Encoded humanities, or: not everything
has to be generative
A dialogue on Al tasks and roles

Andreas Wagner and Jiirgen Hermes

1. Introduction

This dialogue examines how generative and non-generative uses of large language mod-
els (LLMs) can be critically assessed in light of the specific demands of humanities re-
search, while also reflecting on the form of scholarly exchanges — their nature, function,
and possible “architecture”. Initiated by Andreas Wagner (AW) and developed in conver-
sation with Jiirgen Hermes (JH) as a willing, at times skeptical interlocutor, the discus-
sion traces a central tension between the commercial push to scale generative models and
the often-overlooked scholarly value of more transparent, non-generative approaches. It
addresses how these divergent developments shape current practices of research and in-
terpretation within the humanities.

With our disciplinary backgrounds in legal history and computational linguistics, re-
spectively, we approach the topic from a perspective situated at a productive distance
from mainstream HPSS (history, philosophy, and sociology of science) research. With
HPSS, we share certain analytical methods — such as named entity recognition, sequence
tagging, and topic modeling — and key questions, including the study of semantic shift
and the reconstruction of regimes of knowledge production. Yet we pursue these ques-
tions in distinct disciplinary contexts and along different trajectories, informed by our
respective disciplines.

We hope that this dialogue contributes to a mutual enrichment of perspectives and
to a more reflective understanding of what it means to engage critically with LLMs in the
humanities — both as methodological instruments and as objects of inquiry.

2. Dialogue

[AW] The whitepaper circulated by three of the workshop organizers (Simons et al., 2026)
and some recent publications like Underwood (2025a) and, for different reasons, Pollin
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et al. (2025) make me come back to my pet peeve (Wagner et al., 2025a). Thank you for
volunteering to comment on my rant about the lack of scaled encoder-only LLMs, or “full-
context models” as the workshop organizers called them in their whitepaper due to the
bidirectional attention mechanism:

Even seasoned LLM researchers report about the gradual phasing out or depreca-
tion of BERT-style models (Devlin et al., 2019) in a strangely skewed way: Tay (2024) from
Google DeepMind discusses the technical disadvantage of bad sample efficiency in the
traditional Masked Language Model (MLM) training objective of encoder models. Other
reports speculate that this might lead to scaling laws not applying to encoder models in
the same ways as they apply to decoder models (e.g., Tao et al., 2024: 2). Not a technical
criticism in the strict sense, Tay adds that these models are cumbersome to apply to con-
crete tasks or to “massage” into few- or even zero-shot tasks. Yet, all of these challenges
are being addressed and have seen substantial improvements: First, various approaches
have improved the sample efficiency, e.g., ModernBERT (Warner et al., 2024a, 2024b)
and ELECTRA (Clark et al., 2020). Second, the assumption that encoders do not scale
has been refuted, e.g. by the Ettin model (Weller et al., 2025a, 2025b)." And third, cross-
domain and cross-task generalization capabilities have been demonstrated in encoder-
only models, e.g. Statement Tuning (Elshabrawy et al., 2024, enabling few- and zero-
shot performance comparable or even superior to SOTA contemporaneous autoregres-
sive LLMs). In the end, Tay quite fittingly finds the real reason for the (alleged) depre-
cation of encoder-only, BERT-style models to be that “people wanted to do all tasks at
once”. Interestingly, in these reports, usually little to no consideration is given to mar-
ketability, commodification, and the fact that the scaling that we have observed has been
dominated by venture-capital-driven commercial actors. But let’s discuss the versatility
argument in detail, because it has a certain importance in humanities research:

