Grounding Al in humanistic inquiry
Interdisciplinary challenges for evaluation and interpretability

Oliver Eberle

1. Introduction

The rise of foundation models has enabled machine learning (ML) systems to be applied
across a wide range of scientific domains (Richards et al., 2019; Carleo et al., 2019; Ra-
jpurkar et al., 2022; Quazi 2022). Recent advances have further led to the development
and rise of artificial large reasoning models (LRMs) (see (Xu et al., 2025) for an overview),
which are designed to address multi-step decision tasks like the derivation of mathe-
matical proofs, generating code, and common-sense reasoning. The accelerated use of
such LLM systems in scientific practice has especially benefited fields like the natural
sciences, characterized by large-scale data, quantitative methods, and well-structured
datasets. Meanwhile, HPSS, characterized by low-resource data as well as challenging
annotation and evaluation tasks, took a backseat. Nonetheless, Al has the potential to
“radically change humanities” (Duch 2023) and offers opportunities to address both tech-
nical and societal challenges amid the rapid adoption of this technology.

However, as Al models grow in complexity and are applied to more challenging tasks
like artificial reasoning, their inner workings become increasingly opaque, posing chal-
lenges for scientific applications that demand interpretability, trustworthiness, and ver-
ifiability. Explainable Al and interpretability research aim to develop methods that un-
cover how Al systems operate at a fundamental level (Samek et al., 2019; Linardatos et
al., 2021; Zhao et al., 2024).

The following explores the mutual interactions between ML and HPSS, then dis-
cusses the challenges of evaluation and interpretability, before presenting ways forward
and concluding.
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Part 1: General challenges and limitations
2. Current interactions between ML and HPSS research
2.1 ML-inspired HPSS

2.11 ML accelerates manual HPSS processes

Many works at the intersection of HPSS and LLMs aim to streamline and scale labor-
intensive tasks such as transcription, text restoration, entity recognition, topic attribu-
tion, and automated image extraction. Nikolaidou et al. (2022) and Sommerschield et
al. (2023) provide surveys of relevant data and methods in the historical sciences, high-
lighting the specific challenges like out-of-domain materials and model evaluation. Sim-
ilarly, social scientists have used LLMs as a tool for automating manual processes, includ-
ing annotation or information extraction, as well as summarizing and analyzing large
amounts of speech and text (see Macanovic 2022; Linegar et al., 2023 for an overview).
For a broader review of ML and LLM approaches used in the context of the humanities,
see Chapinal-Heras and Diaz-Sinchez (2023), Simons et al. (2026), Meding and Daugs
(2026), and Lang (2026).

2.1.2 ML can promote novel HPSS research

The iterative process of gathering, analyzing, and interpreting material in HPSS research
challenges standard prediction systems’ ability to produce novel insights. Consequently,
relatively few works have employed ML in the context of historical insight discovery and
“historian in the loop” studies (Assael and Sommerschield et al. 2022; Eberle et al. 2024;
Assael and Sommerschield et al., 2025). Further advances would require ML and LLM
systems to deeply understand relevant sources, including historical foundation mod-
els evaluated on expert global history knowledge, as recently explored by Hauser et al.
(2024). Social scientists have used LLMs to study the modeling of cultural transmission
(Brinkmannetal., 2023, Luetal., 2025), the emergence of psychological theories in LLMs,
e.g.,theory of mind (Strachanetal., 2024) or behavioural game theory (Akataetal., 2025),
and their usefulness for LLM social simulations (Qu and Wang 2024; Anthis et al., 2025).
This demonstrates how advances in ML can support and enable the investigation of novel
scientific questions in HPSS.

2.1.3 ML as an application of the HPSS

Philosophy has interacted with ML by challenging its concepts and the integration of Al
progress into existing theories, e.g., bringing statistical learning theory into discussions
on the reliability of induction (Harman and Kulkarni 2007), viewing ML as an “experi-
mental philosophy of science” (Korb 2004), bridging philosophical accounts of causality
in ML and philosophy (Pearl 2000; Halpern and Pearl 2005), or how information the-
ory contributed to shaping theories of mind and meaning (Adams 2003). Further ex-
change of ML and philosophy has centered on concepts of scientificexplanation (Woodward
and Ross 2003) aimed toward interpreting today’s largely opaque models as discussed in
(Miller 2018; Erasmus et al., 2021). Philosophical analyses of ML systems (Thagard, 1990)
anticipated challenges that would become practically relevant to deep learning research
decades later, including adversarial or counterfactual data and models that generate pre-
dictions based on irrelevant inferences in specific problem-solving scenarios (Szegedy et



https://doi.org/10.14361%2F9783839447529-057
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by/4.0/

Oliver Eberle: Grounding Al in humanistic inquiry

al., 2014; Lapuschkin et al., 2019). Together, these perspectives position HPSS as an im-
portant intellectual framework capable of shaping ML research by driving deeper inquiry
into the nature of knowledge, explanation, and understanding.

