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Abstract

We present a case study developing an
ontology-guided framework for extracting and
validating procedural knowledge from safety-
critical documents with limited annotations,
specifically the Lockout-Tagout (LOTO) pro-
cedural documents. We build multimodal Pro-
cedural Knowledge Graphs (PKGs) grounded
in the Procedural Knowledge Ontology (PKO)
from text and diagrams using LLMs and
VLMs. The extracted PKGs are evaluated on
instruction- and graph-level metrics with vali-
dation against a domain expert curated ontol-
ogy for action–entity relations, step order, and
cross-modal alignment. Embedding-based met-
rics capture semantic alignment, while lexical
metrics expose safety-critical mismatches. Our
experiments on proprietary and public LOTO
documents demonstrate the feasibility and limi-
tations of multimodal procedural extraction and
motivate ontology-guided validation.

1 Introduction

Large Language Models (LLMs) and Vision-
Language Models (VLMs) have shown competen-
cies at extracting structured knowledge from tech-
nical documents (Huguet Cabot and Navigli, 2021;
Dagdelen et al., 2024; Bhattarai et al., 2024). Pro-
cedural knowledge extraction (PKE), however, re-
quires representing not only entities and relations,
but also ordered actions, dependencies, and their as-
sociated objects (Gupta et al., 2018; Dannenfelser
et al., 2023). These requirements become particu-
larly important in safety-critical industrial settings,
where procedural representations must also pre-
serve domain-specific operational constraints.

Lockout-Tagout (LOTO) provides a represen-
tative safety-critical use case. LOTO documents
contain machine-specific procedures for control-
ling hazardous energy, with procedural information
distributed across text, tables, document structure,
and diagrams. These procedures specify ordered

Figure 1: The end-to-end workflow from document
parsing to PKG construction and evaluation.

actions together with equipment targets, tools, lo-
cations, verification steps, and supporting visual
evidence. Gupta et al. (2018); Dannenfelser et al.
(2023); Wu et al. (2022) have investigated proce-
dural extraction and multimodal procedural under-
standing, exploiting the explicit structured repre-
sentation of a Procedural Knowledge Graph (PKG)
to associate executable actions with entities through
semantic, temporal, and cross-modal relations.

Determining whether the extracted representa-
tion satisfies the safety requirements of the underly-
ing procedure remains challenging. Although lexi-
cal, semantic, and graph-level similarities quantify
the correspondence with a reference, they do not
directly assess safety compliance. An extraction
may remain highly similar to the reference while
containing safety-critical errors, e.g. associating an
action with the wrong energy-control component,
omitting a required action, or altering the required
execution order.

To address these challenges, we develop a multi-
step ontology-guided framework, building on the
Procedural Knowledge Ontology (PKO) (Carriero
et al., 2025), to construct multimodal PKGs from
heterogeneous LOTO documents. Ontologies and
knowledge bases have been used to guide and ver-
ify LLM-based information extraction (Bhattarai
et al., 2024; Chepurova et al., 2024), providing a
basis for explicit domain-specific validation. By
comparing this approach with end-to-end VLM-
based extraction, we address the question: to what
extent does the PKO-guided multi-step framework
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improve PKE? Additionally, to address the ques-
tion of the effectiveness of existing standardized
metrics in detecting safety-related errors, our eval-
uation examines the framework step-by-step and
extend the final PKG assessment beyond reference-
based text and graph similarity metrics to include
safety validation against expert-verified LOTO con-
straints.

Our main contributions are as follows:

• We present a baseline framework for real-
world LOTO PKE by extending Ren et al.
(2023) multi-dependency approach to an
ontology-guided multi-modal LLM-based set-
ting.

• We provide a multi-modal dataset and anno-
tation features for evaluating the proposed
pipeline.

• We demonstrate potential limitations of exist-
ing similarity-based text and graph metrics in
validating safety compliance.

2 Background & Related Works

Lockout-Tagout (LOTO) Procedure. LOTO
is a regulated industrial safety practice that pre-
vents accidental machine activation during main-
tenance.1 LOTO documents contain machine-
specific instructions in text, diagrams, and tables,
and are subject to both regulatory and confidential-
ity requirements.

Procedural Knowledge Extraction (PKE).
LLMs have streamlined knowledge graph con-
struction sub-tasks, e.g. named entity recognition
(NER) and relations extraction (RE), into gen-
erative tasks (Mujtaba and Mahapatra, 2019;
Huguet Cabot and Navigli, 2021; Chia et al., 2022;
Trajanoska et al., 2023; Chepurova et al., 2024;
Castle and Moreno Schneider, 2025), including
extracting both (Dagdelen et al., 2024; Gong and
Eldardiry, 2024) at the same time. Whereas these
works examine declarative knowledge, we extend
this paradigm towards constructing procedural
knowledge graphs (PKG) as explored in Yang and
Nyberg (2015); Mujtaba and Mahapatra (2019);
Wu et al. (2022); Ren et al. (2023).

1Regulated by the U.S. Occupational Safety and Health
Administration (OSHA) (see https://www.osha.gov/control-
hazardous-energy ) and other agencies in other jurisdictions
(see https://www.safetylock.net/learn-lockout-tagout/lockout-
tagout-legislation/).

Ψ Similarities in PKO Relations

(vi, precedes, vj) Skm step order, (Step, nextStep, Step)
(vi, acts_on, oi) (Procedure, hasProcedureTarget, Thing)
(vi, uses, ti) (Action, requiresTool, Tool)

(vi, occurs_at, li) (Procedure, isAdoptedBy,Organization)
(skj , verify, vi) Skm step order, (Step, hasStepV erification, V erification)

(pi, image_of, ni) (Procedure, wasExtractedFrom,Resource)

Table 1: Non-exhaustive examples of Ψ formalization
according to how the semantic roles correspond to the
inter-class relations in the PKO (Carriero et al., 2025)
as shown in Figure 2. Relations can be transitive,
e.g. (Procedure, wasExtractedFrom,Resource)
implies (Tool, wasExtractedFrom,Resource) be-
cause there are relations between Procedure, Action,
and Tool.

