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Abstract

Managing Standard Operating Procedures (SOPs) in regulated industries such as healthcare and pharmaceuticals
presents a dual challenge: growing regulatory complexity driven by frameworks like GxP, NIS2, and ISO standards
requires increasingly detailed documentation, while demographic change threatens the loss of tacit process
knowledge that has never been formally captured. Existing Document Management Systems (DMS) manage only
versions and metadata but cannot detect semantic contradictions across documents. We present an early-stage
framework for holistic SOP lifecycle management integrating rule-based consistency checking, neuro-symbolic
Al large language models and emerging world models. The Knowledge Intelligence Layer addresses immediate
industry pain points through hybrid contradiction detection, pairing an LLM-based semantic layer for candidate
identification with a formal reasoning layer based on First-Order Logic and Answer Set Programming (ASP)-based
Defeasible Deontic Logic for deterministic verification. The Knowledge Acquisition Layer extends the framework
toward the capture and formalization of implicit expert knowledge through egocentric video observation and
targeted clarification mechanisms. We demonstrate the framework through a use case with a regulated healthcare
provider, where the combination of rule-based consistency checking together with LLM-based semantic analysis
surfaced contradictions across interdependent SOPs that semantic analysis alone could not deterministically
verify, suggesting that declarative rules combined with neural approaches provide a principled and auditable
foundation for SOP management in settings where correctness is legally mandated.
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1. Introduction

Standard operating procedures (SOPs) are required by law in regulated industries and are audited on a
regular basis. Failure to comply with them has immediate legal and financial consequences, as illustrated
by the temporary production halt at Euroapi’s Brindisi site in 2024 [1]. This work was motivated by
several interrelated challenges: regulatory pressure from GMP, NIS2 Art. 20, the EU AI Act, and ISO
norms continuously expand the documentation burden [2]. Hidden SOP contradictions are latent audit
risks, with review and harmonization consuming 20-50% of quality management capacity and violation
costs exceeding proactive investment by 2.7 times [3, 4]. Furthermore, demographic change threatens
irreversible loss of tacit process knowledge as approximately 7 million workers are forecast to leave the
German labor market by 2035 [5].

Existing Document Management Systems such as MasterControl, Veeva, and DocuWare manage
versions and metadata but cannot detect whether the content of one SOP contradicts another [6, 7,
8]. Recent Al initiatives by these vendors, such as MasterControl’s SOP Analyzer and Document
Summarizer [9], rely on LLM-based generation and single-document analysis without cross-document
reasoning. Pure LLM approaches do not close the consistency gap: non-deterministic outputs and
hallucinations are disqualifying in GxP environments where compliance decisions must be verifiable
and auditable, and where a conflict proof must be reproducible and explainable rather than probabilistic.

We present an early-stage industrial framework combining rule-based consistency checking, neuro-
symbolic Al, and large language models to address key stages of the SOP lifecycle. Beyond consistency
validation, the framework supports guided SOP authoring, ensuring newly created documents are
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consistent with the existing corpus from the point of creation. We demonstrate its applicability through
a pilot with a regulated healthcare provider, where the combination of rule-based consistency checking
together with LLM-based semantic analysis surfaced contradictions across interdependent SOPs that
semantic analysis alone could not deterministically verify.

2. Related Work

Existing solutions for SOP management fall into two categories. Legacy platforms such as MasterControl
and Veeva focus on audit-safe archival and signature workflows, while newer tools such as Scribe and
Trainual prioritize content creation speed [6, 7, 10, 11]. All share the same fundamental limitation: they
verify whether a document exists and is approved, not whether its content is consistent with other
documents. DeepHow represents the closest prior work, segmenting video captures into steps via LLMs,
but captures only the phenomenology of a process without providing cross-document validation [12].

On the reasoning side, defeasible deontic logic and ASP-based implementations provide the formal
foundations for our consistency checking layer [13, 14, 15]. Nonaka and Takeuchi’s SECI model [16]
frames our module design along the full knowledge lifecycle from tacit observation to explicit formaliza-
tion. Recent advances in JEPA-based World Models [17, 18] and egocentric procedural Al assistants [19]
motivate the Knowledge Acquisition Layer, while hybrid RAG architectures [20] underpin the Explore
module. To our knowledge, no existing system integrates these strands into a unified framework for
SOP lifecycle management in regulated industries.

