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ABSTRACT

Mechanical drawing audits are essential to product design and manufacturing but remain labor-
intensive and error-prone, particularly when checking tolerances, surface roughness, materials,
treatments and assembly requirements. Although computer vision, document understanding,
large language models (LLMs), knowledge representation and multi-agent systems (MAS) can
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support individual tasks, existing efforts remain fragmented. This paper proposes an engineering-
oriented approach to Al-assisted mechanical drawing auditing and a three-layer Perception —
Cognition — Collaboration (P — C — C) pre-validation reference architecture. Perception transforms
carrier-specific evidence into provenance-bearing entities and relations. Cognition aligns them

auditing review; Al-assisted
compliance checking; P-C—
C reference architecture;
standards-grounded

reasoning; multi-agent

with a versioned Standards-and-Requirements Knowledge Graph and applies approved determi-
systems; design automation

nistic numerical and logical rules outside the LLM. Collaboration coordinates audit tasks, preserves
conflicts, and routes critical or uncertain findings to authorized engineers. An audit of the
Merge_places Computer Vision Dataset reveals limitations in schema consistency, lineage, class
semantics and clause grounding. De-identified drawing regions illustrate clearance calculation,
detection of a controlled tolerance mismatch, and the routing of GD&T and bill-of-materials (BOM)
requests when evidence is incomplete. These bounded cases clarify interface behavior and define
validation requirements for provenance, deterministic checking, interoperability, uncertainty,
cybersecurity and human governance before engineering deployment. The framework integrates
heterogeneous evidence, executable rules and accountable human decisions within a traceable
and selectively automated audit workflow.

1. Introduction susceptible to errors and inconsistent interpretations.

Engineering design and manufacturing are central to
modern product development, while persistent pres-
sures include efficiency, cost, shorter delivery times,
and increasingly stringent precision and quality require-
ments in the design and manufacturing process. Among
the bottlenecks encountered throughout the process,
the auditing review of mechanical engineering drawings
remains critical and labor-intensive, particularly for pre-
cision products and machine design. Engineering draw-
ings communicate design intent through dense
geometric data, textual annotations, symbols, dimen-
sions and tolerances that support design for manufac-
turing and design for assembly. Manual auditing
requires experienced engineers to verify drawings
against evolving geometric product specification (GPS)
standards, engineering standards and project-specific
requirements; it is therefore time-consuming and

Such errors can propagate into manufacturing and
assembly, leading to rework, safety risks and legal dis-
putes. Intelligent augmentation of drawings auditing
review is consequently relevant to productivity, stan-
dards compliance and product quality, but any automa-
tion must preserve traceability and accountable
engineering judgement.

The pursuit of automated compliance checking is not
new; it has been an active research area for several
decades and a long-standing aspiration of design and
manufacturing communities. Early work translated pre-
scriptive requirements into computer-executable logic,
but such systems were difficult to maintain when source
information or requirements were ambiguous (Amor
and Dimyadi 2021; Aslam and Umar 2024). Model-
based representations, including computer-aided
design (CAD) and model-based definition (MBD),
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subsequently enabled richer object-level checking, while
related building information modelling research demon-
strated both the value and the cost of semantic enrich-
ment (Yahya, Breslin, and Intizar Ali 2021). These
adjacent-domain results inform workflow and rule-
representation mechanisms, but they do not constitute
performance evidence for mechanical GPS, GD&T, PMI,
tolerance or assembly auditing.

The rise of deep learning opened new possibilities for
automating parts of the auditing process, especially for
legacy projects that rely on two-dimensional drawings
rather than fully annotated MBD or ISO 10303 STEP
AP242 models. More recently, generative Al and LLMs
have been investigated for interpreting technical stan-
dards and design specifications, while MAS offers an
organizational paradigm for coordinating multi-
specialty auditing tasks. These technologies may contri-
bute to the next generation of Al-assisted drawing audit-
ing, but component-level success does not by itself
establish end-to-end compliance accuracy, safe decision
authority or industrial readiness.

This paper presents an engineering-oriented
approach to Al-assisted auditing review of mechanical
engineering drawings. The approach is particularly
focused on using integrated Al and precision engineer-
ing principles for assisting the engineering design and
manufacturing of precision machines. Therefore, three-
tier reference architecture is developed and formulated
from the complementary roles of computer vision, stan-
dards-grounded reasoning and controlled multi-agent
collaboration. The Al-assisted auditing review focuses
on auditing capability, evidence type, limitation and
industrial readiness, while precision engineering focuses
on specifying typed interfaces, deterministic rule gates,
uncertainty propagation, abstention, conflict escalation
and human release for mechanical drawing auditing.
Together, auditable integration requirements and
mechanical-domain decision boundaries provide testa-
ble specifications for implementation and validation.
The remainder of the paper presents the implementa-
tion perspectives of the approach particularly focusing
on key enabling technologies, the evolution and limits of
existing evidence, the P-C-C reference architecture, and
furthermore, the data, benchmark, interoperability, gov-
ernance and validation conditions required for
implementations.

The evidence set was assembled from DOIl-indexed
bibliographic and publisher records and updated
through July 2026. Searches paired mechanical drawing,
technical drawing, CAD, MBD, PMI, QIF, GD&T, tolerance,
audit, verification, document understanding, knowledge
graph, large language model, multi-agent,

interoperability and human-Al terms; a targeted
International Journal of Computer Integrated
Manufacturing search added recent manufacturing
work on semantic capability reasoning, task allocation,
collaboration quality, Industry 5.0, governance and digi-
tal integration. Records were retained when their iden-
tity was reconcilable and their reported input, output,
evidence type and limitation could be coded. The synth-
esis asks which capabilities support a traceable audit
finding, where cross-layer uncertainty or domain-
transfer assumptions break that chain, and which con-
tracts and validation conditions are required for imple-
mentation. It is a structured integrative review rather
than an exhaustive database census or meta-analysis,
and no performance ranking is inferred across incompa-
tible studies.

2. Foundations for enabling Al-Assisted
engineering drawings auditing review

The foundation for supporting Al-assisted auditing
review of engineering drawings includes five technol-
ogy streams and their integration, i.e. the mechanical
engineering drawing perception; CAD/MBD and qual-
ity-information exchange; knowledge representation
and semantic rules; LLM and vision-language assis-
tance; and multi-agent and human-Al collaboration.
Table 1 compares their reported respective evidence,
required mechanical-auditing artifacts, and maturity
boundaries and positions the proposed P-C-
C synthesis against them.

2.1. Knowledge representation and semantic
technologies

Knowledge representation forms the semantic back-
bone of intelligent auditing systems. Knowledge graphs
(KGs) support the representation of heterogeneous
mechanical codes, standards and design entities by mak-
ing relationships explicit (Paulheim 2017). Ontologies
define a controlled conceptualization of a domain and
can support reasoning about design decisions and their
implications (Noy and McGuinness 2001). The Web
Ontology Language (OWL) and Resource Description
Framework (RDF) provide formal languages for knowl-
edge modelling and data exchange (Hitzler et al. 2012;
Tomaszuk and Hyland-Wood 2020). These technologies
can represent designs and requirements, but the form-
alism alone does not guarantee ontology coverage, cor-
rect entity alignment, current standard editions or valid
executable rules.
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Table 1. Evidence streams, auditing artifacts and maturity boundaries.

Technology Required mechanical-auditing artifact or  Principal limitation and maturity boundary
stream Reported evidence and evaluation setting interface (representative sources)
Mechanical Task-specific studies report symbol, text, Candidate entities and relations with source Evidence remains predominantly
drawing layout, region and graph extraction from locators, transcription, units, alternatives, component-level and task-specific;
perception selected drawing types or entity classes. provenance and calibrated uncertainty extraction performance does not by itself
establish complete feature association,
clause applicability or compliance (Bickel,
Goetz, and Wartzack 2024; Jamieson,
Moreno-Garcia, and Elyan 2024; Lin et al.
2023; Reddy et al. 2026; Villena Toro,
Wiberg, and Tarkian 2023).
CAD, MBD and Structured CAD models preserve geometry  Carrier-specific adapters feeding Structured exchange reduces dependence

QIF exchange

Knowledge
representation
and semantic
rules

LLM and vision-
language
assistance

Multi-agent and
human-Al
collaboration

Proposed P-C-
C reference
architecture

and feature relations, while QIF supports
exchange across product definition,
inspection planning, execution and
results.

Studies report ontology construction, rule
formalization and model querying in
bounded manufacturing or adjacent-
domain applications.