PKG construction has been studied in special-
ized domains such as biomedical (Dannenfelser
et al., 2023; Bhattarai et al., 2024), material science
(Dagdelen et al., 2024; Castle and Moreno Schnei-
der, 2025), legal (Zheng et al., 2024), and technical
support (Gupta et al., 2018). Research into PKG
for internal manufacturing processes (as opposed
to consumer product operations) remains underex-
plored. Ren et al. (2023) investigate PKG with
multiple dependency types; they examine PKG
where nodes and edges represent information and
relations either between sentences or within each
sentence. We extend this paradigm to support both
inter-sentence and intra-sentence relations, in-
cluding cross-modal (text-visual) relations in the
manufacturing domain.

Procedural Knowledge Ontology (PKO). The
PKO provides an expert-curated schema for rep-
resenting domain-specific procedures, including
LOTO; Carriero et al. (2025) has also demonstrated
its generalizability beyond original use cases. Bhat-
tarai et al. (2024); Chepurova et al. (2024); Wang
et al. (2024) demonstrate that ontologies and knowl-
edge bases can improve LLM extraction and vali-
date outputs via schema validation and in-context
learning (ICL). This work investigates the appli-
cation of the PKO (Carriero et al., 2025) in both
PKG construction and evaluation. As Gretkowski
et al. (2022) and Carriero et al. (2025) observe that
procedural documents often omit implicit knowl-
edge, we restrict our scope to document-explicit
information.

3 Methodology

3.1 Multi-Step PKG Formalization

Figures 1 & 2 illustrate how a document is trans-
formed into machine-interpretable PKG according
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Figure 2: An example demonstrating how each extracted procedural text Ak is processed into executable procedural
steps Skm . Atomic actions Si along with semantic roles are extracted from each Ski to form PKG nodes. The
PKO classes and the inter-class relations corresponding to semantic information define edge types, facilitating the
formation of triplets, which are sequentially composed into the PK GAk

as explained in Section 3.1.

to our proposed framework: 1) Document Parsing
extracts multimodal text–layout representation, 2)
Instruction Extraction identifies executable steps
and semantic roles via LLM prompting, and 3)
PKG Construction is finalized from node infer-
ence and triplet formalization with PKO (Carriero
et al., 2025) guidance by re-prompting the same
LLM.2

Document Parsing. A document D = {d1→K}
is decomposed into k-page text blocks bki =
(tki , λki), where tki is text and λki =
(x1, y1, x2, y2) encodes the layout. Structural meta-
data Γk = {γk1 , γk2 , . . . } (e.g. headers, lists, ta-
bles) capture hierarchical organization. The result-
ing representation D = {(dk,Γk) |k=1→K} serves
as input for instruction extraction.

Instruction Extraction. Executable steps Ak =
{sk1 , . . . , skm} are extracted using LLM few-shot
prompting with each parsed page (dk,Γk) as input.
Formally, this is defined by a mapping f : D → A,
where A =

⋃︁K
k=1Ak represents the complete set

of procedures extracted from D.

Procedural Knowledge Graph. Extending from
Ren et al. (2023), a PKG GAk

= (V,E,Ψ)
is constructed from Ak, where V is the set of
node types, E the directed relations, and Ψ =
{(ni, eij , nj)} the procedural unit. Each node
ni ∈ V = {vi, oi, ti, li, Ski , pi} represents one of
{action, target, tool, location, step, image}. A
step description Ski can denote an executable ac-
tion or a condition, e.g. prerequisite, precaution,

2We use few-shot prompting where templates include PKO
class definitions and representative examples to enhance se-
mantic coverage and output consistency (see Appendix C for
task-specific details).

informative, or verification. Each edge eij ∈ E rep-
resents one of the procedural, semantic, and tempo-
ral (sequential order) relations inherently informed
by the PKO (Carriero et al., 2025) (see Table 1)
such as acts_on, uses, occurs_at, image_of, pre-
cedes, and verify. Some relations, which are not
apparent, are transitive or analogous. For example,
occurs_at is informed by isAdeptedBy in the PKO
as Procedure has step Action (vi) and Organization
can be a Location (li).

Re-prompting the LLM decomposes each step
into atomic statements si = (vi, {oi, ti, li}), where
vi is the main verb and {oi, ti, li} its argument set.
A triplet representing a procedural unit (ni, eij , nj)
is instantiated by connecting a main verb with its
argument for intra-sentence dependencies or by
connecting an atomic statement to another (inter-
sentence dependencies). The final PKG GD =
{GA1 , . . . , GAK

}, where transitive precedes edges
also capture inter-step (inter-sentence) dependen-
cies, can represent nested procedures.

Cross-Modal Alignment. The cross-
modal triplets (pi, image_of, ni) or
(ni, wasExtractedFrom, pi) are formed by
maximizing the cosine similarity between the
vision-language embeddings of each extracted
node and the candidate bounding box regions.

3.2 Baseline VLM-based PKG Construction

As a contrastive baseline to our multi-step frame-
work, in an end-to-end PKE approach, a k-
page document D = {d1→K} is represented
as an ordered sequence of page images Xd =
{xd1 , xd2 , . . . , xdk} for input into a VLM via
prompting to output the final PKG GD directly.
Formally, the extraction can be viewed as a func-
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tion fm : Xd → Gm, where Gm = (Vm, Em) is
the graph extracted by a model m. Each node
ni ∈ Vm = {vi, oi, ti, li, Ski} and each edge
eij ∈ Em represent the node and relation types
of the final PKG as formalized in Section 3.1.

Cross-Modal Triplets. To obtain cross-modal
triplets (ni, hasV isualEvidence, pi), the same
model is re-prompted to extract visual grounding
reference nodes pi that can be associated with any
of the procedural steps or entities in Vm.