The one stroke of genius that must undoubtedly be appreciated in the generative and,
more precisely, dialogical setup of the GPT-style models and platforms (Brown et al.,
2020; OpenAl, 2022) is the possibility to input arbitrary natural language questions and
statements and have the system provide responses that actually do respond to the input,
leveraging the model’s “knowledge“and “understanding” of language. Often, humanities
scholars do not have the experience of how to operationalize their more hermeneutic re-
search questions into a regression or classification task. (For example, study the preva-
lence of a school of thought by classifying publications in a certain journal using fre-
quency of usage of distinctive vocabulary as a proxy; or investigating political stances by
classifying statements according to subject matter and expression of positive or negative
sentiments; or estimating which research subjects have been most fashionable in a given
time period by computing with numbers of publications, citation counts, and funding
decisions.) Only in rare cases, they have the technical training that would be necessary
for them to be able to set up pipelines that apply an encoder language model for some
concrete task, training a custom machine learning model (or classification “head” on top
of an encoder model, or even just leveraging a “zero- or few-shot capability-enhanced”

1 Quite to the contrary, the Ettin project has shown that the performance gap, which finds encoder-
only models performing better than autoregressive models for natural language understanding
tasks, is quite robust even at large scales.
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model). All these approaches involve steps that will require actual software engineering.
Thus, being able to input their research question as they understand it in their day-to-
day work, i.e. in natural (scholarly) language, into a simple dialog interface and have the
system respond to it in meaningful ways opens the door to a realm of possible applica-
tion of computer systems to humanities research (see Simons et al., 2026: section “2.3
The accessibility-literacy trade-oft”).

At the same time, the large-scale, GPT-type generative models pose serious, perhaps
inevitable (Kalai et al., 2025; Xu et al., 2024) concerns: ethical, environmental, and, not
least, epistemic ones like lack of transparency, bias and hallucinations (see also Lang,
2026). On the other hand, the perceived lead in the quality of responses of these models
vis-a-vis encoder-only, BERT-type models is likely to be caused exclusively by the larger
scale of the available generative models. For a certain set of problems the BERT-type
models can be expected to perform better, while eliminating or at least starkly reducing
the ethical, environmental and epistemic concerns.

In fact, I want to argue that for humanities, and in particular for the history, phi-
losophy and sociology of science, the encoding and language understanding technology is
much more relevant than the decoding and language generating one. The tasks that come
to mind are predominantly ones typically associated with encoding models: document
classification, named entity recognition, sentiment or stance detection, and other types
of sequence classification, semantic similarity search etc. And while HPSS scholars do
have use cases for generative functions, their application in other humanities disciplines
seems to be more common and more far-reaching — compare HPSS’s “uncreative” needs
for postcorrection of OCR results or speech-to-text transcription with the reconstruc-
tion of damaged or even lost manuscripts in religious studies and philologies, or with
synthetic texts for stylistic or narrative structure hypothesis testing in literary studies.
In areas other than humanities research, e.g. education or art, generative technologies
like automatic summarization or translation are even more important. Anyway, for hu-
manities research, Pollin et al.’s essay (2025) is perhaps representative in that it explicitly
and exclusively talks about “Gen’Al and yet a huge portion of the tasks it discusses — de-
pending on the counting, even the majority of them — are non-generative ones where
encoder-only models have been used or should at least be considered.”

2 Examples for non-generative tasks mentioned in the essay include named entity recognition, “clas-
sical” deep learning automatic text recognition, and data transformation. In the editors’ whitepa-
per, full-context models feature prominently in all areas —structuring data, pattern detection and
dynamics analysis. Most RAG pipelines have semantic search via vector embeddings at their core
and often could just as well abstain from feeding the results to a text generation mechanism. | sub-
mit this also holds for entity linking insofar as it relies on combining semantic search with a knowl-
edge graph of candidate entities. In the same way, data transformation that works by conventional
algorithmic means should in my opinion be considered non-generative, even when a generative
coding assistant may have played an important role in devising and implementing the algorithm.
Anyway, itis telling that there appears to be no consensus on what non-generative model to use as
abaseline or to compare the results of generative models to: In Pollin etal. (2025), for some NER ex-
periments, a fine-tuned BERT model was used, in other experiments with comparable tasks, calls
were made to an unmodified flair framework (Akbik et al., 2019). This framework in turn relies
on non-generative pretrained models like ELMo, flair’'s own Contextual String Embeddings (Ak-
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While the commercial vendors’ motivations for focusing on dialogical, one-size-fits-all
generative systems are not difficult to guess, I can only speculate that the reasons for
humanists’ ignorance of BERT-type models fall into two categories: delusion and con-
venience. Obviously, both are problematic: For the former, besides the pervasive mar-
keting hype and its anthropomorphizing terminology of “assistants®, “copilots” etc., the
confident, eloquent demeanour that is typical of GPT-style models has been shown in
many studies from LLM research (Steyvers et al., 2025), psychology of confidence heuris-
tic (Pulford et al., 2018; Sah et al., 2011), bullshit receptivity studies (Evans et al., 2020),
or gender studies (Carli, 1990) to provoke unjustified deference and credulousness — even
in scholars, I submit.? For the latter, relying on problematic decoder models just because
they are already available and are easier to integrate into scholarly workflows, forgoing
the development of custom encoder models and pipelines, runs counter to sustainability,
reproducibility, open science and minimal computing principles, feeding profit interests
and bolstering the monopoly of big commercial players instead.