Studies report prototypes for candidate
retrieval, terminology normalization,
requirement parsing, CAD assistance and
explanation drafting.

Studies report task decomposition,
monitoring, reassignment and
collaboration-quality concepts, but do
not provide end-to-end mechanical-audit
evidence.

An engineering-oriented, traceability-
centred reference architecture is specified
and examined through five bounded
conditions: drawing-internal numerical
agreement, controlled numerical conflict,
missing standards prerequisites, feature-
control-frame evidence and incomplete
BOM context. Evaluation is limited to
manual transcriptions and controlled test
values rather than end-to-end system
execution.

a canonical evidence record and DKG
while retaining feature identity and
revision provenance

on raster recognition but does not
establish PMI completeness, semantic
correctness or executable compliance;
schema-conformance and round-trip
tests remain necessary (Cao et al. 2020;
Michaloski et al. 2016; Z. Zhang, Jaiswal,
and Rai 2018).

A provenance-bearing Drawing Knowledge Mechanical GPS, datum, modifier, unit,

Graph (DKG) linked to a separately
governed Standards-and-Requirements
Knowledge Graph (SRKG), with clause
identity, edition, scope, applicability,
approved constraints and tests

Source-linked candidate clauses and
operands supplied to version-controlled
deterministic checks; generated content
has no independent decision authority

exception and supersession semantics
require domain-specific formalization
and expert validation. The integrated
DKG/SRKG contract remains unvalidated
in mechanical drawing auditing (Amor
and Dimyadi 2021; Jarvenpaa et al. 2023;
Noy and McGuinness 2001; Paulheim
2017; Yahya, Breslin, and Intizar Ali 2021;
J. Zhang and El-Gohary 2017).

Probabilistic outputs may omit exceptions,

alter values or cite unsupported sources;
bounded tool access, structured outputs,
source verification and risk-appropriate
human authorization are required (Deng,
Khan, and Ahmet Erkoyuncu 2024; Fuchs
et al. 2024; Mustapha 2025; Picard et al.
2023; Yang and Zhang 2024).

Typed candidate findings, dependency and End-to-end evidence for integrated

conflict records, independent re-checks,
safe routes, overrides and accountable
human release

Carrier-aware evidence, DKG/SRKG
separation, deterministic authority for
hard constraints, typed cross-role
findings, conflict handling, explicit safe
states and accountable human release

mechanical auditing remains unavailable;
correlated errors, orchestration overhead,
workload, authority allocation, cost and
safety remain unquantified in this
application (Briseno et al. 2024; Guo et al.
2024; Kokotinis et al. 2023; Peruzzini,
Prati, and Pellicciari 2024; Petzoldt,
Harms, and Freitag 2023).

The contribution is an architectural and

evidence-governance synthesis
supported by bounded checks.
Component accuracy, integration benefit,
scalability, industrial performance and
GD&T compliance require independent
end-to-end validation.

2.2. Al foundations: deep Learning and natural

Language processing

Deep learning and natural language processing (NLP)
underpin candidate perceptual and language-
assistance capabilities in Al-assisted auditing review.
Transformer architectures introduced attention mechan-
isms for long-range dependencies (Vaswani et al. 2017),
and document models can integrate visual, textual and

spatial information (Huang et al. 2022). Self-supervised
learning can reduce reliance on labelled data, although
it does not remove the need for task-specific validation
on engineering drawings (Y. Xu et al. 2021). Foundation
models such as BERT (Devlin et al. 2019) and GPT-family
models (Brown et al. 2020; Radford et al. 2018) support
contextual language processing, but their performance
on precise standards interpretation depends on
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retrieval, controlled terminology, rule validation and
domain evidence. Convolutional neural networks
(Krizhevsky, Sutskever, and Hinton 2017; Simonyan and
Zisserman 2015), residual networks (K. He et al. 2016),
Faster R-CNN (Ren et al. 2017) and YOLO (Redmon et al.
2016) support image and symbol detection. These meth-
ods can contribute observations to the Perception layer;
detection or language fluency alone does not establish
compliance.

2.3. CAD and technical Document processing

In computer-aided design (CAD), graph neural networks
(GNNs) can represent geometric and topological struc-
tures (Z. Wu et al. 2021). Graph convolutional networks
(Kipf and Welling 2017) and graph attention networks
(Velickovi¢ et al. 2018) model nodes as geometric enti-
ties and edges as spatial or topological relationships
such as connectivity, containment and adjacency. This
relational representation can complement pixel-based
perception, although errors in vectorization, association
or graph construction propagate to downstream reason-
ing. Optical character recognition (OCR) extracts textual
and numerical observations from drawings, where orien-
tation, fonts, symbols and dense graphical context
remain difficult. CRAFT (Baek et al. 2019), end-to-end
sequence recognition (Shi, Bai, and Yao 2017) and differ-
entiable binarization (M. Liao et al. 2020) have improved
general text detection and recognition, but engineering
deployment also requires exact numerical, unit, sign,
decimal and entity-association checks.

2.4. Product definition technologies and
Applications

In mechanical domains, MBD and semantically anno-
tated exchange packages can preserve geometry
together with product and manufacturing information,
while the Quality Information Framework (QIF) connects
product definition, inspection planning, execution and
results within a digital quality thread (Michaloski et al.
2016). Such structured sources can reduce dependence
on raster recognition, but exchange success does not
prove semantic completeness, correct PMI association,
rule computability or revision consistency. Experience
from heterogeneous BIM and IFC environments illus-
trates why carrier-specific conformance and round-trip
loss tests remain necessary when information crosses
tools (Azhar, Khalfan, and Magsood 2015; Lai and Deng
2018; Sacks et al. 2018).

Research on requirement transformation and auto-
mated checking has developed useful mechanisms for

clause segmentation, semantic classification, logic repre-
sentation and model-to-rule alignment (Nawari 2012;
J. Zhang and El-Gohary 2017; P. Zhou and El-Gohary
2016). These studies are concentrated largely in
Architecture, Engineering and Construction (AEC) and
cannot be reused as mechanical rules without recon-
structing the ontology, applicability conditions, tabu-
lated GPS semantics, datum relations, units, exceptions
and standard editions. In the proposed architecture,
language models may assist retrieval and candidate for-
malization, but only approved rules are executed by
a version-controlled deterministic engine. QIF or
Product Lifecycle Management (PLM) adapters preserve
source and lifecycle provenance rather than serving as
evidence that a drawing is compliant.

2.5. Synthesis of foundational enabling
technologies

In summary, mechanical engineering drawing auditing
may be supported by the integration of semantic repre-
sentation, perceptual evidence acquisition, structured
rule execution and controlled collaboration. Knowledge
graphs can provide an explicit representational back-
bone; deep learning and NLP can contribute candidate
observations and language assistance; GNNs and OCR
can bridge geometric, relational and textual evidence;
and CAD, MBD, STEP AP242 and QIF can improve seman-
tic interoperability. These capabilities establish useful
components, but the literature must still be examined
for interface compatibility, uncertainty treatment, clause
traceability, human responsibility and end-to-end
evidence.

3. Literature review: the evolution of
automated auditing

The literature can be organized as a progression from
rule-based and product-definition approaches to data-
driven perception, language-model assistance, semantic
enrichment and multi-agent coordination. Table 1 com-
pares the reported evidence, required mechanical-audit
artifacts, maturity boundaries, and representative
sources for these streams and the proposed P-C-
C synthesis.

3.1. Early approaches and the model-based
product definition Paradigm

Early automated compliance checking relied on hard-
coded rules that translated prescriptive drawing or tol-
erance requirements into executable logic (Malsane
et al. 2015). Object-oriented design models, MBD and,
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by analogy, BIM supplied more structured representa-
tions, but semantic enrichment remained a persistent
challenge. NLP and knowledge graphs were subse-
quently used to extract requirements and link them to
model entities (Bloch and Sacks 2020; Nakhaee, Elshani,
and Wortmann 2024; Wang et al. 2023). Regional fire-
code implementations also illustrate interface and adop-
tion questions (Ismail et al. 2023), while domain applica-
tions have examined knowledge-graph checking and
computable compliance workflows (Dimyadi and Amor
2013; Peng and Liu 2023). These studies support explicit
representation and rule execution, but BIM object sche-
mas, building-code rules and AEC benchmarks cannot
be transferred directly to mechanical GD&T, PMI or
assembly auditing without reconstructing the domain
entities, constraints and reference truth.