Dataset Documents Procedures Instructions Visual
Proprietary 86 236 1840 213
Public 18 36 62 21

All 104 272 1,902 234

Table 2: Dataset composition: “Procedures” denotes
procedural groups or sections in a document, “Instruc-
tions” denotes step descriptions, and “Visual” denotes
visual evidence items.

3.3 Dataset & Annotation
We introduce an evaluation dataset consisting of
proprietary and public LOTO documents annotated
with layout and semantic information; Table 2 sum-
marizes the dataset statistics. Public documents
are obtained from generic LOTO templates in the
public domain (web searches); proprietary LOTO
documents are written with confidential machine-
and facility-specific instructions.3

Annotation. To provide ground truths for the
evaluation of intermediary steps in our pipeline,
we use the Roboflow interface4 to annotate layout
bounding boxes for page elements: image, image-
part, title, icon, paragraph text, itemized text, table,
and table header. The extracted text segments are
manually aligned with their corresponding layout
regions to provide visual-text grounding references.

Texts are further annotated as an ordered and
nested list of executable actions and conditional
step descriptions that capture hierarchy and se-
quence order. Each action is labeled with pre-
defined PKG node and edge types based on the
ontology mapping described in Section 3.1.

Executable actions are concrete steps performed
by a practitioner and are associated, when stated,
with entities (targets, tools, locations, verification

3Therefore, LOTO documents are rarely available for re-
search, and only public documents can be released to motivate
future works and facilitate reproducibility; see Appendix A
for annotation details.

4https://roboflow.com/

targets), or expected conditions. Conditional steps
describe precautions, informative statements, pre-
requisite steps, additional requirements, and veri-
fication statements that affect safe execution. Vi-
sual evidence (bounding boxes) is annotated when
a figure, image, table region, or page-level vi-
sual element supports an executable action, action-
associated entity, precaution, or verification.

Inter-Annotator Agreement. A Computer Sci-
ence Master’s student performs layout annotation.
The Master’s student and a PhD researcher con-
duct procedural text annotations. A domain expert
provides annotations for the proprietary documents
and another PhD researcher annotates the public
ones. We calculate the mean Jaccard and Cohen’s
κ agreement scores (with exact lexical and normal-
ized conceptual agreement matching5) for struc-
tured action tuples (action, target, tool, location),
excluding auxiliary fields. The mean exact (and
normalized) agreement scores for proprietary and
public LOTO documents are: 0.64 (0.81) & 0.54
(0.72) and 0.61 (0.79) & 0.48 (0.67) respectively.

The exact matching agreement scores reflect lex-
ical variations and differences in annotation granu-
larity; normalized scores indicate substantial con-
ceptual agreement. The slightly lower agreement
on proprietary data can be attributed to the more
fine-grained annotations introduced by the domain-
expert annotator.

4 Experimental Setup

Safety-critical work requires careful evaluation be-
cause errors can have serious consequences. We
propose three complementary evaluation angles to
evaluate the proposed framework: intermediary
assessment (document parsing and instruction ex-
traction), final PKG validation (reference align-
ment and safety compliance), and cross-modal
alignment. Our evaluation experiments follow the
pipeline in Figure 1. We use Qwen3_14B6 for the
evaluation in Sections 4.1 - 4.4.

Input. The initial input is a K-page procedural
document D = {d1, d2, . . . , dK} in PDF format.
The inputs and outputs for the subsequent stages in
the PKG construction pipeline follow the formal-
ization in Section 3.1.

5Conceptual normalization considers lexical variations that
do not hinder human reviewers’ understanding as a match,
resulting in higher agreement scores.

6the Q4_K_M quantized distilled version from
https://ollama.com/library/qwen3:14b
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4.1 Intermediary Assessment–Document
Parsing

We compare the extracted text elements tk and the
layout coordinates λk = (x1, y1, x2, y2) for each
page dK from two parsing tools: Docling7 and
PyMuPDF8. The outputs are compared with our
annotated ground truths according to two criteria:
1) layout accuracy of extracted text, table, and
image regions, and 2) text quality of extracted
sentences. Both tools output text-layout represen-
tations (dk,Γk) in reading order. However, we use
Docling to parse inputs for the subsequent steps of
the pipeline to construct the final PKG as it demon-
strates higher layout accuracy.

4.1.1 Evaluation Metrics

Layout accuracy is assessed as an image segmenta-
tion task, using Intersection-over-Union (IoU) over
annotated bounding boxes. Text extraction qual-
ity is assessed using the SMART (Amplayo et al.,
2023) scorer,9 which measures sentence-level simi-
larity between long texts. Together, these metrics
quantify visual–text grounding fidelity.

Layout accuracy. We compute Intersection-over-
Union (IoU) between predicted and annotated re-
gions. Let L and L∗ be the predicted and gold
bounding regions: IoU = |L∩L∗|

|L∪L∗| .

Text quality. Because sentence boundaries and
ordering can differ between parsers, we evaluate
the extracted texts with SMART (Amplayo et al.,
2023), which semantically aligns the predicted and
reference sentences before computing precision,
recall, and F1. We report Smart-1 and Smart-L,
which emphasize factual alignment and long-span
coherence, respectively.

4.2 Intermediary Assessment–Instruction
Extraction

We prompt Qwen3_14B to extract executable pro-
cedural actions from each parsed page (dk,Γk).
The output from each page dk, is a sequence of
multi-step procedures Ak = {sk1 , sk2 , . . . , skm}.
We examine both the quality of the generated texts
and the correctness of the procedural order.