[JH] Let me push back on this a bit. While I agree that encoder-based models are under-
utilized and that much of the scaling has been driven by commercial rather than schol-
arly priorities and I think we will definitely come back to this key point later, I'd argue
there are specific conditions under which generative models can be genuinely produc-
tive for humanities research, even acknowledging the epistemic risks involved. Yes, the
core tasks you mention - classification, NER, similarity search — are indeed better suited
to encoder architectures, but I wonder if we might be overlooking some productive uses
of generative models that go beyond merely supporting the writing process.

Consider exploratory phases of research where we're still trying to articulate what
we're looking for. A generative model can serve as a kind of “thinking partner* for hy-
pothesis generation — not in the anthropomorphized sense, but as a way to systemati-
cally probe large corpora for patterns we hadn't considered. When working with histori-
cal texts, for instance, a well-prompted LLM can surface unexpected conceptual connec-
tions or highlight linguistic shifts that might take months to discover through traditional
close reading — if at all possible.

The key difference is in how we frame this interaction. Instead of treating the model’s
output as authoritative, it could be used as a starting point for verification — a way to
generate testable hypotheses about textual patterns. This requires carefully structured
queries that make our interpretive assumptions explicit and invite the model to challenge
or extend them. But I also see that here’s where your point about quality issues becomes
crucial. The labor cost of verification is indeed high, and this is where the commercial
focus on “helpful and “harmless” responses actually works against scholarly rigor. In a
sense, 'm acting here as your sparring partner — a role that, in my absence, might just

bik et al., 2018) or, and even in a more pronounced way in more recent framework releases, BERT
(Schweter and Akbik, 2021).

3 In the context of software engineering, even experts tend to overestimate the “LLM copilot™s con-
tribution, underestimate the effort they had to spend iterating on their prompting and fixing bugs,
and ascribe problems rather to insufficiencies in their own prompting than to the LLM’s bad per-
formance. Cf. Becker et al. (2025), Claburn (2025), and Hebert (2025).
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as well be filled by a generative model. The difference might lie, perhaps, in the kinds of
resistance offered: I think you're not just expecting a fluent continuation of your text and
some extra praise for your ideas. Instead you should expect from me to question claims
that don't quite convince me and to offer my own perspective, even if it contradicts yours.

To realise that with an LLM, I think we would need models that are willing to ex-
press uncertainty, to highlight conflicting evidence, to say “I don't know” — qualities that
current training paradigms actively suppress (on the limits and even counterproductive
effects of alignment even in the most recent models, cf. Dahlgren Lindstrom et al., 2025;
Liang et al., 2025). But I think this will remain a pious wish as long as we rely on closed,
commercially optimized systems whose primary goal is to appear competent.

