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Abstract

Large language models (LLMs) often generate fluent but in-
correct or unsupported statements, commonly referred to as
hallucinations. We propose a hallucination detection frame-
work ValidLLP4LLM based on a Labeled Logic Program
(LLP) architecture that integrates multiple reasoning para-
digms, including logic programming, argumentation, proba-
bilistic inference, and abductive explanation. By enriching
symbolic rules with semantic, epistemic, and contextual la-
bels and applying discourse-aware weighting, the system pri-
oritizes nucleus claims over peripheral statements during ver-
ification. Experiments on three benchmark datasets and a
challenging clinical narrative dataset show that LLP consist-
ently outperforms classical symbolic validators, achieving
the highest detection accuracy when combined with dis-
course modeling. A human evaluation further demonstrates
that logic-assisted explanations improve both hallucination
detection accuracy and user trust. The results suggest that la-
beled symbolic reasoning with discourse awareness provides
a robust and interpretable approach to LLM verification.

Code — https://github.com/bgalitsky/hal-
luc_in_health/tree/master/integrated logic verif/
Datasets — .../tree/master/data

Introduction

Large language models (LLMs) have achieved impressive
results across a wide range of natural language processing
tasks, generating fluent and informed text. Yet integrating
them into domains that demand structured, context-sensitive
reasoning remains difficult. LLMs often rely on associative
rather than strategic reasoning, which limits their ability to
perform multi-step decision-making or revise conclusions as
new information emerges (Kalai 2025). Another concern is
interpretability. Unlike human experts, who reason through
explicit and traceable arguments, LLMs function as opaque
statistical systems, making their conclusions hard to justify
and their errors difficult to detect. This opacity encourages
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reasoning hallucinations—plausible-sounding outputs that
conflict with facts or logic.

To address these issues, LLMs can be coupled with exter-
nal reasoning and verification layers that enforce logical
consistency and explain conclusions. A promising strategy
is pairing an LLM with a symbolic reasoning engine—such
as a Prolog-style rule base, constraint solver, or medical on-
tology (Yang et al. 2024, Tan et al. 2024, Mellgren et al.
2025, Galitsky 2025). The LLM proposes candidate an-
swers, while the reasoning module tests them against formal
rules, flagging contradictions or unsupported claims. Build-
ing on this principle, we present ValidLLP4LLM, a neuro-
symbolic verification framework that externalizes and eval-
uates LLM reasoning through various forms of symbolic
reasoning such as logic programming (LP), Probabilistic
LP, and defeasible argumentation.

In the proposed framework, ValidLLP4LLM, we use
LLM to build respective logic program components for a
user request and background knowledge, execute this logic
program and prompt LLM to compare its run with LLM own
result. The key contributions of this paper are as follows.
This paper introduces ValidLLP4LLM, a hybrid neuro-sym-
bolic framework for verifying LLM-generated decisions us-
ing a universal Labeled Logic Program (LLP) substrate. Un-
like formalism-first approaches, the system does not require
prior classification of the logical formalism (e.g., temporal,
probabilistic, or argumentation). Instead, multiple reasoning
dimensions are encoded within structured labels and acti-
vated dynamically through logic profiles, enabling flexible
and hybrid verification within a single framework. We fur-
ther propose a discourse-aware method for transforming
textual explanations and domain knowledge into labeled
facts and rules. Rhetorical distinctions such as nucleus ver-
sus satellite are mapped into rule strength, priority, and de-
feasibility, allowing reasoning importance and contextual
weighting to be embedded directly into the logical represen-
tation.



(1) Fermalism-First Pipeline (Classifier — Specialized Solver)

(2) LLP Pipeline (Universal Labeled Logic Program; No
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Figure 1: Comparison of traditional and proposed pipelines for Logical Verification

Finally, we demonstrate that LLP-based verification
supports logic-agnostic hallucination detection by evaluat-
ing LLM outputs under different reasoning profiles and de-
termining whether a claim is supported or defeated. The ap-
proach reduces brittleness caused by incorrect logic selec-
tion and provides structured explanations for confirmation
or rejection of LLM conclusions.