3.2. Deep Learning for visual analysis and CAD

Although MBD supports model-centric workflows,
a substantial portion of existing engineering assets
remains in two-dimensional drawing form. Drawing-
specific research has examined symbol recognition,
engineering-diagram digitization, structured informa-
tion extraction, GD&T detection, sketch analysis, title-
block processing and technical-drawing text detection
(Bickel, Goetz, and Wartzack 2024; Jamieson, Moreno-
Garcia, and Elyan 2024; Joffe et al. 2024; Kashevnik
et al. 2023; Khan et al. 2025; Lin et al. 2023; Reddy et al.
2026; Schlagenhauf, Netzer, and Hillinger 2023; Stiirmer,
Graumann, and Koch 2024). Related graph and docu-
ment methods represent layout, geometry and topolo-
gical relations (Beltagy, Peters, and Cohan 2020; Cao
et al. 2020; Carrara, Nousias, and Borrmann 2024; Gori,
Monfardini, and Scarselli 2005; Luo et al. 2022; Seff et al.
2020; X. Xu et al. 2025; Y. Xu et al. 2020; Z. Zhang, Jaiswal,
and Rai 2018; W. Zhang et al. 2023), while pixel-based
segmentation provides another route for complex draw-
ing layers (Moreno-Garcia, Johnston, and Garkuwa 2020).
These advances provide task-specific perception-layer
evidence; detection or transcription accuracy does not
by itself establish feature association, rule applicability,
clause correctness or end-to-end compliance.

3.3. Large Language models and multi-agent
systems

LLMs have been investigated for CAD automation,
design activity and standards-grounded assistance
(Chen et al. 2024; Deng, Khan, and Ahmet Erkoyuncu
2024; Kumar et al. 2025; Li et al. 2025; Madireddy et al.
2025; Mustapha 2025; Prohofsky and Lande 2024;
Schiipbach et al. 2025; Yang and Zhang 2024; L. Zhang

et al. 2025). Vision-language and multimodal studies
extend this assistance to sketches, drawings and engi-
neering design inputs (Khan et al. 2024; Z. Liao et al.
2024; H. Liu et al. 2023; Picard et al. 2023; Zhu et al. 2023).
MAS research supplies task-decomposition and coordi-
nation concepts, including software-agent co-learning
and adjacent compliance-review cases (Guo et al. 2024;
J. He, Treude, and Lo 2024; Jin and Levitt 1996; Macal
and North 2010; Qian et al. 2024; Wan et al. 2025). These
methods can reduce interface effort by proposing retrie-
val queries, terminology mappings, candidate logic or
explanations, but fluent output is not a formal derivation
and agreement among agents is not independent cor-
roboration when models, prompts, retrieval or upstream
evidence are shared.

3.4. Semantic enrichment and knowledge
representation

Bridging the semantic gap between engineering design
data and requirements remains a central challenge. Early
web-based design and manufacturing systems exposed
implementation and responsiveness issues that remain
relevant to distributed engineering services (Cheng, Pan,
and Harrison 2001; Toussaint and Cheng 2002).
Knowledge graphs and semantic-web methods can
represent clauses, design entities and inferred relations,
while ontology engineering can formalize functional and
manufacturing knowledge (Chidara, Cheng, and Gallear
2025; Kitamura and Mizoguchi 2004; Pauwels, Zhang,
and Lee 2017; Y. Zhou, Lin, and She 2021). Adjacent
BIM studies demonstrate semantic-service, geospatial
and embodied-impact reasoning but also the cost of
domain modelling and entity alignment (Hou, Li, and
Rezgui 2015; Karan and Irizarry 2015; J. Wu, Nousias,
and Borrmann 2025). Knowledge-graph construction
research further emphasizes extraction, learning and
evaluation requirements (Bian 2025; Choi and Jung
2025). Mechanical transfer therefore requires separate
Drawing and Standards-and-Requirements Knowledge
Graphs with explicit provenance, applicability, standard
editions, exceptions and inference tests.

3.5. Document understanding and engineering
standards compliance

Document-understanding  architectures such as
DocFormer, Donut, DiT, LayoutLM and related text
detectors combine visual, textual and spatial evidence
(Appalaraju et al. 2021; Kim et al. 2022; Li et al. 2022;
Y. Xu et al. 2020; X. Zhou et al. 2017). General language
and vision foundations, including RoBERTa, EfficientNet,
Xception, SSD, early document-recognition networks



6 X. CHEN AND K. CHENG

and deep-learning reference architectures, supply reusa-
ble components but not mechanical compliance evi-
dence (Chollet 2017; Goodfellow, Bengio, and Courville
2016; LeCun et al. 1998; W. Liu et al. 2016; Y. Liu et al.
2019; Tan and Le 2019). AEC ontology, digital-model,
interoperability, evidence-mapping and adoption
research illustrate both the value and the governance
cost of structured compliance information (Acierno et al.
2017; Beach, Hippolyte, and Rezgui 2020; Borrmann et al.
2018; Hosseini et al. 2018; Jiang et al. 2022; Pazlar and
Turk 2008). Work on regulation interpretation and infor-
mation extraction provides adjacent-domain mechan-
isms for requirement segmentation, computability
analysis and candidate rule generation (Bommarito,
Martin Katz, and Detterman 2018; Fuchs et al. 2024;
R. Zhang and El-Gohary 2018; Zhong et al. 2020;
P. Zhou and El-Gohary 2017). All of these methods still
require controlled standards sources, edition tracking,
expert adjudication, deterministic tests and explicit inde-
terminate states before a mechanical compliance deci-
sion is released.

3.6. Synthesis and research trends

Automated compliance checking has evolved from rigid
rule-based systems toward data-driven, semantic and
collaborative approaches. Rule systems offer inspectable
execution but are costly to author and maintain; MBD
and CAD representations improve structure but depend
on semantic completeness; deep learning supports com-
ponent extraction but inherits data and generalization
limitations; LLMs support flexible language assistance
but can produce unsupported or numerically incorrect
outputs; and multi-agent coordination can distribute
work but introduces communication, conflict, latency
and correlated-error risks. The critical gap is therefore
not the absence of individual technologies, but the
absence of a validated mechanical evidence chain con-
necting source observations, relations, versioned
requirements, executed checks, uncertainty, conflict dis-
position and human release.

Several challenges constrain large-scale industrial
adoption. Public, well-annotated mechanical drawing
datasets remain limited, and proprietary restrictions
impede external validation and benchmark comparabil-
ity. Diverse carriers, including DWG, DXF, PDF, native
CAD, STEP AP242 and QIF, create different semantic
and information-loss risks. Explainability requires source
and clause provenance rather than generated narrative
alone, and trustworthy operation requires calibrated
uncertainty, failure containment, cybersecurity, version
control and human accountability. These issues are trea-
ted as design and evaluation requirements in Sections 4

and 5 rather than as problems assumed to be solved by
the proposed architecture.

Recent research indicates movement toward hybrid
approaches that combine data-driven perception with
explicit knowledge representations and rule execution.
Manufacturing studies on semantic capability matching,
collaborative task allocation, collaboration quality and
human-automation symbiosis further show that reason-
ing, coordination, evaluation and human responsibility
must be designed together (Jarvenpaa et al. 2023;
Kokotinis et al. 2023; Peruzzini, Prati, and Pellicciari
2024; Petzoldt, Harms, and Freitag 2023). The P-C-
C contribution is accordingly framed as a reference
architecture that makes cross-layer evidence contracts,
deterministic gates, abstention, conflict escalation and
mechanical-domain boundaries explicit. Its feasibility
and performance remain hypotheses for implementa-
tion and external validation.

4. A proposed P-C-C (Perception-Cognition-
Collaboration) reference architecture

Building on this synthesis, the P-C-C reference architec-
ture organizes mechanical drawing auditing into
Perception, Cognition and Collaboration layers. Each
layer defines a distinct responsibility for evidence acqui-
sition, standards-grounded checking or controlled coor-
dination; Table 2 specifies their inputs, outputs,
authority limits and escalation routes (Michaloski et al.
2016).

Figure 1 summarizes the information flow. Raw draw-
ings or models enter controlled ingestion and
Perception; candidate entities and relations pass
through schema and uncertainty gates; Cognition aligns
approved evidence with versioned standards and deter-
ministic rules; and Collaboration routes typed findings,
conflicts and incomplete evidence to authorized human
review.

4.1. Perception layer

The Perception layer forms the evidential foundation of
the framework by transforming raw mechanical draw-
ings or model content into structured candidate obser-
vations for subsequent checks. Mechanical drawings
combine geometric entities, dimensions, tolerances, sur-
face-texture symbols, welding marks, material notes and
view relations. The layer must preserve each observa-
tion’s source location, extraction route, candidate class
or value, unit, quality flag, and uncertainty in the DKG.
Passing a Perception gate means that an observation is
structurally usable; it does not mean that the drawing is
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Table 2. Proposed P-C—C layer contracts, authority limits and canonical safe routes.