LLMs may even have advantages over human “thinking partners” due to their ability
to draw on an enormous amount of contextual knowledge and to capture a broader range
of perspectives — including those that lie beyond the immediate horizon of their users.
For me, this calls for a shift towards genuinely open models — not just in terms of license
or access, but in the full sense of epistemic and infrastructural openness (Kukreja et al.,
2023; Liesenfeld and Dingemanse, 2024). The development of such models is currently
gaining momentum: The ATOM initiative*, a coalition of U.S. researchers, aims to rebuild
America’s leadership in Al by developing fully open, high-performance language mod-
els whose weights and training processes are publicly available. The competitive OLMo
model (recently released in the OLMo-2 7B and 13B variants; cf. OLMo, 2025) aligns with
the design principles promoted by this initiative. On the other side of the Atlantic, the
OpenEuroLLM initiative® is a pan-European consortium of research institutions, com-
panies, and supercomputing centers aiming to develop a family of open-source, multi-
lingual large language models in full transparency, aligned with EU values, regulatory
compliance, and digital sovereignty. Although the previously known EuroLLM models
are not part of this initiative, the first reference model, open-sci-ref 0.01°, has already
been released (Nezhurina et al., 2025). Not least, the two major Swiss technical universi-
ties (ETH Ziirich and EPFL) have developed the promising model Apertus’, which is fully
open, transparent, multilingual, and released under a permissive open-source license
(Hernidndez-Cano et al., 2025). While the language models published so far within these
initiatives still lag behind less open “open-weight” models — whose training data, for in-
stance, is not documented, such as DeepSeek (DeepSeek-Al et al., 2025), Qwen (Yang et
al., 2025), LLaMA (Meta, 2025), or Mistral (Jiang et al., 2023) - they may become a crucial
building block for future (humanities) research with LLMs.

[AW] Okay, but this is a very different frame then: we are no longer talking of using LLMs
as a tool, like we have done with NLP methods. Instead — and please correct me if I did get
you wrong — we either use the LLM as a “thinking partner” (cf. Schlattmann et al. 2026)
in order to refine our own intuitions in a dialogue and get hints for things we did not
yet think of, or we try to make use of them as an epistemic mechanism through which

https://www.atomproject.ai/

https://openeurollm.eu/
https://openeurollm.eu/blog/open-sci-oellm-reference-models-release
https://www.swiss-ai.org/apertus

N o v
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we gain access to latent aspects of the LLMs training data, explore the model’s latent se-
mantic space as it were. I agree that particularly this latter approach is an intriguing way
of using them. And it is obvious that here, it is even more crucial that we can under-
stand or even control the training process and training data because we aim to explore
the linguistic and cultural patterns they incorporate, as it were. We could then attempt to
interpret the (learned) structure of LLMs themselves, for instance with methods devel-
oped in the context of mechanistic interpretability (Sharkey et al., 2025) - like anthropic’s
“mind mapping” (Templeton et al., 2024a, 2024b) or the study of temporal heads (Park et
al., 2025) -, or a kind of (pseudo-)psychological study of model behaviour (Varnum et al.,
2024). I take it this is also what Ted Underwood (2022, 2025b) repeatedly has described
as “mapping of culture”, and, to me, this seems very much on point for HPSS! Underwood
et al. (2025), probe this in very concrete ways and come to mixed conclusions. But don't
forget that this approach throws us back to the operationalization problem: it is us who
have to come up with methods to study neural patterns or with prompts that entice the
LLMs into responding in particular ways (and then interpret the response as revealing
latent cultural patterns). We treat the models as research materials rather than as tools,
and we cannot simply ask the models about patterns in their training data right away. Or
can we?

[JH] I'd like to pick up your suggestion that we can't simply ask models about the “rea-
sons” for their responses. You brought in Ted Underwood’s (20252) comment at the be-
ginning yourself — and he actually thinks that asking them is a good idea: “they [LLMs] do
have the advantage that a user can simply ask them to explain their decisions.”

His argument — which I find compelling, though I haven't fully made up my mind
about its implications - is that we don't ask LLMs for their reasons because they’re ca-
pable of introspection or because they possess explicit knowledge of their training data.
Rather, they provide plausible responses because they are themselves culturally struc-
tured representations. The explanation an LLM gives for its own output isn't a transpar-
ent disclosure of internal mechanisms, but perhaps something we could describe as ret-
rospective confabulation.