A traditional approach to LLM verification by logic pro-
gramming, the formalism-first pipeline begins by asking the
LLM to classify which logical formalism is required for a
given problem (Quan et al. 2025). The model determines
whether the task demands temporal reasoning, modal logic,
probabilistic inference, argumentation, spatial constraints,
or another framework. Based on this classification, the LLM
constructs an ontology and query representation tailored to
the selected formalism. A specialized solver—such as a
temporal constraint engine, model checker, probabilistic
logic program, or defeasible reasoning system—is then ini-
tialized to perform verification.

The main advantage of this approach is conceptual clar-
ity: each reasoning task is handled by a dedicated, well-un-
derstood solver optimized for a specific logic. However, this
pipeline introduces two major risks. First, it depends on cor-
rect classification of the required logical formalism; mis-
classification leads to inappropriate modeling and incorrect
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conclusions. Second, the system’s coverage is limited by the
set of available solvers. If a needed reasoning method (e.g.,
hybrid temporal-probabilistic-defeasible reasoning) is not
implemented, the pipeline fails or requires complex integra-
tion across heterogeneous tools.

In contrast, the Labeled Logic Program (LLP) pipeline
eliminates the need for formalism classification. Instead of
selecting a single logic upfront, the system uses a universal
labeled reasoning substrate. The LLM translates the prob-
lem directly into an LLP representation consisting of labeled
facts and labeled rules. Labels encode temporal, modal, ar-
gumentative, probabilistic, and provenance information
within a unified structure. The verification engine then eval-
uates the same LLP under different “logic profiles,” activat-
ing the relevant dimensions (e.g., time, modality, uncer-
tainty) without changing the underlying representation.

The advantage of the LLP approach is robustness and ex-
tensibility. Because most reasoning dimensions are already
embedded in the label algebra, the system does not depend
on predicting the correct logic in advance. Multiple reason-
ing styles can be combined seamlessly within a single
framework, and hybrid reasoning is naturally supported. As
a result, the LLP pipeline reduces brittleness, avoids miss-
ing-method failures, and provides a unified explanation
structure across heterogeneous reasoning modes.



Labeled Logic Programs for Logic-agnostic
Verification of LLM Reasoning

Verifying LLM outputs is difficult because the type of rea-
soning required is often unknown in advance. A generated
explanation may rely on temporal ordering, causal relations,
modal distinctions (what is known or believed), defeasible
argumentation (exceptions and priorities), or probabilistic
uncertainty. Traditional verification approaches usually as-
sume a fixed logical formalism, which limits their ability to
handle such heterogeneous reasoning patterns.

To address this, ValidLLP4LLM adopts the idea of La-
beled Deductive Systems (LDS), introduced by Gabbay and
Woods (1993), where inference is performed over labeled
formulas of the form “¢: A”. Here, A is an object-level state-
ment and t is a structured label that stores meta-information
such as time, source reliability, modality, argumentative
role, or uncertainty. Different logics are obtained not by
changing the object language, but by changing how labels
are interpreted, combined, and propagated. This makes LDS
well suited for logic-agnostic verification.

ValidLLP4LLM specializes this idea to Labeled Logic
Programs (LLPs). In an LLP, both facts and rules are anno-
tated with labels. For example, a rule like “complica-
tion (X) :- infection (X), immunosup-
pressed (X) ” can be associated with a label that specifies
its evidential status, typical confidence, or applicable con-
text. When the rule is applied, the labels of the premises and
the rule are combined to produce a new label for the conclu-
sion. If the same conclusion is derived in multiple ways,
their labels are aggregated.

Let L;p be a logic-programming language (e.g., Horn
clauses with negation-as-failure, or an extended rule lan-

guage) An LLP is defined as P=(2,G,M,R) where:
X is a set of labeled facts and labeled rules, includ-
ing fact: t:p(a@) and rule:
t:(heby,...,bn,not ¢y, ...,not cn);

e (Gisalabel algebra, providing a partial order or pri-
ority relation <, a compatibility predicate F(ti,...,
t,), a propagation operator f, and an aggregation op-
erator .

e  Mis alabeling discipline specifying how labels are
introduced, transformed, and combined during in-
ference.

e R is the inference regime (e.g., SLD-resolution,
stable-model semantics, or argument construction).

