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Figure 1: Left: standard citation-enabled responses from a language model. Right: a hypothetical interface that distinguishes
between different types of syntactic manipulation (e.g. direct quote vs. paraphrase) and interpretation (e.g. induction, deduction,
deduction subject to assumptions) involved in the production of language model output. We propose the development of a
taxonomy of reader-centric support relations that would enable such interfaces, thereby leading to better critical engagement
of readers with language model output and understanding of how it relates to the sources.

Abstract
Generative AI tools often answer questions using source documents,
e.g., through retrieval augmented generation. Current grounded-
ness and hallucination evaluations largely frame the relationship
between an answer and its sources as binary (the answer is either
supported or unsupported). However, this obscures both the syntac-
tic moves (e.g., direct quotation vs. paraphrase) and the interpretive
moves (e.g., induction vs. deduction) performed when models re-
formulate evidence into an answer. This limits both benchmarking
and user-facing provenance interfaces.

We propose the development of a reader-centred taxonomy of
grounding as a set of support relations between generated state-
ments and source documents. We explain how this might be synthe-
sised from prior research in linguistics and philosophy of language,
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and evaluated through a benchmark and human annotation proto-
col. Such a framework would enable interfaces that communicate
not just whether a claim is grounded, but how.
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1 Beyond Binary Hallucination and
Groundedness

When an Generative AI tool responds to a query by using informa-
tion from a document or from the Web, “groundedness” is often
treated as a binary property: either the answer is supported by a
source, or it is not. Yet even the most straightforward fact retrieval
scenario shows that this framing is too blunt.

Consider a short quarterly report paragraph about a fictional
company (Acme Corporation), including the sentence “Total rev-
enue reached $847.2 million. . . ” alongside surrounding narrative
about performance and growth. Now imagine the user asks a con-
crete question tied to that excerpt: “What was Acme Corp’s revenue
in Q2 2025?”. When we tested this query on four commercial sys-
tems, they produced responses that were all plausibly “grounded,”
but that differed materially in how they relate to the text: one re-
peated the exact figure verbatim (“$847.2 million”); another quoted
the figure but adds immediate surrounding context “Total revenue
reached $847.2 million”; another rounds the figure (“Total revenue
was over $847 million”); and another paraphrases (“Revenue in Q2
2025 was US$ 847.2 million”) in a way that more directly fits the
query as asked, but quietly introduces an interpretive assumption
(treating “revenue” as equivalent to “total revenue,” which may not
match the user’s interpretation). All of these responses are “sup-
ported” in the simple sense, but they represent different support
relations; different ways of transforming source material into an
answer.

The issue becomes unavoidable for interpretive questions. Using
the same report-style excerpt, a user might ask: “Is Acme doing
well?” Here, an answer cannot simply point to a single span; it
must decide what counts as evidence (e.g., revenue growth percent-
age, or qualitative phrases that might appear in the report such
as “strong performance,” “resilience”), compress multiple sentences
into a judgment, and reframe descriptive language as an evaluative
conclusion. These are interpretive moves that embed implicit crite-
ria for “doing well” and that must necessarily go beyond what the
document literally supports.

Consider another toy example. If the source text is “The cat sat
on the mat” and the user asks “Did an animal sit on the mat?”, a “yes”
answer relies on a background assumption (a cat is an animal). If
the user asks “Is the cat able to sit?” the answer is a deduction from
the described event. If the user asks “What did the cat sit on?” the
answer can be a minimal direct quote (“a mat”) or a more complete
quote (“The cat sat on the mat”) or a partial paraphrase (“It sat on
the mat”). These responses differ in syntactic and epistemic status:
direct quotation, paraphrases, deduction, and deduction contingent
on ancillary assumptions, despite all being “supported” claims. Put
differently, two answers can both be “grounded” while warranting
very different levels of scrutiny: one may be traceable to a verbatim
span; another may be a defensible but assumption-laden inference.

Prevailing groundedness frameworks that focus on binary “sup-
ported/unsupported” checks fail to model the syntactic and interpre-
tive reformulation that occurs when text is turned into an answer to
a user query. This matters because, as readers increasingly rely on
Generative AI tools to process documents and synthesise answers
for them, it becomes crucial for them to understand not merely
whether support is present, but what kind of support.