7https://github.com/docling-project/docling
8https://github.com/pymupdf/PyMuPDF
9with their suggested BLEURT-20 (Pu et al., 2021) check-

point to match unaligned sentences

4.2.1 Evaluation Metrics
We evaluate the extracted procedural steps with
standard lexical metrics: (BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004), and METEOR
(Banerjee and Lavie, 2005)). To assess semantic
correspondence and step-order alignment beyond
surface overlap, we use a pairwise cosine similarity
matrix between predicted and annotated reference
steps:

Sij =
pi · aj

∥pi∥ ∥aj∥
, (1)

where pi and aj are predicted and annotated step
embeddings respectively. We calculate the Diago-
nal Mean, Alignment Accuracy, Off-Diagonal
Mean, and Margin Difference from the pair-wise
matrix. The Diagonalmean captures the step-wise
semantic similarity along the diagonal axis of the
matrix. Mean scores use the lowest number of pairs
as the sample size. Accuracyalignment captures or-
der preservation, quantifying how correct position-
wise (i.e. according to the step order) the most
similar instructions are. Off-Diagonalmean and
mean Differencemarginal measure the cross-step
confusion and separability, i.e. how semantically
different the unaligned instructions are. Formal
definitions and an illustrative example are in Ap-
pendix B).

4.3 Final PKG–Reference Alignment

We prompt the same LLM as in Section 4.2 to ex-
tract the nodes and form procedural unit triplets
from the procedural steps Ak according to the for-
malization in Section 3.1 to construct the final
PKG. The resultant PKG is compared to a refer-
ence graph constructed from nodes and edges an-
notated according to Section 3.3. We assess node
type, node & edge features, triplet, and graph-level
alignments.

4.3.1 Evaluation Metrics
Node/Edge & Graph Alignments. We report
node and edge features Jaccard index:

J =
|Xpred ∩Xgold|
|Xpred ∪Xgold|

.

Triplet matching. Given a predicted ψ̂ =
(v̂, r̂, ô) and gold ψ = (v, r, o), an exact lex-
ical match requires identical triplet elements:
Sexact(ψ̂, ψ) = I[v̂ = v ∧ r̂ = r ∧ ô = o]. Fuzzy
uses normalized string similarity over triplet ele-
ments, and Embedding-based matching computes
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cosine similarity between triplet text embeddings.
We report Precision, Recall, and F1 for triplets and
average similarity over matched pairs.

For graph-level structural similarity, we calcu-
late the Graph Edit Distance (GED) and report the
normalized GED (nGED); lower values indicate
better structural agreement.

4.4 Final PKG–Procedural Safety
Compliance

In addition to assessing the extracted PKG align-
ments with the annotated reference at varying gran-
ularity levels, we address the question: is the ex-
tracted procedural knowledge admissible under
LOTO safety constraints? Therefore, we evalu-
ate each extracted procedure block against safety-
relevant criteria encoded in an expert-verified on-
tology in two settings: Ontology-only (determin-
istic checks) and Ontology-LLM (Qwen3-assisted,
ontology-constrained). We verify the results of
both settings by comparing them with a certified
LOTO safety expert evaluation (see Appendix B.4).

Ontology-only. For each extracted procedural
group, we infer (i) an energy type from the source
text strings, (ii) procedural action targets according
to the energy type, (iii) map step texts to canonical
action categories, and (iv) apply safety constraints
encoded in a JSON ontology to detect compliance
violations, e.g. energy mismatches, action target
incompatibilities, missing required categories, and
step order violations. Violations are summarized
per energy type and aggregated into a document-
level score.

Ontology-LLM. We prompt the same LLM to
evaluate the presence of safety relevant errors per
energy type procedure block. The JSON safety-
constraints ontology is included in the prompt. The
model returns structured JSON outputs containing
assessment along the same safety criteria as in the
Ontology-only setting (energy source, action order,
and missing action) to facilitate comparison.

4.4.1 Safety Compliance Metrics
Scores from procedural blocks by energy-type are
aggregated into a document-level safety score. For
the safety criteria encoded in the ontology (energy
source, action order, and missing procedural steps),
we report the accuracy and agreement, expressed
as Pearson (r) and Spearman (ρ) scores from the
two evaluation settings compared to the assessment
performed by a certified LOTO expert.

4.5 Cross-Modal Alignment

To evaluate cross-modal alignment, whether pro-
cedural entities are grounded across text-visual
modalities, we measure whether the predicted
(pi, image_of, ni) triplets match the annotated text-
visual ground truth associations. For the pro-
posed multi-step pipeline formalized in Section
3.1, we compare performance between CLIP (Rad-
ford et al., 2021) and PaliGemma (Steiner et al.,
2024) VLM embeddings.

4.5.1 Evaluation Metrics

For image–text alignment consistency, we evaluate
the (pi, image_of, ni) relations using Top-k Ac-
curacy (Acc@1, Acc@2). We further report Mean
Cosine Similarity between aligned image and text
embeddings to measure semantic closeness. These
metrics quantify the extent to which each model is
able to associate procedural text elements to their
visual references.

4.6 Comparison with VLM-based PKG

To determine the benefits of our proposed multi-
step pipeline, we compare the final PKG according
to Section 3.1 and the one formalized according to
Section 3.2 against the reference PKG constructed
from annotations in Section 3.3. We use Qwen3.510

and Gemma-411 as representative “best-available”
vision-language models that meet the data protec-
tion requirements of domain stakeholders without
increasing the hardware resource requirements.

Input. For VLM-based PKG construction, a K-
page document is represented as an ordered se-
quence of page images Xd = {xd1 , xd2 , . . . , xdK}
(see Section 3.2).

4.6.1 Evaluation Metrics

We measure the cosine similarity12 of the extracted
executable actions, conditional steps, procedural
unit aggregates consisting of action-associated enti-
ties (action, target, tool, location), and cross-modal
edges in a pair-wise fashion. We report F1 scores.
These criteria provide both sentence-level and intra-
sentence extraction granularity measures.