An inference rule in ValidLLP4LLM looks like the fol-

lowing:
o t(heby,....by)
o (1:by,.. by
o F(t,t,...,t,) holds
fltrty, ..., ty):h

If multiple derivations of /4 exist, their labels are aggregated:
(tDt"):h. Notice that the object-level rules remain un-
changed, while different logics emerge from different
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choices of G and M. To support multiple logical formalisms
simultaneously, we use structured labels:

l:<lflme’ txpace} lmodal’ lprovenance’ targum} tmoda’ tprob , trel). Compati-
bility ' and propagation f can be defined component-wise
or with cross-constraints. Aggregation € may use:

e  Max/min for reliability,

e  Union for argument supports,

e  Dempster—Shafer or interval intersection for prob-
abilities,

e Setunion for temporal supports.

This yields a single LLP that can be “projected” into differ-
ent logics by selecting which components and constraints
are active.

We define a logic profile  as a configuration that specifies:
Which label components are active,
Which constraints define compatibility F,
Which propagation function fapplies,

e  Which aggregation @ is used,

o  Whether defeat/flattening is applied.

We now explain how to verify an LLM outputs with LLPs.
Step 1 is claim extraction where LLM outputs are parsed
into object-level literals such as infection(p)

Step 2 is label assignment. Each extracted claim is as-
signed a structured label:
=([t1,1:],9,wo, LLM, support,[0.6,0.8],0)
capturing time, source, argumentative role, and confidence.

Step 3 involves domain rules. A neutral object-level rule:
r: complication(x)<—infection(x),immunosuppressed(x)
The rule itself does not encode whether the reasoning is tem-
poral, modal, or defeasible.

Step 4 performs multi-profile verification based on:

e  Temporal profile memp checks whether the infection
occurred before the complication.

e Argumentation profile m., considers exceptions
(e.g., prophylactic treatment) that may defeat the
rule.

e Probabilistic profile myob propagates uncertainty
and checks if confidence falls below a threshold.

Each profile yields a labeled verdict:
t1:supported(claim),t2:defeated(claim),t3 :uncertain(claim)

Step 5 is meta-aggregation. These verdicts can them-
selves be aggregated into a final verification status: t*:unre-
liable(claim) where t*explains why (temporal inconsistency,
argumentative defeat, low probability).

By grounding verification in LLP inspired by Gabbay’s
LDS, we obtain a universal reasoning substrate for LLM
outputs. The object-level logic program captures domain
knowledge, while labels encode the meta-logical dimen-
sions required for verification. Different logical formalisms
emerge dynamically through label disciplines and profiles,
enabling robust, explainable, and adaptive verification of
LLM reasoning across heterogeneous domains.



Discourse and Claim Defeasibility

Hallucinations frequently arise when expliict rule (such as a
typical diagnosis) does not hold. Labels in LLP bridge 7/e-
torical structure theory (RST) and symbolic reasoning, ena-
bling logical programs to dynamically adjust the strength of
their rules based on the discourse hierarchy between nucleus
and satellite components of a decision text. In medical, le-
gal, or diagnostic narratives, these rhetorical relations cap-
ture how strongly a given statement supports the main con-
clusion, which can be encoded into logical inference or
probabilistic weights.

Each rhetorical relation has a nucleus (the “main” prop-
osition) and a satellite (supporting or contextual material).
The satellite always carries less essential information than
the nucleus (Table 1). One can see that nucleus contains
main diagnostic/treatment fact (higher base probability) and
satellite caries contextual/supporting info with lower signif-
icance. These values are obtained in the course of improve-
ment of validation performance, described in Evaluation
section.

Rhetorical Relation ?I\?llicllevzs :g;%gfﬁfegt Strength
Cause 0.8:0.2
Effect / Result 0.7:03
Condition 0.6:04
Contrast 0.55:0.45
Elaboration 0.65:0.35
Concession 0.75:0.25
Background 0.85:0.15
Enablement / Purpose | 0.7 : 0.3
Evidence/Justification | 0.6:0.4
Evaluation 0.65:0.35

Table 1: Relative weights of nucleus and satellite for differ-
ent rhetorical relations

The attenuation mechanism introduces graded support into
inference by weighting premises according to their rhetori-
cal role (Galitsky and Rybalov 2026). For instance, in the
“Cause” example:’
fever(patient) :- malaria_exposure(patient) [0.2].
fever(patient) :- high_fever(patient) [0.8].
the nucleus clause (“The patient developed a high fever”)
dominates inference, while the satellite clause (“Because the
patient had recently returned from a malaria-endemic area”)
provides weaker contextual justification. During reasoning,
if nucleus evidence is missing, the satellite’s low weight pre-
vents the rule from firing confidently. Conversely, if both
are true, the conclusion is strengthened, but not absolutely
certain.