2.2 HPSS-inspired ML

2.2.1 HPSS challenges ML

Heterogeneity alongside temporality and context-awareness present key challenges to
ML and LLMs, which currently limit the faithful processing of historical sources. To
address data heterogeneity of complex materials, custom ML approaches have been
proposed (e.g., Assael and Sommerschield et al., 2022; Eberle et al., 2024), currently
requiring tailored solutions and active model development. Nonetheless, advances
in AI and the increasing accessibility of powerful foundation models may soon make
Al-based analyses feasible, even in challenging scenarios. For instance, deep optical
character recognition (OCR) models have recently been proposed to compress historical
long-context data into visual tokens rather than text tokens (Wei et al., 2025), capturing
rich spatial and contextual information and enabling more efficient indexing, retrieval,
and analysis of archival materials, thereby offering a more contextualized understanding
of sources.

While making such sources machine-readable is a crucial step toward enabling
scientific insight at scale, humanistic inquiry engages with interpretive reasoning,
diachronic investigation, and contextual nuance, which currently constitute underex-
plored areas of ML research. For instance, the computational modeling of temporal
change presents a current frontier as discussed in (Biittner, 2026). Given the method-
ological challenges of extending ML modeling frameworks, recent studies have produc-
tively focused on decomposing historical workflows (e.g., Sommerschield et al., 2023)
to enable computational analysis, providing valuable intermediate steps toward the
development of more sophisticated modeling approaches.

As LLMs are trained to capture statistical associations, they struggle in HPSS do-
mains where causal structures are shaped by complex contexts, e.g., historical, cultural,
or institutional, and where scientific explanations depend as much on interpretation
as on observation. For example, philosophical inquiry and reasoning may not deliver
sufficiently many recognizable, repeatable patterns to robustly train today’s Al systems
(D'Alessandro, 2026). Philosophers such as (Machamer et al., 2000) have framed scien-
tific practice as uncovering mechanisms that explain how phenomena arise, emphasiz-
ing entities and how activities among them cause change. These ideas were popularized
and adopted in biology and neuroscience, which have since informed the analysis of Al
systems and, specifically, shaped the concepts and goals of interpretability research as
discussed in Section 3.

2.2.2 HPSS grounds ML

While most ML research focuses on technical challenges, HPSS can play a key role in
clarifying trade-offs between technological advances and societal values, for example by
discussing how research that involves LLMs intersects with issues of data privacy, trans-
parency, and fairness. Epistemology can further ground ML research by examining how
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evidence and uncertainty constrain what can be confidently known (Lipton, 2004; Ki-
ureghian and Ditlevsen, 2009), providing important conceptual foundations for develop-
ing epistemologically informed ML. In this context, research on artificial reasoning with
LRMs has mostly focused on deductive settings, e.g., generating mathematical proofs,
for which clear ground truth reasoning steps can be obtained for validation. Addressing
uncertainty and non-deductive reasoning remains a significant challenge, one in which
the HPSS community has long-standing expertise that can aid in grounding future de-
velopments. Recent work on analyzing LLMs has further explored neural network repre-
sentations related to truthfulness (Azaria and Mitchell, 2023) and morality (Wynn et al.,
2024; Jiang et al., 2025), building on key philosophical notions and recent benchmarks
like MoralBench (Ji et al., 2024). Further empirical evidence of universal representations
across foundation models and tasks has sparked discussions on converging representa-
tions in deep learning (Huh et al., 2024), which the authors conceptually link to Plato’s
Allegory of the Cave and convergent realism (Laudan, 1981; Putnam, 1982).

2.2.3 HPSS can inform the development of ML methods

Besides challenging ML, HPSS offers rich data, complex task settings and workflows, as
well as methodological guidance for improving model reasoning and alignment. Model
tuning through HPSS materials has recently been explored; e.g., moral alignment via
in-context ethical policies (Rao et al., 2023), factuality-aware learning algorithms (Lin
et al., 2024), and even fine-tuning LLMs on the works of philosopher Daniel Dennett
(Schwitzgebel et al., 2024). In the context of designing Al agent systems, philosophi-
cal and social science frameworks have informed recent work, including multi-agent
systems grounded in epistemology (Shoham and Leyton-Brown, 2008), LLM-agentic
philosophers (Barkol, 2025), and cooperative systems (Ashery et al., 2025). Beyond
guiding model design, critically evaluating and understanding these systems from
perspectives such as epistemology, reasoning, human values, and historical and social
context is key to developing Al that is interpretable, reliable, and socially aligned.