Preconditions / required

Permitted authority and prohibited

Canonical safe route / terminal

Layer input Proposed structured output inference disposition
Perception ~ Controlled drawing or DKG candidates with entity IDs, May apply carrier, schema, NEEDS_RECOGNITION_REVIEW or
model source, revision, regions or geometry, values, coordinate, unit, range and NEEDS_EVIDENCE
carrier, access context units, relations, locators, selective-prediction gates; may
and quality state provenance and uncertainty not infer standards compliance
Cognition Structurally screened DKG ~ Candidate clause-grounded Approved deterministic rules may NEEDS_RULE_REVIEW or

observations, an
authorized and
versioned SRKG
requirement and verified
operands

claim containing applicability,
executed rule result, severity,
evidence links, uncertainty
and execution trace

Screened candidate-claim set
pending authorized release,
with dependencies, conflicts,
overrides and evidence
history retained

Collaboration Typed candidate claims,
dependencies, specialist
or tool identities and
versions, conflict classes,
and audit policy

evaluate hard constraints;
language models may retrieve or
rank candidate clauses, parse
candidate structures and draft

NEEDS_EVIDENCE; ABSTAINED if
a required rule or evidence
prerequisite remains unavailable

explanations, but cannot supply
missing semantics, clauses or
decision authority

May check completeness, source
authority, duplicates and conflicts
and rerun approved rules; only the
authorized engineering signatory
may release a consequential claim

NEEDS_CONTEXT, CONTESTED, or
NEEDS_HUMAN_RELEASE;
RELEASED and REWORK require
the recorded human gate.
ABSTAINED may follow an
unresolved prerequisite or
a recorded human decision.

([ PERCEPTION

&

Coordinator + specialists

typed candidate claims
dependencies + versions
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.

Carrier-aware input Extract + structurally validate Drawing KG (DKG)
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scope + applicability 1 o
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Constrained LLM e Evidence-linked candidate audit claim
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RELEASED
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NEEDS_HUMAN_RELEASE
evidence + authority re-check

RELEASE

GATE REWORK
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Figure 1. Evidence-preserving P-C-C reference architecture for mechanical drawing audit.

compliant or that the observation is semantically
complete.

Semantic segmentation and layout models may
identify drawing regions such as parts, sectional
views and annotation blocks. Object detectors may
locate GD&T, machining, weld and surface-texture
symbols, while OCR may extract dimension values,
material labels and manufacturing notes (W. Liu et al.
2016; Redmon and Farhadi 2018). These outputs are
integrated into the DKG, where nodes represent can-
didate entities and edges represent candidate spatial,
topological and semantic relations. Schema, coordi-
nate, unit, cross-view and selective-prediction checks
must precede transfer to Cognition, and ambiguous

classes or associations must remain explicit or be rou-
ted to recognition review.

4.2. Cognition layer

The Cognition Layer aligns DKG observations with
a separately maintained Standards-and-Requirements
Knowledge Graph (SRKG). The SRKG records the issuing
authority, document and clause identifier, edition, effec-
tive date, supersession relation, contractual scope, con-
trolled terminology, applicability conditions, formal
constraint, test cases and expert-approval status.
Requirement-extraction and code-graph research pro-
vides mechanisms for candidate formalization (J. Zhang
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and El-Gohary 2017; P. Zhou and El-Gohary 2017;
Y. Zhou, Lin, and She 2021), but mechanical rules must
be reconstructed and validated against the applicable
ISO, ASME, GB/T, customer and enterprise requirements.
Representative controlled sources include ASME Y14.5
and the applicable editions of ISO 286, ISO 1101 and I1SO
5459 (ASME 2018; ISO 2010a; ISO 2010b; I1SO 2017; ISO
2024). A clause-grounded claim links the drawing entity
and evidence locator to the applicable requirement,
executed rule, severity, uncertainty state and decision
status.

An LLM has a constrained supporting role in
Cognition. It may formulate retrieval queries, rank
candidate clauses, normalize terminology, parse
a requirement into a candidate schema or draft an
explanation from already verified evidence (Fuchs
et al. 2024; Yang and Zhang 2024). It is not the
authority for numerical or logical conformance.
Candidate rules are admitted only after source verifi-
cation, schema checking, unit and symbol checks,
boundary test cases, and domain approval.
Numerical comparisons, Boolean conditions, topology
checks and unit conversions are executed by
a version-controlled deterministic engine. Missing
context, competing clauses, unsupported constructs
or an explanation without a drawing locator, con-
trolled clause and executed test produce an indeter-
minate or rule-review state.

4.3. Collaboration layer

The Collaboration Layer coordinates typed audit tasks
and evidence without granting an orchestrator or report
generator authority to invent missing facts. Task-
allocation and multi-agent research provides mechan-
isms for decomposition, monitoring, reassignment and
communication (Briseno et al. 2024; Graham, Decker,
and Mersic 2003; Guo et al. 2024; Park and Sugumaran
2005). Manufacturing studies further show that task allo-
cation, collaboration quality and human-automation
symbiosis must be evaluated through workload, quality,
safety, flexibility, cost and process state rather than
agent count alone (Kokotinis et al. 2023; Peruzzini,
Prati, and Pellicciari 2024; Petzoldt, Harms, and Freitag
2023). The Coordinator manages dependencies, time-
outs, version identity, duplicate claims and completion
state, while specialist roles are activated only when their
required evidence is available.

Every specialist returns a typed finding containing
a claim identifier, drawing-entity identifier, evidence
locator, clause and edition, applicability assumptions,
executed result, severity, uncertainty state, software

or agent version, and recommended disposition.
Conflicts are classified as fact, rule-applicability,
scope, result or authority conflicts. Resolution follows
evidence completeness, authoritative source and edi-
tion, deterministic re-check, independent domain
review, and authorized human release; majority vot-
ing cannot overrule an unresolved safety-critical con-
flict. Material, process, structural-strength, tolerance-
stack or assembly-feasibility tasks are not inferred
from a drawing alone when their required CAD/CAE,
bill-of-material, load, material, process or operating
data are absent. Table 3 summarizes proposed role
authority, required evidence, prohibited overreach
and escalation paths.

4.4. Framework characteristics and
implementation Perspectives

The P-C-C framework retains a modular architecture in
which each layer has a distinct responsibility and com-
municates through explicit interfaces. This modularity
may support incremental replacement or addition of
models, agents, and standards, provided that schema
versions, provenance, conformance tests and backward
compatibility are maintained. Graph-based representa-
tions can improve traceability because relationships
among drawing observations and requirements are
explicit, but interpretability still depends on correct
entity alignment, rule coverage and evidence
completeness.

The distributed agent structure may support par-
allel auditing across drawing components or versions,
but scalability and efficiency must be measured
rather than assumed. Human-Al interaction preserves
accountable expert authority for severe, ambiguous,
conflicting or out-of-scope findings. Agentic-Al con-
cepts may inform collaboration design, but they do
not remove the need for bounded authority and
empirical human-factors evidence (Yan 2025). The
appropriate balance is risk-adaptive: validated low-
risk tasks may be sampled, while high-risk or low-
confidence tasks require human release. Review bur-
den, override rates, alert fatigue, automation bias and
skill degradation must be evaluated alongside tech-
nical accuracy.

By integrating perception, rule-grounded cognition
and controlled collaboration, the proposed P-C-
C reference architecture provides a candidate technical
structure for future Al-assisted mechanical drawing
auditing systems supporting precision-machine design
and manufacturing. Its contribution is to make evidence
flow, interface obligations, safe states and human
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Table 3. Proposed audit roles, authority, evidence and escalation.