10https://huggingface.co/Qwen/Qwen3.5-4B
11https://huggingface.co/google/gemma-4-E4B-it
12https://huggingface.co/sentence-transformers/all-

MiniLM-L6-v2 is used for embeddings; similarity threshold
of 0.9 to allow for minor lexical variations while being strict
for same-domain comparisons
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Matching Strategy Precision (%) Recall (%) F1 (%) Avg. Sim. (%) Node Jac. (%) Edge Jac. (%) nGED (1 - nGED) (%)

Exact 31.41 44.28 36.09 – 52.11 63.42 35.00 (65.00)
Fuzzy (0.85) 72.22 67.78 67.74 87.22 54.03 67.15 19.80 (80.20)
Embedding 81.70 77.20 77.10 95.60 56.27 69.38 13.80 (86.20)

Table 3: The evaluation results of node/edge overlaps (Node/Edge Jac.), triplet matching (Precision, Recall, F1,
and Avg. Sim), and graph-level similarity (nGED (1 - nGED)) comparing Exact, Fuzzy (threshold of 0.85), and
Embedding-based matching strategies. Scores are macro-averaged across all procedures.

5 Results & Discussion

Document Parsing and Instruction Extraction.
Table 4 shows a trade-off between layout and text
fidelity. Docling achieves slightly higher layout ac-
curacy than PyMuPDF (78.98% vs. 76.80% IoU),
whereas PyMuPDF obtains higher SMART scores.
Since the downstream pipeline relies on structured
document regions to preserve step boundaries and
reading order, we prioritize layout fidelity and use
Docling for subsequent multi-step PKG construc-
tion.

The extracted steps show moderate semantic and
ordering correspondence with the reference (Ta-
ble 5), with Diagmean = 64.27% and Accalign =
64.29%. Their positive correlation (r = 0.77; Fig-
ure 3) indicates that higher semantic correspon-
dence is associated with better procedural order
alignment, although variation remains across ex-
amples. ROUGE-1 and METEOR are substan-
tially higher than BLEU, consistent with substan-
tial surface-form variation. However, small lexical
changes can still alter LOTO meaning, e.g. apply
LOTO to G-1 first versus apply LOTO to E-1 first.
These results motivate combining semantic and
lexical correspondence with domain-specific vali-
dation.

Framework IoU Smart-1F1 Smart-LF1

PyMuPDF 76.80 58.07 51.73
Docling 78.98 50.47 47.41

Table 4: Parsing comparison showing the trade-off be-
tween layout accuracy (IoU, %) and text alignment
(SMART F1, %).

PKG Reference Alignment. Reference-based
PKG scores depend strongly on the matching cri-
terion (Table 3). Triplet F1 increases from 36.09%
with Exact matching to 67.74% with Fuzzy and
77.10% with Embedding matching, while nGED
decreases from 35.00% to 13.80%. The relatively
small change in Node Jaccard compared with the
much larger improvement in triplet F1 suggests
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Figure 3: Correlation between semantic similarity
(Diagmean) and structural accuracy (Accalign) across
procedural steps (r = 0.77).

Diag Accalign Off-Diag Diffmargin

64.27 64.29 40.87 11.80
BLEU METEOR ROUGE-1 Human
37.06 61.92 72.25 86.02

Table 5: Mean embedding- and lexical-based scores
(%). Diag and Accalign capture semantic and order
alignment; Off-Diag and Diffmargin quantify cross-step
confusion.

that semantic matching primarily resolves alter-
native lexical realizations of procedural relations
rather than substantially changing the set of ex-
tracted node types. The high average similarity
under Embedding matching further indicates that
many predicted triplets are semantically close to
the reference despite surface-form differences.

At the same time, this result also exposes a lim-
itation of reference-based evaluation in a safety-
critical setting. Semantically similar triplets may
still differ in a safety-relevant argument, equip-
ment identifier, or procedural dependency. High
embedding-based correspondence should therefore
be interpreted as semantic graph similarity rather
than evidence that the extracted procedure satis-
fies LOTO safety constraints. This motivates the
separate ontology-guided compliance evaluation
reported below.

Safety Compliance. Table 6 shows that ontology-
guided evaluation provides an additional assess-
ment of explicit LOTO constraints. Energy Source
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verification is reliable in both settings (96.2–96.6%
accuracy), suggesting that explicitly stated energy
cues can be checked effectively using deterministic
ontology rules. The largest benefit from Onto-LLM
occurs for Action Order, where accuracy increases
from 50.0% to 86.2% and expert correlation from
3.7/3.7 to 68.0/68.0. Qualitative analysis indicates
that deterministic rules struggle with indirectly ex-
pressed actions, e.g. try to start the machine as a
verification step, whereas the ontology-constrained
LLM more reliably maps such expressions to prede-
fined procedural categories. This contrast suggests
that deterministic checks are most effective when
safety-relevant evidence is explicit, while LLM as-
sistance is particularly useful when linguistic varia-
tion must first be resolved before applying the same
ontology-defined constraints.

Missing Action detection remains more chal-
lenging, improving from 61.5% to 69.0% accuracy,
with expert correlation increasing from 29.6/29.6 to
46.2/46.2. Detecting omissions requires determin-
ing whether an expected procedural element is ab-
sent, making it less directly observable than classi-
fying an explicitly stated action. Overall, the ontol-
ogy defines the validation criteria, while the LLM
acts as a constrained semantic mapper from free-
form procedural language to those criteria. This
preserves expert-defined safety requirements while
improving their applicability to linguistically vari-
able procedural descriptions.

Criteria Setting Accuracy r/ρ (×100)
Energy Source Ontology 96.2 46.9/46.9

Onto-LLM 96.6 69.4/69.4
Action Order Ontology 50.0 3.7/3.7

Onto-LLM 86.2 68.0/68.0
Missing Action Ontology 61.5 29.6/29.6

Onto-LLM 69.0 46.2/46.2

Table 6: Agreement with expert ontology-driven valida-
tion. Accuracy is reported in %; Pearson r and Spear-
man ρ are scaled by 100.

Cross-Modal Grounding. PaliGemma outper-
forms CLIP on action–image grounding (Table 7),
increasing Acc@1 from 11.0% to 28.6% and
Acc@2 from 24.4% to 55.6%. Nevertheless, the
absolute accuracy remains modest, confirming that
fine-grained association of procedural actions with
visual evidence is a remaining challenge.