Readers rarely have the time, expertise, or motivation to audit
every claim in an AI-generated answer; by distinguishing these
support relations, we can help readers assess where scrutiny is
most warranted. Prior work has argued that the greatest risk of
Generative AI to knowledge work is not hallucination, but the
erosion of critical thinking through passive reliance [37], with
survey evidence showing that higher confidence in AI is associated
with less critical thinking and a shift from information gathering to
verification [21]. Binary groundedness labels may exacerbate this:
if a claim is labelled “supported,” readers may not interrogate how it
is supported. More broadly, AI has been argued to shift knowledge
work from material production to the critical integration of AI
output [34], and the metacognitive demands this places on users
(monitoring what the AI did, evaluating its output, and deciding
how much to rely on it) have been identified as a key usability
challenge [39]. A taxonomy of support relations can be understood
as a resource for developing metacognitive tools that helps readers
meet these demands. Our design intent follows the argument that AI
systems should challenge and provoke critical engagement rather
than merely accelerate workflows [35].

2 Towards a Taxonomy of Support Relations
Given a generated statement 𝑆 and a source document (or set of doc-
uments) 𝐷 , we wish to determine a support relation (or relations)
𝑅(𝑆, 𝐷) drawn from an explicitly defined inventory (e.g., direct quo-
tation, paraphrase, deductive support, inductive support, support
contingent on ancillary assumptions). How might we develop such
an operational taxonomy of support relations, and how might we
evaluate it?

Prior work could provide strong theoretical starting points. For
instance, Toulmin’s model of argumentation [18, 40] decomposes
argumentative statements into claim, grounds/data, and warrant,
with optional backing, qualifier, and rebuttal. Toulmin’s scheme
is attractive here because it renders explicit the inferential link
between evidence and an assertion. A related starting point is work
on support in argumentation systems [8], which surveys distinct in-
terpretations of support (e.g., deductive support, evidential support,
necessary support, backing).

Another starting point is pragmatics. Grice’s account of “con-
versational implicature” [12] describes how interpreters attribute
speaker meaning beyond what is literally said, under cooperative
principles and contextual assumptions. This suggests categories for
content that is not entailed by 𝐷 but is nevertheless inferable in
context.

Finally, scholarship on representing scholarly discourse relations
provides relevant inspiration for knowledge work settings: the
“ScholOnto” project [4, 5, 25, 41] , for example, aims to support
scholarly interpretation by enabling researchers to represent claims
and their relationships to the literature as an explicit semantic
network. The “scite” metric [30] aims to contextualise scientific
citations as supportive or unsupportive.

Yet, it is not sufficient for a taxonomy to be theoretically grounded.
It must also be practical on two counts: it must be possible for hu-
man and machine annotators to robustly classify support relations,
and these support relations must be useful and understandable by
readers of LLM-generated text. This could be achieved by treating
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taxonomy construction as an iterative design process, with explicit
attention to operationalisation.

The initial step might be to conduct a structured literature re-
view across the above traditions to produce a longlist of candidate
support relations and boundary cases, followed by collapsing this
longlist into a minimal working taxonomy guided by two pragmatic
criteria: discriminability (can trained annotators reliably distinguish
the categories) and actionability (does the distinction matter for
downstream uses such as provenance interfaces). This could involve
iterative reviews of the taxonomy by expert annotators (e.g. those
familiar with linguistic theories of support) as well as non-expert
readers.

To quantitatively validate the taxonomy, the next step is to pro-
duce a full annotation specification, definitions, canonical examples,
counterexamples, and decision rules, explicitly targeted at usability
by both human annotators and potentially LLMs-as-judge [45] with
the goal of scaling annotation to larger datasets and enabling future
online annotation. A practical path is to construct a benchmark
of statement-source pairs by enriching existing groundedness and
hallucination corpora (some examples are given in Section 3.2) with
support-relation labels. Human reliability and construct validation
could first be established with a human annotation study on a strat-
ified sample of statement-source pairs. This would quantify inter-
annotator agreement and reveal systematic confusions between
relation types, enabling iterative refinement, and ideally result in a
“gold standard” ground truth dataset of classified statement-source
pairs. It would then be straightforward to benchmark the perfor-
mance of frontier models on this annotation task by measuring
their ability to match human annotations.