In this way, attenuation acts as a defeasible weighting
scheme inside the rule base: satellite conditions can be over-
ridden when contradicted by stronger nucleus evidence.
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This mirrors defeasible reasoning (Antoniou & Billington,
2000) where less essential premises m ay fail without inval-
idating the entire argument.

In probabilistic logic programming, for example, Prob-
Log (De Raedt et al., 2007, Fierens et al. 2015) or LPADs
(Riguzzi, 2018), rule attenuation becomes a numerical prior
governing the probability of a rule firing. Each rhetorical re-
lation translates into a weighted probabilistic clause, where
the nucleus-to-satellite ratio (e.g., 0.8:0.2) determines the
relative confidence of inference:
0.8::fever(patient) :- high_fever(patient).
0.2::fever(patient) :- malaria_exposure(patient).
Probabilistic inference then aggregates these weighted sup-
ports across multiple discourse relations to compute poste-
rior probabilities for hypotheses (e.g., pneumonia(patient),
infection_cleared). In this sense, rhetorical weighting be-
comes a proxy for epistemic strength: nucleus-driven rules
act as high-confidence evidence, while satellite-driven rules
introduce plausible but defeasible explanations

Hallucination in Health Dataset

We built upon the dataset for Autoimmune Disorders and
Healthy Controls (Ragheb 2024) that serves as the founda-
tion for generating a synthetic corpus of realistic clinical vi-
gnettes. It originates from structured clinical data represent-
ing 12,500 patients, covering a diverse spectrum of autoim-
mune disorders alongside healthy controls. The source data
include detailed Complete Blood Count (CBC) parameters,
key autoantibody markers, demographic attributes, and
symptom profiles. Each autoimmune condition is character-
ized by disorder-specific autoantibody criteria aligned with
established diagnostic standards, enabling reliable differen-
tiation between disease states and normal baselines. De-
signed to support machine learning research in autoimmune
diagnostics and prognostics, this structured dataset was also
expanded into narrative form to capture the variability and
nuance of real-world clinical reasoning.

Our dataset contains 1,200 clinical vignettes designed to
evaluate how large language models interpret and reason
about nuanced patient narratives. We refer to it as Autoim-
mune-narrate-halluc. Each record includes a health_com-
plaint field — a 2-5 sentence, fluent, natural, and grammat-
ically correct first-person description of a patient’s experi-
ence, written in authentic English with emotional realism
and contextual detail (e.g., onset, duration, triggers, lifestyle
impact). The accompanying disease description field pro-
vides a concise 1-2 sentence hybrid explanation that com-
bines layperson accessibility with clinical precision, sum-
marizing typical presentation and diagnostic considerations.
Together, these fields model the ambiguity, overlap, and
conversational texture of real-world medical communica-
tion, offering a challenging yet controlled benchmark for
hallucination detection and reasoning consistency in LLMs.



The snapshot of the dataset is available' and also the full
dataset of 1200 complaints is available?.

Evaluation

We first evaluate on three claim-verification datasets that we
derive from existing QA/NLI resources: TruthfulHalluc
(from TruthfulQA; Lin et al., 2021), MedHalluc (from
MedQA; Jin et al., 2020 and PubMedQA; Jin et al., 2019),
and eSNLI Halluc (from eSNLI; Camburu et al., 2018). For
each source, we convert items into question—answer (QA)
style pairs and then inject controlled inconsistencies by ap-
pending randomly sampled, semantically incompatible at-
tributes (facts, circumstances, symptoms). These perturba-
tions create positive ‘“hallucination” cases; unmodified
items serve as negatives. Our focus is hallucination detec-
tion for model answers using four logical assessment meth-
ods as validators. Each validator assesses whether an an-
swer’s central claim is defeated by the argument-validation
system. We define a hallucination as a claim whose defeat
probability exceeds 0.9. This cautious threshold is moti-
vated by safety-critical domains (health, legal, finance),
where we prefer to reject answers that are defeated with sub-
stantial probability.