VLM-based PKG Comparison. The multi-step
framework substantially outperforms direct end-to-
end VLM extraction for the main structured extrac-
tion criteria (Table 8). Action F1 improves by 34.56

Model Acc@1 Acc@2

CLIP 11.0 24.4
PaliGemma 28.6 55.6

Table 7: Action–image grounding accuracy (%) for
CLIP and PaliGemma 2 Mix (3B-448).

Model Criteria End-to-End Multi-Step ∆F1

Action 53.14 87.70 +34.56

Procedural Unit 12.01 51.44 +39.43

Conditional 24.82 23.43 −1.39
Qwen3.5

Cross-Modal 11.76 17.27 +5.51

Action 39.16 88.16 +49.00

Procedural Unit 5.46 41.58 +36.12

Conditional 6.94 20.95 +14.01
Gemma4

Cross-Modal 5.00 11.67 +6.67

Table 8: Comparison of end-to-end VLM PKG extrac-
tion and the multi-step PKG framework. Scores are F1;
∆F1 denotes Multi-Step minus End-to-End.

points for Qwen3.5 and 49.00 points for Gemma4,
while Procedural Unit F1 improves by 39.43 and
36.12 points, respectively. Conditional extraction is
less consistent, with a slight decrease for Qwen3.5
but a 14.01-point gain for Gemma4. Cross-Modal
relations improve for both models, although their
low absolute scores show that visual grounding
remains challenging.

Overall Discussion. Taken together, the results
highlight complementary roles for structured de-
composition, semantic evaluation, and ontology-
guided safety validation. The multi-step formu-
lation is particularly effective for extracting ac-
tions and procedural units, whereas conditional
and cross-modal relations remain more challeng-
ing. Reference-based semantic metrics accommo-
date substantial surface-form variation, but do not
directly determine whether safety-relevant proce-
dural constraints are preserved. Ontology-guided
evaluation addresses this gap by making the vali-
dation criteria explicit, while LLM assistance im-
proves the mapping of linguistically variable in-
structions to those predefined categories. These
findings suggest that reliable procedural knowledge
extraction in safety-critical settings benefits from
combining model-based extraction with explicit,
expert-defined validation rather than relying on ei-
ther component alone.

6 Conclusion and Future Work

This case study demonstrates complementary
benefits from multi-step PKG construction and
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ontology-guided validation for safety-critical pro-
cedural documents. First, the multi-step framework
substantially improves Action and Procedural Unit
extraction over direct end-to-end VLM generation
in both Qwen3.5 and Gemma4 models, supporting
the decomposition of heterogeneous LOTO docu-
ments into structured intermediate representations.
Second, cross-modal results show that visual evi-
dence can be incorporated into the PKG, although
fine-grained action–image grounding remains chal-
lenging. Third, ontology-guided evaluation com-
plements reference-based text and graph similarity
by explicitly checking energy-source consistency,
procedural ordering, and required-action coverage.
The Onto-LLM setting further improves agreement
with a certified LOTO safety expert by mapping
linguistically variable instructions to predefined on-
tology categories.

Together, these findings support using PKO as
an interface for both structured procedural repre-
sentation and constraint-specific validation, while
also showing that semantic similarity alone is in-
sufficient for evaluating safety-critical procedural
knowledge. Conditional extraction, missing-action
detection, and cross-modal grounding remain open
challenges. Future work should improve these
components, extend the encoded safety criteria,
and evaluate transferability to other procedural and
safety-critical domains.

Limitations

Single Procedure Type. Our experiments are
conducted on a small real-world proprietary dataset
supplemented by additional public LOTO proce-
dural documents. Since our results are based on a
single procedure type, future works are necessary
to verify the transferability of the proposed pipeline
and the cross-domain adaptability claimed by the
PKO (Carriero et al., 2025). As one of the objec-
tives for sharing our work is to establish a baseline
on a real-world use case that is underexplored, we
plan to investigate other procedure types in other
safety-critical domains for future works. To en-
courage future research on procedural knowledge
extraction from the LOTO procedure, we will also
share an annotated LOTO dataset gathered from
public sources.

PKO Inter-class Relations. The inter-class re-
lations in the PKO we exploit for PKG triplet for-
mation only provide coarse-grained cross-modal
dependencies between procedural steps and visual

references. We rely on transitive relations (Table
1) to map between procedure-level dependencies
and semantic roles within each atomic action sen-
tence. Similarly, the PKO does not support direct
dependencies for image segments and step-action
classes. Future research to investigate dynamic on-
tology updates with training data may be exploited
to facilitate fine-grained action-image-segment and
entity-image-segment relation identification.

Procedural Sequence Ordering. We rely on the
document layout structure, i.e. left-to-right top-to-
bottom reading order, to infer the temporal order of
a procedural step sequence. No claims can be made
from our results regarding the evaluated models’
ability to infer procedural step ordering without lay-
out information. We leave the procedural sequence
ordering task for future works.

Multi-Component System Evaluation. Our pro-
posed pipeline relies on multiple automatic metrics
that are prevalent for the respective experiments
at different stages in the workflow. As the results
illustrate, curating a unified approach to evaluating
multi-component systems holistically requires both
technical and domain-specific insights. Ensuring
that metrics commonly used in natural language
processing (NLP) tasks provide reliable compli-
ance with target-domain requirements and safety
constraints remains a challenging task.

