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Vision: knowledge engineering as expert-AI dialogue

• We argue that LLMs can enable knowledge engineering
as natural-language dialogue between experts and LLMs
that yields knowledge graphs

• But are LLMs reliable enough to support such a process?

• How can we tell if their judgment is stable and
rationales faithful?

• Are they aligned with human judgment?
• How can we be accountable for their judgment?

• In this work, we focus on natural-language expert-LLM
dialogue for ontology engineering
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LLM assistance in ontology engineering to date: generate–validate–repair

• Use cases studied: the LLM generates user stories, competency questions, axioms, triples;
the expert reviews (Zhang et al., 2025; Zhao et al., 2024)

• Li et al. (2026a) systematic review: humans appear in 4 of 30 studies, as input providers
or validators

• Emerging paradigm: agentic generate–validate–repair loops (Garijo, 2026; Li et al.,
2026b; Lippolis et al., 2026)

• Validators check form; nothing checks what the expert means

• Pain points: prompting (Koutsiana et al., 2026; Zhao et al., 2024); unreliable assertions
(Alharbi et al., 2026; Huang et al., 2023); the labor of curation and audit (AIAA4KE,
2026; Koutsiana et al., 2026)
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An alternative workflow: commit–challenge–resolve loops

• An agentic loop based on prover-skeptic dialogue (Dutilh Novaes, 2020): a
respondent develops a position; an opponent insists on coherence

• Commit: the respondent states commitments and denials
• Challenge: the opponent claims two of them cannot both stand
• Resolve: retract, refine, or contest

• Human as respondent, LLM as opponent; the LLM asserts nothing
• Brandom’s game of giving and asking for reasons (Brandom, 1994), with the

LLM confined to asking (cf. evaluative AI (Miller, 2023), AI-assisted critical
thinking (Tian et al., 2026), Socratic methods in LLM debate (Huang et al.,
2026))
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Comparing generate–validate–repair with commit–challenge–resolve

• Generation scales with compute; validation scales with expert attention
• Validation replaces authoring as the knowledge acquisition bottleneck

generate–validate–repair commit–challenge–resolve

Content is produced by the LLM the expert
The expert adjudicates every generated item each tension the LLM raises
Adjudication volume grows with LLM output the expert’s commitments
Question put to the expert is this true? do I hold both of these?
The record chat logs and annotations a queryable base with provenance

• The bottleneck returns to authoring: the irreducible cost of saying what one thinks
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Elenchus: an implementation of commit–challenge–resolve

A CLAUDE.md prompt
(786 lines, roughly 7K

tokens)

GitHub issues as the
dialectical state store

• A Claude Code agent whose behavior is
completely defined by its prompt: the LLM is
interlocutor and, in this implementation,
scorekeeper

• Commitments, denials, challenges and
tensions are labelled GitHub issues: a
browsable, versioned record of every move

• Asynchronous: sessions can be interrupted,
resumed and combined

• Dialogue moves map to propositions and
implications automatically: no manual
formalization
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https://github.com/bradleypallen/elenchus/blob/main/CLAUDE.md
https://github.com/bradleypallen/elenchus/blob/main/CLAUDE.md
https://github.com/bradleypallen/elenchus/blob/main/CLAUDE.md
https://github.com/bradleypallen/prov-o-section-3.1
https://github.com/bradleypallen/prov-o-section-3.1


Dialectical states in Elenchus

• Position [C : D]: commitments and denials (Restall, 2005)
• Sequent Γ |∼ ∆: one cannot assert all of Γ while denying all of ∆
• Tension: a sequent with Γ ⊆ C and ∆ ⊆ D; the position is incoherent
• Resolution: retract, refine, or contest; an accepted tension becomes a material

implication
• Dialectical state ⟨[C : D], T , I⟩: position, open tensions, material implications
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Dialectical states as knowledge bases

• A dialectical state is a material base (Hlobil et al., 2025)
• atomic sentences = C ∪ D: the expert’s own statements; pi names, it does not

formalize
• consequence relation = I ∪ Cont: the accepted tensions, plus: never assert and deny

the same sentence
• Nonmonotonic: a new premise can defeat an inference
• Nontransitive: inferences do not chain by default; the next step is itself a move
• NMMS, Hlobil and Brandom’s nonmonotonic multisuccedent sequent calculus,

adds logical vocabulary (if . . . then, not) on top without changing what the base
says

• Traceable and queryable: every implication records when, why and how its
tension was resolved; a reasoner can check what follows from what in the base’s
consequence relation
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Applying Elenchus to ontology engineering

• The expert respondent starts from a position of a natural language description of
concepts, relationships, and rules in an ontology