Dataset size and prevalence are as follows. Each used hal-
lucination dataset contains 1,000 QA pairs with a 2% hallu-
cination rate. In the original source datasets the natural hal-
lucination rate is <0.5%; our perturbation procedure raises
prevalence to enable meaningful detection metrics and com-
parability with prior LLM-argumentation studies. We then
evaluate on our own dataset Autoimmune-narrate-halluc
which is designed to cause hallucinations and make their de-
tection as hard as possible. Hallucination rate exceeds 4%.

To aggregate evidence from multiple reasoning para-
digms, we design a combination algorithm that integrates
the outputs of four logical validators—Ilogic programming
(LP), probabilistic logic programming (PLP), argumenta-
tion, and abductive explanation—into a unified hallucina-
tion detection score. Each component independently as-
sesses whether the claim inferred from the LLM’s answer is
defeated given the ontology and discourse context. The LP
validator checks for explicit rule violations or missing en-
tailments; the PLP validator estimates the posterior proba-
bility of the claim being supported given uncertain premises;
the argumentation module computes whether the claim re-
mains justified under admissible semantics; and the abduc-
tive module measures the minimal explanatory distance be-
tween the LLM’s claim and the logically derivable one.
Each produces a normalized score in [0,1] representing the
probability of defeat (1 = fully defeated).

The combination stage employs a weighted ensemble
where the weight of each logic component depends on its
historical reliability and discourse alignment. Specifically,

"https://anonymous.4open.science/r/halluc_in_health-
733B/prolog/data/autoimmune_diseases with complaints.csv
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weights are dynamically adjusted according to (a) the dis-
course role of the claim’s nucleus and satellite segments,
and (b) the inter-component agreement. When the nucleus
of a discourse relation dominates, LP and argumentation re-
ceive higher weights (reflecting strict reasoning); when un-
certainty or evidential justification prevails, PLP and abduc-
tion gain influence. LLP computes a defeat probability as a
weighted mean of component outputs, applying rule attenu-
ation from discourse relations (e.g., Cause 0.8:0.2) as priors.

Dataset/ LP arguments LLP
method

discourse +d +d
Truthful-Hal- 0.62 | 0.67 0.72 | 0.78 | 0.85
luc

Med-Halluc 0.57 | 0.60 0.77 | 0.72 | 0.81
eSLNI-Halluc | 0.58 | 0.62 0.68 | 0.67 | 0.69
Our dataset 0.39 | 0.37 0.32 | 0.35 | 0.33
Autoimmune-

narrate-halluc

Table 2: Hallucination prediction accuracy

Table 2 reports F1 scores for hallucination detection
across four datasets using standard Logic Programming
(LP), argumentation-based validation, and the proposed La-
beled Logic Program (LLP) framework, with and without
discourse-aware weighting (+d). Overall, LLP consistently
outperforms traditional LP and argumentation on most
benchmark datasets, demonstrating the benefit of labeling
symbolic rules with semantic, epistemic, and contextual in-
formation.

On Truthful-Halluc, LLP achieves 0.72 without discourse
modeling and improves to 0.78 with discourse cues, while
the fully discourse-enhanced configuration reaches 0.85.
Similarly, on Med-Halluc, LLP substantially improves over
LP and argumentation, achieving 0.77 and further rising to
0.81 in the discourse-aware setting. These gains indicate that
labeled rules enable more flexible and accurate validation of
LLM-generated claims than unlabeled symbolic rules alone.

On eSNLI-Halluc, LLP provides moderate improve-
ments over LP (0.68 vs. 0.58), reflecting the relatively sim-
pler factual structure of the dataset, where fewer contextual
and explanatory inferences are required. In contrast, the Au-
toimmune-narrate-halluc dataset remains challenging for all
methods due to implicit symptoms, vague patient language,
and contextual ambiguity. Here, LLP does not outperform
simpler approaches, suggesting that highly narrative and un-
derspecified medical text still exceeds the expressive capac-
ity of current symbolic labeling schemes.