Ontology-guided Evaluation Our ontology-
driven evaluation inherits the strengths and limi-
tations of the underlying ontology. In particular,
constraint checks are only as accurate as the ontol-
ogy’s coverage of device types, action categories,
and safety rules. Missing or overly coarse con-
cepts can lead to false positives (flagging valid
steps as violations) or false negatives (failing to
detect unsafe omissions or mismatched energy con-
trols). Specialized-domain procedures may change
over time; terminology and regulations vary in dif-
ferent regions and organizations. Consequently,
an ontology that is not regularly maintained may
become outdated. Some critical information is im-
plicit or context-dependent (e.g. non-standardized
shorthands or steps distributed across tables and
figures), which can be difficult to encode explicitly.
These factors suggest that ontology-guided evalua-
tion is best viewed as a structured reliability layer
that facilitates expert collaboration and oversight
in an LLM-assisted workflow.
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Ethical and Legal Considerations

The publicly sourced LOTO documents are ob-
tained exclusively from open and unrestricted on-
line sources. We use them solely for academic
research purposes, without altering their content or
redistributing them outside the scope permitted by
fair use. The proprietary documents are handled un-
der the confidentiality agreement with the industry
partner organization. The use of LLMs/VLMs is
only via locally hosted models in compliance with
the confidentiality agreement; no sensitive informa-
tion, machine identifiers, or company identification
details are shared externally. All processing and
analysis steps are carried out in accordance with
ethical guidelines to ensure responsible use of in-
dustrial safety documentation.
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A Annotation Guidelines

A.1 LOTO Annotation
This section describes the annotation procedure
used to convert LOTO documents into structured
procedural knowledge. A Computer Science Mas-
ter’s student performs layout annotation. The Mas-
ter’s student and a PhD researcher conduct proce-
dural text annotations. A domain expert provides
annotations for the proprietary documents and the
PhD researcher annotates the public ones.

Inter-Annotator Agreement. We calculate the
mean Jaccards and Cohen’s κ agreement scores
(with exact lexical and normalized conceptual
agreement matching) for structured action tuples
(action, target, tool, location), excluding auxiliary
fields. The mean exact (and normalized) scores for
proprietary and public LOTO documents are 0.64
(0.81) & 0.54 (0.72) and 0.61 (0.79) & 0.48 (0.67)
respectively.

1. Document Parsing. Annotation begins by
reviewing the full LOTO document page. Each
document typically contains a set of lockout steps
consisting of step numbers, action descriptions, re-
quired tools, target components, location informa-
tion, verification steps, and corresponding images.
The annotator identifies and isolates the lockout
step table along with any associated images.

2. Action Extraction. For each lockout step,
annotator extracts the following two fields:

• step_order: The sequential number of the
step as written in the LOTO procedure.

• action: The textual action describing what
must be performed (for example, “Turn Dis-
connect to the off position” or “lock out”).

The goal at this stage is to obtain a clean list
of ordered natural language instructions exactly as
they appear in the document.

3. Procedural Unit Extraction. For each ex-
tracted instruction, annotators expand the action
into a structured node containing the following
fields:

• tool: The tool specified in the document (for
example, Lock and hasp device, a ball valve
lockout device).

• target: The object or machine component be-
ing acted upon (for example, E-1 Disconnect,
G-1 Ball Valve).

• location: The location text describing where
the action takes place (for example, East side
of the machine).

• conditional units: The verification or warn-
ing instruction required for safety (for exam-
ple, “Attempt to restart at control panel” or
“Verify pressure has bled off”).

• cross-modal: The bounding box coordinates
for the figure associated with that step.

Each step is annotated independently, using ter-
minology directly copied from the document to
ensure accuracy.

4. PKG Construction. The annotated instruc-
tion sentences and action-associated entities are
formalized into a PKG according to Section 3.1.

Annotation Costs. Annotation was completed
during a period of 7 months, averaging 8 hours per
week. Graduate student assistants are compensated
at the rate of 18 EUR per hour in compliance with
local regulations. Other annotators are compen-
sated through project funding according to their
respective consortium agreements.

B Evaluation Details

This appendix summarizes the implementation de-
tails of the evaluation strategies in Section 4.

B.1 Instruction Extraction

We assess semantic and order-level correspondence
using a pairwise cosine similarity matrix between
predicted and reference steps:

Sij =
pi · aj

∥pi∥ ∥aj∥
, (2)
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Predicted (row) & Reference (col) Steps StepRef1 StepRef2 StepRef3 StepRef4 StepRef5 StepRef6 StepRef7

notify affected personnel 71.07 28.25 21.12 13.65 15.66 18.68 23.48
review lockout procedure 27.92 88.57 34.32 26.24 57.64 22.73 31.11
perform machine stop 21.54 34.57 91.82 27.47 32.80 29.90 31.82
isolate energy 14.73 26.48 28.42 88.36 54.95 53.37 20.12
lockout energy 17.39 57.65 28.83 53.52 87.49 46.95 22.79
dissipate energy 20.54 24.40 30.03 55.57 49.65 86.75 14.67
attempt restart 21.52 31.67 29.34 20.38 25.26 15.85 88.43

Table 9: Scaled cosine similarity matrix Sij between predicted (row) and annotated reference (column) steps (%).
Bold diagonal values indicate correct semantic correspondences between predicted and reference instructions.

Table 10: StepRefj to Annotation reference step de-
scription.

StepRefj Annotation Step Description

StepRef1 notify employees
StepRef2 review lockout procedure
StepRef3 perform machine stop
StepRef4 isolate energy
StepRef5 lockout energy
StepRef6 dissipate energy
StepRef7 attempt restart

where pi and aj are step embeddings. Using L =
min(n,m), we report:

Diagmean =
1

L

L∑︂

i=1

Sii, (3)

AlignAcc =
1

L

L∑︂

i=1

I

[︃
argmax

j
Sij = i

]︃
,

(4)

OffDiagmean =
1

L(L− 1)

∑︂

i̸=j

Sij , (5)

MarginDiffmean =
1

L

L∑︂

i=1

(︃
Sii −max

j ̸=i
Sij

)︃
.

(6)

Table 9 provides an example to demonstrate the
pair-wise cosine similarity matrix. Table 10 pro-
vides the annotation reference for the step descrip-
tions in Table 9.

B.2 Human Review

We collect human judgments for (i) instruction ex-
traction and (ii) node (slot) extraction using a struc-
tured Google Form that mirrors document structure
(procedure block → ordered action steps) to gain
qualitative assessment insights.

Labels. For each Source Identification & Details
item and each Action Step, annotators select COR-
RECT, PARTIAL, WRONG, or N-SURE. A free-text
field supports error notes. PARTIAL label is when
some details are correct, but there is some incorrect
information, e.g. correct but incomplete energy
source identification.

