}\nAnswer:"

},
"chatHistory": [
{
"sender": "user"
"message": "Describe the documents, referring to similarities and differences between
countries."
I
{
"sender": "ai",
"message": "The documents referenced in the Hansard texts from 1901 highlight various

governmental discussions regarding the preservation and management of local records,
financial conditions, and taxation across New Zealand, Australia, and the United
Kingdom. A similarity among these countries is the emphasis on establishing
systematic records for local governance, akin to the Register House in Edinburgh and
the Record Office in Dublin, indicating a shared concern for historical documentation
and administrative efficiency.\n\nHowever, differences emerge in the context of

Figure 4. ATLAS .json export.
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model to generate its response. The first version of the user interface only includes a simple multi-
turn Q&A interface, with answers including citations to the document chunks used in the analysis.
A privacy setting allows users to perform searches without their queries being captured. Data that is
captured is fully anonymised, including the IP of the computer used for testing or any information
about the user beyond their questions and feedback ratings.

To facilitate reproducibility, the user interface (UI) also includes export functionality that produces
a .json file with the details of the system target and a record of the Q&A and citations (Figure 4). This
is a rudimentary nod towards reproducibility but has been augmented with rich telemetry data that
captures not only the input and output data but steps in the RAG chain, such as guardrail assessment
(which can be configured to detect hate speech or language related to Indigenous culture or other
sensitive topics), the retrieval and re-ranking process, and citation generation. By recording token
counts for each query and response pair, a sense can be gained of the financial but also environmental
cost of the system, and by sending test target metadata, it becomes possible to compare different
configurations of the system.

In keeping with our focus on human responses to AI, ATLAS also includes functionality to cap-
ture human feedback on the LLM RAG output. We view this as crucial to the evaluation process,
allowing subject domain and general users to enter feedback that is added to the telemetry sent to
Phoenix Arize (Figure 5). This has been augmented with an inter-rating feature that allows feedback
on Q&A sessions to be submitted by multiple users, improving the quality of the dataset. Although
the data collected by ATLAS is anonymous, it should allow the project to develop a rich database
of test configurations and associated user feedback for later analysis and possible model fine-tuning
and LLM-as-Judge testing. Al “observability” frameworks and services (often also offering automated
testing services), such as Phoenix Arize, are important for HASS and GLAM communities. Such tools
have undeniable connections to the age of “surveillance capitalism” (Zuboff 2019) but reflect a con-
vergence between traditional notions of transparency and reproducibility in HASS research and the
technology industry’s need for tools and methods capable of derisking probabilistic systems. Such

Trace com.atlas.rag.generation.response E P E

g com.atias.rag. pipeline

Annotations & Attributes Events
! com.atlas. guardrails. sensitivity

annotator kind user
I O com.atlas.rag retrieval
i~ (@) com.atlas.rag.generation GD 367

[8) com.atlas.rag.generation.re.

@ com.atlas rag references

Figure 5. ATLAS user feedback in the Phoenix Arize observability platform.
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tools meet the needs of commercial auditing and compliance requirements and provide software engi-
neers and data scientists with large amounts of detailed test data. They also provide HASS and GLAM
sector practitioners with a level of rigour appropriate to their research and public sector activities.

Ultimately, the intention is to use the telemetry and feedback data for automated testing, whereby
a second LLM is trained to assess the quality of responses and asked to grade the output of a range of
different system targets. Despite this potential, it is important to note that testing with ATLAS requires
substantial attention to human ethics and test planning, to ensure any subsequent operationalisation
of the system is properly contextualised (Berman and Smithies 2026). This crucial supporting material
is under development at the time of writing. The test plan, used to guide focus groups and online
interaction with ATLAS, will be made available along with the source code in due course. The plan
uses principles for testing LLM systems informed by HASTRICT principles, referring to the need for
testing to be H: Human-focused; A: Accountable; S: System-aware; T: Transparent; R: Reproducible; I:
Iterative; C: Contextually Informed; and T: Task based (Smithies and Berman 2025a). These principles
pair the technical ATLAS system with controlled human processes to generate actionable research
data and will be the ultimate test of the harness.