3 Related Work
3.1 Science and Technology for Augmented

Reading
This project could build on prior HCI and designwork in technologically-
assisted reading. The Semantic Reader project [24], which encom-
passes much prior work in this area, outlines how citations in
scientific papers can be enriched to support readers. For instance,
inline citations can be coloured to indicate whether the reader
has already recently encountered or read them, and can display
personalised cards that explain how the work relates to their in-
terests. The “CiteRead” [33] system integrates commentary from
subsequently-published work to support evaluation of citations.

The “InkSync” system [20], while not aimed at helping readers
verify LLM text generated from sources, adopts a “warn-verify-
audit” approach where LLM-generated text that appears to contain
new information is highlighted as such, and the user is prompted
to manually verify it (e.g., through a web search). Similarly, the
“GenAudit” system [19] identifies errors and suggests correct edit
suggestions. Systems like these are helpful, but are focused on help-
ing the user avoid factual errors, rather than evaluate the particular
relationship of supported claims to the source text, as we propose.

A relevant prior is the “Traceable Texts” interface [14], which
annotates phrases in AI-generated summaries with links to cor-
responding phrases in the source, helping with fact checking and
indexing into sources for deeper reading. The datatales interface

[38] employs a similar brushing/linking interaction for textual nar-
ratives generated from data charts. Going further, the “attribution
gradients” interface [15] decomposes LLM-generated statements
into claims, which are in turn linked to evidence sources, each of
which is classified according to a 2 × 2 framework (first-degree vs.
second-degree, support vs. contradiction). Another close precedent
is the facts&evidence system [3], which helps users verify the
factuality of a passage by decomposing it into claims and verify-
ing the support for each claim against web sources. A related line
of work proposes “co-audit” as a general framework for helping
humans double-check AI-generated content, including design prin-
ciples such as grounding outputs with sources and not allowing
the LLM to audit itself [11]. Similarly, interactive task decompo-
sition interfaces that surface editable assumptions and execution
plans have been shown to improve users’ ability to steer and verify
AI-generated analyses [16].

In the programming domain, the “Trailblazer” interface [42]
helps developers understand LLM-generated answers about a code-
base by visualising the trace of the agent’s exploration of the code-
base. This is an interesting approach because, as we will observe in
the next section regarding much knowledge work, answers often do
not draw on simple, single sources, but are distributed across a code
(or more generally, knowledge) base. A somewhat similar interac-
tive hierarchical exploration for academic papers is exemplified in
the “Qlarify” [9] and “TreeReader” [44] interfaces.

3.2 Hallucination Detection and Groundedness
Benchmarks

There is a vast literature on hallucination detection and various
benchmarks that we cannot exhaustively review here (a review is
given by Kazlaris et al. [17]). Prominent examples include HaluEval
[22], HaDes [23], FactCHD [7], RAGTruth [31], DiaHalu [6], and
Hallulens [2]. These are noted as potential starting points, since
these datasets are often composed of source-statement pairs anno-
tated with binary labels, that we could expand with a richer set of
support relation labels.

Prior research has gone beyond binary categorisations, albeit
not in the direction of classifying different types of positive support
as we have proposed here. Rather, here the focus is in understand-
ing different types of errors. For instance, the FRANK benchmark
[32] identifies a typology of seven errors, such as relation error,
entity error, out-of-article error, and grammatical errors. Similarly,
the LibreEval dataset [1] identifies six hallucination subtypes. The
FActScore benchmark [28] uses a ternary top level categorisation:
supported, not supported and irrelevant; however in a qualitative
analysis they note finer-grained types pertaining to the scope of the
error, such as single-sentence contradiction and page-level contra-
diction, as well as pertaining to the semantic manipulation, such as
“subjective” judgements, and cases where the source is itself wrong
or inconsistent. Similarly, AttrScore [43] uses a ternary classifica-
tion: the statement is either attributable (i.e., supported), extrapola-
tory (i.e., unsupported), or contradictory.