Role Authorized task and authority limit Evidence required

Disposition or escalation

Maintain
scope, dependencies, versions,
duplicate handling and completion
state; do not adjudicate
engineering truth by vote

Coordinator Audit manifest, task graph, claim identifiers,

evidence links and severity policy

Source and Check carrier route, file integrity, Source files and revisions; parser or model
perception schema, image quality, locators and identity; quality flags; and calibration
assurance uncertainty attached to candidate evidence when probabilistic confidence is
reviewer observations used

Dimension, Check transcription, units, feature Verified drawing entities and view/feature
tolerance association, FCF syntax, datum relations; applicable clauses and
and GD&T relations, tolerances and fits only deterministic operands when a rule-based
reviewer within supplied evidence decision is requested

Assembly and  Check visible identifiers, quantities, Visible source regions and revision identifiers
bill of callouts and cross-document links for transcription; complete BOM scope, item
materials without inferring missing parts associations and authoritative component-
(BOM) from incomplete context presence records for an error or omission
reviewer decision

Standards and
rule curator

Maintain authorized sources, editions,
applicability metadata, formal
constraints, approvals and
regression tests

Authorized standards source, supersession
record, rule implementation and test suite

Context- Assess material, process, strength or ~ Material/process records or CAD/CAE model,
dependent CAE questions only when the loads, boundary conditions and approved
domain required model and operating method
engineering context are supplied
reviewer

Conflict and Classify evidence, rule, scope, result ~ Competing claims, provenance, rule identity,
assurance and authority conflicts and perform  severity and override history
reviewer an independent deterministic re-

check

Data Control access, lineage, licences, Authority records, access logs, data rights,
governance retention, de-identification, model/ model/rule signatures and security policy
and security rule package signatures and
steward incident response

Authorized Review consequential or sampled For a proposed release: complete evidence
engineering findings and release only claims object; applicable clause where required by
signatory contained in the approved the claim; residual risk, alternatives, conflicts

machine-readable record and override history

Block incomplete output; reassign failed work;
escalate unresolved conflicts

Request reprocessing or source confirmation;
use NEEDS_RECOGNITION_REVIEW

Return NEEDS_EVIDENCE or
NEEDS_RULE_REVIEW when signs, units,
relations, applicability or editions are
uncertain

Return NEEDS_CONTEXT; preserve contested
cross-document findings

Return NEEDS_RULE_REVIEW for stale,
ambiguous or unapproved rules

Return NEEDS_EVIDENCE or record the task as
out of scope rather than infer missing
engineering context

Return NEEDS_RULE_REVIEW when no
approved rule is available; escalate safety-
critical or unresolved disagreement to the
Authorized engineering signatory

Quarantine unauthorized or malicious input;
invalidate or roll back affected workflow
state

Release, return for rework or abstain with
a recorded reason

responsibility explicit. Automation, interoperability,
reliability and standardization remain evaluation objec-
tives rather than established properties.

5. Discussion
5.1. Evolution and Framework overview

The evolution of Al-assisted auditing for mechanical
engineering drawings reflects convergence among
document vision, natural language processing, knowl-
edge representation and distributed artificial intelli-
gence. No single paradigm fully addresses compliance
checking because each audit claim requires a controlled
source, an observed entity or value, its relation and
context, an applicable versioned requirement, an exe-
cuted check, uncertainty and conflict disposition, and
human-verifiable evidence. The P-C-C reference archi-
tecture organizes these dependencies without assuming
that integration has already succeeded.

Historically, rule-based systems offered reproducible
execution but were expensive to author and maintain,

while object-oriented product models improved access
to structured design evidence. AEC model-exchange,
BIM and digital-twin reviews illustrate both the value of
structured records and persistent implementation bar-
riers (Eastman et al. 2010; Kaur et al. 2025; Opoku et al.
2021; Volk, Stengel, and Schultmann 2014). Process-
image and knowledge-graph research shows how obser-
vations can be linked to structured state, while construc-
tion surveys emphasize extraction and evaluation limits
(Bian 2025; Choi and Jung 2025; Pfitzner, Braun, and
Borrmann 2024). Recent manufacturing syntheses posi-
tion artificial intelligence and digital-twin-enabled auto-
mation within integrated-manufacturing systems
(Webb, Tokhi, and Alkan 2025; S. Zhou and Bacanin
2024). These adjacent results support interface design
and evaluation questions, but their schemas and bench-
mark outcomes are not mechanical compliance
evidence.

The proposed P-C-C framework synthesizes these
paradigms into a cohesive reference architecture. The
Perception layer converts source material into candidate
structured observations; the Cognition layer combines
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versioned knowledge with deterministic rules and
bounded language assistance; and the Collaboration
layer distributes domain tasks and reconciles only evi-
dence-compatible findings under a defined human-
release policy. This design separates responsibilities,
enables uncertainty and conflict to remain visible and
permits later testing of parallel execution. Compared
with a linear rule pipeline, it adds feedback, abstention,
provenance and controlled human escalation, but its
end-to-end performance, scalability and reliability
remain to be established.

To operationalize the framework, the data flow and
interface definitions are specified across layers. The
Perception layer outputs a DKG containing candidate
features, dimensions, datums, symbols, annotations,
views and relations, each with an identifier, source loca-
tion, value or geometry, unit where applicable, extrac-
tion route, quality flag and uncertainty. The Cognition
layer aligns these objects with versioned SRKG clauses
and approved formal constraints. Each inference retains
the clause identifier, edition, applicability record, exe-
cuted operands, intermediate result, decision state and
evidence locator. The Collaboration layer receives typed
claims, detects duplicates and conflicts, and routes unre-
solved or high-risk findings to human release. These
contracts are design requirements for controlling error
propagation; their thresholds and effectiveness require
empirical calibration.

5.2. Challenges and implementation
considerations

Several failure modes can propagate across the architec-
ture. Degraded scans, non-standard symbols, OCR sign
or decimal errors, lost feature associations, stale stan-
dard editions, missing engineering context, conflicting
requirements, unsupported LLM inferences, duplicate
agent claims, timeouts, and report-generation drift can
each convert a plausible intermediate output into an
incorrect finding. The workflow therefore retains candi-
date alternatives and source regions, validates schema
and units, checks requirement edition and applicability,
executes approved constraints deterministically, blocks
incomplete reports and uses explicit NEEDS_EVIDENCE,
NEEDS_RECOGNITION_REVIEW, NEEDS_RULE_REVIEW,
NEEDS_CONTEXT, CONTESTED,
NEEDS_HUMAN_RELEASE and ABSTAINED states to
route incomplete, conflicting or release-pending find-
ings (Briseno et al. 2024; Graham, Decker, and Mersic
2003; Park and Sugumaran 2005; X. Xu and Cai 2020).
Table 4 summarizes the principal failure modes, their
effects, detection controls, safe responses, responsible

roles and evidence required to estimate residual risk.
Risk scores require implementation and operational
evidence.

Industrial deployment also depends on data govern-
ance, interpretability, workflow fit, cybersecurity, respon-
sibility and economics. Recent manufacturing research
links digital governance and security controls to Industry
4.0 maturity and privacy risk, while explainable-Al
reviews show that interpretable outputs still require
task-specific evaluation (Puthanveettil Madathil et al.
2025; Saunila et al. 2024; Tang, Zeng, and Zeng 2025).
Mechanical drawings can contain intellectual property,
export-controlled details, signatures, personal identifiers
and customer information. A deployment therefore
requires lawful authority, data minimization, access con-
trol, encryption, retention and deletion rules, source and
licence records, de-identification, signed and versioned
model and rule packages, least-privilege services,
authenticated agent messages, incident response, and
rollback. Shadow-mode evaluation should precede deci-
sion support, and selective automation should be lim-
ited to narrowly specified tasks with stable input
distributions, validated thresholds, drift monitoring and
periodic independent audit. Human-only and partially
automated baselines must include false-positive burden,
missed critical violations, review time, retraining, gov-
ernance and downtime costs.

Standardization and interoperability remain decisive
for adoption because mechanical workflows use hetero-
geneous carriers such as DWG, DXF, PDF, native CAD,
STEP AP242 and QIF. A practical pathway requires car-
rier-specific adapters, a versioned canonical evidence
record, DKG and SRKG interface contracts, conformance
and round-trip tests, and controlled PLM write-back
rather than an assumed universal schema. Future bench-
marks should evaluate symbol and region detection with
class-aware localization measures; text, dimensions and
relations with character, word, numerical, unit and rela-
tion accuracy; rule retrieval and grounding with clause
recall, citation precision, and applicability accuracy;
deterministic execution with constraint accuracy and
unsupported-inference rates; collaboration with cover-
age, conflict, escalation and omission measures; and
end-to-end auditing with severity-stratified recall, false-
negative rate, precision, false-positive burden and evi-
dence traceability. Calibration, risk-coverage, human-
review burden, latency, throughput, compute, energy
or cost, and timeout behavior should be reported sepa-
rately rather than collapsed into a single score.

Methods developed for AEC compliance offer use-
ful mechanisms but not direct mechanical evidence.
BIM and mechanical auditing differ in source carriers,
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Table 4. Qualitative failure-control matrix for the proposed P-C-C workflow.