Developing ATLAS as an exercise in critical technical practice has yielded a functional prototype.
ATLAS’s development reveals the extent of configurability choices (embeddings, chunking, retrieval
strategy, system prompts) necessitated by the application of RAG to GLAM datasets and highlights
the significant epistemological questions raised by these choices, alongside the radical information-
space reduction these choices enable. The choice of word embedding model informs which semantic
relationships are encoded in the vector store; the chunking strategy determines what units of evidence
the LLM can access; the system prompt shapes the persona and interpretive frame applied to that
evidence; and the fetch-k setting determines how much of the corpus is brought to bear on any given
query. Each of these choices carries epistemological weight, yet in most commercial deployments,
they are made by engineers with no domain expertise in the materials being analysed and are invisible
to the researcher or GLAM professional using the resulting tool. The value of ATLAS as a prototype
thus lies less in its technical novelty than in the way it makes these choices explicit, configurable and
available for critical examination.

ATLAS models a constructive path for DH engagement with LLM technologies through critical
technical practice, highlighting that the barriers to critical technical engagement with LLMs are lower
than may be implied by AT technologists. ATLAS was developed by a single amateur programmer
using Al coding tools, without a dedicated engineering team. While commercial software products
have their role, ATLAS demonstrates the potential for DH scholars to build their own prototypes and
illustrates the benefits of doing so. The challenges of using emerging and rapidly developing open-
source tools to develop experimental LLM applications expose DH scholars to the inevitable design
trade-offs and compromises involved in the integration of LLM technologies in research workflows.
This exposure can generate a form of embodied understanding that neither user-level interaction
with commercial products nor scholarly critique of such products can provide. It is this experiential,
practice-based knowledge that Agre’s (1997) critical technical practice surfaces.

The development of ATLAS also reveals an unexpected convergence between DH and industry
priorities that creates favourable conditions for this kind of work. For DH scholars, transparency and
reproducibility are preconditions for critical technical practice; for LLM technologists, traceability
and observability are commercial necessities driven by the need to audit and derisk probabilistic sys-
tems. Industry is building tools to address these concerns, notably observability platforms such as
Phoenix Arize, open telemetry standards and detailed logging of RAG chain processes. These can be
repurposed by DH scholars to enable highly transparent and somewhat reproducible experimental
LLM systems. This convergence has limits. Data provenance and cultural stewardship, for instance,

https://doi.org/10.1017/cfc.2026.10029 Published online by Cambridge University Press


https://doi.org/10.1017/cfc.2026.10029

Cambridge Forum on AI: Culture and Society 11

are foundational concerns for DH and GLAM communities that the technology sector has little incen-
tive to prioritise. ATLAS demonstrates, however, that responsible, research-standard data practices
can be realised through the development of open-source tools, rather than through dependence on
commercial product licenses whose priorities may not align with those of the research communities
they serve.

Nonetheless, at the time of writing, the possibility remains that our experiment in critical techni-
cal practice will fail to achieve its objectives. Limitations abound, from the sole developer model
to the pace of technological change, the inscrutability of models, the architectural complexity of
LLM RAG systems and the need to upgrade to more performant approaches, and problems mov-
ing from prototype to full production. Conceived in the heat of the hype around LLMs in June
2024 and developed using high-risk rapid development processes, the cascading levels of techni-
cal and sociotechnical complexity, paired with the need to wrap testing in robust human ethics
and testing processes, pale in comparison to the enterprise-scale resources and experience com-
mercial teams can bring to bear. Ultimately, although the project remains on a positive trajectory
at the time of writing, it could well be that our raison détre is overtaken by increasingly powerful
general-purpose models, the feedback data we aim to collect does not support meaningful analy-
sis or model fine-tuning or the sheer systemic complexity of LLM RAG architecture overwhelms
sociotechnical interpretation. Agre’s (1997) exhortation to engage in critical technical practice sus-
tains us, a reminder that we must never give up our effort to harness technology for the social
good.
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