• The LLM opponent challenges on the basis of detected tensions in the description
• The expert respondent responds to challenges
• The dialectical state is a formal record of the ontology’s commitments and why

they hold
• Question: can Elenchus identify design tensions in ontology descriptions in a

manner similar to human practitioners?
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Case study: Section 3.1 of the W3C PROV-O Recommendation

• Starting position: Section 3.1 of PROV-O (Lebo et al., 2013): 350 words of
prose, three classes, ten properties

• Respondent: a PROV co-editor
• Opponent: Claude Opus 4.6
• Period: Two sessions, February 2026; the record is public
• Result: 10 commitments → 7 challenges → 19 commitments, 9 material

implications, 1 retraction
• Ground truth: Moreau et al. (2015), reconstructed post hoc from 8,820 emails,

666 issues and 152 teleconferences
• Six of seven challenges match documented design tensions
• Rationale captured prospectively, as a byproduct of the dialogue
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PROV-O dialectic: the atomic propositions

pn is GitHub issue #n in the case-study repository; the gaps are the challenge and tension issues (11–17, 19,
21–22)

Initial commitments, extracted from the Section 3.1 prose (first session)
p1 Three core classes form the basis of PROV-O: Entity, Activity, Agent
p2 Entity is a thing with fixed aspects; may be physical, digital, conceptual, real or imaginary
p3 Activity is something that occurs over time and acts upon or with entities
p4 Agent bears responsibility for activities, entities, or other agents’ activities
p5 used and wasGeneratedBy relate Activities to the Entities they consume and produce
p6 wasInformedBy provides Activity-to-Activity dependency without specifying the intermediate Entity
p7 wasDerivedFrom expresses Entity-to-Entity transformation without specifying the intermediate Activity
p8 wasAssociatedWith and wasAttributedTo ascribe Agent responsibility for Activities and Entities
p9 actedOnBehalfOf expresses delegation: one Agent acting for another who also bears responsibility
p10 Three types of provenance chains: Activity-Entity, Activity-only, Entity-only
Commitments added in resolving the challenges (second session)
p18 “Fixed aspects” is pragmatic (context-relative); change is modeled via derivation (new Entities)
p23 Expanded Terms (specializationOf, alternateOf) add expressiveness, not just convenience
p24 wasDerivedFrom is not entailed by generation-use chains; it requires explicit assertion
p25 Delegation responsibility is hierarchical: the principal has primary, the delegate secondary responsibility
p26 Delegation responsibility is transitive
p27 Activities are durational; instantaneous occurrences are modeled via InstantaneousEvents
p28 wasDerivedFrom is broad (all causal content dependencies); subtypes provide specificity
p29 Agency is pragmatic: the same causal chain may have different Agents depending on modeling context
p30 wasInformedBy is inferred from generation-use pairs, but does not entail that an intermediate Entity exists
p20 Retracted: wasDerivedFrom suffices for cross-context Entity identity; Expanded Terms are useful but not necessary
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PROV-O dialectic: challenges and their resolutions

Issue # Challenge Rationale Resolution New proposition Material implication

11 Fixed aspects; entity change? RE1, RE3, RE5, RE6, EZ1 Pragmatist: context-relative individuation p18 p2 |∼ p18
12 Activity duration; instants? EV1, EV4 Durational activities; instantaneous events p27 p3 |∼ p27
13 Responsibility vs. causation? XG5, VI2–4, GE1 Agency is pragmatic ascription p29 p4 |∼ p29
14 wasInformedBy: shortcut? VI1, VI6, EZ1 Independent: inferred, not reducible p30 p6 |∼ p30
15 Derivation criteria; identity? XG8, VI5, VI6 Broad causal dependencies; subtypes narrow p28 p7 |∼ p28
16 Delegation responsibility? XG11 (partial) Hierarchical and transitive p25, p26 p9 |∼ p25, p9 |∼ p26
17 Chain types equivalent? VI1, VI6 No; wasDerivedFrom requires assertion p24 p10 |∼ p24

— Individuation ⇒ Expanded (from #11 follow-up) Expanded Terms add expressiveness p23 p18 |∼ p23

• Read p2 |∼ p18: one cannot commit to p2 (fixed aspects) while denying p18 (context-relative); each
accepted tension is one defeasible rule

• Rationale codes: requirements in Moreau et al.’s retrospective analysis; six of seven challenges land on one
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Verification with an automated reasoner

• pyNMMS, our reasoner, over the 19 propositions and 9 implications: does Y follow from X?
• All 9 implications derivable; nothing both asserted and denied; 34 cross-chain pairs independent.