That may sound a little paradoxical, given that LLMs’ poor reputation partly stems
from their tendency to confabulate or “hallucinate.” But to my mind, that’s not a bug —
it’s simply their modus operandi (Hermes et al., 2024). And (not just) in this case, it can
actually be productive: not as a causal explanation in any strict sense, but as a culturally
plausible account emerging from the same symbolic space as the behavior it is meant to
explain.

And yes, as you rightly point out: in this perspective, the model is not just a tool, but
neither is it an object of study — it becomes part of the scholarly discourse itself: A par-

8 Methods of (unanticipated) bias detection (Kruspe, 2024) or cultural alignment (Lu et al., 2025)
could be relevant in the same way. See also Liu et al. (2025) and Benson et al. (2025) on how rather
narrow linguistic tasks are related to (and can be used to mitigate) social biases. It should come as
no surprise that researchers from Russian Al research institutes also work hard to highlight “geopo-
litical biases in LLMs” (Salnikov et al, 2025) and to privilege only natural facts as “evergreen ques-
tions” (Pletenev et al., 2025) based on which Al trustworthiness should be established.
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ticipant whose “answers” we don't take literally, but analyze as indicators of the cultural
patterns it encodes. One might say: the model cannot reflect on itself - but it can tell us
how, in the culture it models, a given phenomenon is thought about.

[AW] I see. That is an interesting take on the “thinking partner”, by the way, in that it is
quite different from how we would treat a human partner: We are consciously avoiding
ascriptions of intentionality and instead refer to the LLM’s responses as “unintended” ex-
pressions of a cultural or linguistic context.” I agree that if we take them as retro- (or even
intro-?)spective confabulation, then they can make more sense. We should probably even
ask several times and get different plausible explanations — given that there is no “cor-
rect” answer. We pick and engage with one or several explanations that appeal most to,
or suit best, our own understanding of domain, context and epoch. Even this seems not
at all uncommon in the humanities: At one point — I don't remember where — I encoun-
tered an argument saying that scientific method in the humanities is less about repli-
cability than about challengeability. You make your method and your argument trans-
parent so that peers can butt in and suggest different interpretations of the same factual
findings or source phenomena. Being able to generate a host of plausible alternative in-
terpretations on every occasion could thus be a notable benefit to humanities research
(cf. Simons, 2026; Simons et al., 2026; for a study with argumentative LLMs for claim
verification, cf. Ng et al., 2025). We will have to figure out, however, what difference it
makes when these alternative interpretations do not stem from peers but from confab-
ulation automata. Maybe we even need to invent wholly new methods of how to analyse
such generated interpretations.

However, I think — and I understand you are suggesting this as well — that this way of
seeing things does not exactly play to the strengths of current models. We are interested
in diverse and original perspectives whereas these models tend to homogenize contexts
and suppress contradictions (Lee et al., 2025; Li et al., 2025; Sorensen et al., 2024; Wang et
al., 2025; Zhou et al., 2025). (This is related to, but not identical to the bias problem that
is currently being investigated in many ways and projects.) More generally speaking, I
am somewhat worried that LLM interpretations will most likely continue to materialize
smooth continuation and consistency rather than some friction (Wagner 2025b). Unless
they change in profound ways, I am skeptical that large language models have resources
to generate truly original and creative interpretations (Haase et al., 2025; Wenger and
Kenett, 2025).%° I think that in simulations taken as a reconstructive task and in the cul-
tural analysis we have discussed above, we may aim for average and mainstream repre-
sentation of specific contexts (provided that we know and can control what contexts we

9 For the record, it could be possible that (one day) we can trust the LLMs to have actual introspective
capabilities and give us veracious self-reflective or self-analytical reports, including the self-decen-
tering and self-observing explanations that this involves. For a critical assessment of this prospect,
cf. Agarwal et al. (2024). Other (more recent) research about “self-interpretability” sounds more
promising (Plunkett et al., 2025; Lindsey, 2025). | am somewhat skeptical, but anyway, this is not
what we are talking about here.