Failure mode

Potential effect

Detection / control

Evidence required to
characterize residual

Safe response / owner risk

Degraded scan or
non-standard
symbol

OCR numeral, sign,
decimal or unit
error

Lost CAD / PMI
feature
association

Missing, stale or
wrong standard
edition

Ambiguous
applicability or
conflicting
requirements

Unsupported LLM
inference or
fabricated citation

Duplicate or
contradictory
specialist/tool
claims

Missing clause,
feature-datum
binding or
measurement
evidence

Missing bill of
materials, revision
or engineering
context

Tool timeout or
partial workflow

Prompt injection or
malicious drawing
text

Report-generation
drift

Missed or wrong
entity

Wrong tolerance /
dimension
operand

Rule applied to
wrong feature

Invalid
or superseded
decision
Inconsistent
findings

Plausible but
ungrounded
claim

Double count or
inconsistent
report

Unsupported
standards or
physical-
conformance
claim

Unsupported BOM-
error, assembly,
strength or
process claim

Incomplete audit
shown as
complete

Leakage or altered
behavior

Unsupported
conclusion in
report

Image-quality gate; candidate
retention; out-of-distribution
(00D) check

Independent parser or transcription

cross-check where available;
range, unit and source-locator
checks

Native-semantic, cross-view and
feature-relation validation

SRKG edition, effective-date,
supersession and regression
checks

Applicability record; authority
hierarchy; independent re-check

Controlled-source retrieval;
structured output; source-
grounding check; deterministic
re-check of operands and rules

Claim IDs; provenance graph;
duplicate and conflict checks

Task-precondition schema; clause,
edition, applicability, feature-
datum-binding and
measurement-evidence gates

Complete bill of materials, revision,
component-presence, model,
load and process-context checks

Heartbeats; dependency state;
completion manifest

Content isolation; least privilege;
instruction-data separation; red-
team tests

Machine-readable report-to-
released-claim comparison

Stratified detection
and selective-risk
study

Numeric exact-match
and critical-error
study

Reprocess or route to
NEEDS_RECOGNITION_REVIEW; Source and
perception assurance reviewer

Block rule execution; Dimension, tolerance and
GD&T reviewer confirms source

Reject link or request source model; Source and
perception assurance reviewer + Dimension,
tolerance and GD&T reviewer

NEEDS_RULE_REVIEW; Standards and rule
curator

Relation ground truth
and round-trip
tests

Version-conflict and
update-regression
tests

Expert-adjudicated
conflict corpus

CONTESTED; Conflict and assurance reviewer +
Authorized engineering signatory

Reject and log the candidate;
NEEDS_RULE_REVIEW if no grounded
alternative is available; Standards and rule
curator + Conflict and assurance reviewer

Merge only evidence-identical duplicates;
otherwise mark CONTESTED and escalate;
Coordinator + Conflict and assurance reviewer

Unsupported-source
and citation-
correctness rates

Injected-conflict and
arbitration study

Route missing or unvalidated rules to
NEEDS_RULE_REVIEW and missing feature-
datum or measurement evidence to
NEEDS_EVIDENCE; Dimension, tolerance, and
GD&T reviewer + Standards and rule curator;
record ABSTAINED while a required
prerequisite remains unresolved

NEEDS_CONTEXT or out of scope; Assembly and
bill of materials (BOM) reviewer or Context-
dependent domain engineering reviewer

Clause, binding, and
measurement
precondition-
completeness
audit

Context-precondition
-completeness
audit

Load, timeout, and
recovery tests

Block release; resume or reassign; Coordinator

Threat-model and
adversarial-test

Quarantine input and invalidate or roll back
affected workflow state; Data governance and

security steward results
Block and regenerate; Coordinator + Authorized ~Claim-consistency
engineering signatory test suite

object schemas, rule forms, compliance subjects, evi-
dence granularity and acceptable decision authority.
Clause provenance, rule formalization, ontology
alignment, task decomposition, audit logging and
spatial-data interoperability may transfer as principles
(Hjelmager et al. 2008; X. Xu and Cai 2020), whereas
BIM/IFC schemas, building-code rule libraries and AEC
benchmark results do not transfer as mechanical
implementations  or performance  evidence.
Mechanical adaptation requires reconstruction
around CAD/MBD, STEP AP242, graphical and seman-
tic PMI, datum reference systems, tolerance zones,
fits, units, cross-view relations, assemblies and ver-
sioned ISO, ASME, GB/T, customer and enterprise
requirements.

Table 5 distinguishes transferable principles from
mechanisms requiring mechanical reconstruction and
maps each transfer decision to a corresponding intero-
perability or validation test.

5.3. Future research directions and socio-technical
outlook

Future research should investigate how LLM assistance
and structured knowledge can reduce rule-authoring
effort without transferring decision authority away
from approved sources and deterministic constraints.
Multimodal representations that connect symbols, geo-
metry, text, DfM and DfA may improve evidence acquisi-
tion, but they require source-grouped datasets and
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Table 5. Adjacent-domain transfer and interoperability gates for mechanical drawing audit.

Adjacent-domain
mechanism or
design principle

Mechanical
transfer status

Mechanical adaptation / interoperability path

Evidence required before operational use

Clause provenance,
authority, version
and applicability

Requirement
parsing and
candidate
formalization

BIM/IFC object
schemas and
exchange
mappings

Spatial and
topological

evidence linking

Domain ontology
and rule library

Task decomposition
and orchestration

Human oversight

and audit logging

Cross-tool APIs and

PLM write-back

AEC benchmark
results

Principle
transferable

Mechanical
adaptation
required

Mechanical
reconstruction
required

Mechanical
adaptation
required

Mechanical
reconstruction
required

Mechanical
adaptation
required

Principle
transferable

Implementation-
specific
adaptation

Not transferable
as
performance
evidence

Map applicable ISO, ASME, GB/T, customer and
enterprise requirements; record issuing authority,
edition, effective date, supersession, contractual
scope and applicability in the SRKG

Extend beyond prose to tables, figures, GPS/PMI
symbols, modifiers, datum systems, units, defaults
and normative exceptions; retain each LLM output as
a source-linked candidate without decision authority

Rebuild around adapters for PDF, DWG/DXF, native
CAD, STEP AP242, QIF and graphical or semantic PMI,
feeding a canonical evidence record and DKG

Add mechanical feature association, datum sequence,
tolerance zone, view projection, dimension chain, fit
and assembly relations

Align DKG observations with versioned SRKG
requirements; distinguish asserted observations,
inferred relations, and approved rules; maintain rule
test suites

Define mechanical role inputs, permitted tools, typed
outputs, authority boundaries, dependencies,
timeouts, conflict classes and safe hand-offs

Map severity tiers, sampling, overrides, competence,
release authority, accountability and record retention
to the engineering quality system; treat liability
allocation and regulatory acceptance as organization-
and jurisdiction-specific deployment gates

Connect source adapters to the canonical evidence
record and DKG/SRKG contracts through
conformance and round-trip gates before controlled
PLM write-back; preserve original locators and
revisions

Create independent mechanical benchmarks with
expert-adjudicated GD&T, PMI, tolerance and
assembly reference truth and relevant human and
technical baselines

Clause-retrieval, applicability, authority-and-edition,
supersession and update-regression tests

Expert rule annotations, executable boundary cases and
source-citation checks

Schema conformance, feature identity, semantic
completeness and round-trip loss tests

Expert relation ground truth and cross-view or model-
consistency tests

Coverage, consistency, expert agreement and rule-
regression evidence

Ablation, conflict, latency, recovery, and human-
escalation experiments

Workflow studies with practicing engineers; workload,
disagreement, override, alert-fatigue and skill-
retention measures; organization- and jurisdiction-
specific governance review

Vendor and version matrix, AP| contract tests, rollback,
audit-trail verification and data-loss analysis

External mechanical validation using source-family-
grouped partitions, uncertainty quantification and
failure analysis

relation-level ground truth. Multi-agent systems should
be tested for task allocation, conflict detection, latency,
correlated errors and human escalation rather than
assumed to function as proactive teammates. These
directions should be evaluated through explicit base-
lines, failure injection, calibration and independent
mechanical data.

The socio-technical dimension remains central to
any transition from research prototypes to industry-
grade systems. Co-development among academia,
standards bodies, software vendors, data owners and
practicing engineers is needed for shared data defini-
tions, transparent validation and governance.
Continuous oversight must include standards and
model version control, access and retention controls,
cybersecurity, incident response, rollback, audit logs,
and named responsibility for data, rules, systems, secur-
ity and final engineering release. Deployment should
progress from shadow-mode observation to bounded
decision support; selective automation should be con-
sidered only for narrowly defined tasks with validated

thresholds, monitored drift and periodic independent
audit.