3. The challenge of LLM evaluation and interpretability
3.1 Behavioral evaluation of performance

The evaluation of today’s state-of-the-art LLMs predominantly focuses on task suites de-
signed to test certain desired capabilities such as general, potentially multilingual, lan-
guage understanding and comprehension, code generation, mathematical and logical
reasoning, and general prompt instruction following; see (Srivastava et al., 2023) for an
overview of commonly used tasks and task structure. Aside from evaluating models in
terms of their alignment with general human preferences and their performance relative
to weakly defined safety and ethics-critical standards, dedicated HPSS benchmarks are
largely missing. As standard ML evaluations are limited in capturing the complexity of
large text as produced by LLMs, Wallach et al. (2025) propose to frame generative Al eval-
uation as a social science measurement challenge, providing a path forward in capturing
abstract concepts such as ideology, democracy, or bias via measurement theory frame-
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works. This highlights the potential of HPSS approaches to develop nuanced evaluations
of LLM behavior, moving beyond the simplistic technical benchmarks that dominate ML
research.

3.2 Understanding Al models through explanation techniques
and interpretability studies

While accurate performance measurements are an important step toward using LLMs
in HPSS, uncovering and verifying their underlying inference mechanisms are crucial,
especially in the context of grounding scientific discovery. Although models may be able
to generate novel outputs and scientifically valuable hypotheses without revealing their
internal processes, understanding these mechanisms can enhance trust and provide
deeper insight. This requires access to faithful model explanations that aim to pro-
vide (i) transparency and trustworthiness, (ii) verifiability, (iii) human interpretability
and understanding, (iv) insights into potentially unexpected model strategies, and (v)
actionable guidance for model improvement or error mitigation. Since explanations
can be derived at multiple levels and provide insight in various formats, the following
summarizes the most common variants in the context of language models.

3.3 Explanations across levels and structures

Initial explanation efforts have focused on explanations in terms of relevant input fea-
tures. Such feature attribution methods have been widely used to compute heatmaps
over input samples such as token sequences used in text classification tasks (Bach et al.,
2015; Ribeiro et al.; 2016, Sundararajan et al., 2017; Ali et al., 2022). Furthermore, the
analysis of model internals, i.e., neuron-level interpretation, layer-wise representations
and analysis of relevant model components like attention heads, can provide deeper in-
sightinto how the model inputs are represented, interpreted and contextualized, aiming
to reveal mechanistic strategies. Mechanistic interpretability herein developed methods
for the extraction of circuits via causal abstractions of LLMs (Geiger et al., 2021; Geiger et
al., 2025). Structured explanations extend beyond heatmaps by capturing higher-order
interactions among multiple features (Eberle et al., 2022; Schnake et al., 2022), for exam-
ple revealing token-token interactions in LLMs (Vasileiou and Eberle, 2024). Algorith-
mic explanations further aim to identify the implemented internal algorithms of LLMs
and LRMs, focusing on defining primitives and compositions thereof (Eberle et al., 2025;
Lippl et al., 2025). To approximate the function of specific internal features, such as in-
dividual neurons or groups of neurons, feature description methods provide text-based
concept summaries that characterize the patterns most strongly associated with their
activation patterns (Singh et al., 2023; Bills et al., 2023; Kopf et al., 2025).

Extracting influential dataset samples provides explanations in reference to the
training corpus, for example by revealing which samples strongly influenced the learn-
ing of a particular pattern (Han et al., 2020; Grosse et al., 2023). Complementary work
leverages LLMs’ generative abilities to communicate explanations directly, adopting an
output-centric view. Methods include self-explanations and chain-of-thought (Wei et al.,
2022; Huang et al., 2023), as well as free-form interactive user prompt explanations such
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‘what would happen if..”(Slack et al., 2023), and
counterfactual explanations (Chen et al., 2024).

as “explain to me,” “provide evidence,

3.4 Evaluating the quality of explanations

Across all these variants, explainable AI methods need to be rigorously evaluated to en-
sure providing reliable insight into the model. Evaluating explanations is challenging
due to the wide range of methods and explanatory levels, the lack of agreement on what
makes a good explanation, and the inherently fuzzy nature of the concept itself. Com-
mon evaluation criteria include fidelity to the model’s computations, plausibility for hu-
man users, and causality, which assesses whether explanations capture genuine cause
and effect relationships (Samek et al., 2019; Zhao et al., 2024). Evaluation is further com-
plicated by the absence of ground truth explanations and the inherently subjective nature
of what human users consider an effective explanation. See also (Zhou et al., 2021) for a
review on evaluating explanations, and (Zhao et al., 2024) for LLM evaluations specifi-
cally.