Overall, the results confirm that combining labeled sym-
bolic reasoning with discourse-aware weighting yields the

2https://anonymous.4open.science/r/halluc_in_health-
733B/prolog/data/diseases_with_patient complaints1000.x1sx
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most robust hallucination detection performance on struc-
tured benchmarks, while highlighting open challenges for
clinical narrative data. Our results demonstrate that LLP of-
fers a stronger and more general verification mechanism
than classical LP or argumentation alone. Discourse-aware
weighting (+d) further improves performance by prioritizing
nucleus claims and attenuating weaker contextual state-
ments, confirming the importance of rhetorical structure in
hallucination detection. The highest accuracies on Truthful-
Halluc (0.85) and Med-Halluc (0.81) indicate that combin-
ing labeled symbolic reasoning with discourse analysis pro-
vides a robust, interpretable, and scalable approach to LLM
verification in safety-critical domains. The Autoimmune-
Narrate-Halluc dataset formed in this study remains diffi-
cult: baselines are low (~0.4) and the combined LLP sys-
tems modestly improve to 0.33. This reflects the challenge
of fuzzy patient language, implicit symptoms, and contex-
tual ambiguity not easily captured by formal rules.

Our MedHalluc results for argumentation are broadly
comparable to prior work: ArgMed-Agents with GPT-4 re-
ports 0.91 predictive accuracy (Hong et al., 2024); ArgLLM
with GPT-40 reports 0.80 (Friedman et al., 2015); and an
ensemble of ArgLLMs achieves 0.73 (Ng et al., 2025). That
said, these systems estimate claim truthfulness, whereas our
study predicts hallucination via whether a claim is defeated
by the argument-validation module, so the targets differ and
the numbers are not strictly comparable.

Human Evaluation Setting: Logic-supported Trust
Calibration

To complement the automatic metrics reported in Table 2,
we conducted a controlled human evaluation to assess how
logical verification tools can enhance the trustworthiness
and interpretability of LLM outputs. The goal was to exam-
ine whether human evaluators, when assisted by formal rea-
soning modules, demonstrate improved accuracy and confi-
dence in hallucination detection across four domains.
Twelve evaluators participated in the study, grouped ac-
cording to domain expertise: (i) four biomedical profession-
als for MedHalluc, (ii) four computational linguists for
eSNLI Halluc, and (iii) four fact-checking specialists for
TruthfulHallue. Each participant evaluated 150 question—
answer (QA) pairs sampled evenly from the three datasets,
including both perturbed (hallucinated) and unmodified
(factual) items.
The evaluation proceeded in three stages per item:

1. Baseline review — the evaluator inspected only the
LLM answer and rated its factual soundness and
confidence on a 0—5 Likert scale.

2. Logic-assisted review — the evaluator was shown
the logical verification report generated by the four
reasoning modules (LP, PLP, Argumentation, Ab-
duction) and the combined discourse-aware en-
semble.

416

3. Confidence re-rating — the evaluator revised the
initial confidence score and provided short written
feedback on interpretability and explanatory clar-
ity.

The logic-support interface presented the following infor-
mation for each answer:

e Defeat probabilities for LP, PLP, Argumentation,
Abduction, and their ensemble.

e  Textual explanations derived from symbolic traces,
e.g., “Claim ‘Fever and ankle pain indicate gout’ is
defeated (0.72): rule [Gout — joint pain, swelling]
not satisfied; missing causal link fever — gout.”

e Discourse weighting view, where nucleus—satellite
relations were visualized as strength attenuations
(e.g., Cause 0.8 : 0.2). This format enabled evalua-
tors to see why a statement was marked as incon-
sistent and which rule or discourse segment con-
tributed most to defeat.

We measure both quantitative and qualitative outcomes in
Table 3.

Metric || Definition
Percentage of correct hallucination
Accuracy .
judgments by humans.
AConfidence Mean change in confidence after see-

ing logical explanations.

Cohen’s k between final human deci-
sion and ensemble output.

Human-logic
agreement (k)

Difference between human confidence

Calibration error
and true correctness.

Interpretability
rating

Self-reported clarity of the logical ex-
planation (1-5 scale).

Table 3: Metrics of human evaluation

The aggregate results (Table 4) show consistent gains across
all logic-assisted conditions. The results indicate that logical
verifiers significantly improve both accuracy and subjective
trust. Participants reported that reasoning traces helped them
understand system behavior rather than merely accept or re-
ject outputs. Agreement with the ensemble’s defeat proba-
bilities correlated with higher interpretability ratings (r =
0.72). Notably, discourse-aware weighting yielded the larg-
est trust gain, suggesting that humans find explanations
framed in rhetorical terms (nucleus vs. satellite) especially
intuitive.