Each pattern of results matches a documented design decision:

Derivability checks Design decision (Moreau et al., 2015)

p2 (fixed aspects) |∼ p18 (context-relative) and
p18 |∼ p23 (Expanded Terms) hold, but p2 |∼ p23 does not:
inferences do not chain (nontransitive)

EZ3: minimal core, separate extensions

p2 |∼ p18 holds, but p2, p23 |∼ p18 does not: adding p23 defeats
it (nonmonotonic)

EZ1: “scruffy” to “proper” provenance

p7 |∼ p28 holds, but composes with no other chain VI5, ISSUE-612: non-transitive derivation

No Entity commitment entails an Activity or Agent one (8
queries)

VI1, GE1: three independent views

The retracted p20 leaves no consequence behind GE3: retraction leaves no trace
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https://pypi.org/project/pyNMMS/


RDF serialization with provenance

:i1 a mb: MaterialImplication , prov: Entity ;
rdfs: label "p2 |~ p18" ;
mb: antecedent :p2 ; mb: consequent :p18 ;
prov: wasGeneratedBy : move11 .

: move11 a mb: DialogueMove , prov: Activity ;
rdfs: label " Challenge #11 resolved by refinement " ;
prov: wasAssociatedWith : respondent , : opponent ;
prov: endedAtTime

"2026 -02 -09 T00 :00:00 Z"^^ xsd: dateTime .

One material implication and the dialogue move that generated it,
from material-base.ttl

• Propositions are resources; each
material implication is reified and
prov:wasGeneratedBy the
dialogue move that accepted it,
which links to the GitHub issues

• Validates against
PROV-CONSTRAINTS
(ProvValidator); the report is
archived with the data

• The vocabulary the case study
examined describes the dialectic
that examined it

14/21

https://github.com/bradleypallen/prov-o-section-3.1/blob/main/material-base.ttl


Limitations

• An existence proof, not an evaluation
• Opus 4.6 has almost certainly seen PROV’s history: the dialectic captures

rationale; this does not show that the LLM discovers it
• Oracle bias: a false positive costs one contest; false negatives are invisible to

both parties; derivability is verified by the reasoner, not the LLM
• Cognitive overhead: arguing with an LLM opponent can be fatiguing
• One expert, one LLM: multiple respondents are not supported
• The base serializes to RDF, but it is not an RDFS/OWL ontology

15/21



Current work: dialectical states as RDFS/OWL ontologies

• The material base’s atomic propositions can be RDF triples, and the pyNMMS
reasoner extended to support RDF entailment regimes

• Implication-space semantics for RDF, after Hlobil (2026): simple, RDFS and
OWL 2 RL entailment recovered exactly as the monotone corner of the base’s
semantics

• Regime closure and defeasible commitments in one consequence relation; no
change to RDF, RDFS, OWL 2 RL or SHACL

• The ontology is the monotone fragment of the base; the base is its design rationale
• Implementation: pyNMMS reasoner integrated with a persistent triple store

(Oxigraph) — ground derivability cost exponential only in the logical nesting of
the query, not in graph size
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Current work: user studies to evaluate utility and usability

The elenchus-server user interface

• A Sloan Foundation–funded,
pre-registered study:

• 30–40 biodiversity scientists (domain
experts without KE experience) each
provide a conceptual model in natural
language of a matched pair of topics

• Two counterbalanced conditions: free-form
LLM conversation and Elenchus

• Model held fixed

• Five blinded expert judges rate the outputs
on established criteria: correctness,
coherence, concision

• Participants rate the system on usability
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https://poc.elenchus.chat


Summary

• Knowledge engineering through expert–AI dialogue: the expert never translates; the
dialogue elicits the consequence relation

• Stable judgment, faithful rationale? Never relied on: the only rationale recorded is
the expert’s; every move is versioned and replayable

• Aligned with human judgment? Six of seven challenges match documented design
tensions; the Sloan study will say more

• Accountable? Nothing enters the base without a human move; every implication
carries PROV-O provenance

• The deliverable: a defensible, living record of why the ontology is as it is

• Validation is bounded by what the expert commits to, not by what the LLM generates
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Beyond Elenchus: knowledge engineering as explicitation

• Expertise is material inference: good by content, defeasible (Brandom, 1994;
Sellars, 1953)

• The KG lifecycle (Hogan et al., 2021) as speech acts in discursive practice:
creation is assertion; a shape is a standing challenge; refinement is denial or
withdrawal; publication is scorekeeping; provenance is deferral

• A knowledge graph records what a community’s discursive practice takes as good
inferences; it is not a mirror of the world

• Knowledge engineering makes those inferences explicit and accountable
• Elenchus is a first step towards an inferentialist reconceptualization of

knowledge engineering, answering the call of Hitzler et al. (2010) for a “semantics
for shared inference”
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