5.4. Conceptual grounding and empirical
validation requirements

This study evaluates the conceptual grounding, interface
requirements and evidence boundaries of the reference
architecture; it does not report an implemented end-to-
end system. Literature mapping and worked conditions
define testable requirements for subsequent implemen-
tation and validation.

The Merge_places Computer Vision Dataset (Symbol
Detection 2024) contains 742 paired JPEG drawings and
TXT annotation files, with all images stored as 2000 x 2000
RGB JPEGs. The TXT files contain 37,364 valid five-token
normalized boxes across 12 anonymous numerical class
identifiers and one 11-token polygon-like record, indicating
a mixed annotation contract. The absence of a class map,
annotation guide, source/licence record, predefined split,
engineering relations, compliance labels and model
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outputs limits the present archive analysis to schema, line-
age, duplication and evidence-routing behaviour.

Byte-level duplicate checking identified 111 byte-
identical image pairs (222 files); 75 pairs were associated
with different label-file bytes. Because source names also
indicate multi-page and transformed variants, future
perception experiments should consolidate duplicate
contents, group source families, adjudicate label con-
flicts and freeze an external test set before partitioning.
Cases without verified class semantics, applicable
requirements, engineering relations or compliance
labels would require rule review and abstention before
any compliance claim.

Empirical validation should compare carrier-aware per-
ception with raster-only processing, constrained LLM
assistance with retrieval-only and unconstrained genera-
tion, deterministic rule execution with language-model
adjudication, and the complete P-C-C workflow with
sequential, single-agent, rule-based, partially automated
and experienced-human baselines. The tests should

include degraded scans, altered numerals or units, ambig-
uous symbols, missing views, stale or conflicting stan-
dards, unavailable agents, malicious drawing text, and
missing engineering context. Results should report con-
fidence intervals and severity-stratified error budgets and
should identify outcomes that would disconfirm an archi-
tectural assumption. Until such evidence is available, the
framework remains a pre-validation reference architec-
ture and research agenda.

Table 6 specifies a prospective evaluation design for
Perception, Cognition, Collaboration, human-governed
operation and end-to-end auditing, including indepen-
dent units, baselines, expert-adjudicated reference truth,
measures, stratification and uncertainty analysis. Archive-
scale studies should use source-family-aware sampling
and report failure and abstention behavior separately.

Figure 2 maps a proposed route in which the avail-
able source and annotation records would pass through
schema and lineage screens. Unresolved semantic or
clause prerequisites would be assigned to the

Table 6. Prospective validation matrix for the P-C-C architecture.

Independent
unit / reference
Layer or task truth Baselines Primary measures Required assurance and stratification
Perception: Source-grouped Native parser where mAP at stated loU; macro-F1; per-class Carrier, scan quality, object scale, class
symbols / drawing; available; OCR / detector precision / recall; localization error frequency and source family; source-
regions expert- baselines family bootstrap Cl
adjudicated
boxes or
regions
Perception: text / Drawing entity; OCR and layout models; ~ CER; WER; numeric exact match; unit Numeral versus text subset, orientation,
dimensions / verified rule-based association accuracy; entity-relation F1 density, image quality and source
relations transcription, family; explicit denominator and
units and source-family bootstrap Cl
relation graph
Cognition: Entity-clause pair; Keyword / BM25; retrieval- Clause recall@k; citation precision; Standard family and edition, clause
retrieval / expert only; less-constrained applicability precision / recall; type, exceptions, and conflicts;
grounding applicability LLM unsupported-source rate source-family CI and expert
judgement disagreement
Cognition: rule Executable case;  Manual expert calculation; Constraint-decision accuracy; numerical Severity, missing inputs, units,
execution verified available deterministic error; invalid-execution rate; boundary values and exceptions;

Collaboration

End-to-end audit

Selective /
human-
governed
operation

Efficiency / scale

operands and
expected result
Multi-claim case;
adjudicated
tasks and
conflicts

Drawing or
assembly;
multi-expert
adjudicated
violations

Claim and release
decision,
including
abstained cases

Drawing or
assembly job
under stated
concurrency

checker; unconstrained
generative baseline

Sequential Perception-
Cognition (P-C); single
agent; no-conflict-policy
ablation

Human-only; deterministic
rule-based; partially
automated;

P-C-C ablations

No-abstention policy;
mandatory manual
review; alternative
preregistered thresholds

Single pipeline; alternative
agent schedules

unsupported-inference rate for generative
baselines

Task-completion rate; duplicate- and
missed-claim rates; conflict-detection
precision/recall; disposition agreement
with the adjudicated reference;
appropriate-escalation rate

Critical-violation recall; severity-specific
false-negative rate; precision; false-
positive findings per drawing; complete-
evidence-chain rate; review time

Risk-coverage; selective risk/accuracy; ECE/
Brier when probabilistic confidence scores
are available; human-review rate and
time; override and erroneous-release rates

Latency; throughput; peak memory and GPU
utilization; energy and cost; inter-role
messages and, where applicable, model
tokens; timeout and recovery rates

case-family CI

Role/agent count, conflict type, task
coupling, failure injection and source
family; Cl and adjudicator
disagreement

Severity, carrier, source family, standard
and complexity; source-family Cl,
expert disagreement and an external
test set

Preregistered risk tiers, thresholds, and
release policy; calibration plots; post-
release sampling

Offline versus interactive target,
drawing density, role/agent count,
hardware/software configuration
and recovery policy; repeated-run
uncertainty
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PAIRED SOURCE PRESERVED ANNOTATION SCHEMA + LINEAGE SCREEN
EVIDENCE
JPEG + TXT . ISSUES RETAINED
anonymous annotation record
same source stem A !
> entity_id + raw class_id Pl mixed annotation contract flagged
file identity + locator normalized region / coordinates duplicate-image families flagged
paired image + annotation source locator + provenance label-file differences retained
class semantics unresolved partition lock required
lineage and rights unresolved
| \ J | | J/
h 4
f \ - N
PROPOSED ROUTE FOR CLAUSE-GROUNDING GATE SEMANTIC PREREQUISITE
IDENTIFIED GAPS
DATA / PERCEPTION NOT GROUNDED UNRESOLVED
ASSURANCE + GOVERNANCE |¢ —— ) . .
N engineering entity type unavailable |~ class map absent
schema | class map | provenance tahdard s leditl ilabl
rights | partition groups stancalc.s=edition LUnavarable engineering relations absent
compliance truth unavailable semantic status = UNRESOLVED
STANDARDS/ RULE CURATOR output: NEEDS_RULE_REVIEW = B
+ DOMAIN EXPERTS
entity/relations + clause + truth
. ‘ . J ¢ J
( N\
ABSTAINED — CLAUSE-GROUNDED DECISION UNAVAILABLE
Available evidence and unresolved prerequisites are retained for review.
L J

Figure 2. Evidence-boundary and safe-abstention workflow for the merge_places Computer Vision Dataset.

Source evidence

Small-end bore specifi

cation

Drawing limits table

Numerical audit

{// 0.05/100 A ©

Source record verified

MAX. MIN. *
CONRODMCID e
55.09 55.07
ggﬂ SMALL END BUSH ¢ 4 1 Expand the bore limits
50| Q PISTON PIN OD 55 54.992
236 e fw | dw Lower limit = 55.000 + 0.070 = 55.070
g a CLEARANCE gooss | goor Upper limit = 55.000 + 0.090 = 55.090 matches the table
L] . | - 7 i
01)135
~ O Bore callout (3 Limits table

2 Calculate diametral clearance
Minimum = 55.070 - 55.000 = 0.070

Boundary checks

Source values

Declared: [0.070, 0.098]
Calculated: [0.070, 0.098]
Drawing-internal agreement

Agreement

Manual transcription

Bore: @55, +0.09 / +0.07
Tabulated bore: 55.070-55.090
Piston-pin OD: 54.992-55.000
Declared clearance: 0.070-0.098

Declared maximum: 0.099
Calculated maximum: 0.098
Mismatch routed to authorized review

Maximum = 55.090 - 54.992 = 0.098

[0.070, 0.098]

v

Drawing-internal result

Calculated and declared clearance intervals agree exactly.

Controlled perturbation
NEEDS_HUMAN_RELEASE

Figure 3. Drawing-internal diametral-clearance audit.

corresponding assurance, governance, standards and
domain-review roles before an abstained decision is

recorded.