Overall, this human-in-the-loop experiment demon-
strates that logic-based validation not only detects halluci-
nations but also humanizes verification: it enables users to
perceive LLM reasoning as accountable and auditable,
bridging statistical generation with symbolic justification.



Human Inter-
Condition accu- Ai(:égl_ rr?e%lrte(elg) pretabil-
racy ity (1-5)

ILLM only los7 |— |— 2.3 |
[+LP 073 0.2 Jlo.s4 3.1 |
[+ PLP 074 |+0.14 Jo.s6 |34 |
[+ Argumentation [0.75 |+0.16 J0.59 |37 |
[+ Abduction 071 |+o.11 Jo.s1 |33 |
Full Valid-
LLPALLM  (dis-[0.83 |[+0.22 |[0.68 |42
course aware)

Table 4: Evaluation of accuracy, confidence and interpreta-
bility

Implementation

Figure 2 illustrates the ValidLLP4LLM architecture, a hy-
brid neuro-symbolic pipeline in which an LLM and an LLP
reasoning engine collaborate to verify or refute an LLM-
generated decision. Unlike traditional formalism-first ap-
proaches that require selecting a specific logical framework
(e.g., temporal logic, probabilistic logic, argumentation,
Yang et al. 2025, Tan et al. 2025), ValidLLP4LLM operates
on a single universal reasoning substrate. No prior classifi-
cation of the required logical for, malism is needed.

The objective of the system is to ensure that an LLM’s
answer—for example, “The patient has gout”—is not
merely linguistically coherent but also logically justified un-
der structured reasoning constraints encoded in LLP format.
If the LLP reasoning process cannot defeat the diagnosis
claim, it is confirmed; otherwise, it is marked unconfirmed.
The workflow proceeds as follows:

1. User input. The process begins with a user request,
such as asking for a medical diagnosis.

2. LLM generates initial answer. The LLM processes
the request and produces an initial conclusion (e.g.,
“The disease is gout”). This answer is treated as a
hypothesis to be verified.

3. Textual ontology and discourse setup. A textual
ontology containing domain knowledge (symp-
toms, diseases, causal relations, exceptions, con-
straints) is available or dynamically constructed. A
discourse parser analyzes rhetorical structure, iden-
tifying nucleus (central claims) and satellite (con-
textual or auxiliary information). This distinction
influences rule strength and defeasibility.

4. Formation of LLP-ready representation.Instead of
selecting a particular logical formalism, the LLM
transforms domain knowledge into an LLP-com-
patible representation. Facts and rules are encoded
as labeled statements, where labels capture meta-
information such as temporal scope, modality,
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provenance, argumentative role, probability inter-
vals, and discourse importance.

5. Conversion into LLP. The textual ontology is con-
verted into labeled facts and labeled rules. Dis-
course structure determines label parameters:

o Nucleus — stronger, more reliable or
strict components

o Satellite — defeasible, lower-priority, or
context-sensitive components

Unlike a DeLP-only pipeline, this representation is
not limited to defeasible reasoning. Labels allow
integration of temporal, modal, probabilistic, ab-
ductive, and argumentation-based reasoning within
a single program.

6. Formalization of the User Query and LLM An-
swer. The user request and the LLM’s proposed di-
agnosis are encoded as labeled logical facts and
goals. These become claims that can be supported,
weakened, or defeated by the LLP ontology.

7. Discourse-Aware Weight Integration. The system
integrates discourse-derived weights directly into
labels. Central statements receive stronger priority
or higher confidence, while contextual statements
receive weaker, defeasible status. This enables
graded reasoning and structured justification.

8. LLP Reasoning Engine Execution. The LLP en-
gine evaluates the labeled program using logic pro-
files as needed (temporal, modal, probabilistic, ar-
gumentation, abductive, or hybrid). Crucially, no
formalism classification step is required: the same
LLP substrate supports multiple reasoning styles
simultaneously. The engine computes:

o Support and attack relations,

o Label propagation (time constraints, mo-
dality consistency, probability aggrega-
tion),

o Dialectical or counter-argument struc-
tures when needed,

o Final support/defeat status for the diagno-
sis claim.