3. The Rule- and Neuro-Symbolic Al-based Framework

3.1. Architecture Overview

The framework consists of five modules organized across two functional layers, all connected through a
shared ontology infrastructure that encodes domain concepts, roles, process relationships, and regulatory

requirements (see Figure 1).
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Figure 1: Overview of the SOP Management Framework and its Five Modules

3.2. Knowledge Intelligence Layer
3.2.1. Compare: Rule-based Consistency Checking

Compare identifies semantic contradictions and redundancies across the SOP corpus through a hybrid
two-layer approach. A semantic LLM layer detects content overlaps and conflict candidates, including
inconsistent process sequences, conflicting responsibilities, and contradictory parameter thresholds.



A formal reasoning layer then verifies conflict candidates deterministically, pairing an ASP-based
Defeasible Deontic Logic solver built on clingo [13, 14, 15] with a First-Order Logic component. The DDL
solver reasons non-monotonically under the Closed World Assumption (negation as failure), evaluating
normative rules with exceptions and defaults, precisely the structure of regulatory documents. FOL
on the other hand handles structural constraints: reasoning over the domain ontology and enforcing
integrity constraints. Identified conflicts are submitted to domain experts via a Human-in-the-Loop
mechanism, with each decision feeding back as a training signal for a reranker that continuously reduces
false positives without suppressing true conflicts.

3.2.2. Simplify: Language & Structure Optimization

Simplify optimizes the linguistic and structural quality of SOPs and provides the foundation for agentic
document editing. It draws on specialized language models for readability assessment [21, 22], enforces
GxP-specific structure requirements such as scope tables, responsibility assignments, change histories,
and supports domain-specific thesauri for controlled vocabulary [23]. All changes are tracked via an
automatic audit trail. User queries and feedback from Explore feed directly into Simplify’s improvement
suggestions, closing the loop between knowledge access and document quality.

3.2.3. Explore: Knowledge Retrieval

Explore implements a hybrid RAG pipeline for transparent, low-threshold access to process knowledge,
referencing the exact source location for every answer. The retrieval strategy combines relational
metadata, a vector database for semantic retrieval, and a knowledge graph encoding document depen-
dencies and organizational context [24, 20, 25]. Frequently asked questions feed into Simplify as SOP
simplification candidates, while answer feedback is aggregated and forwarded to document owners. An
MCP interface enables integration with existing Q&A systems.

3.3. Knowledge Acquisition Layer
3.3.1. Capture: Physical Process Observation

Capture transforms egocentric video from smart glasses or helmet cameras into dynamic scene graphs
using JEPA-based World Models [17, 18], where nodes represent objects, edges represent actions, and
temporal dependencies encode causal relationships. Where current VLM-based approaches show
limitations in real-time processing [19], JEPA-based models infer goals, anticipate action sequences,
and model state transitions at 1/50th the planning duration of comparable architectures [18]. Scene
graphs are validated against the shared ontology for ontological consistency, temporal ordering, and
completeness. Deviations are quantified as node- and edge-level uncertainty, with high uncertainty
automatically triggering the Clarify module. Crucially, the same normative rules used by Compare to
check written SOPs also verify physically observed processes via the shared ontology.

3.3.2. Clarify: Implicit Knowledge Extraction

Clarify operationalizes the Ask-to-Clarify mechanism to maximize information gain from expert
interaction. Drawing on Cognitive Task Analysis [26] and proactive interaction research [27, 28], it uses
uncertainty signals from Capture, including logical contradictions, undocumented steps, high action-
anticipation entropy, and missing ontology entries as learning triggers. Information-Gain optimization
[28] ensures only highest-yield questions are posed, minimizing workflow interruption. Responses are
classified and fed back into the scene graph and document corpus via Compare and Simplify.