Node (slot) inspection. Each step is shown with
extracted slots (Action, Target, Tool, Location). An-
notators apply the same labels while inspecting
both the full instruction and its slots.

B.3 Extended Node Extraction Results

Table 11 reports node extraction Precision, Recall,
and F1 by node type according to Exact, Fuzzy, and
Embedding matching strategies.

B.4 Expert Safety Compliance Evaluation

We verify ontology-driven PKG safety compli-
ance evaluation with a certified LOTO safety ex-
pert. Each predicted procedure is split into energy-
specific blocks and shown with a short description
and the ordered steps. The expert answers:

• Correct energy source? (Yes/Partially/No)

• Instruction order correct? (Yes/No)

• Missing required steps? (Yes/No)

• Structural error severity (None/Minor/Major)

• Approve this block? (Yes/Needs Revision/No)

• Optional Comments

We report accuracy for binary criteria (with Par-
tially treated as “No” per experiment) and Pearson
r / Spearman ρ.
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Node Type Exact Match Fuzzy Match Embedding Similarity
P R F1 P R F1 P R F1 AvgSim

Action 84.75 84.93 84.84 87.00 87.19 87.10 88.75 88.95 88.85 0.97
Target 20.00 20.00 20.00 22.00 22.00 22.00 89.50 89.50 89.50 0.93
Tool 58.29 58.00 58.15 58.29 58.00 58.15 99.50 99.00 99.25 0.97
Location 42.64 42.00 42.32 48.22 47.50 47.86 88.32 87.00 87.66 0.93

Table 11: Precision (P), Recall (R), and F1 scores (in %) for node type extraction under exact, fuzzy, and embedding-
based matching. The Action row reports the mean over Action and Verification. Embedding similarities use
google/embeddinggemma-300m (Appendix C)

B.5 Multimodal Grounding
In this study, multimodal grounding links each ex-
tracted step, slot, or PKG entity to visual evidence
in the same manual, such as diagram labels, table
cells containing device identifiers, and visual cues
that disambiguate components or tools. Grounding
accuracy is evaluated with strict Acc@1, but indus-
trial manuals exhibit substantial domain shift: com-
ponent terminology, abbreviations, and device IDs
are rare in general-purpose VLM pretraining data,
and many referents appear as schematic symbols
or short alphanumeric labels rather than natural im-
ages with descriptive captions. These properties
make exact top-1 matching difficult, even when the
retrieved evidence is still useful as a shortlist for
expert verification.

To reflect the operational objective, we report
Acc@k and evidence recall at small k and treat mul-
timodal grounding as evidence support for down-
stream validation, where the main benefit is con-
servative flagging of unsupported target IDs or
component types. We expect grounding to im-
prove with domain-specific, machine-specific, and
brand-specific visual inputs, e.g. by adapting the
retriever on manufacturer manuals and diagrams
using symbol-to-component inventories, device-ID
lexicons, and weak supervision from document
structure.

C Implementation

Technical implementation details are provided
here for reproducibility. Our code will be
made available after publication at the repository:
github.com/pokarats/Onto-LOTO-PKEval.

C.1 Frameworks and Models
We list the main tools and models used in our
pipeline; links point to reference implementations.

1. Document parsing: Docling (Auer et al.,
2024) (github.com/docling-project/docling),

PyMuPDF (McKie and Liu, 2025)
(github.com/pymupdf/PyMuPDF).

2. LLM (instruction extraction and
PKG construction): Qwen3 distilled
qwen3:14b (Yang et al., 2025) via Ollama
(ollama.com/library/qwen3:14b), using
default decoding settings.

3. Similarity and embedding mod-
els: BLEURT-20 (Pu et al., 2021)
for SMART (Amplayo et al., 2023)
(github.com/google-research/bleurt),
and google/embeddinggemma-300m
(Vera et al., 2025)
(huggingface.co/google/embeddinggemma-
300m) for embedding-based PKG matching.

4. Vision-Language Models
(Cross-Modal Grounding):
openai/clip-vit-large-patch14-336
(CLIP) (Radford et al., 2021) and
google/paligemma2-3b-mix-448 (Steiner
et al., 2024) (both from Hugging Face).

5. Vision-Language Models (PKG end-to-end
Baselines): Qwen/Qwen3.5-4B (Xu et al.,
2026) and google/gemma-4-E4B-it (Team
et al., 2026) (both from Hugging Face).

C.2 Hardware
All experiments run locally on a server with 6
NVIDIA GeForce RTX 2080 Ti (11GB VRAM
each) GPUs. The software environment uses open-
SUSE Leap 15.5 and locally managed Python envi-
ronments. All experiments involving LLMs/VLMs
were performed locally without external API calls.

C.3 Runtime and Cost
All components are executed locally. Document
parsing and ontology-only validation are CPU-
bound and scale linearly with document length
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and number of extracted steps. Embedding-based
matching and cross-modal grounding add GPU
compute but remain batchable and deterministic.

LLM-based stages (instruction extraction, slot
extraction, and ontology-LLM auditing) dominate
runtime because they require autoregressive de-
coding and scale with the number of processed
pages/blocks and prompt length. Since we run
qwen3:14b locally via Ollama, there is no per-
call monetary cost; the primary cost is GPU time.
For API-based deployments, cost would be token-
driven, and ontology-LLM auditing would be the
most expensive component due to embedding the
ontology text in every prompt.

C.4 Prompting
We adopt a two-stage prompting design. In the first
stage, the LLM extracts only executable procedural
instructions from the parsed pages in a few-shot set-
ting and returns them in a structured JSON format.
In the second stage, conditioned on the extracted
steps, the LLM performs slot-level semantic extrac-
tion (action, target/object, tool, location, verifica-
tion) aligned with a subset of PKO classes, using
concise label definitions and few-shot exemplars to
standardize outputs. All prompts will be released
with the accompanying code repository.
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