In the context of HPSS research, evaluating model explanations is challenging be-
cause clearly defined task settings and ground truth annotations are scarce. Advances
in LLM-based artificial reasoning and multi-agent collaboration now make it possible to
tackle increasingly complex tasks, including AI-driven logic problem solving, common-
sense reasoning, and behavioral simulations, and integration into the scientific process
(Zhang et al., 2025). This, in turn, calls for datasets and benchmarks that, for example,
could focus on the Al-based reproduction of traditional HPSS research findings like the
re-discovery of scientific concepts and ideas from predefined sources. Such investiga-
tions highlight the importance of expertise across HPSS fields, for example in analyzing
a model’s epistemological justification process or studying the collective behavior and
collaboration of multiple AI agents. Achieving this will require closer collaboration and
ongoing exchange of knowledge, data, and tools between HPSS and AI research.

4. Call for action
4.1 Advancing materials and benchmarks for training and evaluation

HPSS communities mustlead the development of domain-specific, curated datasets that
reflect their complexities, structure, and contextual richness. Such datasets are essen-
tial not only for training more reliable and representative models but also for developing
evaluation benchmarks that move beyond generic and narrowly focused metrics. Cur-
rent benchmarks lack key features of HPSS problems, such as temporal change and cul-
tural grounding, navigating ambiguity and normative value judgments, and working
with interpretative or incomplete evidence; see (Hershcovich et al., 2022; Ziems et al.,
2024; Morehouse et al., 2025) for some first steps in this direction. These challenges fur-
ther motivate the development of new evaluation methods that allow capturing dynamic
sources or ill-defined labels.
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4.2 Grounding LLM and interpretability research in HPSS frameworks

Interpretability and evaluation methods should be explicitly grounded in HPSS concep-
tual frameworks, incorporating epistemological rigor, historical context, and cultural
sensitivity. This will ensure that models are not only technically sound but also socially
and scientifically meaningful. The rise of Al has already and will continue to change how
we access, process and retrieve information. However, as Offert (2024) argues, traditional
humanist frameworks may not fully suffice to conceptualize history in a world of con-
stantly remediated data, challenging HPSS to adapt and extend its frameworks in re-
sponse to advances in Al For example, Willems et al. (2025) highlight the need for phi-
losophy in explainable Al and interpretability research to clarify definitions and drive
methodological advances for assessing societally critical aspects.

4.3 Participation in shaping Al discussions and development

HPSS scholars must actively contribute to Al ethics, policy, and public discourse, ensur-
ing that debates about LLM development and deployment are informed by deep under-
standing of historical, philosophical and social implications. Critical perspectives have
played a key role in shaping discussions and raising awareness of fairness, biased pre-
dictions, and accountability in learning-based systems (Dwork et al., 2012; Shah et al.,
2020; Gallegos et al., 2024), and the recent rise of Al agents has further prompted calls for
new ethical frameworks (Gabriel et al., 2025). Furthermore, engagement in Al research
communities, conferences, and collaborative projects is needed to shape future research
agendas, standards, and methodologies that reflect the needs and values of their fields.
The organization of joint workshops like the NeurIPS 2011 workshop on Philosophy and
Machine Learning, the Machine Learning for Ancient Languages Series at ACL 2024 and 2025,
and the NeurIPS 2025 workshop on Algorithmic Collective Action herein provide important
opportunities for extending interdisciplinary exchange.

5. Conclusion

HPSS has the unique opportunity and responsibility to shape the future development of
Al by providing conceptual frameworks, experience with historically grounded context,
and culturally aware evaluation methods. By defining its own benchmarks, datasets, and
interpretability standards, HPSS can support the development of Al systems that are not
only technically proficient but demonstrate epistemic robustness, ethical integrity, and
regulatory compliance. This requires sustained collaboration between HPSS and ML re-
search communities to bridge conceptual gaps and inform methodologies. Such engage-
ment will guide the creation of Al systems that advance human understanding while re-
maining accountable to the diverse values and complexities of the societies they serve.!

1 This chapter was reviewed with support of large language models (LLMs) and its use was restricted
to improving grammar and style. The author remains fully responsible for the final version. For
details on the use of LLMs in this volume, see the statement in the volume's introduction.
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