9. Comparison with original LLM output. The LLM’s
original answer is compared with the verdict de-
rived by the LLP reasoning engine. The compari-
son relies on structured labels rather than surface-
level textual agreement.

10. Decision outcome:

e If the diagnosis claim is not defeated under LLP
reasoning profiles, the LLM answer is confirmed.

e If the claim is contradicted, defeated, or insuffi-
ciently supported, it is marked unconfirmed.

Further implementation details on logic programming im-
plementation of ValidLLP4LLM are available in (Galitsky
2026) and Github link https://github.com/bgalitsky/hal-
luc_in_health/tree/master/integrated logic verif.



User request
(problem / question)

v

e

— —IiM forms textual repres

e //-_
e LLM processes request
N and produces answer
( (e.g., diagnosis / decision)
—

—

i

LLM answer
(claim to verify)

-

entation

"~ LLM converts textual ontology into
\_LLP representation: labeled facts + labeled rules /
Labéllsvcapture: fime, modality, provenance, argument-fole,

of domain knowledge + reasoning
as LLP-ready content
(facts, rules, exceptions, modalities)

Textual ontology
(intermediate)

Discourse parser

¥
~

| Nucleus — strong / must-like
Satellite — weaker / should-like
(used to set label weights)

. / I\ probability ) .
\ o o - \ )
c ,\IM compares its-;r;s;er___-- p- SR - ‘ LLP ontology
= i LLpI_Jdeﬁ\.ed verdict ~ LLM builds LLP query representation ) L7 (1abeled facts + labeled rules)
&__ - “~—__(the user request as labeled facts / goals) L
—— ____f/’i (‘soit can be supported or defeated by LLP rules . N

Key advantage of LLP pipeline:

No “choose-the-right-logic” step. One representation
supports many reasening styles.

Reduces failures from missing solvers and brittle

Ices f (Adjust label stren
classification. —

statements

gths for central vs contexty

=3
\importance + confidence + defeat priority) ./

LLP engine (universal substrate)
Run with logic profiles as needed:
temporal / modal / probabilistic / argumentation /
abductive / hybrid

v

Verification pipeline
* computie suppori/atiack relations
= run profile-specific checks (timefworld/prob)

If LLP does NOT defeat the claim — LLM answer confirmed
If LLP defeats / contradicts the claim — LLM answer unconfirmed

» derive: supported / defeated / uncertain
» produce unified explanation trace (labels)

Figure 2: ValidLLP4LLM architecture

Conclusions

We presented a hallucination detection framework that inte-
grates multiple reasoning paradigms within a Labeled Logic
Program (LLP) architecture. Experiments on four bench-
mark datasets show that LLP consistently outperforms clas-
sical logic programming and argumentation-based valida-
tion, especially when combined with discourse-aware
weighting that prioritizes nucleus claims over peripheral
statements. The results highlight the importance of labeling
rules with semantic and contextual information for robust
verification of LLM outputs. While performance remains
limited on highly narrative medical data, the framework pro-
vides interpretable explanations of logical defeat. A human
evaluation further confirms that logic-supported verification
improves both accuracy and user trust, with discourse-aware
explanations perceived as especially intuitive.

Overall, LLP offers a scalable and interpretable approach
to LLM verification in safety-critical domains. The key ad-
vantage of ValidLLP4LLM lies in eliminating the need for
selecting a specific logical formalism prior to reasoning.
Traditional pipelines require predicting whether the task de-
mands temporal logic, probabilistic inference, argumenta-
tion, or another framework; misclassification or missing
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solvers can lead to verification failure. In contrast, the LLP-
based pipeline embeds multiple reasoning dimensions
within structured labels and activates them as needed
through logic profiles. This reduces brittleness, supports hy-
brid reasoning, and ensures broader coverage of reasoning
styles.

Thus, ValidLLP4LLM provides a unified neuro-sym-
bolic verification framework in which LLM-generated rea-
soning is validated against a rich, extensible logical sub-
strate rather than a single preselected formalism. Further im-
plementation details of the LLP engine and its logic pro-
gramming realization are provided in Galitsky (2026).
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