4. Use Case: SOP Management at a Regulated Healthcare Provider

4.1. Context and Starting Situation

The pilot partner is a large Austrian provider of care and social services operating across multiple
facilities. Its regulatory environment, covering care standards, hygiene protocols, medication admin-
istration, and data protection requirements, closely parallels pharmaceutical GxP in its demands on
documentation correctness and auditability. Several hundred SOPs are maintained manually across
facilities with no systematic cross-document consistency checking. For the pilot, a smaller cross section
of 50 documents was analyzed. Initial assessment revealed contradictions accumulated from parallel
SOP development across care areas, broken references to superseded guidelines, and inconsistent role
designations across documents. Acute demographic pressure compounds the problem: severe nursing
staff shortages drive long onboarding times, while almost no implicit care knowledge has been formally
captured in written SOPs.

4.2. Framework Application

The Knowledge Intelligence Layer was applied to the provider’s SOP corpus. In the following, we
focus on the rule-based consistency checking pipeline of the Compare module. Its ontology was
bootstrapped from domain-relevant source documents including DNQP standards [29]. The hybrid
consistency checking pipeline was then run across the subset of the corpus, with the formal reasoning
layer verifying conflict candidates identified by the semantic LLM layer.

A selection of applied rule categories is presented below:

« Metadata completeness: All required metadata fields (e.g. approved by, created on, version
number) must be completed before a document is considered valid.

« Responsibility assignment: No two SOPs in the same domain may assign conflicting RACI
(Responsible, Accountable, Consulted, Informed) responsibilities for the same action.

+ Cross-reference validity: If a reference to a document is broken or outdated, it must be updated
to a valid and current source.

« Document structure conformance: If a document type defines a required table of contents and
section structure, all SOPs of that type must adhere to the defined structure, including required
section titles and classified section contents.

« Terminology consistency: Terms defined in the master glossary must be used identically across
all referencing documents.

« Regulatory cascade: If an SOP cites a regulation, all SOPs in the same process chain must be
consistent with that regulation’s constraints.

» Temporal ordering: Steps with safety-relevant preconditions must precede dependent steps in
any procedure referencing both.

4.3. Results and Limitations

Across the applied rule categories, multiple conflicts and structural deficiencies were identified and
subsequently validated with quality management staff via the Human-in-the-Loop interface, which
presented formal proofs of contradiction alongside resolution options. Validated decisions were logged
for reranker training and ontology enrichment. Initial validation demonstrates reduced manual re-
view effort and improved document landscape transparency, providing a structured foundation for
audit preparation. The pilot also establishes the domain foundation for a future Capture and Clarify
deployment, where abundant undocumented tacit care knowledge represents a high-value acquisition
target. Limitations are acknowledged: the pilot is in early stages and quantitative metrics including
false-positive rate, precision, and review hour reduction are being collected but are not yet reportable.
Capture/Clarify integration remain as future work and come with their own challenges, like privacy
concerns, user acceptance, ergonomics, the current experimental nature of world models and the
difficulties of grounding their outputs in a normative layer, among others.



5. Conclusion

We presented an early-stage industrial framework integrating rule-based reasoning, LLMs, and World
Models across five modules on a shared domain ontology, covering the SOP lifecycle from physical pro-
cess observation to cross-document consistency verification. The hybrid two-layer consistency checker
in Compare addresses the fundamental limitation of pure LLM approaches: regulated environments
require deterministic, formally verifiable conflict proofs, and obligations, prohibitions, and exceptions
must be reasoned about explicitly rather than approximated. The pilot with a regulated healthcare
provider demonstrates the applicability of the framework in an early deployment stage, validating
the Knowledge Intelligence Layer and illustrating the rule-based consistency checking pipeline of the
Compare module through a representative selection of rule categories.

Future work includes further quantitative evaluation in different enterprises and domains, rule
base expansion for pharmaceuticals production, MedTech, and NIS2 compliance with full defeasibility
hierarchies, and the Capture/ Compare connection prototype. The shared ontology enables a key
architectural continuity property: the same normative rules that verify written SOPs will extend to
physically observed processes once Capture reaches prototype stage, providing a unified compliance
layer across both document and physical process dimensions.

Two open challenges are worth highlighting for the RuleML+RR community. First, ASP is NP-hard
in the general case; scaling defeasible consistency checking to inventories exceeding 500 SOPs requires
modular decomposition strategies that preserve soundness while bounding solver complexity. Second,
ontology quality is a hard dependency of the formal reasoning layer; automated bootstrapping from
regulatory source documents reduces this burden but introduces its own coverage and alignment
challenges.
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