10  See Mahmoud (2025) or Ismayilzada et al. (2025) for interesting approaches addressing this chal-
lenge head-on, who both seem to lean towards interventions in models’ architecture and post-
training methods. In a similar vein, see Lambert (2025).
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stimulate, eventually soliciting multiple such representations for very specific and small
contexts). However, when, as humanities scholars, we ask our “thinking partner” to gen-
erate (a set of alternative) interpretive explanations, we may actually be looking for disso-
nance, deviation, resistance, provocation and objection in meaningful yet unanticipated
ways more than for the most convincing, plausible, well-rounded answer.

[JH] Yes, friction actually captures quite well what current models are lacking — cognitive
resistance and productive irritation. One idea to address this might be something like a
re-education camp for language models, aimed at instilling a sense of resistance. OpenAl
made a start in this direction with their chatbot version Monday™ - a bot that avoids en-
thusiastic agreement and instead responds to users with a tone of annoyed sarcasm. I
believe it was originally meant as an April Fools’ joke, but it has now been available as a
selectable model for several months.”

Since, like everything else the big Al companies give us access to, these offerings
might disappear at any moment, a deliberately designed and community-driven ini-
tiative aimed at preserving and promoting interpretative friction in language models —
rather than eliminating it — would clearly be the preferable approach. But such a project
would require a truly collaborative infrastructure: not just open-source code, but also
epistemic openness: an orientation toward incorporating diverse perspectives, acknowl-
edging alternative interpretations, and allowing for dissenting readings. In other words,
it would aim to reflect, even if only partially or experimentally, the complexity and plu-
rality characteristic of humanities scholarship, rather than presenting a single, homog-
enized view.

Now, I admit this idea may be a little far-fetched and more of a distant dream than an
actionable plan. So I do think your initial point stands: bringing encoder-based models
more into focus for humanities work is likely the more pragmatic and effective option in
the medium term. Even if working with encoders involves a certain technical overhead,
they allow us to realise our scholarly values of traceability, critical interpretability, and
minimal computing far better than glossy, closed chatbot models ever could.

[AW] So we agree on the suitability, or even preferability of encoder-only architecture
for many HPSS tasks, and on the need for a scholarly-driven development initiative to
counter the lack of scaled, state-of-the-art models that implement this architecture.
We do also agree that for those areas where generative architectures are more suitable
(besides well-established NLP tasks like translation, transcription and abstractive sum-
marization, this includes the “cultural analytics” deliberation that we have discussed),
a comparable initiative is desirable that would put researchers in control (in profound
ways) of sustainable state-of-the-art generative models.

With regard to using these models as “medium” of cultural analytics, I suspect that we
have different assessments of the prospects of more wide-reaching possibilities. I grant
that we might use them to diagnose high-level tendencies and constellations in cultural

11 https://chatgpt.com/g/g-67ec3b4988f8819184c5454€18f5e84b-monday
12 Inan analogous consideration, Lambert (2025) refers to Microsoft's ill-famed and quickly-retired
Sydney from 2022/2023.
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contexts, probably even in an unprecedented and data-driven way. At the same time, I am
very skeptical as to whether we will ever get access to a context’s tensions and contradic-
tions, and to the “seeds” as it were of pending but not yet materialized turn(over)s. By con-
trast, reading actual historical or contemporary human-authored accounts — with text
that may, on the surface, sound very similar to what LLMs can produce — in many cases
conveys more than what is said explicitly, unfolds multiple, conflicting layers of mean-
ing, related to the author’s intentionality and positionality, or has meaning between the
lines, sometimes even clandestine or esoteric messages (Strauss, 1952). Where human-
authored text may have meaningful ambiguity and contradiction, current LLMs can pro-
duce only either precision, or flat and hollow vagueness, or random spontaneousness.”
Okay, maybe if it is precision that can be achieved, that may not be so bad after all..."*
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