The Claimify method [26] notes that identifying how LLM-
generated statements map onto knowledge claims is itself a com-
plex and nonstandard procedure, and the method proposed can
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extract atomic claims from complex sentences, and identify amigu-
ous claims that cannot be resolved. The claims so extracted can
then be used as part of a verification pipeline such as VeriTrail
[27]. It may also be possible to frontload the identification of claim
spans at generation time, using a technique such as symbolically
grounded generation [13] or citation-enabled LLMs (a review is
given by Gao et al. [10]).

4 Discussion and Open Questions
There is a real tension between a taxonomy that is theoretically jus-
tified and one that is operationally usable at scale. Many candidate
relation types depend on background knowledge and context, and
the family of relations that involve support contingent on ancillary
assumptions can proliferate rapidly if not constrained, because al-
most any inference can be described as requiring a tacit premise.
Any attempt to import the full richness of scholarly discourse on
argumentation, linguistics, and philosophy of language risks pro-
ducing an ontology that is too fine-grained for annotators to apply
consistently, or too abstract to be useful to readers as decision sup-
port. This implies an open design question: what is the smallest set
of support relations that remains meaningful for annotators and
readers, remaining theoretically advised by but without “overfitting”
to philosophically motivated distinctions?

There are basic questions of the “units” of analysis: we have
proposed defining the task as relating a generated statement 𝑆 to
evidence in a document 𝐷 , but in practice it is rarely obvious what
should count as a single statement, how to segment complex sen-
tences, or when to decompose an answer into smaller atomic propo-
sitions. Existing pipelines highlight both opportunity and hazard:
atomic decomposition can make verification tractable, but it intro-
duces a consequential modelling choice about how fine-grained the
decomposition should be and what contextual information must
remain attached so that the unit remains faithful and interpretable
[26]. For a support-relations taxonomy, this raises an open question
about the division of labour between claim extraction and support
labelling.

Similarly, many answers are supported not by a single contiguous
span, but by multiple excerpts distributed across a document, and
sometimes by excerpts that appear to pull in different directions.
Real knowledge work is rarely partitioned into isolated documents:
what matters is often a cloud of concepts, commitments, themes,
and discussions distributed across conversations and artefacts, with
users wanting to trace where else something was discussed and how
it connects to other work. This raises questions about how to scale
the representation when the graph of relevant materials becomes
larger. Our design intent is not for the reader’s evaluation process to
fall back on “the AI knows and tells me,” but to preserve users’ ability
to know where statements come from and to dive into the right
parts of the underlying material. For the benchmark and annotation
scheme, this implies open questions about whether the support
relation should be defined between 𝑆 and a single excerpt, between
𝑆 and a set of excerpts, or between 𝑆 and a structured evidential
object that can represent corroboration and tension within 𝐷 and
across 𝐷1, . . . , 𝐷𝑛 . It also forces an explicit choice about how to
treat internal inconsistency: whether contradictory support should

be surfaced to readers as a distinct relation, a meta-property of the
evidence set, or discursively within the generated statement itself.

Another open issue is domain transfer. Support relations may
manifest differently across summarisation, document-grounded
question answering, and more analytical or evaluative queries, and
even knowledge work domains (e.g., legal work, medical work,
scientific research, etc.) because the permissible interpretive moves,
the expected level of compression, and the availability of an agreed
evidential standard vary by task and domain. We must also be
sensitive to the fragilities of the LLM-as-judge paradigm: model
behaviour and evaluation can depend strongly on task framing and
prompts. Recent work has shown that even highly detailed rubric
instructions yield only marginal improvements in LLM-as-judge
alignment with human judgements, and that simpler measures such
as perplexity can sometimes perform comparably [29]. Moreover,
LLM-generated “explanations” of their own reasoning have been
shown to be unreliable, since they do not reflect the model’s actual
mechanism [36].

We close by inviting collaboration precisely because we believe
these to be productive research questions. The project calls for
interdisciplinary input on which theoretical frameworks offer the
best starting points for an operational taxonomy. We particularly
welcome discussion of alternative choices about claim granularity
and decomposition, and discussion on principled ways to repre-
sent support when evidence is distributed across multiple spans or
multiple documents, including cases where evidence is cumulative
or internally in tension. Finally, we hope to discuss benchmarking
best practices and prompt design, including protocols that make
prompt sensitivity and task transfer explicit. The objective is to
build support for understanding provenance and critical reading in
a form that remains legible and actionable for end users.
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