A case-insensitive search for CONNECTING-ROD or
CONROD identified six files representing four unique
source families. The eligibility criteria required co-

Standards-based request

NEEDS_RULE_REVIEW +
NEEDS_EVIDENCE

Required evidence unavailable

Terminal state: ABSTAINED

located small-end bore limits, mating piston-pin outside-
diameter limits and a drawing-declared diametral-

clearance interval; one family met all three. Figure 3

presents two de-identified regions from that drawing.
This targeted selection supports the worked arithmetic
case but is not an archive-wide sample.
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The bore callout was transcribed as 55 with deviations
+0.09/+0.07; the drawing table gives a bore interval of
[55.070, 55.090], a piston-pin outside-diameter interval
of [54.992, 55.000] and a declared diametral-clearance
interval of [0.070, 0.098]. In the source drawing units,
worst-case subtraction gives Cmin =55.070-55.000 =
0.070 and Cmax =55.090-54.992 = 0.098, reproducing
the declared interval after trailing-zero normalization.

The same arithmetic was evaluated under two addi-
tional conditions. A controlled change of the declared
maximum to 0.099 creates a mismatch; the correspond-
ing proposed safe route is NEEDS_HUMAN_RELEASE
pending authorized review. A standards-based request
without class mapping or clause grounding is assigned
the proposed routes NEEDS_RULE_REVIEW and
NEEDS_EVIDENCE, with ABSTAINED as the terminal
state if those prerequisites remain unresolved. These
checks complement the source-value condition; archive-
wide accuracy and prevalence require the study design
in Table 6.

Figure 4 presents two evidence-boundary cases
selected from six candidate source families (16 raster
records; 11 unique byte contents) that were screened for
examples distinct from the clearance check. One case
contains a visible feature-control frame without clause
and measurement context; the other contains a bill of
materials (BOM) numbering transition without authorita-
tive numbering and revision context. Selection was pur-
posive and does not estimate archive-wide prevalence.

Figure 4a supports transcription of the visible feature-
control-frame tokens but not a clause or measurement

a Feature-control-frame evidence boundary

Visible evidence

The crop contains a
feature-control frame read
manually as parallelism |
0.02 | datum B.

Claim boundary

This supports only the
presence and order of the
visible tokens in this drawing
region.

SHORING TWIST & BEND TOLERANCE
APPLYING TO SWALL END

Evidence still required

For a drawing decision: applicable standard and edition, validated clause,
and complete feature-datum binding. For part conformance: an inspection
or measurement result.

conclusion.  Its  proposed safe  routes are
NEEDS_RULE_REVIEW and NEEDS_EVIDENCE, with
ABSTAINED as the terminal state if the required prerequi-
sites remain unresolved. Figure 4b records the visible BOM
rows 63, 62, 60 and 59 and the local 62-to-60 transition; its
proposed safe route is NEEDS_CONTEXT. The authoritative
numbering policy, revision history and component-
presence record are required before classifying that transi-
tion as an error. Table 7 summarizes the corresponding
evidence requirements, permissible findings and proposed
safe routes.

Table 7 compares the evidence, check, permissible
finding and proposed safe route across the three
Figure 3 conditions and the two Figure 4 observations.
Dimensional values are retained in source drawing units,
and the Figure 4b typeset BOM is a source-linked tran-
scription. The five purposively selected conditions define
evidence and decision boundaries rather than archive-
wide frequencies.

6. Conclusions

In this paper, the progression of Al-assisted auditing
review of mechanical engineering drawings is critically
highlighted from deterministic rules to data-driven per-
ception, semantic reasoning and coordinated intelli-
gence, particularly in relation to each respective
technology with the specific segments of the auditing
review process chain.

The proposed P-C-C reference architecture links
source-controlled evidence, versioned requirements,

b BOM numbering context boundary

BOM source

ORI T8 D05 - |
g I

Visible evidence
NE ALIE 9 . .
i The highlighted BOM rows

EIE Y K

T0P COAING AT iy
o — are 63, 62, 60 and 59; row
FOULER BEARNG WJTNENS WITH 1
TRIST (LR KINE 61 does not appear between
POLLER BEARNG MUZZEL o)
BOM extract 62 — 60 62 and 60.
ITEM DESCRIPTION Qry. Claim boundary
82 Al CYLINDRIGAL, TYRED) < This is a local sequence
62 NAME PLATE 1 observation, not evidence
60  TOP COATING PAINT 2kg that a component or BOM
59 ANAEROBIC LOCKING ADHESIVE 0.100 kg

FOR SCREW LOCK row Is missing.

Evidence still required

Complete BOM and sheet context; numbering and revision policy;
authoritative component-presence record.

Clause-grounded GD&T decision withheld

No drawing-compliance conclusion is made; physical conformance
also requires measurement.

Context requested; no BOM-error claim

The sequence is reported for review without inferring a missing
component or drawing defect.

Figure 4. Source-grounded evidence boundaries in the merge_places Computer Vision Dataset.
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Table 7. Evidence boundaries and proposed safe routes across Figures 3 and 4.

Condition

Source or test condition

Check or evidence gap

Permissible finding or proposed
safe route

Not supported by this
condition

Figure 3: source
values

Figure 3:
controlled
perturbation

Figure 3:
standards-
based request

Figure 4a:
feature-control
-frame (FCF)
observation

Figure 4b: BOM
observation

De-identified bore and limits-table

crops; bore [55.070, 55.090], pin
[54.992, 55.000], and declared
clearance [0.070, 0.098] in
source drawing units

Test input changes only the

declared maximum from 0.098
to 0.099; the source drawing is
unchanged

but class mapping, the
applicable standard and edition,
clause grounding and
measurement evidence if
physical conformance is
requested are unavailable

A de-identified crop shows

a feature-control frame
manually transcribed as
parallelism | 0.02 | datum B

transcription show rows 63, 62,
60 and 59; within this visible
sequence, row 61 does not
appear between 62 and 60

Exact subtraction gives [0.070, Permissible finding: drawing-

0.098], equal to the
declared interval after
trailing-zero normalization

Calculated maximum remains
0.098, so the test input and
calculation disagree

The arithmetic evidence is present, The numerical check cannot

establish a standards or
physical-conformance
decision

Applicable standard and
edition, validated clause,
complete feature/datum
binding and any physical
measurement record are
unavailable

The source crop and source-linked The authoritative numbering

policy, revision/deletion
history and component-
presence record are
unavailable

internal numerical agreement
for the transcribed values.

Proposed safe route:

NEEDS_HUMAN_RELEASE; an
agreement finding is not
eligible for release pending
authorized review.

Proposed safe route:

NEEDS_RULE_REVIEW +
NEEDS_EVIDENCE; terminal
state if prerequisites remain
unresolved: ABSTAINED.

Permissible finding: the visible
token sequence only. Proposed

safe route:
NEEDS_RULE_REVIEW +
NEEDS_EVIDENCE; terminal
state if prerequisites remain
unresolved: ABSTAINED.

Permissible finding: the local
visible sequence 63, 62, 60 and

59. Proposed safe route:
NEEDS_CONTEXT; a BOM-error
claim is not eligible for release

Part conformance, standards
compliance, measurement
acceptance, system-level
accuracy, archive
prevalence or
generalization

A naturally observed defect,
defect rate, model
performance or
autonomous collaboration

GDA&T or clause compliance,
physical conformance,
manufacturing acceptance
or industrial suitability

Drawing-clause compliance
from the missing clause/
binding evidence or
physical conformance from
the absent measurement
evidence

A missing BOM row or
component, a BOM error,
nonconformance, archive
prevalence or system
performance

without authoritative context.

deterministic rule gates, uncertainty, conflict escalation,
the authorized engineering approval and release, aiming
at fulfilling the goals of design for manufacturing and
design for assembly in a perfect applicable precision
engineering manner. Its interfaces define independently
testable responsibilities for Perception, Cognition and
Collaboration.

The archived auditing review on precision engi-
neering design exemplars shows how provenance,
deterministic arithmetic, evidence prerequisites and
abstention can be represented within selected
P-C-C interfaces. Implementation studies with inde-
pendent mechanical design benchmarks, validated
standards mappings, interoperability tests, uncer-
tainty analysis, cybersecurity evaluation, engineer
baselines and workflow evaluation are required to
establish system-level performance and precision
engineering usage.

The research approach and results presented further
demonstrate that the Al-assisted auditing review of
mechanical engineering drawings can combine source-
linked perception, standards-grounded rule execution
and accountable collaboration within a traceable quality
workflow applicable to the precision engineering design
process. It has great application potentials for future
engineering manufacturing industries.
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