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Introduction

The question whether machines understand language or merely simulate the appearance of understan-
ding has moved from a philosophical curiosity to one of the central open problems in natural language
processing. Large language models (LLMs) now seem to perform at – or close to – human level on a
wide range of tasks, from summarization to parsing to dialogue (Manning, 2022; Subbanarasimhaiah,
2025), across many languages. In doing so, they have made the question harder to dismiss, rather than
easier. If a system produces fluent, contextually appropriate language without anything resembling a
human cognitive architecture behind it, what exactly is being tested when we ask whether that system
“understands” language?

This is the question that has motivated the workshop Language Understanding in the Human-Machine
Era (LUHME), and which becomes even more relevant in this third edition, collocated with EMNLP
2026, in Budapest. The disagreement on which LUHME sits is thus not new; however, as systems have
improved, it has grown into something closer to a genuine controversy. Winograd’s (1972) work on na-
tural language understanding fifty years ago treated comprehension as a problem of translating sentences
into formal procedural representations inside a rule-based scenario – a tractable, even if narrow, con-
cept of understanding related to what a system could do with an instruction. By the end of that decade,
however, Winograd (1980) himself had turned that definition into a question rather than an answer, by ar-
guing that “understanding” could not be reduced to symbolic manipulation without addressing the more
profound question of what understanding a situation actually requires. That unresolved turn from un-
derstanding as procedure to understanding as an open cognitive and philosophical problem runs directly
through the debate as it currently stands.

On one end of the current controversy are researchers who argue that understanding cannot be de-
fined independently of causal, grounded cognition. Mitchell and Krakauer (2022) frame the dispute
explicitly as a disagreement over whether LLMs construct genuine mental models that capture causal
mechanisms, or whether their apparent competence is an artefact of scale and statistical coverage (in
which case “understanding” is a kind of sophisticated interpolation rather than the real thing). McClel-
land et al. (2020) push this further, as they argue that language cannot be meaningfully separated from
an “integrated understanding system”. For them, comprehension depends on tying linguistic symbols to
multi-sensory perception, motor representation, and episodic memory, none of which text-only models
have access to. On this account, a model trained purely on sequences of tokens is, by design, cut off
from the kind of construal that ordinary language use presupposes (goal-oriented, culturally situated,
addressed to a particular interlocutor).

On the other end of the controversy are researchers who treat this grounding requirement as either
overstated or empirically beside the point. Manning (2022) argues that distributional models trained at
sufficient scale end up encoding networks of linguistic and encyclopaedic relations that are sufficiently
rich to support genuinely human-competitive reasoning and language use. This is not a simulation of
understanding, but a different, statistically-derived route to essentially the same competence. Gastaldi
(2020) goes further to treat the question “why can computers understand natural language?” as answe-
rable on its own terms, without the need to first settle debates about consciousness or embodiment. For
this faction, the operational tradition inherited from early computer science (whereby understanding is
taken as demonstrated by what a system can correctly do with language, rather than by what internal
architecture it possesses) is not a lesser standard, but simply a different, more manageable one (Wang et
al., 2023; Kuiler, 2020).

In between these two poles stands a body of research that accepts evidence for both positions and
treats the resulting picture as genuinely unresolved rather than as a matter of interpretation. Lenci’s
critical analysis (2023) is the sharpest statement of this: according to the author, current NLU systems
demonstrably capture ‘something’, but their well-documented brittleness under paraphrase, adversarial
input, and distribution shift shows that whatever they capture diverges from the robust, revisable inferen-
ce that characterises human understanding. Havlík (2023) frames the same tension as a question about
meaning itself by inquiring whether “meaning” in a LLM can be anything more than a functional repla-
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cement for the meaning that a speaker intends (this is perhaps a question that recent gains in benchmark
performance have not settled and arguably cannot settle by benchmark performance alone). McShane
and Nirenburg (2021), who write from a more applied linguistics perspective, take this as an argument
to steer research in a different direction: building explicit, linguistically-informed knowledge structures
into NLP systems rather than trusting distributional exposure to deliver understanding as a byproduct of
scale.

Grounded, distributional, and critically agnostic approaches contribute to building a three-way di-
sagreement that maps relatively well (even if not perfectly) onto disciplinary lines. Theoretical lingui-
stics tends toward denotational semantics grounded in hierarchical, rule-governed competence (Sciullo,
2009); cognitive science, instead, leans towards causal mental models verified against human processing
data (Wang et al., 2023); early computer science privileges formal procedural translation (Winograd,
1972); and contemporary NLP favours parametrised distributional representations enhanced for task per-
formance (Manning, 2022; McShane and Nirenburg, 2021). Yet, the more interesting friction in the
current literature is not so much between them as it is within them: linguists are divided over whether
grounding is a precondition or a red herring, and NLP researchers are divided over whether brittleness is
a solvable engineering problem or a sign that something structurally different from human understanding
is going on (Lenci, 2023; Mitchell and Krakauer, 2022).

It is this live, unresolved disagreement, rather than a settled consensus to be reached, that gives the
LUHME workshop its focus, especially in this edition. Contributors were invited to address how meaning
is represented, inferred, and negotiated in human-machine interaction, with particular attention to logic-
aware, pragmatics-sensitive, and socially grounded accounts of understanding, on the premise that the
grounding debate is not merely academic once these systems are deployed in high-stakes domains such
as law, health, finance, and governance, where the practical difference between genuine understanding
and plausible output has direct consequences (Navigli, 2018). The resulting workshop programme and
respective proceedings span a wide range of subjects directly related to natural language understanding,
including: evaluating language understanding in LLMs; pragmatics, context and meaning beyond the
literal; human–machine comparisons of language understanding; conversational understanding, repair
and interaction; instruction following and context-sensitive behaviour; multilingual, cross-lingual and
low-resource language understanding; reasoning, memory and internal representations; human-centred,
social and safety dimensions of language understanding; and the interpretability and accountability of
systems that produce linguistically fluent but potentially misleading output.

Held for the third time, LUHME continues to serve as a locus where these positions can be argued,
rather than assumed. The papers that follow do not certainly resolve the dispute between grounded and
distributional accounts of understanding, but they advance it, from a range of disciplinary points, toward
a more precise account of what current systems do and do not yet do.

The LUHME Workshop Organisers
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Keynote
Show Me the Work: Human-Centric Automated

Fact-Checking
Isabelle Augenstein

University of Copenhagen

Abstract: As AI systems increasingly participate in how information is evaluated online, understanding
why a system reached a conclusion may be as important as the conclusion itself. In this talk, I will
present our work on human-centric automated fact-checking. Starting from studies of professional fact-
checkers’ explanation needs, I will show how these requirements motivate research on evidence-centred
explanations and uncertainty communication for fact-checking systems. Across user studies and mo-
del evaluations, our findings suggest that people rely heavily on evidence when assessing AI-generated
judgements and benefit from explanations that make reasoning paths, information gaps, and conflicts
between sources explicit. I will argue that automated fact-checking provides a particularly rich testbed
for studying language understanding in the human–machine era, where successful collaboration depends
on making evidence, reasoning, and uncertainty transparent to users.
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